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ABSTRACT

Row suggestion, a generalization of set expansion, is the task of aug-
menting a given table of text and numbers with additional, relevant
rows. A viable approach is to generate trustworthy suggestions by
grounding candidates in a verifiable source and in our work we fo-
cus on knowledge bases, in particular on Wikidata. Our pipeline be-
gins by linking existing rows and columns to entities and properties.
The primary focus of this work is to improve candidate generation
and ranking without requiring in-domain training or fine-tuning.
Our novel contributions are to account for semantic information by
using BigGraph embeddings and GPT-3 free text generation, and
tabular information by differentiating between in-table properties
(explicit in given columns) and out-of-table properties (implicit
from the knowledge base). Measured on the WikiTables bench-
mark, our solution exceeds or achieves comparable performance to
previous state-of-the-art systems that use small, carefully curated
knowledge bases (such as DBpedia). We extend our algorithm to
present the first approach to bias-aware row suggestion when table
completion is not achievable, that is, when we cannot define a com-
plete set of entities. We suggest quantitative measures to evaluate
performance on this task.
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1 INTRODUCTION

Tables pervade our day-to-day, whether that is in a business, aca-
demic, or personal context. The ability to suggest new rows for a
table can complete a set by example, or provide new and relevant
insights. A suggestion can be linked to an external knowledge base,
providing provenance for the data and instilling confidence. In this
work we demonstrate state of the art performance for the task of
row suggestion, using a large scale knowledge base with a loose
type ontology.

Row Suggestion via a Knowledge Base. Our goal is to suggest
extra rows that are based on trustworthy information. To do so
we link every suggestion to an entity in a knowledge base (KB).
Row suggestion using a knowledge base divides into two phases:
candidate generation and candidate ranking. Candidate generation
searches the knowledge base for entities that are relevant to the
existing seed rows in the table; candidate ranking orders the gen-
erated candidates by a metric of suitability as a suggestion. This
approach is adopted by prior work, including the leading system
EntiTables [38, 39].

To maximise the breadth and freshness of row suggestions, a
system should be able to exploit the largest and fast growing knowl-
edge base Wikidata [32]. Existing systems such as EntiTables have
only been proven against smaller knowledge bases such as DBpe-
dia [1], and key characteristics of Wikidata mean that techniques
suitable for DBpedia are not suitable for Wikidata. For example,
EntiTables uses as entity types the hand-curated Wikipedia cate-
gories imported into DBpedia. In contrast to DBpedia, the ontology
of types and categories in Wikidata is known to be messy and loose.
As Krotzsch says [18]: “Good ontologies are hard work and don’t
just ‘emerge’” Unfortunately, any candidate generation mechanism
for Wikidata that relies on types or categories will surface a large
number of candidates that cannot be ranked efficiently.

We develop a new algorithm for candidate generation suitable
for large scale knowledge bases such as Wikidata. We start from
the BigGraph embeddings [20] of the seeds and create a candidate
set from their nearest neighbors. Entity embeddings allow us to
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find relevant candidates without relying on a well defined type on-
tology, and without surfacing vast numbers of candidates. Previous
approaches exploit external data sources to obtain candidates, such
as tables found on the web [38, 39]. We use free text generation via
GPT-3 [6] to improve the diversity and coherence of candidate sets.
Generative language models like GPT-3, which are trained with
almost the entirety of web data, capture a rich knowledge of co-
occurrence information that users tend to use in practice. Creative
output comes at the cost of reliability so in our work we ground the
generations by translating the strings to knowledge base entities,
ensuring every suggestion is linked.

In order to find a suitable ranking function we start by creating a
set of features based on tabular structure and KB semantics. Unlike
previous work we make a distinction between in-table and out-of-
table properties shared between seeds and candidates. Although we
have a manageable set of candidates there is still a significant class
imbalance. We re-phrase the problem as outlier detection where
the good suggestions are outliers. We use the output of the detector
as the ranking function.

Mitigating Bias in Row Suggestion. Some tables describe fixed sets
that can be completed by row suggestion, such as U.S. states, while
other tables describe large or innumerable sets, such as CEOs. As a
consequence, completing a table using row suggestion might not be
achievable, or it might not be desirable as it would be overwhelming
for the user [7]. In the case where we return an incomplete set we
need to be mindful regarding hidden biases and in this work we pro-
pose an enhanced ranking function that minimizes representational
harms, in particular stereotyping. This is particularly important
as users tend to over rely on embedded Al systems with initial
adoption [11]. In the NLP literature there are several approaches
for “debiasing” [3] and in this work we introduce a new alternative.

We propose the concept of diversity preservation: the idea that the
distribution of a property of concern in the underlying population
is preserved in the completed table. For instance, when enhancing
a table about CEOs we may know that in Wikidata roughly 15%
of relevant entities are women. If our system only suggests male
candidates we know we need to correct our prediction and re-rank
our candidates. Although we are aware that Knowledge Bases are
inherently biased, we believe that maintaining a minimum diversity
relative to a verifiable source and informing the user of our bias
measure can increase trust and awareness.

Contributions.

