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ABSTRACT

Many eCommerce catalogs rely on structured product data to pro-
vide a good experience for customers. For large scale services, prod-
uct information is provided by millions of different manufacturer
and vendor schemas. Due to inherent heterogeneity of this data, uni-
fying it to a consistent catalog schema remains a challenge. Schema
matching is the problem of finding such correspondences between
concepts in different distributed, heterogeneous data sources. Most
approaches in automated schema matching assume either a small
number of source schemas, attributes, and contexts (i.e., match-
ing movie attributes from media knowledge bases). By contrast,
schema matching in product catalogs encounter the problem of
scaling across millions of noisy, heterogenous schemas spanning
thousands of categories and attributes.

In this paper, we introduce a scalable schema matching frame-
work that utilizes unsupervised domain-specific attribute represen-
tations and general attribute similarity metrics. Our method first
identifies relevant attributes for a given product based on existing
customer signals, and then prioritizes among candidate attributes to
consolidate only those relevant product facts from multiple manu-
facturers and vendors with little to no labeled data. We demonstrate
value by experiments that enriched catalog data containing mil-
lions of attribute enumerations sourced from tens of thousands of
schemas across a wide range of product categories. Experimental
results show reduced manual annotation efforts by 75% from com-
peting schema matching efforts by automating schema matching
on targeted product facts, resulting in high accuracy, precision, and
recall for important attributes that contribute to customer interest.
We also demonstrate performance improvements of 8% MRR using
our approach compared against two well-established approaches
to unsupervised schema matching.
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1 INTRODUCTION

A key problem in knowledge systems is schema matching [1, 17].
This is especially important for systems that support eCommerce
transactions over diverse datasets, such as product catalogs sourced

WIT @ KDD °21, August 14-18, 2021, Singapore, Singapore
© 2021 Copyright held by the owner/author(s).

ACM ISBN 978-1-4503-XXXX-X/18/06.
https://doi.org/10.1145/1122445.1122456

from a variety of domain schemas and product categories [21].
Consolidating product data from different sources in a consistent,
structured representation (or schema) is crucial for services that
provide rich customer experiences at scale (such as enabling users
to search for products and make informed purchasing decisions).

The diversity of product categories poses a challenge in schema
matching at scale. For example, a schema used to model computer
monitors may require an attribute for “screen-size” while for
women’s swimwear it may require an attribute for “top-style”.
Working with datasets across various domain schemas (i.e. manu-
facturers or vendors) further compounds the problem, where cat-
egories and attributes are represented in differing ways. For ex-
ample, one data source may include an attribute “Flash Memory:
included”, another source may include “Memory Card: Micro SD
64GB”, and third may include “Description: Sony Cybershot,
18 MP, 16X Digital Zoom, 1 TB Micro SD”.

Many schema matching methods assume structured databases
from small sources with clean data [13]. However, such methodolo-
gies are not suited to large scale eCommerce data, where the number
of available domain schemas is in the order of millions when ac-
counting for different manufacturers, vendors, and categories. More
sophisticated methods learn from data [3, 15, 21] to automatically
extract attributes using named entity recognition (NER) models
trained to match individual attributes. However, since such mod-
els are often trained at the attribute or category level, achieving
scale is difficult in settings where there exist a large number of
applicable attributes and categories. Finally, we observe inherent
challenges in matching across diverse product schemas that often
lack grammatical structure and carry context-specific semantics.

In this work, we propose a novel approach to enrich existing
non-homogenous, noisy and incomplete catalog data. Our approach
involves driving a product catalog augmentation process by first
identifying customer-relevant attributes for a product category
in an unsupervised fashion, and then prioritizing a novel attribute
matching model to help consolidate product facts from multiple
sources (manufacturers and vendors). Customer-relevant attributes
are defined as attributes that contribute to the customer interest
about the product. We refer to this as Targeted Catalog Enrichment,
where the focus is on back-filling and consolidating the catalog data
that customers may care about and reducing information overload.
While most product categories can carry several hundred or more
unique attributes, it is estimated that most customers, on average,
only care about less than thirty.

To address the challenge of scaling across domain schemas and
attributes, our system performs schema matching with limited or
no annotated training data required to map additional attributes or
schemas (addressing the cold start problem). Furthermore, to ad-
dress the challenge of context-specific attribute semantics, we learn
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domain specific language representations from customer signals
found specifically in product categories. We demonstrate that our
system performs schema matching with both scale and accuracy
in enriching catalog knowledge with millions of attribute enumer-
ations sourced from tens of thousands of source schemas. In the
process, we also reduce the burden of manual annotation by 75%
from previous schema matching systems.

1.1 Approach Overview

We first develop an unsupervised model for predicting relevancy
of product attributes. We then develop a schema matching model
that matches relevant attributes across different schemas. Figure 1
shows the overall workflow for Targeted Catalog Enrichment.

