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ABSTRACT
Machine knowledge about the world’s entities should include quan-
tity properties, such as heights of buildings, running times of ath-
letes, energy efficiency of car models, energy production of power
plants, and more. State-of-the-art knowledge bases (KBs), such as
Wikidata, cover many relevant entities but often miss the corre-
sponding quantities. Prior work on extracting quantity facts from
web contents focused on high precision for top-ranked outputs, but
did not tackle the KB coverage issue. This paper presents a recall-
oriented approach which aims to close this gap in knowledge-base
coverage. Our method is based on iterative learning for extract-
ing quantity facts, with two novel contributions to boost recall
for KB augmentation without sacrificing the quality standards of
the knowledge base. The first contribution is a query expansion
technique to capture a larger pool of fact candidates. The second
contribution is a novel technique for harnessing observations on
value distributions for self-consistency. Experiments with extrac-
tions from more than 13 million web documents demonstrate the
benefits of our method.
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1 INTRODUCTION
Motivation and Problem. Large knowledge bases (KBs) [20, 46],
such as Wikidata [43], DBpedia [24], YAGO [40] or NELL [10], con-
tain many millions of entities and more than a billion of facts about
them. The facts are typically represented in the form of subject-
predicate-object (SPO) triples (along with qualifiers for higher-arity
relations), and include, for example, properties of the Eiffel Tower
like its location, architect, opening date, material, height, mass, and
more.

The last two properties are examples of quantity facts: physical,
technological or financial measures of interest, with proper units,
associated with an entity. These are covered well for prominent
entities, but KBs exhibit large gaps in quantities for less popular
entities. For example,Wikidata knowsmore than 2million buildings
but has height entries for only less than 0.4% of these. For its 6183
sprinters, it has 100 meters race times, typically personal records,
for only 38. For athletes running 400 meter hurdles, only 21 have
information about their race times. Even Karsten Warholm, the
Olympic champion and world record holder, falls into this huge
gap (see https://www.wikidata.org/wiki/Q13900927 as of Oct 12, 2021).

The problem that we address in this paper is how to close this
gap in KB coverage. To this end, we present new methods for
automatically extracting quantity facts from web contents, so as to
augment the KB with the missing properties.
State of the Art and Challenges. Information extraction (IE)
from web contents like tables, lists and texts, has been greatly ad-
vanced over the past two decades [14, 28, 37]. However, it mostly
focuses on identifying and classifying pairs of related entities for
a given set of relations, typically based on patterns or distant su-
pervision. There is not much work on extracting pairs of entities
and quantities (other than for Wikipedia infoboxes and similarly
semi-structured content). IE for quantity facts from text comes with
the extra challenges of i) capturing the numeric value and proper
unit as well as possible scaling factor from natural language, and ii)
correctly connecting a quantity appearance to its entity mention in
the same passage (not necessarily the same sentence).

These challenges have been studied in some prior works, most
notably [27, 32, 34, 35]. However, while these methods address the
first challenge, they do not solve the second one: their outputs
are OpenIE-flavored with strings as arguments of SPO triples not
properly mapped onto KB entities. Moreover, they do not scale to
large input corpora.
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Figure 1: QL system overview.

The closest works to ours are the QEWT [35] and Qsearch [16]
systems. QEWT taps into web tables as input and does not carry
over to text input. Qsearch operates over large text corpora and
satisfies the functional desiderata towards enhancing KB entities
with quantities. However, both QEWT and Qsearch are geared
for query answering rather than KB population. To this end, both
optimize precision for top-ranked results of quantity-centric queries.
Neither of them addresses the challenge of achieving high coverage
of quantity facts for a given KB at large scale.
Approach and Contribution. To overcome the limitations of
prior works, we present a novel method, called QL1, for KB popu-
lation with quantity facts. As input, our method takes a text cor-
pus, a KB, a quantity relation to be populated (e.g., height) with
its active domain given by a set of KB entities (e.g., Eiffel_Tower ,
Empire_State_Building, etc.), as well as the target units (e.g., meter ,
feet, kilometer) from the KB schema. Specifically, we use Wikidata
as a KB, and produce output in the form of properly normalized
quantity facts that can enhance the KB.

Our method proceeds in iterative rounds as follows. First, a set of
fact candidates is computed from text by employing OpenIE [33, 34],
and disambiguating entities and normalizing quantities [19, 32].
Guided by the KB schema and its entities, we first generate a targeted
query to extract candidate facts from the text corpus, by using a
combination of OpenIE for numeric expressions [33, 34] and rules
[32] with entity disambiguation and quantity normalization [19].
After each round, the resulting SPO triples are split into a high-
confidence and a low-confidence group, based on classifiers. The first
group is considered mostly correct, while the second group mostly
noisy due to many false positives. Subsequent rounds refine both
sets, with the goal of expanding the high-confidence set.