(1) We propose a new, scalable, algorithm for candidate row
generation. Starting from seed entities in a table we use
BigGraph embeddings to create a pool of candidates that we
further diversify with candidates generated from free text
generation (GPT-3).

(2) We suggest a novel ranking function based on an outlier de-
tector trained to account for semantic similarity and tabular
structure.

(3) We introduce the idea of diversity preservation to mitigate
bias during row suggestion, suggest a quantitative metric
for binary properties, and measure performance of our algo-
rithms on a small test set.

Trovato and Tobin, et al.

(4) We enhance current property linking algorithms by catering
for missing properties in the KB.

Relative to prior art [38, 39] our system achieves and even ex-
ceeds performance on standard metrics under a more general setup:
linking and generation in Wikidata versus DBpedia, free text gener-
ation versus Webtable alignment, and using only limited metadata
(seed rows) versus rich metadata (seed rows, headers, captions, and
titles)

2 RELATED WORK

For relevant work we include both row suggestion and set expan-
sion literature as the tasks are highly related.

Regarding candidate provenance previous work has either taken
a similar approach to ours and source from a Knowledge Base such
as DBpedia or Freebase ([26], [27], [42], [51], [39]), or use free text
([28], [30], [25]) or use structured text such as web tables ([33], [8],
[39]) or web queries ([13], [14], [34]).

In order to tackle ambiguity and semantic drift several research
contributions make use of similarity between words/concepts by
employing lexical or syntactic reasoning, embeddings or corpus
co-occurrences ([14], [27], [30], [37], [42], [28], [38]) as well as
improving the seed quality [25]. To our knowledge we are the first
to use an entity embedding space, BigGraph [20], to account for
relations between entities for ranking and generation.

Previous work uses various model classes for ranking, for exam-
ple Machine Learning approaches ([35], [8], [19], [43], [36]), prob-
abilistic approaches ([13], [33], [34], [30], [31], [39], [10]), graph
theory approaches ([44]), and human-in-the-loop approaches ([24],
[9]). Our pipeline uses Machine Learning components as we in-
clude free text generation and use the output of a unsupervised
outlier detector as a ranking function. Unlike previous work we do
not train or fine-tune the language model or the embeddings on
tabular data. Due to the lack of a large corpus of varied data (the
datasets are primarily synthetic or carefully curated) we are wary
of generalization.

For relevant work regarding mitigating bias we refer to the liter-
ature presented in [3]. Previous approaches primarily debias using
data manipulation (for example by augmenting data [46] or word
embeddings [47]) or model adjustment [45]. Our work is most re-
lated to approaches that constrain predictions, for example [45].
We do not modify the optimization function, but re-rank candidates
so that the enhanced table is not significantly more biased than the
KB.

3 TABLE INTERPRETATION

A key attribute of Wiki2Row is that row suggestions are linked
to data within the knowledge base. This attribute comes under
the umbrella of table interpretation that can be further split in
three sub-tasks as proposed in [2]: column type identification, entity
linking and property linking. This task has been well studied and
a thorough survey [40] has been recently published. In our work,
table interpretation is a secondary contribution that supports row
suggestion. We rely on previous methods for entity linking, in line
with the work presented in [41], and improve the algorithm for
property linking as this task is fundamental for our row suggestion
algorithm. Section 4.1 describes our property linking algorithm.
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We now formally define the task of table interpretation, starting
by describing the tabular data and knowledge base (KB), and then
defining the task settings.

Let T range over relational tables of the form {t11,...,tmn},
where t ranges over text values. A table is a matrix of text cells of
m rows and n columns. Write T[l-,*] for row i in table T; write T[
for column j in table T.

To make our approach generally applicable, we do not assume
availability of metadata beyond the table contents, such as column
headers or titles.

The knowledge base (KB) studied in our work follows RDF (Re-
source Description Framework) standard which consists of a termi-
nological component (TBox) and an assertion component (ABox).
Let & = {ey, ..., e|5‘} be the set of all entities in the KB. The TBox
defines the schema structure of the KB including type ontology
7 and properties set . The type ontology 7 = {71, ... 7j7} € &
consists of type definitions and a type hierarchy constructed with
the subclass of relation. An entity e € & can belong to one or more
types of the type ontology. Specifically, we write type(e) = 7 to
denote an entity e belongs to a type © € 7. The properties set
P = {p1,...p|p|} defines the set of possible properties used to
describe key attributes of an entity. The ABox is the instantiation
of KB which is composed of a set of RDF triples (s, p, 0), where s
denotes a subject (an entity e € &), p € P is a property (also known
as predicate or relation) and o denotes an object (an entity e, or a
data value, e.g. number, time, string etc.). We write p(e) for property
lookup that returns o when (e, p, 0) exists in the KB, and L other-
wise. We implicitly assume that p(e) maps to zero or one target.
Although tailored for our target KB, Wikidata!, the same notation
applies to other knowledge bases like DBpedia and Freebase, etc.

Definition 1. Given table T and entity set &, table entity linking
aims to link entity mention my in a specific cell ¢; j of table T to its
referent entity in &, or predict there is no corresponding entity in
the KB, denoted L.

