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Abstract
Recent advancements in knowledge graph question answering
(KGQA) have shown promise, yet existingmethods often fail to align
with human reasoning patterns that involve continuous reflection
and refinement. This paper proposes FD-PORT (flow-guided direct
preference optimization for knowledge graph reasoning with trees),
a novel approach that combines Monte Carlo Tree Search (MCTS)
with flow-guided direct preference optimization (FDPO) for KGQA
tasks. MCTS simulates human-like reasoning by systematically ex-
ploring multiple inference paths in knowledge graphs, while FDPO
transforms the search feedback into fine-grained training signals
through flow balance conditions. Unlike traditional methods focus-
ing on end-to-end training or sequence-level preferences, FD-PORT
establishes flow consistency between any states along the reason-
ing chain, enabling robust multi-hop reasoning that adapts to local
decisions and long-range dependencies. Experimental results on
three benchmark datasets demonstrate that FD-PORT significantly
outperforms state-of-the-art methods, achieving up to 50.6% im-
provements over GPT-4 on complex multi-hop reasoning tasks with
a smaller open-source language model. The framework is advanced
in maintaining diverse reasoning paths while ensuring answer qual-
ity, closely mirroring human problem-solving strategies.
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1 Introduction
Reasoning about complex problems often relies on prior knowledge.
Knowledge graphs, a widely used framework for knowledge repre-
sentation, play a critical role in this domain [12]. One of the key
advantages of knowledge graphs is their ability to support multistep
reasoning, which is crucial for solving complex problems involv-
ing sequential dependencies [21]. Due to their tree-like structure,
knowledge graphs allow for efficient traversal across multiple nodes
and edges, enabling question-and-answering (QA) systems to derive
insights through iterative reasoning over different paths. On the
other hand, large language models (LLMs) can generate plausible
responses that lack factual accuracy or logical coherence [28, 59],
particularly when dealing with complex reasoning tasks that re-
quire a deeper understanding of dependencies and relationships
between concepts (see Fig. 1). In light of this, a neurosymbolic ap-
proach that combines the generative and contextual understanding
capabilities of LLMs, and the structured, interpretable reasoning
power of knowledge graphs offers a promising direction to address
the challenges of complex reasoning [5–7, 38].

Recently, three technical trends emerged by marrying knowl-
edge graphs with LLMs, e.g., taking an LLM as a knowledge re-
triever [17, 53]; employing an LLM as a query generator [14, 42];
and directly tuning an LLM on knowledge graphs [27]. LLMs can
effectively grasp common entities and relationships in knowledge
graphs through extensive pre-training on large-scale world corpora.
However, they are challenged by rare cases, indicating that LLMs
do not effectively integrate their internal knowledge with external
knowledge from knowledge graphs in a way that ensures reliable
reasoning. These approaches do not follow the human intuitive
process of continuously reflecting, adjusting, and integrating new
information with existing knowledge. Humans iteratively reassess
and modify their reasoning paths, dynamically incorporating new
insights and correcting errors [29]. This continuous refinement and
integration process is crucial for complex reasoning.
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Question: What field was Steven Chu’s grandfather an expert in?
Gold answer: Shutian Li, one of the pioneers of modern hydraulic engineering science in China.
GPT-4o answer: Steven Chu’s grandfather was an expert in the field of mechanical engineering.
GPT-o1 answer: I’m not aware of any widely cited or reliable source that specifies a particular 

field of expertise for Steven Chu’s grandfather…
FD-PORT answer with interpretable reasoning flow (ours):

Hydraulic engineering science Atomic physics

P=0.46 Q=0.89
early_life_and_education

P=0.31 Q=0.54

P=0.88 Q=0.94

grandfather

…

Family 
member

Steven Chu research_field

…
…

…

Figure 1: Different knowledge graph reasoning approaches.

We are motivated by this intuition, and integrate Monte Carlo
Tree Search (MCTS) [11] with LLMs for knowledge graph reason-
ing. The proposed method integrates two specialized components,
a policy model that guides path selection and an evaluation model
that assesses state values. The MCTS component simulates human-
like reasoning by systematically exploring multiple inference paths
within the knowledge graph structure. As illustrated in Fig. 1, when
answering a question about Steven Chu’s grandfather’s field of
expertise, MCTS selects an appropriate relation to explore, based
on two factors: the probability 𝑃 predicted by the policy model indi-
cating the likelihood of this relation leading to the correct answer;
the𝑄-value derived from MCTS simulation reflecting the empirical
quality of the path. This dual-guided exploration effectively identi-
fies promising paths while avoiding misleading ones. Through this
process, MCTS generates plausible solutions and creates a wealth
of intermediate steps and decision points that reflect the subtle
differences in the reasoning process, with these decision points
forming a rich set of step-level preferences for model optimization.

However, effectively learning from these preferences is also chal-
lenging. Previous supervised MCTS-LLM methods rely on end-to-
end training with large amounts of annotated data, using only the
question and its final answer as a training pair [8, 44, 65]. This
approach fails to capture the nuanced decision-making process
required at each step of the reasoning chain, as it ignores the valu-
able information contained in intermediate reasoning steps. Recent
advances in preference learning, particularly direct preference op-
timization (DPO) [37], have shown promise by introducing pair-
wise preference comparisons between solution sequences. While
this allows for more fine-grained training signals than simple cor-
rect/incorrect labels, DPO still primarily operates at the sequence
level - comparing complete reasoning paths rather than evaluating
the quality of individual decisions at each step. This sequence-level
optimization is insufficient for knowledge graph-based question-
and-answering (KGQA) tasks, where humans typicallymaintain and
evaluate multiple possible inference paths simultaneously, weigh-
ing their relative merits at each intermediate step. Current reward-
maximizing approaches [34, 36], including DPO, often collapse to a
limited set of fixed patterns, failing to capture this crucial aspect
of human problem-solving. This mode collapse becomes particu-
larly severe when the target distribution is misspecified, leading to
overoptimized but unreliable solutions.

