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Admin

® Course evaluation season is here!

* |f we can get a >75% response rate, I'll add 1 point of extra credit to
everyone’s final report grades, and I'll bring coffee/tea and donuts the last
day of class



Disclaimer

* Comparing humans to LMs gets very hairy very quickly.
* We are exposed to very different amounts of data
* We are based on very different architectures

* Questions like “Is Al conscious?” Or “Can Al systems know/understand
anything?” are not the domain of today’s lecture



The Classical View of Cognition

* Information is represented by strings of symbols (discrete concepts), analogous
to how variables are represented in programs

* Fxample: past tense formation

If verb is regular:
stem + -ed
walk -> walked jump -> jumped crystallize -> crystallized

If verb is irregular:
Store as exception in a mental lexicon

“Words and rules” view



jonism

Connect

* Connectionists hold that neural networks may provide a new framework for

understanding the nature of human cognition

* No explicit symbols necessary: everything is continuous
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The Controversial History of ML in Cognitive Science

* Rumelhart & McClelland [1986]: trained a neural network to form English past
tense verbs given the present tense verb

* Generalized to verbs not in the training set!

* Better yet: it captured the trajectory of learning in humans!

Stage 3: use -ed

Stage 1: memorize rule; only memorize
all past tense forms exceptions
llgoll _> Ilwentll llgoll _> Ilwentll

Stage 2: overgeneralization.
Apply -ed to all verbs.

Accuracy

llgoll _> llgoedll

Time



The Controversial History of ML in Cognitive Science

The Past Tense Debate

Rumelhart & McClelland: neural networks
can be effective models of language
learning and use. The model captures
human learning trajectories without
symbols.

Pinker & Prince: but the model fails to
generalize to simple regular past tense
verbs! Rules and symbols are necessary
for robust generalization, and neural
nets can only approximate this.

[Paraphrased by me.]



Why care?

* The past tense debate was a proxy war over a bigger question: does the mind
manipulate symbols, or is it sub-symbolic/continuous?

* Modern LLMs reignite similar debates: do LLMs “understand” anything in a robust
way, or are they sophisticated pattern matchers? Do they need symbols?

* Cognitive science and psycholinguistics can inform LM architectures, evaluation,
and what “success” means



Outline

1. How do humans process a sentence?

* How comparable are LM and human reading “abilities”?

2. Developmentally plausible language models

3. Training LMs to be cognitive models



Cloze Tasks

* Cloze task: readers a passage, ask them to fill in the blanks:

| went to the and bought milk and eggs. | knew it was
going to rain, but | forgot to take my , and ended up
getting soaked on the way

® Cloze probability: the probability of a word occurring in a particular context:

(a) My brother came inside to

(b) The children went outside to

® “Play” is plausible in both sentences, but would be chosen by humans =90% of the time in
(b) and would almost never be the first choice for (a) for most people.



Predictive Processing

* Humans don’t wait until they’ve read a whole sentence to start understanding it!

* We're always filling in the gaps, and trying to predict what someone will say next
so that we can get a head-start on processing it

* How do we know this?



Garden Path Sentences

“The old man the boat.”

“The complex houses married and single soldiers and their families.”

* Why is this so hard to parse?

* We read “The old man”, and start predicting that a verb is likely to come next
* But then we see a noun phrase!
* We were “led down the garden path”, so to speak; “man” is actually a verb

* The fact that these are hard to parse is often taken as evidence of predictive
parsing



Self-paced Reading Task

* Give humans a sentence one word at a time, and ask them to press a button to

see the next word

* Time how long the participant
takes on each word
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needed

for

school.




Human Performance in Self-paced Reading

Pretend you're pressing a button to get each word:

The shop sold to the man

The shop sold to the bank was old

The necklace sold to the bank was old

People are very sensitive to word frequency in reading time tasks!

What happens to a self-paced reader when they face a garden-path effect?

Why is the third sentence not as likely to garden-path readers?



When does semantics come in?

* Are we constantly using semantics to help us process sentences, or only as
needed?