Definition 2. Given table T and property set P, property linking
is the task of associating a pair of columns, indexed by s and o,
with a property p € ¥ such that property p relates Tj 5 and T}, o]
componentwise.

71

4 ALGORITHMS OF WIKI2ROW

In this section we describe the novel algorithms of our system
Wiki2Row. Our contributions focus on two primary tasks: property
linking (Section 4.1), defined earlier; and row suggestion (Section 4.2),
which we now define.

Definition 3. Let E = (eq1,1, ..., en,1) be the list of entities corre-
sponding to the left most table column. Row suggestion generates
a ranked list of entities Ey ¢y to be added to E. Table completion
generates a ranked list of entities to complete the set of entities in
E such that EU Ey,cqy = Eqpaq, the maximum representative set (i.e.
no further entities share the set membership).

4.1 Property linking

Our main contribution for the KB linking model regards property
linking rather than entity linking. Given a set of candidate enti-
ties for the main column we try to find the most likely mapping

Uhttps://www.wikidata.org/
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between relational columns and Wikidata properties. We take a
similar approach to [41] with a couple of modifications - we take a
different approach to linking numerical columns and we include a
module to cater for missing properties.

Numeric Properties. For numeric properties we introduce the
concept of characteristic ranges. Write Cp.; for the characteristic
range of property p for type 7, defined as:

Cp;r = range(characteristic(&p.r))
where &y, = {p(e)|Ve € E.type(e) = 7, p(e) # L}
and p is a numeric property.

The characteristic function removes the outliers from the set via
Isolation Forest Algorithm [21]. The range function returns upper
and lower bounds for a set of numbers.

We now define a property scoring function for a numeric cell
value t; j in table T, given linked main column £ which is a column
vector of entities. First, write 1 for the indicator function that maps
true to 1 and false to 0. Write score;;(p) for the exact property
score and write score®;j(p) for the approximate property score,
defined as:

score;j(p) = L(conv(p(L;) = tij))
score”;j(p) = 1(3r.conv(tyj) € Cp;r A type(L;) = 1)

As a first pass we say that a cell value (t;;) is consistent with the
property value of the linked entity in the same row (£;) if their
values are equal within unit conversion (conv). If this approach
does not return sufficient coverage or there is a tie we compute a
secondary score that approximately matches using a characteristic
range, also within unit conversion.

String Properties. Our second contribution is to introduce an
algorithm that improves property linking when the property values
are strings. We say that a cell value (t;;) is consistent with the
property value of the linked entity in the same row (£;) if their
values are equal within fuzzy matching (similarly to [41]). If this
approach does not return sufficient coverage or there is a tie and
p(Li) = L, we estimate how likely it is that the property is missing.
We do this by looking at the properties of the n nearest neighbors
in BigGraph that share the type of e,

score(p,e) = ) sim(e;, ) (1(p(e;) # 1) = L(p(es) = 1))

_ La(e, ei)
max({Lz(e,e;)j <m)})’
where f(x) = min(max (0, f(x)), 1).

sim(e, e;) =1

We choose BigGraph embeddings as they are highly representa-
tive of the relations within Wikidata. BigGraph assigns a feature
vector (embedding) for each entity, trying to place adjacent entities
close to each other in the vector space, while pushing unconnected
entities apart. Therefore, entities that have a similar distribution of
neighbors will end up being nearby.

We now define a property scoring function for a string cell value
tj j in table T, given linked main column L. Write score;;(p) for
the exact property score and write score™;;(p) for the approximate
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property score, defined as:

score;j(p) = L(p(Li) = tij)
score’;j(p) = arg max,cpred Inax score(p, e)
1i

Complete Property Linking. We now define the complete property
linking algorithm. Let T be an (m, n)-table with linked main column
L, and let j be the index of the column to be linked; function
LINKPROPERTY(T, L, j) returns the linked property for column j
or fails, and is defined in Algorithm 1.

Algorithm 1 Property linking for column index j

function LINKPROPERTY(T, L, j)
Pe—{pecP|Tec L.ple)+ L}
s —{pr Yicmscore;j(p) | p € Pe}
Smax < {p > n € s | n = max(image(s))}
¥ —{pr>n+n’|Vp>ne€ smax.
n’ = Y;<mif score;j(p) = 0 then score™;j(p) else 0

}

Smax < {p — n € s¥ | n=max(image(s¥))}
if smax = {p — n} A n > threshold then

return p
end if
if s5 . = {p > n} An > threshold then
return p
else
return fail “Cannot Resolve Confidently”
end if

end function

4.2 Row suggestion

Algorithm 2 Row suggestion for table T with seeds £

function SuGGesT(T, L)
T < commonTypes(L)
P r < {LINKPROPERTY(T, L, j) | j € cols(T)}
Er — {ec & |type(e) e Tx AVpePyp. ple) # L}
// 1. Select top candidates from knowledge base.
C « topk (sortyist ({(e, arg min dist(Lj, e)) | e € Er}))

0<i<| L]
// 2. Extend candidates using language model.
T’ « toTable(GPT-3(toText(T)))
C — CU{link(¢') | ¢' € T[/*,1]}
// 3. Rank the combined candidates.
return rank(C)

end function

Algorithm 2 presents the high-level algorithm for row sugges-
tion, which we now describe in detail. Row suggestion takes as
input a table T of seeds, and the linked main column £. We split
the algorithm for row suggestion into three sub-tasks: candidate
generation from the knowledge base, candidate generation using
free text generation, and candidate ranking.

