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Abstract

Information retrieval (IR) systems play a critical role in nav-
igating information overload across various applications. Ex-
isting IR benchmarks primarily focus on simple queries that
are semantically analogous to single- and multi-hop rela-
tions, overlooking complex logical queries involving first-
order logic operations such as conjunction (∧), disjunction
(∨), and negation (¬). Thus, these benchmarks can not be
used to sufficiently evaluate the performance of IR mod-
els on complex queries in real-world scenarios. To address
this problem, we propose a novel method leveraging large
language models (LLMs) to construct a new IR dataset
ComLQ for Complex Logical Queries, which comprises
2,909 queries and 11,251 candidate passages. A key chal-
lenge in constructing the dataset lies in capturing the under-
lying logical structures within unstructured text. Therefore,
by designing the subgraph-guided prompt with the subgraph
indicator, an LLM (such as GPT-4o) is guided to generate
queries with specific logical structures based on selected pas-
sages. All query-passage pairs in ComLQ are ensured struc-
ture conformity and evidence distribution through expert an-
notation. To better evaluate whether retrievers can handle
queries with negation, we further propose a new evaluation
metric, Log-Scaled Negation Consistency (LSNC@K). As
a supplement to standard relevance-based metrics (such as
nDCG and mAP), LSNC@K measures whether top-K re-
trieved passages violate negation conditions in queries. Our
experimental results under zero-shot settings demonstrate ex-
isting retrieval models’ limited performance on complex log-
ical queries, especially on queries with negation, exposing
their inferior capabilities of modeling exclusion. In summary,
our ComLQ offers a comprehensive and fine-grained explo-
ration, paving the way for future research on complex logical
queries in IR.

Code and Datasets — https:
//anonymous.4open.science/r/ComLQR-main-6B8D/

Introduction
Information retrieval (IR) systems, as a cornerstone in ad-
dressing information overload, have been widely adopted
in various AI applications, including recommendation sys-
tems (Dai et al. 2024), question answering (Karpukhin et al.
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Figure 1: Given a complex logical query of pin type, the
state-of-the-art retriever InteR tends to retrieve the passages
containing the keyword ‘American’, which, however, is not
relevant to the query.

2020). A typical IR system retrieves relevant documents
or passages from a designated corpus in response to user
queries (Zhao et al. 2024). Traditional IR benchmarks such
as MS-MARCO (Nguyen et al. 2016), TREC (Craswell et al.
2020a), and BEIR (Thakur et al. 2021a), predominantly fo-
cused on relatively simple queries that are semantically anal-
ogous to single- and multi-hop relations requiring limited
compositional inference, which fail to satisfy complex re-
trieval needs of users in real-world applications. According
to our analysis using GPT-4o to classify queries, over 93% of
queries in existing IR benchmarks are such simple queries.
Yet, real user queries are often more complex and involve
compositional logical reasoning, highlighting the limitations
of these IR benchmarks in capturing the diversity and com-
plexity of user queries.

Complex logical queries can be represented with first-
order logic (FOL) that involves logical operations such as
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conjunction (∧), disjunction (∨), negation (¬) and exis-
tential quantifier (∃) (Ren and Leskovec 2020; Ren, Hu,
and Leskovec 2020). For example, given a complex logical
query of pin type in Figure 1 “Which actor starred in a film
directed by Steven Spielberg but not an American?” where
p, i and n represent projection, intersection and negation, re-
spectively (Ren and Leskovec 2020; Ren, Hu, and Leskovec
2020), it can be formalized in FOL as:

V?. ∃V : StarredIn(V?, V ) ∧ Directed(Steven Spielberg, V )

∧ ¬American(V?).