® Hypothesis 1: we use syntactic heuristics

® Get the parse first, then interpret sentence. Backtrack if it doesn’t make
sense

® Heuristic: when an NP starts the sentence, it's the subject
® Hypothesis 2: rely on syntactic probabilities using head words
® Hypothesis 3: consider full semantics of a constituent as soon as it’s built

® Hypothesis 4: consider full semantics of a constituent even before it’s built



Eye Tracking

* Self-paced reading data isn’t reliable enough to answer these questions.

* Other techniques like brain imaging are too coarse.

* \We can track people’s eye movements as they read a passage
* E.g., garden path effects should result in backtracking

* Especially hard-to-understand words or structures should be fixated upon

Regression Path

Regression

/ 9

The khight attacked the windmill on his donkey
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Reading Times vs. Probability

* Word reading times generally decrease as a B 1200]
function of cloze probabilities B S —
é —.-..._----
* The easier something is to read, the less 2 | e
time we spend looking at it
* “Easier to read” -> more predictable

0.25 0.75
Cloze Probability

— D) == DI *== D2
Phrase Type
Rl LITO ey [1T] Sl 1112



The NAOO

* We can take EEGs of humans and
record various signals.

* One such signal is the N4OO: a
signal which is highly correlated
with semantic surprisal.

* Spikes when a surprising word
IS encountered

N400 effect

N[A 1T NAOO &l
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The NAOO

‘They wanted to make the hotel look more like a tropical resort.
So along the driveway they planted rows of ...

tulips
R. medial
central pines
palms




The P600

* The N4QOO is often characterized as
tracking semantic surprisal.
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* Meanwhile, the P600 is often P600
characterized as tracking syntactic Tttt
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The naughty child throws the toy.......

throwing



Surprisal Theory

* Hale[2001]; Levy [2008]: the time required to comprehend a word is based on its
predictability

* Predictability is often quantified as surprisal (negative log-probability given
context)

* We don’t know the “real” surprisal, but we can estimate the surprisal of a word
given context given a language model:

Surprisal = —log, p(w,_|w;, ..., w,_/)



Psychometric Fit

* |dea: train a model to predict likelihood of a word without considering its
surprisal first. Then add the surprisal, and see how much better the model gets

Baseline: fit a regression on word length, word frequency, position in text, whether
the previous word was fixated upon by readers

Full: fit a regression on the baseline variables plus LM surprisal on current and
previous words

ALoglik = L¢ || — Lpaseline



e AlLoglik increases as a linear
function of language model|
quality

* So it seems like the psychometric
fit of LM surprisals to human
reading times generally improves
with the quality of LMs
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Delta Log Likelihood (average per word)

Dutch

r=-0.95, p<0.001

Greek

Russian

Estonian

r=—0.92, p<0.01

Hebrew

r=-0.93, p<0.001

Spanish

r=-0.78, p<0.05
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German

r=0.53, p>0.05

Norwegian

r=—0.97, p<0.001

— — — — L

Log Training [N

English Finnish
O
N r=-096,p<0.001| =0.51, p>0.05
N
Q$/- QQQQ-___.._.._ S
‘ 143
S 1 \‘ { /QQ& i #
Q
N
/Q.
A o ot e i i s s
Italian Korean
r=-0.95,p<0.001| & - r=—0.97, p<0.001
Q&‘ 7
9 S -
Q¥ N N ~ .“ ~
Q- \\ ’* - b
\ -Q\ =
S - - = = - W — N
N ?
S 1 ¢ | | . |
Q'Q 1 | 1 | |
Turkish 4 6 8 10 12
ur.
Q(b
Nl r=—0.98, p<0.001
Y -
,\\
S - \‘\
® Tokens
QQQ e o o o o o o ) — o
| 1 1 | 1
4 6 8 10 12
Cross Entropy (on MECO)

7

8

The predictions of surprisal theory hold in many languages!



Psychometric Fit

* But actually, it's complicated: as LMs improve, their psychometric fit improves up
to a point, but then begins to decrease. Why?

Goodkind and Bicknell (2018)
Wilcox et al. (2020)
Merkx and Frank (2021)

Oh et al. (2022)
Oh and Schuler (2023b)
Shain et al. (2024)

Fit to Human Data

Language Model’s Word Prediction Accuracy



LMs are superhuman word predictors.

