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Who was the first to recognize that the 
Analytical Engine had applications 

beyond pure calculation?

Ada Lovelace (née Byron; 10 December 1815 – 27 November 1852) 
was an English mathematician and writer, chiefly known for her 
work on Charles Babbage's proposed mechanical general-purpose 
computer, the Analytical Engine. She was the first to recognise that 
the machine had applications beyond pure calculation, and created 
the first algorithm intended to be carried out by such a machine. As 
a result, she is often regarded as the first to recognise the full 
potential of a "computing machine" and the first computer 
programmer. 
Ada Lovelace was the only legitimate child of the poet Lord Byron, 
and his wife Anne Isabella Milbanke ("Annabella"), Lady Wentworth. 
All of Byron's other children were born out of wedlock to other 
women. Byron separated from his wife a month after Ada was born 
and left England forever four months later, eventually dying of 
disease in the Greek War of Independence when Ada was eight years 
old. Her mother remained bitter towards Lord Byron and promoted 
Ada's interest in mathematics and logic in an effort to prevent her 
from developing what she saw as the insanity seen in her father, but 
Ada remained interested in him despite this (and was, upon her 
eventual death, buried next to him at her request). Often ill, she 
spent most of her childhood sick. Ada married William King in 1835. 
King was made Earl of Lovelace in 1838, and she became Countess 
of Lovelace. 
Her educational and social exploits brought her into contact with 
scientists such as Andrew Crosse, Sir David Brewster, Charles 
Wheatstone, Michael Faraday and the author Charles Dickens, which 
she used to further her education. Ada described her approach as…

A computer is a device that can be instructed to carry out arbitrary 
sequences of arithmetic or logical operations automatically. The 
ability of computers to follow generalized sets of operations, called 
programs, enables them to perform an extremely wide range of 
tasks. 
Such computers are used as control systems for a very wide variety 
of industrial and consumer devices. This includes simple special 
purpose devices like microwave ovens and remote controls, factory 
devices such as industrial robots and computer assisted design, but 
also in general purpose devices like personal computers and mobile 
devices such as smartphones. The Internet is run on computers and 
it connects millions of other computers. 
Since ancient times, simple manual devices like the abacus aided 
people in doing calculations. Early in the Industrial Revolution, some 
mechanical devices were built to automate long tedious tasks, such 
as guiding patterns for looms. More sophisticated electrical 
machines did specialized analog calculations in the early 20th 
century. The first digital electronic calculating machines were 
developed during World War II. The speed, power, and versatility of 
computers has increased continuously and dramatically since then. 
Conventionally, a modern computer consists of at least one 
processing element, typically a central processing unit (CPU), and 
some form of memory. The processing element carries out 
arithmetic and logical operations, and a sequencing and control unit 
can change the order of operations in response to stored 
information. Peripheral devices include input devices (keyboards, 
mice, joystick, etc.), output devices (monitor screens, printers, etc.)

Charles Babbage KH FRS (/ˈbæbɪdʒ/; 26 December 1791 – 18 October 
1871) was an English polymath.[1] A mathematician, philosopher, 
inventor and mechanical engineer, Babbage originated the concept 
of a digital programmable computer.[2] 
Considered by some to be a "father of the computer",[2][3][4][5] 
Babbage is credited with inventing the first mechanical computer 
that eventually led to more complex electronic designs, though all 
the essential ideas of modern computers are to be found in 
Babbage's analytical engine.[2][6] His varied work in other fields has 
led him to be described as "pre-eminent" among the many 
polymaths of his century.[1] 
Parts of Babbage's incomplete mechanisms are on display in the 
Science Museum in London. In 1991, a functioning difference engine 
was constructed from Babbage's original plans. Built to tolerances 
achievable in the 19th century, the success of the finished engine 
indicated that Babbage's machine would have worked. 
Early life[edit] 
Babbage's birthplace is disputed, but according to the Oxford 
Dictionary of National Biography he was most likely born at 44 
Crosby Row, Walworth Road, London, England.[7] A blue plaque on 
the junction of Larcom Street and Walworth Road commemorates 
the event.[8] 
His date of birth was given in his obituary in The Times as 26 
December 1792; but then a nephew wrote to say that Babbage was 
born one year earlier, in 1791. The parish register of St. Mary's 
Newington, London, shows that Babbage was baptised on 6 January 
1792, supporting a birth year of 1791.[9][10][11]
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millions of documents



How do we get there?