Domain-Specialized
Word Embedding Similarity Model
Training
g
1%

Concept i |

Noun-Chunk Relevant Attributes | | Catalog N Consolidated
Extraction Identification Enrichment Enriched
Catalog

Text Preprocessing
Lemmatization, Stop-word
Removal, Unit Normalization,
N-gram Phrase Detection

)
Relevance Signals Enrichment
User Reviews, Q & A Catalog Sources
Search Queries Noisy / Incomplete Manufacturers
Product Descriptions Vendors

Figure 1: Relevance Based Catalog Enrichment.

1.1.1  Semantic Attribute Similarity. Both the attribute relevancy
model as well as the schema matching model are based on an
underlying model for semantic attribute similarity, which involves
identifying and filtering salient candidate tokens from a phrase
that describe product attributes (sourced from either corpus data or
from schema data), and then applying a language model to compute
the semantic similarity between relevant tokens.

In our context, it is important that language models are trained to
distinguish semantics that vary based on the product category. For
example, the token “hp” may represent horsepower in the context
of lawnmowers, or Hewlett Packard in the context of printers. Such
relationships can be learned by training word embeddings on a
suitable product corpus. In our work, we use product descriptions
and customer reviews from products grouped by product category
in our target schema.

1.1.2  Attribute Relevance. Knowledge of what attributes are rele-
vant to customers for products within a certain category or context
allows us to prioritize attributes for enrichment through schema
matching. However, inferring relevant attributes manually is inher-
ently subjective and laborious when spanning a large number of
diverse categories.

We formulate computing saliency measures for product attributes
as an information retrieval problem, where the prevalence and like-
lihood of corresponding concepts found in customer signals (ex.
search queries, customer reviews, or customer Q&A) is considered
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as the metric for attribute relevance. We begin with a set of at-
tributes sourced from an incomplete and noisy catalog, and match
concepts found in the signals to the attributes in the target schema.
The frequencies of such matched concepts in the signals is then
combined with heuristics to compute an overall relevancy score for
each attribute in a product category.

1.1.3  Schema Matching. Finally, we enrich our product catalog by
integrating multiple sources for product data. In order to support
enrichment, schema matching attempts to consolidate attributes
across different schemas while addressing the problem of impedance
mismatch [7]. Our approach relies on the same underlying mech-
anism for semantic matching of product concepts, however, we
apply a variant of attribute similarity that leverages sequence in-
formation to improve precision. We augment our similarity metric
using ontology-specific normalization, and build models to schema
match through ranking and classification.

2 RELATED WORK

In traditional schema matching where full access to the source
schema and attribute relationships are available, [13] present a sem-
inal approach to schema match based on query discovery. However,
this is rarely applicable in online settings where schemas are im-
plicitly represented (as key-value pairs, in flat tables, or in freetext
as is common with product schemas).

Modern approaches to schema matching address this problem
by leveraging deep learning techniques to process schemas as se-
quences of tokens from which relevant phrases are extracted from
noisy text and then matched as attributes. [21] poses attribute ex-
traction as a sequence tagging problem and applies a BILSTM-CRF
network with attention layers to perform schema matching from
freetext. An added benefit of learning on sequences is that such
approaches may extend to perform schema matching and entity
matching simultaneously, as [15] does with a CNN-based atten-
tional model Seq2SeqMatcher and [3] does with variants of BERT
[5]. The main drawback that render such approaches infeasible in
our problem space is their need for large training datasets. Both
[15] and [3] are trained on tens of thousands of training examples
given relatively few attributes (ranging from 3 to 8). [21] tries to
address this using an active learning mechanism (similar to [19])
that reduces the burden of annotation to several hundred examples
per attribute and product category, but this does not scale in our
setting where our target scale is tens of thousands of attributes and
categories. Nevertheless, these approaches all point to the success
of modeling attributes as sequences of tokens with varying rele-
vance. We leverage this intuition in our work while reaching scale
with unsupervised methods.

For unsupervised approaches to schema matching, [10] intro-
duces a clever procedure that clusters attributes using self-organizing
maps and uses cluster membership to train a feedforward neu-
ral network to perform schema matching. [20] extends this gen-
eral approach to the web service setting. However, this style of
schema matching requires re-training the clusters for each addi-
tional schema, which does not scale in our problem space with hun-
dreds of thousands of potential schemas. To address this problem,
[16] and [9] leverage semantic similarity from word embeddings to
perform schema matching. These approaches scale in our scenario,
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but at the expense of discarding valuable sequence signals through
Bag-of-Words (BOW) models that perform poorly in noisy settings.
We build upon these semantic embeddings approaches for unsu-
pervised schema matching while preserving the sequence-based
structure that deep learning schema matching models employ. To
our knowledge, our work is the first to combine both approaches
to schema matching.

3 SEMANTIC ATTRIBUTE SIMILARITY

The task of computing attribute similarity is a challenging one
since product data lack regular grammatical structure and tend to
be skewed towards technical and abbreviated language. In addition,
word pairs with large edit distance (ex. “centimeters”, “feet”)
might still refer to the same underlying concept. Expanding on the
example in Sec. 1.1.1, different words within any given category
may also represent the same concept, for example, spring mattress
and coil mattress are synonymous to the same type of mattress.

