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Abstract
Text-labeled graph databases combine sym-
bolic graph structures with rich textual descrip-
tions, enabling expressive representations for
real-world data. However, answering queries
over such databases remains challenging when
queries require both precise logical constraints
and flexible semantic text interpretation, espe-
cially under information incompleteness. We
introduce the task of hybrid query answering
(hybrid QA) over incomplete text-labeled graph
databases, which requires joint reasoning over
both symbolic and textual knowledge under
incompleteness. To investigate this problem,
we formalize a query language that integrates
logical constraints with free-form textual de-
scriptions and construct two new benchmark
datasets from biological and e-commerce do-
mains. We propose HybridQE, a hybrid query
embedding framework that aligns with our
query language via embedding and combining
the symbolic and textual constraints in a uni-
fied embedding space. Experiments on the pro-
posed benchmarks show that existing methods
struggle with this setting, while HybridQE pro-
vides consistent improvements across diverse
hybrid query types, highlighting both the diffi-
culty of HybridQA and the promise of hybrid
query embeddings for reasoning under incom-
pleteness.

1 Introduction

Text-labeled graph databases (He and McAuley,
2016; Jin et al., 2023; Wu et al., 2025) combine
textual descriptions with graph structured data, fa-
cilitating a flexible and expressive framework for
information storage (Yan et al., 2023; Kuang et al.,
2023). Effective information retrieval systems
over text-labeled graph databases are crucial for
various downstream tasks, such as text classifica-
tion (Zhao et al., 2023) and personalized recom-
mendation (Zhu et al., 2021b).

A body of work integrates textual and relational
evidence for question answering. GraftNet (Sun
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Figure 1: An illustration of a hybrid QA system over in-
complete text-labeled graphs in the e-commerce setting.

et al., 2018) and PullNet (Sun et al., 2019) retrieve
and reason jointly over text passages and knowl-
edge graph triples for multi-hop natural language
questions. More recently, Wu et al. (2025) intro-
duce STaRK, a benchmark for LLM-based retrieval
over semi-structured knowledge bases that pair tex-
tual entity descriptions with relational graph struc-
ture. To address this setting, Retrieval-Augmented
Generation (RAG) and Graph RAG methods (Peng
et al., 2025; Sun et al., 2024; Yasunaga et al., 2021)
are employed to retrieve textual and relational in-
formation, respectively. When questions require ev-
idence from both modalities simultaneously, how-
ever, methods relying on a single retrieval channel
fail to capture the full evidence. Lee et al. (2025)
address this with HybGRAG, a hybrid agentic re-
trieval framework that jointly queries text docu-
ments and graph relations.

Despite this progress, two critical issues remain
unaddressed in existing work. The first is the in-
ability to simultaneously enforce precise logical
constraints and capture nuanced textual semantics
within a single query. Consider the e-commerce
query example: "black or white tennis racket that is
not Wilson and very lightweight." It illustrates two
common phenomena in real-world queries. First,
semantic flexibility: the attribute "very lightweight"
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Method Logical Semantic Incomplet.

BM25 × ✓ ×
ANCE × ✓ ×
ToG × ✓ ×
HybGRAG × ✓ ×
BetaE ✓ × ✓
GammaE ✓ × ✓
HybridQE ✓ ✓ ✓

Table 1: Qualitative comparison of baseline methods for
different types of retrieval and query answering tasks.

conveys a nuanced, context-dependent concept that
cannot be directly mapped to a discrete symbolic
attribute. Second, logical ambiguity: the query
allows multiple different interpretations, such as
"very lightweight tennis rackets that are not Wil-
son" or "normal or even heavy-weighted tennis
rackets that are not Wilson". Therefore, a hybrid
query framework consisting of symbolic logical
constraints and a textual description of the searched
result is essential to bridge this gap. Under such a
framework, the above query can be reformulated as,
∃color.({black}⊔{white}) ⊓ ¬∃brand({Wilson})
⊓ {“lightweight tennis racket”}, preserving both
logical precision and semantic flexibility.

The second is the failure to account for miss-
ing symbolic data. Existing retrieval frameworks
assume complete and reliable symbolic descrip-
tions for the graph entities, whereas real-world
annotations are often sparse, noisy, or outdated
due to the limits of manual curation (Xu et al.,
2019). As shown in Fig. 1, answering queries over
text-labeled graphs frequently requires inferring
the missing attributes from the item’s descriptions
and relational structures. Recent work on query-
embedding (QE) methods (Ren and Leskovec,
2020; Yang et al., 2022) map symbolic knowledge
and queries into a vector space, but only assume
symbolic queries. LLMs are employed to complete
such missing information (Xu et al., 2024), how-
ever their effectiveness is limited in domains that
are uncovered by the training corpus of the LLMs.

Our contributions are as follows: We formal-
ize a hybrid query language with logical operators
over both symbolic and textual modalities (§2);
construct two new benchmark datasets satisfying
incompleteness assumptions on text-labeled graphs
(§3); propose HybridQE, a hybrid query embed-
ding framework that jointly reasons over hybrid
queries under incompleteness (§4, Table 1); and

present extensive experiments addressing four re-
search questions on the effectiveness, robustness,
and adaptability of HybridQE(§5).

2 Problem Statement

In this paper we study the hybrid query answer-
ing problem, which is an extension of the query
answering problem over incomplete knowledge
graphs (He et al., 2024) to include text descriptions
in the data and in the queries. To formalize this
problem, we next define how we extend knowledge
graphs and how we extend the query language.

2.1 Text-labeled Knowledge Graphs
Knowledge graph query answering has been stud-
ied over structures G = (V,R,E) where V and
R are two finite disjoint sets of nodes and relation
names, and E ⊆ V × R × V is a set of labeled
edges. Text-labeled knowledge graphs extend these
structures with textual information for nodes and
edges. For this extension, we assume the existence
of a set T , disjoint from V and R containing all
possible textual descriptions.

Definition 1 (Text-labeled knowledge graph).
A text-labeled knowledge graph G is a tuple
(V,R,E, T, τ), where (V,R,E) is a knowledge
graph, and τ : V ∪R → T is a function mapping
nodes and relation names to text.

2.2 Hybrid Query Language
We refer to the QA problem over text-labeled
knowledge graphs as the hybrid query answering
problem (HybridQA). The name hybrid comes
from the combination of text and structure. To
formally define this problem, we need first to de-
fine the query language. To this end we build on
top of the SROI− description logics formulation
of query answering by He et al. (He et al., 2024).1

Definition 2 (Hybrid queries). Hybrid queries Q
over text-labeled knowledge graphs are defined by
the following grammar:

Q ::= ⊤ | {v} | {t} | ¬Q | Q ⊓Q | ∃R.Q ,

R ::= r | r− | t | t− ,

where ⊤ is the universal concept, t, v, and r stand
for elements in sets T , V , and R, respectively.

The semantics are defined as usual for all ele-
ments, except expressions of the form {t}, called
text nominals, which match entities whose textual

1See Appendix A for the SROI− syntax and semantics.
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description is semantically similar to t, and expres-
sions of the form ∃t.Q and ∃t−.Q, called textual
relational existentials, where t is interpreted as a
relation name. Standard node nominals {v} match
exactly the individual node v ∈ V .

2.3 Hybrid QA under Incompleteness

At inference time, the input of the HybridQA
problem consists of a hybrid query Q and an in-
complete text-labeled knowledge graph Gtrain =
(V,R,Etrain, T, τ). A HybridQA model produces a
score for every node v ∈ V, representing how likely
v is to satisfy the query Q.

Following the standard query answering setting
over incomplete knowledge graphs, we assume that
the observed graph Gtrain is a subgraph of a com-
plete graph Gtest = (V,R,Etrain ∪ Emissing, T, τ),
where the set Emissing contains edges that are not
available during training, and Emissing ∩Etrain = ∅.

For a query Q, let QGtrain and QGtest denote the
sets of answers obtained by evaluating the query
over the training graph and the complete graph,
respectively. We distinguish two answer sets: the
easy answer set Aeasy(Q) = QGtrain , containing an-
swers directly retrievable from the observed graph,
and the hard answer set Ahard(Q) = QGcomplete \
QGtrain , containing answers that require inference
over missing edges. Our evaluation focuses on
Ahard(Q), as these answers test the model’s ability
to reason under incompleteness.

Given a hybrid query Q, the goal of HybridQA is
to rank entities such that nodes in Ahard(Q) receive
higher scores than non-answers.

3 HybridQA Benchmarks

We introduce two benchmarks for the HybridQA
problem, ProdHybridQA and BioHybridQA,
which are derived from real-world e-commerce
and protein-disease data (Zhang et al., 2022c; Xu
et al., 2019; Wu et al., 2025). The existing text-
labeled graph QA datasets are not suitable to eval-
uate the HybridQA problem. Indeed, some (Wu
et al., 2025) assume completeness and support only
textual queries, while symbolic QA (Ren et al.,
2019; Ren and Leskovec, 2020; Gregucci et al.,
2025) benchmarks do not include text descriptions
in the graph. Our new datasets introduce two key
innovations: incomplete text-labeled knowledge
graphs and hybrid queries for these graphs.

Hybrid Query Formulation. Our proposed
dataset queries adhere to established query struc-
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Figure 2: Query structures of our datasets queries. An-
chor nodes (in cyan) and relations names are to be spec-
ified to instantiate the queries. Each structure is named
using abbreviations: “p” for projection, “i” for intersec-
tion, “u” for union, and “n” for negation.