This work proposes flow-guided direct preference optimization
for knowledge graph reasoning with trees (FD-PORT) to bridge
this gap. FD-PORT establishes an iterative learning loop between
MCTS exploration and flow-guided direct preference optimization
(FDPO). As shown in Fig. 2, for each state in the reasoning process,

MCTS produces a quality estimate, while the evaluation model pro-
vides a value assessment. FDPO interprets the product of the MCTS
estimate and the assessment as a unified reward signal to reflect
both search feedback and learned value. Drawing inspiration from
Generative FlowNetworks (GFlowNets) [2], FDPO transforms these
rewards into a flow that must be conserved between reasoning steps,
ensuring that transitions leading to higher-reward steps receive pro-
portionally more flow and thus prioritizing promising paths in the
knowledge graph. Beyond adjacent steps, FDPO further enforces
flow conservation across all subtrajectories along the reasoning
chain, which expands preference signals from O(1) in DPO or O(𝑛)
in step-level-DPO to O(𝑛2). While traditional DPO methods rely
solely on final trajectory outcomes, FDPO captures comprehensive
intermediate signals to maintain robust multi-hop reasoning that
benefits from both search quality and evaluation alignment. Ex-
periments on WebQuestionSP [63], Complex WebQuestions [52],
and MetaQA [67] demonstrate the effectiveness of FD-PORT, as
it achieves state-of-the-art performance across various reasoning
scenarios with particularly strong improvements (22.4% compared
to GPT-4) on complex multi-hop questions requiring 3-5 reasoning
steps with an 8B parameter pre-trained language model (PLM). The
results show that FD-PORT successfully combines the systematic
exploration of MCTS with the flexibility of preference learning,
enabling robust and interpretable knowledge graph reasoning.

The contributions of this work can be summarized as follows: (1)
A novel KGQA framework that integrates MCTS with flow-guided
preference optimization is proposed, enabling systematic explo-
ration of reasoning paths while maintaining fine-grained trajectory
alignment via an iterative learning paradigm that mirrors human
reasoning processes. (2) A flow-guided direct preference optimiza-
tion mechanism expands preference signals from O(1) to O(𝑛2)
at sub-trajectory level, leveraging flow balance conditions to es-
tablish comprehensive intermediate state alignment. By enforcing
flow conservation between any states along the reasoning chain,
this mechanism enables the model to learn from all possible sub-
trajectories rather than just terminal states, preventing the typical
failure mode of overfitting to final answers while ignoring inter-
mediate reasoning steps. (3) Extensive experiments suggest that
FD-PORT achieves state-of-the-art performance on KGQA tasks,
showing particular strength in complex multi-hop scenarios with
improvements of up to 50.6% compared to GPT-4. The experiments
validate the effectiveness of the integrated approach in maintaining
consistent value propagation across different depths of reasoning
while enabling systematic exploration of knowledge graphs.

2 Related Work
Knowledge Graph Question Answering.Multi-hop KGQA re-
quires traversing multiple edges in knowledge graphs to locate
answer entities that may be several hops away from subject enti-
ties [12]. Traditional approaches include embedding-based methods
like KV-Mem [31] and EmbedKGQA [41] that leverage graph struc-
ture for answer prediction, retrieval-augmented methods such as
GraftNet [48] and PullNet [47] that extract relevant subgraphs, and
semantic parsing methods like SPARQL [50] and QGG [19] that gen-
erate structured queries. However, these methods rely heavily on
large amounts of annotated data to learn fixed reasoning patterns,
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and often struggle with maintaining reasoning consistency across
multiple hops and lack the ability to dynamically adjust their infer-
ence paths based on intermediate results. FD-PORT addresses this
limitation through MCTS-guided exploration that enables flexible
reasoning path generation with reduced supervision requirements.
Monte Carlo Planning in Language Tasks. While Monte Carlo
planning has achieved great success in strategic games [46], its
application in natural language processing remains limited. Previ-
ous works explored its use in text generation [18] and decoding
optimization [60]. FD-PORT extends these efforts by reformulating
KGQA as a decision-making problemwhere MCTS guides the explo-
ration of reasoning paths, similar to human problem-solving strate-
gies [29]. However, these MCTS methods [43, 44] struggle to iden-
tify promising intermediate states during exploration, particularly
in knowledge graph contexts where valuable trajectory information
remains unexploited. FD-PORT addresses this challenge via flow-
guided preference that systematically captures MCTS-generated
signals, enabling more efficient path exploration.
LLM-based Reasoning. Recent advances demonstrate LLMs’ rea-
soning capabilities through intermediate step generation [3, 22,
24, 58, 60]. However, issues such as hallucinations and factual in-
consistency persist [13, 56]. ReACT [61] and Entailer [51] tackle
these challenges by adding external knowledge and verification
steps. However, local consistency often fails to ensure globally ac-
curate outcomes, as their reasoning chains remain plausible but
ungrounded due to the absence of structured guidance. FD-PORT
addresses this challenge by integrating MCTS-guided knowledge
graph traversal with preference optimization, ensuring each gener-
ated inference step is verified against structured knowledge while
maintaining reasoning coherence.

3 Preliminaries: Flow Balance in Reasoning
GFlowNets establish flow balance as a fundamental principle: each
state must maintain equilibrium between incoming and outgoing
flows, while terminal state flows should be proportional to their
rewards [2]. For any intermediate state 𝑠:∑︁

𝑠′∈Pred(𝑠 )
𝐹 (𝑠′ → 𝑠) =

∑︁
𝑠′′∈Succ(𝑠 )

𝐹 (𝑠 → 𝑠′′), (1)

where 𝐹 (𝑠 → 𝑠′) is the flow from state 𝑠 to 𝑠′. At terminal states, the
flow should be proportional to the reward: 𝐹 (𝑠terminal) ∝ 𝑅(𝑠terminal).

Traditional KGQA approaches primarily focus on accuracy in the
final answer, which overlooks useful intermediate reasoning steps.
FD-PORT extends this balancing concept to multi-hop scenarios
by enforcing flow consistency between any two states along the
reasoning chain. For states 𝑠𝑚 and 𝑠𝑛 in a reasoning path, their
transition probability follows the flow ratio:

𝑃 (𝑠𝑚 → 𝑠𝑛) ∝
𝐹 (𝑠𝑛)
𝐹 (𝑠𝑚)

. (2)

This flow-guided mechanism naturally encourages transitions to-
ward higher-reward states while maintaining consistency across
multiple hops.

