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Abstract

Knowledge Graph (KG)-based Retrieval-Augmented Gener-
ation (RAG) shifts the contents of retrieval from narrative text
to a relational knowledge network, empowering large lan-
guage models (LLMs) to harness structured relationships be-
tween entities. However, conventional KG-RAG approaches
are resource-intensive, requiring either query decomposition
with multiple LLM rounds or parameterized static knowledge
injection to update the model. Although subgraph reasoning
aims to address these issues, most current methods are based
on heuristic shortest path and multi-hop graph traversal algo-
rithms. The retrieved subgraphs suffer from incompleteness
and semantic drift, and neglect the interaction between sub-
graph and LLMs in terms of fine-grained structural semantics.
We propose a dual-constraint subgraph optimization for KG-
RAG (DCTR). It improves subgraph retrieval and generates
high-quality subgraphs with structural integrity and informa-
tion salience for LLMs. Specifically, it formulates subgraph
generation as a two-stage graph-theoretic constrained opti-
mization problem to create compact and complete pseudo-
labels. Since these pseudo-labels are discrete, a smooth ap-
proximation is employed to convert them into a differentiable
representation, thereby optimizing the retriever to highlight
key information while extracting subgraphs. On two bench-
mark datasets, DCTR significantly enhances subgraph qual-
ity, achieving state-of-the-art performance in LLM reasoning.

Introduction
Retrieval-augmented generation (RAG) (Quinn et al. 2025;
Lewis et al. 2020) improves the reasoning ability of large
language models (LLMs) by retrieving relevant context from
external knowledge bases. It is widely applied to various
tasks, including open-domain question answering (Cahoon
et al. 2025; Kim and Lee 2024), dialogue systems (Zhang
et al. 2025a; Wang et al. 2024), and multi-hop reasoning (Liu
et al. 2025; Zhang et al. 2025b). Among them, text-RAG
retrieves unstructured documents to support generation, but
may be hindered by the lack of explicit structure required for
complex reasoning (Guo et al. 2025; Zhu et al. 2025).

Recent research focuses on knowledge graph-based RAG
(KG-RAG) (Edge et al. 2025; Li, Miao, and Li 2025; Mavro-
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matis and Karypis 2024), which leverages structured knowl-
edge through distinct approaches. One paradigm is explicit
reasoning-based retrieval. This method employs an LLMs to
decompose complex queries into subqueries, which are then
executed on the knowledge graph to retrieve relevant enti-
ties for final reasoning (Jiang et al. 2024; Liu et al. 2024a;
Jin et al. 2024). However, this iterative use of LLMs for re-
trieval reasoning leads to a lot of computational and time
overhead (Tang et al. 2025; Li, Miao, and Li 2025). An al-
ternative strategy involves embedding the knowledge graph
directly into the model via parameterized fine-tuning. While
this can reduce inference latency, it sacrifices dynamic infor-
mation access. Whenever the knowledge base changes, the
model must be costly retrained, which fundamentally im-
pairs its generalization ability and real-time accuracy (LUO
et al. 2024; Mavromatis and Karypis 2024).

To transcend the limitations of the decomposition and pa-
rameterization paradigms, a promising approach involves
using LLMs to reason about subgraphs. It can be divided
into two categories. (1) One category involves multi-hop ex-
pansion methods such as breadth-first graph traversal after
anchoring entities using pre-trained models (Guo et al. 2024;
He et al. 2024; LUO et al. 2024), which tend to retrieve se-
mantically redundant subgraphs. (2) The other category is
lightweight model retrieval based on pseudo-label supervi-
sion (Li, Miao, and Li 2025; Mavromatis and Karypis 2024),
but it uses heuristic supervision such as shortest path, which
tends to prioritize structural compactness, thereby sacrific-
ing semantically rich subgraphs. Secondly, neither approach
accounts for the inherent positional bias of LLMs (Liu et al.
2024c; Zhang et al. 2024a,b). We have analyzed the under-
lying causes and found that it’s crucial not only to improve
subgraph quality but also to optimize the subgraph’s fine-
grained structure to make it more accessible to LLMs.