Challenges: 
- Bi-directional attention 
- Rank all possible spans 
- No available data augmentation

Related Work: 
- Bi-Attention Flow (Seo et al., 2016) 
- Dynamic Co-Attention Network (Xiong et al., 2016) 
- R-Net (Wang et al., 2017) 
- Rasor (Lee et al., 2016) 
- Hybrid AoA Reader (2018)



Globally Normalized Reader

- Factorize search into sentences, span start & end 
- Globally Normalize search (Andor et al. @ ACL 2016) 
- Beam Search during training w/. Early Updates

Contributions: 
- Conditional computation (allocate computation to 

promising search beams) 
- Quasi-infinite training data w/. Type Swaps 
- 24.7x speedup over bi-attention-flow 
- Dev 68.4 EM, 76.21 F1 w/o bidirectional attention



• Learning to Search 

• Conditional Computation 

• Results
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Learning to Search

Ada Lovelace was known for her work on Charles Babbage's Analytical Engine. She
was the first to recognize that the machine had applications beyond calculation. As a
result, she is often regarded as the first to recognise the full potential of a "computing
machine" and the first computer programmer.

Who was first to recognize that
the Analytical Engine had
applications beyond pure

calculation?

Ada Lovelace was known for
her work on Charles Babbage's

Analytical Engine.

She was the first to recognize
that the machine had
applications beyond

calculation.

As a result, she is often
regarded as the first to

recognise the full potential of a
"computing machine" and the
first computer programmer.

0.48 0.51 0.01

Several approaches to learning to search have been proposed for various NLP tasks

and conditional computation. Most recently, [2] and [3] demonstrated the

effectiveness of globally normalized networks and training with beam search for

Pick a Sentence

Example

Probability
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Conditional Computation

Global Normalization

Start word chosen for 
each sentence
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Global Normalization
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GNR’s Answer: Ada Lovelace



Outline
1. Approach 

1) Challenges 
2) Architecture 
3) Early updates 
4) Conditional Computation 
5) Global Normalization 
6) Type Swaps 

2. Results 
1) Comparison 
2) Data Augmentation 
3) Speedup



Span Selection/Attention

Word Word Word Word

Word

Word

Word

Word

O(N2)



Overfitting
•100k QA Pairs 
•Dropout 
•Weight Decay 
•Tuning 
•Pretrained word vectors 
•Ensembles 
•Label bias



Approach

•Search to shrink candidate 
space & scope of attention 

•Data augmentation



Architecture: 
Question-Aware Document Encoding

Self-Attention

Sentence N

Question

Word in Question

Word RepeatedSentenceSentence 1

Document Hidden 
States

Embedding

Embedding

Question-Aligned 
Embedding

Bi-LSTM

Bi-LSTM

Final State

Concat
Inputs



Architecture

P(sentence | question)

Sentence 1 Sentence N

Bi-LSTM

FC

Question

Bi-LSTM

Softmax

…

Global norm score addition Network connection Decision Boundary



Bi-LSTM

P(sentence | question)

FC

Top-k

Top Sentence 1

Top Sentence k Bi-LSTM

P(sentence, span start | question)

Top sentence 1 span 

Top sentence k span start

…

Sentence 1 Sentence N

Bi-LSTM

FC

Question

Bi-LSTM

Softmax

Softmax

…
…

…

Global norm score addition Network connection

Sentence Span Start

Decision Boundary
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Bi-LSTM
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P(sentence, start word | 
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Answer

