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Example borrowed from Hendrycks et al., 2020. 3

What is missing?

And, what if yet another model knew that 
roads cannot lead into dams?

If these models were able to interact with each other, 
then this mistake would be highly unlikely!
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Thesis Statement

A computer system that learns to perform multiple tasks jointly and that is aware 
of the relationships between these tasks, will be able to learn more efficiently and 

effectively than a system that learns to perform each task in isolation.

multi-task learning

self-reflection

Moreover, the relationships between the tasks may either be explicitly provided 
through supervision or implicitly learned by the system itself, and will allow the 

system to self-reflect and evaluate itself without any task-specific supervision.
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Never-Ending Learning

[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

We will never truly understand human learning until we build machines that:

1 learn many different types of knowledge from diverse experiences,

2 over many years,

3 and become better learners over time.

Most current machine learning systems are much more narrow, learning just a 
single function or data model based on statistical analysis of a single data set.
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Never-Ending Language Learning

[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

Knowledge Base

Toronto

Canada
Miller

Pearson

Connaught

Skydome

Globe and Mail

Milson

countrypolitician

airport
company

stadium

paper

writer

Air Canada
Centre

Maple Leafs

CFRB

Sunnybrook

Wilson

Toskala
Sundin

NHL

Hockey

Skates Helmet

hospital

radio

hometown

stadium
stadium

member

member

league

plays

Stanley Cup
wonplay

uses uses

hired

Red
Wings

Detroit

GM

Toyota

Hino

automobile
Prius

Corolla

won

hometown

company

competes

acquired

sector
created

created

Football Climbing
uses uses

NELL

~120 million beliefs
~4,100 distinct learning tasks



Never-Ending Language Learning

Example Task: Determine whether a noun phrase refers to a city or not.
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Knowledge Integration

“lives in Pittsburgh”
Context Classifier

“city” appears after “lives in”
“Pittsburgh”

“city” ends with “-burgh”

Morphology Classifier

noisy overlapping
sets of beliefs

Machine Learning

CrowdsourcingData Programming

weak supervision

Aggregate Labels
Aggregate the noisy labels to

obtain a single label per example.

use aggregated labels to train
machine learning models

noisy overlapping
sets of labels

Integrate Knowledge
Integrate noisy beliefs into
a confident set of facts.

confident facts that will be
added to the knowledge base

“Pittsburgh is a city”
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Overview
Evaluation
Jelly Bean World

Chapter 9
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Overview
Evaluation
Jelly Bean World

Never-Ending
Learning

Chapter 1

[AAAI 2015, CACM 201

8]

Chapter 9

Self-Reflection
Estimating Accuracy from Unlabeled Data

Semi-Supervised Learning
Graph-based Semi-Supervised Learning

Chapters 2-5

Chapter 6

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8



Never-Ending
Learning

Chapter 1

[AAAI 2015, CACM 201

8]

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8

Evaluation
Jelly Bean World

Chapter 9

Semi-Supervised Learning
Graph-based Semi-Supervised Learning

Chapter 6

Self-Reflection
Estimating Accuracy from Unlabeled Data

Chapters 2-5
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Overview
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city Is "Pittsburgh" a city?

"Pittsburgh"

Self-Reflection A Direct Approach
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city

...

"Pittsburgh"

Approximations

orthographic features
of the noun phrase

context of the
noun phrase

What would a human do?

Self-Reflection A Direct Approach
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Is quantum physics probabilistic?

Bohm

Schrödinger

Cramer

Bohr

YesNo

Feynman

Heisenberg

Einstein

Planck

Self-Reflection A Direct Approach



It becomes more likely that the 
correct answer is “Yes”

Is quantum physics probabilistic?

Bohm

Schrödinger

Cramer

Bohr

YesNo

Feynman

Heisenberg

Einstein

Planck

What if Einstein was
on the other side?

14

Self-Reflection A Direct Approach



It becomes more likely that the 
correct answer is “Yes”

Is quantum physics probabilistic?

Bohm

Schrödinger

Cramer

Bohr

YesNo

Feynman

Heisenberg

Einstein

Planck

What if Einstein was
on the other side?

Using only unlabeled data we can measure

consistency

but not

correctness

/ agreement rate

14

Self-Reflection A Direct Approach



Is quantum physics probabilistic?

Bohm

Schrödinger

Cramer

Bohr

YesNo

Feynman

Heisenberg

Einstein

Planck

What if Einstein was
on the other side?

Using only unlabeled data we can measure

consistency

a

correctness

Does this
implication hold?

15

If yes, under what
conditions?

Dependence?

Self-Reflection A Direct Approach
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Probability that predictor and predictor agree:

co
ns
is
te
nc
y

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

both are rightboth are wrong

inclusion-exclusion
principle

and

Self-Reflection A Direct Approach
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consistency and
correctness are
indeed related

error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]
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independence

error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

Assuming we have 3 predictors:

where:in
de
pe
nd

en
ce

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]
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error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

Assuming we have 3 predictors:

where:in
de
pe
nd

en
ce

independence helps us solve the problem

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]
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error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

Independence is a very 
strong assumption!

Without it we end up with more 
unknowns than equations!

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]
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error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

define an objective function / regularizer

use as constraints

Constrained
Optimization Problem

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]
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error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

ob
je
ct
iv
e

Relax the independence assumption:

and keep the joint error rates.

Constrained
Optimization Problem

Valid probabilities:

co
ns
tr
ai
nt
s

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]



23

error event

Probability that predictor is wrong:

co
rr
ec
tn
es
s

Can be estimated using unlabeled :

Probability that predictor and predictor agree:

co
ns
is
te
nc
y

Valid probabilities:

co
ns
tr
ai
nt
s

ob
je
ct
iv
e

Relax the independence assumption:

and keep the joint error rates.

