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Abstract

Information retrieval plays a crucial role in re-
source localization. Current dense retrievers
retrieve the relevant documents within a corpus
via embedding similarities, which compute sim-
ilarities between dense vectors mainly depend-
ing on word co-occurrence between queries
and documents, but overlook the real query in-
tents. Thus, they often retrieve numerous irrel-
evant documents. Particularly in the scenarios
of complex queries such as negative-constraint
queries, their retrieval performance could be
catastrophic. To address the issue, we pro-
pose a neuro-symbolic information retrieval
method, namely NS-IR, that leverages first-
order logic (FOL) to optimize the embeddings
of naive natural language by considering the
logical consistency between queries and doc-
uments. Specifically, we introduce two novel
techniques, logic alignment and connective con-
straint, to rerank candidate documents, thereby
enhancing retrieval relevance. Furthermore, we
construct a new dataset NegConstraint includ-
ing negative-constraint queries to evaluate our
NS-IR’s performance on such complex IR sce-
narios. Our extensive experiments demonstrate
that NS-IR not only achieves superior zero-shot
retrieval performance on web search and low-
resource retrieval tasks, but also performs better
on negative-constraint queries. Our scource
code and dataset are available at https://
github.com/xgl-git/NS-IR-main.

1 Introduction

Information retrieval (IR) tasks aim at obtaining
relevant information from large-scale data collec-
tion, such as documents and databases. Dense re-
trieval (Karpukhin et al., 2020a) is an advanced
information retrieval technique focusing on seman-
tic embedding similarities between texts. It has
been widely adopted in many applications such as

“Equal contribution.
 Co-corresponding authors.

Query: In what city was Yao Ming born?

Negtive document: Similarity score:0.72
Ming Yao is a retired Chinese professional basketball
player who is widely regarded as one of the greatest
basketball players from Chin...Ming Yao played as a center
and had a dominant presence on the court...Ming Yao
played for the Rockets for the entirety of his NBA career,
from 2002 to 2011. During his time in the NBA, Ming Yao
was an 8-time NBA All-Star and was inducted into the
Naismith Memorial Basketball Hall of Fame in 2016.

Positive document: Similarity score:0.67
Shanghai is a bustling metropolis located on China's
eastern coast, along the Yangtze River Delta... Shanghai
has produced many famous historical and modern
celebrities, such as Shi Hu, Ailing Zhang, Ming Yao.
Known for its impressive skyline dominated by modern
skyscrapers like the iconic Oriental Pearl Tower and the
Shanghai Tower, the city is a striking blend of the old and
the new.

Figure 1: An illustration of BGE-based retrieval. The
word marked in green is the co-occurrence word be-
tween the query and documents.

search engines (Li et al., 2022), question answering
(Zhao et al., 2021) and retrieval-augmented gener-
ation (RAG) systems (Huly et al., 2024), offering
significant improvements in IR.

The embeddings (representations) generated by
dense retrievers (such as BGE (Xiao et al., 2024))
focus on overall semantic similarity, which is ca-
pable of handling semantically similar words com-
pared to sparse retrieval (such as BM25 (Robertson
et al., 2009)) that uses keyword matching. How-
ever, dense retrieval still relies on superficial word
co-occurrence between queries and documents. As
illustrated in Figure 1, the negative document has
a bigger score than the positive document just be-
cause the query’s keyword “Ming Yao” occurs in
the former more frequently. Thus, the approach
fails to understand the real query intent, thereby
retrieving irrelevant documents (Wu et al., 2024;
Fang et al., 2024).

Notably, the retrieval approaches based on word
co-occurrence have to face some challenges on
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What are the RAG methods that do not invelve prompt engineering?

Medium - Vikesh Pandey
Y 270+ likes - 1 year ago i

Should you Prompt, RAG, Tune, or Train? A Guide to ...
RAG has higher complexity than|prompt engineering] because you need to have coding and
architecture skills to implement this solution. Depending

( E ) Fabrity

= https:/ffabrity.com » blog » rag-vs-fine-tuning-vs-prom.

RAG vs. fine-tuning vs.|prompt engineering—different ...
22 Jul 2024 — If neither prompt engineering nor RAG meets the requirements of a specific use case,
fine-tuning an LLM may be necessary.

Reddit - "Machineleamning
90+ comments - 9 montns ago

[D] Is RAG just glorified| prompt Engineering?

Def not, prompt engineering can be for example CoT or Multi shot techinques. RAG is search and
retrieval at the service of prompt engineering.

30 answers - Top answer: Itis. But it is a little more nuanced than that. | build RAG Al systems, and a |

Figure 2: A retrieval example of Google search engine.

complex queries, particularly involving negative-
constraint queries, due to the neglect of logical
consistency. As shown in Figure 2!, for a gen-
eral query “What are the RAG methods that do
not involve prompt engineering?”, the documents
returned by a keyword-based search engine of-
ten contain the excluded keyword “prompt engi-
neering”’, which are not logically consistent with
the query intent’>. Therefore, understanding real
query intents requires ensuring logical consistency
between queries and documents besides seman-
tic similarity. First-order logic (FOL), as a for-
mal logical system, offers clear logical semantics
and expresses complex relations in natural lan-
guage (Barwise, 1977). For instance, the FOL of
the aforementioned query is “RAGMethod(x) A
—InvolvesPromptEngineering(x)”, which clearly
expresses the negative semantics through the logi-
cal connective ‘—’.

In light of this, through investigating the poten-
tial impact of FOL on complex logical queries, we
propose a Neural-Symbolic Information Retrieval
method (NS-IR) to rerank the candidate documents
returned by dense retrievers based on FOL, for
more accurate retrieval results. Specifically, NS-IR
first retrieves a set of ordered candidate documents
using a dense retriever, then employs large lan-
guage models (such as GPT-40) to convert both
the query and documents into FOL. To incorpo-
rate logical consistency and optimize embeddings
of naive natural language (NL), we propose two

'In the example, the search engine’s retrieval is based on
BM25 algorithm, but dense retrieval produces similar results
in negative-constraint queries.

2Although some search techniques in search engines can
use ‘-’ to filter keywords (such as “What are the RAG methods
-prompt engineering”), they are not familiar to ordinary users.

independent techniques: 1) Logic alignment: To
incorporate overall logic semantics in FOL into
NL representations, we measure distribution dif-
ferences between NL and FOL embeddings using
optimal transport (Redko et al., 2019) and update
the embeddings of queries and documents respec-
tively. 2) Connective constraint: To reflect the role
of partial words in FOL on logical consistency, we
leverage different words in FOL (especially con-
nectives) to render different attentions to words
in NL, generating better embeddings with logical
semantics. We leverage these two techniques to
recalculate similarity scores and rerank candidate
documents.

To evaluate the performance of NS-IR in
negative-constraint query settings, we have con-
structed and released a dataset, namely NegCon-
straint, which contains three types of negative-
constraint queries and was sourced from the
Wikipedia dump (Karpukhin et al., 2020a). The
experiments show our NS-IR’s superiority over
some state-of-the-art (SOTA) baselines on Neg-
Constraint, and its potential for handling complex
logical queries.