To further increase the precision of the high-confidence group, we
devise a new technique that captures the value distribution of the
quantity of interest and employs a self-consistency test to demote
assertions with extremely low likelihood.

To gradually improve the recall of the final results, we devise a
new technique to expand the targeted query for gathering candi-
dates, after each round. By analyzing contextual cues in the corpus
occurrences of the current high-confidence candidates, our method
learns informative expansion terms for reformulating the query.
For example, given the initial query “⟨entity⟩ height” (with ⟨entity⟩
replaced by the KB entities), we may find snippets where the same
relation is expressed by phrases like “stands . . . tall” and can then
generate the query “⟨entity⟩ stands tall” for the next round.

1for Quantity Leap – not to be taken too seriously

By combining the distribution-based denoising with relation
contextualization for query expansion, we successfully tackle the
goal of high coverage without degenerating the KB quality standard
in terms of correctness.

The key contributions of this paper are as follows:
• We present the first approach to scalably capturing quantity facts
towards closing gaps in state-of-the-art knowledge bases.

• Our method includes two novel techniques for increasing recall,
by automated query expansion, and ensuring high precision, by
self-consistency checks against the quantity value distribution.

• Experiments with theWikidata KB and a text corpus of more than
13 million documents demonstrate the viability of our method.
For a set of 6 major predicates, we are able to extract a total
of 11,687 quantity facts, with average precision of almost 80%,
and above 30% of them missing in the KB. The code and data
are available at https://www.mpi-inf.mpg.de/research/quantity-
search/ql .

2 OVERVIEW OF THE QL SYSTEM
Given a predicate of interest and a set of KB entities, for which the
respective quantities are missing in the KB, our goal is to extract
these quantities from a text corpus. The QL system does this in the
following steps, as depicted in Figure 1.
Step 0: Data Preparation. As pre-processing, we run Open IE [33,
34] on the corpus, recognize and disambiguate named entities (using
[19] for entity linking, and [23] for coreference resolution), and
detect and normalize quantities (using [32]). The output is cast
into the Qfact representation following [16]: tuples of the form
F = (e,q,X ) where e is a KB entity, q is a quantity with a numeric
value and a mapped-to-KB unit (the latter absent for mere counts),
X captures context in the form of a (small) set of cue words that
are informative for understanding the relation between e and q.

Example 2.1. Given the text snippet “The Eiffel Tower is 1,063 ft
high and costs about $1.5 million to construct.” with disambiguated
entity: “Eiffel Tower” → ⟨Eiffel_Tower⟩ and quantities: “1,063 ft” →
(1063, feet) and “$1.5 million” → (1500000, $); Open IE generates two
tuples (The Eiffel Tower; is; 1,063 ft high) and (The Eiffel Tower; costs;
about $1.5 million; to construct). Mapping them with the entities
and quantities and dropping all stop words, we obtain:
- F1 : e = ⟨Eiffel_Tower⟩; q = (1063, feet); X = “high”
- F2 : e = ⟨Eiffel_Tower⟩; q = (1500000, $); X = “costs construct”

Our main contribution concerns automatically selecting, out of
the set of Qfacts obtained in Step 0, those for which the context
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indicates the predicate of interest. To this end, we propose a query-
driven technique as described next.
Step 1: Predicate-targeted Query Generation. The collected
pool of candidate Qfacts are filtered and ranked by a predicate-
targeted query, generated for the predicate at hand (e.g., height)
leveraging the KB schema, i.e., the type signatures of predicates
and the required units of quantities.

Definition 2.2 (Predicate-targeted Query). The predicate-targeted
query p is a tuple T (p) = (pd,pu,pX), where:
• pd is the predicate domain from the KB schema (e.g., building);
• pu is a set of possible units for the predicate values (e.g., meter,
feet);

• pX = {pX0,pX1, ...} is the query context – a multiset where each
pXi is a bag of words expressing the predicate p (e.g., “height”,
“stands tall”, etc.).

In the first iteration of QL, we construct the initial targeted query
T0(p) with the fixed domain pd and units pu, taken from the KB
schema, and the context comprising of only pX = {pX0}, with
pX0 being the KB label of the predicate (e.g., “height”). Subsequent
iterations expand the pX set with further context tokens to achieve
higher recall (e.g., pX = {“height”, “stands tall”, “rise”, ...}).

