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ABSTRACT
Product search engines (PSEs) play an essential role in retail web-
sites as they make it easier for users to retrieve relevant products
within large catalogs. Despite the continuous progress that has
led to increasingly accurate search engines, a limited focus has
been given to their performance on queries with negations. Indeed,
while we would expect to retrieve different products for the queries
“iPhone 13 cover with ring” and “iPhone 13 cover without ring”,
this does not happen in popular PSEs with the latter query contain-
ing results with the unwanted ring component. The limitation of
modern PSEs in understanding negations motivates the need for
further investigation.

In this work, we start by defining the negation intent in users
queries. Then, we design a transformer-based model, named Nega-
tion Detector for Queries (ND4Q), that reaches optimal performance
in negation detection (+95% on accuracy metrics). Finally, having
built the first negation detector for product search queries, we pro-
pose a negation-aware filtering strategy, named Filtering Irrelevant
Products (FIP). The promising experimental results in improve the
PSE relevance performance using FIP (+9.41% on 𝑛𝐷𝐶𝐺@16 for
queries where the negation starts with "without") pave the way to
additional research effort towards negation-aware PSEs.
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1 INTRODUCTION
Retail stores, such as Amazon, eBay, and AliExpress, are popular
choices used by people to search for what they want to buy and, if
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Figure 1: Examples of irrelevant results retrieved by the PSEs
of three online retailers for the query "iPhone 13 cover with-
out ring".

satisfied, purchase. To guarantee users satisfaction, online retailers
rely on product search engines (PSEs) that, given a user search
query, have to retrieve a few dozens relevant products to fulfill the
user’s request [22, 23]. Providing high-quality results has attracted
more and more attention from both academia and industry. A huge
research effort has been spent on using advanced natural language
processing (NLP) techniques on query, e.g., intent classification [1]
and query rewriting [13], and product, e.g., summarization [24]
and attribute values extractions [26], in order to improve the PSE’s
performance. However, a limited attention has been paid to un-
derstanding queries with negations such that the PSE can return
relevant results. Indeed, as shown in Figure 1, popular PSEs might
fail to handle this class of queries by returning products clearly
violating the negation. For instance, many products retrieved by
the websites of Figure 1 contain the unwanted ring component
specified in the query "iPhone 13 cover without ring".

In this work, we start by defining the negation in users’ queries.
This definition is motivated by the fact that the presence of a nega-
tion cue like "no" in a user query is not enough to recognize if the
query has a negation intent, i.e., the user wants to remove a product
property. Then, we propose a novel transformer-based negation de-
tector, named Negation Detector for Queries (ND4Q), that, reaching
optimal performance in detecting negations, contributes to improve
the relevance of retrieved products for the queries on which ND4Q
has detected a negation.

To sum up, the main contributions of this work are as follows:

• we define the negation in user query providing examples of
queries with and without a negation intent;

• we design and test a transformer-based negation detector,
ND4Q, that was trained on a dataset of human-annotated
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queries such that it recognized negation based on the previ-
ous definition;

• we propose an algorithm, named Filtering Irrelevant Prod-
ucts (FIP), to improve the relevance of the retrieved products
for the queries with negations.

We perform extensive experiments to demonstrate the high quality
of ND4Q in detecting the negation in users’ queries and FIP in
improving the relevance of the retrieved products on the queries
with negations. This work paves the way for novel research effort
for improving PSEs on queries with negations.

2 RELATEDWORK
Processing negation in NLP applications is non-trivial. Most of the
research effort has been focused on developing models for negation
detection in the medical domain. In that context, accurate detec-
tion is crucial since patients’ health is at stake [3, 4]. As common
in any NLP task, the negation detectors have evolved from rule-
based algorithms, e.g., NegEx [4], ConTex [25], pyContext [3], and
DEEPEN [15], to machine learning (ML) methods, e.g., Support
Vector Machine (SVM) [7] and Conditional Random Field (CRF) [5].
With the advent of deep learning, novel solutions have rapidly ap-
peared being more and more able to capture negations. Qian et al.
[18] and Lazib et al. [11] designed the first CNN and RNN detectors,
respectively, that outperformed all the previous rule-based and
ML models. More recently, with transformers [6], novel detectors
outperformed the previous models in widely tested corpora, e.g.,
NegBERT [9]. Indeed, we built our detector as a transformer model
that differs from NegBERT. While NegBERT approaches the nega-
tion detection as a 2-stage task by firstly detecting the negation
cue, and then, the negation scope only on the sentences where it
found a cue; our model, i.e., ND4Q, detects both cues and scopes
within a unique sequence labelling task. The main motivation is
that ND4Q is used on users queries which are much shorter than
periods processed by NegBERT, e.g., Sherlock Dataset [16].

