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Admin

● Homework 1 Due Friday, September 12
● Start working on it early
● come to office hours!



Today

● return concept mapping exercise
● Big questions of Unit 1

○ Why is language a "hard" problem for computers?
○ What makes language unique?
○ How is computation like language?

● today's lecture 
○ approach and challenges of symbolic (vs sub-symbolic) AI

■ SHRDLU
■ garden path effects (ambiguity and constituency)
■ winograd schemas (ambiguity)

○ basic difference symbolic and subsymbolic AI
■ deduction and induction
■ rules vs learning



A Proposal for the Dartmouth Summer Research Project on Artificial Intelligence 
John McCarthy, Marvin Minsky, Claude Shannon , Allen Newell, and Herbert Simon
 (1956)
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Two competing visions of intelligence



Two competing visions of intelligence

From the very beginning, there was a split among AI researchers

● symbolic
○ logic
○ deduction

● subsymbolic
○ induction
○ learning from similar examples

The Dartmouth guys were mostly on the side of symbolic systems



Symbolic AI or 'Good old fashioned AI' (GOFAI)

insight: formal logical systems have many of these important properties of language

innovation: use computers to model thought using formal languages

● the world consists of symbols (entities, events, properties)
● and predefined relationships between those symbols (subset/superset relationships, 

causality, etc.)
● programs are rule-based

inspiration: mathematical logic used to describe mathematical systems



Boolean Logic



Aside: how do computers represent text?



Aside: how do computers represent text?

● Let’s simplify the problem:
○ How do computers represent any kind of information?

"The files are in the computer."

○ What does this mean?
○ What is in the computer?



Aside: how do computers represent text?

● Let’s simplify the problem:
○ How do computers represent any kind of information?



Logic Gates: the building blocks of computers
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The General Problem Solver

Simon and Newell (1957, RAND Corporation)

Hypotheses:

● intelligence can be abstracted away from particular problem domains
● thinking is a search through a space of possibilities

○ the solution is the shortest path to the goal
● thinking is essentially logical reasoning about arbitrary symbols



The General Problem Solver

Simon and Newell (1957, RAND Corporation)



Terry Winograd & SHRDLU



SHRDLU (Terry Winograd, 1968)

● Dialog system for interacting with a 
“blocks world”

● Very limited domain; easy to encode 
current state

○ Red, blue, and green things
○ Pyramids and cubes
○ Relative position of objects

● highly complex and sophisticated 
system 

● independent modules for syntactic 
parsing, semantic interpretation, 
reasoning, and planning









Parsing

analyzing a sentence into its constituents (or parts) and describing their 
syntactic roles (parts of speech).

● grouping the words that 'go together' 
● a parse resolves syntactic ambiguity
● one parse ⇔ one reading

e.g.

pancakes and bacon or eggs → (pancakes and bacon) or eggs PARSE 1

→ pancakes and (bacon or eggs) PARSE 2



Parsing

22

How many parses are there 
for this sentence?

hint: how many readings are 
there for this sentence?



Parsing

S = Sentence
N = Noun
P = Preposition
V = Verb
Det = Determiner 
(aka article)
NP = Noun phrase
VP = Verb Phrase

Which trees 
correspond to the pet 
bird reading? Which 
trees are the ones 
where "I" have the 
telescope?



Parsing



● ambiguity can quickly get out of hand. how do we choose between all of the 
possible parses of a sentence?

● SHRDLU approach is inspired by observations about how humans process 
language. We seem to use meaning (semantics) to help us figure out how to 
parse a sentence, even before we have heard the whole thing

● That is, we don't wait until we've heard the whole sentence to resolve the 
ambiguity by selecting a meaning. 

● Remember Chomsky's 'colorless green ideas' evidence that syntax and 
semantics are separate. There is also evidence that if they are separate, they 
are constantly interacting.



Understanding Natural Language (1972, Winograd's doctoral 
thesis): syntax and semantics work togetherin SHRDLU

https://teaching.bb-ai.net/Student-Projects/Winograd-Challenge-Papers/
Winograd-1972-Understanding-Natural-Language.pdf

https://teaching.bb-ai.net/Student-Projects/Winograd-Challenge-Papers/Winograd-1972-Understanding-Natural-Language.pdf
https://teaching.bb-ai.net/Student-Projects/Winograd-Challenge-Papers/Winograd-1972-Understanding-Natural-Language.pdf


Understanding Natural Language (1972, Winograd's doctoral 
thesis): handling ambiguity



Interlude: Garden Path Effects

The SHRDLU approach to handling ambiguity is

A garden-path sentence is a grammatically correct sentence that starts in such a 
way that a reader's most likely interpretation will be incorrect; the reader is lured 
into a parse that turns out to be a dead end or yields a clearly unintended 
meaning. 



Garden Path Effects

A garden-path sentence is a grammatically correct sentence that starts in such a 
way that a reader's most likely interpretation will be incorrect; the reader is lured 
into a parse that turns out to be a dead end or yields a clearly unintended 
meaning. 

e.g.,

(1) The old man the boat.

(2) The horse raced past the barn fell.



Local vs Global parsing

Garden path effects are evidence that we process sentences incrementally, 
looking at local information as we go along.