Although complex logical queries received considerable at-
tention in the community of knowledge base question an-
swering (KBQA) (Fang et al. 2024a; Ji et al. 2024), they
remain underrepresented in existing IR benchmarks1. Com-
pared to simple queries, handling complex logical queries
requires the precise localization of information resources
and thus is conducive to achieving logical reasoning. These
queries involve intricate retrieval intents, which cannot be
handled through simple word co-occurrence and thus pose
significant challenges for current IR systems. Figure 1 shows
that, for the given query, the state-of-the-art retriever InteR
(Feng et al. 2024) relying on word co-occurrence favors the
irrelevant passage containing the keyword ‘American’ rather
than the relevant passage without the keyword, revealing
that they fail to understand query intents correctly (Xu et al.
2025).

To overcome the underrepresentation of Complex
Logical Queries in existing IR benchmarks, we introduce
a novel IR dataset, namely ComLQ in this paper, to provide
a comprehensive and fine-grained exploration for complex
logical queries, which includes 2,909 queries and 11,251
candidate passages. A key challenge in constructing the
dataset lies in capturing the underlying logical structures
within unstructured text. To address the problem and ensure
the quality of the dataset, we design a data synthesis process
applicable across diverse domains. Specifically, we first se-
lect passages from the existing corpus. To automatically ac-
quire queries with specific logical structures, we then design
a subgraph-guided prompt to request an LLM to generate
queries based on selected passages, where a key component
subgraph indicator guides the LLM to learn subgraph pat-
terns associated with different query types. Finally, experi-
enced annotators review each generated query-passage pair
concerning the following two criteria. i) Structure confor-
mity ensures that queries not strictly conforming to the in-
tended query structure are filtered out. ii) Evidence distri-
bution ensures that for queries generated from multiple pas-
sages, supporting evidence is indeed distributed across those
passages. Furthermore, to better evaluate whether retriev-
ers can handle queries with negation in ComLQ, we pro-
pose a new evaluation metric Log-Scaled Negation Con-
sistency (LSNC@K), which measures the extent to which
the retrieved top-K passages violate negation conditions in

1Unlike KBQA’s operations on structured triples with explicit
entities and relations, IR systems execute set operations such as
intersection, union, projection, and negation directly over unstruc-
tured text. Please refer to Section 2.1 for more details.

queries.
We conduct experiments on a wide range of retrieval mod-

els on our ComLQ under zero-shot settings, of which the
significant findings include: I) None of the experimented re-
trievers can consistently outperform other methods across
all query types, highlighting the need for approaches tai-
lored to different logical structures. II) All retrievers exhibit
consistent performance degradation as query complexity in-
creases, revealing their limitations in capturing and reason-
ing over intricate logical structures. III) The order of logi-
cal operations in query structures notably affects retrievers’
performance, since their performance on projection-then-
intersection queries (e.g., pi, pin and pni) is worse than that
on intersection-then-projection queries (e.g, ip and inp). IV)
All experimented retrievers exhibit low LSNC@100 scores
on queries with negation, revealing a critical gap in IR mod-
els’ ability to model exclusion.

The main contributions of this paper include:
1. We introduce a new IR dataset ComLQ for bench-

marking complex logical queries in IR. To the best of our
knowledge, ComLQ is the first IR dataset offering a com-
prehensive and fine-grained exploration for complex logical
queries.

2. We propose an effective method to automatically
acquire queries with specific logical structures based on
LLMs’ generation, where a subgraph-guided prompt involv-
ing the subgraph indicator is specially designed to guide
LLMs to learn subgraph patterns associated with different
query types.

3. To evaluate whether retrievers handle queries with
negation, we propose a novel metric, LSNC@K, to supple-
ment existing relevance-based metrics (nDCG and mAP).

4. We conducted extensive experiments on a wide range
of retrieval models, and found that existing retrievers exhibit
significant limitations on complex logical queries, with con-
sistently low scores on the proposed metric LSNC@100, re-
vealing their inability to model exclusion. Our findings in
this paper pave the way for future research on complex log-
ical queries in IR.