While the research effort has been mainly focused on having
more and more precise models in detecting the negation on a few
domain-specific corpora, less attention has been payed to negation
usage on PSEs. The most similar studies to our work have focused
on showing that negations can harm clinical search systems [10,
12]. To address these issues, both filtering and indexing solutions
have been successfully proposed to reduce the weak behavior of
modern PSEs on queries with negations [2, 10, 12]. That said, this
work aims to explore how to detect negations in users’ queries
as well as investigate filtering-based solutions to improve the PSE
performance on this class of queries.

3 DEFINITIONS
A PSE returns a list of products sorted by relevance for each query.
Commonly, a query 𝑞 is a sequence of words on which natural
language processing (NLP) techniques are used to extract tokens
(or embeddings) that will be used to retrieve the most relevant
products based on the tokens (or embeddings) extracted from each
product 𝑝 textual data, e.g., titles and descriptions. We define𝑔(𝑞, 𝑝)
the relevance function that produces a score based on keywords
similarities, e.g., BM25 [20], or embeddings (semantic) similarities,
e.g., DSSM [17].

Figure 2: Architecture of ND4Q.

Since 𝑔(·) depends on the text of 𝑞 and 𝑝 , the PSE performance
relies on its robustness against a complex linguistic phenomenon
such as the negation. Definition 3.1 presents our proposed definition
of negations in users’ queries.

Definition 3.1 (Negation in User Query). Let 𝑞 be a user query and
𝑡𝑖 be the 𝑖𝑡ℎ token in 𝑞, we define the negation cue (𝑁𝐶𝑞) as the set
of tokens expressing a negation, and the negation scope (𝑁𝑆𝑞) as the
set tokens affected by the negation, if the negation is used by the user
to search for a product without one or more properties. In this
case, we say that 𝑞 has a negation intent and 𝑁𝑞 = (𝑁𝐶𝑞, 𝑁𝑆𝑞) is
the Negation in User Query.

Example 1. For example, in the query
iPhone 13 cover without ring

𝑁𝐶𝑞 = [𝑡3] = ["without"] is the negation cue and 𝑁𝑆𝑞 = [𝑡4] =

["ring"] is the negation scope because the users wants a product
without a property, e.g., a cover without the ring component.
Example 2. Differently from Example 1, in the query

Spiderman No Way Home
even if 𝑡1 = "no" could be a negation cue, it does not form with "way
home" a Negation in User Query since there is not a negation
intent, i.e., the user is not using the token "no" to remove a property
from the requested product.

4 METHODOLOGY
4.1 Detecting Negation
We formulate the negation detection problem as a sequence la-
belling [8] task since the identification of negation cues and scopes
involves the algorithmic assignment of a categorical label to each
token of a sequence of tokens (the query).

4.1.1 Architecture. Figure 2 shows the architecture of the trans-
former based negation detector, namedNegationDetector for Queries
(ND4Q), designed and tested in this work. As illustrated in Figure 2,
after the tokenization of the input query 𝑞, ND4Q processes the
list of tokens via a pre-trained language model, whose output is a
matrix of query contextualized token embeddings where 𝐻 is the
dimension of each embedding. This matrix is then processed via
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a feed-forward linear layer that maps each 𝐻 -dimensional token
embedding into an 𝐿-dimensional one, where 𝐿 is the number of
possible labels. Finally, for each token ND4Q associates the label
with the highest value.