Table 2: Example queries in ProdHybridQA

Type Hybrid Query Example

1p “Could you find a body deodorant made in pow-
der form that has a gentle floral fragrance?” ⊓
∃brand.{HoneybeeGardens}

2i “Could you provide a battery that is in
black color?” ⊓ ∃binding.{ConsElect} ⊓
∃brand.{Neewer}

3i “Could you find a candle in a jar container that has
a single wick?” ⊓ ∃category.{candle} ⊓ ∃scent.
{SweetPea} ⊓ ∃binding.{miscellaneous}

1n “Could you find breakfast cereal produced by the
brand KIND?” ⊓ ¬∃flavor.{oat}

2in “Could you find a candle made from a soy-
blend wax material?” ⊓ ∃container_type.{jar}
⊓ ¬∃manufacturer.{MVPGroup})

3in “Could you provide a cake that comes packaged
in a box?” ⊓ ¬∃manufacturer.{SweetSams} ⊓
∃binding.{grocery} ⊓ ∃flavor.{fruit}

2u “Could you find a blood pressure monitor that
comes in a gray color?” ⊓ (∃brand.{Beurer} ⊔
∃voltage_units.{volts})

3u “Could you find an oil-based body lubricant with
a ylang fragrance that has its shelf life specified
in days?” ⊓ (∃brand.{PipedreamProducts} ⊔
∃brand.{FleurDeSpa} ⊔ ∃brand.{OPO})

tures commonly used in symbolic QA tasks, i.e. 1p,
2p, 3p, 2i, 3i, 1n, 2in, 3in, 2u, and 3u.2 Figure 2
illustrates the structures of these symbolic queries.
We make a conjunction of each of these queries Q
with a text nominal {t} to create a hybrid query of
the form Q ⊓ {t}. Table 2 shows examples queries
for the ProdHybridQA dataset.

Incompleteness Conditions Our datasets intro-
duce two complementary forms of incompleteness
to ensure that hybrid query answering requires gen-

2Note that ProdHybridQA is built on a hyperedge graph,
where product–attribute relationships are encoded as hyper-
edges rather than binary triples. Multi-hop projection queries
(2p, 3p) are not defined for this dataset, since hyperedges do
not compose transitively across intermediate nodes.
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uine inference rather than simple lookup.
On the symbolic side, to be certain about each

test query answer, we require two types of edges,
edges that are at hand (i.e., in set Etrain) and miss-
ing edges (i.e., in set Emissing). This controlled
symbolic incompleteness is aligned with the QA
setting. On the text side, real-world textual de-
scriptions have a high variability, noise, and partial
information coverage. In our generated queries, we
simulated this incompleteness by generating textual
descriptions from a randomly sampled subset of
triples associated with the target entity. As a result,
the query textual descriptions capture fragmentary
information, requiring models to infer missing data
from both the text descriptions and the incomplete
graph structure. We refer the reader to Appendix B
for full details on the query generation process and
a systematic justification of how the generation
procedure fulfills our dataset assumptions. Dataset
statistics are provided in Table 5.

4 HybridQE for HybridQA

We next present the rational, the query embedding
design, and the training aspects of HybridQE.

4.1 Rationale

We hypothetize that a method for the HybridQA
problem would benefit from encoding the sym-
bolic and the textual parts directly, that is, with-
out transforming one into the other. Translating
symbolic queries into natural-language questions
would inevitably lead to loss or distortion of the
original logical meaning of operators such as con-
junction, disjunction, and negation (Yih et al., 2016;
Banerjee, 2023). Conversely, converting natural
language questions into symbolic queries through
semantic parsing also struggles to capture the nu-
ances, often yielding incorrect or incomplete log-
ical forms (Feng and He, 2025; Zhao et al., 2025;
Shen et al., 2020).

Additionally, HybridQE is expected to support
joint reasoning over hybrid queries in the pres-
ence of incompleteness. Missing information in
the graph may be recoverable through either the
associated textual descriptions or latent structural
patterns in the database. We hypothesize that a
robust hybrid QA model should therefore enable
both text-driven and structure-driven completion,
allowing these complementary inference pathways
to interact during reasoning.

4.2 Hybrid Query Embedding
Our method, HybridQE, infers query answers by
embedding both entities and hybrid queries into
a shared vector space Ed and ranking entities by
their distance to the query embedding. Entities
positioned closer are predicted as more plausible
answers. Text descriptions and relations are em-
bedded to spaces Td and Rd, and then mapped to
space Ed when representing queries and entities.3

Entity Embeddings with Query-Conditioned
Similarity. We next define how HybridQE em-
beds entities into the vector space Ed. Unlike prior
methods (Yang et al., 2022; Ren and Leskovec,
2020), where an entity ee e is assigned a sin-
gle static vector, HybridQE produces a query-
conditioned entity embedding eQ ∈ Ed that se-
lectively emphasizes the portions of the entity’s
text description most relevant to query Q.

Let ξ : T → Td denote a pretrained language
model that maps text to vectors. For every entity
e ∈ V with text description te = τ(e), we obtain
a token-level representation E = ξtok(te) ∈ Rn×d

where n is the number of tokens in te and d is the
hidden dimension. We also compute a pooled en-
tity representation ē = mean-pool(E) ∈ Rd. For
a hybrid query Q of the form {t} ⊓ ϕ, we define
two query-side vectors, qt = ξ(t) and qϕ = ξ(tϕ),
where tϕ is the text description resulting from ver-
balizing query ϕ into natural language and only
serves as an auxiliary attention signal for identify-
ing relevant tokens in entity descriptions.

To identify which tokens of the entity description
are most relevant to each query component, we
compute attention scores by taking the dot product
of each token embedding with the corresponding
query vector:

αt = softmax(Eqt) ∈ Rn, (1)

αϕ = softmax(Eqϕ) ∈ Rn. (2)

where Eqt is the vector of dot-product scores be-
tween each of the n token embeddings and the
query vector. The softmax normalizes these into a
probability distribution over tokens. The resulting
query-conditioned context vectors are:

ãt = E⊤αt ∈ Rd (3)

ãϕ = E⊤αϕ ∈ Rd (4)

3We use different notations for the three spaces because our
method is model-agnostic. In some models the three spaces
are the same, Rd, but this is not generally true.
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representing a d-dimensional summary of the entity
description weighted by relevance to each query
component. To modulate how much each query
component should influence the final entity repre-
sentation, we apply learnable gating functions:

gt = σ (Wt [ē; ãt]) , (5)

gϕ = σ (Wϕ [ē; ãϕ]) , (6)

where [·; ·] denotes concatenation, σ is the sig-
moid activation function, Wt and Wϕ are learn-
able weights and the gates gt and gt dynamically
adjust the contribution of each modality. The fi-
nal query-specific entity embedding is produced by
combining these gated contributions and project-
ing them into the shared embedding space via a
Multi-Layer Perceptron (MLP) PE : Td → Ed:

eQ = PE(ē+ gt ⊙ ãt + gϕ ⊙ ãϕ), (7)

where ⊙ is the Hadamard product. This design en-
sures that entity embeddings are not static database
artifacts but contextualized representations that re-
flect both what the query is asking and how the
entity’s description relate to it.

Relation Embeddings. We compute the embed-
dings of relations by mapping the text description
of each relation name r ∈ R and its inverse r−

into the embedding space Rd by using their textual
descriptions:

r = PR(ξ(tr)), r− = PR(ξ(tr−)), (8)

where PR : Td → Rd is a learnable projection
layer, tr and tr− are the text descriptions of relation
names r and r−.

Symbolic Query Encoder. On top of the embed-
ding of entities and relations, we define a symbolic
query encoder, Embϕ. The goal is to preserve
the exact logical structure of ϕ while embedding
it into the shared vector space Ed where reason-
ing can be performed jointly with textual informa-
tion. Unlike natural-language reformulations of
symbolic queries, which risk losing their exact log-
ical operators, our encoder preserves the logical
precision by directly modeling the symbolic form
using neural operators defined over the embedding
space. The symbolic encoder contributes explicit
logical inference capabilities inherited from neural
query embedding models, which have been shown
to reason over unseen patterns and missing edges

in incomplete graphs (He et al., 2024). The signa-
tures of these neural operators are the following:
Nominal : Ed → Ed, RelT : Ed × Rd → Ed,
Intersect : Ed × . . . × Ed → Ed, Union : Ed ×
. . . × Ed → Ed and Complement : Ed → Ed.
These neural operators define recursively the query
embedding of a query Q as follows:

Emb{t} ::= Nominal(PE(ξ(t))),

Emb{e} ::= Nominal(eQ),

Emb∃r.ϕ ::= RelTr(Embϕ, r),

Embϕ1⊓...⊓ϕn ::= Intersect(Embϕ1 , . . . ,Embϕn),

Embϕ1⊔...⊔ϕn ::= Union(Embϕ1 , . . . ,Embϕn),

Emb¬ϕ ::= Complement(Embϕ),

(9)

HybridQE is model-agnostic with respect to the
exact implementation of these operators and can
operate with different query embedding backbones.
Instantiations for BetaE (Ren and Leskovec, 2020)
and GammaE (Yang et al., 2022) are provided in
Appendix C.

The layer PE projects text descriptions into
the same latent space as symbolic queries with
the aim to supports bidirectional information flow
and joint inference across modalities. Indeed, hy-
brid queries Q of the form {t} ⊓ ϕ that com-
bine a textual description with a symbolic formula
are particular case of the conjunction, EmbQ =
Intersect(Emb{t},Embϕ). We hypothesize that
this design keeps both modalities isolated during
encoding to preserve the semantic precision and
flexibility in hybrid query, while the shared embed-
ding space enables the two modalities to exchange
information, allowing textual evidence to fill miss-
ing symbolic relations and symbolic constraints to
filter irrelevant textual information. As a result,
HybridQE preserves the exact logical structure of
the symbolic query while extending neural reason-
ing to free-text semantics and incomplete data.

4.3 Model Training
Learning Objective. Given a hybrid query Q
and a text-labeled graph G, the goal of query em-
bedding approaches is to maximize the predictions
of positive answers to query Q (i.e., answer en-
tity a that are in QG and minimize the predic-
tion of negative answers to query Q (i.e., enti-
ties b that are in ¬QG). In the representation
space, the evaluation of how likely an entity is
an answer to a query is computed with a distance
function with signature Dist : Ed × Ed → R.
Given an entity e and a query Q, and number γ
denoting a margin hyperparameter, we abbreviate
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Table 3: The MRR performance of HybridQE and baseline models on ProdHybridQA and BioHybridQA benchmark
datasets. The results of our methods are highlighted.