Constrained
Optimization Problem

Self-Reflection A Direct Approach

[Platanios, Blum, Mitchell, UAI 2014]
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NELL
Task: Predict whether a noun phrase
belongs to a category (e.g., city).

4 classi!ers

15 categories

~300,000 noun phrases

Task: Find which of two 40 second
long story passages corresponds to a
time series of fMRI neural activity.

11 classi!ers

11 brain regions

1,000 passages

BRAIN

BRAIN is harder because the classifiers
and the regions are highly dependent!NO

TE

Self-Reflection Results

[Platanios, Blum, Mitchell, UAI 2014]
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NELL
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NELL
Task: Predict whether a noun phrase
belongs to a category (e.g., city).

4 classi!ers

15 categories

~300,000 noun phrases

Task: Find which of two 40 second
long story passages corresponds to a
time series of fMRI neural activity.

11 classi!ers

11 brain regions
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Never-Ending
Learning

Chapter 1

[AAAI 2015, CACM 201

8]

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8

Evaluation
Jelly Bean World

Chapter 9

Semi-Supervised Learning
Graph-based Semi-Supervised Learning

Chapter 6

Self-Reflection
Estimating Accuracy from Unlabeled Data

Direct Approach
Chapter 2 [UAI 2014]

Chapters 2-5
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Self-Reflection
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Self-Reflection



Direct Approach
[UAI 2014]

Self-Reflection
Estimating Accuracy from Unlabeled Data

NELL

97.25

DIRECTMAJ

94.39

90

100
99.31

BAYES

AC
CU

RA
CY

85.62

DIRECTMAJ

84.90
80

100

93.20

BAYES

AC
CU

RA
CY

4 classi!ers | 15 categories | ~300,000 noun phrases

11 classi!ers | 11 brain regions | 1,000 passages

BRAIN

Limitation #1: Dependencies

Bayesian Approach
[ICML 2016] 28

Self-Reflection
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Self-Reflection



Direct Approach
[UAI 2014]

Self-Reflection
Estimating Accuracy from Unlabeled Data

Bayesian Approach
[ICML 2016]

97.25

DIRECTMAJ

94.39

90

100
99.31

BAYES

99.40

LOGIC

AC
CU

RA
CY

85.62

DIRECTMAJ

84.90
80

100

93.20

BAYES

99.50

LOGIC

AC
CU

RA
CY

NELL
4 classi!ers | 15 categories | ~300,000 noun phrases

11 classi!ers | 11 brain regions | 1,000 passages

BRAIN

Limitation #2: Logical Constraints

Logic Approach
[NeurIPS 2017] 30

Self-Reflection
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Self-Reflection

45.50
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Self-Reflection

45.50

DIRECTMAJ

44.70

30
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61.50
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Self-Reflection



Never-Ending
Learning

Chapter 1

[AAAI 2015, CACM 201

8]

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8

Evaluation
Jelly Bean World

Chapter 9

Semi-Supervised Learning
Graph-based Semi-Supervised Learning

Chapter 6

Direct Approach
Chapter 2 [UAI 2014]

Active Learning
Appendix B

Bayesian Approach
Chapter 3 [ICML 2016]

Logic Approach
Chapter 4 [NeurIPS 2017]

Deep Learning Approach
Chapter 5 [Under Review 2020]

+ constraints+ de
pend

enci
es

+ representations

Self-Reflection
Estimating Accuracy from Unlabeled Data

Chapters 2-5
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Self-Reflection



Never-Ending
Learning

Chapter 1

[AAAI 2015, CACM 201

8]

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8

Evaluation
Jelly Bean World

Chapter 9

Direct Approach
Chapter 2 [UAI 2014]

Active Learning
Appendix B

Bayesian Approach
Chapter 3 [ICML 2016]

Logic Approach
Chapter 4 [NeurIPS 2017]

Deep Learning Approach
Chapter 5 [Under Review 2020]

GEM
Chapter 6 [Under Review 2020]

Graph-Agreement Models
Not in!esis [NeurIPS 2019]

+ constraints+ de
pend

enci
es

+ representations

+ self-re"ection

Self-Reflection
Estimating Accuracy from Unlabeled Data

Semi-Supervised Learning
Graph-based Semi-Supervised Learning

Chapters 2-5

Chapter 6

34

Self-Reflection



Never-Ending
Learning

Chapter 1

[AAAI 2015, CACM 201

8]

Evaluation
Jelly Bean World

Chapter 9

Direct Approach
Chapter 2 [UAI 2014]

Bayesian Approach
Chapter 3 [ICML 2016]

+ de
pend

enci
es

Self-Reflection
Estimating Accuracy from Unlabeled Data

Active Learning
Appendix B

Logic Approach
Chapter 4 [NeurIPS 2017]

+ constraints

Chapters 2-5

Deep Learning Approach
Chapter 5 [Under Review 2020]

+ representations

Graph-Agreement Models
Not in!esis [NeurIPS 2019]

Semi-Supervised Learning
Graph-based Semi-Supervised Learning

Chapter 6

GEM
Chapter 6 [Under Review 2020]

+ self-re"ection

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8
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Multi-Task Learning

36[Caruana, Machine Learning 1997 & Ruder, arXiv 2017]

Multi-task learning is currently performed in one of two ways:

Hard Parameter Sharing

Layer 1

Layer N

Task 2 Task MTask 1

Input

Output 2Output 1 Output M

...