Related Work
Complex Logical Queries
In recent years, reasoning over single-hop and multi-hop re-
lational data (Yang et al. 2018; Lin et al. 2023) has made
remarkable advances. In addition, subsequent research has
explored more complex logical structures that involve un-
observed edges, multiple entities, and variable interactions
(Bai et al. 2023). In this paper, we focus on conjunctive log-
ical queries (Hamilton et al. 2018), a subclass of first-order
logic queries characterized by existential quantifier ∃ and
conjunction ∧. Conjunctive logical queries require a set of
anchor entities, V , a unique target entity V? representing the
answer to the query, and a set of existential quantified vari-
ables V1, · · · , Vm, and are defined as the conjunction of lit-
erals e1, · · · , en:

q = V?, ∃V1, · · · , Vm : e1 ∧ e2 ∧ · · · ∧ en, (1)
where ei is an edge involving variable nodes and anchor
nodes, satisfying ei = r(vj , Vk), Vk ∈ {V?, V1, · · · , Vm},
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Model type 1p 2p 3p 2i 3i pi ip 2u up 2in 3in inp pin pni total

Query number 176 227 189 207 267 168 240 258 193 278 271 173 140 122 2,909

Table 1: The statistics of all query types in ComLQ.

vj ∈ V , r ∈ R, or ei = r(Vj , Vk), Vj , Vk ∈
{V?, V1, · · · , Vm}, j ̸= k, r ∈ R. R is the set of relations
defined in the knowledge base (KB).

Although prior work on complex logical queries has pre-
dominantly focused on knowledge base question answer-
ing (KBQA) (Fang et al. 2024b; Zhang et al. 2024), these
approaches typically operate over structured triples with a
predefined entity-relation schema, where reasoning is per-
formed along explicit relation paths. In contrast, our retrieval
setting shifts the focus from path-based reasoning on struc-
tured triplets to executing set-theoretic operations (such as
projection, intersection, union and negation) directly over
unstructured text. This requires retrievers to identify and
combine relevant spans from natural language passages that
jointly satisfy the query’s logical intent. As a result, our task
demands not only semantic understanding but also the re-
covery of implicit logical structures in open-domain text.

Information Retrieval Benchmarks
Traditionally, the evaluation of information retrieval (IR)
systems has relied on standardized benchmarks and well-
established evaluation metrics. Numerous datasets evaluated
IR systems from Wikipedia (Lee, Chang, and Toutanova
2019), web queries (Bajaj et al. 2018) and biomedical ques-
tions (Voorhees and Tice 2000). Recently, several bench-
marks combine multiple datasets and evaluate retrieval or
embedding models across different domains and use cases,
such as BEIR (Thakur et al. 2021b), and MTEB (Muen-
nighoff et al. 2023). Besides, increasing efforts have focused
on vertical domains, such as climate science (Schimanski
et al. 2024), the legal domain (Su et al. 2024) and academic
scholarship (Ajith et al. 2024). These domains are typically
characterized by dense specialized terminology and a strong
reliance on domain-specific knowledge, placing greater de-
mands on the professional adaptability of IR systems.

Despite these advancements, current IR benchmarks still
fall short in providing a comprehensive and fine-grained
evaluation for complex logical queries involving projection,
intersection, union and negation, as well as various combi-
nations of these operations. NegConstraint (Xu et al. 2025)
only focuses on negative-constraint queries, which are sim-
ilar to the queries with negation in our work. Multi-hop
benchmarks, such as HotpotQA (Yang et al. 2018), ne-
glect other essential logical operations, including intersec-
tion, union and negation, which are explicitly represented
in our ComLQ. Therefore, they represent only a subpart
(or subset) of ComLQ’s broader scope. The TREC Com-
plex Answer Retrieval (CAR) track (Dietz et al. 2017) fo-
cuses on generating and restructuring long textual answers,
whereas our ComLQ emphasizes the structural formulation
of queries themselves. Wang et al. (2023) introduce complex
scientific questions which, however, are long-form questions

A pin query is a 
type of complex 
logical query 
over...

Query

Expert Verification
Final Results

Passage 
Selection

Subgraph-Guided Prompt Design
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Query: [...]
Triples 
Representation:[...]
Example Answer: [...]
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∧
¬

…

∧

…

Figure 2: The data synthesis process of ComLQ.

containing multiple simple sentences, and excluding com-
plex logical structures.