The targeted query is used to rank the candidate Qfacts in terms
of their semantic relatedness. More specifically, we compute the
relevance score of a Qfact F = (e,q,X ) with respect to the query
T (p) = (pd,pu,pX) as:

rel(F ,T (p)) =


max
pXi ∈pX

sim(X ,pXi ), if e ∈ pd , q ∈ pu

0, otherwise
(1)

where sim denotes the semantic similarity between two bags of
words. While various options for the choice of sim exist, we use
the context-embedding-distance of [16], which is based on word
embeddings. The introduced relevance score ranks all Qfacts, whose
entity and quantity match with the domain and units of the target
predicate, based on the semantic embedding distance between their
context and the best-matched context in the query.

Based on a confidence-threshold parameter γ , we divide the
ranked list of Qfacts into a high-confidence group H with the score
rel(F ,T (p)) ≥ γ and a low-confidence group L with rel(F ,T (p)) < γ .
For setting γ in a principled way, we employ the Deep Open Clas-
sification (DOC) method with Gaussian fitting [36], using distant
supervision from a small set of ground-truth facts of the target
predicate extracted from Wikidata. In practice, if no ground-truth
facts are available, we could simply set the threshold γ to a high
value, to ensure that the high-confidence group has mostly accurate
results with high probability.
Step 2: Quantity Distribution. The majority of Qfacts in the
high-confidence group are assumed to be likely correct: capturing
the target predicate and having reasonable quantity values. How-
ever, a small fraction could still be spurious. To filter these out, we
devise a denoising technique (Section 3), based on characterizing
the value distribution of the high-confidence group. The idea is to
spot outliers that are likely incorrect, such as buildings with height
1 meter or 5 km, which based on commonsense knowledge cannot
be associated with building height. This way, we can eliminate
many false positives.

Step 3: Results Consolidation. The previous step will still leave
some incorrect or inaccurate Qfact candidates, due to the following:
(1) for the same entity, different quantities can be stated at different
precision levels (e.g., 302m, ca. 300m,more than 300m); (2) different
units can cause deviations after conversion (e.g., 1063 ft → 320 m);
(3) false statements in the original text; (4) time-variant values or
otherwise context-dependent differences in values (e.g., company
revenues for a certain year or quarter, or for a certain sales region).

To resolve these kinds of noise and conflicts, we group Qfacts
for the same entity-predicate pair by temporal scopes, obtained
from the text passage via temporal tagging [39] or the document
timestamp if available (e.g., for news articles). Within each of these
groups, we select the most frequent value. The resulting Qfacts are
the candidates for addition to the KB.
Step 4: Query Expansion. Since our overarching goal is to boost
the recall without degrading precision, we reconsider the low-
confidence group of Qfact candidates. This group might contain
some further relevant statements, but additional sophisticated pro-
cedures are required for detecting them. To harvest positive in-
stances from the low-confidence group, we propose a statistical
method for query expansion, which exploits cleaned high-confidence
facts from the previous step to automatically extend the predicate
contexts pX with additional relevant phrases (Section 4).

Example 2.3. If (Eiffel_Tower, height, 324m) is added to the KB
in Step 3, and (Eiffel_Tower, 324m, “stand tall”) is a Qfact from the
low-confidence pool, our query expansion mechanism collects the
tokens “stand tall” as a paraphrasing of the target predicate height,
and the initial targeted query T0(p) is expanded by setting pX to
pX∪{“stand tall”}, which results inT1(p) with this updated context.

The above steps are repeated until a stopping criterion is met:
the query cannot be expanded further, or we have reached the max-
imum number of iterations k (we set k = 10 in our implementation).
We hypothesize that the introduced iterative method of breaking
the quantity fact extraction task into smaller sub-problems, corre-
sponding to spotting facts with different context phrases generated
automatically would allow us to cautiously retrieve portions of
likely correct facts for each computed context. Subsequently com-
bining the results for every sub-problem should yield high overall
recall.

3 DISTRIBUTION-BASED DENOISING
This section describes the denoising of the high-confidence group of
Qfacts. To this end, all quantity values are normalized, by convert-
ing to the same standard unit (e.g., meters for height) and combin-
ing Qfacts with small differences between their normalized values
(within less than 5 percent, e.g., taking the most frequent one from
values like 300, 302 and 310 meters for the Eiffel Tower).