Soft Parameter Sharing

Parameters have
similar valuesLayer 1

Layer N

Output

Input

Output 1

Layer 1

Layer N

Output

Input

Output 2

Layer 1

Layer N

Output

Input

Output M

...

...

...



Soft Parameter Sharing

Parameters have
similar valuesLayer 1

Layer N

Output

Input

Output 1

Layer 1

Layer N

Output

Input

Output 2

Layer 1

Layer N

Output

Input

Output M

...

...

...

Hard Parameter Sharing

Layer 1

Layer N

Task 2 Task MTask 1

Input

Output 2Output 1 Output M

...

37[Caruana, Machine Learning 1997 & Ruder, arXiv 2017]

-Adding new tasks requires re-training. 
-Highly prone to negative transfer.

-Adding new tasks requires copying/re-training. 
-Hard to have tasks interact in a constructive 
manner — tasks typically only interact through 
pre-training.

A never-ending learning system must support learning tasks that keep changing.

Do not allow for task dependencies at inference time 
(e.g., task composition) or for zero-shot learning!

Multi-Task Learning
Multi-task learning is currently performed in one of two ways:



Avoids copying/re-training

Enables fast adaptation

Avoids negative transfer

Enables positive transfer

Enables task dependencies

Enables zero-shot learning

Hard Sharing Soft Sharing

38

Multi-Task Learning
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What if we learn task representations and feed them as inputs? 

There have been some attempts. For example, in machine translation (MT).

Multi-Task Learning Contextual Parameter Generation

Preprocessing
Th@@ ank you very m@@ uch . <end>

Thank you very much.English Vietnamese

Intermediate
Representation

Embeddings

Encoder
ATTENTION

Vocabulary lookup

Cám ơn rất nh@@ iều . <end>

Cám ơn rất nhiều.

Decoder
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English
How are you?

German
Wie geht es dir?

Japanese
お元気ですか？

Πώς είσαι?
Greek

क्या हाल ह?ै
Hindi

你好吗？
Chinese

English
How are you?

German
Wie geht es dir?

Japanese
お元気ですか？

Πώς είσαι?
Greek

क्या हाल ह?ै
Hindi

你好吗？
Chinese

No Parameter Sharing

Multi-Task Learning Contextual Parameter Generation
What about multilingual translation?
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[Firat, Cho, Bengio, NAACL 2016 & Luong, Le, Sutskever, Vinyals, Kaizer, ICLR 2016]

Multi-Task Learning Contextual Parameter Generation
What about multilingual translation?
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你好吗？
Chinese

Pe
r-

La
ng
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ge

 
En

co
de

r/
D

ec
od

er

[Ha et al., IWSLT 2016 & Johnson et al., ACL 2017]

Multi-Task Learning Contextual Parameter Generation
What about multilingual translation?
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English
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Pe
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ng
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En
co

de
r/

D
ec

od
er

U
ni

ve
rs

al

Intermediate
Representation

Embeddings

ATTENTION

Preprocessing
Th@@ ank you very m@@ uch . <end>

Thank you very much.English Vietnamese

Vocabulary lookup

Cám ơn rất nh@@ iều . <end>

Cám ơn rất nhiều.

Encoder Decoder

Target 
Language

- Lacks language-specific parameterization.
- Cannot generalize to the other settings.
- It does not make sense to treat the target language in the same way 

as the input sentence words.

[Ha et al., IWSLT 2016 & Johnson et al., ACL 2017]

Multi-Task Learning Contextual Parameter Generation
What about multilingual translation?
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What about multilingual translation?
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Intermediate
Representation

Embeddings

ATTENTION

Preprocessing
Th@@ ank you very m@@ uch . <end>

Thank you very much.English Vietnamese

Vocabulary lookup

Cám ơn rất nh@@ iều . <end>

Cám ơn rất nhiều.

Encoder Decoder

Encoder parameters
(e.g., LSTM weights)

Decoder parameters
(e.g., LSTM weights)

Embedding Embedding

SO
U
RCE

LA
N
G
U
AG

E

TA
RG

ET
LA

N
G
U
AG

E

Parameter Generator

We proposed to explicitly allow conditioning on the languages:

[Platanios, Sachan, Neubig, Mitchell, EMNLP 2018]

Multi-Task Learning Contextual Parameter Generation
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Multi-Task Learning Contextual Parameter Generation

Let refer to the source language and refer to the target language.!en:

DECOUPLED

SOURCE/TARGET

COUPLED

SOURCE TARGET



46

Multi-Task Learning Contextual Parameter Generation

[Platanios, Sachan, Neubig, Mitchell, EMNLP 2018]

We also performed experiments with 
other forms that enabled more 
controlled parameter sharing.
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Language acts as the context in which translation is performed.

Using contextual parameter generation resulted in:

- Significant performance gains (+3 BLEU) and reduced training time.

- Ability to perform zero-shot learning.

- Interpretable task embeddings.

Cosine Distances:

Multi-Task Learning Contextual Parameter Generation

[Platanios, Sachan, Neubig, Mitchell, EMNLP 2018]
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Direct Approach
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Logic Approach
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GEM
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Machine Translation
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Multi-Task Learning
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Agent

Visual Field

Multi-Task Learning



Link Prediction
[AAAI 2020]

Contextual Parameter Generation for Task Compositions

Machine Translation
[EMNLP 2018]

Multi-Task Learning
Contextual Parameter Generation

Let us consider the following grid world:

Scent Diffusion

Agent

Visual Field

We can define arbitrary reward functions in terms
of items the agent must collect or avoid.