Answer

Answer

1) Begin search

2) Expand search 
nodes

3) Expand & Prune

Falls off Beam

Early Updates

Expanded Unexplored Answer ExpansionPruned



Maximize Probability to avoid falling off

Answer

4) Early Update

Expanded Unexplored Answer ExpansionPruned

Answer

3) Expand & Prune

Falls off Beam
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Conditional Computation

Global Normalization

Bi-LSTM 
1

Bi-LSTM 
2

Conditional Computation

Sentence prediction accuracy 
88-89%: can focus computation on 

subset!



Local Normalization

P(a|d, q) = Psent(i|d, q) · Psw(j|i, d, q) · Pew(k|j, i, d, q)
exp(�sent(i, d, q))

Zsent(d,q)

exp(�sw(j, i, d, q))

Zsw(i,d,q)

exp(�ew(k, j, i, d, q))

Zew(j,i,d,q)
· ·=

a = answer

d = document

q = question

i = sentence

j = start word

k = end word

�(·) = Score function

Z = Partition function



Global Normalization

score(a, d, q) = �sent(di) + �sw(di,j) + �ew(di,j:k)

P(a | d, q) = exp(score(a, d, q))

Z

Z =
X

a02A(d)

exp(score(a0, d, q))

Set grows exponentially. 
Approximate using beam search

a = answer

d = document

q = question

i = sentence

j = start word

k = end word

�(·) = Score function

Z = Partition function

A(d) = Set of all possible answer spans

di,j:k = span from word j to k, in sentence i



Global Normalization
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Conditional Computation

Global Normalization

Answer probability grows as search advances 
(we are not multiplying probabilities!)

sentence pick start word end word

Note: globally normalized models remain 
undecided until the end word, while local 
models usually have spiked distributions



Type Swaps

T-SNE Question hidden state naturally 
clusters according to question type. 

How can we exploit this?



Type Swaps
• Common SQuAD pitfall: pick wrong answer with 

right type (human, organization, etc.) 

• Solution: increase typed-based QA pairs

. . . Basic objectives of the ______________“war on terror”, such as 

targeting al Qaeda and building international counterterrorism 

alliances, remain in place. In ______________, ______________, the General 

Counsel of the ______________, stated that the military fight will be 

replaced by a law enforcement operation when speaking at 

______________. . .

Who said in ______________ that the fight would change from military 

to law enforcement?

Answer: 

December 2012

Bush Administration

Oxford University

Jeh Johnson

Department of Defense

December 2012

Jeh Johnson



Type Swaps
• Common SQuAD pitfall: pick wrong answer with 

right type (human, organization, etc.) 

• Solution: increase typed-based QA pairs

. . . Basic objectives of the ______________“war on terror”, such as 

targeting al Qaeda and building international counterterrorism 

alliances, remain in place. In ______________, ______________, the General 

Counsel of the ______________, stated that the military fight will be 

replaced by a law enforcement operation when speaking at 

______________. . .

Who said in ______________ that the fight would change from military 

to law enforcement?

Answer: 

April 25, 2011

Cabinet of Japan

Ain Shams University

Sheryl  Sandberg

ministry of education

April 25, 2011

Sheryl Sandberg



Type Swaps
• Common SQuAD pitfall: pick wrong answer with 

right type (human, organization, etc.) 

• Solution: increase typed-based QA pairs

. . . Basic objectives of the ______________“war on terror”, such as 

targeting al Qaeda and building international counterterrorism 

alliances, remain in place. In ______________, ______________, the General 

Counsel of the ______________, stated that the military fight will be 

replaced by a law enforcement operation when speaking at 

______________. . .

Who said in ______________ that the fight would change from military 

to law enforcement?

