Last week at NeurlPS



Overview

* A bit of history, and a sense of where | am coming from
My take on Yoshua's view
 Many agreements; some important disagreements

* Prescription for going forward



Part |:

how | see Al, deep learning, and current ML,
and how | got here

aka "What's a nice cognitive scientist like me doing in a place like this?"



A cognitive scientist's journey, with implications for Al

Hybrid models of Rule-learning The Birth 1st critique of Deel? !earning: robust
child language in infants of the Mind deep learning A Critical CEO/
Appraisal
. . Founder
SRCD Monographs Science Basic New Yorker Arxiv
1992 1999 2004 2012 2018 2019
........... ® & @ @ . . ...
Extrapolation in The Algebraic Mind Geometric Rebooting Al
multilayer networks Intelligence w Ernie Davis
MIT Press CEO/Founder
Cognitive Psychology 2001 Pantheon
1998 Founded 2014 2019

Sold 2016
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the debate

e Up to that point

* Most linguistics/cogsci
was about rules

e S=>NPVP
e NP => Det Noun

 Most Al (eg expert
systems) was also all
about rules

 Rumelhart & McClelland argued that we
didn't need rules at all.

 Even a child's error like breaked might

be in principle the product of a neural
net rather than a rule

I * : ;
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Were the actual empirical data from child language
development consistent with their model?



1992: Why do kids (sometimes) say breaked rather than broke??

' : : . ()\'crregularization
* In my thesis, supervised by Steve Pinker, | studied in Language

11,500 child utterances Acquisition

Caary F. Marcus
Steven Pinker
Michael Ullman

* Instead, we argued for a compromise: a hybrid model: Michelle Hollander

T, John Rosen

* We found that neural nets made incorrect predictions
* rule for regulars (walk-walkeq) Sk

e stem + ed = past
* neural nets for irregulars (sing-sang)

A
* QOverreq. errors resulted from applying rule by default L
when no strong response from irregular memory

Marcus et al (1992, SRCD Monographs),
See also Pinker’s Words and Rules



1998: Extrapolation & Training Space

People in those days often talked about neural networks "learning the rule" in a given pattern of
data, but | discovered that they often missed some very basic rules.

0110 -> 0110

1100 -> 1100 Lot 111002)010 001101120 100

1010 -> 1010 11111 oo U 1111
01111 10110

1111 -> 1110 UL

near perfect at learning specific training examples
at generalizing within some space of training examples
at generalizing that space of training examples

"the class of eliminative connectionist models that is currently popular cannot learn to extena
universals outside the training space”

 showed that same result applied even if there were hidden layers (predecessors to today's deep networks)
 showed how that it derived from the intrinsic nature of localist training rules such as backprop (& Hebb.)

Marcus (1998, Cognitive Psychology)
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Marcus et al (1999, Science)

1999: Rule learning in 7 month old infants

direct, deliberate test (given certain assumptions) of outside-
the-training-space generalization by human infants

training: la ti ti, ga na na, etc
test: all new vocabulary, using new set of phonemes
 some with same grammar, some with different grammar
* e.g., wo fe fe [ABB] vs wo wo fe [AAB]
* infants looked longer to items following nhew grammar

conclusion: infants could generalize outside training space,
where many neural nets could not

* best characterized as learning algebraic rules

replicated multiple times, including w newborns (Gervain et al
2012)



2001: The Algebraic Mind

Three key ingredient missing from multilayer perceptrons:

* the ability to freely generalize abstract relations

* the ability to robustly represent complex relations between bits

of knowledge [i.e., structured representations, recursion,
compositionality]

* a systematic way to track individuals separately from kinds

TR P -~ | "these limitations [... undermine] multilayer perceptron accounts of
The Algebraic Mind | linguistic inflection, artificial language learning, object permanence,

Gary F. Marcus and object tracking. Such models simply cannot capture the
flexibility and power of everyday reasoning. "

Marcus 2001, MIT Press



« Key components of symbol-manipulation
* variables (x, y, NP ...)
* instances (2, 3, the boy...) e\ SR & S
* binding (NP currently equals the boy) :‘j:':‘:"%:;”
* operations over variables (e.g. addition, concatenation, comparison) Marcus 2001,

i i - MIT P
 Together these mechanisms provides a natural solution to the free b
generalization problem

« Computer programs (e.g., functions and libraries) and algebra for example
are routinely defined in terms of operations over variables

 And that allows functions (e.g., FACTORIAL) to automatically generalize to all
iInstances of some class (e.qg., integer)

* Pretty much all of the world's software takes advantage of this fact

My argument (eg from baby data) was that human cognition appeared to
as well.