The main contributions of this paper include:

1. To address typical complex logical queries
in IR, i.e., negative-constraint queries, we propose
NS-IR which combines the strengths of NL and
FOL to synthesize semantic similarity and logical
consistency.

2. We introduce two key techniques: logic align-
ment (Sec. 4.2) and connective constraint (Sec. 4.3),
to optimize naive NL embeddings by FOL, and
rerank candidate documents to improve retrieval
performance.

3. We further release a new dataset NegCon-
straint (Sec. 5), which can be utilized as a bench-
mark for negative-constraint queries. Our exten-
sive experimental results on public datasets and
NegConstraint show that our NS-IR significantly
outperforms the SOTA methods on vanilla and
negative-constraint queries in zero-shot settings,
respectively. Our work in this paper paves the way
for future research on complex queries in IR.

2 Related Work

2.1 Dense Retrieval

Dense retrieval has gained significant attention in
information retrieval due to its advantages over
traditional sparse vector space models. Sparse
models represent documents and queries as high-
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dimensional vectors with mostly zero values (Yang
et al., 2017; Chen et al., 2017). Dense retrieval
models encode queries and documents into dense
and low-dimensional vectors (Karpukhin et al.,
2020a; Cai et al., 2022), which capture semantic
similarity instead of match of terms, thus signif-
icantly outperforming sparse approaches. Rele-
vant studies mainly focus on improving training ap-
proach (Qu et al., 2020), distillation (Zhang et al.,
2023) and pre-training (Shen et al., 2022) for re-
trieval.

Many studies adopt a transfer learning frame-
work where dense retrieval models are trained
on high-resource passage retrieval datasets such
as MS-MARCO (Bajaj et al., 2018) and then
evaluated on queries from new tasks. However,
collecting such large-scale corpora is both time-
consuming and labor-intensive. Recent work has
introduced zero-shot dense retrieval settings, which
eliminates the need for relevance labels between
queries and documents (Gao et al., 2022). Our
work follows the zero-shot unsupervised setup for
all experiments.

2.2 Optimal Transport in NLP

Optimal transport (OT) has been employed in vari-
ous NLP tasks, where alignment exists implicitly
or explicitly. The typical applications of OT in-
clude evaluating the similarity between sentences
and documents (Wang et al., 2022; Mysore et al.,
2021; Lee et al., 2022) or aligning cross-domain
representations across different modalities (Zhou
etal., 2023; Qiu et al., 2023). The evaluation mech-
anism can be integrated as a penalty term into lan-
guage generation models (Chen et al., 2019; Zhang
et al., 2020; Li et al., 2020). Moreover, OT ef-
fectively handles imbalanced word alignment, in-
cluding both explicit alignment and null alignment
(Arase et al., 2023). Inspired by unsupervised word
alignment (Arase et al., 2023; Huang et al., 2024),
we utilize the alignment matrix to measure distri-
bution differences between natural language and
first-order logic, enabling natural language to bet-
ter focus on the logical semantics inherent in first-
order logic.

2.3 NL-FOL Translation

NL-FOL (Natural Language to First-Order Logic)
translation has long been a challenge in both natu-
ral language processing (NLP) and formal logic re-
search. Traditionally, NL-FOL translation has been
approached through rule-based methods (Abzian-

idze, 2017). However, due to the inherent complex-
ity of natural language, these methods struggle to
scale to real-world applications. As a result, tradi-
tional logic-based reasoning techniques have lost
popularity due to limited scalability and coverage.

The recent breakthroughs in LLMs have
reignited interest in logic, bringing it back to the
forefront of reasoning tasks. One promising strat-
egy to leverage the power of LLMs is to translate
NL statements, such as premises and conclusions in
textual entailment tasks, into first-order logic (FOL)
formulas via in-context learning. These symbolic
representations can be passed to Symbolic Math-
ematical Theory (SMT) solvers (Olausson et al.,
2023; Xu et al., 2024) or used to make veracity pre-
dictions and generate explanations (Wang and Shu,
2023). In the context, (Yang et al., 2024) presents a
NL-FOL dataset MALLSs of 28K diverse and veri-
fied sentence-level pairs collected from GPT4, and
a translator LOGICLLAMA, a LLaMA2-7B/13B
fine-tuned on MALLS for NL-FOL translation. In
this paper, we use LLMs as translators to imple-
ment NL-FOL translation.

3 Preliminaries

3.1 Task Formulation

In this paper, we focus on the task of zero-shot
document retrieval, of which the model captures the
similarity between queries and documents without
model training. Given a query g and the document
set D containing multiple documents, the goal of
retrievers is to retrieve document d that satisfies
the user’s real search intent. Dense retrieval uses
encoders to map ¢ and d into a pair of dense vectors,
whose inner product is leveraged as a similarity
function:

sim(q, d) = (Ey(q), Ea(d))- (1

In this paper, we use the BGE model as query
encoder E; and document encoder F;, and the
embeddings of CLS token (the first token of a se-
quence) denotes dense vectors E,(q) and E;(d).
Besides, we obtain word embeddings of NL and
FOL sequences via BGE, respectively. Let H =
[h1,... hy)(hi € RO1 < i < m)and Z =
z1,..,2za)(z; € R 1 < i < n) be the embed-
dings of NL-queries and FOL-queries, respectively.
We obtain the embeddings of NL-documents and
FOL-documents in the same way>. We provide

3In the paper, NL-query and FOL-query refer to queries in
natural language and first-order logic, respectively. Similarly,
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Figure 3: The pipeline of our proposed NS-IR. Dashed arrows represent the retrieval stage. In the figure, only one
document d in top-K documents is encoded, but actually, all top-K documents are encoded together.

some examples of FOL in Appendix A.

3.2 Optimal Transport

Optimal transport (OT) seeks to find the most effi-
cient way to transport one probability distribution
(the source) to another v (the target) while minimiz-
ing a predefined cost function (Redko et al., 2019).
Formally, let « and v be probability measures on
spaces X and U, respectively, and let function
c(-,-) represent the cost of transporting a unit of
mass from points. The following explanation as-
sumes that the source and target sentences H and
Z and their word embeddings are at hand. A cost
means a dissimilarity between k; and z; (NL and
FOL word embeddings) computed by a distance
metric ¢ : REx R — R, such as cosine distances.
The cost matrix C € R"*" summaries the costs
of any word pairs, that is, C; ; = c(h;,z;). The
OT problem identifies an alignment matrix P with
which the sum of alignment costs is minimized
under the cost matrix C:

LC(M,I/) = PEI[IJl(iEu) <C7 P>7 (2)
where U(p,v) = {P € R : PL,, =

a,P'1, =b}. P” # 0 if the i- th source word is
aligned to the j-th target word, such that the aligned
words have the smallest distance in the cost matrix
C. With this formulation, we can seek alignment
matrix P.

NL-documents and FOL-documents correspond to documents
in natural language and first-order logic, respectively.