Given normalized values from the high-confidence group H of
Qfacts, the goal is to filter out noisy values from H , based on the
value distribution. The key idea is to compute the change in the
distribution if a certain value is removed from H . Specifically, for
each valuev ∈ H , we compute two likelihood scores: (1) the original
likelihood score (o-score) is the likelihood of v generated from the
distribution constructed from the full set of values H (including v);
and (2) the consistency likelihood score (c-score) is generated from
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Figure 2: (Left): Histogram of noise-scores. (Right): Reconstructed distribution after denoising.

the distributions constructed from random subsets ofH excludingv ,
computed based on a consistency learning technique. We consider
the value v as noise if these two scores differ by a substantial
amount:

noise-score(v) =
|o-score(v) − c-score(v)|

max(|o-score(v)|, |c-score(v)|)
All Qfacts in the high-confidence group for which noise-score(v) ≥ µ
for threshold parameter µ are filtered out.
Original Likelihood Score. For computing the original likelihood
score (o-score), we first construct a distribution f from H , with f
being the probability density function (PDF), using Kernel Density
Estimation (KDE):

f (v) =
1

|H |∗b

∑
v ′∈H

Φ
(
v −v ′

b

)
where Φ is the kernel function. We use a Gaussian kernel, defined as
Φ(x ) = 1√

2π
e
−x2

2 , with bandwidth parameter b. We adopt the state-
of-the-art method Improved-Sheather-Jones [4] for the automatic
choice of the optimal bandwidth.

The o-score of value v ∈ H is then defined as:

o-score(v) = P (f → v) =
∫

x :f (x )≤f (v )

f (x )dx (2)

In other words, we define the likelihood of v as the integral of f
over all values whose density is not greater than f (v). As the KDE
could have multiple local extrema, we approximate this integral
using Simpson’s rule with segmentation.
Consistency Likelihood Score. For computing the consistency
likelihood score (c-score), we devise a technique inspired by earlier
work on consistency learning [47] originally developed for image
classification.

Intuitively, this is a form of self-validation, similar to the principle
of cross-validation. We randomly sample a small probe set of values
from H (10% of H in our implementation), and use the remaining
values to construct a distribution. The constructed distribution is
then used to measure the likelihood scores of the values in the probe
set. This sampling and cross-validation process is repeated a large
number of times. The consistency likelihood score (c-score) of a
valuev is computed as the average predicted likelihood, aggregated
over all cases where v was in the probe set.

At each sampling iteration, the distribution construction and
the value likelihood inference for the c-score are similar as for the
o-score. The only difference is that the optimal bandwidth value b

of f constructed from H when computing o-score is also used for
constructing distributions from sample subsets of H . We hypothe-
size that the added noise changes only the shape of the distribution
(defined by the samples), but not its smoothness (defined by b).
Denoising Output. The denoising has two results. First, we ob-
tain the positive results H+ after removing all noisy Qfacts from
the high-confidence group H , which have a high noise-score ≥ µ.
In experiments, we set µ to 0.3. The positive results H+ are subse-
quently consolidated and considered for addition to the KB. Second,
we obtain a better estimation of the distribution f from H+, which
is used for query expansion, as described in the next section. For
illustration, Figure 2 depicts the denoised output of the example
predicate building_height.

4 QUERY EXPANSION
At this stage, we have cleaned the high-confidence groupH of Qfacts
and collected the positive results into H+. While the Qfacts in
the low-confidence group L are ranked low based on the semantic
similarity function (1) from Section 2, we do not know whether
they are actually wrong, thus we treat them as unknown.

In this section, we describe our approach for expanding the
predicate-targeted query to achieve a better coverage of the fact
extraction process. Specifically, with the current predicate-targeted
query at round i: Ti (p) = (pd,pu,pX = {pX0, ...,pXi }), we learn
a candidate context pX ′, which is then used to expand the query
context for the next iteration.

Our query expansion technique relies on the redundancy in the
data, i.e., the presence of the same entity and approximately similar
quantities in both H+ and L. To this end, we define the notion of
supported Qfacts:

Definition 4.1 (Supported Qfact). A given Qfact F = (e,q,X )
from the low-confidence group L is supported if in the cleaned high-
confidence group H+ there exists a Qfact F ′ = (e,q′,X ′), such that
q ≈ q′ (i.e., F ′ has the same entity and approximately the same
quantity as F , after conversion to the same standard unit). The
supported set is the set of all supported facts in L, which we denote
by supp-set(L,H+).

Example 4.2. Consider the high-confidence group H+ with two
Qfacts: H+ = {(Eiffel_Tower, 324 m, “height” ), (Burj_Khalif, 2717 ft,
“reached height” )}. The following Qfacts are supported:

- F1 = (Eiffel_Tower, 324 m, “stand tall” ),
- F2 = (Eiffel_Tower, 1062 ft, “rise” ),
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- F3 = (Burj_Khalifa, 2722 ft, “originally tall” ) and
- F4 = (Burj_Khalifa, 828 m, “rise height” ).

In contrast, the following facts are not supported:
- F5 = (The_Shard, 1017 ft, “tall” ),
- F6 = (Sydney_Tower, 309 m, “stand high” ) and
- F7 = (Eiffel_Tower, 328 ft, “base wide” ).

The entities of F5 and F6 do not appear in H+, while the quantity
of F7 deviates too much. Given L = {F1, . . . ,F7} from above, its
supported set is as follows: supp-set(L,H+) = {F1,F2,F3,F4}.