To address these limitations, we propose DCTR, a dual-
constraint subgraph optimization for KG-RAG. At its core,
DCTR optimizes subgraph retrieval by focusing on the
structural integrity and information salience of the sub-
graphs. The internal mechanism comprises a dual optimiza-
tion process. First, it employs a dual-constrained flux graph
retrieval (DCFGR) module. This module algorithmically
conceptualizes subgraphs as network flows through maxi-
mum flow retrieval and a dual-flux path extractor. By si-
multaneously considering the highest reliability and den-
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sity, it selects high-quality subgraphs that are both struc-
turally compact and semantically rich as pseudo-labels
for supervised optimization. Second, it introduces a dif-
ferentiable subgraph ranking supervision (DSRS) mecha-
nism.Recognizing that discrete, combinatorial metrics for
ranking are incompatible with gradient-based optimization,
DSRS introduces a smooth, differentiable surrogate for pair-
wise ranking agreement. By replacing the non-differentiable
sign function with a continuous approximation, our ap-
proach enables the direct optimization of the retriever’s
ranking function. This supervision aligns the model’s atten-
tion with the weights of the pseudo-labels, teaching it not
only what to retrieve but also how to highlight the saliency
of subgraph content. Our method demonstrates stable and
consistent superiority over multiple baseline models.

Our main contributions of this paper include:
• We propose the DCTR, which bridges the gap between

high-quality subgraph retrieval and subgraph structure
optimization through a unified training mechanism.

• To extract compact and complete subgraphs, we design
DCFGR, which uses maximum flow retrieval and dual-
flux path extractor to generate pseudo-labels.

• A DSRS mechanism is designed to guide the retriever to
explicitly retrieve important content in the subgraph.

• Extensive experiments show that DCTR consistently out-
performs existing baselines, while ablation studies con-
firm the crucial role of each of its individual components.

Related Work
The convergence of KGs with LLMs (Edge et al. 2025;
Li, Miao, and Li 2025) has evolved through a series of
methodological paradigms, each defining a unique pipeline
for knowledge access and exploitation. Initial explorations
focused on using LLMs as central reasoning engines, de-
constructing complex queries into a sequence of subqueries.
Then, information was provided to LLMs to answer by
querying the knowledge base via SPARQL (Jiang et al.
2024; Liu et al. 2024a; Jin et al. 2024).

To improve efficiency and reduce the latency inherent in
this iterative process, a parallel research stream has emerged
that focuses on parameterizing knowledge. This process
aims to embed factual knowledge directly into the model’s
parameters, either through comprehensive fine-tuning (LUO
et al. 2024; Mavromatis and Karypis 2024) or through more
targeted lightweight adapters (He et al. 2024). This parame-
terizes knowledge, making it accessible through the model’s
internal representations rather than explicit external lookups.

These approaches catalyze a shift toward subgraph rea-
soning, a process that aims to provide targeted knowledge
context for LLMs. Under this paradigm, subgraph retrieval
is roughly divided into two main directions. The first, of-
ten symbolic in nature, is algorithmic subgraph construction.
This process typically begins by identifying key entities and
then applies graph traversal techniques, such as multi-hop
expansion (Guo et al. 2024; Ji et al. 2024), to construct a
subgraph. Evolving in parallel is supervised subgraph re-
trieval, which frames the task as a learning problem. Here, a
retriever is trained to learn a direct mapping from a natural

language query to its subgraph, guided by a pseudo-labeled
dataset typically generated by heuristics such as shortest
path (Li, Miao, and Li 2025; Mavromatis and Karypis 2024).

Although existing methods have made progress in the
content selection problem, the subgraphs they generate of-
ten suffer from incompleteness and semantic drift. In con-
trast, our DCTR is designed to generate subgraphs that pos-
sess both structural integrity and information salience by ef-
fectively training the retriever. It not only captures neces-
sary information but also considers key reasoning elements
to generate high-quality subgraphs.

Methodology
An overview of DCTR is depicted in Figure 1. As intro-
duced, DCTR operates through a dual-optimization pro-
cess. The first component, DCFGR, generates high-quality
pseudo-labels by balancing structural compactness and se-
mantic richness of subgraphs. The second component,
DSRS, then uses these pseudo-labels to train a retriever
through differentiable ranking optimization, ensuring that
the final subgraph is easier for LLM to understand. The fi-
nal subgraph is formatted into a prompt, detailed in the ap-
pendix, which is used by the LLM to generate the answer.