4 Methodology
FD-PORT integratesMCTSwith FDPO through an iterative learning
loop. MCTS explores knowledge graphs by treating entities as states

and relations as actions, generating quality estimates (Q-values) for
each visited state through systematic search. These Q-values natu-
rally serve as reward signals for subsequent optimization - states
with higher Q-values receive larger rewards, creating a principled
way to evaluate the quality of different reasoning paths.

The flow-guided optimization framework then transforms these
rewards into concrete training objectives through flow balance
conditions. As illustrated in Fig. 2, this framework employs dual
models - a policy model that guides path exploration and an evalu-
ation model that assesses state values. By establishing flows pro-
portional to the rewards between states, the framework ensures
transition probabilities follow principled ratios determined by both
search feedback and learned value estimates. The evaluation model
maintains consistency between forward and backward flows across
multiple hops, while the policy model learns to generate reasoning
paths satisfying these flow balance conditions.

Through this integration, FD-PORT extends standard KGQAwith
principled flow constraints. The state 𝑠𝑡 at each hop 𝑡 represents the
current reasoning chain prefix, with transitions governed by both
MCTS-derived rewards and global flow balance requirements. This
design enables continuous refinement - better search results lead
to more accurate reward signals, which in turn guide the policy
toward more promising reasoning paths, creating a virtuous cycle
of improvement.

4.1 Flow-guided Monte Carlo Tree Search
Given a question 𝑞 in a KGQA task, following [41], topic entity in 𝑞
is mapped to a node 𝑣𝑞 in knowledge graph𝐺 via entity-linking [62].
FD-PORT then transforms the problem into a Markov Decision Pro-
cess and employs MCTS for solutions. MCTS explores the knowl-
edge graph, representing states 𝑠𝑡 as nodes and actions 𝑎𝑡 as entity
relations. Starting from the question entity 𝑠0, as shown in Fig. 2,
MCTS begins from the initial state and explores the knowledge
graph by selecting actions (relations) with the help of pre-trained
LLM to transition between states. The transition probability is set
to 1 since the transition to the related entity is deterministic once
the relation is selected. The objective is to discover a path leading
to the correct answer entity for 𝑞. The state 𝑠𝑡 at hop 𝑡 is defined
as the prefix of the reasoning chain. A new action 𝑎 as well as the
relation between two entities transitions the state 𝑠𝑡 to 𝑠𝑡+1. MCTS
begins iterates through the following four stages.
Selection. The selection phase identifies promising nodes for ex-
pansion using a hybrid strategy that combines adaptive exploration
with probabilistic action selection. The strategy introduces an ex-
ploration probability 𝑝𝑠 ∈ [0, 1] and samples actions by:

𝜋 (𝑎 | 𝑠𝑡 ) =(1 − 𝑝𝑠 ) Softmax

(
𝑄 (𝑠𝑡 , ·) + 𝑐𝑝𝑢𝑐𝑡 𝑃 (· | 𝑠𝑡 )

√︄
𝑁 (𝑠𝑡 )

1 + 𝑁 (𝑠𝑡 , ·)

)
+ 𝑝𝑠 U(𝐶 (𝑠𝑡 )) ,

(3)

where 𝑄 (𝑠𝑡 , ·) represents the estimated state-action values, and
𝑃 (· | 𝑠𝑡 ) = 𝜋𝜃 (·|𝑥, 𝑠𝑡 ) is the prior probability from a PLM serving
as the policy model.

The parameter 𝑐𝑝𝑢𝑐𝑡 controls the exploration-exploitation trade-
off, while 𝑁 (𝑠𝑡 ) and 𝑁 (𝑠𝑡 , ·) denote the visit counts of the state
and state-action pairs, respectively. U(𝐶 (𝑠𝑡 )) defines a uniform
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Figure 2: The overall framework of FD-PORT. The color depth represents the estimated value Q from MCTS simulation, with
darker colors indicating higher Q and more preferred next hops. These estimated values serve as labels for sub-trajectory flow
preferences to fine-tune both the policy and evaluation model.

distribution over the set of available actions 𝐶 (𝑠𝑡 ) at state 𝑠𝑡 . The
exploration probability 𝑝𝑠 is given by:

𝑝𝑠 =
𝜀

log (𝑁 (𝑠𝑡 ) + 1) + 1
(4)

with 𝜀 is an exploration hyperparameter. This strategy combines
softmax sampling with PUCT exploration. The policy 𝜋 is a mixture
of two components: with probability (1 − 𝑝𝑠 ), it samples actions
from a softmax distribution over the combined score of Q-values
and PUCT terms, where the PUCT term encourages the exploration
of promising but less-visited actions; with probability 𝑝𝑠 , it selects
actions uniformly at random to ensure the thorough exploration
of the action space. This adaptive mechanism gradually shifts the
focus from exploration to exploitation as visit counts increase, while
maintaining the capability for random exploration via the uniform
distribution term. Then, the action is sampled by 𝑎𝑡 ∼ 𝜋 (· | 𝑠𝑡 ).
Expansion andEvaluation.The expansion phase integrates newly
discovered nodes into the search tree by generating all possible
actions from the selected leaf node. For computational efficiency,
evaluation employs a one-step rollout strategy. If the rollout ac-
tion is terminal, the final answer is evaluated for correctness. The
evaluation process is tailored to different phases: during training, it
relies on ground truth rewards derived from the answer correctness;
during inference, the evaluation model estimates state values.

The value function during training is defined as:

𝑉 (𝑠) = 𝐼𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 (𝑎) · 𝑟 (𝑠, 𝑎), (5)

where 𝐼𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 indicates terminal actions and 𝑟 (𝑠, 𝑎) is the final
reward (1 for correct answers, 0 otherwise).

Backpropagation. The evaluation results are propagated back
through the tree, updating statistics for each state-action pair (𝑠′, 𝑎′)
along the path:

𝑁 (𝑠′, 𝑎′) ← 𝑁 (𝑠′, 𝑎′) + 1, (6)

𝑄 (𝑠′, 𝑎′) ← 𝑄 (𝑠′, 𝑎′) + 1
𝑁 (𝑠′, 𝑎′) (𝑉 (𝑠) −𝑄 (𝑠

′, 𝑎′)) . (7)

The Q-values obtained through MCTS simulations combine with
value estimates𝑉𝜙 from the evaluation model to define the total re-
ward 𝑅(𝑠) = 𝑄 (𝑠)𝑉𝜙 for each visited state. Following the GFlowNet
principle that flow must match rewards at terminal states, these
rewards directly determine the flow F(s) = R(s) through each state.
As visualized in Fig. 2, states with higher combined rewards (shown
in darker colors) receive larger flows, naturally establishing prefer-
ences over different reasoning paths.