4.1.2 Implementation details. We use DistilBERT [21] as the pre-
trained transformer model since it is optimal for real-world applica-
tions. Indeed, it is 40% smaller, 60% faster, and only 5% less precise
than BERT [6]. As a consequence, we perform the query tokeniza-
tion with the distilbert-base-uncased tokenizer available in
HuggingFace1. We set 𝐻 = 768 since we stack a linear classifica-
tion layer on the top of the last DistilBERT transformer block, and
𝐿 = 9 since it is the number of Beginning-Inside-Outside [19] labels
chosen to capture the negation. In particular, the set of labels is
L := {0 : ’B-C’, 1 : ’I-C’, 2 : ’B-S’, 3 : ’I-S’, 4 : ’B-SC’, 5 : ’I-SC’, 6 :
’B-CS’, 7 : ’I-CS’, 8 : ’O’} , where ’CS’ and ’SC’ are used when the
negation cue is either the prefix, e.g., "anticoagulant", or the suffix,
e.g., "wireless", of the negation scope. The label ’O’ is associated
with the tokens not affected by the negation. For instance,

iPhone
O

13
O

cover
O

without
B-C

ring
B-S

We treat this task as a multi-class classification problem, and we
train the entire model by minimizing a multi-class cross entropy.

4.2 Improving Product Search
We design the Filtering Irrelevant Products (FIP) algorithm based
on the intuition that if there is a negation intent in a query, then
we can improve the product relevance by removing all the products
in which the negated scope is not close to a negation cue. First,
we build a list of possible negation cues extracted from the ND4Q
training set of queries (seeSection 5.1.1). For instance, "no", "without",
"free", and "less" are some of the negation cues within this set. Then,
we process a given list of retrieved products by removing the ones
where the negation scope of the query is in the text of a product,
e.g., title, but it is not close to one of the selected negation cues.
Example 3. Suppose we use FIP on the query "iPhone 13 cover
without ring" where 𝑁 = ( [”𝑤𝑖𝑡ℎ𝑜𝑢𝑡”], [”𝑟𝑖𝑛𝑔”]). If the title of a
retrieved product is

Red ringless cover for iPhone 13
then FIP maintains the product. In contrast, if the title is

White metal cover with ring
then FIP removes the product because "ring" is not next to a nega-
tion cue.

5 EXPERIMENTAL RESULTS
In this section, we first present the experiments on the negation
detector model, then we present and discuss the results of the
proposed filtering technique.

5.1 ND4Q Experiments
5.1.1 Dataset. We train, validate, and test ND4Q on a dataset of
about 10 thousand English queries with negations annotated by
humans. The dataset statistics and splitting details are reported in
Table 1. We used a regular expression to collect a pool of queries
containing a possible negation cue such as "no" and "without" from
1https://huggingface.co/

Table 1: Statistics of the annotated queries.

Statistics Train [80%] Valid [10%] Test [10%]
Annotated Queries 7,714 858 953
Q. with negations 4,131 (53.6%) 465 (54.2%) 497 (52.2%)

Table 2: Performance on the negation detection task.

Detector 𝐴𝑐𝑐 𝑃𝑁𝐶 𝑅𝑁𝐶 𝑃𝑁𝑆 𝑅𝑁𝑆

Memorized Neg. 85.10% 76.21% 74.41% 81.91% 67.54%
ND4Q 95.38% 92.41% 98.10% 91.18% 95.18%

a real-world dataset sampled from the logs of a retailer site. Then,
within this set of queries, we have randomly sampled the ones on
which we asked annotator to select the negation cue and scope. If
at least two annotators out of three agreed, then we have associated
their annotations to the query, otherwise we have removed that
query from the dataset. At the end of this procedure, we have
cleared away about the 10% of the annotated queries.

5.1.2 Evaluation Metrics. We evaluate ND4Qmeasuring the fraction
of the queries in the test set that gets labeled correctly in their
entirety (𝐴𝑐𝑐), and both the precision (𝑃 ) and recall (𝑅) on the
detection of the negation cues (𝑁𝐶) and negation scopes (𝑁𝑆).

5.1.3 Baseline. We compare ND4Q with a data memorization base-
line, named Memorized Negations. This model stores the negations
detected in the training data into a dictionary that is used to detect
the negations in the test set. For instance, if the query "iPhone 13
cover without ring" is in the training data, then,Memorized Neg.will
detect "without ring" as a negation in the test query "S21 Samsung
case without ring" since it has been recorded from the training set.

5.1.4 Results. Table 2 reports the accuracy performance measured
on the test set. The first observation is that our solution is more ac-
curate than the baseline model in both entirely annotating queries
95.38% vs. 85.10% and correctly recognizing the entire negation
spans, e.g., 𝑃𝑁𝐶 and 𝑃𝑁𝑆 are higher than 91%. These results are co-
herent with the recent findings in [9], where a BERT-based negation
detector outperforms baseline models on several corpora. Having
established the high quality of the detector’s predictions, we exper-
iment below the performance of FIP on search results.