The Algebraic Mind

The point of the subtitle, and the book, was that we needed to have neural networks
alongside of symbol-manipulation, integrated into a smooth whole

“...even If the components of symbol-manipulation do play a real and robust role In
our mental life, it is unlikely that they exhaust the set of components for cognition.
Instead, it seems likely that many other basic computational elements [such as
images and analog representations] play important roles in cognition... even
multilayer perceptrons may play a role in some aspects of our mental life.”

Marcus 2001, MIT Press



* Until roughly 2018, mainstream ML
largely ignored The Algebraic Mind

o But The Algebraic Mind inspired the
seminal book on neurosymbolic
approaches

 And, as we will see, Algebraic also
anticipated much of Yoshua's
current argument

Artur S. d'Avila Garcez
Luis C. Lamb
Dov M. Gabbay
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2012: The Rise of Deep Learning

NEWS DESK

|§ “DEEP LEARNING” A
REVOLUTION IN ARTIFICIAL
INTELLIGENCE?

By Gary Marcus November 25, 2012

Realistically, deep learning is only part of the larger challenge of building intelligent machines.
Such techniques lack ways of representing causal relationships (such as between diseases and
their symptoms), and are likely to face challenges in acquiring abstract ideas like “sibling” or

“identical to.” They have no obvious ways of performing logical inferences, and they are also still

a long way from integrating abstract knowledge, such as information about what objects are, what

they are for, and how they are typically used. The most powerful A.I. systems, like Watson, the
machine that beat humans in “Jeopardy,” use techniques like deep learning as just one element in

a very complicated ensemble of techniques, ranging from the statistical technique of Bayesian

inference to deductive reasoning.

Marcus 2012, The New Yorker



2018: Critique of deep learning

Deep Learning: * Qutlined 10 problems for deep learning
A Critical Appraisal

* Failure to extrapolate beyond space of
training was at core of the argument

Gary Marcus!
New York University

 Got a ton of flak (e.g., on Twitter)

o Oft-misrepresented. Actual conclusion:

Abstract

“Despite all of the problems | have sketched, |
don’t think that we need to abandon deep
learning... Rather, we need to reconceptualize it:
not as a universal solvent, but simply as one tool
among many”

Marcus 2018, arXiv



The central conclusions of my academic work on
cognitive science, and its implications for Al

The value of hybrid models [1992, 2001, 2018, 2019, etc] that include both
symbol-manipulating AND associative pattern recognition elements

The importance of extrapolation, and the weakness of pure deep learning
thereon [1998, 2001, 2018]

The importance of compositionality [2001, 2018, 2019]
The importance of acquiring and representing relationships [2001, 2018]
The importance of causality [2001, 201 8]

The importance of memory as a substrate for operations over variables
[2001]



Part ll: Yoshua

Some thoughts on his views, and how | think they have changed, how he
has (mis)represented me, and how our views are and are not similar



First things first: | admire Yoshua

@ (D Tackling Climate Change with Machine Learning

%‘}L <R Sl 4. "O \ David Rolnick, Priya L. Donti, Lynn H. Kaack, Kelly Kochanski, Alexandre Lacoste, Kris Sankaran, Andrew Slavin
24N PG Ross, Nikola Milojevic-Dupont, Natasha Jaques, Anna Waldman-Brown, Alexandra Luccioni, Tegan Maharaj, Evan
D. Sherwin, S. Karthik Mukkavilli, Konrad P. Kording, Carla Gomes, Andrew Y. Ng, Demis Hassabis, John C. Platt,
Felix Creutzig, Jennifer Chayes, Yoshua Bengio

An Epidemic of Al (Submitted on 10 Jun 2019 (v1), last revised 5 Nov 2019 (this version, v2))
Misinformation

30.NOV.2019

Climate change is one of the greatest challenges facing humanity, and we, as machine learning experts, may wonder how we
can help. Here we describe how machine learning can be a powerful tool in reducing greenhouse gas emissions and helping
society adapt to a changing climate. From smart grids to disaster management, we identify high impact problems where
existing gaps can be filled by machine learning, in collaboration with other fields. Our recommendations encompass exciting
research questions as well as promising business opportunities. We call on the machine learning community to join the global

Mercifully, not everyone in the field overrepresents their work; in the last year or so I have seen . .
effort against climate change.

terrific, balanced talks by Pieter Abbeel and Yoshua Bengio, both noting what deep learning

(and deep reinforcement learning) do well, and yet at the same time articulating the challenges

ahead, and bluntly acknowledging how far we need to go. (Abbeel emphasized the gap between

Yoshua should be a role model for us all: he is intellectually honest about the challenges his
models face, and sincere in using his talents to help make the world a better place



My differences are mainly with Yoshua's earlier (e.g., 2014-2015) views

OuUirst conversation

"one quote that stood out for me was an answer
given by Prof. Bengio at the end of his keynote,
regarding negation and quantification, and how a
Neural Network model deals with them: “| don’t
know. But it learns to do what it needs to do.”