Preliminaries
KG. A KG is formally represented as a set of triples, G =
{(h, r, t) | h, t ∈ E , r ∈ R}, where E is a set of entities and
R is a set of relations. Each triple, denoted as ζ = (h, r, t),
asserts that a head entity h is connected to a tail entity t
via a directed relation r. Our method operates on an in-
duced weighted graph H. This graph augments the KG by
assigning a semantic weight to each triple. Formally, H =
{(ζ, w(ζ)) | ζ ∈ G, w(ζ) ∈ W}, where w(ζ) is the weight
associated with triple ζ. The weight w(ζcand) for a candidate
triple ζcand is dynamically computed by a contextual scoring
function, FLLM: w(ζcand) = FLLM(q, Pcur, ζcand), where
FLLM is an LLM-based function that evaluates semantic rel-
evance, q is user’s input question, Pcur = [ζ1, ζ2, . . . , ζt] is
current reasoning path, defined as a sequence of previously
selected triples, and ζcand is candidate triple being scored.
The resulting score w(ζcand) represents the information vol-
ume of adding ζcand to the path Pcur in the context of the
query. For large KGs, we use a greedy search, weighting
only edges on question-answer paths to reduce costs.

KG-RAG. Given a user query q, the KG-RAG paradigm
aims to first retrieve a query-relevant subgraph Hq ⊆ H.
This targeted subgraph then serves as the contextual knowl-
edge base for an LLM, which reasons over Hq to generate
the final response ans. In our work, the retrieval of Hq is
framed as a learning problem, rather than relying on heuris-
tics. We employ a retriever model to perform this task. This
model is trained in a supervised manner, using high-quality
subgraphs as pseudo-labels. The generation of these crucial
pseudo-labels will be detailed in the subsequent sections.

Dual-Constrained Flux Graph Retrieval (DCFGR)
The DCFGR module generates high-quality pseudo-labels
through a two-stage retrieval process designed to produce a
subgraph that is both globally relevant and locally refined.
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Figure 1: DCTR mainly consists of two stages: subgraph extraction by DCFGR and supervised optimization by DSRS. The
actual reasoning path may present a more complex structure than the simple path.

Maximum Flow Retrieval First, we identify a globally
relevant subgraph Hm, by formulating the extraction task
as a maximum flow problem. We construct an information
flow network where each triple ζ in the knowledge graph H
acts as a directed edge with a capacity equal to its weight
w(ζ). The objective is to maximize the total semantic flow,
|f |, from a designated source node eq (the query entity) to a
sink node ea (the answer entity). To formalize this, let f(ζ)
denote the flow through a given triple ζ. We define the set of
triples originating from eq as Zout(eq) = {ζ | h(ζ) = eq},
and the set of triples terminating at eq as Zin(eq) = {ζ |
t(ζ) = eq}, where h(ζ) and t(ζ) represent the head and tail
entities of ζ, respectively. The objective is then to maximize
the total net flow from the source:

Maximize |f | =
∑

ζ∈Zout(eq)

f(ζ)−
∑

ζ∈Zin(eq)

f(ζ). (1)

The detailed algorithmic process for solving this maxi-
mum flow problem, including constraints on flow conserva-
tion and skew symmetry, is provided in appendix. Unlike lo-
cal, greedy pathfinding methods (Hou et al. 2021; Zhu et al.
2025), our maximum flow formulation offers a global per-
spective. It evaluates all potential semantic routes simulta-
neously, maximizing total information throughput while in-
herently mitigating bias toward redundant or narrow paths.
From an information-theoretic viewpoint, the solution yields
a globally saturated subgraph Hm. This subgraph represents
a state where no additional semantic flow from eq to ea is
possible without violating the capacity constraints of the net-

work. Therefore, Hm serves as a principled and comprehen-
sive foundation for the subsequent stage.

Dual-Flux Path Extraction Our dual-flux path extraction
method identifies a high-quality subgraph by combining two
complementary reasoning paths extracted from the initial se-
mantic subgraph Hm. These paths, a ”lower-bound” and an
”upper-bound,” are designed to collectively balance reliabil-
ity, density, and information richness.

The process begins by filtering for a set of viable candi-
date paths Pdense, keeping only those whose density D(P )
exceeds a threshold η:

Pdense = {P ⊆ Hm | D(P ) ≥ η}, (2)
where the density of a path P is the average triples weight:

D(P ) =

∑
ζ∈P w(ζ)

|m|
, |m| is the number of triples in P.

(3)
We evaluate each candidate path P in Pdense based on two
key metrics. The bottleneck flux ϕ(P ) identifies the path’s
weakest link by taking the minimum edge weight. The total
information ψ(P ) captures the cumulative value, calculated
as the sum of all edge weights.