Dataset Model Avg 1p 2i 3i 2u 3u 1n 2in 3in 2p 3p
BM25 9.23 9.45 12.74 11.96 13.32 11.6 6.99 4.55 3.23 - -
ANCE 6.49 6.98 10.32 7.88 8.09 6.74 5.03 3.87 3.07 - -
QA-GNN 4.49 2.34 7.49 6.23 8.14 5.92 2.35 1.34 2.13 - -

HybGRAG 7.73 8.95 10.02 15.28 11.63 9.84 0.84 1.49 3.85 - -
ToG 5.33 3.31 5.54 10.29 8.39 10.02 0.53 2.81 1.77 - -

ProdHybridQA PullNet 4.08 5.31 6.46 7.24 4.83 4.37 1.15 1.43 1.81 - -

QE+LM (modular method) 0.24 0.20 0.33 0.32 0.53 0.58 0.0001 0.002 0.005 - -

HybridQE (BetaE) 11.18 10.93 14.40 21.75 13.36 13.33 1.52 3.18 6.68 - -
HybridQE (GammaE) 14.65 15.9 20.15 28.61 17.94 15.05 4.05 4.57 8.94 - -

BM25 6.25 8.64 9.40 10.87 5.56 3.72 5.29 5.25 4.05 6.04 3.74
ANCE 5.48 6.75 8.28 9.01 4.84 3.83 5.35 4.24 3.74 5.58 3.25
QA-GNN 3.51 3.39 4.24 5.18 3.23 3.57 4.93 1.85 2.86 3.27 2.56

HybGRAG 4.55 7.96 10.29 11.92 4.84 3.87 0.51 0.83 0.52 1.45 3.35
ToG 0.74 1.23 0.27 0.78 1.02 2.06 0.59 0.47 0.49 0.48 0.05

BioHybridQA PullNet 2.90 4.17 5.02 5.73 3.36 2.74 0.73 0.91 1.16 3.13 2.01

QE+LM (modular method) 0.37 0.50 0.67 0.59 0.43 0.75 0.003 0.05 0.05 0.31 0.42

HybridQE (BetaE) 5.76 6.02 11.48 13.75 6.08 4.85 1.62 2.96 4.68 2.96 3.19
HybridQE (GammaE) 6.38 9.37 11.49 16.31 6.15 4.11 1.58 2.79 4.58 3.55 3.84

log σ(γ − Dist(EmbQ,Emb{b})) as ∆e
Q. Then,

given a query Q the goal of query embedding is to
minimize the following loss:

Loss(Q) ::=
∑

a∈QG


 1

|Na|
∑

b∈Na

∆b
Q −∆a

Q


 .

(10)
where Na ⊆ ¬QG is a set of negative samples for
answer a regarding query Q.

Integration of Graph Information. Symbolic
query embedding methods are trained on diverse
queries from a training graph (a subset of the test
graph), enabling strong generalization to unseen
queries during inference. This stems from query
diversity, which helps learning logical connectives,
and structural integration via 1p queries. However,
our datasets use hybrid 1p queries, which do not
fully encode complete graph structure. To further
improve HybridQE, we augment the training data
by incorporating the entire training graph with hy-
brid 1p queries with empty text query component.

5 Experiments

In this section, we study the following research
questions with experiments and analyses: RQ1:
How well does HybridQE perform on predicting
answers for hybrid queries over incomplete text-
labeled graph databases? RQ2: Does hybrid
query formulation improve reasoning over single-
modality queries? RQ3: How robust is HybridQE
when integrated with different query embedding
methods? RQ4: How does the symbolic-to-text

query ratio affect HybridQE’s performance? Ex-
perimental details are supplemented in Appendix F.

5.1 Experimental Setup
Evaluation Metrics. We evaluate HybridQE
on the task of hybrid query answering under
incomplete data using the ProdHybridQA and
BioHybridQA datasets (see Section 3), and com-
pare the performance against baseline methods us-
ing the retrieval metrics MRR / Hits@1 / Hits@3.

Baselines. Since no prior work directly targets
hybrid query answering over incomplete text-
labeled graphs, we evaluate HybridQE against a
collection of adapted baselines. These include
LLM-enhanced graph RAG methods (ToG (Sun
et al., 2024), HybGRAG (Lee et al., 2025)), classic
and neural text retrieval systems (BM25 (Robertson
and Zaragoza, 2009), ANCE (Xiong et al., 2021),
QA-GNN (Yasunaga et al., 2021)), QA method for
semi-structured data (PullNet (Sun et al., 2019))
and a modular QE+LM approach that infers an-
swers by combining symbolic query embedding
predictions with LLM-based textual inference re-
sults. The specific introduction and implementation
details on baselines are provided in Appendix F.2.

5.2 Analysis of Research Questions
Effectiveness of HybridQE (RQ1). Table 3 sum-
marizes the MRR performance of HybridQE4, in-
stantiated with different query embedding back-
bones, alongside adapted baselines on both bench-
marks. Among the baselines, BM25 achieves the

4Additional metrics are reported in Appendix I
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Table 4: MRR Performance of HybridQE(GammaE) on Text-Only and Symbolic-Only questions from
ProdHybridQA and BioHybridQA benchmark datasets.

Dataset 1p 2i 3i 2u 3u 1n 2in 3in 2p 3p
ProdHybridQA(Hybrid) 15.9 20.15 28.61 17.94 15.05 4.05 4.57 8.94 - -
ProdHybridQA(Text Only) 8.18 15.83 16.57 13.63 11.35 2.34 1.35 4.02 - -
ProdHybridQA(Symbolic Only) 10.29 10.61 14.42 11.58 8.64 2.73 2.54 7.25 - -

BioHybridQA(Hybrid) 9.37 11.49 16.31 6.15 4.11 1.58 2.79 4.58 3.55 3.84
BioHybridQA(Text Only) 5.92 7.32 9.27 5.21 2.85 0.59 0.94 0.98 0.75 1.73
BioHybridQA(Symbolic Only) 6.38 5.49 7.48 2.35 2.46 0.32 1.37 0.96 1.32 1.34

strongest overall performance by exploiting lexical
overlap between textual queries and entity descrip-
tions, but it cannot enforce logical constraints or
reason over missing edges, limiting its effective-
ness on structurally complex queries such as 2i
and 3i. ANCE shows similar limitations despite
using learned dense representations. QA-GNN’s
graph propagation is severely hampered by missing
edges, while PullNet’s iterative subgraph expansion
terminates prematurely under incompleteness and
applies symbolic constraints only as post-hoc fil-
ters, confirming that logical reasoning must be inte-
grated during retrieval. LLM-based baselines (ToG,
HybGRAG) are limited by incomplete graph struc-
ture, which disrupts multi-hop reasoning chains,
and by the inevitable loss of logical precision when
hybrid queries are translated into natural language.
Moreover, as shown in Appendix H, these methods
exhibit high sensitivity to backbone choice with
no consistent winner across query types. Modular
method similarly fails, achieving only 0.24 average
MRR on ProdHybridQA, nearly 60 times lower
than HybridQE(GammaE). Since QE+LM uses the
same text encoder as HybridQE, this gap directly
quantifies the value of joint hybrid reasoning over
post-hoc score fusion.

HybridQE outperforms all baselines on
average across both benchmarks, with Hy-
bridQE(GammaE) achieving 58.7% and 40.1%
relative improvements over BM25 on ProdHy-
bridQA and BioHybridQA respectively. Gains are
most pronounced on structurally complex queries
(2i, 3i), where cross-modal interaction provides
the greatest benefit. Negation performance
remains lower, a known limitation of neural
complement operators (Ren et al., 2023), though
HybridQE(GammaE) still matches or exceeds the
best baseline on most negation types. We provide
further case analysis and error analysis in Appen-
dices L and K. The analysis reveals that each query
family is dominated by a distinct failure mode,
with negation failure accounting for up to 78.8%
of errors in negation queries, partial symbolic

matching dominating intersection queries, and
error compounding growing with multi-hop depth.
Appendix K also identifies four concrete directions
for future improvement. Beyond the transductive
setting, Appendix M demonstrates robust few-shot
performance (17.36 average MRR for frequency-1
entities), highlighting HybridQE’s potential for
data-efficient and inductive hybrid reasoning.

Hybrid Query Formulation Impact (RQ2). To
isolate the effect of hybrid query formulation,
we compare the performance of HybridQE un-
der three alternative representations of each test
query: (i) Text-Only reformulates both the sym-
bolic constraints and the textual condition into a
single natural-language question, (ii) Symbolic-
Only translates the entire query into a purely sym-
bolic representation,5 and (iii) Hybrid adopts our
proposed formulation, which retains symbolic and
textual constraints as distinct yet jointly processed
inputs. The results are summarized in Table 4.
We observe that HybridQE consistently achieves
superior performance when queries are expressed
in hybrid form compared to single-modal variants.
This trend supports our hypothesis that jointly mod-
eling symbolic and textual constraints is effective
for querying semi-structured data.

HybridQE integrated with different query em-
beddings (RQ3). HybridQE is built upon query
embedding techniques and is designed to maintain
performance across backbone models. To verify
its transferability across models, we evaluate it us-
ing BetaE (Ren and Leskovec, 2020) and Gam-
maE (Yang et al., 2022), two query embedding
methods capable of modeling SROI− descrip-
tion concepts. Table 3 presents the performance
of our method with BetaE and GammaE on two
benchmark datasets. The results demonstrate that
both models effectively support HybridQE in hy-
brid query answering across different graphs, con-
firming its robustness. HybridQE (GammaE) out-
performs HybridQE (BetaE), as GammaE exhibits

5The translation details are provided in Appendix G
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superior reasoning capabilities, indicating that our
method inherits and extends the reasoning ability
of backbone models for hybrid query answering.

Influence of Symbolic-to-Text Query Ratio
(RQ4). Hybrid queries differ in their composi-
tion, containing varying proportions of symbolic
constraints and textual descriptions. A robust
hybrid query answering approach should there-
fore adapt effectively to different levels of sym-
bolic–textual integration. To assess this property,
we analyze the performance of HybridQE under
varying text-to-symbolic condition ratios. Specif-
ically, we partition test queries into five groups
based on the proportion of textual conditions:
0–20%, 20–40%, 40–60%, 60–80%, and 80–100%.
0% corresponds to purely symbolic queries, while a
ratio of 100% corresponds to purely textual queries.
As illustrated in Figure 3, HybridQE instantiated
with GammaE exhibits stable and competitive per-
formance across all composition ranges, demon-
strating its robustness to varying degrees of sym-
bolic and textual integration.
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Figure 3: Performance of HybridQE (Gamma) on hy-
brid queries with varying text-to-symbolic ratio. µ rep-
resents the mean performance across different query
types at each ratio.