4.2 Flow-guided Detailed Balance Optimization
Building upon the state-level flow preferences, FD-PORT imple-
ments a comprehensive flow-guided optimization mechanism that
extends beyond adjacent state pairs. For a reasoning chain of states
{𝑠1, 𝑠2, . . . , 𝑠𝑛} discovered by MCTS, the flow balance constraints
encompass any sub-trajectory (𝑠𝑚, 𝑠𝑚+1, . . . , 𝑠𝑛), where 𝑚 < 𝑛.
This formulation through GFlowNets ensures that transition prob-
abilities between states remain proportional to their flow ratios,
creating a globally consistent preference optimization framework
that considers both local transitions and long-range dependencies.

4.2.1 Model Architecture. FD-PORT employs a pre-trained LLM as
the shared backbone network with two specialized output heads: a
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policy head 𝜋𝜃 and an evaluate head 𝑉𝜙 . This design enables effi-
cient parameter sharing while maintaining distinct functionalities
for action selection and state evaluation.

4.2.2 FDPO Objective. The overall FDPO loss is defined as follows:

LFDPO = Lpolicy + 𝜆Levaluate, (8)

where 𝜆 is a hyperparameter balancing the flow-guided policy loss
(Lpolicy) and the evaluation loss (Levaluate).
Flow-guided Policy Loss. The core mechanism of flow-guided
policy optimization is to ensure that the transition probability be-
tween any two states along a reasoning path is proportional to
their flow ratio: 𝑃 (𝑠𝑚 → 𝑠𝑛) ∝ 𝐹 (𝑠𝑛)/𝐹 (𝑠𝑚). Therefore, FD-PORT
employs flow conservation - the total flow entering each state must
equal the flow leaving it. For any state 𝑠 in the reasoning process,
this fundamental balance equation is given by:

𝐹 (𝑠) =
∑︁

𝑠′∈Pred(𝑠 )
𝑃 (𝑠′→𝑠) 𝐹 (𝑠′), (9)

where Pred(𝑠) denotes the set of predecessor states that can transi-
tion to 𝑠 , directly reveals that increasing a state’s flow 𝐹 (𝑠) requires
proportionally larger transition probabilities 𝑃 (𝑠′ → 𝑠) from its
predecessors. This mechanism naturally creates a “flow gain” ef-
fect: when a path leads to a higher-flow state, all transitions along
that path must amplify their probabilities to maintain flow balance,
thereby directing the policy toward more valuable outcomes.

For a trajectory 𝜏 : 𝑠0 → 𝑠1 → · · · → 𝑠𝑛 in the knowledge graph,
this balance requirement is formalized through the subtrajectory
balance (SubTB) principle, which considers all possible partial paths
from index 𝑚 to 𝑛 (0 ≤ 𝑚 < 𝑛 ≤ trajectory length). Given flow
function 𝐹 (·), forward policy 𝜋𝜃 , and backward policy 𝜋𝐵 , the bal-
ance condition requires that the forward and backward flows match
for each subtrajectory:

𝐹 (𝑠𝑛)
𝑛−1∏
𝑖=𝑚

𝜋𝜃
(
𝑠𝑖+1 | 𝑠𝑖

)
= 𝐹 (𝑠𝑚)

𝑛−1∏
𝑖=𝑚

𝜋𝐵
(
𝑠𝑖 | 𝑠𝑖+1

)
. (10)

Taking logarithms of both sides and minimizing the squared differ-
ence between them yields the subtrajectory-balance loss:

L (SubTB)DB =
∑︁
𝜏∈D

𝑛−1∑︁
𝑚=0

[
Δ𝐹𝑚,𝑛 − Δ𝜋𝑚,𝑛

]2
, (11)

where Δ𝐹𝑚,𝑛 represents the log-ratio of flow values:

Δ𝐹𝑚,𝑛 = log 𝐹 (𝑠𝑛) − log 𝐹 (𝑠𝑚). (12)

Δ𝜋𝑚,𝑛 denotes the cumulative log-ratio of forward and backward
policies along the subtrajectory:

Δ𝜋𝑚,𝑛 =

𝑛−1∑︁
𝑖=𝑚

[log𝜋𝐵 (𝑠𝑖 | 𝑠𝑖+1) − log𝜋𝜃
(
𝑠𝑖+1 | 𝑠𝑖

)
] . (13)

FD-PORT defines the flow function as the product of MCTS quality
estimates and evaluation model values 𝐹 (𝑠) = 𝑄 (𝑠)𝑉𝜙 (𝑠). Substitut-
ing 𝐹 (𝑠𝑘 ) = 𝑄 (𝑠𝑘 )𝑉𝜙 (𝑠𝑘 ) into the subtrajectory condition yields:

𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑛)
𝑛−1∏
𝑖=𝑚

𝜋𝜃 ( 𝑠𝑖+1 | 𝑠𝑖 ) = 𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑚)
𝑛−1∏
𝑖=𝑚

𝜋𝐵 ( 𝑠𝑖 | 𝑠𝑖+1) .

(14)

MCTS-guided KGQA employs a forward policy for search and in-
ference, with backward transitions only serving training purposes.
Following the previous work [2], this allows the adoption of a uni-
form backward policy (𝜋𝐵 (·) = 1) without compromising reasoning
performance, leading to a simplified balance condition:

𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑛)
𝑛−1∏
𝑖=𝑚

𝜋𝜃 (𝑠𝑖+1 | 𝑠𝑖 ) = 𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑚). (15)

Hence, taking logarithms and penalizing the deviation from zero
in squared form yields the subtrajectory-balance loss:

L𝐷𝐵 (𝜋) =
∑︁

(𝑠𝑚→...→𝑠𝑛 )

(
Δ𝑅𝑚,𝑛 − Δ𝜋𝑚,𝑛

)2
, (16)

where Δ𝑅𝑚,𝑛 = log
[
𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑛)

]
−log

[
𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑚)

]
represents

the log-ratio of quality-value products between states 𝑠𝑛 and 𝑠𝑚 .
Δ𝜋𝑚,𝑛 =

∑𝑛−1
𝑡=𝑚 log 𝜋 (𝑠𝑡+1 |𝑠𝑡 )

𝜋𝐵 (𝑠𝑡 |𝑠𝑡+1 ) denotes the cumulative log-ratio of
forward and backward policies along the subtrajectory.