ϕ(P ) = min
ζ∈P

w(ζ), ψ(P ) =
∑
ζ∈P

w(ζ). (4)

Lower-Bound (MaxMin-InfoPath): This path Plower estab-
lishes a baseline of reliability. It is identified through a lex-
icographical optimization that prioritizes the strongest pos-
sible ”weakest link.” We select the path that maximizes the
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bottleneck flux ϕ(P ) first, and then, among those, the one
with the highest total information ψ(P ):

Plower = arg max
P∈Pdense

(ϕ(P ), ψ(P )) . (5)

Upper-Bound (MaxDensity-InfoPath): In parallel, this path,
Pupper, captures the most concentrated region of information.
Its selection is a two-step process. First, we isolate an elite
set of paths P∗, that share the absolute maximum density:

P∗ =

{
P ∈ Pdense | D(P ) = max

P ′∈Pdense
D(P ′)

}
. (6)

From this maximum-density set, we then select the single
path with the highest total information ψ(P ):

Pupper = arg max
P∈P∗

ψ(P ). (7)

Final Subgraph Synthesis: The final, optimized subgraph
Hq is formed by the union of these two paths.

Hq = Plower ∪ Pupper. (8)
Answer entities ea only create pseudo-labels to guide the

retriever during training. Inference remains answer-free.

Algorithmic Implementation The detailed pseudocode
of the proposed method is summarized in appendix.

Theoretical Motivation
Necessity of MaxMin-InfoPath To motivate the design
of MaxMin-InfoPath, we first analyze how local errors can
compound in a multi-hop reasoning path.
Definition 1 Let a multi-hop path be denoted as p =
(e1, e2, . . . , en), where each edge ei corresponds to a rela-
tion ri linking entities. We model the semantic transforma-
tion along each edge as a latent function ϕi : Rd → Rd. We
assume there exists a true, ideal transformation Φi, and our
practical approximation ϕi is a perturbed version of it:

ϕi(x) = Φi(x) + εi(x), (9)
where εi(x) : Rd → Rd is the step-wise error function.
Definition 2 We define the full perturbed path function
fp(x) and the ideal path function Fp(x) as the composition
of their respective step-wise functions:
fp(x) := ϕn ◦ · · · ◦ ϕ1(x), Fp(x) := Φn ◦ · · · ◦ Φ1(x).

(10)
The total path error δp(x) is the divergence between the two:

δp(x) := fp(x)− Fp(x). (11)
In our formulation, the step-wise error εi(x) represents the
semantic uncertainty or possibility of loss in each reasoning
step. We use the weight of a triple w(ζ), as a proxy for this
abstract error, in an inverse relationship. A high weightw(ζ)
corresponds to a low error εi, and vice versa.
Lemma 1 Assume each ideal transformation Φi is differen-
tiable and satisfies ∥∇Φi(x)∥ ≤ αi < 1, and each pertur-
bation term is bounded by ∥εi(x)∥ ≤ ϵi. The total path error
is then upper-bounded by:

∥fp(x)− Fp(x)∥ ≤
n∑

i=1

 n∏
j=i+1

αj

 · ϵi, (12)

where ϵi is the approximation error at hop i, and αj reflects
the amplification strength of step j via its Lipschitz constant.

This formulation highlights a critical vulnerability: even
small initial errors ϵi can be recursively amplified by sub-
sequent steps αj , leading to significant degradation over
long paths. To suppress this compounding effect, MaxMin-
InfoPath prioritizes selecting paths whose intermediate steps
exhibit consistently low local error, effectively minimizing
the terms in the error bound. Assuming uniform bounds
ϵi ≤ ϵmin, αi ≤ αmax < 1, the bound simplifies to:

∥δp(x)∥ ≤ ϵmin · 1− αn
max

1− αmax
. (13)

This expression establishes a direct link between local error
quality and global semantic stability, validating our strategy
of enforcing high-fidelity transformations at every hop. A
formal proof is provided in appendix.