6 Ablation Studies and Analysis

To assess the effectiveness of the components in
HybridQE, we perform extensive ablation studies
by considering several variant of HybridQE. We
list HybridQE and its variants below: QCS with
graph (our method): query-conditioned similar-
ity with integration of graph information; QCS
w/o graph: query-conditioned similarity only;
MLP with graph: MLP network replacing query-
conditioned similarity, retaining graph structure;
and MLP w/o graph: MLP only. Figure 4 presents
HybridQE’s performance for its variants. Firstly,
the results show that incorporating graph structural
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Figure 4: Ablation analysis on the performance of
HybridQE(BetaE) with respect to model components.

information improves the performance, as graph-
based variants consistently outperform those with-
out. Secondly, the cross-attention mechanism fur-
ther enhances performance across nearly all query
types, further validating the effectiveness of our
method’s components in hybrid query reasoning.

7 Related Work

Single-modality retrieval and QA. Early re-
trieval methods target individual modalities in iso-
lation. Text-based QA systems (Karpukhin et al.,
2020; Lee et al., 2019) answer natural language
questions over unstructured passages, while query
embedding (QE) methods (Ren et al., 2019; Ren
and Leskovec, 2020; Yang et al., 2022; He et al.,
2024, 2025) embed logical queries into a vector
space for reasoning over incomplete knowledge
graphs. The two families make complementary
assumptions. Text retrieval treats the corpus as
the only evidence and has no notion of relational
structure or logical operators, whereas query em-
bedding assumes that all query-relevant knowledge
is expressible as symbolic triples and discards the
textual descriptions attached to entities.

Natural language QA over knowledge graphs.
Work on answering free-form questions against a
knowledge graph falls into three families. Seman-
tic parsing translates a question into an executable
logical form (Berant et al., 2013; Gu et al., 2021;
Cao et al., 2022). Retrieval-based methods skip the
logical form and rank answers within a question-
specific subgraph (Saxena et al., 2020; He et al.,
2021; Zhang et al., 2022a), and LLM-driven meth-
ods prompt the model to traverse or verbalize the
graph (Luo et al., 2024; Jiang et al., 2023), with
Generate-on-Graph (Xu et al., 2024) additionally
letting the model supply facts the graph lacks. All
three assume the query arrives as natural language,
so operators such as negation and disjunction must
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survive either verbalization or a parse into schema
predicates, neither of which admits a constraint like
very lightweight. Retrieval- and embedding-based
variants tolerate some missing facts, but the logi-
cal structure of the question remains implicit in a
learned scoring function rather than enforced.

QA over semi-structured knowledge bases.
Semi-structured knowledge bases pair relational
structure with entity documents. Representation
learning on such text-attributed graphs couples a
language model with a graph encoder (Yasunaga
et al., 2021; Zhang et al., 2022b), yielding one static
representation per node that cannot emphasize the
portion of a long description a particular constraint
depends on. STaRK (Wu et al., 2025) benchmarks
retrieval over these bases, while Graph RAG (Peng
et al., 2025; Edge et al., 2024) and HybGRAG (Lee
et al., 2025) combine text and relational channels
through routing or fusion decisions made outside
the encoder, a design our modular QE+LM base-
line isolates. A parallel line answers questions over
tables, text, and mixed sources (Chen et al., 2020,
2021; Zhu et al., 2021a; Oğuz et al., 2022; Ma et al.,
2022; Pramanik et al., 2024) by verbalizing struc-
tured evidence into passages, which sacrifices the
exact semantics of its operators. However, none
of these methods support formal logical operators
over free-form textual descriptions, nor account for
symbolic incompleteness, the two gaps our work
addresses.

8 Conclusion

We introduce hybrid query answering over incom-
plete text-labeled graphs, a setting where logical
precision and semantic flexibility can be jointly
satisfied under missing data. Our hybrid query lan-
guage, two new benchmarks, and HybridQE frame-
work together demonstrate that unified symbolic-
textual reasoning is both necessary and achievable,
opening a concrete path toward expressive querying
over the incomplete, semi-structured knowledge
bases that dominate real-world applications.

Limitations

While our work demonstrates the effectiveness
of hybrid query formulation and the proposed
HybridQE framework, several limitations remain.
First, our main experiments focus on the transduc-
tive setting, where entities and relations observed
at test time appear during training; although we

provide preliminary few-shot results, fully induc-
tive hybrid query answering remains an open chal-
lenge. Second, HybridQE relies on the quality of
pretrained text encoders to capture semantic infor-
mation, which may limit performance in highly
specialized domains or under noisy textual descrip-
tions. Third, as observed in our experiments, mod-
eling negation and complex logical operators con-
tinues to be challenging for neural query embed-
ding methods, and further improvements in logical
reasoning are needed.
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A Syntax and Semantics of SROI−

concept

Definition 3 (Syntax of SROI− concept descrip-
tions). Given a knowledge graph G = (V,R,E),
SROI− concept descriptions C are generated by
the grammar:

C ::= ⊤ | {a} | ¬C | C ⊓ C | ∃r.C | ∃r−.C ,

where ⊤ is the universal concept, a ∈ V , and r ∈
R. Nominals {a} denote singleton sets. As abbrevi-
ations, we write ⊥ = ¬⊤, C ⊔D = ¬(¬C ⊓¬D),
and ∀r.C = ¬∃r.¬C.

Definition 4 (Semantics of SROI− concept). The
interpretation of C on graph G is defined recur-
sively as:

1. ⊤G = V ,

2. {a}G = {a},

3. ¬CG = V \ CG,

4. C ⊓DG = CG ∩DG,

5. ∃r.CG = {u | ∃(u, r, v) ∈ E, v ∈ CG},

6. ∃r−.CG = {u | ∃(v, r, u) ∈ E, v ∈ CG}.

For example, the concept ∃type.Coffee re-
trieves all items of type coffee (i.e., a, b), while
∃flavor.Roast⊓∃brand.¬Starbucks retrieves roast-
flavored items not branded Starbucks (i.e., only a).

B Generation of Datasets

In this paper, we construct two new benchmark
datasets, BioHybridQA and ProdHybridQA, for
the hybrid query answering task over incomplete
text-labeled graph. This section provides a detailed
description of the procedure used to construct hy-
brid queries for our benchmark datasets. The goal
of the generation process is to produce queries that
(i) contain both symbolic and textual components
that enforce logical constraints and capture seman-
tic nuances respectively, and (ii) require reasoning
under symbolic incompleteness.

B.1 Main Algorithm
In Algorithm 1, we present the psudo code for the
generation of hybrid query answering datasets.6

Table 5 summarizes the statistics on the generated
queries.

B.2 Fulfilling Dataset Assumptions
We now systematically justify that the generation
procedure satisfies both dataset assumptions: (i).
Queries contain both symbolic and textual compo-
nents that enforce logical constraints and capture
semantic nuances respectively. (ii) Queries require
reasoning under symbolic incompleteness.

Assumption I. The symbolic component Φ, gen-
erated by GENSYMBOLICQUERY, encodes formal
logical operators as a valid SROI− concept de-
scription (He et al., 2024) that cannot be approxi-
mated by natural language without precision loss.

6Since code is used to generate queries for triple graphs,
we adapt it on hyperedge graphs by composing nodes and
hyperedge indexes into entities, and transforming hyperedges
into triples of the form (hyperedge index, relation, node),
where hyperedge indexes = I and nodes = N , thus V =
{I,N}.
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Algorithm 1: Hybrid Query Generation
Input:
- Knowledge Graph G = (V,R,E), where:
- V : set of entities
- R: set of relations
- E: set of triples (h, r, t) ∈ V ×R× V , E = Etest

where Etrain ⊂ Evalid ⊂ Etest

- Ent2Text, Rel2Text
- query_structure ∈ Qtemplates for different query
structures
Output: Hybrid query Q = [Φ, q] where Φ is

symbolic query, q is textual query and query
answer set A

Initialize: Aeasy, Ahard ← ∅, ∅ // Answer set
while Ahard = ∅ do

Step 1: Entity Sampling
etarget ← SampleEntity(V ) or

SampleEntity(I) if hyperedge graph
// Randomly sample an entity as an
answer entity

Step 2: Symbolic Query Generation
Φ←

GenSymbolicQuery(etarget, query_structure, G)
// Generate a symbolic query
following the query structure

Step 3: Triple Selection for Textual Query
Erelevant ← {(h, r, t) ∈ Etest | t = etarget}
Eselected ←

SelectRandomSubset(Erelevant, k)
// Select random k triples
involving etarget

Step 4: Textual Query Generation
qsym ← TriplesToQuery(Eselected)
q ←

QueryToNLQuestion(qsym,Ent2Text,Rel2Text)
// Convert triples to semantically
equivalent natural language
question about etarget

Step5: Retrieve Answers for the Hybrid
Query

Aeasy ← {a | Gtrain |= qsym(a) ∧ Φ(a)}
Ahard ← {a | Gtest |= qsym(a) ∧ Φ(a)} -
Aeasy
// Derive the answer set involving
with triples missing from train
graph

end
Return Q = [Φ, q], Ahard // The hybrid query
and the hard answer set

The textual component q is derived from triples
disjoint from those used to instantiate Φ, ensuring
q captures complementary semantic information
rather than restating symbolic constraints. The se-
mantic abstraction applied in QUERYTONLQUES-
TION of Step 4 employs large language models
(with instructions given below) to ensure that q
expresses nuanced, qualitative descriptions, such
as inferring “lightweight” from a weight attribute
value, or “suitable for beginners” from a style at-
tribute that cannot be recovered by symbolic lookup
or string matching.

Assumption II. Symbolic incompleteness is en-
forced through the construction of the hard answer
set Ahard(Q) = {a | Gtest |= qsym(a) ∧ Φ(a)} \
Aeasy. By definition, every answer in Ahard(Q) sat-
isfies the hybrid query over the complete graph
Gcomplete but not over the observed training graph
Gtrain. The while loop in Algorithm 1 guarantees
that every generated query has a non-empty hard
answer set (Ahard ̸= ∅), ensuring that all queries
in our benchmarks strictly require inference over
missing information. The missing information may
be recoverable via two complementary pathways
that our framework is designed to exploit. The
structural pathway leverages latent relational pat-
terns in Gtrain to infer missing edges, the mecha-
nism exploited by symbolic query embedding meth-
ods (Ren and Leskovec, 2020; Yang et al., 2022).
The textual pathway leverages the entity text de-
scriptions τ(v) to infer missing attributes from se-
mantic evidence, for example, inferring that an
entity satisfies a weight constraint from a descrip-
tion mentioning “lightweight design”, even when
the weight triple is absent from Gtrain.