Answer: 

2012

British Empire

George Washington 
University

Genghis Khan

EMNLP

2012

Genghis Khan



Type Swaps
. . . Basic objectives of the ______________“war on terror”, such as 

targeting al Qaeda and building international counterterrorism 

alliances, remain in place. In ______________, ______________, the General 

Counsel of the ______________, stated that the military fight will be 

replaced by a law enforcement operation when speaking at 

______________. . .

Bush Administration

Oxford University

Jeh Johnson

Department of Defense

December 2012

Bush Administration

Oxford University

Jeh Johnson

Department of Defense

December 2012

2) Assign Types 3) Swap with same 
type variations

. . . Basic objectives of the ______________“war on terror”, such as 

targeting al Qaeda and building international counterterrorism 

alliances, remain in place. In ______________, ______________, the General 

Counsel of the ______________, stated that the military fight will be 

replaced by a law enforcement operation when speaking at 

______________. . .

Cabinet of Japan

Ain Shams University

Sheryl  Sandberg

ministry of education

April 25, 2011

1) Extract Entities

Our implementation of the GNR is 24.7
times faster at inference time than the official
Bi-Directional Attention Flow implementation2.
Specifically, on a machine running Ubuntu 14
with 40 Intel Xeon 2.6Ghz processors, 386GB
of RAM, and a 12GB TitanX-Maxwell GPU, the
GNR with beam size 32 and batch size 32 requires
51.58 ± 0.266 seconds (mean ± std)3 to process
the SQUAD validation set. By contrast, the Bi-
Directional Attention Flow model with batch size
32 requires 1260.23±17.26 seconds. We attribute
this speedup to avoiding expensive bi-directional
attention mechanisms and making computation
conditional on the search beams.

3 Type Swaps

Question: Who said in April 25, 2011
December 2012

that the

fight would change from military to law enforce-
ment?
Answer: Sheryl Sandberg

Jeh Johnson
Document (snippet): . . . Basic objectives of
the Cabinet of Japan

Bush administration

“war on terror”, such as

targeting al Qaeda and building international
counterterrorism alliances, remain in place. In
April 25, 2011

December 2012

, Sheryl Sandberg
Jeh Johnson

, the General

Counsel of the ministry of education
Department of Defense

, stated

that the military fight will be replaced by a
law enforcement operation when speaking at
Ain Shams University

Oxford University

. . .

Figure 3: Type Swaps example. Replacements un-
derlined with originals underneath.

In extractive question answering, the set of pos-
sible answer spans can be pruned by only keeping
answers whose nature (person, object, place, date,
etc.) agrees with the question type (Who, What,
Where, When, etc.). While this heuristic helps hu-
man readers filter out irrelevant parts of a docu-
ment when searching for information, no explicit
supervision of this kind is present in the dataset.
Despite this absence, the distribution question rep-
resentations learned by our models appear to uti-
lize this heuristic. The final hidden state of the

2https://github.com/allenai/
bi-att-flow

3All numbers are averaged over 5 runs.

question-encoding LSTMs naturally cluster based
on question type (Table 1).

In other words, the task induces a question en-
coding that superficially respects type informa-
tion. This property is a double-edged sword: it
allows the model to easily weed out answers that
are inapplicable, but also leads it astray by select-
ing a text span that shares the answer’s type but
has the wrong underlying entity. A similar obser-
vation was made in the error analysis of (Weis-
senborn et al., 2017). We propose Type Swaps, an
augmentation strategy that leverages this emergent
behavior in order to improve the model’s ability
to prune wrong answers, and make it more robust
to surface form variation. This strategy has three
steps:

1. Locate named entities in document and ques-
tion.

2. Collect surface variation for each entity type:

human ! {Ada Lovelace, Daniel Kah-
nemann,...},

country ! {USA, France, ...}, ...

3. Generate new document-question-answer ex-
amples by swapping each named entity in
an original triplet with a surface variant that
shares the same type from the collection.

Figure 4: The majority of the surface variations
occur for people, numbers, dates, and organiza-
tions.