Candidate generation is particularly important as ranking all
candidates in Wikidata has a high computational cost and at the

Trovato and Tobin, et al.

cosine L2

2000

1500 -
1]
2
C
>
o

O 1000 -

500 -

0 T T T T
0.0 0.2 0.4 0.6 0.8

Normalized Minimum Distance

Figure 1: The characteristic distribution of ground truth row
suggestions in BigGraph under scaled cosine similarity and
L2 distance as generated on a subset of the validation data.

current rate of growth it cannot scale even with the most efficient
ranking algorithms. We propose a combination of two approaches
that complement eachother to create a diverse candidate set.

Generation from KB. First we source knowledge base candidates
from Wikidata using the BigGraph embedding space. The initial
step is to prune the knowledge base using basic predicates, reducing
the amount of computation required within the high dimension
BigGraph embedding space. We retain only the entities that share
an immediate type with a seed entity, and that also have every
linked property from the table—we name this set E7. When we
have a small number of seeds (our current setup), we search Er
for the nearest neighbours of each seed, selecting the closest k
candidates using rescaled cosine distance (written dist). We can
extend this approach for very large tables when we might want
to keep extra seeds by checking if we can find clusters in the seed
space. By using BigGraph embeddings we did not have to train a
new set of embeddings on relevant tabular data to build a space
that is representative for our setup (as proposed in [38]) because
the embedding space is already constructed based on the relations
between entities.

A key assumption in our work is that using nearest neighbors in
BigGraph is meaningful for generation via similarity. In our work
we explored various distances and we briefly discuss two options:
L2 distance and cosine distance. In Figure 1 we can see the typical
distribution of minimum L2-distances (normalised by the maximum
observed distance) and minimum rescaled cosine distance between
a seed and a target entity. Unlike other static embedding spaces
candidates are not at the closest distance because when embedding
entities (and not words) we end up clustering close variations of
entities together. As Figure 1 shows, cosine distance is better than
the L2 distance at grouping targets closer to the origin as in the
case of standard embedding spaces. Recall that in order to keep the
set manageable we require that a viable candidate has at least one
type in common with the seeds and has in-table properties amoung
its properties. Requiring full property overlap is too restrictive for
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our choice of KB considering the property sparness in Wikidata. In
some cases (for example when the type is human) we need to further
limit the number of generations so we constrain by demanding only
in-table property overlap.

Generation from GPT-3. The second approach for candidate gen-
eration is to enhance the candidate pool with predictions obtained
from GPT-3 free text generation. Input table T is converted to text
and used to sample GPT-3, from which textual rows are generated
and converted to table T”. For each text cell in the first column of T’
we attempt to link using Elastic Search, and the best entity results
are added to candidate set C. Unlike previous approaches we do not
fine-tune or train on tabular data [8] and we do not require further
context [19] as we can use the seed table as a prompt. We believe
this is particularly important considering how homogeneous the
current tabular datasets are.

Candidate Ranking. After we create a pool of candidates C, we
construct a novel ranking score that takes into account the following
features.

o Distance to closest seed.

e Ratio of properties not in the table in common with seeds.

e Minimum normalised Levenshtein distance between candi-
date entity label and seed entity labels.

e Minimum string embedding (in FastText space [4]) cosine
distance between the candidate entity label and seed entity
labels.

e Ratio of types shared between seeds and candidate.

e Ratio of seeds that have the candidate as a neighbour.

o Candidate generator (BigGraph, GPT-3, or both).

We rank by using the output of an outlier detector that predicts
whether a candidate should be part of the suggestion set. We pro-
pose pursuing this class of algorithms as despite our best efforts
class imbalance (correct versus incorrect suggestions) is significant.
We find that with a few features we can have reasonable perfor-
mance and efficiency by considering semantic, tabular and entity
features. To account for semantic information we use Levenshtein
distance and cosine distance in a static embedding space. We choose
FastText as it has better performance for out of vocabulary and
rare words. To better link the knowledge base characteristics to
the information presented in the table we create various features
between the seeds and candidates and prioritize in-table properties
(as candidate filters).

We can classify outlier detectors in three classes, supervised,
unsupervised and semi-supervised, and we use the toolbox pro-
posed in [50] for detection algorithms. In this work we show best
performance for each class of systems. For semi-supervised and
supervised systems we first use a kNN algorithm on the training
data to assign table-clusters based on our feature space (and then
map the test tables to a given cluster). As a supervised system we
use XGBOD [48], an ensemble system that combines unsupervised
outlier mining algorithms to extract representations to improve the
feature space on top of which runs a supervised classifier. For each
cluster we train a VAE [16] on non-outliers (incorrect predictions)
and find outliers using the reconstruction error (the hypothesis
being that the higher the reconstruction error, the most likely a

Conference’17, July 2017, Washington, DC, USA

candidate is to be a viable suggestions). Finally we can split unsu-
pervised methods in several subclasses, linear models (e.g. OCSVM
[29]), proximity-based (e.g. LOF[5]), probabilistic (e.g. ABOD[17])
and neural networks (e.g. MO-GAAL [22]), and considering the fea-
tures we have created proximity-based and neural network models
are most suitable.