Prompt for Semantic Abstraction

Instruction. You are a natural language generation ex-
pert. Given a structured attribute description of the form
[relation]: [value], rephrase it into a semantically
equivalent but lexically varied natural language phrase.
Apply semantic abstraction where appropriate:
• Convert specific measurements to qualitative descrip-

tors, e.g., weight: 275g→ “a lightweight racket”

• Map categorical values to conceptual descriptions,
e.g., style_fit: Tennis Beginner→ “suitable for
beginner players”

• Express relational attributes implicitly, e.g., brand:
HEAD→ “a HEAD-manufactured product”

Do NOT alter the meaning, omit information, or intro-
duce facts not present in the input. Output only the
rephrased phrase with no explanation.

Input: [relation]: [value]
Output: [rephrased phrase]

B.3 Lexical Overlap Analysis.

A potential concern with triple-derived textual
queries is that they may merely paraphrase sym-
bolic graph attributes, reducing the task to surface-
level string matching. To assess this, we measure
the token-level F1 score between each textual query
q and the raw attribute values of its target entity
etarget in the graph. Specifically, token-level F1 is
computed after lowercasing, punctuation removal,
and stopword filtering, and is taken as the maxi-
mum F1 across all entity attributes to give the most
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Table 5: Descriptive statistics for ProdHybridQA (Amazon) and BioHybridQA (Prime). ProdHybridQA is a
hyperedge product graph and does not support multi-hop projection queries (2p, 3p), indicated by —.

ProdHybridQA BioHybridQA

Category Statistic Value Detail Value Detail

Graph

Product / bio entities 86,905 prod nodes 129,385 bio nodes
Attribute entities 36,037 attr nodes — —
Total entities 122,942 129,385
Relation types 16 attr rels 37 bio rels
Training edges 424,476 13,064,296

Splits
Train queries 113,682 8 structures 289,483 10 structures
Valid queries 23,233 8 structures 58,476 10 structures
Test queries 23,295 8 structures 58,539 10 structures

Per type

train / valid / test train / valid / test
1p 13,402 / 2,748 / 2,797 26,740 / 5,441 / 5,405
2p — 29,328 / 5,872 / 5,854
3p — 29,526 / 5,914 / 5,906
2i 14,605 / 2,959 / 2,969 29,107 / 5,880 / 5,862
3i 14,963 / 2,997 / 2,998 29,863 / 5,975 / 5,970
2u 14,605 / 2,963 / 2,970 29,107 / 5,891 / 5,875
3u 14,963 / 2,997 / 2,999 29,863 / 5,978 / 5,982
1n 12,509 / 2,703 / 2,706 27,557 / 5,728 / 5,770
2in 13,956 / 2,894 / 2,885 28,752 / 5,835 / 5,921
3in 14,679 / 2,972 / 2,971 29,640 / 5,962 / 5,994

lenient possible overlap estimate. For example,
given the textual query q = “Find a lightweight
tennis racket made by HEAD” and entity attributes
{brand : HEAD, weight : 275g, category :
Tennis Racket}, the query tokens after filtering are
{lightweight, tennis, racket, made, HEAD} and the
attribute tokens for brand are {HEAD}, for weight
are {275g}, and for category are {tennis, racket}.
The per-attribute F1 scores are therefore 0.33, 0.00,
and 0.57 respectively.

Figure 5a shows the distribution of token-level
F1 scores between textual query components and
raw graph attribute values across both datasets. The
distributions are strongly right-skewed, with the
bulk of queries concentrated below F1 = 0.4, con-
firming that the majority of generated queries do
not directly copy graph attribute values. The aver-
age token-level F1 is 0.34 on ProdHybridQA and
0.30 on BioHybridQA, both well below the near-
verbatim threshold of 0.8. Critically, only 3.03%
and 2.55% of queries in ProdHybridQA and Bio-
HybridQA respectively exceed this threshold, in-
dicating that near-verbatim paraphrase is rare by
construction. Figure 5b further confirms that no in-
dividual query type is trivially recoverable by string
matching. Together, these results confirm that our
benchmarks require genuine semantic reasoning
and cannot be solved by paraphrase recovery.

C Specific details of neural logical
operators within HybridQE

In this section, we supplement the specific details
of the operators, i.e., relational transformation, in-
tersection operator, union operator and complement
operator, of the query embedding models involved
in our experiments.

C.1 BetaE
BetaE represents concepts by the Cartesian prod-
uct of multiple Beta distributions: EmbC =
[(α1, β1) , . . . , (αn, βn)] where each component is
a Beta distribution Beta (α, β) controlled with two
shape parameters α and β.

• Relational Transformation maps from one
Beta embedding S to another Beta embedding
S′ given the relation type r. This is modeled
by a transformation neural network for each
relation type r using a multi-layer perceptron
(MLP):

RelTr(EmbC) = MLPr(EmbC) (11)

• Intersection Operator is modeled by taking
the weighted product of the PDFs of the input
Beta embeddings

I =
1

Z

n∏

i=1

pwi
EmbC

(12)
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where I = Intersect(EmbC1 , · · · ,EmbCn)
and Z is a normalization constant and
w1, · · · , wn are the weights with their sum
equal to 1.

• Complement Operator is modeled by taking
the reciprocal of the shape parameters.

C =

[(
1

α1
,
1

β1

)
, . . . ,

(
1

αn
,
1

βn

)]
(13)

where C = Complement(EmbC).

• Union Operator BetaE does not model the
specific union operator because queries involv-
ing with union can be translated into disjunc-
tive normal form (DNF), more details can be
checked in (Ren and Leskovec, 2020).

• Distance function Given an answer
entity embedding a with parame-
ters [(αa

1, β
a
1 ) , . . . , (α

a
n, β

a
n)], and a

query embedding q with parameters
[(αq

1, β
q
1) , . . . , (α

q
n, β

q
n)], we define the

distance between this entity a and the query q
as the sum of KL divergence between the two
Beta embeddings along each dimension:

distbeta(a; q) =

n∑

i=1

KL (pa,i; pq,i) (14)

C.2 GammaE
GammaE models concepts by the Cartesian prod-
uct of multiple Gamma distributions: EmbC =
[(α1, β1) , . . . , (αn, βn)] where each component
is a Gamma distribution Γ (α, β) controlled with
shape parameter α and rate parameter β.

• Relational Transformation maps from one
Gamma embedding S to another Gamma em-
bedding S′ given the relation type r. This is
modeled by a transformation neural network
for each relation type r using a multi-layer
perceptron (MLP):

RelTr(EmbC) = MLPr(EmbC) (15)

• Intersection Operator is modeled by taking
the weighted product of the PDFs of the input
Gamma embeddings

I =
1

Z

∏
pw1
EmbC

· · · pwn
EmbC

(16)

where I = Intersect(EmbC1 , · · · ,EmbCn)
and Z is a normalization constant and
w1, · · · , wn are the weights with their sum
equal to 1.

• Negation Operator is modeled by taking the
reciprocal of the shape parameters α along
with an eslasticity pamater ϵ, such that

C = [Γ(
1

α1
, β1) + ϵ, . . . ,Γ(

1

αn
, βn) + ϵ]

(17)
where C = Complement(EmbC).

• Union Operator is modeled by a Gamma
mixture models, it is calculated as a weighted
sum of Gamma distributions, such that

U =

n∑

i=1

θiΓ(αi, βi) (18)

where U = Union(EmbC1 , · · · ,EmbCn)

and θi = exp(Γ(αi,βi))∑n
j=1 exp(Γ(αj ,βj))

is the learned
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Table 6: BioHybridQA Query Examples

Query Type Hybrid Query Example

1p [expression_present(urinary bladder), "Which gene or protein shows expression in both the endometrium
and the myometrium?"]

2p [target(ppi(PRKCG)), "Which drug targets the GABRA1 gene or protein?"]

3p [target(associated_with(ppi(BCL2L14)), "Which biological process interacts with RPEL1 and is part of
the parent–child relationship within the glyoxylate cycle?"]

2i [interacts_with−(actin filament polymerization)∧expression_present−(tibial nerve), "Which gene or
protein has a protein–protein interaction (PPI) with HTR3A?"]

3i [expression_present(corpus callosum)∧interacts_with(endoplasmic reticulum membrane)∧ expres-
sion_present(esophagus), "Which gene or protein interacts with the apoptotic cleavage of cellular
proteins and is associated with CADDS?"]

1n [¬interact_with(protein binding), "Which gene or protein shows no expression in the quadriceps
femoris?"]

2in [¬expression_present(heart left ventricle)∧type(gene/protein), "Which gene or protein is expressed in
the lymph node?"]

3in [¬synergistic_interaction(demeclocycline)∧type(drug)∧synergistic_interaction(quinidine), "Which drug
has a synergistic interaction with magnesium glycinate?"]

2u [indication(systemic mastocytosis)∨synergistic_interaction(aldosterone), "Which drug is associated with
the side effect of pulmonary fibrosis?"]

3u [interacts_with(protein binding)∨expression_present(temporal lobe)∨type(gene/protein), "Which gene
or protein has a protein–protein interaction with PEX5 and also interacts with the endocytic recycling
process?"]

weight for each Gamma density in the Gamma
mixture model and also uses the self-attention
mechanism.

• Distance function Given an answer
entity embedding a with parame-
ters [(αa

1, β
a
1 ) , . . . , (α

a
n, β

a
n)], and a

query embedding q with parameters
[(αq

1, β
q
1) , . . . , (α

q
n, β

q
n)], we define the

distance between this entity a and the query q
as the sum of KL divergence between the two
Gamma embeddings along each dimension:

distGamma(a; q) =
n∑

i=1

KL (Γa,i; Γq,i)

(19)

D Query Types considered in Dataset
ProdHybridQA

Figure 6 illustrates the query types considered in
the dataset ProdHybridQA. Being different from
triple graph which support multi-hop queries, hy-
peredge graphs do not support 2p, 3p queries.

E Examples of Queries from Dataset
BioHybridQA

Table 6 presents the query examples from the
dataset BioHybridQA.