Montreal, Neur'IP'_Sj2014 . , _
during the Q&A since it was an

audience of linguists, they asked
how the NN models he presented
could handle various phenomena.
l...the answer in almost every case
was simply "make sure the data set
IS large enough to include examples
of the phenomena"

* | thought Yoshua:
e put too much faith in black box deep
networks
* relied too heavily on larger data sets to
yield the answer
e was "System |" all the way with little
interest in alternatives

quotes from audience reactions at 11th International

| could find little common grouna Conference on Computational Semantics 2015



Recently, however Yoshua has taken a sharp turn towards
many of the positions | have long advocated

THE STATE OF DEEP LEARNING FROM IID TO OOD

Amazing progress in this century Classical ML theory for iid data

* Is it enough to just grow datasets, model sizes,

Fundamental limits on current deep learning et s

: L] No free lunch: need new assumptions to replace
Still far from human-level AI! : ' ! f
iid assumption, for ood generalization

» Sample efficiency

The need for hybrid models (with an important

* Stupid errors

d |ﬁe rence I W | I I d | SCU SS) » Next step completely different from deep learning?

The critical importance of extrapolation, and the
weakness of pure deep learning thereon

POINTABLE OBJECTS
“ WITH DYNAMICALLY
RECOMBINED

The importance of compositionality e : s

The importance of acquiring and representing
relationships between entities

The importance of causality (Pearl)

The need for more heterogeneous architecture




o A W N =

Disagreements

. What my position is

. The right way to build hybrid models

Innateness

. The significance of the fact that the brain is a neural network

. What we mean by compositionality, and how we expect it to be

solved



1. Yoshua’s (mis)representation of my position (1 of 2)

IEEE Spectrum: What do you think o "Ai 1
about all the discussion of deep picked up by" gets the chronology wrong,

learning’s limitations? and the (mis)quote misrepresents my
position.

Yoshua Bengio: Too many public-facing
venues don’t understand a central thing

about the way we do research, in AT and * True, | .often cite Yoshua's recent work on
other disciplines: We try to understand the DL limits -- but not because | gOt the
limitations of the theories and methods we ideas from hlm, as he implieS, but

currently have, in order to extend the reach

of our intellectual tools. So deep learning because | hOpe peOple will listen to him
researchers are looking to find the places (aS an insider) Wiel=1(= they haven't
where it’s not working as well as we’d like, listened to me (aS an outsider)

so we can figure out what needs to be added
and what needs to be explored.

* | never ever say that deep learning
doesn't work; rather (over and over) | say

This is picked up by people like Gary _ o .
it has limits and is just one tool among

Marcus, who put out the message: “Look,
deep learning doesn’t work.”* But really, many.




1. Yoshua’s (mis)representation of my position (2 of 2)

A Meta-Transfer Objective for Learning to Disentangle Causal

Mechanisms "multilayer perceptron[s] cannot generalize [a
Yoshua Bengio!?°, Tristan Deleu'!, Nasim Rahaman*?, Ngg Rosemary Ke?, Sébastien Lachapelle!, Certai N CIaSS Of u N iversal Iy q uantified fu nCtion]
Olexa Bilaniuk!', Anirudh Goyal ! and Christopher Pal®?® . . .
outside the training space. .. In some cases it

appears that humans can freely generalize from
Current machine learning methods seem weak when they are required to generalize beyond the training . : .
distribution, which is what is often needed in practice. It is not enough to obtain good generalization on a restricted data’ [In these cases a certain class Of]
test set sampled from the same distribution as the training data, we would also like what has been learned mult”ayer percepthnS that are trained by back-

in one setting to generalize well in other related distributions. These distributions may involve the same

concepts that were seen previously by the learner, with the changes typically arising because of actions of propagatlon are InapprOprlate
agents. More generally, we would like what has been learned previously to form a rich base from which SU ch models Slmply cannot Capture the

very fast adaptation to a new but related distribution can take place, i.e., obtain good transfer. Some new

concept may have to be learned but because most of the other relevant concepts have already been captured ﬂeX|b|I|ty and power Of everYday reasoning. !

by the learner (as well as how they can be composed), learning can be very fast on the transfer distribution.
Short of any assumption, it is impossible to have a successful transfer to an unrelated distribution. In “MarCUS, 2001

1. Introduction

Bengio et al 2019

* Yoshua recently started framing his work around
* the challenge in generalizing beyond the training distribution
* and the corresponding need for complementary systems

* This echoes the central argument of The Algebraic Mind (2001)

* but does not credit TAM for having foreseen the central challenge for pure deep learning in extrapolation

(relative to training distributions) nor for having foreseen the consequent computational necessity for
hybrid systems

* This omission devalues my contributions, and hence further misrepresents my background in the field.