5 MITIGATING BIAS IN ROW SUGGESTION

For a given binary property of entities, a table with row suggestions
preserves diversity if the distribution of the property in the whole
table equals or exceeds that in the underlying population.

Quantifying Diversity Preservation. We quantify the probabil-
ity of diversity preservation by a simple application of standard
Bayesian statistics. Consider a binary property p and let d be the
probability of p(e) = 1 for any entity e in the underlying popula-
tion. We consider the binary values p(e) for each e in the completed
table to be a sequence of Bernoulli trials with an uncertain probabil-
ity parameter p. For the row suggestions to reflect the underlying
distribution d, we wish that y > d. We cannot know y exactly from
a few samples in the table, but we can calculate the probability that
u > d. We say that a row suggestion preserves diversity (of property
p) with probability P to mean that P is the probability that y > d.

By classical probability [15], the posterior distribution of the
unknown parameter p is u ~ Beta(c+ 1,n — ¢ + 1), where c is the
count of entities e with p(e) = 1 and n is the number of rows in
the completed table.

For example, if d = 15% and the count of p(e) = 1 is exactly
¢ = 15 for a completed table of 100 rows, then the probability that
u > 15% is 55%. If ¢ = 14, the probability that y > 15% is 44.1%.
If ¢ = 5, the probability that 4 > 15% reduces to 0.1%.

In the limit, as n tends to infinity, if the count ¢ = d X n, the
probability P (that p > d) tends to 50%. If d < 50% then P tends
to 50% from above. Hence, if d < 50%, whether a row suggestion
preserves diversity of with probability 50% is equivalent to whether
+ 2 d. Still, the advantage of defining the probability P over the
simple binary test > d is that P amounts to a numeric score for
how well diversity is preserved, and we can systematically choose
an acceptance threshold other than 50%. (These calculations are
based on standard properties of the Beta distribution.)

Choosing the number d and the acceptable probability of di-
versity preservation is a matter of policy. We can set d based on
statistics from the knowledge base or from some other source. If
our policy is for diversity preservation to be 40% probable or more,
the examples ¢ = 15 and ¢ = 14 above are acceptable, while ¢ = 5
is not.

Algorithm for Diversity Preservation. We start by identifying a
finer grained type for humans, for example humans who are CEOs,
and we compute the distributions over properties in Wikidata asso-
ciated with systemic bias in society. Relevant properties include: sex
or gender, religion, convicted of, ethnic group, unmarried partner,
blood type, social classification, sexual orientation, lifestyle, and
medical condition. Given a seed table, we suggest extra rows using
the algorithm of Section 4 (or indeed some other algorithm). For
each property p that we wish to protext, we compute the proba-
bility P that the enhanced table (seeds and suggestions) preserves
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diversity with respect to p. If P is below an acceptable threshold
(such as 40% mentioned above) we reject the row suggestions, and
need to re-rank the suggestions by prioritizing the top candidates e
with p(e) = 1 so as to exceed the acceptable threshold. The choice
of properties to protect and the acceptable thresholds are questions
of policy, outside the scope of this paper, but determined by the
particular application of row suggestion.

6 EXPERIMENTAL EVALUATION

Datasets. In this work we use three datasets: the full SemTab
Round 2 data with targets for Property linking (12174 tables and
43753 targets), the test and validation datasets proposed in [39]
(each have 1000 tables) and a toy subset of the SemTab data that
is suitable for our Bias Mitigation setup. For table completion we
pruned the test data in [39] to 932 tables as the entities are either
not present (or of poor quality) in Wikidata, or not well defined in
BigGraph (we could not find neighbours). For bias mitigation we
collected tables where humans share the same career at different
granularity levels (for example politician, personality or athlete
from Soviet Union). As there is no ground truth we wanted to
keep the size of the dataset manageable for manual checking and
annotations and limited to 35 tables with 7.86 rows and 4.78 columns
on average.

The SemTab dataset is synthetically generated via SPARQL queries
on Wikidata. Various data manipulations on original entity title, e.g.
using aliases (Michael Jordan may be also named Air Jordan), in-
jecting spelling errors by randomly inserting, deleting or replacing
some characters etc, are introduced to make the data more chal-
lenging. In contrast, the datasets in [39] are from WikiTables which
are real tables curated by humans. To our knowledge there are
currently no large scale, high quality annotated real tables suitable
for this problem.

Dataset augmentation. In order to improve our experimental
results we have to augment the data in a couple of ways. As the
WikiTables dataset was curated in 2014 as part of TabEL [2], the set
of ground truth suggestions is incomplete, for example the table
about US presidents does not include Donald Trump. Unfortunately
extending the ground truth tables can be noisy so we choose a more
conservative approach: we create a set of rough table extensions
and we check if any of the extra entities are among the highly
ranked candidates in our model. If they are we remove them when
reporting results. This problem affects at least 58 out of 937 tables.