Assigning types to named entities in natural lan-
guage is an open problem, nonetheless when faced

Table 1: Top bigrams in K-means (K = 7) clusters of question after Bi-LSTM. We observe emergent
clustering according to question type: e.g. Where! Cluster 7, Who! Cluster 3. “What” granularity
only observable with more clusters.

Cluster 1 2 3 4 5 6 7
Size 84789 42187 53061 130022 27549 16894 28377

Bigram Bigram Occurences
what is 3339 520 87 3736 20 8 138

what did 2463 3 3 112 1 0 1
how many 2 5095 1 1 0 0 0
how much 7 1102 0 12 0 0 0

who was 2 0 1934 0 0 0 1
who did 2 0 683 2 0 0 0

what was 2177 508 105 2034 71 31 92
when did 0 0 0 1 2772 0 0

when was 0 0 1 1 1876 0 0
what year 0 0 0 1 13 2690 0

in what 52 3 9 727 110 1827 518
where did 0 0 0 13 1 0 955

where is 0 1 0 11 0 0 665

with documents where we can safely assume that
the majority of the entities will be contained in
a large knowledge base (KB) such as Wikidata
Vrandečić and Krötzsch (2014) we find that sim-
ple string matching techniques are sufficiently ac-
curate. Specifically, we use a part of speech tagger
(Honnibal, 2017) to extract nominal groups in the
training data and string-match them with entities
in Wikidata. Using this technique, we are able to
extract 47,598 entities in SQuAD that fall under
6,380 Wikidata instance of4 types. Addition-
ally we assign “number types” (e.g. year, day of
the week, distance, etc.) to nominal groups that
contain dates, numbers, or quantities5. These ex-
traction steps produce 84,632 unique surface vari-
ants (on average 16.93 per type) with the majority
of the variation found in humans, numbers or or-
ganizations as visible in Figure 4.

With this method, we can generate 2.92 · 10369
unique documents (average of 3.36 · 10364 new
documents for each original document). To ensure
there is sufficient variation in the generated docu-
ments, we sample from this set and only keep vari-
ations where the question or answer is mutated. At
each training epoch, we train on T Type Swap ex-

4https://www.wikidata.org/wiki/
Property:P31

5In our experiments we found that not including numeri-
cal variation in the generated examples led to an imbalanced
dataset and lower final performance.

amples and the full original training data. An ex-
ample output of the method is shown in Figure 3.

4 Results

We evaluate our model on the 100,000 example
SQuAD dataset (Rajpurkar et al., 2016) and per-
form several ablations to evaluate the relative im-
portance of the proposed methods.

4.1 Learning to Search

In our first experiment, we aim to quantify the im-
portance of global normalization on the learning
and search process. We use T = 104 Type Swap
samples and vary beam width B between 1 and 32
for a locally and globally normalized models and
summarize the Exact-Match and F1 score of the
model’s predicted answer and ground truth com-
puted using the evaluation scripts from (Rajpurkar
et al., 2016) (Table 3). We additionally report an-
other metric, the Sentence score, which is a mea-
sure for how often the predicted answer came from
the correct sentence. This metric provides a mea-
sure for where mistakes are made during predic-
tion.

4.2 Type Swaps

In our second experiment, we evaluate the impact
of the amount of augmented data on the perfor-
mance of our model. In this experiment, we use

unique documents



Experiments

• Evaluate GNR against baselines on SQuAD dev set 
(100,000 QA pairs)1 

• GNR Ablations: 