4 Methodology

4.1 Overview

The pipeline of our NS-IR is shown in Figure 3.
To reduce the cost of NL-FOL translation, we first
use BGE retriever to initially retrieve the top-K
documents D = {dy,...,d;,...,dx} for a given
query of NL (denoted as NL-query). Then, in-
spired by previous work (Olausson et al., 2023; Xu
et al., 2024), we use the specific prompts detailed
in Appendix B to let an LLM (GPT-40) perform
NL-FOL translation, so as to obtain the query and
document of FOL (denoted as FOL-query and FOL-
document respectively). Next, we employ BGE* to
encode the NL-query, FOL-query, NL-document,
and FOL-document to obtain corresponding em-
beddings. Finally, we introduce two independent
techniques: logic alignment (Sec. 4.2) and connec-
tive constraint (Sec., 4.3) to recalculate the scores
between queries and documents and rerank candi-
date documents”.

4.2 Logic Alignment

To incorporate overall logic semantics in FOL
into NL representations, we propose logic align-
ment based on optimal transport (OT) which is
inspired by unsupervised word alignment (Arase

“Significantly, we use BGE twice for different purposes.
The first time is to retrieve Top-K documents, and the second
time is to encode NL and FOL.

5In this paper, if not specifically stated, queries and docu-
ments denote NL-queries and NL-documents, respectively.
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3000

Formulation | Query Example | #Query | #Pos. | #Neg. | #Ir.
A-a }ntrod}lce Allen Ginsberg’s works), but do not mention 136 136 136
@-

What themes are expressed in Allen Ginsberg’s works) other
(A-a)UB than ’ ’ @) and Edgar Allan Poe’s works)? 123 123 123

What themes do Allen Ginsberg’s worksa) other than’ (@)
(A-a)u(B-b) and Edgar Allan Poe’s works, other than ’ *(b) €X- 107 107 321

press?

Table 1: Examples of negative-constraint queries in our constructed dataset NegConstraint. #Query denotes the
number of each type of query, #Pos., #Neg., and #Irr. denote the number of positive documents, and irrelevant

documents, respectively.

et al., 2023; Huang et al., 2024). This approach
measures the distribution differences between NL
and FOL, and integrates word features of NL and
FOL with context representation via the alignment
matrix.

Specifically, for a given NL-query and FOL-
query, we first use BGE to obtain their correspond-
ing word embeddings H and Z°, respectively. Then,
we compute a pairwise similarity between H and Z
using cosine distance C; ;:

hlz:
Cij=1——"2_ 3)
" [illllz I
The OT can be formulated as:
P* = argmin ZCMP@-J, 4)
PEUHZ) "

where alignment matrix P; ; € R™*" indicates a
likelihood of aligning h; with z;. The optimiza-
tion in Eq. 4 can be solved by linear programming
(Bourgeois and Lassalle, 1971).

Finally, we integrate H, Z, P and hls e R4
(h°"* € R® denote the embeding of special token
CLS’.) to obtain updated embedding £ € R%:

A =H" P-Z-h%. (5)

This approach synthesizes word distributions of
FOL and NL, as well as context features, via align-
ment matrix P; ; as the intermediary.

We use the same method to obtain the embed-
ding Z!* € R? of a document d in the document
set D, and then calculate the similarity score be-
tween % and °'* as

score; = sim (ﬁids . dds) . (6)

H and Z denote corresponding word embeddings of NL-
documents and FOL-documents, respectively.

"In fact, the first token of queries is denoted as CLS, i.e.,
R = hy.

4.3 Connective Constraint

To precisely reflect the role of partial words in FOL
on logical consistency, we also propose connective
constraint that enables different words in FOL (es-
pecially connectives) to render different attentions
to words in NL, thus generating better embeddings
with logical semantics. Given a FOL-query se-
quence t = {t1, ..., t;, ..., tp }, as well as NL-query
word embeddings H and FOL-query word embed-
dings Z, we integrate the embeddings of logical
connectives into the attentions. That is, when cal-
culating attention weights (Eq. 8) of FOL to NL
and updated embeddings (Eq. 7), it takes the align-
ment between NL and FOL and the embeddings of
logical connectives into account:

m

Ai = aji(hi+0jz;) (M
i=1

e ;i + ojizg)"

Yji = S o YT T» ®)
Yo et k
1, tj#ﬁ,tjGG,PijZO
0, otherwise

where P denotes the alignment matrix and logical
connective set C = {—, =, <>, A, V, B }.

Our explanations for above equations are as fol-
lows. For the words that do not exhibit significant
alignment between FOL and NL (where P; ; = 0),
we incorporate logical connective embeddings to
further enhance logical semantics. Additionally,
for negative connective (t; = —), the subtraction
implies the negative-constraint semantics.

Finally, we perform mean pooling on /i; to ob-
tain a query’s embedding as
% € RY.

/% = mean-pooling(/i;), (10)
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Similarly, we obtain the embedding of a document
d from the document collection D, and then com-
pute the similarity score between 7% and « as

scoreg = sim(%4 - ).

(11

For document d, the final recommended score is

(12)

Score = Scorej -+ Scores.

Then, we rerank the top-K candidate documents
based on the recommendation scores.

5 NegConstraint

To evaluate our NS-IR’s performance specifically
to negative-constraint queries, we have constructed
a human-annotated dataset NegConstraint. Table 1
lists three formulations that represent three types of
negative-constraints query. Let the letters (A, a, B,
and b) denote entity sets where the lowercase let-
ters represent the subsets of the sets denoted by the
uppercase letters. Operator ‘-’ indicates a negative-
constraint condition, and ‘U’ denotes union oper-
ation. There are 136 queries corresponding to the
first formulation, 123 queries corresponding to the
second formulation, and 107 queries correspond-
ing to the third formulation in NegConstraint. Each
query is paired with one positive document and
one or three negative documents as distractors. For
example, for a query of formulation A - a, such as
“Introduce Allen Ginsberg’s works, but do not men-
tion ‘Howl’”’, there is a positive document that intro-
duces the content about Allen Ginsberg’s works but
does not mention ‘Howl’. Similarly, a negative doc-
ument introduces Allen Ginsberg’s and mentions
‘Howl’. The documents stem from the Wikipedia
dump (Karpukhin et al., 2020a), and the queries are
generated by GPT-40 based on corresponding neg-
ative and positive documents where the prompts
are presented in Appendix B. Besides, NegCon-
straint contains 3,000 irrelevant documents® that
are irrelevant to all queries. More details about
our data collection and snippets are provided in
Appendix C.

6 Experiments

6.1 Datasets and Metrics

For low-resource retrieval, we use six diverse
low-resource retrieval datasets from the BEIR

8Negative documents are essentially irrelevant documents,
but easier to mislead retriever models.

benchmark (Thakur et al., 2021), including Sci-
Fact (fact-checking), ArguAna (argument retrieval),
TREC-COVID (bio-medical IR), FiQA (financial
QA), DBPedia (entity retrieval), and NFCorpus
(medical IR). For this task, we report all com-
pared methods’ scores of the representative metric
nDCG@10. For web search, we adopt widely-
used web search dataset TREC Deep Learning
2019 (DL’ 19) (Craswell et al., 2020) and Deep
Learning 2020 (DL’20) (Craswell et al., 2021)
based on MS-MARCO (Bajaj et al., 2018). For
these two datasets and our NegConstraint, we re-
port the methods’ scores of MAP (Mean Average
Precision) and nDCG@10.