A second issue with the curated test set is that the main assump-
tion in the task definition does not necessarily hold for this dataset.
A significant number of tables in the test set are not strictly rela-
tional (as defined in [40]). A common pattern (between 8.7%-19.8%)
can be seen in Figure 2. From the task definition (Definition 3)
there is an implicit assumption that the first column is the main
column, but in this case the relational columns do not describe the
sports event (they are properties of the athlete). We can argue that
tables like this are actually two tables joined on a common column
- in this case the Player. With our property linking algorithm we
can identify the join column in the table as defined by maximum
number of properties identified. We then restrict the table to first
column and join column to run our algorithm to find suggestions
for the first (main) column. Conservatively we estimate that at
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Year Player Team represented
1994 Emmitt Smith Dallas Cowboys
1995 Barry Sanders Detroit Lions
1996 Brett Favre Green Bay Packers

Position played
Running back
Running back
Quarterback

Figure 2: Example of non-relational table in WikiTables.

least 83 tables are joined tables and not strictly relational. As far as
evaluation is concerned, we could avoid this debate by reporting
full row predictions. Unfortunately as prior art does not currently
support full row suggestions we leave it for future work to make
sure we report fairly by extending the baselines.

Experimental setup. For rapid development we created a pipeline
to download Wikidata dumps and load them into a Spark distributed
cluster in DataBricks that accepts between 2-11 workers (Standard
DS4 v2 with 28GB Memory, 8 Cores, 1.5 DBU). The full pipeline can
efficiently run in Databricks and the runtime upperbound for the
full test set is 14 minutes for entity-property linking, 47 minutes
for candidate generation, 11 minutes for feature generation and 6
minutes for ranking. We believe the runtime can be significantly
improved as we have not focused on optimizing the pipeline. For
reproducibility we use the pre-trained BigGraph embeddings for
Wikidata® (2019 version - which includes 55 million Q-number
entities) and the 300 dimensional, 1 million FastText Embeddings3
trained with subword infomation on Wikipedia 2017, UMBC web-
base corpus and statmt.org news dataset.

Particulars to reproduce Candidate Generation Experiments. In
order to generate GPT-3 candidates we call the API 10 times on
average (as we are limited by the number of tokens) and use tem-
perature 0.8 (we trade stability for diversity). We generate 100 raw
candidates per table out of which, on average, only 56 can be linked
to a Wikidata entity and generate 386 candidates. Thus we generate
significantly less candidates than standard approaches and just 20
times more than the average table size (21 rows).

For BigGraph generation when using the type constraint we
reduce the search space by a factor of 50 at the cost of limiting
maximum average recall to 93.6%. Introducing the in-table prop-
erty constraint reduces the space further by a factor of 2 without
affecting maximum average recall.

Particulars to reproduce Ranking Experiments. In our work we
have experimented with all the available detectors in [50]. In gen-
eral we found that ensembles give a performance boost of 5%-7%
and in particular XGBOD [48] and LSCP [49] perform best. We set
the contamination level between 1%-6% and as we use the output
just for ranking (and not classifying), we are looking for methods
that are tolerant to changes in the contamination hyperparameter.
For proximity based methods we are also interested in the number
of neighbours hyperparameter and for all the methods we have
tried the results did not change drastically by changing this hyper-
parameter.

Zhttps://torchbiggraph.readthedocs.io/en/latest/pretrained_embeddings.html
Shttps://fasttext.cc/docs/en/english-vectors.html

639
640
641
642

643

645
646
647
648
649

650

652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695

696



697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729

730

Wiki2Row: The In’s and Out’s of row suggestion with a Large Scale Knowledge Base

For unsupervised methods, MO-GAAL[22] outperformed other
neural network approaches, but we found that it was not partic-
ularly stable for our set of features (level of contamination and
number of subgenerators had a fair impact). Furthermore training
and inference is significantly more expensive than other methods
without a substantial improvement (as can be seen in Table 4).
Proximity based outlier detectors proved to be very effective for
the set of features we created and HBOS [12] had a slightly better
performance than other approaches.

For supervised and semi-supervised methods we use a subset of
the validation set proposed in [39] that we can confidently link to
Wikidata (912/1000 tables).

Property linking results. We start by presenting an ablation study
to show our system’s Property Linking performance. We chose
SemTab data as we can report results that are externally verified
as part of this year’s competition. As the competition is ongoing
we are not aware of the architectures used by the other leading
models, MTab4Wikidata and TeamDagobah, thus we are just re-
porting relative performance. Our method achieves comparable
performance with the top1 team (MTab4Wikidata) and we notice
that our missing properties technique gives us a boost of 3.2% as
can be seen in Table 1. For this dataset the gain is significant as
basic methods can achieve very high scores - our simple baseline
where we do direct matching achieves 95%. On this dataset simple
numerical linking was sufficient and we had no gain from using
our more advanced approach. We report results only for Round 2 as
we could not run an ablation study on other rounds (the number of
submissions is relevant for the challenge). As the data is generated
with the same processing we do not think there will be a significant
change.