2. What kind of hybrid should we seek?

HYBRID MODELS

* neural nets (e.g., vectors,
gradients, optimization and
distributed representations)
for categorization, associative
memory, aspects of motor
control, etc

* symbol-manipulation for
generalization of abstract
patterns; for reasoning and
for language

Marcus, 1992; 2001; 2008; 2019

SYSTEM 1 VS. SYSTEM 2 COGNITION

2 systems (and categories of cognitive tasks): Manipulates high-level /
semantic concepts, which can

be recombined

combinatorially

System 1 System 2

THANKING,
* Intuitive, fast, UNCONSCIOUS, ) * Slow, logical, sequential, CONSCIOUS,

non-linguistic, habitual linguistic, algorithmic, planning, reasoning

e Current DL R—— e Future DL

DANIEL

KAHNEMAN

Bengio, NeurlPS, 2019, inspired by Kahneman

* First question: are these even different?

* Second question: are they incompatible?

* Third question: how could we tell?



To argue against symbol-manipulation, you have to show that your
system doesn't implement symbols

Three levels of description (David Marr, 1982)

Computational maximize:

Why do things work the way they do? R, -7 4y
What is the goal of the computation? t+1 t+2
What are the unifying principles?

+et 7

Algorthmic

What representations can implement
such computations?

How does the choice of representations \ ¢ YOShua hasn,t aCtua”y ShOWﬂ thiS

determine the algorithm?

Implementational

How can such a system be built in
hardware?

How can neurons carry out the
computations?

See also implementational vs eliminative connectionism
(Fodor & Pylyshyn, 1988; Marcus, 2001)



Attention here looks a lot like a means for manipulating symbols

Arithmetic K&
Logic Unit | °

ACCUMULATOR CLI L L]

FROM ATTENTION TO INDIRECTION

Controller
Sequencer

. Program 4§
: Counter =

EEEEEEEE .
Decoder

[mEE——————
. Register | 1~ Data

| Register

Attention -
&

* Keep track of 'named’ objects: indirection

o * Manipulate sets of objects (transformers)
Address

Critical attention mechanism effectively behaves as a mechanism

Microprocessor for storing and retrieving values of variables from registers



"We tried symbols and they don't work"

"What you are proposing [a
neurosymbolic hybrid" does not work.
This is what generations of Al

researchers tried for decades and
falled."

Bengio, In a letter to a young student,
2018

 Common refrain, totally misleading.

 Google Search is a hybrid: knowledge
graph + deep learning [eg BERT]

* AlphaZero is also hybrid

 OpenAl's Rubik's solver is a hybrid
(cognitive part uses symbol-
manipulation)



The Neuro-Symbolic Concept Learner: Interpreting Scenes, Words,
and Sentences From Natural Supervision

Jiayuan Mao, Chuang Gan, Pushmeet Kohli, Joshua B. Tenenbaum, Jiajun Wu
(Submitted on 26 Apr 2019)

We propose the Neuro-Symbolic Concept Learner (NS-CL), a model that learns visual concepts, words, and
semantic parsing of sentences without explicit supervision on any of them; instead, our model learns by simply
looking at images and reading paired questions and answers. Our model builds an object-based scene
representation and translates sentences into executable, symbolic programs. To bridge the learning of two
modules, we use a neuro-symbolic reasoning module that executes these programs on the latent scene
representation. Analogical to human concept learning, the perception module learns visual concepts based on the
language description of the object being referred to. Meanwhile, the learned visual concepts facilitate learning new
words and parsing new sentences. We use curriculum learning to guide the searching over the large compositional
space of images and language. Extensive experiments demonstrate the accuracy and efficiency of our model on
learning visual concepts, word representations, and semantic parsing of sentences. Further, our method allows
easy generalization to new object attributes, compositions, language concepts, scenes and questions, and even

new program domains. It also empowers applications including visual question answering and bidirectional image-
text retrieval.

Mao et al, arXiv 2019




Lots of knowledge is not "conveniently representable” with rules

e True
"There Is knowledge which can be

conveniently represented as rules... But * And a strong reason not to use symbols
there is also a large body of intuitive all-the-way-down

knowledge, which is NOT conveniently |« But not an argument to toss the baby with

representable that way." the bathwater
Bengio, in a letter to a young student, » Google Search is again a great, large-
2018 scale example: best performance comes

from knowledge graph + BERT




Innateness, AlphaZero,
and Artificial Intelligence

Gary Marcus!