Evaluation
Jelly Bean World

[ICLR 2020]
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Multi-Task Learning



Link Prediction
[AAAI 2020]

Contextual Parameter Generation for Task Compositions

Machine Translation
[EMNLP 2018]

Multi-Task Learning
Contextual Parameter Generation

Let us consider the following example:

Collect[ ] Avoid[ ]

Avoid[ ] Collect[ ]

Switch every 100,000 steps

Evaluation
Jelly Bean World

[ICLR 2020]

Jelly Bean World
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PLAIN

Multi-Task Learning

REWARDAWARE REWARD CONTEXTUAL



Avoids copying/re-training

Enables fast adaptation

Avoids negative transfer

Enables positive transfer

Enables task dependencies

Enables zero-shot learning

Hard Sharing Soft Sharing

58

Task as Input

Caveats: The number of parameters increases and the CPG-enhanced networks have higher expressive power and thus higher risk of overfitting.

Task as Context

Multi-Task Learning
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Why does contextual parameter generation work so well?

Multi-Task Learning Contextual Parameter Generation

- Is it related to hierarchical modeling in probabilistic models?

- How does it increase the expressive power of neural networks?
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Why does contextual parameter generation work so well?

Multi-Task Learning Contextual Parameter Generation

- Is it related to hierarchical modeling in probabilistic models?

- How does it increase the expressive power of neural networks?

Can represent the XOR function!

Acts a quadratic kernel!

Acts a cubic kernel!

Linear

Parameters

Input Output

Parameters

Linear

Parameters

Linear
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Thesis Statement
multi-task learning

A computer system that learns to perform multiple tasks jointly and that is aware
of the relationships between these tasks, will be able to learn more efficiently and

effectively than a system that learns to perform each task in isolation.

Multi-Task Learning
Contextual Parameter Generation
Chapters 7-8

Moreover, the relationships between the tasks may either be explicitly provided
through supervision or implicitly learned by the system itself, and will allow the
system to self-reflect and evaluate itself without any task-specific supervision.

self-re!ection

Self-Reflection
Estimating Accuracy from Unlabeled Data

Chapters 2-5



multi-task learning

self-re!ection
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Lessons Learned & Open Questions

Neural Cognitive Architectures!
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There is nothing new to be discovered in physics now. All that remains 
is more and more precise measurement. 
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Is machine learning almost done?

There is nothing new to be discovered in physics now. All that remains 
is more and more precise measurement. 

-Lord Kelvin, 1900

Let’s use an example!



Example borrowed from Hendrycks et al., 2020. 69

What is missing?
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Example borrowed from Hendrycks et al., 2020. 69

What is missing?

What if yet another model knew that roads 
cannot lead into dams?



Example borrowed from Hendrycks et al., 2020. 70

What is missing?

What if yet another model knew that roads 
cannot lead into dams?

If these models were able to interact with each other, 
then this mistake would be highly unlikely!
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Never-Ending Language Learning

- Reads websites 
- Gets better with time 
- Keeps getting better forever

[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]
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Never-Ending Language Learning

[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]
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Never-Ending Language Learning

[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

Impact

NELL is facing multiple difficult challenges! 

Let us first see how it works…



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“
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NELL always has access to the 
world-wide web.

[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

Never-Ending Language Learning Architecture



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

73[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

KB

Toronto

Canada

Pearson

Skydome

country

airport

stadium

Maple Leafs

Wilson

Toskala

Helmet

member

Stanley Cup
won

hired

Red
Wings

Toyota

automobile
Prius

won

sector
created

Climbing
uses

It also starts with a very small 
number of externally provided facts.

Never-Ending Language Learning Architecture



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

73[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

KB

Toronto

Canada

Pearson

Skydome

country

airport

stadium

Maple Leafs

Wilson

Toskala

Helmet

member

Stanley Cup
won

hired

Red
Wings

Toyota

automobile
Prius

won

sector
created

Climbing
uses

Train Classifiers
“lives in Pittsburgh”
“city” appears after “lives in”

“Pittsburgh”
“city” ends with “-burgh”

......

#1

#2

Classifier using context 
of noun phrases

Classifier using morphology 
of noun phrases

Never-Ending Language Learning Architecture



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

73[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

KB

Toronto

Canada

Pearson

Skydome

country

airport

stadium

Maple Leafs

Wilson

Toskala

Helmet

member

Stanley Cup
won

hired

Red
Wings

Toyota

automobile
Prius

won

sector
created

Climbing
uses

Train Classifiers
“lives in Pittsburgh”
“city” appears after “lives in”

“Pittsburgh”
“city” ends with “-burgh”

......

#1

#2

Generate Beliefs

...

categoryCPL(pittsburgh,city)
categoryCPL(giraffe,animal)
eatsCPL(horse,hay)
categoryCML(pittsburgh,city)
categoryCML(elephant,animal)

unlabeled
examples

trained
classifiers

Never-Ending Language Learning Architecture



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

73[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

KB

Toronto

Canada

Pearson

Skydome

country

airport

stadium

Maple Leafs

Wilson

Toskala

Helmet

member

Stanley Cup
won

hired

Red
Wings

Toyota

automobile
Prius

won

sector
created

Climbing
uses

Train Classifiers
“lives in Pittsburgh”
“city” appears after “lives in”

“Pittsburgh”
“city” ends with “-burgh”

......