Even when a sentence is ambiguous, we don't wait until the end to resolve the 
ambiguity at a global level. The syntactic processor makes rapid decisions about 
which candidate is most likely.
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Local vs Global parsing

Garden path effects are evidence that we process sentences incrementally, 
looking at local information as we go along.

Even when a sentence is ambiguous, we don't wait until the end to resolve the 
ambiguity at a global level. The syntactic processor makes rapid decisions about 
which candidate is most likely.

What information might the processor use to make such decisions?





Local vs Global parsing

Garden path effects are evidence that we process sentences incrementally, 
looking at local information as we go along.

Even when a sentence is ambiguous, we don't wait until the end to resolve the 
ambiguity at a global level. The syntactic processor makes rapid decisions about 
which candidate is most likely.

What information might the processor use to make such decisions?

● SHRDLU: "more symbol knowledge"
● us: probabilities!



SHRDLU (Understanding Natural Language, Winograd 1972)

So…we need to know the possible relationships between everything and everything 
else?? Even the smallest problems become intractable! There are too many 
relationships to keep track of! And what about productivity? We can infer relationships 
even if we don't have prior knowledge or experience about something!



Referential Ambiguity: Winograd Schemas 

Consider the following example from Terry Winograd (1972). Who does "they refer to"?

(a) "The city councilmen refused the demonstrators a permit because they feared violence."

(b) "The city councilmen refused the demonstrators a permit because they wanted violence."



Problems for Symbolic AI

combinatorial explosion

intractability

ambiguity (still)



Induction: Aristotle's other kind of reasoning

“reasoning from particulars to universals” 

The conclusion is likely true based on the premises.

Generalization

Second Premise

First Premise

Syllogism

Greeks eat olives.

Socrates is Greek.

Socrates eats olives.



Induction: Aristotle's other kind of reasoning

“reasoning from particulars to universals” 

The conclusion is likely true based on the premises.

Generalization

Second Premise

First Premise

Syllogism

Greeks eat olives.

Socrates is Greek.

Socrates eats olives.

The conclusion in 
inductive reasoning is 
likely true (versus 
definitely true for 
deductive syllogisms)



People can do both

We (people) use deductive and inductive reasoning:

Deductive reasoning: I put the forks in the drawer. Where are the forks?

Inductive reasoning: It rained every afternoon this week. Will it rain this afternoon?

Early AI researchers were well aware of this and had a lot of feelings about which one was 
more important for simulating intelligence



People can do both

We (people) use deductive and inductive reasoning:

Deductive reasoning: I put the forks in the drawer. Where are the forks? 

Answer: yes

Inductive reasoning: It rained every afternoon this week. Will it rain this afternoon? 

Answer: Probably

Early AI researchers were well aware of this and had a lot of feelings about which one was 
more important for simulating intelligence



There are two kinds of programs in this world...

● Option 1: Rule Based. Humans write instructions to make decisions
○ “If the word follows the definite article ("the") and precedes a noun, label it as an adjective”
○ “If apple is capitalized outside of the first word in a sentence, label it as a company”
○ “If you see the word excellent in a review, label it as positive”

● Option 2: Machine Learning. Program figures out how to write instructions
○ Unsupervised Learning: figuring out patterns in data
○ Supervised Learning: learning by example



Subsymbolic AI

What if we don't need to tell the computer what the rules are ahead of time?

Introducing…the perceptron



Frank Rosenblatt (1958)

"Devices of this sort are expected 
ultimately to be capable of concept 
formation, language translation, 
collation of military intelligence, and 
the solution of problems through 
inductive logic."

● developed a learning algorithm 
for the perceptron

● builds an image classifier
● able to decide whether an X is 

on the left or right side of a 
page

● takes all day to train



And his rival, Marvin Minsky

● Big into symbolic AI
● original member of the 

Dartmouth summer research 
proposal

● Went to the Bronx High 
School of Science with 
Rosenblatt

● Pictured here stacking 
blocks



The inductive reasoning team is having a PR problem

Marvin Minsky and Seymour Papert wrote a book trashing perceptrons
● "[The perceptron] has many features to attract attention: its linearity; its intriguing 

learning theorem; its clear paradigmatic simplicity as a kind of parallel computation. 
There is no reason to suppose that any of these virtues carry over to the 
many-layered version. Nevertheless, we consider it to be an important research 
problem to elucidate (or reject) our intuitive judgment that the extension is 
sterile" Perceptrons (1969)

Argued for fundamental limitations to the Perceptron algorithm



First AI Winter (1974-1980)

Research funding dries up and public enthusiasm wanes

● They overpromised and underdelivered
● The Perceptron Controversy dampened enthusiasm for connectionist approaches
● Machine Translation Failures: The ALPAC report (1966) concluded that MT was more expensive and 

less accurate than human translation, leading to massive funding cuts
● Combinatorial Explosion: they work on toy problems but fail catastrophically on real-world complexity

○ the world is way bigger than blocks
○ language is bigger than sentences!

● Expert System Limitations: Rule-based systems are brittle and can't handle uncertainty or 
common-sense reasoning

○ even when we are taking about blocks





Winogrande (2019)



Winogrande (2019)



Winogrande



Winogrande

SOLVED?



What makes language hard (for language models) now?



What makes language hard (for language models) now?

● social cues
● common sense
● truth / world knowledge
● action
● …?