For each candidate context pX ′ appearing in the low-confidence
group L, we can compute the number of statements in L with this
context that rephrase facts from the high-confidence group H+. To
this end, we define the notion of support as follows:

Definition 4.3 (Support). Given candidate contextpX ′, its support
is the number of Qfacts in the supported set of L whose context
includes pX ′.

supp(pX ′,L,H+) = |{(e,q,X ) ∈ supp-set(L,H+) : pX ′ ⊆ X }|

Example 4.4. For the high-confidence group H+ and the low-
confidence group L of Example 4.2, we have: supp(“stand”,L,H+) =
|{F1}|= 1, supp(“tall”,L,H+) = |{F1,F3}|= 2, and supp(“rise”,L,H+) =
|{F2,F4}|= 2. In general, the candidate context pX ′ is not limited to
single tokens. For example, it holds that supp(“rise height”,L,H+) =
|{F4}|= 1.

We remove all candidate contexts with support lower than a pre-
defined threshold. High support is important, but it is not sufficient
for a candidate context to be a paraphrase or refinement of the
original predicate p. Indeed, many uninformative words also have
high support, for example “about”, “during”, “up”, etc. These are
words with low inverse document frequency (idf), which can be
filtered out by thresholding.

Support can be normalized by the highest support value among
all the candidate contexts. We define the relative support of a candi-
date context as:

r-supp(pX ′,L,H+) =
supp(pX ′,L,H+)

max
pX ′′

supp(pX ′′,L,H+)

To effectively select promising candidate contexts for query ex-
pansion, we additionally take the quantities of the respective state-
ments into account by exploiting the following proposed measures.

Definition 4.5 (Expansion Set). Given candidate context pX ′ and
the low-confidence group L, the expansion set of pX ′ includes all
Qfacts in L whose context contains pX ′:

exp-set(pX ′,L) = {(e,q,X ) ∈ L | pX ′ ⊆ X }

Example 4.6. Consider the low-confidence group L as in Exam-
ple 4.2. We have: exp-set(“stand”,L) = {F1,F6}, exp-set(“tall”, L) =
{F1,F3,F5} and exp-set(“rise”,L) = {F2,F4}.

Intuitively, the expansion set comprises all Qfacts in the low-
confidence group that contain pX ′, regardless of whether they are
supported by any of the facts in the high-confidence group or not.
These are potential statements that could be added to the high-
confidence group if pX ′ is chosen to expand the query.

To measure the quality of an expansion set, we compare the
quantity values of its Qfacts to the value distribution f as estimated
in Section 3.

Definition 4.7 (Distribution Confidence). The distribution confi-
dence is the average likelihood of the quantity values in the ex-
pansion set, generated by the distribution f constructed from the
high-confidence group H+:

d-conf(pX ′,L,H+) =
1

|exp-set(pX ′,L)|
∑

(e,q,X )∈exp-set(pX ′,L)
P (f → q)

where P (f → q) is the integral function of Equation 2.

Intuitively, a good candidate context for paraphrasing or refin-
ing the original predicate should have an expansion set whose
quantities comply with the reference distribution.

As a second signal for scoring the suitability of an expansion set,
we use the original relevance scores of its Qfacts:

Definition 4.8 (Querying Confidence). The querying confidence
is the average relevance score of the Qfacts in the expansion set
relative to the predicate-targeted query Ti (p) at the given round:

q-conf(pX ′,L) =
1

|exp-set(pX ′,L)|
∑

F∈exp-set(pX ′,L)
rel(F |Ti (p))

where rel is the function from Equation 1.

Finally, for a candidate context pX ′, its suitability for expanding
the original query is computed using the following score:

Definition 4.9 (Candidate Expansion Score). The expansion score
of a candidate context pX ′ is a (hyperparameter-)weighted sum of
the relative support, the querying confidence, and the distribution
confidence:

expansion-score(pX ′,L,H+) = w1 · r-supp(pX ′,L,H+)+
w2 · d-conf(pX ′,L,H+) +w3 · q-conf(pX ′,L)

Based on the expansion-score(pX ′,L,H+) value, we rank candi-
date contexts pX ′ appearing in the low-confidence group L, and
select the best one to expand the query for the next iteration.

5 EXPERIMENTS
We evaluated the quality of the QL output in two settings: KB
augmentation, our major use case, and quantity search over web
pages, as an extrinsic use case.