3u

22

1p 2i 3i 2in

1n 3in 2u

: target node : disjunction/union of hyperedges
: hyperedge : negation zone

Figure 6: Query structures of the symbolic queries con-
sidered in the ProdHybridQA dataset, where anchor
entities and relations are to be specified to instantiate
logical queries. Each structure is named using abbrevia-
tions: "p" for projection of a hyperedge, "i" for intersec-
tion, "u" for union, and "n" for negation. For instance,
"2i" indicates the conjunction of two atomic queries.

F Experiment Details

F.1 Hyperparameters and Computational
Resource

All of our experiments are implemented in Py-
torch (Paszke et al., 2019) framework and run
on four Nvidia A100 GPU cards. Most LLM-
based baselines are implemented with OpenAI API
(GPT3.5-turbo for the backbone of ToG and Hyb-
GRAG) and Ollama (Deepseek-R1-Distill-Qwen-
32B and Deepseek-R1-Distill-Llama-8B). For hy-
perparameters search, we performed a grid search
of learning rates in {5 × 10−5, 10−4, 5 × 10−4},
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Table 7: The Hits@1 performance of HybridQE and baseline models on ProdHybridQA and BioHybridQA bench-
mark datasets.

Dataset Model 1p 2i 3i 2u 3u 1n 2in 3in 2p 3p
BM25 3.33 5.66 6.66 6.33 8.17 3 1 0.67 - -
ANCE 2.94 3.52 2.59 4.29 2.62 1.42 0.32 0.23 - -
QA-GNN 0.38 2.45 2.27 3.02 2.94 2.01 0.17 0.19 - -
HybGRAG 2.73 4.69 7.95 5.24 5.38 0.39 0.94 0.48 - -
ToG 1.38 2.19 3.59 3.75 8.03 0.14 0.97 0.54 - -

ProdHybridQA PullNet 2.15 2.83 3.57 1.91 1.73 0.35 0.42 0.56 - -
QE+LM (modular method) 0.11 0.21 0.16 0.23 0.25 0 0 0 - -
HybridQE (BetaE) 6.57 7.44 10.06 8.24 8.36 2.1 1.16 2.15 - -
HybridQE (GammaE) 9.48 12.20 16.21 10.23 13.25 3.59 1.29 2.77 - -

BM25 1.66 3.33 5.00 1.66 2.33 1.66 1.66 1.00 3.00 0.33
ANCE 2.23 2.11 3.14 1.38 1.72 1.32 0.95 0.94 2.87 0.84
QA-GNN 1.07 1.94 2.39 1.02 1.94 1.1 0.78 0.78 2.05 0.95
HybGRAG 2.31 2.92 2.58 1.79 2.94 0.29 0.18 0.17 0.98 1.57
ToG 0.68 0.11 0.14 0.38 1.01 0.12 0.13 0.09 0.13 0.00

BioHybridQA PullNet 1.52 2.15 2.63 1.26 1.53 0.22 0.35 0.32 1.11 0.62
QE+LM (modular method) 0.23 0.28 0.21 0.18 0.31 0.00 0.002 0.013 0.12 0.14
HybridQE (BetaE) 2.68 2.35 7.67 1.93 3.73 1.01 2.18 2.52 1.45 1.22
HybridQE (GammaE) 3.63 5.01 7.94 1.71 2.71 0.92 1.75 2.51 1.01 1.07

the batch size in {256, 512, 1024}, the negative
sample sizes in {128, 64}, and the margin γ in
{30, 40, 50, 60, 80}. The best hyperparameters are
shown in Table 8. The code of HybridQE and
the created benchmark datasets can be accessed at
https://github.com/RoyaHe/HybridQE---.

Table 8: Hyperparameters found by grid search. d is
the embedding dimension, b is the batch size, n is the
negative sampling size, γ is the margin in loss, l is the
learning rate, ω is the regularization parameter in the
distance function.

Dataset Model d b n γ l

ProdHybridQA
HybridQE (BetaE) 800 512 128 50 1e-4
HybridQE (GammaE) 800 512 128 60 1e-4

BioHybridQA
HybridQE (BetaE) 800 512 128 50 1e-4
HybridQE (GammaE) 800 512 128 60 1e-4

F.2 Introduction and Implementation of
Baselines

We introduce the technical details on the implemen-
tation of the baseline methods.

BM25, ANCE and QA-GNN We adapt the base-
line methods on the hybrid query answering task
by transforming the hybrid queries into natural lan-
guage questions under the textualization templates
in Appendix G.2 and treating the entity descriptions
as the search corpus. The implementations of the
baseline methods are following the open-sourced
code: BM25 (https://github.com/nhirakawa/
BM25/tree/master), ANCE (https://github.
com/microsoft/ANCE), and QAGNN(https://
github.com/michiyasunaga/qagnn).

ToG on HybridQA We adapt ToG on the hybrid
query reasoning task through the following steps,
respecting its original design:

1. Question Transformation: transforming the
hybrid queries into natural language ques-
tions under the textualization templates in Ap-
pendix G.2

2. Initialization: extract topic entities from the
input query, the topic entities are symbolic
query entities in our implementation

3. Iterative Exploration (Beam Search): we
iteratively perform relation exploration and
entity exploration. For relation exploration,
we retrieve candidate relations linked to the
current entities from the KG and use the LLM
to prune irrelevant relations, keeping the top-
N most relevant ones. For entity exploration,
we retrieve candidate entities linked by the
selected relations and prune entities via the
LLM, retaining the most promising ones. Fi-
nally, we extend reasoning paths with the
selected relations and entities.

4. Reasoning and Termination Check: Af-
ter each exploration step, the LLM evaluates
whether the current paths contain enough in-
formation to answer the question.

5. Answer Generation: the LLM synthesizes
the final answer using the explored paths or
falls back to its internal knowledge if paths
are insufficient.
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HybGRAG on HybridQA HybGRAG is an
agentic hybrid retrieval framework designed for
hybrid question answering over semi-structured
knowledge bases that contain both textual docu-
ments and relational graph structures. To adapt
HybGRAG to our hybrid query answering setting,
we reimplement its core components following the
original design.

1. Query routing and entity–relation extrac-
tion: Given a translated natural language
query, an LLM-based router first identifies the
relational aspect of the query by extracting
candidate topic entities and relevant relation
types from a predefined schema. Based on
the extracted information, the router decides
whether to invoke a text retrieval module or a
hybrid (graph-based) retrieval module.

2. Retriever bank: HybGRAG maintains a re-
triever bank consisting of two modules. The
text retrieval module performs dense vector
similarity search between the translated ques-
tion and textual documents (entity descrip-
tions). The hybrid retrieval module first ex-
tracts an ego-graph around the identified en-
tities using the selected relations, and then
ranks the associated documents using text sim-
ilarity, enabling joint use of relational con-
straints and textual relevance.

3. Critic module with self-reflection: To ad-
dress errors in initial routing and extraction,
HybGRAG employs a critic module com-
posed of a validator and a commenter. The
validator checks whether the retrieved docu-
ments satisfy the query requirements, while
the commenter provides structured corrective
feedback when retrieval fails. This feedback
is used to refine entity and relation extraction
in subsequent iterations.

4. Iterative refinement: The router, retriever
bank, and critic operate in an iterative loop.
The process terminates when the validator ac-
cepts the retrieved results or when a maximum
number of refinement steps is reached.

In our experiments, we follow this procedure to
adapt HybGRAG as a baseline for hybrid query
answering, while keeping its retrieval-centric and
agentic design unchanged.

QE+LM on HybridQA QE+LM answers hybrid
queries by independently processing symbolic and
textual constraints and combining their outputs. To
ensure a fair comparison with HybridQE, we use
the same text encoder for the textual module. The
pipeline consists of three stages:

1. Symbolic Query Processing (QE Module):
we retrained BetaE on the training graph to
embed the symbolic query into latent space
and retrieve entities from the KG whose em-
beddings minimize distance to the query em-
bedding, yielding answer set Asym.

2. Textual Query Processing (LM Module):
We compute embeddings for the textual query
component and all entity descriptions using
the same sentence-transformer encoder as Hy-
bridQE. Then, entities are ranked based on
semantic similarity (e.g., cosine distance) be-
tween query and entity embeddings. Top-10
entities with highest similarity scores, yield-
ing answer set Atext.

3. Answer Fusion: we derive the final answer
set as the conjunction of Asym and Atext,
which ensures answers satisfying both struc-
tural (KG) and semantic (textual) constraints.

The key distinction between QE+LM and
HybridQE is therefore architectural: QE+LM pro-
cesses the two modalities in isolation and com-
bines outputs post-hoc, while HybridQE enables
bidirectional information flow between symbolic
and textual components during encoding. Any per-
formance difference thus reflects the value of joint
reasoning rather than encoder quality.

PullNet on HybridQA PullNet is an iterative
retrieval framework that constructs a question-
specific subgraph by alternately pulling facts from a
KB and text from a corpus, then reasoning over the
resulting heterogeneous graph with a graph CNN
to extract answers. We adapt PullNet to HybridQA
as follows.

1. Query input. Hybrid queries are converted to
natural language questions using the textual-
ization templates in Appendix 10.

2. Graph mapping. Entity nodes correspond to
graph entities V , fact nodes to training edges
Etrain, and text nodes to the textual descrip-
tions τ(v) attached to each entity, replacing
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PullNet’s external corpus with node-attached
text descriptions.

3. Initialisation. The initial subgraph is seeded
with the symbolic anchor entities extracted
directly from ϕ, bypassing entity linking.

4. Relation scoring. The pull operation scores
candidate relations using a weighted combi-
nation of symbolic relevance (whether the re-
lation appears in ϕ) and textual similarity to
the query’s text component t, controlled by a
hyperparameter λ.

5. Answer ranking. Since HybridQA requires a
ranked list of entities, we score all entities by
their graph CNN classifier score if reached by
iterative retrieval, and by text similarity to the
query’s textual component otherwise. Logical
constraints in ϕ are applied as post-hoc filters
over the ranked list. This modular design con-
trasts with HybridQE’s joint encoding, and
serves to isolate the contribution of integrated
hybrid reasoning.