#1

#2

Generate Beliefs

...

categoryCPL(pittsburgh,city)
categoryCPL(giraffe,animal)
eatsCPL(horse,hay)
categoryCML(pittsburgh,city)
categoryCML(elephant,animal)

unlabeled
examples

trained
classifiers

Integrate Knowledge

category(pittsburgh,city)

Integrate noisy beliefs into a
confident set of facts.

noisy overlapping
sets of beliefs

Never-Ending Language Learning Architecture



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

73[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

KB

Toronto

Canada

Pearson

Skydome

country

airport

stadium

Maple Leafs

Wilson

Toskala

Helmet

member

Stanley Cup
won

hired

Red
Wings

Toyota

automobile
Prius

won

sector
created

Climbing
uses

Train Classifiers
“lives in Pittsburgh”
“city” appears after “lives in”

“Pittsburgh”
“city” ends with “-burgh”

......

#1

#2

Generate Beliefs

...

categoryCPL(pittsburgh,city)
categoryCPL(giraffe,animal)
eatsCPL(horse,hay)
categoryCML(pittsburgh,city)
categoryCML(elephant,animal)

unlabeled
examples

trained
classifiers

Integrate Knowledge

category(pittsburgh,city)

Integrate noisy beliefs into a
confident set of facts.

noisy overlapping
sets of beliefs

Toronto

Canada
Miller

Pearson

Connaught

Skydome

Globe and Mail

Milson

countrypolitician

airport
company

stadium

paper

writer

Air Canada
Centre

Maple Leafs

CFRB

Sunnybrook

Wilson

Toskala
Sundin

NHL

Hockey

Skates Helmet

hospital

radio

hometown

stadium
stadium

member

member

league

plays

Stanley Cup
wonplay

uses uses

hired

Red
Wings

Detroit

GM

Toyota

Hino

automobile
Prius

Corolla

won

hometown

company

competes

acquired

sector
created

created

Football Climbing
uses uses Repeat

add confident set of facts to the knowledge base

Never-Ending Language Learning Architecture



World Wide Web

...Manhattan, also
called the big apple...

...lives in Pittsburgh...

“

73[Mitchell, …, Platanios, …, AAAI 2015 & CACM 2018]

KB

Toronto

Canada

Pearson

Skydome

country

airport

stadium

Maple Leafs

Wilson

Toskala

Helmet

member

Stanley Cup
won

hired

Red
Wings

Toyota

automobile
Prius

won

sector
created

Climbing
uses

Train Classifiers
“lives in Pittsburgh”
“city” appears after “lives in”

“Pittsburgh”
“city” ends with “-burgh”

......

#1

#2

Generate Beliefs

...

categoryCPL(pittsburgh,city)
categoryCPL(giraffe,animal)
eatsCPL(horse,hay)
categoryCML(pittsburgh,city)
categoryCML(elephant,animal)

unlabeled
examples

trained
classifiers

Integrate Knowledge

category(pittsburgh,city)

Integrate noisy beliefs into a
confident set of facts.

noisy overlapping
sets of beliefs

Toronto

Canada
Miller

Pearson

Connaught

Skydome

Globe and Mail

Milson

countrypolitician

airport
company

stadium

paper

writer

Air Canada
Centre

Maple Leafs

CFRB

Sunnybrook

Wilson

Toskala
Sundin

NHL

Hockey

Skates Helmet

hospital

radio

hometown

stadium
stadium

member

member

league

plays

Stanley Cup
wonplay

uses uses

hired

Red
Wings

Detroit

GM

Toyota

Hino

automobile
Prius

Corolla

won

hometown

company

competes

acquired

sector
created

created

Football Climbing
uses uses Repeat

add confident set of facts to the knowledge base

Never-Ending Language Learning Architecture
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Never-Ending Language Learning Architecture

This step is crucial! 
Errors can accumulate and confident 

mistakes will ruin long-term performance!
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Never-Ending Language Learning
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Machine Learning
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weak supervision
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use aggregated labels to train
machine learning models
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Machine Learning
Data Programming

weak supervision

noisy overlapping
sets of labels

Aggregate Labels
Aggregate the noisy labels to
obtain a single label per example.

use aggregated labels to train
machine learning models

Never-Ending Language Learning

This problem is important for 
machine learning as a whole!
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A Deep Approach

[Platanios, Al-Shedivat, Xing, Mitchell, under review 2020]
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We can start by thinking about how to modify our Bayesian model:
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A Deep Approach

Compute the expectation of
the latent true labels:

where:

E-STEP
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CPG: Controlled Parameter Sharing
- The encoder/decoder parameters o9en have some “natural grouping” (e.g., 

the weight matrix of the first LSTM layer forms a group). 

- The language embeddings need to represent all language-specific 
informaHon and thus may need to be large. 

- Only a small part of that informaHon may be relevant for each “group”.

105



CPG: Controlled Parameter Sharing
- The encoder/decoder parameters o9en have some “natural grouping” (e.g., 

the weight matrix of the first LSTM layer forms a group). 

- The language embeddings need to represent all language-specific 
informaHon and thus may need to be large. 

- Only a small part of that informaHon may be relevant for each “group”.

106

We can use these observaHons to control the amount of informa/on sharing 
across languages.



CPG: Controlled Parameter Sharing
Let                                      and                              , where     is the number of groups. 
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<latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit><latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit><latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit><latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit>



CPG: Controlled Parameter Sharing
Let                                      and                              , where     is the number of groups. 