• Data Augmentation 

• Global Normalization 

• Measure Speedup

1 https://rajpurkar.github.io/SQuAD-explorer/

https://rajpurkar.github.io/SQuAD-explorer/


Model EM F1

GNR 68.4 76.2

Bi-Attention-Flow (Seo et al., 2016) 67.7 77.3

Rasor (Lee et al., 2016) 66.4 74.9

DCN (Xiong et al., 2016) 65.4 75.6

FastQA (Weissenborn et al., 2017) 67.8 76.3

R-Net (Wang et al., 2017) 72.3 80.6

Model EM F1

GNR 68.4 76.2

GNR w/o Global Norm 67.21 76.0

GNR w/o Type Swaps 66.6 75.0

Comparison



Data Augmentation

Number of Swaps EM F1

0 66.6 75.0

1000 66.9 75,0

10 000 68.4 76.21

50 000 66.8 75.3

100 000 66.1 74.3

Number of Swaps Train F1 Dev F1

0 81.3 78.1
50 000 72.5 78.2

Impact of number of augmented examples:

Impact of Type Swaps on the DCN+1:

1 Updated DCN model, see https://rajpurkar.github.io/SQuAD-
explorer/

https://rajpurkar.github.io/SQuAD-explorer/


Speedup
• Full dev set, batch size 32, average 5 runs, on Titan X: 

• Bi-Attention-Flow1: 1260.23 ±17.26 seconds 

• GNR: 51.58 ±0.266 seconds 

• Key reasons: 

• Efficient batching of Beam Search 

• Only rank subset of spans 

• Factorize search with document structure

1 github.com/allenai/bi-att-flow

https://github.com/allenai/bi-att-flow


Key contributions: 
• Learning-to-Search w/. early updates & global norm 

enables conditional computation. 
• Data augmentation that improves performance 
• 24.7x speedup over bi-attention-flow 
• Achieve >= results than bi-directional attention

Conclusion



Future Work
• Conditional computation for generative models & 

large search spaces 
• Program induction/search with perfect simulator 
• Model amplification (AlphaZero-style) 
• Type Swaps on other NLP tasks? Grammar-aware 

type-swaps? Adversarial Type Swaps?

Code & Dataset:  
github.com/baidu-research/
GloballyNormalizedReader

Thank You!

https://github.com/baidu-research/GloballyNormalizedReader
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Entity Linking
The man saw a Jaguar speed on the highway.

Animal Vehicle



Entity Linking
The prey saw a Jaguar cross the jungle.

Animal Vehicle



With types accuracy reaches 98.6-99% 
(type oracle on TAC KBP 2010/CoNLL YAGO)

The man saw a Jaguar speed on the highway.

The prey saw a Jaguar cross the jungle.

vehicle

animal



• Design a neural type system 

• Results 

• Contributions

Summary



Type generation

Root isCity non-member

…instance of city

Paris Fortaleza

Alhambra

instance of

Mona Lisa

located in
instance of

subclass of human 
settlement

neighborhoodkibbutz

subclass of

Upper East Side

instance of

isCity = child(       ,instance of)city
root relation

Wikidata is a graph with 40M+ entities



Intractable mixed integer problem

Design a Type System

The prey saw a jaguar cross in the jungle.
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Figure 1: Example model output: “jaguar” refers to different entities depending on context. Predicting the type associated with
each word (e.g. animal, region, etc.) helps eliminate options that do not match, and recover the true entity. Bar charts give the
system’s belief over the type-axis “IsA”, and the table shows how types affects entity probabilities given by Wikipedia links.
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Figure 2: Defining group membership with a knowledge
graph relation: children of root (city) via edge (instance of).

model for predicting and ranking entities given a mention.
Instead of assuming we receive a type system, classifier, en-
tity prediction model, we will instead create the type sys-
tem and its classifier starting from a given entity predic-
tion model and ontology with text snippets containing entity
mentions (e.g. Wikidata and Wikipedia). For simplicity we
use LinkCount(e,m) as our entity prediction model.

We restrict the types in our type systems to use a set of
parent-child relations over the ontology in Wikipedia and
Wikidata, where each type axis has a root node r and an
edge type g, that sets membership or exclusion from the axis
(e.g. r = human, e = instance of, splits entities into:
human vs. non-human3).