5.1 Experimental Setup
Input Data. We focus on the Wikidata KB, as it is the richest,
among large publicly available KBs, in terms of quantity facts. We
selected the following six numerical predicates, covering a spectrum
of topical themes, with big gaps between potential facts and Wiki-
data coverage : building-height (P2048), mountain-elevation (P2044),
stadium-capacity (P1082), river-length (P2043), powerstation-capacity
(P2109), and earthquake-magnitude (P2528). We take entities from
their corresponding domain types: building, mountain, stadium,
river, powerstation and earthquake, respectively. These also include
entities for which Wikidata has no triples on the above target
predicates. We restrict ourselves to entities which are linked to a
Wikipedia page, as only these are supported by the linking system
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[19] that we rely on. Our goal is to acquire quantity values for these
entities and predicates, regardless of whether Wikidata already
has the target values or not. As input text corpus, we obtained the
collection used in [16, 17] from the authors. This textual corpus
comprises ca. 13 million web pages from the English Wikipedia and
from news articles.
QualityMetrics. We measure the quality of the extracted quantity
facts using the following three metrics: precision, recall, and novelty.
For computing precision and recall, we use the Wikidata KB as
ground-truth. LetGp denote the set of triples stored in Wikidata for
the target predicate p, and let Sp denote the set of facts extracted
using our QL method. Then, precision is computed as:

prec(Sp ) =
|Sp ∩Gp |+|Sp\Gp |×precsampled(Sp\Gp )

|Sp |

where Sp ∩ Gp and Sp\Gp are the sets of facts extracted by our
method, that are inside and outside the ground-truth, respectively.
We estimate the correctness of Sp\Gp by randomly sampling 30
facts and computing their precision (i.e., precsampled ).

Recall is computed relatively to what Wikidata already contains
as follows:

recall(Sp ) =
|Sp ∩Gp |

|Gp |

Obviously, this measure misses a key point that our QL system
can acquire new facts from web sources that are absent in Wiki-
data. To evaluate this dimension, we compute the novelty metric as
the fraction of correctly extracted facts, which are outside of the
groundtruth set. This measure demonstrates the effectiveness of
our approach for extending existing KBs with new knowledge:

novelty(Sp ) =
|Sp\Gp |×precsampled(Sp\Gp )

|Sp |

Baselines. We compare the QL method to the following three base-
lines: Qsearch [16] and two methods based on pre-trained language
models (LMs), RoBERTa [26] and GPT-3 [6].
• Qsearch.2 Qsearch is designed to answer quantity-filter queries
such as “buildings higher than 1000 ft”. For each predicate, we
manually create an input query for Qsearch, setting the filter con-
dition to “> 0”, to obtain the highest yield. Qsearch returns a list
of confidence-ranked answers. For fair comparison, we consider
only the top-N answers of Qsearch, where N is the number of facts
extracted by QL.
• LM RoBERTa.3 We use mask prediction for each target entity,
exploiting per-predicate templates. For example, for building-height
the template is: “[ENTITY] has a height of [VALUE] [UNIT]”, where
“[ENTITY]” is the surface form of the entities and “[UNIT]” is filled
from the units pu of the predicate-targeted query, like meter and
feet for building-height. Due to the limitation of themask prediction
task, in this mode, the LM can predict only a single token, hence
the need for helping by giving the unit as input. We let RoBERTa
predict the value for each of the possible units, and treat the output
as correct if the predicted value is correct for one of the units.
In addition, we consider a RoBERTa@5 configuration, where the

2 https://qsearch.mpi-inf.mpg.de/
3 https://huggingface.co/roberta-large

output is considered correct if the correct value is among not just
the top-1 but top-5 predictions.
• GPT-3.4 GPT-3 has versatile interfaces including question answer-
ing. We probe GPT-3 with a short input text, beginning with 3
examples of question/answer pairs for target predicate and ending
with an explicit question that GPT-3 has to answer. This is based
on a hand-crafted template for each predicate. An example input is:

How tall is the Eiffel Tower? 324 meters.

How tall is Burj Khalifa? 2,717 feet.

How tall is Empire State Building? 381 m.

How tall is [ENTITY]?

where “[ENTITY]” is replaced by each of the target entities. Since
GPT-3 is able to generate multi-token answers (which is in contrast
to RoBERTa), we do not encode the target units in the input. The
quantity extractor [32] is then used to parse the GPT-3 output to
obtain the quantity result.

5.2 Results for KB Augmentation
Table 1 shows themain results: precision, recall and novelty for each
predicate, as achieved by the methods under comparison. It also
reports the total number of extracted quantity facts per predicate.

The total number of extracted facts by our QL method varies
from hundreds to thousands, with precision reaching ca. 90 percent
for the best cases. This shows the great potential for augmenting
a high-quality KB with additional quantity facts. For some predi-
cates, the precision is considerably lower, pointing out the need for
further research. Nonetheless, we could choose more conservative
thresholds to boost precision for a subset, at the expense of losing
some recall. In any case, the QL method outperforms all baselines
on precision by a huge margin (with Qsearch being second-best).