Property linking
F1 PRECISION
MTab4Wikidata 99.7 | 99.7
TeamDagobah 99.2 | 99.4
Direct-match 95.0 | 95.0
Wiki2Row 96.1 | 97.7
Wiki2Row + missing property | 99.3 | 99.4

Table 1: Property linking results on SemTab2020 Round 2
data.

Candidate generation results. An important component of our
work is candidate generation. Unlike previous approaches we gen-
erate candidates from Wikidata and unfortunately the prior gen-
eration algorithms are not suitable for this KB. Categories play an
important role in previous approaches [39], but for the vast major-
ity of Wikidata entities categories are not provided and thus we
cannot fairly compare approaches by a direct implementation of
prior art.

We provide a first comparison in Table 2 by looking at the per-
formance of our approach versus the current state of the art in can-
didate generation. The number of candidates quoted is the average
total number of generations per table, for Entitables = EntitableKB
+ WebTables (1505) and for Wiki2Row = BigGraph + GPT3 (386),
where in a given budget we prioritise WebTables/GPT3 over KB
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Average Recall per number of candidates generated
METHOD | Ancror [ 1000 | 10000 [ 100000
EntiTables KB | DBpedia | 63.8 78.9 88.2
EntiTables + tables 78.4 93.9 96.6
BigGraph type | Wikidata | 63.5/71.2 | 80.6/87.3 | 89.5/93
+ GPT-3 + free text | 78.1/82.9 | 88.4/92.9 | 94.8/96.1
+ in-table prop | Wikidata | 64.5/71.9 | 81.2/87.6 | 89.8/93.2
+ GPT-3 + free text | 80.4/85.1 | 90.2/94 95.7/96.2

Table 2: Average recall for generations from top 3 seeds. Re-
sults from testing with 932 tables from Wikitables [2], as
used to benchmark Entitables [39], augmented for use with
current Wikidata as described in Section 6. The top two
rows of results describe variations of EntiTables; the bottom
four rows of results describe variations of Wiki2Row. For
Wiki2Row, we provide the results for generation when the
distance is L2 (left side) or cosine (right side). High recall on
1000 candidates is perhaps most important: the Wiki2Row
recall of 85.1% is best, and means that on average about 16
rows are included in the candidate set, as the test tables have
on average 18.4 rows (apart from seeds) to be predicted. The
Wiki2Row advantage diminishes on 10,000 and 100,000 can-
didates, but the additional orders of magnitude (10X and
100X) of computation yield only a few extra rows in abso-
lute terms.

Stability study
3 SEEDS 4 SEEDS
EntiTable KB 73.1 +/- 0.1 74.9 +/- 0.08
EntiTables 93.6 +/- 0.08 | 94.2 +/- 0.07
BigGraph 75.9 +/- 0.09 | 77.6 +/- 0.08
GPT-3 44.8 +/- 2.6 46.3 +/- 3.2
BigGraph + GPT-3 | 93.8 +/-0.6 | 94.1 +/-0.8

Table 3: Average recall performance with error-bars by chos-
ing every 3-seed/4-seed combination in top 5 rows. The bot-
tom three rows describe variations of Wiki2Row. We limit to
an average of 5000/6000 candidates per table to recover the
EntiTables generations from Table2Vec [38]. Results from
testing on same 932 tables as described in Table 2.

generation. For the baseline we reimplemented the work presented
in [39] and we can recover their performance (the results from
[38] can be seen in Table 3). For our work we provide an ablation
study to show the effect of each refinement. When the number of
candidates is relatively small we significantly improve performance,
but lose our advantage as we increase number of candidates. We
hypothesize this is a consequence of the fact that Wikidata is sig-
nificantly larger than DBpedia. We observe similar results for 4 or
5 seeds.

Previous approaches only report results by generating sugges-
tions when they consider the top-k rows as seeds. We argue that
unless we treat rows as an ordered collection the generation should
be order agnostic. We report average recall for 3 or 4 seeds in Ta-
ble 3 for our best performing model where we prune by type and
in-table properties and generate 5000 candidates.
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Mean average precision for table completion
METHOD TypE Wiki2Row | ENTITABLES
3 4 3 4
Table2Vec Supervised 53.4 | 53.6 | 59.9 | 60.2
XGBOD Supervised 68.2 | 68.4 | 59.8 | 60.4
VAE Semi-supervised | 60.7 | 61.2 | 58.6 | 58.4
MO-GAAL Unsupervised 61.8 | 61.6 | 59.7 | 59.6
LSCP + HBOS | Unsupervised 60.2 | 60.6 | 54.2 | 54.9

Table 4: Mean average precision (MAP) for table completion
by taking the top 3/4 rows as seeds. We report performance
on the whole ground truth set and inherit a handicap from
candidate generation (between 6% - 7%). Results from testing
on same 932 tables as described in Table 2.

We have included only 3 and 4 seeds as previous models have
peak performance in this case and GPT-3’s prompt requires a fair
amount of information. As we can see the error margin is relatively
small for BigGraph and prior art, but significant for GPT-3. In our
study we observed that GPT-3 performs very well in a scenario such
as Figure 2 when there is an apparent order. Our best hypothesis
is that when the seeds have a certain pattern GPT-3 confidently
reproduces the pattern, which is consistent with previous studies
[6].