Then, we can define: 

where: 

and similarly for the decoder.
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✓(enc)j , W(enc)
j P(enc)

j ls
<latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit><latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit><latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit><latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit>

W(enc)
j 2 RP (enc)

j ⇥M 0

<latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit><latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit><latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit><latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit>

P(enc)
j 2 RM 0⇥M

<latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit><latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit><latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit><latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit>

M 0 < M
<latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit><latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit><latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit><latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit>

✓(enc) = {✓(enc)j }Gj=1
<latexit sha1_base64="NT1xPcFwjcDI/8bIMYuvekBExsE="></latexit><latexit sha1_base64="NT1xPcFwjcDI/8bIMYuvekBExsE="></latexit><latexit sha1_base64="NT1xPcFwjcDI/8bIMYuvekBExsE="></latexit><latexit sha1_base64="NT1xPcFwjcDI/8bIMYuvekBExsE="></latexit>

✓(enc)j 2 RP (enc)
j

<latexit sha1_base64="CSyhdS0gMba6YxisqICq0MD+PMg=">AAACFnicdVDLSgMxFM34rPVVdekmWIS6sMxIxXZXcKO7KvYBnbZk0rSNzWSG5I5QhvkKN/6KGxeKuBV3/o3pQ3ygBwKHc+4l9xwvFFyDbb9bc/MLi0vLqZX06tr6xmZma7umg0hRVqWBCFTDI5oJLlkVOAjWCBUjvidY3Ruejv36DVOaB/IKRiFr+aQveY9TAkbqZA5dGDAg7TjHJD1IOtfY5RK7PoGB58WXSTuufHlJJ5O1807JKR0X8ZSUCjNSKGEnb0+QRTNUOpk3txvQyGcSqCBaNx07hFZMFHAqWJJ2I81CQoekz5qGSuIz3YonsRK8b5Qu7gXKPAl4on7fiImv9cj3zOT4Xv3bG4t/ec0IesVWzGUYgUk2/agXCQwBHneEu1wxCmJkCKGKm1sxHRBFKJgm06aEz6T4f1I7yjummYtCtnw+qyOFdtEeyiEHnaAyOkMVVEUU3aJ79IierDvrwXq2Xqajc9ZsZwf9gPX6AbN8n8I=</latexit><latexit sha1_base64="CSyhdS0gMba6YxisqICq0MD+PMg=">AAACFnicdVDLSgMxFM34rPVVdekmWIS6sMxIxXZXcKO7KvYBnbZk0rSNzWSG5I5QhvkKN/6KGxeKuBV3/o3pQ3ygBwKHc+4l9xwvFFyDbb9bc/MLi0vLqZX06tr6xmZma7umg0hRVqWBCFTDI5oJLlkVOAjWCBUjvidY3Ruejv36DVOaB/IKRiFr+aQveY9TAkbqZA5dGDAg7TjHJD1IOtfY5RK7PoGB58WXSTuufHlJJ5O1807JKR0X8ZSUCjNSKGEnb0+QRTNUOpk3txvQyGcSqCBaNx07hFZMFHAqWJJ2I81CQoekz5qGSuIz3YonsRK8b5Qu7gXKPAl4on7fiImv9cj3zOT4Xv3bG4t/ec0IesVWzGUYgUk2/agXCQwBHneEu1wxCmJkCKGKm1sxHRBFKJgm06aEz6T4f1I7yjummYtCtnw+qyOFdtEeyiEHnaAyOkMVVEUU3aJ79IierDvrwXq2Xqajc9ZsZwf9gPX6AbN8n8I=</latexit><latexit sha1_base64="CSyhdS0gMba6YxisqICq0MD+PMg=">AAACFnicdVDLSgMxFM34rPVVdekmWIS6sMxIxXZXcKO7KvYBnbZk0rSNzWSG5I5QhvkKN/6KGxeKuBV3/o3pQ3ygBwKHc+4l9xwvFFyDbb9bc/MLi0vLqZX06tr6xmZma7umg0hRVqWBCFTDI5oJLlkVOAjWCBUjvidY3Ruejv36DVOaB/IKRiFr+aQveY9TAkbqZA5dGDAg7TjHJD1IOtfY5RK7PoGB58WXSTuufHlJJ5O1807JKR0X8ZSUCjNSKGEnb0+QRTNUOpk3txvQyGcSqCBaNx07hFZMFHAqWJJ2I81CQoekz5qGSuIz3YonsRK8b5Qu7gXKPAl4on7fiImv9cj3zOT4Xv3bG4t/ec0IesVWzGUYgUk2/agXCQwBHneEu1wxCmJkCKGKm1sxHRBFKJgm06aEz6T4f1I7yjummYtCtnw+qyOFdtEeyiEHnaAyOkMVVEUU3aJ79IierDvrwXq2Xqajc9ZsZwf9gPX6AbN8n8I=</latexit><latexit sha1_base64="CSyhdS0gMba6YxisqICq0MD+PMg=">AAACFnicdVDLSgMxFM34rPVVdekmWIS6sMxIxXZXcKO7KvYBnbZk0rSNzWSG5I5QhvkKN/6KGxeKuBV3/o3pQ3ygBwKHc+4l9xwvFFyDbb9bc/MLi0vLqZX06tr6xmZma7umg0hRVqWBCFTDI5oJLlkVOAjWCBUjvidY3Ruejv36DVOaB/IKRiFr+aQveY9TAkbqZA5dGDAg7TjHJD1IOtfY5RK7PoGB58WXSTuufHlJJ5O1807JKR0X8ZSUCjNSKGEnb0+QRTNUOpk3txvQyGcSqCBaNx07hFZMFHAqWJJ2I81CQoekz5qGSuIz3YonsRK8b5Qu7gXKPAl4on7fiImv9cj3zOT4Xv3bG4t/ec0IesVWzGUYgUk2/agXCQwBHneEu1wxCmJkCKGKm1sxHRBFKJgm06aEz6T4f1I7yjummYtCtnw+qyOFdtEeyiEHnaAyOkMVVEUU3aJ79IierDvrwXq2Xqajc9ZsZwf9gPX6AbN8n8I=</latexit>