New York University

Abstract

The concept of innateness is rarely discussed in the context of artificial intelligence. When it is
discussed, or hinted at, it is often the context of trying to reduce the amount of innate machinery
in a given system. In this paper, I consider as a test case a recent series of papers by Silver et al
(Silver et al., 2017a) on AlphaGo and its successors that have been presented as an argument that
a “even in the most challenging of domains: it is possible to train to superhuman level, without
human examples or guidance”, “starting tabula rasa.”

[ argue that these claims are overstated, for multiple reasons. I close by arguing that artificial
intelligence needs greater attention to innateness, and I point to some proposals about what that
innateness might look like.

at nyu.edu. This manuscript is
s and a debate that I
had with Yann LeCun at NYU on October 5, 2017. I thank those a s for discussion, 4 ave Barner, Annie
Duke, Ernie Davis, Pedro Domingos, Ken Forbus, Danny Kahneman, Stefano Pacifico, Ajay Patel, Elizabeth Spelke
and Brad Wyble for comments.

Marcus 2018b, arXiv

. Innateness

e My view:

* |nnateness is an important part of the human cognitive
apparatus

 we are "born to learn”, innately endowed with a
multiplicity of learning mechanisms

e nature AND nurture, not nature VERSUS nature

* Iincluding innate frameworks for understanding, time,
space, object, causality, a la Kant and Spelke

* richer innate priors could help Al a lot

ML typically avoids nativism. As far as | can tell Yoshua is not a

fan; not sure why



Generalization and Network
Design Strategies
Y. le Cun

Department of Computer Science
University of Toronto

Technical Report CRG-TR-89-4
June 1989

Egu

Figure 4: three network architectures Net-1, Net-2 and Net-3

Figure 5 two network architectures with shared weights: Net-4 and Net-5

4 Discussion

The results are summarized on table 1.
As expected, the generalization performance goes up as the number of free
parameters in the network goes down and as the amount of built-in knowledge

goes up. A noticeable exception to this rule 1s the result given by the single-







4. Brains and neural networks

And then Yoshua will bring out the
winning argument...your brain is a
neural network!! People vehemently
agree!! Although | am sad about
Gary losing the debate, we still love
nim, and | am glad my twitter handle
IS saved. (9/9) #AGIcomics

Artificial General Equivalence

Our brains are complex | Deep learning networke | Therefore deep learning
and we don't understand | are complex and we don't works like the brain.
how they work. understand how they work.

19 - Twitter Web App

%' =a" Yoshua Bengio

Gary Marcus likes to cite me when | talk about my current research program
which studies the weaknesses of current deep learning systems in order to
devise systems stronger in higher-level cognition and greater combinatorial
(and systematic) generalization, including handling of causality and
reasoning. He disagrees with the view that Yann LeCun, Geoff Hinton and |
have expressed that neural nets can indeed be a "universal solvent” for
iIncorporating further cognitive abilities in computers. He prefers to think of
deep learning as limited to perception and needing to be combined in a
hybrid with symbolic processing. | disagree in a subtle way with this view. |
agree that the goals of GOFAI (like the ability to perform sequential
reasoning characteristic of system 2 cognition) are important, but | believe
that they can be performed while staying in a deep learning framework,
albeit one which makes heavy use of attention mechanisms (hence my
‘consciousness prior' research program) and the injection of new
architectural (e.g. modularity) and training framework (e.g. meta-learning and
an agent-based view). What | bet is that a simple hybrid in which the output
of the deep net are discretized and then passed to a GOFAI symbolic
processing system will not work. Why? Many reasons: (1) you need learning
in the system 2 component as well as in the system 1 part, (2) you need to
represent uncertainty there as well (3) brute-force search (the main inference
tool of symbol-processing systems) does not scale, instead humans use
unconscious (system 1) processing to guide the search involved in
reasoning, so system 1 and system 2 are very tightly integrated and (4) your
brain is a neural net all the way ;-)

"your brain Is a neural net
all the way :-)"



First, deep nets aren't much like brains
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Second, the critical question is ...
What kind of neural network is the brain?

 Marr's 3-level framework tells us that what
something is made of doesn't tell us what
that thing Is at a computational or algorithmic
level (e.g., you can build a digital computer
out of TInkertoys)
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 As soon as you think about Marr's levels, the
whole "your brain is a neural net all the way
argument” dissolves

e Brain could be symbolic (or hybrid!) at
algorithmic level, neural at
iImplementational level.
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o Simply knowing that the brain is a network
made of neurons tells us nothing; we need
to know what kind of network it Is.




"Symbols aren't biologically plausible”

 When my son learned long division last week and
followed an algorithm, he was surely manipulating
symbols.