Dataset Construction
Dataset Overview
In this paper, we adopt the standard definition of complex
logical queries from (Ren and Leskovec 2020; Ren, Hu,
and Leskovec 2020), consisting of 9 query types without
negation (denoted as 1p/2p/3p/2i/3i/pi/ip/2u/up) and 5 query
types with negation (denoted as 2in/3in/inp/pin/pni), where
p, i, u and n represent projection, intersection, union and
negation in query structure, respectively. All data in our
ComLQ are organized in a standard format (corpus, queries,
qrels2) akin to the BEIR benchmark (Thakur et al. 2021b).
The average length of a query in ComLQ is 19.95 words, and
the average length of a passage is 112.74 words. Table 1 lists
the query number of each type, where queries with negation
account for 33.8%, ensuring balanced distributions to evalu-
ate retrieval performance on modeling exclusion. Query ex-
amples and structures are introduced in Appendix A. We re-
quest the annotators to score each query-passage pair using
a 3-point grading scale (0-2):
• Level-0. The passage is irrelevant (fully mismatched) to

the query.
• Level-1. The passage is partially relevant to the query

and partly satisfies the query’s information needs. That is,
if supporting evidence for the query is distributed across
two or three passages, each passage is labeled as Level-1.

• Level-2. The passage content is customized to satisfy the
information needs of the query and precisely contains the

2Qrels (query relevance judgments) are ground-truth annota-
tions indicating which passages are relevant to specific queries.
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Definition of a pin Query
A pin query is a type of complex logical query over a 
knowledge graph…
Formal Definition
Given a knowledge graph with entities E and relations R, 
a pin query retrieves target entities ?z that satisfy:

{?z | (?x, R1, ?y) ∧ (?y, R2, ?z)} ∩ {?z | ¬(?w, R3, ?z)}

[...]

Core Idea: [...]
Examples
Query: Which actors starred in a film directed by 
Christopher Nolan but have never won an Oscar?
Answer: [...]
Triplets: [...]
Supporting Evidence: [...]
------------
Based on the given passage, provide an answer to a pin 
query, ensuring that the passage contains the answer.
Passage: [[PASSAGE]]
Query: [...]
Answer: [...]
Triplets: [...]
Supporting Evidence: [...]

Definition

Subgraph indicator

Demonstration

Figure 3: Prompt compositions for generating pni query
sample.

answer to the query. If supporting evidence for the query
is entirely contained within a single passage, that passage
is labeled as Level-2.

Data Synthesis
Figure 2 shows the data synthesis process of ComLQ, which
is applicable across diverse domains. We first select pas-
sages from the existing corpus, for which we use the stan-
dard Wikipedia dump as the knowledge source in this paper.
Then, we design a subgraph-guided prompt to request LLMs
to generate queries conforming to specific query structures
based on the selected passages. Although queries are gen-
erated by LLMs, the process is structure-constrained and
passage-grounded, ensuring that each query is anchored in
real content and follows well-defined logical structures. Fi-
nally, in the expert verification, three experienced annotators
carefully examine each query-passage pair by two criteria:
structure conformity and evidence distribution.

Passage Selection According to (Xu et al. 2025), we use
the Wikipedia dump as the knowledge source in this paper,
from which 20 million passages are obtained by segmenting
5 million titled articles. We select one or multiple passages
from the same article each time to generate corresponding
queries. When selecting multiple passages for query gener-
ation, we ensure that all passages are topically relevant to
the query. That is, queries require reasoning across passages
sharing the same title, which aims at evaluating the retriev-
ers’ ability to aggregate relevant information from multiple
passages.

Subgraph-Guided Prompt Design To automatically ac-
quire queries with specific logical structures, we design
a subgraph-guided prompt that enables LLMs to generate

Positive
Query

Query: Which actor starred in a film directed by Steven
Spielberg but not an American?