G
<latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit><latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit><latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit><latexit sha1_base64="4HOkkqUlw+XOzzN3nDeD2smBNy4=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgKexKxOwt4EG9JWAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xkmygooWNBRV3XR3+YngStv2h5VbWV1b38hvFra2d3b3ivsHLRWnkmGTxSKWHZ8qFDzCpuZaYCeRSENfYNsfX8799j1KxePoVk8S9EI6jHjAGdVGalz1iyW77LiOe14lS+JWMlJxiVO2FyhBhnq/+N4bxCwNMdJMUKW6jp1ob0ql5kzgrNBLFSaUjekQu4ZGNETlTReHzsiJUQYkiKWpSJOF+n1iSkOlJqFvOkOqR+q3Nxf/8rqpDqrelEdJqjFiy0VBKoiOyfxrMuASmRYTQyiT3NxK2IhKyrTJpmBC+PqU/E9aZ2XHJNOolGo3WRx5OIJjOAUHLqAG11CHJjBAeIAneLburEfrxXpdtuasbOYQfsB6+wQtO401</latexit>



CPG: Controlled Parameter Sharing
Let                                      and                              , where     is the number of groups. 

Then, we can define: 

where: 

and similarly for the decoder. 

If we want to increase the number of per-language parameters, we can increase 
M, while keeping M’ fixed, and vice-versa.
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✓(enc)j , W(enc)
j P(enc)

j ls
<latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit><latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit><latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit><latexit sha1_base64="cDp+3DdgrnDwv5I/YtaKFzzPoTY="></latexit>

W(enc)
j 2 RP (enc)

j ⇥M 0

<latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit><latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit><latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit><latexit sha1_base64="BqeJHe2burNpb9L+K/sYPoNaLfs="></latexit>

P(enc)
j 2 RM 0⇥M

<latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit><latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit><latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit><latexit sha1_base64="9o6bUGvAhI927zM2jjAVidEhNuA="></latexit>

M 0 < M
<latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit><latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit><latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit><latexit sha1_base64="AK+Mb+/1aDRoU8ojGw/UFkz/GXQ=">AAAB63icdVBNS8NAEJ34WetX1aOXxSJ6KolUbMBDwYseChXsB7ShbLabdulmE3Y3Qgn9C148KOLVP+TNf+OmjaCiDwYe780wM8+POVPatj+speWV1bX1wkZxc2t7Z7e0t99WUSIJbZGIR7LrY0U5E7Slmea0G0uKQ5/Tjj+5yvzOPZWKReJOT2PqhXgkWMAI1pnUOLlsDEplu+K4jnteQwviVnNSdZFTsecoQ47moPTeH0YkCanQhGOleo4day/FUjPC6azYTxSNMZngEe0ZKnBIlZfOb52hY6MMURBJU0Kjufp9IsWhUtPQN50h1mP128vEv7xeooOalzIRJ5oKslgUJBzpCGWPoyGTlGg+NQQTycytiIyxxESbeIomhK9P0f+kfVZxTDK31XL9Jo+jAIdwBKfgwAXU4Rqa0AICY3iAJ3i2QuvRerFeF61LVj5zAD9gvX0CsUWOCQ==</latexit>
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Why does contextual parameter generation work?

- Is it related to probabilistic graphical models?

- How does it increase the expressive power of neural networks?
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Specifies the reward given to the agent for each possible
state transition.

Collect[JellyBean] Avoid[Onion]

REWARD SCHEDULE
Specifies the reward function for each time step.

Fixed / Periodic / Random

Visualizer
Asynchronous simulation
visualizer.
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Non-final patches
that need to be
sampled to avoid
boundary effects

Procedurally generated:
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point process:
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Each item has a color and a scent.

current cell scent previous scent

neighboring cells di!used scent

Scent diffuses over space and time:

Scent Diffusion

Agent

Occlusion
Visual Field

Agent
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Vision and scent are complementary.
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Simulator Scent Diffusion

Agent

Occlusion
Visual Field

Agent

Field of View Mask

Infinite two-dimensional grid.

Contains items of various types.

Each item has a color and a scent.

– Agent Collision Policies

– Item Movement Blocking

– Item Collection Requirements

– Item Collection Costs

Various constraints are also supported.
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they move further away from their
starting position in the world map.

r1 r2 Applies both r1 and r2 and returns
the sum of their rewards.

Reward Schedules

Fixed[r]
!e reward function is
always fixed to r, and is
thus stationary.

Curriculum[{r ,t } ]i i i=1
R

Use reward function r for
the first t steps, then r for
t steps, ..., and keep using
r after the list of reward
functions is exhausted.

1

1 2

2

R
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Environment
Learning tasks can be defined in terms of reward functions and reward schedules.

Learning Tasks

Reward Functions

Action[v] Give reward v to agents when take
an action (i.e., not a no-op).

Reward Functions

Action[v] Give reward v to agents when take
an action (i.e., not a no-op).

Collect[i, v] Give reward v to agents for each
item of type i that they collect.

Avoid[i, v] Give reward -v to agents for each
item of type i that they collect.

Explore[v]
Give reward v to agents each time
they move further away from their
starting position in the world map.

r1 r2 Applies both r1 and r2 and returns
the sum of their rewards.

Reward Schedules

Fixed[r]
!e reward function is
always fixed to r, and is
thus stationary.