To address these problems we learn semantic word embeddings
by training on data within specified product categories. We leverage
customer product reviews and product descriptions as they are
readily found on product listings and are a rich source of natural
text for training across many categories. We use FastText as it
handles both whole words and character n-grams [2] that better
match on abbreviated language common in product corpora.

We denote the normalized embedding of word w by e,,. We are
interested in either computing similarities between an attribute
and free text as well as matching an attribute from a source do-
main to its most similar attribute from a target domain. Let A, =
{a?, a'zz, ..., a5} denote the set of attributes under reference domain
Z. For the sake of convenience, we will drop symbol z unless the do-
main under which attributes are defined is unclear. Each attribute a;
is defined as a; := (k(a;), V(a;)), where k(a;) is the attribute name
and V(a;) is the set of unique attribute values which we refer to as
enumerations. For example, an attribute that represents color can
take the form a = (“color”, {“black”, “brown”,..., “yellow”}).

3.1 Semantic Similarity

The semantic similarity between two words w;, w; is defined as the
cosine similarity of the corresponding word embeddings or more
simply as the dot product of the normalized word embeddings:

simy (wi, wj) = el, ey, 1)

3.2 Sequence Similarity

A string sequence can represent many different things, from at-
tribute values to customer reviews or product titles (such as “travel
backpack with USB port and silver straps”). Although mea-
suring similarity over such sequences can be done by aggregat-
ing words using mean embeddings [18], this approach does not
represent product information well as it treats each word equally
in addition to discarding word order. For example sequences like
“navy blue backpack, silver straps”,and “silver backpack,
navy blue straps” would have the same mean embedding but a
completely different meaning.

To account for that we consider two alternatives that take word
importance and structure into account. The first one computes the
similarity of each token in sequence sy against its best matching
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token in sequence s, weighted by tf-idf, while the other considers
the harmonic mean of the similarities of all subsequences starting
from the beginning of the sequences. The first approach has in-
creased entropy and is used for relevance computation, while the
second approach is biased towards more strict matching across text
fragments and is used for precise schema matching.

In the first approach, we define the similarity between two se-
quences Sy, Sy as:

Initialization: sim; (s, $y) = 0, normg(sx, sy) = 0

while s, # @ do

(w}, w}f) — argmax sim,,(w;, wj)
Wi €5x, Wj €Sy
simg (sy, sy) += tf-idf(w}) ~tf—idf(w;f) - simyy (W}, w;f)
norms (s, sy) += tf-idf(w;) - tf—idf(w}‘)
Remove w;ﬁ from sy, w}f from s,

end while

sims (sx, Sy) /= norms(sx, Sy)
where sim,, (wj, wj) is defined in (1) and tf-idf(w}), tf-idf(w) is the
tf-idf score of word w. That is, we compute the similarities of all to-
ken pairs between sy, s. We keep the largest similarity and remove
the corresponding tokens from sy, s;;. We continue by keeping the
second largest similarity, while removing the corresponding tokens
from sy, sy until we exhaustively remove all tokens from s.

In the second approach which we use for matching, we consider
contiguous subsequences of each sequence and measure similarity
as the harmonic mean of all position-wise word similarities. This
is a departure from BOW approaches used in similar applications
[9, 16] that we introduce in order to encode sequential information
crucial for matching attributes. We call this Maximum Contiguous
Subsequence Similarity (MCSS), defined as:

n

simg (sx, $y) = y(Sx, Sy) - max - - — (2)
Y Y7 sy X simy (sy [i], sp[]) !

where n = min(|sx|, sy|) is the number of words in the shorter se-
quence, and sy, s, are n-length subsequences of s, s, respectively.
¥ (sx,8y) = min(1, [sx|/|sy|) penalizes similarity when the enumer-
ation sequence from source domain x is shorter than the one from
target domain y. We use the harmonic mean for aggregation to
favor cases where similarity is consistently high across all words
in the sequence. In simple terms, we compute similarity between
two enumerations by comparing their most similar text fragments
equal in length to the shorter enumeration. For example, given sy =
“Length: 15 centimeters diagonal”,sy, = “18 cm”, MCSS will
compare text fragments that produce the maximum position-wise
similarity (in this case, “15 centimeters”).

3.3 Attribute Similarity

To define similarity between two attribute enumeration sets, we
simply take the weighted average MCSS similarity across all enu-
meration pairs in sets V (ax), V(ay):

st Zsy P(sx)P(sy)Sims (x5 Sy)
st Zsy p(sx)P(sy)

where p(sz) is the probability that attribute a; has value s; in a
given product in schema z.

simey (V (ay), (V(ay)) =
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The attribute similarity is then simply the harmonic mean of
name and enumeration similarities.
2
sims (k(ax), k(ay)) ™! + simqy (V(ax), V(ay)) ™!
©

simg (ay, ay) =

4 RELEVANT ATTRIBUTES IDENTIFICATION

The problem of computing attribute relevance is cast as an informa-
tion retrieval problem. Our core assumption is that product concepts
that contribute to customer interest are co-located in customer sig-
nals and catalog data for a particular product category with higher
frequency than across arbitrary products. We define a product class
as a set of products that share the same form and utility. Let the
domain z = {z1, za, . . ., z; } represent a set of products for a product
class z, and let A, = {af, ag, ..., a5} denote the set of attributes
that are applicable to all products in the class. For all products in the
class, there must exist a valid enumeration value set V (a7) for all
attributes a?. A product class may also include optional attributes
A’,, and a coherent product class is one where || Az|| > ||A’;||. We
use the terms product class and product category interchangeably.