To obtain an equivalent expression under the flow-balance con-
straint, the symmetry in this equality enables a systematic re-
arrangement of terms. Dividing both sides by 𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑚) and
𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑛) isolates 𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑛) and 𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑚) in a ratio
while preserving the underlying relationship. This leads to:

log
𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑛)
𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑚)

=

𝑛−1∑︁
𝑖=𝑚

log𝜋𝜃 (𝑠𝑖+1 | 𝑠𝑖 ), (17)

which then penalizes again in squared form over all subtrajectories(
𝑠𝑚 → · · · → 𝑠𝑛

)
. Concretely, the final flow-guided policy loss is:

L𝑝𝑜𝑙𝑖𝑐𝑦 (𝜋)=
∑︁
𝜏∈D

∑︁
𝑚<𝑛

(
log

𝑄 (𝑠𝑚)𝑉𝜙 (𝑠𝑛)
𝑄 (𝑠𝑛)𝑉𝜙 (𝑠𝑚)

−
𝑛−1∑︁
𝑖=𝑚

log𝜋
(
𝑠𝑖+1 | 𝑠𝑖

))2
.

(18)
This rearranged formulation ensures each partial path respects

the flow implied by MCTS quality estimates and evaluation model
values. The forward policy 𝜋 learns to favor sub-paths leading to
states with higher combined quality-value assessments inmulti-hop
reasoning, enhancing the overall search quality.
Evaluation Loss. It ensures that the evaluation head accurately
predicts the relative quality of different actions for a given hop-level
preference instance (𝑠𝑡 , 𝑎𝑤 ≻ 𝑎𝑙 ), where 𝑎𝑤 and 𝑎𝑙 represent the
preferred and dispreferred actions (relations), respectively.

Levaluate = max(0, 𝛾 − (𝑉𝜙 (𝑠𝑡 , 𝑎𝑤) −𝑉𝜙 (𝑠𝑡 , 𝑎𝑙 ))), (19)

where 𝛾 is a margin hyperparameter encouraging a separation
between the values of preferred and dispreferred actions.

4.2.3 Training Procedure. The training procedure alternates be-
tween three steps:
1) Path Generation: Use the current policy model 𝜋𝜃 to perform
MCTS and generate reasoning paths {(𝑠 (𝑖 )0 , 𝑎

(𝑖 )
0 , ..., 𝑠

(𝑖 )
𝑇
)}𝑁

𝑖=1 with
MCTS estimate 𝑄 (𝑠𝑡 ). 2) Flow Computation: For each state in the
generated paths, compute the evaluation model estimation 𝑉 (𝑠𝑡 ),
the overall reward 𝑅(𝑠𝑡 ) and flow ratios between consecutive states.
3) Policy Update: Update the policy parameters 𝜃 by minimizing
L𝐹𝐷𝑃𝑂 using gradient descent 𝜃 ← 𝜃 − 𝛼∇𝜃L𝐹𝐷𝑃𝑂 , where 𝛼 is
the learning rate.
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The above process ensures that the policy model learns to gener-
ate diverse reasoning paths, while maintaining high answer quality
and consistency between the policy and evaluate heads.

4.3 Inference
After training the policy and evaluating models, FD-PORT adopts a
more efficient hop-level beam search (HBS) for inference to reduce
computational costs while maintaining reasoning quality. Given
beam sizes 𝐵1 and 𝐵2, HBS maintains a set of 𝐵1 most promising
states at each reasoning step, denoted as 𝐶 = {𝑠𝑡 }. For each state
𝑠𝑡 ∈ 𝐶 , the policy head 𝜋𝜃 generates 𝐵2 candidate actions in par-
allel, enabling efficient exploration of multiple reasoning paths,
simultaneously. Each resulting state-action pair is then evaluated
by the evaluate head𝑉𝜙 , producing a combined score based on both
policy probability and value estimate. This approach eliminates
the need for full tree construction while preserving the guidance
from both learned models. Among all 𝐵1 × 𝐵2 candidates, the top
𝐵1 states with the highest scores are retained to form the candidate
set for the next hop. This process iterates until it either arrives at a
terminal state or reaches the predefined maximum hop limit.

5 Experiment
5.1 Datasets
Following the previous work on KGQA [15], we evaluated the
reasoning performance of FD-PORT on three benchmark KGQA
datasets, namely WebQuestionSP (WebQSP) [63], Complex We-
bQuestions (CWQ) [52], and MetaQA [67]. WebQSP and CWQ are
both based on the Freebase [4] knowledge graph, with CWQ rep-
resenting particularly challenging scenarios requiring up to 4-hop
reasoning chains and complex logical operations, while WebQSP
contains relatively simpler 2-hop reasoning problems. MetaQA com-
plements the evaluation with diverse domain coverage spanning
movies, TV shows, and music, featuring reasoning chains of up to 3
hops. These datasets can evaluate multi-hop reasoning capabilities,
with varying levels of complexity and different knowledge domains.

5.2 Baselines
The following baseline methods are compared in our experiments:
1) Traditional Embedding & Semantic Parsing methods that
leverage graph structure and semantic information for question
answering: KV-Mem [31], EmbedKGQA [41], NSM [10], Transfer-
Net [45], KGT5 [40], SPARQL [50], QGG [19]. 2) Retrieval meth-
ods that focus on extracting relevant subgraphs or paths from
knowledge graphs: GraftNet [48], PullNet [47], SR+NSM [66], SR+
NSM+E2E [66]. 3) Direct reasoningwith LLMs that utilizes LLMs’
inherent reasoning capabilities without explicit graph structure:
Davinci-003 [35], Llama2-13B [55], Alpaca-7B [54], GPT3.5 [32],
GPT4 [33], AgentBench [25], ChatGPT+CoT [58]. 4) LLMs +knowl-
edge graph methods that combine the strengths of both LLMs
and structured knowledge graphs for enhanced reasoning: KB-
Binder [20], KAPING [1], KD-CoT [57], UniKGQA [16], DECAF
(DPR+FiD-3B) [64], StructGPT [14], ReasoningLM [15], RoG [27],
ToG-ChatGPT [49], EtD-ChatGPT [23], Readi- [9], Readi-GPT4 [9].