Necessity of MaxDensity-InfoPath The theoretical foun-
dation for MaxDensity-InfoPath lies in Bayesian inference.
We seek the path P that maximizes the a posteriori (MAP)
probability given a query q. The standard MAP estimation
approach is to maximize the sum of the log-likelihood and
the log-prior, defining the optimal path P̂MAP as:

P̂MAP = argmax
P

(log Pr(q | P ) + log Pr(P )) . (14)

Assuming the log-likelihood (log Pr(q | P )) is proportional
to the total information and the log-prior (log Pr(P )) pe-
nalizes its length, this optimization objective simplifies. We
show that the log-posterior probability (log Pr(P | q)) is a
monotonic function of the density D(P ):

log Pr(P | q) ∝ |m| · (D(P )− λ) . (15)

Here, the parameter λ is a positive constant derived from the
prior probability that represents the penalty for path com-
plexity. It quantifies the trade-off between the information
density of a path and its length. This key relationship re-
veals that maximizing path density is not a heuristic, but a
principled method for identifying the most statistically plau-
sible evidence chain. This framework intrinsically balances
the path’s information ψ(P ) against its length |m|, thus es-
tablishingD(P ) as the optimal metric for this task. A formal
proof is provided in the appendix.

Differentiable Subgraph Optimization
Motivation Our goal is to optimize the structure of the
subgraph to mitigate the position bias of LLMs (Liu et al.
2024c; Zhang et al. 2024a). As described in the introduc-
tion, we theoretically modeled this bias and confirmed that
failure to account for it significantly degrades prediction fi-
delity, with detailed analysis in the appendix. This analysis
establishes the need for a mechanism that explicitly opti-
mizes the ranking of content within a subgraph.

Differentiable Subgraph Ranking Supervision (DSRS)
To achieve the structural optimization motivated above, our
strategy is to train the retriever to produce an importance
score vector x whose ordinal structure mirrors that of our
pseudo-labels, y. This frames the problem as one of learning
to rank, for which we must first establish a suitable objec-
tive. Solving this requires a metric that can robustly measure
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the similarity of ordinal structures, independent of the actual
score values. The Kendall rank correlation coefficient τ is an
ideal candidate, as it provides a principled, scale-invariant
measure of association based on pairwise comparisons.

Definition 3 Given two score vectors x and y of length n, a
pair of distinct indices (i, j) is:

• Concordant if (xi − xj)(yi − yj) > 0.
• Discordant if (xi − xj)(yi − yj) < 0.

Definition 4 The coefficient τ(x,y) is the normalized dif-
ference between the number of concordant pairs Ncon and
discordant pairs Ndis:

τ(x,y) =
Ncon −Ndis

N0
, (16)

where N0 = n(n−1)
2 is the total number of unique pairs.

While τ directly measures our ranking goal, its discrete,
combinatorial nature makes it non-differentiable, precluding
its direct use in gradient-based optimization. To bridge this
gap, we introduce a continuous and differentiable surrogate
for τ . Our key idea is to replace the non-differentiable sign
function with a smooth approximation. For this purpose, the
tanh function is a natural choice, as it is a standard method
for creating differentiable ”soft” versions of sign functions.

Definition 5 We introduce a differentiable indicator
Iβ(i, j) for each pair (i, j) (Definition 3), which takes the
form of a scaled tanh function:

Iβ(i, j) =
eβ(xi−xj)(yi−yj) − 1

eβ(xi−xj)(yi−yj) + 1
, (17)

where β > 0 is a temperature hyperparameter that controls
the steepness of the approximation. This function approxi-
mates the discrete ±1 indicator, as established by lemma 2.

Lemma 2 The Iβ(i, j) converges to the true discrete val-
ues as β → +∞: limβ→+∞ Iβ(i, j) = +1 for concordant
pairs, and limβ→+∞ Iβ(i, j) = −1 for discordant pairs.

By summing these indicators over all pairs, we obtain a
differentiable approximation of Kendall’s Tau, denoted as
τ̃β(x,y). Following Lemma 2, τ̃β provably converges to the
true τ as β → +∞. Finally, we leverage our differentiable
surrogate τ̃β to construct DSRS. To maximize the differen-
tiable rank correlation, we equivalently minimize its com-
plement. By observing that the pairwise ranking agreement
term in τ̃β can be re-expressed using the sigmoid function σ:

LDSRS =
1

|N |
∑

(i,j)∈N

[1− σ(β∆xij∆yij)] , (18)

where ∆xij = xi − xj , ∆yij = yi − yj , N is the set of
unique pairs, and |N | = N0 (Definition 3). Our final objec-
tive, formally derived in the appendix, is to minimize this
pairwise ranking error. This aligns the retriever’s predicted
ranking x with the pseudo-label ranking y, achieving our
goal of structural optimization.