In practice, the problem of identifying the ontology of product
classes and the corresponding set of applicable attributes is the
problem we aim to approximate by inferring only the relevant
attributes that contribute to customer interest. We assume that
we can approximate the class of products from an existing noisy
catalog, and aggregate a superset of candidate attributes A,/ that
may or may not be applicable to that class z. Given this initial
approximation from noisy catalog data, we then aim to compute
a relevancy score for attributes with respect to some relevance
context c as defined by the customer signals. We then rank candidate
attributes in A, and consider very low ranking ones as noise to
be removed and low ranking ones as not relevant.

4.1 Predicting Attribute Relevance

Given a catalog with a noisy schema definition and both incomplete
and noisy product data, our objective is to estimate a probability dis-
tribution p(a, z, ¢) from source signals corresponding to relevance
context c. The likelihood that a; is a relevant attribute is then esti-
mated by computing the relative probabilities of finding concepts
corresponding to attributes g; in the source signals (associated to
the product class z and the relevance context c). The corresponding
likelihood of each concept fragment found the corpus then provide
the relevance scores for the attributes:

2jx Pcjxlai, 2) = plailz)
Zj,x P(Cj,x|z)

plailz,c) = ®)
where c; x is a text fragment x from source signals j corresponding
to relevance context ¢, and p(cj, x|a;, p) is the probability of the
text fragment given attribute a; and product class z. The likelihood
for a text fragment given the attribute can be estimated as the
likelihood that both the text fragment and the attribute correspond
to the same concept s, i.e., semantic similarity. This likelihood is
computed using the semantic similarity metrics described in Sec.
3.2. The probability of an attribute a; given a product class z is
inferred from statistics in catalog data. All scores are normalized
across the corpus.
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In practice, we also compute attribute relevance scores by nor-
malizing each signal separately using the highest scoring attribute
for that signal. This allows us to combine scores from different
signals while avoiding scenarios where one dominant customer
overshadows all of the others. This is further discussed in Sec. 4.2.

Once relevance scores are computed, we rank the attributes
according to their relevance and empirically set a threshold to the
maximum number of relevant attributes that are desired for schema
enrichment in conjunction with a threshold for the the minimum
relevance score. These thresholds are empirically determined by
evaluating results for several hundred product classes.

4.2 Relevance Context

We define three relevance contexts for different use cases and com-
pute an overall relevance score as a uniform combination of the
three contexts. Below is a list of the relevance contexts and the
corresponding source signals used for each.

o Product Compare: attributes relevant for comparing products
for purchasing decisions. Source signals include customer
reviews, customer Q&A, and vendor product descriptions.

o Product Title: attributes relevant for display on titles. Source
signals include vendor product titles.

e Product Discovery: attributes relevant for product search and
filtering. Source signals include customer search queries.

o Overall Relevance: a uniform average of the relevance scores
of all the above.

We justify that customers discuss in reviews and Q & A forums im-
portant product features for making product purchasing decisions.
We also justify that vendors or manufacturers emphasise what
they believe customers care about in their product descriptions and
overviews. (Note that customer reviews and product descriptions
are also used to train our word embeddings model).

The Overall Relevance context is used to drive Schema Enrich-
ment in our experiments. However, our approach generalizes to
help prioritize catalog enrichment for other aspects of relevancy.
Further, relevant attributes for each context may be labeled in the
schema for their contextual usage, such as for display priority cus-
tomer application, or for other system workflows.

4.3 Preprocessing Corpora and Catalog Data

Each data set is preprocessed using a language model based on
work from Kiperwasser et. al. [8]. The corpus is segmented, tagged
by POS tags, lemmatized, stop words are removed and units and
numbers are normalized. POS tagging is excluded on schema data,
where the words found in a semi-structured model generally do
not exhibit grammatical structure.

Bigrams and trigrams (e.g., screen size -> screen_size) are au-
tomatically detected based on high-frequency co-located tokens
following the approach outlined by Mikolov, et al. [11]. We train
an unsupervised ngram phrase detector based upon the continuous
skip-gram model. As input, we use the same data corpora used
to train the word embeddings, and configure a low score thresh-
old (0.25) to encourage phrase formation. Tokenization based on
phrase detection produces n-grams of similar length from customer
signals, manufacturer/vendor values and catalog values. Distribu-
tional differences can then be accounted for by measuring semantic
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similarity against these phrases as described in Sec. 3. We apply the
same phrase model on all domains to avoid introducing bias.

We further consider that all product concepts found in the corpus
are nouns. We construct a histogram dictionary comprising of only
noun chunks extracted from the data after POS tagging. Given the
nature of the corpus, we expect this dictionary to predominantly
contain product facts. This dictionary is then the source of text
fragments c; , for computing relevance in Equation 5.