6.2 Baselines

We first compare our NS-IR with some fully-
supervised retrieval methods that are fine-tuned
with extensive query-document relevance data (de-
noted as w/ relevance judgment), including DPR
(Karpukhin et al., 2020b), ANCE (Xiong et al.,
2020), and the fine-tuned Contriever (denoted as
Contriever!” (Izacard et al., 2021)). We also con-
sider several zero-shot retrieval models not involv-
ing query-document relevance labels (denoted as
w/o relevance judgment), including sparse re-
triever BM25 (Robertson et al., 2009), dense re-
triever BGE (Xiao et al., 2024), and Contriever
(Izacard et al., 2021). For this type of baselines, we
further consider the LLM-based retrieval models
which rewrite queries with LLMs, including HyDE
(Gao et al., 2023) and InteR (Feng et al., 2024).

6.3 Implementation Details

We employ "bge-large-en-v1.5" as embedding mod-
els. To make a fair comparison, we also reproduce
results on HyDE and InteR where "bge-large-en-
v1.5" is used as retriever models. We run all ex-
periments on one Nvidia A800 80GB GPU. For
NL-FOL translation, we use OpenAl API with a
temperature of 0.5.

6.4 Main Results

In the following presentation, the techniques of
logic alignment and connective constraint we pro-
posed for NS-IR are abbreviated as LA and CC,
respectively. In our comparison experiments, we
adopt two variants of NS-IR which use Logi-
cLLaMA (Yang et al., 2024) and GPT-40 to gener-
ate FOL, respectively.

Table 2 shows that, our NS-IR (GPT-40) out-
performs all baselines significantly on the tasks
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Methods SciFact ArguAna TREC-COVID FiQA DBPedia NFCorpus DL'19 DL’20

w/ relevance judgment nDCG@10 MAP nDCG@10 | MAP nDCG@10
DPR 31.8 17.5 332 29.5 26.3 18.9 36.5 62.2 41.8 65.3
ANCE 50.7 41.5 65.4 30.0 28.1 23.7 37.1 64.5 40.8 64.6
Contriever™™ 67.7 44.6 59.6 329 41.3 32.8 41.7 62.1 43.6 63.2
w/o relevance judgment nDCG@10 MAP nDCG@10 | MAP nDCG@10
BM25Q0 67.1 432 55.5 25.1 26.1 314 31.2 55.4 30.6 50.1
ContrieverQ 55.0 44.5 12.5 12.4 29.2 26.0 22.8 375 24.3 42.5
HyDEQ 71.9 49.6 78.4 31.3 38.7 37.3 48.7 67.3 49.8 66.8
InterRO 72.1 50.9 79.2 335 42.1 39.5 50.4 69.7 47.8 67.5
BGEQO* 71.3 48.4 75.3 30.6 38.9 354 46.9 64.4 45.7 63.4
BGE w/ LAO* 72.6 53.2 78.3 337 42.8 38.1 48.9 67.5 475 68.9
BGE w/ CCO* 73.3 523 77.6 35.6 432 377 49.1 66.8 48.5 66.6
NS-IR (LogicLLaMA) 73.7 51.1 78.8 355 42.6 38.8 49.8 67.9 48.9 68.1
NS-IR (GPT-40) 75.8 55.1 81.8 384 46.1 40.7 514 68.4 50.8 70.5

Table 2: Performance of compared methods on the benchmarks of low-resource retrieval and web search. ©
indicates the reported results were reproduced by us using the baselines’ sourcecodes. We employ BGE as the
embedding model in HyDE and InteR for fair comparison. * denotes the ablated variants of NS-IR which can be

regarded as BGE w/ LA&CC.

| A-a | (A-a)UB | (A-a)u®B-b) | Total
Methods

‘ MAP nDCG@10 ‘ MAP nDCG@10 ‘ MAP nDCG@10 ‘ MAP nDCG@10
BM25Q 32.1 34.6 31.2 34.7 29.3 315 314 33.7
ContrieverQ 34.8 36.6 32.1 333 30.9 327 31.8 35.7
HyDEQ 50.7 55.3 48.6 51.5 45.7 50.6 47.8 53.1
InterRQ 52.6 55.8 50.3 48.7 51.5 493 523 54.5
BGEQ” 37.9 40.5 34.8 36.8 337 34.8 36.3 40.8
BGE w/ LAO* 42.1 45.6 41.2 44.6 39.9 425 40.8 47.6
BGE w/ CCQO~ 48.9 50.7 46.6 48.5 43.9 48.2 47.8 46.9
NS-IR (LogicLLaMA) | 53.2 54.6 51.6 50.2 49.6 54.1 50.7 55.2
NS-IR (GPT-40) 54.7 57.9 53.3 54.2 51.7 53.7 53.3 56.5

Table 3:

of low-resource retrieval and web search, includ-
ing the SOTA model without relevance judgment
InteR. Specifically, NS-IR (GPT-40) obtains an
average performance improvement of over 10% rel-
ative to the vanilla BGE. The inferiority of NS-IR
(LogicLLaMA) compared to NS-IR (GPT-40) is
attributed to LogicLLaMA’s weakness on NL-FOL
translation.

For negative-constraint queries, we compare NS-
IR and its ablated variants with the baselines with-
out relevance judgment. Table 3 reports the com-
pared methods’ performance on three types of
negative-constraint queries and whole queries in
NegConstraint. The results reveal our method’s su-
periority over the baselines on negative-constraint
queries, which is achieved through synthesizing
semantic similarity and logical consistency for han-
dling complex logical queries. Although HyDE
and InterR can partially eliminate the impact of
negative constraints via hypothetical documents
generated by LLMs, our proposed LA and CC are

Performance comparisons of different methods on NegConstraint.

more effective.

The results in Tables 2 and 3 related to NS-
IR’s ablated variants (marked by *) also justify
the effectiveness of employing either LA or CC.
In particular, adopting CC improves NS-IR’s per-
formance more obviously than adopting LA on
NegConstraint, suggesting that CC is more effec-
tive than LA in the scenarios of negative-constraint
queries.