✓

Triplets:
Projection:

(StevenSpielberg, directed, ?y)
(?y, starred by, ?z)

Negation:
¬(?z, nationality, America)

Intersection:
(StevenSpielberg, directed, ?y) ∧ (?y, starred by,
?z) ∧ ¬(?z, nationality, America)

Negative
Query

Query: Which microprocessors were considered for the
original IBM PC but were not used in its final design?

×

Triples:
Projection:

(IBM, considered processors, ?y)
Negation:
¬(IBM PC, used processor, ?y)

Intersection:
(IBM, considered processors, ?y) ∧
¬(IBM PC, used processor, ?y)

Table 2: Illustrations of structure conformity.

queries based on selected passages. Specifically, LLMs often
struggle to internalize and reproduce complex reasoning pat-
terns (such as projection, intersection, and negation) by rely-
ing solely on natural language descriptions. To address this,
we incorporate symbolic subgraph patterns into the prompt,
allowing the LLM to align natural language queries with
corresponding logical structures. As shown in Figure 3, a
full prompt consists of three components: query definition,
subgraph indicator, and demonstration, where the subgraph
indicator guides the LLM to learn subgraph patterns asso-
ciated with different query types, enabling consistent query
generation. This design combines symbolic logic for struc-
tural control with LLMs’ strengths in natural language gen-
eration, enabling LLMs to generate queries with complex
logical structures. For example, given a pni query “Which
actors starred in a film directed by Christopher Nolan but
have never won an Oscar?”, the corresponding subgraph in-
dicator is formulated as:

{?z | (?x,R1, ?y) ∧ (?y,R2, ?z)} ∩ {?z | ¬(?w,R3, ?z)},
where ?x and ?y denote the starting constant entities
Christopher and Oscar, respectively. In addition, ?w is an
intermediate variable representing film entities, and ?z refers
to the target variable entities (actors). R1, R2, and R3 de-
note the respective relations between entities. The prompt
defines a projection chain and a negation constraint, which
are combined via a set intersection to identify the set of ac-
tors. All prompt examples are provided in Appendix J.

Expert Verification To ensure the quality of generated
queries, we apply expert verification to all query-passage
pairs. Although LLMs can generate fluent outputs, they of-
ten exhibit structural hallucinations, i.e., produce queries de-
viating from the intended structure, or rely on evidence not
properly distributed across the supporting passages. To ad-
dress this problem, we also provide auxiliary query triplets
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Models 1p 2p 3p 2i 3i pi ip 2u up 2in 3in inp pin pni total

HyDE 65.8 56.7 52.1 58.4 57.1 44.7 48.3 49.7 45.2 36.5 31.8 38.3 31.7 34.0 45.6
BGE 66.3 56.6 53.9 60.1 58.2 45.7 48.5 49.5 43.4 37.9 31.3 38.9 33.3 34.8 47.4
PromptReps 64.6 63.4 58.0 61.4 57.4 47.7 47.8 53.5 46.7 35.7 30.2 37.6 35.7 29.6 48.6
BM25 66.1 60.2 57.4 63.5 60.3 46.2 51.6 52.7 39.5 39.3 32.2 36.6 32.4 31.7 50.5
LameR 69.6 58.8 56.9 65.9 58.0 50.6 52.1 55.7 45.7 37.0 33.0 38.1 35.8 33.5 52.8
Contriever 70.2 65.3 61.7 60.7 61.2 52.0 54.8 57.4 48.8 36.9 33.2 38.3 32.1 35.5 53.4
AGR 74.3 61.2 60.3 62.3 62.7 48.4 53.0 59.1 52.4 35.5 34.5 42.3 35.5 33.8 54.3
InteR 71.8 64.4 58.7 63.6 62.6 52.3 55.8 58.5 50.3 39.3 34.7 40.3 34.6 37.5 55.7

Table 3: All retrieval models’ nDCG@10 (%) scores on ComLQ queries across all query types.