5 SCHEMA MATCHING: ATTRIBUTE
RANKING AND CLASSIFICATION

Given a set of relevant attribute candidates A representing the tar-
get schema, we define attribute schema matching to be the problem
of selecting attributes from the target schema that best represent
a given source attribute ay for a given product category y. In the
target schema, we have an index of relevant attribute candidates
by product category produced in Sec. 4. On average, we produce
roughly |Ay| = 30 relevant attribute candidates for a given product
category. This is far below the average number of attributes found
on product categories, which ranges at approximately 400.

Manually schema matching attributes is laborious in our setting
due to scale, with millions of possible source schemas matching
to thousands of target attributes (see Sec. 6). At the same time,
our problem space requires highly precise matching in order to
maintain quality catalog data. We build two approaches to scale
schema matching without compromising precision. Given the large
number of source schemas, neither approach relies on training
models specific to a given source.

In attribute ranking, our model produces schema matching sug-
gestions to reduce the cost of human annotation in a semi-automated
system. Our model output is an ordering over Ay for each source
attribute, of which the top suggested attributes are considered for
final matching. In attribute classification, we build models to di-
rectly classify common attributes (or attribute types) across product
categories. In both scenarios, we account for challenges such as
addressing noise or variability by building a common approach to
normalize enumerations and extract phrases that are comparable
across various schemas.

5.1 Ontology-based Normalization

One challenge specific to product attribute data is the relative lack
of regular grammatical structure. This limits the potency of word
embeddings that are primarily trained on natural language expres-
sions. Word senses in the attribute value space tend to be skewed
towards technical and abbreviated language. For example, in our
setting the word ton is far more likely to refer to a unit of measure
than a vernacular expression.

We also observe a large frequency of high-precision numerical
enumerations. Small differences in numerical value are not captured
well by traditional natural language embeddings, which tend to
underestimate similarities in enumerations such as 5.4 inches and
5.8 inches. For our setting, differences between these two values are
minimal as our objective is to capture overall attribute similarity.

To address both problems, we adopt a simple word ontology-
based approach to normalize numeric enumerations with units.
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For identifying unit synonyms we leverage WordNet [12], a well-
established lexical database that contains ontological word rela-
tionships as well as hand-crafted synonyms. Using WordNet, we
construct a reverse index of synonyms for all accepted units in the
catalog, relying on the ontology to restrict synonym sets to units of
measure only (such as hyponyms of definite_quantity.n.01).
This index of unit synonyms is also augmented with symbols for
common units (such as " for inches).

Our normalization heuristic uses regex matching for detecting
numeric enumerations followed by potential units. If unit synonyms
are matched, then we normalize the unit to the canonical repre-
sentation in the target catalog. We round numeric values to one
significant figure before converting to word representations.

Finally, we observe large distributional differences in length
and structure between source attribute enumerations and attribute
enumerations in the catalog schema. This may arise due to vary-
ing strictness in schema datatypes, where for example the source
schema may represent a given attribute as TEXT (or VARCHAR)
but the corresponding attribute in the target is modeled with a
compound datatype. We account for this by adopting our similarity
metric to consider relevant subsequences in both domains, and dur-
ing normalization we identify comparable phrases to be grouped
together as n-grams (as in Sec. 4.3). For instance, we may measure
similarity of phrases “diagonal” and “corner to corner”.

— five — inches — rounded corners

Phrase
Extraction

= five inches rounded corners

Normalization

— 5.4" rounded corners

Figure 2: Ontology-based normalization.

5.2 Schema Matching as Ranking

While it is possible to estimate similarity on sets of phrases, we
observe that taking mean similarity with a BOW approach discards
structure that is important for characterizing enumerations. One
such example is the product dimensions attribute, which is often
depicted as an ordered tuple of numeric values (ex. “9.9 in. x
6.8 in. x 0.3 in.“). A robust similarity metric for matching
needs to preserve such structure.

To address this, we introduce the MCSS metric (2) defined in
Sec. 3.2 that models enumerations as ordered sequences. We choose
the most relevant subsequences to score enumeration similarity,
with the intuition that enumerations of the same attribute tend to
have at least one highly similar ordered subsequence of phrases
(for example, a numeric quantity followed by a unit of measure).
This also makes MCSS robust to distributional differences across
schemas (in length, additional metadata, etc.).

We schema match in an unsupervised manner by computing
attribute similarity simg(ax,ay) for a given source attribute ay
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and any candidate target attribute a, generated in Sec. 4 based
on the product category of ay. Target attributes ay that share a
high similarity are surfaced as ranked suggestions. Taking such
a schema-independent approach to schema matching allows our
system to generalize to match new schemas rapidly. Rankings may
be surfaced for human review for semi-automated matching, or
used as in Sec. 5.3 as input to a fully automated schema matching
system.

5.3 Attribute-Specific Classification

While ranking generalizes well to unseen source schemas and at-
tributes, by itself it still necessitates some human judgment to select
final schema matches. We therefore explore ways to remove the
manual burden of matching attributes with models that classify
with high precision across schemas and product classes.