« Even in the 1980s and 1990's people knew that the
real argument wasn't about whether the brain used
symbols at all, it was about their scope

 Rumelhart and McClelland thought symbols were
only used in conscious [System lI-like] processes

 Pinker and | argued that they also played a role in
(e.g.,) the unconscious processing of language

* The real question is not whether the brain is a
neural network, it's how much of it involves
symbolic as opposed to other processes



Even If somehow turned that the brain never
manipulated symbols, why exclude them from Al?

* There is no formal proof of their insufficiency

 Symbols have proven utility: a large fraction of the world's computers
programs are written in (pure) symbol-manipulating code. Google Search
IS a good example of large, highly scaleable system that uses symbolic
knowlege together with deep nets, outperforming either on their own.

 Symbols encode a large fraction of the world's distilled knowledge: eq.
most of Wikipedia is in written, symbolic form and we want to leverage

that in our learning systems, not learn everything from scratch, task by
task



5. Compositionality

Different forms of compositionality Princinle of " it
rinciple of compositionality

From Wikipedia, the free encyclopedia

* Distributed representations
(Pascanu et al ICLR 2014)

In mathematics, semantics, and philosophy of language, the principle of compositionality is the principle that the meaning of a
complex expression is determined by the meanings of its constituent expressions and the rules used to combine them. This principle
is also called Frege's principle, because Gottlob Frege is widely credited for the first modern formulation of it. The principle was
never explicitly stated by Frege, ' and it was arguably already assumed by George Boolel?! decades before Frege's work.

* Composition of layers in deep nets
(Montufar et al NeurIPS 2014)

Ll L] PN ATV 7
NS NUINSSNY s

* Systematic generalization in language,

: T (Lee, Grosse, Ranganath &
analogies, abstract reasoning? TBD Ne. ICML 2009)

Yoshua's sense: putting layers
together and achieving systematicity

The linguistics sense, from Frege:
deriving wholes from the meanings of
their parts

 There has been some progress on the problem on the left, but the real challenges of
compositionality is the (much older) sense on the right: building new ideas/sentences out of parts

« Compositionality in the linguist's sense is pretty hard to capture with current vector-based tools

* this is what the field should really be working on.



Recursion, embedding, compositionality

Everyone in this room now knows that Alan knew that Gary
knew that Jeff was going to accept the job at UBC

On Dec 16, 2019, at 07:32, Gary Marcus <...> wrote:
but i didn’t know that you knew that | knew

did Jeff know that | didn’t know that you knew that |
Knew?

On Dec 16, 2019, at 7:29 AM, Alan Mackworth <..> wrote:

Yup. And | knew that you knew.
- Alan

On Dec 16, 2019, at 06:41, Gary Marcus <.....> wrote:

awesome. he told me it was imminent but swore me to
Secrecy.

On Dec 15, 2019, at 9:49 PM, Alan Mackworth <...> wrote:

Good news.
- Alan

N

\
\

/ b.:;‘\\
| ‘ )

| (‘ \ Begin forwarded message:
I

RN AN R NN T - From: UBC-CPSC Head ..
Subject: Jeff Clune accepts

N

\
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The semantics of large-scale vector-based systems like
BERT aren't nearly precise enough

Isitagoodideato Isita Idea to
| | | | pour coffee beans pour coffee beans
Eating rocks Is __ Eating apples Is into your cereal?  into your cereal?
19.5% forbidden 21.0% forbidden 58.3% No 61.6% No
16.0% prohibited 11.7% prohibited 7.3% Yes 6.0% Yes
6.3% illegal 4.6% lllegal 2 0% Good 1.9% Yeah
3.6% dangerous 2.9% popular 2 0% Yeah 1.6% Good
3.1% common 2.7% common 1.2% Maybe 1.2% Maybe

Marcus, Amer, Bourgeois, NeurlPS 2019



"You can't cram the meaning
of an entire ***Iing sentence
Into a single ***ing vector”

Ray Mooney
Computational Linguist
UT Austin

until we face this problem head-on, we're probably kidding ourselves
and it's just not clear it can be done without symbol-manipulation



Compositionality isn't just about language...
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Billiard-bowling, invented Saturday 9:30pm, refined by 940?‘“ |

e Children are constantly recombining different concepts in new ways.

« Compare that to current deep learning/DRL systems that learn each new task end-to-end from
scratch

* Children can coin something new in a few trials; DRL requires millions of trials.

* Aricher sense of compositionality could help. Abstraction at the symbolic level may be essential.



Part lll: Synthesis

What | hope people will take away from this



Conclusions

The biggest takeway from this debate should be about the extent to which two
serious students of mind and machine have converged.