and supporting evidence to assist three experienced annota-
tors in reviewing each generated query-passage pair, con-
cerning structure conformity and evidence distribution as
follows.
• Structure Conformity As shown in Table 2, we pro-

vide auxiliary query triplets to assist filtering low-quality
samples. Three annotators manually review all queries
and their corresponding triple forms to validate strict ad-
herence to the target query structure. For example, the
positive query “Which actor starred in a film directed by
Steven Spielberg but not an American?” conforms to pin
structure, while the negative query “Which microproces-
sors were considered for the original IBM PC but were
not used in its final design?” is not a strict pin query. Fur-
thermore, we use majority voting to achieve a consensus
for ambiguous queries. This two-step process helps mini-
mize false positives (well-formed queries are incorrectly
rejected) and false negatives (ill-formed queries are in-
correctly accepted).

• Evidence Distribution In addition, we assess the evi-
dence distribution of generated samples. In other words,
for queries generated from multiple passages, the annota-
tors verify whether necessary supporting evidence is in-
deed distributed across those passages. If the evidence
is not properly distributed, we discard the correspond-
ing query-passage pair. This annotation stage follows the
same protocol as structure conformity, including major-
ity voting and a random sample check.

Furthermore, to assess the model’s ability to disregard ir-
relevant information, we augment the corpus with distractor
passages whose titles are entirely disjoint from those of the
sampled passages, ensuring they are completely unrelated to
the generated queries.

Experiments
Retrieval Models
We first consider several zero-shot retrieval models not
involving query-document relevance labels in our exper-
iments, including sparse retriever BM25 (Robertson and
Zaragoza 2009), dense retriever BGE (Xiao et al. 2024),
and Contriever (Izacard et al. 2021). Besides, we consider
some LLM-based retrieval models, including HyDE (Gao
et al. 2023), InteR (Feng et al. 2024), LameR (Shen et al.
2024), AGR (Chen et al. 2024), and PromptReps (Zhuang
et al. 2024).

Implementation Details
To ensure a fair and consistent comparison, we repro-
duce results on HyDE, LameR, AGR, and InteR, us-
ing bge-small-en-v1.5 as the embedding model and
GPT-4o with a temperature of 0.5 as the underlying LLM.
For PromptReps, we adopt LLaMA3-70B-Instruct to
generate hybrid representations. All experiments are con-
ducted on three NVIDIA A800 80GB GPUs.

Evaluation Metrics
In our experiment results, we report the nDCG@10 scores
of all retrieval models on ComLQ queries, given nDCG’s ro-
bustness in capturing the effectiveness of IR models across
tasks with binary and graded relevance judgments. Espe-
cially, to evaluate the ability of retrievers to handle queries
with negation in ComLQ, we propose a novel evaluation
metric, Log-Scaled Negation Consistency (LSNC@K),
which measures whether the Top-K retrieved passages vi-
olate negation conditions specified in queries. Unlike stan-
dard relevance-based metrics (e.g., nDCG and mAP) mea-
suring overall relevance, LSNC targets negation consistency
evaluation, which is a credible metric for evaluating IR per-
formance on queries with negation. Formally, let Dk denote
the set of top-K retrieved passages, its LSNC@K score is
computed as

LSNC@K = −
log

(( ∑
d∈Dk

V (d) + 1
)
/(K + 1)

)
log(K + 1)

, (2)

where V (d) ∈ {0, 1} is an indicator function, and equals 1 if
the retrieved passage d violates negation conditions, other-
wise 0. A higher LSNC@K score indicates there are fewer
violations in the top-K passages.

Experiment Results
Overall Results Table 3 presents the nDCG@10 scores of
all retrieval models across 14 query types, along with the
overall performance in total column, where the best scores
are highlighted in bold and second-best scores are under-
lined. The results show that none of the retrieval models can
consistently achieve the best performance across all query
types, highlighting the importance of developing special-
ized retrieval approaches tailored to the unique reasoning
demands of various logical structures. In addition, there are
some significant findings from the results as follows.
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Negative Passage Relevant Passage PI Query IP Query

Figure 4: A visualized illustration of query and passage em-
beddings from ComLQ.