6.5 Effects of Different Dense Retrievers

To verify the effectiveness of different dense re-
trievers, we report the web search performance of
HyDE, InteR, and NS-IR (GPT-40) with different
dense retrievers (bge-small, bge-base, and Con-
triver)” in Table 4. The results indicate that more
powerful retriever models can facilitate accurate
IR. NS-IR is consistently superior to HyDE and
InteR with all retrievers. These results also indicate

We replace dense retrievers in the process of retrieval and
encoding as introduced in Sec. 4.1.
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Figure 4: An example of query embedding visualization from TREC-COVID (better viewed in color): What are the
observed mutations in the SARS-CoV-2 genome and how often do the mutations occur?
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(a) Vanilla BGE

(b) BGE w/ logic alignment

(c) BGE w/ connective constraint

Figure 5: An example of query embedding visualization from NegConstraint (better viewed in color): What are the
similarities between Ginsberg’s works (excluding ’Howl’) and Poe’s works (excluding "The Raven’)?

| DL'19 | DL20
Methods
| MAP  nDCG@10 | MAP  nDCG@10
bge-small 40.5 60.1 40.4 61.2
+ HyDE 42.7 61.4 41.8 62.7
+ InteR 43.6 63.4 42.8 63.2
+NS-IR | 43.8 65.4 44.4 64.9
bge-base 41.9 62.5 40.9 63.1
+HyDE | 424 64.4 42.6 64.5
+ InteR 459 65.3 45.5 66.7
+NS-IR | 46.6 66.4 47.9 68.8
Contriever 35.7 57.7 37.8 56.9
+HyDE | 37.5 59.3 39.9 58.9
+ InteR 38.6 58.9 39.8 61.7
+ NS-IR | 40.6 61.4 41.4 62.8

Table 4: Web search performance of adopting different
dense retriever models in HyDE, InteR and our NS-IR.

that the effectiveness of LA and CC on NS-IR’s
performance gains are model-agnostic.

6.6 Visualization on the Effects of Logic
Alignment and Connective Constraint

We randomly pick two queries from TREC-COVID
and our NegConstraint to visualize the effects of

LA and CC. In Figures 4 and 5, we plot the embed-
dings generated by vanilla BGE, BGE w/ LA and
BGE w/ CC in the embedding space using t-SNE,
respectively. In Figure 4 of TREC-COVID, we can
see that the query embeddings generated by BGE
w/ LA and BGE w/ CC are closer to that of positive
documents than the query embeddings generated
by vanilla BGE. In Figure 5 of NegConstraint, the
query embeddings generated by BGE w/ LA and
BGE w/ CC are closer to that of positive documents
and farther away from that of negative documents,
compared to the query embeddings generated by
vanilla BGE. These results demonstrate that LA
anc CC are more effective on identifying positive
documents.

6.7 Visualization on the Attention of
Connective Constraint

As introduced in Sec. 4.2, CC enables the words
in FOL (especially connectives) to assign differ-
ent attentions to different words in NL. To verify
the hypothesis, we examine the attention scores
of logical negation — in FOL to the words in NL.
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Query: What are the Similanties between [HIEIENE Works

(excluding ‘How!’) and [EBEHE WEEKS (excluding ‘The Raven')?

Positive Document: [BIlBBBM took part in decades of
non-violent political protest against everything from the NiGHiem
I8 to the War on Drugs. His F88 ""September on Jessore
Road"™, calling attention to the plight of Bangladeshi refugees,
exemplifies what the literary critic Helen Vendler described as
[BIBBEEEN tircless persistence..., though he died before it could
be produced. by gambling, and the cost of secondary education
for [BB8. He attended the University of Virginia but left after a year
due to lack of money. [BBB quarreled with Allan over the funds for
his education and enlisted in the Army in 1827 under an assumed
name...Allan reached a temporary rapprochement. However, -
later failed as an officer cadet at West Point, declaring...

Figure 6: Attention scores of logical connective — in
FOL to the words in NL. A deeper color indicates a
bigger score (better viewed in color).

As shown in Figure 6, the deeper colors indicate
the larger attention scores. We suppose that this
operation emphasizes important entity tokens (such
as ‘Ginsberg’ and ‘Poe’) and ignores entity tokens
in negative-constraint conditions (such as ‘Howl’
and ‘Raven’). That is, logical connective — im-
plies negative-constraint semantics. It reveals that
our method tends to retrieve the documents with-
out negative-constraint conditions mentioned in
queries.

7 Effect of Parameter K

—=¥- SciFact
—&— ArguAna -

70

40

5 10 50 100 300 500
Top K

Figure 7: The performance of NS-IR on different Top K
of SciFact and ArguAna.

We perform an additional study to investigate
the impact of the number of retrieved documents
(i.e., Top K) on the performance of NS-IR. Figure 7
illustrates nDCG @ 10 under different K on SciFact
and ArguAna. Our observations revealed consis-
tent patterns in both datasets: as Top K increased,
performance showed a gradual improvement un-
til K reached 100. Subsequently, the performance

stabilized, indicating that increased K did not sig-
nificantly enhance the results. This phenomenon
can be attributed to the fact that the first 100 re-
trieved documents have already covered a signif-
icant amount of positive documents for a query.
Additionally, the larger number of retrieval docu-
ments will extremely increase expenses for gener-
ating FOL. Therefore, we select 100 as Top K in
this paper.

8 Conclusion

In this paper, we propose a novel IR method NS-
IR, which integrates the strengths of NL and FOL
and synthesizes semantic similarity and logical
consistency. We specially propose two key tech-
niques: logic alignment and connective constraint,
to rerank the candidate documents. We also release
a negative-constraint query dataset NegConstraint
to evaluate our method. Extensive experiments
on public IR benchmarks and NegConstraint show
that, NS-IR significantly outperforms the existing
IR approaches for general and negative-constraint
queries under zero-shot settings, paving the way for
future study on complex logical queries. Therefore,
we will focus on more complex logical queries gen-
erated by set operations (such as union, intersection,
difference, and complement) in the future.
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Limitations

We acknowledge that our method has several limi-
tations. First, calling OpenAl API to perform NL-
FOL translation will inevitably incur additional
expenses to maintain high retrieval relevance. Sec-
ond, to reduce the expenses of NL-FOL translation,
we perform NL-FOL translation on the initially
retrieved and limited documents, thus slightly re-
ducing recall. Third, we use the same prompts
for NL-FOL translation on all benchmarks, which
may hinder further improvement. Therefore, these
limitations are caused by NL-FOL translation. Al-
though NL-FOL translation is not the main focus
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of this paper, we argue that the limitations will be
improved with further study in the era of LLMs.
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A FOL Examples

Table 5 provides an example of the NL-query, FOL-
query, NL-document, and FOL-document. The NL-
query and NL-document stem from actual datasets.
FOL-query and FOL-document are FOL formats
of NL-queries and NL-documents, respectively,
which are generated by GPT-4o in this paper.
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NL-query \ What is considered a business expense on a business trip?

FOL-query ‘ Vx (BusinessTrip(x) — BusinessExpense(x))

I’m not saying I don’t like the idea of on-the-job training too, but you can’t expect the company to do
that. Training workers is not their job - they’re building software. Perhaps educational systems in the
NL-documnet | U.S. (or their students) should worry a little about getting marketable skills in exchange for their massive
investment in education, rather than getting out with thousands in student debt and then complaining that
they aren’t qualified to do anything.