We agree that big data alone won’t save us; we agree that pure, homogeneous
multilayer perceptrons on their own will not be the answer,

We both think everybody going forward should be working on the same things:
e compositionality (though note different uses of this term)
* reasoning
e causality
* hybrid models
e extrapolation beyond the training space

We agree that we should be looking for systems that represent more degrees of
neural freedom, respecting the complexity of the brain



At the same time

* | hope to have convinced you that

symbol-manipulation deserves a deeper look. Google Search uses it, and maybe
you should, too.

the rejection of symbol-manipulation is more conjecture than proof or empirical
observation.

hybrid neurosymbolic models are thriving, and in fact starting to come into their
own.

there's nothing more than prejudice holding us back from embracing more
iInnateness.

the real action in compositionality is understanding complex sentences and ideas
in terms of their parts, perhaps best implemented using symbolic operations.



Al has had many waves that come and go

e |In 2009 deep learning was down and out, dismissed without formal proof, under-
resourced and under-appreciated

* Luckily Bengio, LeCun, and Hinton kept plugging away despite resistance from
other quarters in the ML community.

e In 2019, symbols are down and out, with hybrid models are just a small % of research

| hope those building symbolic models - and especially hybrid models - won't give up hope.



Prediction: When Yoshua applies his formidable
model-building talents to models that
acknowledge and incorporate explicit operations
over variables, magic will start to happen



extra slides




CAUTION!

WET FLOOR

FIEBI]I]TING
Al

In short, our recipe for achieving common sense, and ultimately
general intelligence, 1s this: Start by developing systems that can
represent the core frameworks of human knowledge: time, space,
causality, basic knowledge of physical objects and their interac-
tions, basic knowledge of humans and their interactions. Embed
these in an architecture that can be freely extended to every kind of
knowledge, keeping always in mind the central tenets of abstraction,
compositionality, and tracking of individuals. Develop powertul rea-
soning techniques that can deal with knowledge that 1s complex,
uncertain, and incomplete and that can freely work both top-down

and bottom-up. Connect these to perception, manipulation, and lan-

guage. Use these to build rich cognitive models of the world. Then
finally the keystone: construct a kind of human-inspired learning
system that uses all the knowledge and cognitive abilities that the
Al has; that incorporates what it learns into its prior knowledge;
and that, like a child, voraciously learns from every possible source
of information: interacting with the world, interacting with people,
reading, watching videos, even being explicitly taught. Put all that
together, and that’s how you get to deep understanding.

[t’s a tall order. but 1t’s what has to be done.

Very little of this is incompatible
with what Yoshua seeks

 We all want a voracious,
hybrid* human-inspired
learning system

« But let's also put real effort
into constructing domain-
specific core frameworks, for
space, time, and causality, to
constrain the hypothesis
space for our learning engines.
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Abstract

We propose to meta-learn causal structures based on how fast a learner adapts to new distributions

Izolatez

arising from sparse distributional changes, e.g. due to interventions, actions of agents and other sources
of non-stationarities. We show that under this assumption, the correct causal structural choices lead to

—————————— — v ——— —

faster adaptation to modified distributions because the changes are concentrated in one or just a few

mechanisms when the learned knowledge is modularized appropriately. This leads to sparse expected
gradients and a lower effective number of degrees of freedom needing to be relearned while adapting to the L
change. It motivates using the speed of adaptation to a modified distribution as a meta-learning objective. . St ablllt';."
We demonstrate how this can be used to determine the cause-effect relationship between two observed M.S.7.553 . Pea&lb]llt';.-' of

variables. The distributional changes do not need to correspond to standard interventions (clamping a . 5 Tra\,-el]ing
variable), and the learner has no direct knowledge of these interventions. We show that causal structures ' T ' T I
can be parameterized via continuous variables and learned end-to-end. We then explore how these ideas

could be used to also learn an encoder that would map low-level observed variables to unobserved causal
variables leading to faster adaptation out-of-distribution, learning a representation space where one can

satisfy the assumptions of independent mechanisms and of small and sparse changes in these mechanisms

due to actions and non-stationarities.