1. All retrievers’ performance degrades as query com-
plexity increases. The trend of performance degradation is
observed in the results across 1p, 2p, and 3p queries, demon-
strating the inherent difficulty of multi-hop queries. A simi-
lar trend is also observed in the results of other query types
(2i vs. 3i and 2in vs. 3in). Besides, the retrievers perform
better on 2u queries compared to up queries, as the latter in-
troduces an additional projection operation that complicates
reasoning. The performance gaps reveal the limited capabili-
ties of the retrievers in capturing and reasoning over increas-
ingly intricate logical structures.
2. All retrievers perform poorly on queries with nega-
tion. Their performance on queries with negation (2in, 3in,
inp, pin, and pni) is consistently lower than that on queries
without negation. This reveals that current retrieval models
struggle to handle the reasoning scenarios requiring the ex-
clusion of specific entities or relations. The performance gap
aligns with prior research (Xu et al. 2025), suggesting that
relying on word co-occurrence makes retrievers particularly
ill-suited for queries with negation.
3. Sparse retrievers remain competitive with dense re-
trievers. BM25 consistently outperforms both BGE and
HyDE across all query types. These results violate the com-
mon assumption that dense retrievers universally outper-
form sparse ones, but conform to the observations from the
BEIR benchmark (Thakur et al. 2021a) where traditional
sparse methods maintain robust performance across diverse
datasets.

Impact of Logical Operation Order From the experi-
ment results, we also observe that the retrievers exhibit in-
ferior retrieval performance on projection-then-intersection
queries than intersection-then-projection queries (pi vs. ip,
pin and pni vs. inp). To illustrate it, we compare a pi query
example (“Find people who acted in a movie directed by
Christopher Nolan and who also won an Oscar”) with an ip
query example (“Which universities have produced individ-
uals who are both Nobel Prize winners and Fields Medal-
ists?”) from ComLQ. The embeddings of the two queries
and their corresponding passages are visualized using t-SNE
in Figure 4. Although two queries have the same relevant
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Figure 5: All retrievers’ performance with varying numbers
of supporting passages on queries of 3p, 3i, 3in and pin, re-
spectively.

Models 2in 3in inp pin pni

HyDE 27.8 26.0 23.1 24.4 24.9
BGE 30.2 31.8 26.6 27.2 25.7
PromptReps 31.3 33.4 27.4 26.8 29.7
BM25 32.2 29.0 30.5 29.3 27.4
LameR 35.6 34.7 29.9 27.2 26.4
Contriever 34.4 37.4 28.1 30.4 31.2
AGR 36.4 37.3 31.2 32.8 32.2
InteR 38.4 38.3 33.2 31.7 31.7

Table 4: LSNC@100 results (%) on ComLQ across queries
with negation.

passage, the results show that the embedding of ip query is
closer to that of the passage than the pi query. We argue that
projection-then-intersection queries generally involve more
complex semantic compositions, which tend to confuse re-
trievers and lead queries to less alignment with relevant pas-
sages.

Impact of Evidence Distribution To investigate the im-
pact of the number of supporting passages on retrievers’
performance, in Figure 5, we depict all retrievers’ perfor-
mance lines when varying evidence distribution levels (we
only display the results on the representative query types 3p,
3i, 3in and pin due to space limitation). Specifically, #1, #2
and #3 denote the cases where the correct answer must be
inferred from one, two or three supporting passages, respec-
tively. The results show that queries requiring evidence from
more passages are more challenging for retrievers.

Performance on Negation Queries To evaluate whether
retrievers can correctly handle queries with negation in
ComLQ, we evaluate retrieval models with our proposed
metric LSNC@K. As shown in Table 4, all retrievers ex-
hibit very low LSNC@100 scores on the five query types
with negation, i.e., 2in, 3in, inp, pin, and pni, and are weaker
on queries involving multiple operations (inp, pin and pni).
This suggests that increased logical complexity further im-
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Pin query: Which actor starred in a film directed by Steven Spielberg but not an American?
Models Rewriting queries

HyDE
Steven Spielberg, one of the most influential American directors... One notable non-American actor who starred in a Spielberg-
directed film is Daniel Day-Lewis... Although Lincoln is a deeply American story, Day-Lewis himself is not an American
citizen, making him a prominent example of a non-American actor starring in a Spielberg film.