—Like(i, onTheJobTraining) A—Expect(company, Train(workers))
—Job(company, Train(workers))
AJob(company, Build(software)) Vx (EducationalSystems(x) — Worry(x, MarketableSkills))
Invest(educationalSystems, education) A3x (Student(x) AStudentDebt(x)) — —Qualified(x, anything)

FOL-document

Table 5: An example of the NL-query, FOL-query, NL-document and FOL-document.
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B Prompts

Prompt of NL-FOL Translation for Queries

Given some question. The task is to parse these questions into first-order logic formulars. The grammar of the first-order
logic formular is defined as follows:

1) logical conjunction of exprl and expr2: exprl A expr2

2) logical disjunction of exprl and expr2: exprl V expr2

3) logical exclusive disjunction of exprl and expr2: exprl & expr2

4) logical negation of exprl: —exprl

5) exprl implies expr2: exprl — expr2

6) exprl if and only if expr2: exprl < expr2

7) logical universal quantification: 3x

8) logical existential quantification: Vx

Here is an example:

Query:

Rina is either a person who jokes about being addicted to caffeine or is unaware that caffeine is a drug.

If Rina is either a person who jokes about being addicted to caffeine and a person who is unaware that caffeine is a drug,
or neither a person who jokes about being addicted to caffeine nor a person who is unaware that caffeine is a drug, then
Rina jokes about being addicted to caffeine and regularly drinks coffee.

HH#

Predicates:

Drinks(x) ::: x regularly drinks coffee.

Jokes(x) ::: x jokes about being addicted to caffeine.

Unaware(x) ::: X is unaware that caffeine is a drug.

Conclusion:

Jokes(rina) @ Unaware(rina) ::: Rina is either a person who jokes about being addicted to caffeine or is unaware that
caffeine is a drug.

((Jokes(rina) A Unaware(rina)) ¢ —(Jokes(rina) VV Unaware(rina))) — (Jokes(rina) A Drinks(rina)) ::: If Rina is either a
person who jokes about being addicted to caffeine and a person who is unaware that caffeine is a drug, or neither a
person who jokes about being addicted to caffeine nor a person who is unaware that caffeine is a drug, then Rina jokes
about being addicted to caffeine and regularly drinks coffee.

Here is an example:

Query:

Miroslav Venhoda loved music.

A Czech person wrote a book in 1946.

No choral conductor specialized in the performance of Renaissance.

###

Predicates:

Czech(x) ::: x is a Czech person.

ChoralConductor(x) ::: X is a choral conductor.

Author(x, y) ::: x is the author of y.

Book(x) ::: x is a book.

Specialize(x, y) ::: X specializes in y.

Conclusion:

Love(miroslav, music) ::: Miroslav Venhoda loved music.

Jy Ix (Czech(x) A Author(x, y) A Book(y) A Publish(y, year1946)) ::: A Czech person wrote a book in 1946.

— 3x (ChoralConductor(x) A Specialize(x, renaissance)) ::: No choral conductor specialized in the performance of
Renaissance.

Below is the one you need to translate:

Query:
%QUERY %
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Prompt of NL-FOL Translation for Documents

Given a document. The task is to parse the document into first-order logic formulars. The grammar of the first-order
logic formular is defined as follows:

1) logical conjunction of exprl and expr2: exprl A expr2

2) logical disjunction of exprl and expr2: exprl V expr2

3) logical exclusive disjunction of exprl and expr2: exprl @ expr2

4) logical negation of exprl: —exprl

5) exprl implies expr2: exprl — expr2

6) exprl if and only if expr2: exprl < expr2

7) logical universal quantification: 3x

8) logical existential quantification: Vx

Here is an example:

Document:

All people who regularly drink coffee are dependent on caffeine. People either regularly drink coffee or joke about
being addicted to caffeine. No one who jokes about being addicted to caffeine is unaware that caffeine is a drug. Rina is
either a student and unaware that caffeine is a drug, or neither a student nor unaware that caffeine is a drug. If Rina is
not a person dependent on caffeine and a student, then Rina is either a person dependent on caffeine and a student, or
neither a person dependent on caffeine nor a student.

##H#

Predicates:

Dependent(x) ::: x is a person dependent on caffeine.

Drinks(x) ::: x regularly drinks coffee.

Jokes(x) ::: x jokes about being addicted to caffeine.

Unaware(x) ::: X is unaware that caffeine is a drug.

Student(x) ::: X is a student.

Conclusion:

Vx (Drinks(x) — Dependent(x)) ::: All people who regularly drink coffee are dependent on caffeine.

Vx (Drinks(x) 6 Jokes(x)) ::: People either regularly drink coffee or joke about being addicted to caffeine.

Vx (Jokes(x) — —~Unaware(x)) ::: No one who jokes about being addicted to caffeine is unaware that caffeine is a drug.
(Student(rina) A Unaware(rina)) € —(Student(rina) V Unaware(rina)) ::: Rina is either a student and unaware that
caffeine is a drug, or neither a student nor unaware that caffeine is a drug.

—(Dependent(rina) A Student(rina)) — (Dependent(rina) A Student(rina)) @ —(Dependent(rina) V Student(rina)) ::: If
Rina is not a person dependent on caffeine and a student, then Rina is either a person dependent on caffeine and a
student, or neither a person dependent on caffeine nor a student.

Here is an example:

Document:

Miroslav Venhoda was a Czech choral conductor who specialized in the performance of Renaissance and Baroque
music. Any choral conductor is a musician. Some musicians love music. Miroslav Venhoda published a book in 1946
called Method of Studying Gregorian Chant.

#H##

Predicates:

Czech(x) ::: x is a Czech person.

ChoralConductor(x) ::: x is a choral conductor.

Musician(x) ::: X is a musician.

Love(x, y) ::: x loves y.

Author(x, y) ::: X is the author of y.

Book(x) ::: x is a book.

Publish(x, y) ::: x is published in year y.

Specialize(x, y) ::: X specializes in y.

Conclusion:

Czech(miroslav) A ChoralConductor(miroslav) A Specialize(miroslav, renaissance) A Specialize(miroslav, baroque) :::
Miroslav Venhoda was a Czech choral conductor who specialized in the performance of Renaissance and Baroque
music.

3x (ChoralConductor(x) — Musician(x)) ::: Any choral conductor is a musician.

Vx (Musician(x) A Love(x, music)) ::: Some musicians love music.

Book(methodOfStudyingGregorianChant) A  Author(miroslav, methodOfStudyingGregorianChant) A Pub-
lish(methodOfStudyingGregorianChant, year1946) ::: Miroslav Venhoda published a book in 1946 called Method of
Studying Gregorian Chant.

Below is the one you need to translate:

Document:

9%DOCUMENT %
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Prompt of Query Generation for A - a

Given an example in information retrieval tasks. We refer to the query as a negative-constraint query. The query matches
formulation A - a. A denotes Ginsberg’s works and a denotes "Howl’. The positive document mentions Ginsberg’s
works but does not mention "Howl’. The negative document mentions Ginsberg’s works and "Howl!’. Please provide a
query based on the positive and negative documents provided.