Experiments
We conduct a comprehensive set of experiments to val-
idate the efficacy of DCTR for KG-RAG, by evaluating
how it excels at generating high-quality subgraphs, lever-
ages structural information for complex multi-hop reason-
ing, and demonstrates generalization across diverse tasks.

Datasets. We evaluate our method on two challenging
multi-hop knowledge graph question answering (KGQA)
benchmarks: WebQSP (Yih et al. 2016) and CWQ (Talmor
and Berant 2018), both derived from Freebase (Bollacker
et al. 2008). To ensure evaluation rigor, we use the cleaned
”sub” variants of these datasets, which filter out samples
with missing answers (Li, Miao, and Li 2025).

Experiment Settings. We initialize triple representations
with the GTE encoder (Li et al. 2023b), a strong performer
on the MTEB benchmark (Muennighoff et al. 2023). The
retriever is trained on DCFGR-generated pseudo-labels us-
ing a combined binary and DSRS loss (hyperparameter =
0.5). Experiments are run on 8x NVIDIA A100 (80GB)
GPUs using Llama3.1-8B/70B-Instruct models (denoted as
8B and 70B), with inference accelerated by vLLM (Kwon
et al. 2023). We reproduce baselines like SubgraphRAG
from public code or cite original results. All reported metrics
are averaged over five runs with different random seeds. For
further details, including complete experimental data and
setup, as well as experiments on hyperparameters such as
temperature β and threshold η, please see the appendix.

Retrieval Results
Baseline. We compare DCTR against diverse KGQA
methods, including embedding-based approaches like Co-
sine Similarity (Li et al. 2023a) and G-Retriever’s k-nearest
neighbor search (He et al. 2024), constrained path search
methods such as SR+NSM w/ E2E (Zhang et al. 2022)
and Retrieve-Rewrite-Answer (Wu et al. 2023), as well as
several approaches that rely on a shortest path heuristic,
like RoG (LUO et al. 2024), GNN-RAG (Mavromatis and
Karypis 2024), and SubgraphRAG (Li, Miao, and Li 2025).

Evaluation Metrics. We assess retrieval quality using
three complementary metrics: path triple recall to measure
alignment with the supervised ground-truth paths, GPT-4o
triple recall for a broader semantic evaluation against a GPT-
4o-generated superset, and answer entity recall to measure if
the answer is present in the retrieved subgraph.

Overall Evaluation The results in Table 1 demonstrate
the superiority of our DCTR. DCTR outperforms all base-
line methods in retrieval effectiveness across both datasets.
While baselines like SubgraphRAG are competitive on path
recall, DCTR establishes a commanding lead when evalu-
ated on the more challenging GPT-4o triples. On this more
robust metric, DCTR achieves a relative improvement of
5.1% on WebQSP and 3.2% on CWQ over SubgraphRAG,
showcasing its ability to generate more semantically com-
prehensive subgraphs. As detailed in Table 2, DCTR’s per-
formance margin over other methods becomes even more
pronounced on queries requiring Multi-hop. On these tasks,
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Method
WebQSP CWQ CWQ → WebQSP WebQSP → CWQ

Path GPT-4o Answer Time (s) Path GPT-4o Answer Time (s) Path GPT-4o Answer Path GPT-4o Answer

cosine similarity 0.714 0.719 0.708 3 0.488 0.567 0.582 13 0.714 0.719 0.708 0.488 0.567 0.582
RoG 0.713 0.388 0.807 948 0.623 0.298 0.841 2327 0.589 0.323 0.658 0.301 0.139 0.412
G-Retriever 0.294 0.325 0.545 672 0.183 0.217 0.375 1530 0.294 0.325 0.545 0.183 0.217 0.375
GNN-RAG 0.522 0.405 0.818 68 0.500 0.386 0.841 160 0.446 0.364 0.691 0.444 0.351 0.697
SubgraphRAG 0.857 0.815 0.923 6 0.801 0.807 0.914 12 0.802 0.789 0.897 0.624 0.626 0.793
Ours (DCTR) 0.890 0.866 0.956 5 0.829 0.839 0.928 12 0.836 0.819 0.908 0.634 0.634 0.811

Table 1: Comparison of retrieval recall performance across four evaluation settings. Best results are in bold.