5.3 Setups
Policy Model and Evaluation Model. For these two modules
of FD-PORT, we use LLaMA3-Base-8B [30] as the base PLM. We
iteratively train this model on the training splits of three datasets as
described in Section 4.2.3. The training employs a learning rate of 4e-
5 and the AdamW optimizer [26]. For the value head in evaluation
model, we add a single linear layer with tanh activation on top of
the LLM’s hidden states. The evaluation value is predicted only for
the last token of each reasoning step.
Training Data Generation via MCTS. We iteratively generate
data, train our policy, and evaluate the models over 𝑅 = 4 rounds,
continuing this process until the improvement observed between
consecutive rounds becomes marginal. In every round, we build 8
trees for each question-answer pair and randomly sample at most
5 correct and 5 incorrect solution processes. We then extract hop-
level preferences from the trees in a top-down manner. The ratio
between positive and negative examples is about 1 : 1. The search
breadth is set to 𝑏1 = 50 and 𝑏2 = 5.

5.4 Main Results
Table 1 shows the evaluation of FD-PORT against various baselines
across three benchmark datasets, yielding an average Hits@1 accu-
racy of 92.4%. On WebQSP and CWQ datasets, FD-PORT achieves
89.2% and 74.5% Hits@1 accuracy, respectively, surpassing the pre-
vious best results from RoG (85.7%) and ReasoningLM (69.0%). This
improvement stems from the FDPO mechanism, enabling more
effective exploration of reasoning paths while maintaining con-
sistency between local decisions and global objectives. The per-
formance advantage is particularly evident on CWQ, highlight-
ing the effectiveness of the sub-trajectory balance framework in
handling complex multi-hop reasoning scenarios. For the MetaQA
dataset with different hops (M-1, M-2, and M-3 in Table 1), FD-
PORT demonstrates consistent performance across different rea-
soning depths, achieving 98.7%, 99.7%, and 99.8% accuracy on three
MetaQA datasets respectively. These results validate the scalability
of the flow-guided optimization approach in maintaining reasoning
quality as path length increases.

Notably, FD-PORT achieves these results using only LLaMA3-
Base-8B as the backbone model, yet surpasses trillion-parameter
proprietary models in performance. While GPT-4 achieves 70.7%
on WebQSP and 52.1% on CWQ, FD-PORT improves these results
by 18.5% and 22.4%, respectively. This performance gap demon-
strates that integrating structured knowledge graph exploration
with flow-guided preference learning can effectively address LLMs’
limitations inmulti-hop reasoningwithout requiringmassivemodel
parameters. Additionally, FD-PORT performs competitively against
other knowledge graph-enhanced LLM methods, showing consis-
tent improvements over recent approaches such as EtD-ChatGPT
and Readi-GPT4.

5.5 Effectiveness Analysis
The effectiveness of FD-PORT manifests through two complemen-
tary analyses that examine its decision-making capabilities across
different reasoning stages. Two baselines are compared: SFT+MCTS
employs standard supervised fine-tuning (SFT) with MCTS, focus-
ing on direct imitation of correct reasoning paths, while DPO+MCTS
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Table 1: Performance comparison with different baselines
on the three KGQA datasets, measured by Hit@1 accuracy
(%). The Avg. column shows the mean performance across all
available datasets for each method. KGs denote knowledge
graphs. M-x denotes the MetaQA dataset with different hops.
Methods WebQSP CWQ M-1 M-2 M-3 Avg.

Embedding &Semantic Parsing-based Baselines
KV-Mem [31] 46.7 18.4 96.2 82.7 48.9 58.6
EmbedKGQA [41] 66.6 - 97.5 98.8 94.8 89.4
NSM [10] 67.7 47.6 97.1 99.9 98.9 82.2
TransferNet [45] 71.4 48.6 97.5 100 100 83.5
KGT5 [40] 56.1 36.5 - - - 46.3
SPARQL [50] - 31.6 - - - 31.6
QGG [19] 73.0 36.9 - - - 55.0

Retrieval-based Baselines
GraftNet [48] 66.4 36.8 97.0 94.8 77.7 74.5
PullNet [47] 68.1 45.9 - - - 57.0
SR+NSM [66] 69.5 50.2 - - - 59.9
SR+NSM+E2E [66] 69.5 49.3 - - - 59.4

LLM-based Baselines
Davinci-003 [35] 48.7 - 52.1 25.3 42.5 42.2
Llama2-13B [55] 40.9 22.1 31.9 15.8 34.9 29.1
Alpaca-7B [54] 51.8 27.4 - - - 39.6
GPT3.5 [32] 65.7 44.7 61.9 31.0 43.2 49.3
GPT4 [33] 70.7 52.1 71.8 52.5 49.2 59.3
AgentBench [25] 47.8 24.8 - - - 36.3
ChatGPT+CoT [58] 75.6 48.9 - - - 62.3

LLM- and KG-based Baselines
KB-Binder [20] 74.4 - 92.9 99.9 99.5 91.7
KAPING [1] 73.9 - - - - 73.9
KD-CoT [57] 68.6 55.7 - - - 62.2
UniKGQA [16] 75.1 50.7 97.5 99.0 99.1 84.3
DECAF [64] 82.1 - - - - 82.1
StructGPT [14] 72.6 - 94.2 93.9 80.2 85.2
ReasoningLM [15] 78.5 69.0 96.5 98.3 92.7 87.0
RoG [27] 85.7 62.6 - - 84.8 77.7
ToG-ChatGPT [49] 76.2 58.9 - - - 67.6
EtD-ChatGPT [23] 82.5 62.0 98.1 99.7 99.7 88.4
Readi-GPT3.5 [9] 74.3 55.6 98.4 99.9 99.4 85.5
Readi-GPT4 [9] 78.7 67.0 98.5 99.9 99.2 88.7

FD-PORT (Ours) 89.2 74.5 98.7 99.7 99.8 92.4

extends this approach by incorporating sequence-level preferences
between complete reasoning chains. In contrast, FD-PORT intro-
duces fine-grained subtrajectory balance constraints that provide
detailed feedback at each intermediate state through FDPO.