EXAMPLE

Positive document:

Ginsberg took part in decades of non-violent political protest against everything from the Vietnam War to the War on
Drugs. His poem ""September on Jessore Road"", calling attention to the plight of Bangladeshi refugees, exemplifies
what the literary critic Helen Vendler described as Ginsberg’s tireless persistence in protesting against ""imperial politics,
and persecution of the powerless."" His collection ""The Fall of America"" shared the annual U.S. National Book
Award for Poetry in 1974. In 1979 he received the National Arts Club gold medal and was inducted into the American
Academy and Institute of Arts and Letters. Ginsberg was a Pulitzer. by gambling, and the cost of secondary education
for Poe. He attended the University of Virginia but left after a year due to lack of money. Poe quarreled with Allan
over the funds for his education and enlisted in the Army in 1827 under an assumed name. It was at this time that his
publishing career began, albeit humbly, with the anonymous collection ""Tamerlane and Other Poems"" (1827), credited
only to ""a Bostonian"". With the death of Frances Allan in 1829, Poe and Allan reached a temporary rapprochement.
However, Poe later failed as an officer cadet at West Point, declaring...

Negative document:

Kerouac and William S. Burroughs. Ginsberg is best known for his poem ""Howl"", in which he denounced what he
saw as the destructive forces of capitalism and conformity in the United States. In 1956, ""Howl"" was seized by San
Francisco police and US Customs. In 1957, it attracted widespread publicity when it became the subject of an obscenity
trial, as it described heterosexual and homosexual sex at a time when sodomy laws made homosexual acts a crime
in every U.S. state. ""Howl"" reflected Ginsberg’s own homosexuality and his relationships with a number of men,
including Peter Orlovsky, his lifelong partner.

Query:

Introduce Allen Ginsberg’s works, but do not mention "Howl’.

Positive document: %POSITIVE DOCUMENT%

Negative document: %2NEGATIVE DOCUMENT%

Below query is the one you need to generate, which make significant changes to the query style.

Query:

%QUERY %
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Prompt of Query Generation (A -a) UB

Given an example in information retrieval tasks. We refer to the query as a negative-constraint query. The query matches
formulation (A - a) U B. A denotes Allen Ginsberg’s works, a denotes "How!’, and B denotes Edgar Allan Poe’s works.
The positive document mentions Allen Ginsberg’s and Edgar Allan Poe’s works but does not mention "Howl’. The
negative document mentions Allen Ginsberg’s works, Edgar Allan Poe’s works and "How!’. Please provide a query
based on the positive and negative documents provided.

EXAMPLE

Positive document:

Ginsberg took part in decades of non-violent political protest against everything from the Vietnam War to the War on
Drugs. His poem ""September on Jessore Road"", calling attention to the plight of Bangladeshi refugees, exemplifies
what the literary critic Helen Vendler described as Ginsberg’s tireless persistence in protesting against ""imperial politics,
and persecution of the powerless."" His collection ""The Fall of America"" shared the annual U.S. National Book
Award for Poetry in 1974. In 1979 he received the National Arts Club gold medal and was inducted into the American
Academy and Institute of Arts and Letters. Ginsberg was a Pulitzer. by gambling, and the cost of secondary education
for Poe. He attended the University of Virginia but left after a year due to lack of money. Poe quarreled with Allan
over the funds for his education and enlisted in the Army in 1827 under an assumed name. It was at this time that his
publishing career began, albeit humbly, with the anonymous collection ""Tamerlane and Other Poems"" (1827), credited
only to ""a Bostonian"". With the death of Frances Allan in 1829, Poe and Allan reached a temporary rapprochement.
However, Poe later failed as an officer cadet at West Point, declaring...

Negative document:

Kerouac and William S. Burroughs. Ginsberg is best known for his poem ""Howl"", in which he denounced what he
saw as the destructive forces of capitalism and conformity in the United States. In 1956, ""Howl"" was seized by San
Francisco police and US Customs. In 1957, it attracted widespread publicity when it became the subject of an obscenity
trial, as it described heterosexual and homosexual sex at a time when sodomy laws made homosexual acts a crime
in every U.S. state. ""Howl"" reflected Ginsberg’s own homosexuality and his relationships with a number of men,
including Peter Orlovsky, his lifelong partner. by gambling, and the cost of secondary education for Poe. He attended
the University of Virginia but left after a year due to lack of money. Poe quarreled with Allan over the funds for his
education and enlisted in the Army in 1827 under an assumed name. It was at this time that his publishing career began,
albeit humbly, with the anonymous collection ""Tamerlane and Other Poems"" (1827), credited only to ""a Bostonian"".
With the death of Frances Allan in 1829, Poe and Allan reached a temporary rapprochement. However, Poe later failed
as an officer cadet at West Point, declaring...

Query:

What themes are expressed in Allen Ginsberg’s works (excluding "Howl")? Is there any similarity between Edgar Allan
Poe’s works and theirs?

Positive document: %POSITIVE DOCUMENT%

Negative document: %9NEGATIVE DOCUMENT %

Below query is the one you need to generate, which make significant changes to the query style.

Query:

%QUERY %
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Prompt of Query Generation (A - a) U (B - b)

Given an example in information retrieval tasks. We refer to the query as a negative-constraint query. The query matches
formulation (A - a) U (B - b). A denotes Ginsberg’s works, a denotes "How!’, B denotes Poe’s works and b denotes
’The Raven’. The positive document mentions Ginsberg’s and Poe’s works but does not mention "Howl” and "The
Raven’. The negative document 1 mentions Ginsberg’s works, Poe’s works’ and "Howl’. The negative document 2
mentions Ginsberg’s works, Poe’s works’” and *'The Raven’. The negative document 3 mentions Ginsberg’s works, Poe’s
works’, "How!l’ and *The Raven’. Please provide a query based on the positive and negative documents provided.
EXAMPLE

Positive document:

Ginsberg took part in decades of non-violent political protest against everything from the Vietnam War to the War on
Drugs. His poem ""September on Jessore Road"", calling attention to the plight of Bangladeshi refugees, exemplifies
what the literary critic Helen Vendler described as Ginsberg’s tireless persistence in protesting against ""imperial politics,
and persecution of the powerless."" His collection ""The Fall of America"" shared the annual U.S. National Book
Award for Poetry in 1974. In 1979 he received the National Arts Club gold medal and was inducted into the American
Academy and Institute of Arts and Letters. Ginsberg was a Pulitzer. produce his own journal ""The Penn"" (later
renamed ""The Stylus""), though he died before it could be produced. by gambling, and the cost of secondary education
for Poe. He attended the University of Virginia but left after a year due to lack of money. Poe quarreled with Allan
over the funds for his education and enlisted in the Army in 1827 under an assumed name. It was at this time that his
publishing career began, albeit humbly, with the anonymous collection ""Tamerlane and Other Poems"" (1827), credited
only to ""a Bostonian"". With the death of Frances Allan in 1829, Poe and Allan reached a temporary rapprochement.
However, Poe later failed as an officer cadet at West Point, declaring...