Supervised classification of attributes is difficult in our setting
where the total number of labelled matches is smaller than the num-
ber of possible attribute labels. At the same time, we observe that
product attribute frequency follows a power-law distribution, as
does the distribution of attribute enumerations. Leveraging this, we
extend attribute similarity to construct simple binary classification
heuristics for the most frequently occuring attributes.

For a given target attribute ay, we construct a high-quality enu-
meration set V' (ay) by either selecting the most frequently occur-
ing enumerations in the catalog (after normalization described in
5.1) or by leveraging domain experts to provide sample enumera-
tions. We take this practical approach in order to reduce risks due
to noise and boost precision at the cost of losing recall.

Given a restricted enumeration set V(ay), we then perform bi-
nary classification by simply thresholding on attribute similarity
sim, (4), where the threshold is a hyperparameter than can be op-
timized per-attribute during evaluation. Despite the simplicity of
this approach for schema matching [16], we find that this method
performs surprisingly well for common product attributes; meeting
precision bars while classifying with reasonable recall.

5.4 Classifying by Attribute Datatype

An alternative approach to classification is to perform supervised
learning based on attribute datatype in the catalog schema. This
approach benefits from the number of attribute types being much
lower than the number of distinct attributes, hence reducing size
of the target label space. In our experiments, we train a binary
classifier for attributes describing quantities (ex. number of pieces
in a puzzle). We construct training data from historical schema
matches by labelling source attributes with a 1 if they match to
quantity attributes or 0 otherwise. Note that using MCSS to directly
match such attributes is challenging due to the strictness of the
target datatype that only accepts integers (and leaves room for false
positives when comparing sequences such as “iPhone 3” and “3”).
Instead, we construct features that concatenate mean embed-
dings for product category, name, and enumeration, along with
positional features. These are then passed to a logistic regression
model that learns to distinguish attributes of the quantity type.
This model is applied to classify attributes according to the fol-
lowing procedure that leverages the relevant attributes candidate
generation described in Sec. 4 along with name similarity (2):
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Require: ¢: name similarity threshold
for a, € Ay do
if ClassifyQuantity(ay) then
Ay < RelevantAttributes(ay)[Type = Quantity]
a*y «— arg max sims (k(ax), k(ay))
ayeAy
Classify ay as simg(k(ax), k(ay)) >t
end if
end for

6 EXPERIMENTS AND CASE STUDIES

Datasets: We demonstrate the effectiveness of the proposed so-
lutions on real-world eCommerce data. For attribute ranking and
classification, our unlabelled data is comprised of 150 thousand
attributes of various product categories that span over 14 thou-
sand source schemas. We evaluate our algorithms on a set of 911
attributes from 698 source schemas that are matched to equiva-
lent attributes in our target schema (totaling 235 unique target
attributes). Each source attribute is associated with a set of value
enumerations (one enumeration per product). There are roughly
7500 unique value enumerations in our dataset.

Evaluation Metrics: We evaluate our schema matching solu-
tion for ranking accuracy using Mean Reciprocal Rank (MRR).
MRR is a standard measure for ranking tasks where the number of
relevant results is small. MRR is defined by

N

1 1
MRR = — 6
N ; rank; ©)

where rank; is the minimum rank of the suggested attributes for
the i-th attribute list and N is the total number of attributes in
the evaluation data set. We also capture additional metrics that
reflect the practical value of our algorithm within a semi-automated
system where the top 5 suggestions are surfaced: Accuracy@n
(defined to be the event that the best attribute appears in the top n
suggestions) and Mean Rank. For the classification tasks, we use
precision, recall, and sensitivity as our evaluation metrics.

6.1 Attribute ranking for schema matching

We compare our attribute similarity metric against two established
models for scalable unsupervised schema matching. [16] compute
a mean attribute vector as a frequency-weighted sum of the em-
beddings for words in the attribute text, and match attributes using
cosine similarity of attribute vectors. In DeepAlignment [9], this
Bag-of-Words approach is extended using a modification of the
Dual Embedding Space Model [14] to compare attributes as sets of
word vectors. Their model considers attribute distance dis(Q, S)
between two attribute word vector sets Q and S as:
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where d is cosine distance between embeddings. By contrast, our
approach accounts for order of tokens in attribute enumerations
by modeling similarity over sequences.

The results are presented in Table 1. To scope the comparison
to semantic similarity metrics only, we keep our embeddings and
normalization logic constant across all three approaches below.

Table 1: Evaluation of proposed attribute similarity metric
(MCSS) against comparison ranking measures.

Similarity Metric MRR Acc@5 Mean Rank
Mean Attribute Vector [16] 0.7316  0.8778  3.787
DeepAlignment [9] 0.7296  0.8352  5.063

MCSS Attribute Similarity ~ 0.8156 0.9147 2.801

The results show that MCSS schema matches with a +8% in-
crease in MRR compared to the best alternative method. For our
semi-automated schema matching system which uses top-5 ranked
attributes, we consider accuracy@5 as our operational metric. There
the performance increase is non-trivial +3.7% compared to the sec-
ond best approach on our dataset (attribute vector). MCSS suggests
the best schema match nearly 91.5% of the time. Combined with a
mean rank of 2.801, this suggests that the algorithm will perform
suitably well for suggesting schema matches from even a large pool
of candidates (roughly 30 on average in our dataset).