Curriculum[{r ,t } ]i i i=1
R

Use reward function r for
the first t steps, then r for
t steps, ..., and keep using
r after the list of reward
functions is exhausted.

1

1 2

2

R

Use reward function r for
the first t steps, then r for
t steps, ..., and then repeat
after the list of reward
functions is exhausted.

1

1 2

2Cyclical[{r ,t } ]i i i=1
R
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Case Studies
Reward function:

Non-Episodic
Collect[JellyBean] Avoid[Onion]
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Case Studies
Reward function:
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Reward rate is computed using a 100,000-step moving window and averaged over 20 runs.
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Case Studies

Cyclical Schedule
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Case Studies

Field-of-View

Time Step

Multi-Modal

Reward rate is computed using a 100,000-step moving window and averaged over 20 runs.
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Case Studies

Field-of-View

Time Step

Multi-Modal

Reward rate is computed using a 100,000-step moving window and averaged over 20 runs.
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Case Studies

Vision/Scent Complementarity
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How do all the pieces fit together in the human brain?
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How do all the pieces fit together in the human brain?

[Rogers et al., Psychological Review 2004]
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Processing Unit
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Vision
The Hub-and-Spoke Model



Flow of data whose type is
modality/problem dependent
Flow of data whose type is
modality/problem independent

LEGEND

PERCEPTION

CNN
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Unified Architecture: JBW Example Perception
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Input

Flow of data whose type is
modality/problem dependent
Flow of data whose type is
modality/problem independent

LEGEND

Sensor
!e perception modality's sensor
network maps input data into the
latent reasoning space.

PERCEPTION

Unified Architecture Perception

A perception modality is defined as: 
- A data type, and 
- a sensor network.
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Unified Architecture: JBW Example

Much of the complexity of deep learning models 
lies in perception, rather than reasoning.
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Input

Output

Reasoning Unit
Performs a single step of reasoning.

E!ector
!e action modality's e!ector
network maps the reasoner result to
output data.

ACTION

Flow of data whose type is
modality/problem dependent
Flow of data whose type is
modality/problem independent

LEGEND

Sensor
!e perception modality's sensor
network maps input data into the
latent reasoning space.

PERCEPTION

Unified Architecture Action

An action modality is defined as: 
- A data type, and 
- an effector network.
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Unified Architecture: JBW Example
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Unified Architecture: JBW Example

Intrinsic reward can be modeled as  
a separate action modality.
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Output

Reasoning Unit
Performs a single step of reasoning.

Memory
Memory operates in the reasoning space and is
important for settings where the system continually
interacts with some outside world.

read

read/write

REASONING

E!ector
!e action modality's e!ector
network maps the reasoner result to
output data.

ACTION

Flow of data whose type is
modality/problem dependent
Flow of data whose type is
modality/problem independent

LEGEND

Sensor
!e perception modality's sensor
network maps input data into the
latent reasoning space.

PERCEPTION

Unified Architecture
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Memory

Different than 
memory networks!
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Reasoning Unit
Performs a single step of reasoning.

Memory
Memory operates in the reasoning space and is
important for settings where the system continually
interacts with some outside world.
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network maps the reasoner result to
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Mread : K ↦ V

Mwrite : (K, V) ↦ ()

Mk ∈ ℝM×Dk

Mv ∈ ℝM×Dv

Memory Size

I(q) = Softmax ( qMT
k

Dk )
Query

Indexing Mechanism

Mread(q) : return I(q)Mv

Mwrite(q, v) : Mv := λI(q)v + (1 − λI(q))Mv

Forgetting Factor

Enables associative learning and memories!
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World Simulator
An abstract model of the world that is defined in the
reasoning space and does not contain detailed
information about perception and action. It can be
used to simulate the outside world when projected to
the reasoning space.

Reasoning Unit
Performs a single step of reasoning.

Memory
Memory operates in the reasoning space and is
important for settings where the system continually
interacts with some outside world.

read

read/write
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E!ector
!e action modality's e!ector
network maps the reasoner result to
output data.

ACTION

Flow of data whose type is
modality/problem dependent
Flow of data whose type is
modality/problem independent

LEGEND

Sensor
!e perception modality's sensor
network maps input data into the
latent reasoning space.
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World Simulator

̂pt+1 = S(pt, at+1)
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Problem Specification
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- Fixed-Size Vector

- Natural Language

- Structured Language

Problem Specification → 
Structured Representation 

(e.g., a vector).

Problem Specification Problem Compilation
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- Fixed-Size Vector

- Natural Language

- Structured Language

Problem Specification → 
Structured Representation 

(e.g., a vector).

Action modalities can 
generate problems that are 
fed to the compiler.

Problem Specification Problem Compilation Problem Generation



World Simulator
An abstract model of the world that is defined in the
reasoning space and does not contain detailed
information about perception and action. It can be
used to simulate the outside world when projected to
the reasoning space.

Reasoning Unit
Performs a single step of reasoning.

Memory
Memory operates in the reasoning space and is
important for settings where the system continually
interacts with some outside world.
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Recursive Reasoning

[at+1, st+1, STOPt+1] = R(pt, at, st)
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- Actions can have feedback mechanisms:

h( fθ(x), ℰ)
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Our approach relies on gradient-based updates:

- Actions can have feedback mechanisms:

- Whenever a feedback mechanism triggers, a 
gradient-based update is performed along:

h( fθ(x), ℰ)

direction ≜ h( fθ(x), ℰ)
∂fθ(x)
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We also plan to explore 
staged learning and 
curriculum learning.

[Platanios, Stretcu, Neubig, 
Poczos, Mitchell, NAACL 2019]
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