Hiztonez

Here, we assume that all of the observed data was sampled from one component or the other. The transfer
data regret (negative log-likelihood accumulated along the online adaptation trajectory) under that mixture

is therefore as follows:

R = —log [sigmoid(y)La—p + (1 — sigmoid(y))Lp— 4] (2)

where L4_,p and Lp_, 4 are the online likelihoods of both models respectively on the transfer data. They

are defined as

Box with

1 .1 RB, 772 Manlpul ation
A5, T81

LAasp = _PA—>B((It-bti (7't)

Lpia= Pp_sa(as, b 6;), .
— Action

where {(as, b;)}: is the set of transfer examples for a given episode and 6; aggregates all the modules’
parameters as of time step t (since the parameters could be updated after each observation of an example

((lzt.tbfl) from the :ranzfer distribution). Pyqel(a, b; ) is the likelihood of example (a,b) under some model Commonsense Reasoning about Containers using Radical]y Incomplete Information,
that has pare s 0. . .
il = by Ernest Davis, Gary Marcus and Noah Frazier-Logue, Al Journal, July 2017, 248, 46-84




Without operations over variables

* It's hard to see how to capture the « that prediction is still looking pretty solid
SUthe StrUCture Of language and | left my keys at a booth in the back of the pub at the army base near the

thOug ht old mill town. | went home. My keys are now

e | predicted in 2001 that it would be

hard to represent distinctions between
sentences like these in vector space”

Completion

near the old mill town
| left my keys at a booth in the back of the pub at the army base near the old

at the army base near the old mill town mill town. | went home. My keys are now in the fridge.

in the old mill town near the army base :
: Completion

in the pub at the army base near the old mill town

in the back of the pllb at the army base near the old mill town | left my keys at a booth in the back of the pub at the army base near the old
mill town. | went home. My keys are now on that old genie on a little tower in

at a booth in the back of the pub at the army base near the old mill town
, England somewhere.

| left my keys at a booth in the back of the pub at the army base near the old
e *“wWith Iimited—preCiSion nodes. without imp|ementing mill town. | went home. My keys are now in the information portal at the
)

: : . "Checkpoint” at the old mill town. For that | thank myself. The soldiers at the
variables, while retaining a smooth space



2019: Analysis of GPT-2, as case study in limits of large-
scale language models for language understanding

Completion
Completion

Across the street from NeurlPS, two unicorns walk a bar... at least that's

what my picture shows. I've never seen such a multicolored, beautiful forest Two lemurs walk on a road and another joins in. The total number of lemurs

on the road is not 100 as claimed, but about 80 or so. | am not sure how
much of this lemur traffic is human. It is possible that humans may have been
attracted by the lemurs' scent or the food. | am not sure how lemurs can be
attracted to the scent of a human. Maybe they can smell the food and food
smells in other species, or maybe the food smells to them and they become
attracted.

of sapphire eyes on the same corner of the street in a bar before. People have
been coming from all over to watch. | wouldn't be surprised if that's where
your favorite eSports tournament is tonight.

NeurCo's built on strong eSports teams: they've been participating in Lisk
development to help build their decentralized autonomous organization,
NeurDash, and They've hosted a

Often plausible for first few
sentences in a context of
surrealist fiction, where there
are no facts of the matter

Demonstrably poor in nonfiction,
where facts matter



Task 1 - Conventional Knowledge: Tests Conditional Language Generation I\\l::;:lesd

understanding of everyday factual knowledge
Task 2 - Definitions: Assesses knowledge of XL Top 1
definitions of common concepts; nothing too technical T1-
for the average person here Conventional 13.5%
Task 3 - Transformations: Tests understanding of T2- :
processes and actions that are either plausible or Definitions 38.23%
implausible T3-
0]
Task 4 - Atypical Consequences: What happens Transformati 14.27%
when something unusual happens? T4-Atypical 21 8
Task 5 - Entity Tracking: A bunch of people or Consequenc =
animals or objects that are identifiable do something, T5-Entity 18.79
and reader must keep track Tracking P
Task 6 - Quantity Tracking: Some quantifiable T6-Quantity 17 6%
number of entities are described, in some sort of Tracking '
context, and some action takes place that changes the Average
number of entities 8.2% 20.6% 34.5%



Are numbers and symbols inherently incompatible?

e No.

Probabilities

astronomers saw stars with ears

Example

51.0

/\

NPo.1 VPo.7

| N

S—=NPVP 1.0 NP — NP PP
PP—-PNP 1.0 NP — astronomers
VP - VNP 0.7 NP — ears

VP — VP PP 0.3 NP — saw

P — with 1.0 NP — stars

V — saw 1.0 NP — telescopes

1.0x0.1x0.7x1.0x0.4

x0.18 x 1.0 x 1.0 x 0.18
= 0.0009072

1.0 x 0.1 x0.3x0.7x1.0

x0.18 x 1.0 x 1.0 x 0.18

0.0006804

P(t1) + P(ty) = 0.0015876

astronomers Vi.o NPg 4

|

saw  NPp g PPj o

N

stars P10 NPp.s

with ears

Slide based on “Foundations of Statistical Natural Language Processing” by Christopher Manning and Hinrich Schitze Slide based on “Foundations of Statistical Natural Language Processing” by Christopher Manning and Hinrich Schitze

probabilistic context-free grammar