5.2 FIP Experiments
5.2.1 Experimental Settings. We test FIP on the ranked list of a
baseline model applied on 1,000 queries randomly sampled from a
real-world dataset retrieved from the logs of a PSE. For each query-
product pair, we have collected human binary relevance feedback
that are later used to evaluate the top-8 and top-16 ranking perfor-
mance with Precision (𝑃𝑟 ) and normalized Discounted Cumulative
Gain (𝑛𝐷𝐶𝐺) [14]. We report the results relative variation Δ% be-
tween the proposed model and the baseline in Table 3.

5.2.2 Results and Discussion. Analyzing Table 3, we observe that
the baseline model and FIP have similar performance on the full
set of queries with negation. Since negations can be expressed
with different negation cues, we hypothesize that the retrieval
performance might depend on the type of negations. In Table 3,



WWW ’23 Companion, April 30-May 4, 2023, Austin, TX, USA Merra, Zaidan, and Nascimento

Table 3: Δ% results between FIP and the baseline model.

Perc. 𝑃𝑟@8 𝑃𝑟@16 𝑛𝐷𝐶𝐺@8 𝑛𝐷𝐶𝐺@16
Full Set. 100% -0.21% +0.06% -0.25% -0.03%

Analysis on different negation cues.

Neg. cue "less" 57.3% +0.05% +0.39% +0.05% +0.28%
Neg. cue "no" 21.3% -0.08% +0.16% -0.40% -0.12%
Neg. cue "free" 13.3% -0.23% -0.82% -0.07% -0.41%
Neg. cue "anti" 3.3% -1.63% -3.09% -2.10% -2.78%
Neg. cue "low" 1.5% -2.02% +0.53% -1.30% +0.19%
Neg. cue "without" 1.4% 0.00% +14.29% +1.01% +9.41%
Neg. cue "zero" 1.1% -13.64% -14.95% -12.52% -13.62%
Others 0.8% +1.89% -2.94% +1.32% -1.61%

we report the values for the eight most frequent negation cues in
the test set. We start the analysis for the most popular negation
cue, i.e., "less", that appears in 57.3% of the queries. We observe
that FIP can slightly improve the baseline model, i.e., +0.28% on
𝑛𝐷𝐶𝐺@16. Then, we verify that the queries where the negation
cues are "no", "free", "anti", "zero", and "low" do not show a clear
trend since FIP can improve the baseline as well as worsen it. We
explain this mixed performance with the fact that these cues, even
if recognized a Negation in User Query by ND4Q, are not always
used with a negation intent making the filtering procedure more
difficult. For instance, the query "anti-theft envelope" has a different
meaning from "envelope without theft", that could be the title of
a product considered relevant from FIP. It follows that additional
studies could be focused on improving ND4Q in not recognizing
these cases as negations. Finally, we focus on the queries where the
negation cue is "without". The results show that FIP outperforms
the baseline model of +9.41% on 𝑛𝐷𝐶𝐺@16 and +14.29% on 𝑃𝑟@16.
We explain this behavior by the fact that "without" is not commonly
used by users ( 1.4% of queries with negations). As a consequence,
since sellers use more popular cues, e.g., "free" and "less", then a
standard PSE will suffer more than a PSE implementing FIP in
retrieving relevant products for the queries containing "without". In
fact, unlike the baseline, our solution favors the retrieval of products
that respect the negation regardless of the negation cue.

From the analysis of the results, we can conclude that, while our
solution improves the performance of a PSE for 60% of the queries
where the negation cues are "without" and "less", further work is
needed to make it consistently more accurate on the other cases.

6 CONCLUSION
This work has investigated the impact of negations on product
search engines. Firstly, we have proposed the definition of nega-
tions in users’ queries, then, we have designed a transformer-based
negation detector (ND4Q) that has shown optimal accuracy perfor-
mance (i.e., accuracy greater than 95%). Having a model capable
of detecting negations, we have designed a filtering solution (FIP)
to improve the search relevance. The experimental results have
shown that FIP improves a baseline PSE by more than 10% on
queries containing negations cued by "without". We believe that
this work lays the groundwork for new research directions on PSE
that can properly capture and handle queries with negations.
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