G Translation of Hybrid Queries

G.1 Transform Hybrid Queries into Symbolic
Form

In this section, we describe the text-to-logic com-
pilation step that parses the free-form text into an
approximate symbolic constraint, then conjunct it
with the original symbolic part in the query. Given
the hybrid query Q = {t} ⊓ ϕ, a LLM-based parser
PLLM, and a schema linking function L, the trans-
formation process consists of three steps:

1. Parsing: We prompt a language model with
task-specific instructions to translate natu-
ral language queries into conjunctive queries
composed of abstract predicates and vari-
ables, which are later grounded to the database
schema via similarity-based linking:

ϕ̂t = PLLM(t)

where ϕ̂t represents the symbolic format of
the textual query. The prompt instructions for
query parsing are provided below.

2. Grounding: Since the predicates and en-
tities in ϕ̂t may not directly correspond to
schema elements in the target text-labeled
graph database, we perform a grounding step

that aligns abstract symbols with concrete
nodes and relations. For each entity and
relation symbol in ϕ̂t, we compute its tex-
tual similarity to candidate nodes and rela-
tion names in the database, and select the
best-matching schema elements. This pro-
duces a grounded conjunctive query ϕt whose
predicates and arguments are defined over the
database schema:

ϕt = L(G, ϕ̂t)

3. Composition: The grounded conjunctive
query ϕt is then conjoined with the original
symbolic constraints ϕ to form the final com-
piled symbolic query, which serves as input
to downstream hybrid reasoning and retrieval:

Qsymbolic = ϕt ⊓ ϕ

Prompt for Text-to-Conjunctive Query Parsing

Instruction. You are an expert in semantic parsing and
knowledge graph querying. Given a natural language
query, translate it into a conjunctive query (CQ) that
captures the logical constraints expressed in the text. Use
only conjunction (∧), disjunction (∨), and negation (¬)
when necessary. Introduce variables for entities whose
identity is unknown. Do not ground predicates or entities
to a specific database schema; use descriptive predicate
and entity names inferred from the text.
Output format. Represent the query as a set of atoms of
the form predicate(subject, object). Use variables
prefixed with ?. Output only the conjunctive query.

G.2 Transform Hybrid Queries into Textual
Form

We transform the symbolic component in hy-
brid queries into natural language questions us-
ing domain-specific templates that maintain the
original logical operations while producing flu-
ent questions. Table 11 lists the query struc-
tures of queries presented in our datasets. Table
10 presents the query-to-question templates for
datasets ProdHybridQA and BioHybridQA. The
templates systematically handle conjunctions, dis-
junctions, and negations while preserving the origi-
nal query structure.

H Backbone Sensitivity of LLM-based
Methods

A natural question is whether stronger LLM back-
bones improve performance on HybridQA. To in-
vestigate this, we evaluate ToG with three back-
bone models of varying capability: GPT-3.5-turbo,
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Table 9: The Hits@3 performance of HybridQE and baseline models on ProdHybridQA and BioHybridQA bench-
mark datasets.

Dataset Model 1p 2i 3i 2u 3u 1n 2in 3in 2p 3p
BM25 8.33 14.66 11.33 13.66 10.33 5.33 4.66 3.00 - -
ANCE 5.29 10.85 5.33 8.22 5.05 3.94 3.92 3.14 - -
QA-GNN 1.42 6.27 4.29 7.54 4.25 1.38 0.92 1.32 - -
HybGRAG 5.94 6.49 12.85 9.59 7.43 0.71 1.13 2.73 - -
ToG 2.35 4.24 8.48 7.39 9.32 0.34 2.15 1.23 - -

ProdHybridQA PullNet 5.83 7.15 8.32 5.41 4.95 1.22 1.64 2.17 - -
QE+LM (modular method) 0.42 0.44 0.51 0.67 0.54 0.00 0.00 0.002 - -
HybridQE (BetaE) 7.04 11.35 20.01 10.59 8.12 1.45 3.01 5.83 - -
HybridQE (GammaE) 11.76 17.79 25.57 15.44 13.18 1.54 3.59 6.53 - -

BM25 13.01 12.00 12.33 8.33 7.33 5.66 4.33 4.23 7.33 8.33
ANCE 6.49 10.56 10.53 6.84 7.49 5.59 3.03 3.69 2.35 0.95
QA-GNN 5.54 7.59 8.34 6.83 1.59 1.36 2.37 2.81 2.48 0.92
HybGRAG 4.85 2.93 2.28 2.43 2.35 1.86 0.39 0.45 2.35 2.23
ToG 2.48 2.92 2.27 1.47 2.04 1.19 1.34 0.15 0.21 0.01

BioHybridQA PullNet 4.64 5.83 6.75 3.93 3.26 0.85 1.52 1.32 3.63 2.31
QE+LM (modular method) 1.87 1.38 1.94 1.38 1.28 0.002 0.01 0.02 0.39 0.92
HybridQE (BetaE) 10.82 13.02 15.95 7.47 6.43 2.37 3.39 3.69 3.43 6.24
HybridQE (GammaE) 16.67 16.61 20.72 9.81 7.42 2.71 4.83 4.28 5.65 8.72

Table 10: Query-to-Question Templates

Query Type Template

ProdHybridQA Queries

Base “Please find out the products with the following attributes:”
1p/1n + “[relation] is/is not [entity]”
2i/2in + “[relation1] is [entity1], and [relation2] is/is not [entity2]”
3i/3in + “[relation1] is [entity1], [relation2] is [entity2], and [relation3] is/is not [entity3]”
2u + “[relation1] is [entity1], or [relation2] is [entity2]”
3u + “[relation1] is [entity1], or [relation2] is [entity2], or [relation3] is [entity3]”

BioHybridQA Queries

Base “Please find out items that”
1p +“they [relation] [entity]”
1n +“they do not [relation] [entity]”
2p +“they [relation1] something that [relation2] [entity]”
3p +“they [relation1] something that [relation2] something that [relation3] [entity]”
2i +“they [relation1] [entity1] and [relation2] [entity2]”
3i +“they [relation1] [entity1], [relation2] [entity2] and [relation3] [entity3]”
2in +“they [relation1] [entity1] but do not [relation2] [entity2]”
3in +“they [relation1] [entity1] and [relation2] [entity2] but do not [relation3] [entity3]”
2u +“they [relation1] [entity1] or [relation2] [entity2]”
3u +“they [relation1] [entity1] or [relation2] [entity2] or [relation3] [entity3]”

DeepSeek-R1-Distill-Qwen-32B, and DeepSeek-
R1-Distill-Llama-8B. The results are reported in
Figure 7. The results indicate that LLM-based
methods exhibit high sensitivity to backbone
choice. The performance varies substantially
across backbone models, with no consistent win-
ner across query types or datasets. This instability
contrasts sharply with HybridQE, which maintains
consistent improvements across all query types re-
gardless of its symbolic backbone (BetaE or Gam-
maE), as shown in RQ3.

I More Experimental Results

In this section, we provide more experimental re-
sults of HybridQE and baseline approaches in dif-
ferent evaluation metrics, Hits@1 and Hits@3, in

Table 7 and Table 9 respectively.

J Scalability and Runtime Analysis

In this section, we provide analysis on the scalabil-
ity and runtime of HybridQE. HybridQE precom-
putes token-level entity representations offline, so
inference does not require repeatedly running the
text encoder over entity descriptions. At query time,
the query-conditioned attention is implemented as
batched matrix operations between query vectors
and cached token embeddings of candidate enti-
ties. The full-ranking complexity is linear to the
number of entities (i.e., O(|V |Ld)), where |V |
is the number of entities, L is average descrip-
tion length, and d is embedding dimension. In
Table 12, we have added runtime measurements re-
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Figure: Backbone Sensitivity Analysis of LLM-based Methods vs. HybridQE
Stronger LLM backbones do not improve hybrid QA performance; HybridQE achieves consistently higher and more stable results.

Figure 7: Backbone sensitivity analysis of ToG with three LLM backbones compared to HybridQE (GammaE).

Table 11: Query structure templates of query types in
HybridQA datasets, where ei corresponds to entity i and
ri corresponds to relation i.

Query Type Query Structure

1p (e1, (r1))
1n (e1, (r1, n))
2p (e1, (r1, r2))
3p (e1, (r1, r2, r3))
2i ((e1, (r1)), (e2, (r2)))
3i ((e1, (r1)), (e2, (r2)), (e3, (r3)))
2in ((e1, (r1)), (e2, (r2, n)))
3in ((e1, (r1)), (e2, (r2)), (e3, (r3, n)))
2u ((e1, (r1)), (e2, (r2)), u)
3u ((e1, (r1)), (e2, (r2)), (e3, (r3)), u)

porting training time per step, full-ranking latency
per query, peak GPU memory, and token-cache
storage on both datasets with both backbone mod-
els. These results show that the additional cost of
query-conditioned attention is manageable at the
scale of our benchmarks: full ranking over more
than 120K entities can be performed within tens of
milliseconds per query after token representations
are cached. For larger deployment-scale graphs,
HybridQE can also be used in a two-stage setting,
where a lightweight retriever first retrieves a top-
K candidate set and HybridQE reranks only those
candidates. This preserves the model’s main bene-
fit while reducing inference cost for larger graphs.

K Error Analysis

To better understand where HybridQE succeeds
and fails, we conduct a stratified error analysis
over BioHybridQA using HybridQE (GammaE).
We randomly sample 30 queries from each of the
10 query types and inspect the top-10 false posi-
tive predictions per query. Each false positive is

manually labeled with its primary error source. We
identify six error categories, summarized in Table
13. Table reports the percentage of top-10 false
positives falling into each category. The analysis
result leads to the following observations:

Firstly, negation failure (Type IV) accounts for
56.9%–78.8% of errors in negation-bearing queries,
consistent with known limitations of neural com-
plement operators in the query embedding litera-
ture. Notably, the Type IV rate decreases from
78.8% (1n) to 56.9% (3in), suggesting that the ad-
ditional positive conjuncts in 2in and 3in queries
provide meaningful corrective filtering through the
intersection operator. To further diagnose this,
we additionally sample 100 queries per negation
type and categorize their top-10 false positives into
finer-grained subtypes: hidden negation violations,
where the violating edge is missing from the train-
ing graph (43.2% of negation false positives), and
observed complement failures, where the violating
edge is present yet the complement operator still
fails (24.5%). The dominance of hidden negation
violations indicates that negation is especially chal-
lenging under symbolic incompleteness, since the
model cannot reliably negate a relation it has never
observed for a given entity.