The recall, relative to Wikidata facts, is decent, but exhibits that
QL could not find many of the Wikidata entities in its text cor-
pus. This could be a limitation of what the corpus covers, and how
difficult extraction from text passages is. The latter point holds par-
ticularly forWikipedia articles, which often have complex sentences
and long paragraphs withmany pronouns rather than explicit entity
mentions.

Finally, the novelty numbers underline the great opportunity
to add new quantity facts to the KB: enriching entities with quan-
tities that are so far absent. This potential is most pronounced
for building-height and earthquake-magnitude predicates. Wikidata
seems to contain many long-tail entities of these types, but misses
out on the crucial quantity facts. Again, QL excels against all base-
lines in this regard.

To investigate whether the iterative approach of QL is productive,
we also report the extraction quality measures after each round.
Figure 3 plots the number of extracted facts and the precision per
iteration. We do indeed see a steadily increase in the output size,
thus acquiring more facts after each round. The precision lines stay
fairly high throughout these iterations, showing that we barely
lose precision while advancing recall and novelty. Table 2 reports
the query context automatically expanded in each iteration of our
method.

4https://beta.openai.com/
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Figure 3: #Facts and precision after each round.

Table 1: #Facts, precision, recall, novelty for our proposed
method QL and baselines.

Predicate Method #Facts Prec.(%) Rec.(%) Nov.(%)

building-
height

Qsearch 1253 56.14 9.91 48.48
RoBERTa 1253 7.02 2.06 5.42

RoBERTa@5 1253 20.35 5.99 15.72
GPT-3 1253 4.56 1.34 3.52
QL 1253 82.46 24.25 63.70

mountain-
elevation

Qsearch 3244 57.34 20.32 10.64
RoBERTa 3289 1.76 0.64 0.30

RoBERTa@5 3289 8.16 2.98 1.41
GPT-3 3289 5.99 2.19 1.03
QL 3289 91.36 33.35 15.78

stadium-
capacity

Qsearch 3496 31.10 19.25 16.51
RoBERTa 3496 1.18 0.91 0.49

RoBERTa@5 3496 6.58 5.06 2.75
GPT-3 3496 2.99 2.30 1.25
QL 3496 70.10 53.91 29.26

river-
length

Qsearch 3019 14.36 5.82 5.84
RoBERTa 3019 4.14 1.27 2.28

RoBERTa@5 3019 19.05 5.84 10.51
GPT-3 3019 1.11 0.34 0.61
QL 3019 60.71 18.62 33.48

powerstation-
capacity

Qsearch 319 53.50 7.12 27.17
RoBERTa 394 2.75 0.51 1.23

RoBERTa@5 394 15.14 2.80 6.76
GPT-3 394 5.96 1.10 2.66
QL 394 75.23 13.90 33.60

earthquake-
magnitude

Qsearch 236 53.33 16.49 46.55
RoBERTa 236 23.08 12.37 17.99

RoBERTa@5 236 67.31 36.08 52.48
GPT-3 236 38.46 20.62 29.99
QL 236 88.46 47.42 68.97

Run-Time. With our implementation, the total fact extraction
time for each predicate ranges from one to fifteen minutes, depend-
ing on the number of executed iterations (from three to ten), and

Table 2: Expansion of predicate-targeted queries per round.

Predicate Expanded query context in each iteration
building-
height

1) “height”, 2) “tall”, 3) “tallest”, 4) “rise”, 5)
“skyscraper”, 6) “high”, 7) “build”, 8) “build tallest”,
9) “stand”

mountain-
elevation

1) “elevation”, 2) “peak”, 3) “highest”, 4) “high”,
5) “level sea”, 6) “rise”, 7) “height”, 8) “summit”, 9)
“altitude”, 10) “locate”

stadium-
capacity

1) “capacity”, 2) “hold”, 3) “seat”, 4) “spectator”,
5) “people”, 6) “stadium”, 7) “seat stadium”, 8)
“hold people”, 9) “capacity seat”, 10) “multi-purpose
seat”

river-length 1) “length”, 2) “tributary”, 3) “flow”, 4) “state”, 5)
“river”, 6) “stream”, 7) “run”, 8) “long tributary”, 9)
“longest”, 10) “north”

powerstation-
capacity

1) “capacity”, 2) “power”, 3) “generate”

earthquake-
magnitude

1) “magnitude”, 2) “measure”, 3) “scale”, 4) “mo-
ment”, 5) “estimate”

facts extracted from them (from 236 to almost 3500, for predicates
powerstation-capacity and stadium-capacity, respectively).

Note that our method runs offline in batch mode. For scalability,
the method can be easily parallelized by data partitioning.