We then reformulate the problem into a mixed inte-
ger problem, where discrete variables control which roots
r1, . . . , rk and edge types g1, . . . , gk among all roots R and
edge types G will define type axes, while the continuous
variables ✓ parametrize a classifier fit to the type system.
Our goal in type system design is to select parent-child re-
lations that a classifier easily predicts, and where the types
improve disambiguation accuracy.

Objective
To formally define our mixed integer problem, let us
first denote A as the assignment for the discrete vari-

3Type “instance of:human” mimics the NER PER label.

ables that define our type system (i.e. boolean variables
defining if a parent-child relation gets included in our
type system), ✓ as the parameters for our entity predic-
tion model and type classifier, and Smodel(A, ✓) as the
disambiguation accuracy given a test corpus containing
mentions M =

�
(m0, e

GT
0 , Em0), . . . , (mn, e

GT
n , Emn)

 
.

We now assume our model produces some score for
each proposed entity e given a mention m in a doc-
ument D, defined EntityScore(e,m,D,A, ✓). The pre-
dicted entity for a given mention is thus: e

⇤
=

argmaxe2Em
EntityScore(e,m,D,A, ✓). If e⇤ = e

GT, the
mention is disambiguated. Our problem is thus defined as:

max
A

max
✓

Smodel(A, ✓) =

P
(m,eGT,Em)2M

eGT(e
⇤
)

|M | . (2)

This original formulation cannot be solved exactly4. To
make this problem tractable we propose a 2-step algorithm:

1. Discrete Optimization of Type System: Heuristic search
or stochastic optimization over the discrete variables of
the type system, A, informed by a Learnability heuristic
and an Oracle.

2. Type classifier: Gradient descent over continuous vari-
ables ✓ to fit type classifier and entity prediction model.

We will now explain in more detail discrete optimization
of a type system, our heuristics (Oracle and Learnability
heuristic), the type classifier, and inference in this model.

Discrete Optimization of a Type System
The original objective Smodel(A, ✓) cannot be solved ex-
actly, thus we rely on heuristic search or stochastic opti-
mization to find suitable assignments for A. To avoid train-
ing an entire type classifier and entity prediction model for
each evaluation of the objective function, we instead use a

4There are ⇠ 22.4·10
7

choices if each Wikipedia article can be
a type within our type system.

Disambiguation accuracyType System



Subproblems

1. Stochastic optimization/heuristic search to design 
type system 

2. Gradient descent to train a type classifier



Oracle Accuracy
Jaguar

Possible entities:

Animal entities:

from South 
America:

perfect 
classifier 
(Oracle)



• Which types are predictable from context? 

• Train a proxy binary classifier for each type 

• AUC* of classifier is an estimate of Learnability

Type Learnability

* average AUC over 4 training runs



Type System Evolution

J(A) = (Accuracyoracle(A)�Accuracygreedy) · Learnability(A)� � · |A|

Diminishing Returns



Train a type classifier

Stacked Bi-LSTM

dropout

…Word 1 Word n

FC FC…

softmax softmax

Type Axis 1 Type Axis k…

Intra-wiki links are type labels! 
(in any Wikipedia language)



Inference
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Model CoNLL 
(YAGO)

TAC 
2010

no types
Globerson et al. 2016 91,70 % 87,20 %

Yamada et al. 2016 91,50 % 85,20 %
NTEE (Yamada et al. 2017) - 87,70 %

types

DeepType (human types) 93,11 % 90,74 %
DeepType (greedy) 94,15 % 90,85 %

DeepType (GA) 94,88 % 90,31 %
DeepType (CEM) 93,96 % 90,30 %

Results



• Outperform state of the art on several entity 
linking benchmark datasets 

• Add entities without retraining by specifying 
their types 

• Design & integrate symbolic structure to 
constrain neural network outputs

Contributions

Code:  
github.com/openai/deeptype

https://github.com/openai/deeptype


• Find type system 𝓐, and parameters 𝛳 to maximise 
disambiguation accuracy 

• 𝓐 are discrete variables selecting the types to use

Objective
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Figure 1: Example model output: “jaguar” refers to different entities depending on context. Predicting the type associated with
each word (e.g. animal, region, etc.) helps eliminate options that do not match, and recover the true entity. Bar charts give the
system’s belief over the type-axis “IsA”, and the table shows how types affects entity probabilities given by Wikipedia links.
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Figure 2: Defining group membership with a knowledge
graph relation: children of root (city) via edge (instance of).