Secondly, partial symbolic match grows with
query complexity. Type III errors rise from 57.8%
(2i) to 69.8% (3i), with false positives typically
satisfying all but one symbolic conjunct. This re-
flects the inherent difficulty of enforcing strict con-
junction in continuous embedding spaces, where
near-miss entities may receive scores close to true
answers. Thirdly, union over-expansion scales with
disjunct count. Type V errors increase from 58.8%
(2u) to 69.4% (3u), revealing that mixture-based
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Dataset Backbone Train time / step Full-ranking latency / query Peak GPU memory Token-cache storage

ProdHybridQA BetaE 460 ms 44 ms 13 GB 7.5GB
ProdHybridQA GammaE 570 ms 37 ms 16 GB 7.5GB
BioHybridQA BetaE 500 ms 80 ms 17 GB 9.3GB
BioHybridQA GammaE 760 ms 63 ms 21 GB 9.3GB

Table 12: Runtime and scalability analysis of HybridQE on both benchmarks. Training time and full-ranking latency
are measured per step and per query respectively. Token-cache storage refers to the precomputed token-level entity
representations stored offline.

Error Type Applicable Queries Diagnostic Target

Type I: Symbolic-satisfied, text-mismatched All Text encoder / QCS mechanism
Type II: Text-satisfied, symbolic-violated All Symbolic query encoder
Type III: Partial symbolic match All (esp. 2i, 3i, 2in, 3in) Intersection operator tolerance
Type IV: Negation failure 1n, 2in, 3in Neural complement operator
Type V: Union over-expansion 2u, 3u Union operator over-generalization
Type VI: Path-composition failure 2p, 3p Multi-hop error compounding

Table 13: Error Type Definitions and Diagnostic Targets

Query Type MRR Type I Type II Type III Type IV Type V Type VI

1p 9.37 36.7 41.3 22.1 - - -
2i 11.49 22.5 19.6 57.8 - - -
3i 16.31 16.3 14.0 69.8 - - -
2u 6.15 12.1 10.4 18.7 - 58.8 -
3u 4.11 8.2 6.8 15.6 - 69.4 -
1n 1.58 4.7 3.7 12.8 78.8 - -
2in 2.79 5.8 4.5 21.5 68.3 - -
3in 4.58 7.6 6.3 29.2 56.9 - -
2p 3.55 10.6 8.9 16.8 - - 63.7
3p 3.84 7.9 6.5 13.1 - - 72.5

Table 14: Error distribution (%) across query types on BioHybridQA. For each query type, we report MRR alongside
the proportion of top-10 false positives attributed to each error category.

union modeling becomes less precise as the number
of disjuncts grows. Fourthly, the multi-hop errors
compound across projection steps. Type VI errors
rise from 63.7% (2p) to 72.5% (3p), consistent with
well-known error accumulation in multi-hop rea-
soning. Lastly, textual errors outweigh symbolic er-
rors in most query types. Type I (text mismatch) ex-
ceeds Type II (symbolic violation) in 9 of 10 query
types, suggesting that richer utilization of textual
signals remains a promising and under-exploited
avenue for improvement.

This analysis identifies four concrete challenges
that our benchmarks help diagnose and quantify,
and that future work can target: (1) sharper comple-
ment operators for negation under incompleteness,
potentially through text-based negation verification
where a cross-encoder checks entity descriptions
for evidence of the negated relation; (2) tighter
conjunction boundaries for complex intersections;
(3) geometrically constrained union representations
that maintain precision as the number of disjuncts

increases; and (4) intermediate-hop supervision or
path-level objectives for multi-hop reasoning.

L Qualitative Case Study

To complement the quantitative results in Section 5,
we present a qualitative analysis of a representative
case of HybridQE. The goal is to more vividly
illuminate how HybridQE reasons at intermediate
steps.

Query. The 3i hybrid query

Q = ϕ ⊓ {t}
where the symbolic and textual components are
defined as:

ϕ = ∃category.{Baby_Bottle} ⊓
∃material_type.{BPA free} ⊓ color.{Pink}

t = “Could you help locate a bottle

categorized as a baby product

with a capacity measured in milliliters?”
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Rank comparison. Table 15 presents an inter-
nal decomposition of HybridQE’s scoring on the
hybrid query Q = ϕ ⊓ {t}. For each candidate
entity we report three ranks derived from a single
HybridQE forward pass: the rank induced by the
symbolic component score Dist(Embϕ, Embe)
alone, the rank induced by the textual compo-
nent score Dist(Emb{t}, Embe) alone, and the
final rank produced by the full hybrid encoder
Dist(EmbQ, Embe) after the INTERSECT oper-
ator combines both components. Note that this
decomposition is distinct from the query-level ab-
lation in RQ2 (Table 3), which runs HybridQE on
differently-formulated queries; here we inspect the
intermediate scores produced by the two compo-
nent encoders within a single hybrid query forward
pass.

Analysis. Table 15 provides direct empirical ev-
idence for HybridQE’s two complementary in-
ference pathways (Section 4), The key find-
ing concerns the correct hard-answer entity
B078TGQHQQ, whose symbolic edges all belong
to Emissing. Despite this, Embϕ assigns it a strong
rank 2, reflecting the structure-driven pathway: la-
tent relational patterns in Gtrain provide partial
structural evidence even for entities with missing
edges. The textual pathway further reinforces this
recovery: B078TGQHQQ’s description explicitly
contains “BPA Free” and “Pink”, the exact values
of the two missing material_type and color edges
in ϕ, allowing Emb{t} to recover the missing sym-
bolic information directly from text.

Additionally, the remaining entities illus-
trate why neither component alone suffices.
B07RR2BRHD ranks higher than others under the
textual component, but its weak symbolic rank 5
leads the hybrid encoder to correctly demote it to
rank 2. B00DBFXG1Q achieves a strong symbolic
rank 3 yet receives rank 8 from text encoder for
lacking any capacity signal, and is correspondingly
demoted to rank 3 by the hybrid encoder. Across all
entities, the hybrid encoder consistently promotes
those with mutually reinforcing evidence from both
modalities and penalizes those strong on one axis
but weak on the other, confirming that joint encod-
ing enables cross-modal verification that neither
modality alone can achieve.

M Few-shot Performance Analysis

Unlike backbone symbolic query embedding meth-
ods, which rely entirely on structural patterns ob-

served during training, HybridQE can leverage
textual descriptions of entities to reason about
those with limited or no structural evidence. Al-
though our benchmark datasets follow a transduc-
tive setup, we examine HybridQE in few-shot sce-
narios to gain insights into its potential robust-
ness on entities with sparse training evidence, a
key prerequisite for inductive hybrid query answer-
ing. Figure 8 illustrates the distribution of entity
mention frequencies within the training dataset.

More than 10,000 entities appear only a hand-
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Figure 8: Distribution of entity mention frequencies
within the training dataset. The x-axis denotes the fre-
quency of entity mentions, while the y-axis corresponds
to the number of entities associated with each frequency
value on log scale.

ful of times, highlighting the long-tail nature of
entity occurrences in real-world graphs. To un-
derstand how this frequency distribution affects
model performance, we partition test queries into
four groups based on the training-set frequency
of the entities they reference. Table 16 presents
the MRR performance of HybridQE across these
frequency-stratified groups. The results reveal
a non-monotonic relationship between entity fre-
quency and performance. Rather than a simple in-
verse correlation, performance peaks for moderate-
frequency entities (frequency 2–50, 22.40 average
MRR) and declines at both extremes. This pattern
reflects a tradeoff between evidence availability
and entity specificity. Frequency-1 entities have
minimal structural evidence, yet HybridQE still
achieves 17.36 average MRR by exploiting textual
descriptions through query-conditioned matching,
demonstrating the value of text-driven inference
when graph-based patterns are sparse. Moderate-
frequency entities strike the best balance, providing
enough structural and textual evidence for learn-
ing reliable hybrid representations while remaining
sufficiently specific to be distinguishable. Very
high-frequency entities (≥ 2000) yield the weakest

62



Table 15: Internal rank decomposition of HybridQE on the 3i success-case hybrid query Q. For each entity we
report the rank induced by the symbolic component Embϕ, the textual component Emb{t}, and the final hybrid
encoder EmbQ, all derived from the same single forward pass on Q = ϕ ⊓ {t}. ↓ lower rank is better.

Entity Embϕ ↓ Emb{t} ↓ EmbQ ↓ Description

B078TGQHQQ† 2 4 1 Putti Atti Silicone Baby Bottle with Handle, BPA Free, Pink

B07RR2BRHD 5 3 2 Tescoma Papu Papi Soft Bottle with Spoon, 200 ml, Pink

B00DBFXG1Q 3 8 3
BellyBottle Pregnancy Water Bottle Intake Tracker with Weekly
Milestone Stickers, Pregnancy Gifts for First Time Moms, Must-
Have Essentials, Pink

B07YN985ZV 4 10 4
Baby Magic Bottles (2 Pack) Milk / Orange Juice — Empties
When Tilted, with 2 GosuToys Stickers

B00IM3QW7C 12 6 5
Tommee Tippee Closer to Nature Baby Bottle Decorated Pink,
Breast-Like Nipple for Natural Latch, Slow Flow, BPA-Free -
0+ Months, 2 Count

B01MRKFA85 7 12 6
Baby Bottle Adapter Turns Water Bottles into Baby Bottles,
Formula or Bottled Water for Babies On-The-Go by Refresh-
A-Baby, Camo Green

† Correct hard-answer entity (∈ Ahard).

Table 16: The MRR performance of HybridQE on test queries grounded with varying frequency in the training
graph.

Frequency 1p 2i 3i 2u 3u 1n 2in 3in AVG

1 34.65 28.41 36.3 10.67 14.77 1.12 4.89 8.07 17.36
2-50 35.55 45.42 36.89 18.58 19.3 0.99 8.58 13.87 22.40

50-2000 12.19 19.12 17.61 12.58 9.14 0.55 0.51 8.57 10.03
≥ 2000 3.67 13.79 2.26 9.49 12.59 1.71 1.97 6.25 6.47

results (6.47 average MRR) because they tend to
be highly connected hub nodes with generic de-
scriptions, making them easily confusable under
hard-answer evaluation, and because the model
may overfit to their frequent patterns at the expense
of discriminative features. These findings motivate
two future directions: frequency-aware training
strategies to mitigate hub-entity degradation, and
fully inductive hybrid query answering where test-
time entities are entirely unseen during training.
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