Method
Path Triple Recall GPT-4o Triple Recall Answer Entity Recall

WebQSP CWQ WebQSP CWQ WebQSP CWQ
1 2 1 2 ≥3 1 2 1 2 ≥3 1 2 1 2 ≥3

cosine similarity 0.874 0.405 0.629 0.442 0.333 0.847 0.483 0.629 0.511 0.464 0.943 0.253 0.903 0.472 0.289
RoG 0.869 0.415 0.766 0.597 0.253 0.446 0.271 0.347 0.293 0.122 0.874 0.677 0.920 0.827 0.628
G-Retriever 0.335 0.216 0.134 0.205 0.168 0.345 0.284 0.159 0.240 0.226 0.596 0.446 0.377 0.384 0.269
GNN-RAG 0.532 0.502 0.515 0.498 0.446 0.384 0.445 0.328 0.408 0.418 0.810 0.831 0.853 0.841 0.787
SubgraphRAG 0.951 0.745 0.828 0.819 0.623 0.905 0.811 0.820 0.858 0.749 0.967 0.877 0.942 0.915 0.738
Ours (DCTR) 0.971 0.753 0.883 0.831 0.652 0.923 0.830 0.905 0.892 0.783 0.982 0.886 0.954 0.921 0.766

Table 2: Multi-hop retrieval recall evaluation. Best results are in bold.

Method
WebQSP CWQ

Path GPT-4o Answer Path GPT-4o Answer

DCTR 0.890 0.866 0.956 0.829 0.839 0.928
w/o Pupper 0.862 0.843 0.929 0.804 0.809 0.905
w/o Plower 0.851 0.835 0.913 0.799 0.812 0.907
w/o DSRS 0.874 0.853 0.931 0.816 0.820 0.918

Table 3: Ablation study of the retrieval stage.

DCTR achieves a relative improvement of over 8% in GPT-
4o triple recall across the two datasets, 4% in answer re-
call on CWQ, and 5% in path recall, when compared to
the strongest baseline. This confirms that DCTR’s dual-
constraint optimization successfully overcomes the limita-
tions of the simpler heuristics employed by prior work.

Cross-Dataset Generalization and Ablation Studies.
DCTR’s robustness is demonstrated through a cross-dataset
generalization experiment (A→ B in Table 1), where it out-
performs all baselines despite domain gaps. We validate our
design choices through ablation studies. First, as shown in
Table 3, removing lower bound (w/o Plower) or upper bound
(w/o Pupper) paths leads to performance degradation, validat-
ing their complementary effects. Removing the DSRS mod-
ule leads to some performance degradation, demonstrating
the positive effect of DSRS on improving subgraph qual-
ity. Second, a comparison against standard heuristics, such
as Shortest Path, Minimum-Cost Path, BFS, and K-Shortest
Paths, shows that our DCFGR is superior across all met-

Shortest Min BFS K-ShortOurs

0.70

0.85

1.00
WebQSP

Shortest Min BFS K-ShortOurs
0.60

0.78

0.95
CWQ

Path GPT-4o Answer Average

Figure 2: Performance of different path-finding methods.

rics (Figure 2). This confirms that DCTR’s effectiveness is
rooted in its superior pseudo-label generation process.

Generation Results
Baselines. We compare DCTR’s end-to-end performance
against a set of recent reasoning methods, including
UniKGQA (Jiang et al. 2023), KD-CoT (Wang et al. 2023),
TOG (Sun et al. 2024), ETD (Liu et al. 2024b), RoG (LUO
et al. 2024) and SubgraphRAG (Li, Miao, and Li 2025).

Evaluation Metrics. Beyond the standard Macro-F1 and
Hit@1, we incorporate Micro-F1 to provide a more robust
evaluation on instances with multiple reference answers. We
also measure Hit, which assesses whether at least one cor-
rect answer appears anywhere in the LLM’s generated re-
sponse.To gain deeper insights into factuality, we also adopt
the scoreh (Yang et al. 2024), which evaluates both the accu-
racy and the degree of hallucination in generated responses.
This metric is particularly valuable as it penalizes halluci-
nated outputs more heavily than omitted answers.
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Method
WebQSP-sub CWQ-sub