InteR Which actor starred in a film directed by Steven Spielberg but not an American?...One notable non-American actor who starred
in a Spielberg-directed film is Ralph Fiennes...while not being an American, making him a correct answer to the question.

LameR
Which actor starred in a film directed by Steven Spielberg but not an American? Steven Spielberg has worked with many actors
from around the world, including several who are not American...in an American-directed film. His British nationality makes
him a correct answer to the question of which actor starred in a Spielberg film but is not American.

AGR Ben Kingsley, a British actor, starred in Steven Spielberg’s Schindler’s List (1993) as Itzhak Stern. Kingsley is not American,
making him a correct example of a non-American actor who starred in a Spielberg-directed film.

Table 5: Query examples rewritten by LLM-based query rewriting models HyDE, InteR, LameR and AGR, respectively.
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Figure 6: Structure conformity scores of human and LLM
assessment across 14 query types with and without the sub-
graph indicator, respectively.

pairs the models’ ability to handle negation conditions, high-
lighting the need for retrievers capable of modeling exclu-
sion. The alignment between low LSNC and nDCG scores
on queries with negation further reveals that retrievers tend
to prioritize passages containing negation conditions, thus
resulting in poor overall relevance.

Effect of Subgraph Indicator
To evaluate the effect of the subgraph indicator, we conduct
an ablation study by removing the corresponding compo-
nent in the prompt of data generation. Then, the structure
conformity of the generated queries is assessed by the hu-
man and LLM (GPT-4o), respectively. The assessment score
scale is from 1 to 4, where higher scores indicate better gen-
eration qualities. Figure 6 reports the average structure con-
formity scores of human and LLM assessments across 14
query types with and without the subgraph indicator, respec-
tively. Two assessments show that removing the subgraph in-
dicator leads to a drop in structure conformity scores across
all query types. Furthermore, the more complex query types
(in the right part of Figure 6) get lower scores, verifying the
challenges LLMs encounter when generating more complex
queries. These ablation study results highlight the signifi-
cance of the subgraph indicator in guiding LLMs to generate

structurally consistent queries.

Case Study
It has been proven that LLM-based query rewriting mod-
els such as HyDE, InteR, LameR, and AGR achieve strong
performance on some benchmarks, including BEIR (Thakur
et al. 2021a), TREC DL’19 (Craswell et al. 2020b) and
DL’20 (Craswell et al. 2020a). However, our empirical stud-
ies show that these models exhibit catastrophic failures on
queries with negation. To illustrate this finding, in Table 5
we display queries rewritten respectively by the four mod-
els for the pin query. It shows that all rewriting queries ex-
plicitly retain the negation condition ‘American’. Such in-
correctly rewriting queries cause these word co-occurrence-
based retrievers to favor the irrelevant documents containing
the term ‘American’, demonstrating their misunderstanding
of the original query intent (Xu et al. 2025).

Conclusion
In this paper, we introduce ComLQ, a novel dataset to
evaluate IR systems on complex logical queries, which
are overlooked by existing IR benchmarks. We propose an
LLM-based data synthesis method to construct ComLQ,
which consists of passage selection, data generation by the
subgraph-guided prompt with a subgraph indicator, expert
verification for structure conformity and evidence distribu-
tion. Our experiment results under zero-shot settings demon-
strate that existing retrieval models exhibit significant limi-
tations on complex logical queries. Our findings also empha-
size the need for retrieval models capable of reasoning over
complex structures. To further measure how well retriev-
ers handle negation conditions, we further propose a new
evaluation metric, LSNC, of which the scores reveal consis-
tently low negation consistency across all retrieval models
on queries with negation.
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