6.1.1 Ablation study. We test our method with different configu-
rations to establish the proposed method provides consistent im-
provement over baselines. The three impact points we consider
are 1) representation - pre-trained embeddings (FastText) versus
WordNet-only similarity - 2) normalization - ontology-normalized
numeric and unit values versus non-normalized - and 3) represen-
tation aggregation - sliding-window embeddings in MCSS versus
mean embedding vector. Results are shown in Table 2.

Table 2: Effect of design considerations (1) representation,
(2) normalization, and (3) representation aggregation.

representation normalization aggregation

MRR +0.11 +0.07 +0.09
Acc@5 +0.09 +0.06 +0.04
Rank -2.6 -1.7 -1.0
(FastText) (Normalized)  (Sliding-window)

The comparative advantage of MCSS attribute similarity over
comparison approaches such as mean embedding similarity is re-
flected across all three of our metrics. This provides validation for
our approach in normalization, phrase extraction, and subsequence
comparison. Through these stages, our model considers both se-
mantics and structure of attribute names and enumerations that
prove to be assets in performing schema matching across a diverse
set of target attributes on a challenging dataset.
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6.2 Attribute classification for schema
matching

We demonstrate the effectiveness of our attribute classification
approach that applies attribute similarity with thresholding to fully
automate schema matching. Our analysis covers both models that
classify individual attributes (for frequently occuring attributes)
as well as models that classify attributes belonging to the same
attribute type.

We evaluate the former approach with a model for classifying
color, which is a common attribute that empirically represents chal-
lenges in our scope including high variance, noisy enumerations,
and cross-attribute conflation challenges in many source schemas
(ex. “color”: “dark wood”). Our color model consists of less than
20 labelled high-quality enumerations Ay (independent of schema
or product category) that is used during classification. A given
source attribute is mapped to color if the MCSS attribute similarity
to this set is higher than a tunable threshold that we vary as a
hyperparameter.

We evaluate the latter on a classification model for types of
numbered attributes referring to quantities (such as item quantity),
another common family of attribute that varies greatly in verbosity
and structure when represented across different schemas. First,
we train a binary logistic regression on a dataset of 10 thousand
historical attributes, applying a label of 1 if it is a numbered quantity
attribute and 0 otherwise. Then, we use this classifier to restrict
our candidate target attribute set during schema matching before
applying thresholding in a similar manner described in (5.4).

In addition to precision and recall as standard classification met-
rics, we also consider specificity (true negative rate) in our scenario
due to the large quantity of potential target attribute labels (n=238
in our evaluation set). Effectively, specificity measures the ability
for such classification models to co-exist when deployed to perform
schema matching in parallel (or in future ensemble approaches)
when the number of output classes is high, imbalancing any specific
attribute model. Results are shown in Table 3.

Table 3: Performance of classification models for schema
matching

Model

Color 0.9615 0.7143  0.9981
Quantity Attributes 0.9578 0.2966  0.9451

Precision Recall Specificity

Results on our color classifier demonstrate high precision and
specificity (> 95%) at a reasonable recall of 71%. The simplicity of
the model paired with its minimal dependence on labelled training
data shows that it can achieve good performance that can scale
across new schemas and categories with minimal to no effort. In
our attribute-type model for quantity attributes, we attain a similar
precision and specificity that is nearly as high, but our recall is lower
(at 30%). This is likely due to higher variability in both attribute
name and enumeration, as over a hundred attributes fall under
this type in our target schema. Nevertheless, in a fully-automated
setting both classification models demonstrate promise in schema
matching at scale that results in a significantly reduced need for
human annotation, as we discuss in Section 6.4.
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6.3 Relevant Attribute Candidates and Concept
Matching

We demonstrated that the proposed schema matching approaches
are effective at mapping across schemas with noisy data. Now, we
exemplify qualitatively results of domain specific word embeddings,
which are able to capture the association of tokens to concepts. We
also demonstrate both qualitatively and quantitatively the results
of the attribute ranking model.

6.3.1 Semantic Similarity. Table 4 shows a similarity matrix for
phrases found under the Laptop category, where the word embed-
dings for those phrases have been learned from the category specific
corpus. Note how both synonyms as well as non-synonyms relate
to suitable concepts, e.g., 8gb and 128gb are semantically similar
to memory, though 8gb is more closely related to RAM and 128Gb is
more closely related to storage.