5.3 Extrinsic Use Case: Quantity Search
We aim to compute top-ranked answers with quantity filter condi-
tions such as: “buildings with height above 1000 ft”, or “sprinters
who ran 100 meters under 9.9 seconds”. To this end, we first run
the QL extraction pipeline, and then evaluate the queries against
its output.

Baselines. The original Qsearch system also serves as our main
baseline. In addition, we compare to results obtained from top-10
result-page snippets from Google. These are evaluated manually,
by considering a snippet as correct if it contains a correct entity
and a quantity that satisfies the query filter. This gives Google an
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Table 3: Quantity search results.

System Prec.@10 Recall@10 mAP@10
Google 0.167 0.076 0.041
Qsearch 0.290 0.177 0.119
QL 0.301 0.189 0.129

advantage, as it does not have to explicitly extract the target entity
and quantity.

Benchmark. We use the benchmark queries Q150 from the work
[18]. This comprises 150 queries spanning the following four do-
mains: finance, transport, sports, and technology. Each query has
ground-truth answer entities, along with their quantity values,
based on manually identified Wikipedia list pages.

Results. Table 3 reports the results for this experiment: preci-
sion@10, recall@10 and mean average precision (mAP) over the
top-10 ranks. The table shows that QL can indeed improve on the –
already very good – results of Qsearch, on all metrics. Both QL and
Qsearch outperform the search-engine baseline, which underlines
the need for this research.

6 RELATEDWORK

Numerical FactDetection. Detecting numerical expressionswith
units in textual data has been well addressed in prior works [2, 32,
35]. This alone is insufficient, though: for quantity facts, we also
need to infer to which entity the expression refers.

The NumberTron method [27] specifically tackled numerical
facts for geo-political entities, using a probabilistic graphical model.
However, the approach does not scale to large text corpora and
achieves only moderate precision.

The authors of [35] proposed the QEWT method for answering
numerical lookup queries such as “co2 emissions of china”, or “net
worth of zuckerberg”. This work uses only data from web tables and
does not carry over to text input. Moreover, it does not directly
solve the problem of KB population as we do.

To this end, the work on Qsearch [16, 17] customized a distantly
supervised LSTM network for extracting quantities, entities and
their context from individual sentences. However, Qsearch is geared
for capturing a small number of top-ranked facts as responses to
quantity-filter queries. Beyond the top ranks, its precision degrades
drastically, by design. In contrast, our method balances larger recall
with high precision, for the goal of augmenting a high-quality KB.

Recent works on numerical IE include [7, 8, 11, 12, 29]. They
tackle a variety of specific settings such as commonsense assertions
(e.g., “lions have 4 legs”), properties of commercial products (e.g.,
price, shipping weight), or quantities in clinical narratives and
patient records (e.g., lab values or drug dosages). All of these prior
works focus on the IE task itself, without consideration of a KB.

Numerical Embeddings. In [21, 30, 38, 42, 44] word embeddings
are adapted to account for numerical expressions. The work [9]
uses bi-directional and DAG-structured LSTM networks to learn
simple formulas from verbal descriptions of numerical claims. None
of these methods address the task of extracting full-fledge quantity
facts, as needed for augmenting a KB.

Language Models for Numeracy. A direction that has gained
great attention is the potential role of pre-trained language models
as knowledge bases [15, 25, 31]. The idea is to prompt huge LMs
like BERT, GPT-3 or T5 for numerical facts via cloze questions
with masked parts to be completed through LM inference [3, 25].
However, none of these methods reaches sufficiently high precision
to be considered for enhancing a high-quality KB.
Knowledge Graph Completion. Graph-structured KB embed-
dings [45] have been considered for completing gaps in KBs. How-
ever, their precision is far from reaching the quality standards of KBs
like Wikidata. Moreover, even the exceptional works that specifi-
cally tackle numerical predictions [22] only consider the knowledge
base itself as input. They are not geared for extraction of quantity
facts from text.

Iterative learning has been used for fact extraction from text in
various works (e.g., [1, 5, 10, 13, 41]). However, none of these works
is specifically designed for extracting quantity facts.

7 CONCLUSION
We have presented a method for augmenting knowledge bases with
quantity facts extracted from text at large scale. The evaluation
of the method’s effectiveness showed that it can indeed boost the
recall of previous works while retaining high precision, even after
several iterative rounds and acquiring thousands of new facts.

There are several important directions for future work. First, we
plan to extend our method to support also higher-arity quantity
facts as well as account for complex qualifiers. Second, targeting
specific domains (e.g., medical or scientific) is another important
research direction. Last but not least, exploiting the developed
methods for multilingual inputs, numerical question answering
tasks or quantity fact checking are promising future works.
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