Thus we have shown that despite generating from a larger, less
well structured KB we manage to achieve and even exceed the
candidate coverage from prior art on DBpedia.

Ranking results. For the task of table completion we test the capa-
bilities of the ranking function by using the candidates previously
generated. When comparing the generation results between the
two methods we find that in the case where we restrict candidate
numbers to 5000 we have only 1121 candidates in common (on av-
erage). As we want to test the ranking function we run our outlier
detection algorithms over both candidate sets in Table 4. For the Ta-
ble2Vec ranking function [38] we directly quote the authors’ results
and our own implementation of their method for our candidate
set. We do not compare against [8] as they are only considering
the case where we have 0 or 1 seeds which is not applicable to our
scenario.

As Table 4 shows, XGBOD has the best performance on this
test set, but non-supervised methods also perform competitively.
This result is particularly important as it indicates that our set of
features is well constructed. Unfortunately the good results do not
necessarily translate for the candidate set generated in EntiTables.
We hypothesize this is caused by the way we constructed our fea-
ture space to take advantage of BigGraph’s stucture which does not
translate as well for DBpedia entities mapped in the Wikidata space.
Similarly Table2Vec’s method did not work as well for our candi-
dates as the suggestions generated by BigGraph are semantically
closer to the ground truth.

Although scoring worst, LSCP+HBOS can be a good choice con-
sidering it is significantly more efficient than other approaches and
it is fully unsupervised. Thus we hope it would generalize well and
be easily supported for online pipelines.

Mitigating Bias. We focus on 35 tables of humans, and consider
preservation of diversity with respect to the fraction of women.
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Figure 3: Bias scores as a function of number of suggestions.
We observe that the level of bias does not improve with more
suggestions as we do not observe many samples above the
diagonal. Results from subset of 35 tables from the test set
described in Table 1.

We considered several occupational categories for humans, each of
which has a different fraction of women in our underlying knowl-
edge base. Some of these fractions are: singer (45.8%), musician
(14.7%), politician (12.3%), writer (26.9%), personality (23%).

For each of the 35 tables, we took the diversity d to be preserved
as the fraction of women in the occupation of the table, suggested
a set of rows, and computed the probability P that the completed
table preserved diversity. We computed this score P for different
numbers of suggested rows: 30, 50, and 70 suggestions.

Figure 3 plots each score for 50 and 70 suggestions, versus the
score for the baseline of 30 suggestions. The plot shows we obtain
baseline scores across the whole unit interval, with a concentration
below 20%. We do not see a particular improvement with 50 or
70 suggestions, unfortunately, as one would hope the probability
would rise as more observations are available. A simple explanation
is that diversity preservation becomes stricter with the number of
samples as the uncertainty around parameter p decreases. Thus
having a re-ranking strategy is important especially in large sets.

Figure 4 shows the results for the most common categories in
the dataset. There appear to be significant differences in the ability
of some parts of our system to preserve diversity, depending on
the occupational category. For politicians we perform particularly
poorly and this is consistent with previous bias experiments for
language models where certain jobs (such as engineer [23]) are
significantly under-represented. Other categories, such as singer,
have a good performance despite the high fraction of women (45.8%)
in the Wikidata population, but it might be an artifact of the small
test set. We leave as future work to identify which parts of our
system or indeed the knowledge base can explain the differences
in scores between occupational categories.

To summarize, diversity preservation is important for row sug-
gestion, and we have preliminary results. Our test set is small and
we cannot yet draw meaningful conclusions from the data. Still, we
present results to exemplify the type of analysis we could conduct
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Figure 4: Bias scores for the most common categories in the
dataset, when suggesting 30, 50, or 70 suggestions per table.
The Score axis is the probability that a suggestion preserves
diversity (with respect to women), that is, the probability
that ¢ > d where d is fraction of women in the underly-
ing Wikidata population and y is the inferred parameter for
women in the table completed by the generated rows. The
fraction d is 23% for human, 12.3% for politician, 45.8% for
singer, and 26.9% for writer. Results from subset of 35 tables
from the test set described in Table 1.

at scale. It is important too to preserve additional factors, including
for example race.

7 CONCLUSIONS AND FUTURE WORK

The focus of our work is to present a new solution for row sugges-
tion that improves on previous state-of-the-art approaches. During
our research we became aware that systems currently only consider
small, well-curated KBs and thus we decided to build a system that
is tailored for Wikidata, the largest and fast growing knowledge
base (at the time of writing having reached one hundred thousand
entities).

Although our results are encouraging we can further improve on
a few fronts. For instance, an approach such as the one presented
in [8] uses a deep learning model for contextualised embeddings.
In our future work we would like to marry such an approach (a
language model such as GPT-3) with our knowledge base model.
This way we would not have to engineer a feature set and hopefully
it would generalize better cross KBs. This approach would also let
us improve and integrate our entity-property linking system.

In order to proceed we require a better dataset and we will
focus on collecting and annotating user data. This way we can
be confident that any deep learning approach (that is for example
trained on WikiTables and tested on the new dataset) generalises
well, and that the results presented in this work are representative.
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