Figure 3a presents the distribution of Q-value differences (Δ𝑄 =

𝑄𝑐𝑜𝑟𝑟𝑒𝑐𝑡 −𝑄𝑤𝑟𝑜𝑛𝑔) between correct and incorrect next-hop selec-
tions, where 𝑄𝑐𝑜𝑟𝑟𝑒𝑐𝑡 represents the Q-values of states leading to
correct final answers, and 𝑄𝑤𝑟𝑜𝑛𝑔 denotes those leading to incor-
rect answers. For each next-hop selection, a 𝑄𝑐𝑜𝑟𝑟𝑒𝑐𝑡 and a 𝑄𝑤𝑟𝑜𝑛𝑔

state are randomly sampled. This metric directly reflects a method’s
ability to discriminate between promising and suboptimal choices
during the reasoning process - a larger positive Δ𝑄 indicates a
stronger preference for correct paths over incorrect ones, while val-
ues near zero suggest difficulty in distinguishing between different
options. SFT+MCTS exhibits a relatively broad distribution centered
near zero, indicating limited discrimination between correct and

(a) (b)
Figure 3: Performance comparison of MCTS-based methods
on the CWQ validation set: (a) Distribution of Δ𝑄 (the dif-
ference between Q-values of correct and incorrect paths) for
three different approaches. (b) Δ𝑄∗ values across increasing
hop counts (1-3), where Δ𝑄∗ quantifies the separation be-
tween positive and negative Q-values. Higher Δ𝑄∗ indicates
better ability to distinguish between correct and incorrect
reasoning paths.
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Figure 4: Performance-diversity trade-off analysis across dif-
ferent KGQA methods, based on the CWQ testing set. The
lower-left region indicatesmethodswith fundamental limita-
tions in both aspects, while the upper-right region represents
methods achieving both high performance and diversity.

incorrect choices due to its reliance solely on supervised signals.
While DPO+MCTS shows improved separation with its distribution
shifted toward positive values through sequence-level preference
learning, FD-PORT achieves the most pronounced separation, with
its distribution significantly skewed toward higher positive val-
ues and minimal overlap in the negative region. This enhanced
discriminative power stems from the FDPO mechanism, which es-
tablishes consistent value assessments across different reasoning
depths through fine-grained subtrajectory balance constraints.

Figure 3b further validates this advantage by tracking the evolu-
tion of Q-value gaps (Δ𝑄∗ = 𝑄+−𝑄− ) across increasing hop counts.
With Q-values bounded in (0,1) representing estimated success prob-
abilities, 𝑄+ denotes the average Q-values typically above 0.5 for
promising actions, while 𝑄− captures those generally below 0.5 for
less promising ones. The three methods exhibit distinct patterns
in their discriminative capabilities across multiple reasoning steps.
SFT+MCTS, relying solely on supervised signals, starts with low
Δ𝑄∗ values and shows only marginal improvement at the second
hop through MCTS updates before deteriorating at the third hop
due to accumulated error paths. DPO+MCTS demonstrates higher
overall Δ𝑄∗ values through sequence-level preference optimization
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Figure 5: Different fine-tuning method performance on the
WebQSP and CWQ validation sets: Supervised fine-tuning
(SFT), direct preference optimization (DPO), adjacent flow
DPO (A-FDPO), and subtrajectory flow DPO (S-FDPO).
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Figure 6: The Hits@1 scores of FD-PORT against three strong
baselines (i.e., ReasoningLM, UniKGQA, and NSM) on CWQ
validation sets when tuningwith various numbers of samples

with MCTS updates, but shows only modest gains before the final
hop due to the absence of fine-grained intermediate supervision. In
contrast, FD-PORT achieves higher Δ𝑄∗ values from the first hop
(0.39) and maintains steady growth through the third hop (0.47),
benefiting from the synergy between subtrajectory flow balance
and preference optimization. This continuous improvement demon-
strates how flow-guided optimization accumulates and reinforces
correct decision preferences while increasingly penalizing subopti-
mal choices at each step, enabling FD-PORT to maintain and expand
its discriminative advantage even in complex multi-hop scenarios.

5.6 Balance between Accuracy and Diversity
This section examines the trade-off between reasoning accuracy and
path diversity across different KGQAmethods. To quantify diversity,
each method generates three distinct reasoning paths for every
input query with diversity measured as the average cosine distance
between SentenceBERT [39] embeddings of these generated paths.
This metric captures semantic differences while being robust to
variations in path length. The analysis plots these diversity scores
against F1 performance on the CWQ dataset, as shown in Figure 4.

Most LLM-enhanced methods, including baseline variants SFT+
MCTS and DPO+MCTS, exhibit a clear trade-off between accuracy
and diversity - as F1 scores increase, diversity tends to decrease.
While SR+NSM and StructGPT achieve reasonable F1 scores, their
diversity metrics remain constrained due to their tendency to con-
verge on a limited set of reasoning patterns. SFT+MCTS shows

Table 2: Ablation studies on theCWQvalidation set of various
components of FD-PORT, including LLM as policy model (L-
PM), MCTS, and evaluation model (EM).

L-PM MCTS EM F1 Hits@1

✓ × × 39.2 42.3
× ✓ ✓ 44.6 49.7
✓ ✓ × 59.9 64.1
✓ ✓ ✓ 68.2 74.9

similar limitations due to its direct imitation learning approach. Al-
though DPO+MCTS achieves slightly improved diversity through
sequence-level preference optimization, it still cannot overcome this
fundamental trade-off. In contrast, FD-PORT breaks this trade-off
by employing flow-guided MCTS to systematically explore multiple
reasoning paths rather than greedily pursuing a single high-reward
trajectory. The detailed balance optimization only requires positive
flow gains between states as a flexible preference direction, rather
than enforcing strict end-to-end correctness constraints, enabling
FD-PORT to reach significantly higher diversity while maintaining
competitive F1 performance. In real-world applications, achieving
accurate predictions with diverse path explorations on knowledge
graphs is critical for complex reasoning, because diverse reasoning
paths enable more comprehensive coverage of potential inference
trajectories and reduce the risk of converging to suboptimal solu-
tions in multi-hop reasoning scenarios [2]. Traditional Embedding
& Semantic Parsing methods such as KV-Mem and EmbedKGQA
cluster in the lower-left region, showing both limited diversity and
modest F1 scores, primarily due to their reliance on memory net-
work retrieval over documents or limited segments without explicit
multi-path reasoning.