model for predicting and ranking entities given a mention.
Instead of assuming we receive a type system, classifier, en-
tity prediction model, we will instead create the type sys-
tem and its classifier starting from a given entity predic-
tion model and ontology with text snippets containing entity
mentions (e.g. Wikidata and Wikipedia). For simplicity we
use LinkCount(e,m) as our entity prediction model.

We restrict the types in our type systems to use a set of
parent-child relations over the ontology in Wikipedia and
Wikidata, where each type axis has a root node r and an
edge type g, that sets membership or exclusion from the axis
(e.g. r = human, e = instance of, splits entities into:
human vs. non-human3).

We then reformulate the problem into a mixed inte-
ger problem, where discrete variables control which roots
r1, . . . , rk and edge types g1, . . . , gk among all roots R and
edge types G will define type axes, while the continuous
variables ✓ parametrize a classifier fit to the type system.
Our goal in type system design is to select parent-child re-
lations that a classifier easily predicts, and where the types
improve disambiguation accuracy.

Objective
To formally define our mixed integer problem, let us
first denote A as the assignment for the discrete vari-

3Type “instance of:human” mimics the NER PER label.

ables that define our type system (i.e. boolean variables
defining if a parent-child relation gets included in our
type system), ✓ as the parameters for our entity predic-
tion model and type classifier, and Smodel(A, ✓) as the
disambiguation accuracy given a test corpus containing
mentions M =

�
(m0, e

GT
0 , Em0), . . . , (mn, e

GT
n , Emn)

 
.

We now assume our model produces some score for
each proposed entity e given a mention m in a doc-
ument D, defined EntityScore(e,m,D,A, ✓). The pre-
dicted entity for a given mention is thus: e

⇤
=

argmaxe2Em
EntityScore(e,m,D,A, ✓). If e⇤ = e

GT, the
mention is disambiguated. Our problem is thus defined as:

max
A

max
✓

Smodel(A, ✓) =

P
(m,eGT,Em)2M

eGT(e
⇤
)

|M | . (2)

This original formulation cannot be solved exactly4. To
make this problem tractable we propose a 2-step algorithm:

1. Discrete Optimization of Type System: Heuristic search
or stochastic optimization over the discrete variables of
the type system, A, informed by a Learnability heuristic
and an Oracle.

2. Type classifier: Gradient descent over continuous vari-
ables ✓ to fit type classifier and entity prediction model.

We will now explain in more detail discrete optimization
of a type system, our heuristics (Oracle and Learnability
heuristic), the type classifier, and inference in this model.

Discrete Optimization of a Type System
The original objective Smodel(A, ✓) cannot be solved ex-
actly, thus we rely on heuristic search or stochastic opti-
mization to find suitable assignments for A. To avoid train-
ing an entire type classifier and entity prediction model for
each evaluation of the objective function, we instead use a

4There are ⇠ 22.4·10
7

choices if each Wikipedia article can be
a type within our type system.

• Given: 

• ambiguous mentions m ∈ M 

• The ground truth entity eGT for each m 

• Model prediction e* 

• Model accuracy Smodel



Inference

• ℙ(types(e)|c) = compute type 
probabilities per token 

• ℙlink(e|c) = # intra-wiki links from 
anchor→articles 

• Baye’s rule, entity e, context c: 

• ℙ(e|c) = ℙlink(e|c)*ℙ(types(e)|c)



Type system objective

J(𝓐) = (Accoracle(𝓐) - Accgreedy) • 
Learnability(𝓐)- 𝝺 • |𝓐|