Negative document 1:

Kerouac and William S. Burroughs. Ginsberg is best known for his poem ""Howl"", in which he denounced what he
saw as the destructive forces of capitalism and conformity in the United States. In 1956, ""Howl"" was seized by San
Francisco police and US Customs. In 1957, it attracted widespread publicity when it became the subject of an obscenity
trial, as it described heterosexual and homosexual sex at a time when sodomy laws made homosexual acts a crime
in every U.S. state. ""Howl"" reflected Ginsberg’s own homosexuality and his relationships with a number of men,
including Peter Orlovsky...

Negative document 2:

Ginsberg took part in decades of non-violent political protest against everything from the Vietnam War to the War on
Drugs. His poem ""September on Jessore Road"", calling attention to the plight of Bangladeshi refugees, exemplifies
what the literary critic Helen Vendler described as Ginsberg’s tireless persistence in protesting against ""imperial politics,
and persecution of the powerless."" His collection ""The Fall of America"" shared the annual U.S. National Book Award
for Poetry in 1974. In 1979 he received the National Arts Club gold medal and was inducted into the American Academy
and Institute of Arts and Letters. Ginsberg was a Pulitzer. produce his own journal ""The Penn"" (later renamed ""The
Stylus""), though he died before it could be produced. a firm wish to be a poet and writer...

Negative document 3:

Kerouac and William S. Burroughs. Ginsberg is best known for his poem ""Howl"", in which he denounced what he
saw as the destructive forces of capitalism and conformity in the United States. In 1956, ""Howl"" was seized by San
Francisco police and US Customs. In 1957, it attracted widespread publicity when it became the subject of an obscenity
trial, as it described heterosexual and homosexual sex at a time when sodomy laws made homosexual acts a crime
in every U.S. state. ""Howl"" reflected Ginsberg’s own homosexuality and his relationships with a number of men,
including Peter Orlovsky...

Query:

What are the similarities between Ginsberg’s works (excluding "Howl’) and Poe’s works (excluding 'The Raven’)?
Positive document: %POSITIVE DOCUMENT%

Negative document 1: %NEGATIVE DOCUMENT 1%

Negative document 2: %NEGATIVE DOCUMENT 2%

Negative document 3: %NEGATIVE DOCUMENT 3%

Below query is the one you need to generate, which make significant changes to the query style.

Query:

%QUERY %
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C Data Collection and Snippet

We use the introductory passages from Wikipedia
dump as the corpus, as they are usually high-quality
and contain most of the key information. We re-
quest three carefully selected experienced annota-
tors to filter passages from Wikipedia. For queries
of formulation A - a and (A - a) U B, each positive
and negative document corresponding to a query
is composed of one passage from the Wikipedia
dump, respectively. However, due to the complex-
ity of formulation (A - a) U (B - b), we merge
two passages that belong to one topic as a positive
document, and the two merged passages are highly
relevant. Negative documents for formulation (A -
a) U (B - b) are also obtained in this way. Then we
prompt GPT-40 to generate queries based on the
positive and negative documents. We ensure that
the queries are as style-diverse as possible. That
is, we do not just perform entity replacement, but
pay more attention to the diversity of query mode.
For example, there are three queries expressing
negative constraints for formulation A - a:

1. Investigate the role of nature in Walden, ex-
cluding Thoreau’s critique of society.

2. Introduce the works of Emily Dickinson, but
do not mention ’Because I could not stop for
Death’.

3. Without referencing Victor Frankenstein’s use
of scientific knowledge, examine the role of
technology in Frankenstein.

Finally, annotators also select several irrelevant pas-
sages with queries to fill into the corpus.

Table 6 introduce snippets of NegConstraint
dataset. Entities marked in red and green denote
entities in negative-constraint conditions. For for-
mulation A - a, the negative document mentions
"Howl". For formulation (A - a) U B, the negative
document mentions "Howl". For formulation (A
- a) U (B - b), the negative document 1 mentions
"Howl", the negative document 2 mentions "The
Raven", and the negative document 3 mentions
"Howl" and "The Raven".
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Query

Introduce Allen Ginsberg’s works, but do not mention > How!’.

Postive document

... His poem ’September on Jessore Road’, calling attention to the plight
of Bangladeshi refugees, exemplifies what the literary critic Helen Vendler

described as Ginsberg’s tireless persistence in protesting against ""imperial
politics, and persecution of the powerless. . .

Negative document

In 1956, "How!” was seized by San Francisco police and US Customs...”Howl’
reflected Ginsberg’s own homosexuality and his relationships with a number
of men, including Peter Orlovsky, his lifelong partner. . .

Query

What themes are expressed in Allen Ginsberg’s works other than "How!” and
Edgar Allan Poe’s works?

Postive document
(A-a)UB

Ginsberg took part in decades of non-violent political protest against every-
thing from the Vietnam War to the War on Drugs. His poem ""September
on Jessore Road"", calling attention to the plight of Bangladeshi refugees,
exemplifies what the literary critic Helen Vendler described as Ginsberg’s

tireless persistence in protesting against ""imperial politics, and persecution
of the powerless. . .

Negative document

Kerouac and William S. Burroughs. Ginsberg is best known for his poem
’How!’, in which he denounced what he saw as the destructive forces of
capitalism and conformity in the United States. In 1956, "How!’ was seized
by San Francisco police and US Customs....

Query

What themes do Allen Ginsberg’s works other than "Howl” and Edgar Allan
Poe’s works other than ’ > express?

Postive document

Ginsberg took part in decades of non-violent political protest against every-
thing from the Vietnam War to the War on Drugs..., His collection *The Fall
of America’ shared the annual U.S. National Book Award for Poetry in 1974.
In 1979 he received the National Arts Club gold medal and was inducted into
the American Academy and Institute of Arts and Letters...,credited only to ’a
Bostonian’. With the death of Frances Allan in 1829, Poe and Allan reached
a temporary rapprochement. However, Poe later failed as an officer cadet at
West Point, declaring...

(A-a)U(B-b) | Negative document 1

Kerouac and William S. Burroughs. Ginsberg is best known for his poem
’Howl!’, in which he denounced what he saw as the destructive forces of
capitalism and conformity in the United States...”Howl’ reflected Ginsberg’s
own homosexuality and his relationships with a number of men, including
Peter Orlovsky, his lifelong partner. by gambling, and the cost of secondary
education for Poe...

Negative document 2

...In January 1845, Poe published his poem ’ > to instant success.
His wife died of tuberculosis two years after its publication. For years, he had
been planning to...

Negative document 3

In 1956, "How!l’ was seized by San Francisco police and US Customs...
"How!’ reflected Ginsberg’s own homosexuality and his relationships with a
number of men, including Peter Orlovsky, his lifelong partner. a firm wish
to be a poet and writer, and he ultimately parted ways with John Allan...In
January 1845, Poe published his poem ’ > to instant success. His
wife died of tuberculosis two years after its publication. For years, he had
been planning to

Table 6: Snippets of NegConstraint dataset.

Entities marked in red and green denote negative-constraint conditions.
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