Macro-F1 Micro-F1 Hit Hit@1 Scoreh Macro-F1 Micro-F1 Hit Hit@1 Scoreh

SR+NSM w E2E 58.79 37.04 68.63 60.62 64.44 – – – – –
G-Retriever 54.13 23.84 74.52 67.56 67.97 – – – – –
RoG (Llama2-7B tuned) 67.94 43.10 84.03 77.61 72.79 57.69 52.83 64.64 60.64 54.51
SubgraphRAG (8B) 71.92 45.66 88.45 84.31 81.14 54.26 50.79 65.41 59.36 62.44
SubgraphRAG (70B) 75.37 51.16 87.22 85.15 85.27 60.39 59.10 68.13 64.71 67.42

DCTR + 8B 73.85 47.28 89.74 86.21 83.11 57.44 54.15 69.21 62.32 64.50
DCTR + 8B(↔) 69.13 43.57 87.35 82.74 80.31 43.49 44.36 56.54 48.63 57.95
DCTR + 70B 77.29 52.22 89.69 87.43 86.94 63.27 61.70 71.30 67.51 69.83

Table 4: Evaluation results on WebQSP-sub and CWQ-sub datasets across multiple metrics.

Method
WebQSP CWQ

Macro-F1 Hit Macro-F1 Hit

UniKGQA 70.2 – 49.0 –
KD-CoT 52.5 68.6 – 55.7
SR+NSM w E2E 64.1 – 46.3 –
ToG (Llama2-70B-chat) – 68.9 – 57.6
RoG 66.45 82.19 53.87 60.55
EtD (Llama2-13B-chat) – 77.4 – 57.7
GNN-RAG 71.3 85.7 59.4 66.8
SubgraphRAG (8B) 70.49 86.57 47.08 56.85
SubgraphRAG (70B) 74.52 86.21 51.56 57.45

DCTR + 8B 72.13 88.05 50.12 59.72
DCTR + 8B(↔) 67.52 84.62 38.92 49.19
DCTR + 70B 75.72 87.89 53.17 60.17

Table 5: Generate performance. GNN-RAG, RoG, KD-CoT,
and G-Retriever use 7B fine-tuned Llama2 models.

Overall Performance. As detailed in Tables 4 and 5, our
DCTR establishes new state-of-the-art results on both the
WebQSP benchmark and its cleaned subset. When config-
ured with a 70B model, DCTR solidifies this dominance,
outperforming the strongest baseline (SubgraphRAG-70B)
by a relative margin of 2% in Macro-F1 on WebQSP-sub.
At the 8B scale, DCTR significantly surpasses its direct su-
pervised competitor, SubgraphRAG-8B, with a 2.5% rela-
tive gain in Macro-F1. This result showcases DCTR’s supe-
rior retrieval and ranking strategy, which allows it to achieve
top-tier performance even with smaller models. On the more
demanding, multi-hop CWQ dataset, DCTR’s key advantage
is that it is entirely fine-tuning-free. While achieving perfor-
mance competitive with frameworks like GNN-RAG that re-
quire costly LLMs fine-tuning, DCTR’s inference optimiza-
tion enables significant gains of up to 6.4% in Macro-F1 on
CWQ-sub compared to strong, non-fine-tuned baselines.

Cross-Dataset Generalization and Ablation Studies.
DCTR’s robustness is demonstrated in cross-dataset (↔)
generalization experiments (Tables 4 and 5). We validate our
design through ablation studies (Table 6). Removing either

Method
WebQSP CWQ

Macro-F1 Hit Macro-F1 Hit

DCTR + 8B 72.13 88.05 50.12 59.72
w/o Pupper 70.33 85.96 48.14 57.31
w/o Plower 69.94 85.02 46.92 56.85
w/o DSRS 65.73 81.59 45.10 54.91

Table 6: Ablation study of the generation stage.
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Figure 3: Performance of different loss methods.

the lower-bound (w/o Plower) or upper-bound (w/o Pupper)
path causes performance degradation, confirming their com-
plementary roles. A significant performance drop upon re-
moving the DSRS module underscores its necessity for miti-
gating positional bias. Furthermore, Figure 3 shows it vastly
outperforms alternative objectives like cosine similarity or
binary classification loss, confirming that it is the most crit-
ical component of our model.

Conclusion
In this paper, we propose DCTR to improve retrieval by
jointly considering subgraph structural integrity and in-
formation salience. The DCFGR module generates struc-
turally compact, semantically rich pseudo-labels using a
dual method of maximum flow retrieval and dual flux path
extraction. The DSRS’s differentiable surrogate optimizes
the retriever’s ranking function by aligning its attention to
pseudo-labels, which highlights salient content and over-
comes issues with nondifferentiable metrics.
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