5.7 Ablation Study
Our ablation studies examine two critical aspects of FD-PORT: the
contribution of individual architectural components and the impact
of different fine-tuning strategies. These experiments provide in-
sights into how each element contributes to the overall reasoning
capability and validate the effectiveness of FDPO.

Table 2 demonstrates the progressive performance gains on the
CWQ validation set, achieved by incorporating different compo-
nents. Using an LLM solely as a policy model yields modest re-
sults (F1: 39.2%, Hits@1: 42.3%), as the model relies entirely on
pre-trained knowledge without structured exploration. While com-
bining MCTS with the evaluation model improves the performance
(F1: 44.6%, Hits@1: 49.7%), the absence of language model guid-
ance limits the effectiveness of tree search in complex reasoning
scenarios. Integrating the policy model with MCTS creates a more
powerful synergy (F1: 59.9%, Hits@1: 64.1%), where language un-
derstanding guides the exploration of knowledge graphs. The com-
plete FD-PORT framework achieves optimal performance (F1: 68.2%,
Hits@1: 74.9%) by leveraging all components in concert, demon-
strating how the evaluation model’s value estimates complement
policy-guided tree search for robust multi-hop reasoning.

Figure 5 shows the advantages of flow-guided optimization
through a comparative analysis of fine-tuning approaches. Tra-
ditional SFT establishes initial performance levels on WebQSP and
CWQ (66.5% and 44.2% Hits@1), indicating the limitations of direct
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Question: In which state did fictional character Gilfoyle live?
Gold answer: Ontario
GPT-4o answer: Gilfoyle, a fictional character lived in California.
GPT-o1 answer: Gilfoyle lived in California.
FD-PORT answer with interpretable reasoning flow:
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Figure 7: Case study of different reasoning methods.

imitation learning in complex reasoning tasks. The introduction of
sequence-level preference optimization through DPO substantially
improves performance (84.0% and 67.7% Hits@1) by capturing rela-
tive quality between complete reasoning paths. Adjacent flow direct
preference optimization (A-FDPO), which enforces flow consistency
between adjacent state transitions in reasoning chains, leads to
more coherent step-by-step reasoning (86.4% and 70.3% Hits@1).
Subtrajectory flow direct Preference optimization (S-FDPO), which
maintains flow balance across all possible subtrajectories within
the reasoning process, achieves peak performance (89.7% and 74.9%
Hits@1) by effectively addressing both local transitions and global
reasoning coherence. This systematic improvement across dataset
validates the fundamental premise of flow-guided optimization:
maintaining consistency across multiple reasoning scales is crucial
for reliable knowledge graph question answering.

5.8 Efficiency Analysis
This section investigates the fine-tuning efficiency of FD-PORT com-
pared to existing methods. As shown in Figure 6, FD-PORT achieves
superior performance with significantly fewer training samples,
reaching stable performance at just 5k samples. This efficiency gain
stems from the FDPO mechanism that expands the effective train-
ing signals. Specifically, for a reasoning path containing 𝑛 states,
foundation models like GPT4 and Llama2-13B only utilize the final
answer as a preference signal, yielding O(1) training signal per
reasoning chain. Methods like ReasoningLM improve upon this by
incorporating intermediate state preferences, achieving O(𝑛) train-
ing signals. In contrast, FD-PORT enforces flow balance conditions
between any two states along the reasoning chain, yielding O(𝑛2)

training signals through sub-trajectory level comparisons. This qua-
dratic expansion of training signals enables more efficient learning
from limited data. The empirical results also validate this theoretical
advantage. While ReasoningLM requires the full 75k samples to
reach its peak performance, FD-PORT achieves comparable results
with just 5k samples and maintains stable performance.

5.9 Case study
To demonstrate the effectiveness of FD-PORT’s reasoning process,
we present a case study from the CWQ testing set, as illustrated in
Figure 7. The question “In which state did fictional character Gil-
foyle live?” exemplifies how FD-PORT combines MCTS exploration
with flow-guided optimization to achieve accurate reasoning.

For clarity in presenting our method, we illustrate a subset of
key paths explored by MCTS. FD-PORT processes the reasoning
task by starting from the node of Gilfoyle, because it was explicitly
mentioned in the question. Through relation (a), FD-PORT first
identifies Gilfoyle as a character in Silicon Valley TV Series. Among
relations (b), (c), and (d), FD-PORT selects relation (d) with the
highest policy probability and Q-value (P=0.54, Q=0.79), leading
to Toronto. From Toronto, among relations (e), (g), (h), and (f), FD-
PORT follows relation (f) (P=0.72, Q=0.88) to reach Ontario. The
flow ratios in the right panel of Fig. 7 validate this reasoning path,
showing increasing confidence with flow gains with 𝐹 (𝑠𝑑 )/𝐹 (𝑠𝑎) =
1.53 and 𝐹 (𝑠𝑓 )/𝐹 (𝑠𝑑 ) = 2.44, indicating that FDPO training has
successfully guided the model to assign higher confidence to the
promising path (a)→(d)→(f). Conversely, the lower trajectory’s
deteriorating flow ratios (𝐹 (𝑠𝑒 )/𝐹 (𝑠𝑑 ) = 0.36) reflect the training
process has learned to downweight less relevant paths (a)→(d)→(e).

Through this FDPO-enhanced training, FD-PORT successfully
identifies Ontario as the answer by effectively reasoning over the
knowledge graph structure, while both GPT-4o and GPT-o1 incor-
rectly suggest California based solely on their pre-trained knowl-
edge. The case illustrates how the flow-guided training strategy en-
ables MCTS to develop more accurate state-value estimates and pol-
icy preferences specifically for knowledge graph traversal, leading
to more reliable reasoning capabilities compared to pure language
models that lack explicit graph-structured reasoning mechanisms.

6 Conclusion
This paper introduces FD-PORT, a novel framework that enhances
KGQA through FDPO. By integrating MCTS exploration with sub-
trajectory flow balance constraints, FD-PORT enables more reliable
multi-hop reasoning that aligns with both local decisions and global
objectives. The experiments suggest that FD-PORT significantly
outperforms state-of-the-art methods, particularly in complex rea-
soning scenarios, while requiring substantially less training data.
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