Table 4: Similarity matrix of test phrases for laptops.

ram memory storage CPU processor

ram 1

memory .83 1

storage 47 .65 1

cpu 43 40 .28 1
processor 51 .49 .34 71 1
graphics_card .35 .36 .22 .33 49
8gb .66 .62 .38 .28 .36
128gb 37 45 .60 17 .23

To demonstrate the domain-specific nature of the learned em-
beddings across different domains, we present results of clustered
tokens corresponding to attributes in different categories. We show
“operating system" for two different domains (product categories):
“Laptops” and “Mattress" in Table 5. While “operating system" is
not applicable to Mattresses, note the suitably of each token to the
attribute concept as learned from the corpus.

Table 5: Clusters of tokens for Laptops and Mattresses.

Laptop Laptop Mattress
Graphics Card Operating System  Operating System
video_card os operate
geforce_gtx_980 operate_system system

gpu windows_10 electronic
integrated_gpu op_system battery

nvidia windows_8 control

750_ti 0s_X mechanism
ge_force chrome_os cord

6.3.2 Relevant Attributes. Table 6 shows the computed relevance
ranking of attributes for Televisions. For brevity, we only show the
overall rank (used to drive Catalog Enrichment) and the discovery
rank. Additionally, we show examples of attributes that are detected
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as redundant (using attribute similarity to self-consolidate a noisy
schema). It is easy to see qualitatively how the top ranked attributes
are relevant for making product purchasing decisions.

Table 6: Relevance Ranked attributes for Televisions.

Attribute Overall Rank  Discovery Rank
Brand 1 1
Resolution 2 3
Connection Technology 3 6

Display Technology 4 5

Size 5 2
Supported Apps 6 4

Contrast Ratio 7 18
Number of HDMI Ports 8 51

Refresh Rate 9 22
Speaker 10 26
Hardware Interface redundant redundant
Internet Services redundant redundant
Frequency redundant redundant

6.3.3 Relevant Attributes: Quantitative Metric. To quantitatively
evaluate the overall ranking model, we collect ground truth data
from humans. Humans were tasked to research product categories
and identify what are the relevant attributes they consider impor-
tant for searching or making product purchasing decisions (a binary
decision, not a ranking). While this process may be subjective, the
results are aggregated over multiple raters for each category. Rele-
vance labeling was performed for 100 product categories. Table 7
shows the results, including precision recall of our threshold-based
relevant attributes identification model (from Sec. 4.1).

Table 7: Results for Classification of Relevance Attributes
for 100 Product Categories.

Metric Value
Average # of Attributes per Category: 426
Average # of Relevant Attributes per Category: 30
Precision: 67%
Recall: 83%

6.4 Effect on manual labelling efforts

Empirical data collected over experiments in the last year demon-
strates the promise of our schema matching systems in increasing
productivity and scale of catalog enrichment. To estimate impact
at scale, we run our experiments on a significant dataset of 50 mil-
lion attribute enumerations from 150 thousand customer-relevant
attributes across 14 thousand schemas and product categories.
We conducted an experiment using unsupervised ranking al-
gorithms for schema matching in a semi-automated prototype to
provide attribute suggestions to manual annotators. As none of
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our approaches require labelling data per additional schema, prod-
uct category, or attribute, our approach is an effective solution for
the cold start problem of understanding new schemas rapidly.
Through benchmarking, we estimated a reduction of 75% in the
manual effort required to enrich and backfill a new product schema
end-to-end, saving many hours per schema compared to our exist-
ing approach.

We also conducted experiments exploring the feasibility of using
our classifiers in a fully-automated system that schema matches
common attributes or attribute types with minimal need for addi-
tional labelling of data (being able to leverage existing attribute
enumerations). Collectively, we estimate our impact in automat-
ing up to 15% of schema matches to all targeted attributes of high
customer interest.

7 FUTURE WORK

Our experiments point to the promise of learning to classify at-
tributes or attribute types in a few-shot setting. Future explorations
in this domain may involve extending our similarity metrics with
meta-learning approaches such as Induction Networks [6] or multi-
task learning to improve embeddings through transfer, as with the
Universal Sentence Encoder [4].

Regarding the adaptation of embeddings to the ontology or
schema setting, we find the counter-fitting method (with antonym
repel and synonym attract) explored in [9] to be a principled strat-
egy that would pair well with our approach of adapting category-
specific word vectors.

8 CONCLUSION

In this work, we introduced a novel attribute-based scalable schema
matching system for highly heterogeneous large-scale eCommerce
data (Targeted Catalog Enrichment). Our method identifies context-
specific customer relevant attributes and prioritizes them by con-
solidating product data from a multitude of manufacturers and
vendors. Given that our proposed method can be trained with little
to no training data, it scales easily and can be applied to new do-
main schemas or attributes. Qualitative evaluations also verify the
attribute relevancy method retains domain-specific meanings. We
show that attribute similarity defined in this way can be easily ex-
tended to create simple thresholding-based classifiers that schema
match with high precision and reasonable recall.

Across a wide-range of product categories and over a year’s
worth of real-world eCommerce data, we show that Targeted Cata-
log Enrichment significantly outperforms two other baseline meth-
ods and reduces the burden of manual labelling efforts. Overall,
our results demonstrate the importance of considering both rele-
vance semantics and attribute structure in designing automating
schema matching to achieve scalable impact in enriching large
catalog schemas.
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