HGEGF -

Carrington 0.45 | Nixon 0.07
West 0.05 | Smith 0.07
Bentley 0.03 | the 0.05
Dunthorne 0.02 | wrote 0.05
Woolley 0.02 | Albot 0.02

©
9

Two days later, the British astronomer Richard

LMs trained on very large datasets assign high probability to (often correct)
words that humans find surprising.

Think of rare names and technical terms.



LMs have superhuman context memory.

/)

v

| went to the store to buy milk and ... [3,000 additional words] ... it turned out they were out of ___milk

Transformers can track extremely long-distance dependencies. Humans have
bounded memory/attention.



Training More Human-like LMs

* The most obvious difference between LMs and humans is the massive difference
in pre-training data size

200 1.4
Billion Trillion
3 30
I\Tiﬁi%% Billion  Blllion .
| o @
13 y.0o. BERT ROBERTa GPT-3 Chinchilla
Human (2018) (2019) (2020) (2022)

® One idea: train LMs on a more human-like amount of data!



\ BabyLM Challenge

Sample-efficient pretraining on a developmentally plausible corpus

* Have researchers from the NLP Maultimoda St .
COmmunlty Compete tO traln the | [Human Skyline] [Human Skyline] ‘ [Human Skyline]
best language models they can —~F-F-F-f-1 - - -r-r-to-
given <100M words of pre- 8- [
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Evaluating Morphological Learning

This is a WUG

This &8 a man who knows how to RICK.

He 1s Ricking. He did the same thing

yesterday. What did he do yesterday?
3 Yesterday he
Now there is another one. y ——
There are two of then.
There are two

0




Evaluating Human Likeness

Wug Tests
~ ™~
* Children learn how to inflect new plurals |
by 4 to 5 years old LLM —>»  Zuluyemedin
* Give them a nonce word (a novel " /
word that doesn’t exist), and ask 'T ~ i«

them to pluralize it gel - gelemedik

* Wug -> wWugs ye — yiyemedik Evaluation
zulu —

Humans >  zuluyamadik

* Weissweiler et al. [2023] propose a
benchmark to measure morphological
generalization in LMs




Evaluating Human Likeness

Property Inheritance

.- A dax 1s a penguin. -

before o
'-f in-between

/

Y |
le
PR

1A wugisarobin.| Therefore, a (wug/dax) can fly.

N -

* Children begin to understand property inheritance at around 3-4 years old.

* Misra et al. [2023] propose a benchmark to measure LMs’ capabilities in handling
property inheritance: COMPS



Model

Entity
Tracking

2,2

30.9

41.9

33.2

41.5

31

22.2
40.8
31.5

19.9

WUG Adjective
Nominalization

41.2

63

39.9

58.2

35

51.1

47 .5

49.6

50.2

60.1

WUG Past
Tense

27.1

26.8

32.7

17.9

23.2

25.1

37.5

15.4

7.3

9.6

COMPS

59.7

58.3

60

56.9

58.3

55.7

58.3

56.4

56.2

56

Reading

AoA

22.3

10.7

11.5

10.4

9.6

12.8

8.6

-22

5.3

11.8

Even the best
BabyLM models
are a long ways
from human-
like language
learning.



* Children learn in multimodal and interactive settings

* They receive feedback

* They can ask questions

* Language is grounded in actions, sounds, and visuals

* Some are trying to fix this!

What's missing from BabyLM?
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Addressing Superhuman Memory

Output
Probabilities

Ky i=Ki 1@k
Vi.i=Vi.i19V
* Can add human-like memory constraints | | Linear
to Transformer-based models
-Key FF Value FF Hidden FF

I

Feed Forward Layer

* Better yet: maybe we should abandon
Transformers if our goal is to model
human language processing

* Recurrent architectures are seen by
many as more appropriate

I Word Embedding

Input word



Fine-tuning for Human Likeness

® Centaur: a language model (LIama) fine-tuned on Psych-101

® Data from 60,000 participants performing over 10M choices in 160

experimental settings

Multi-armed bandits

In this task, you have to repeatedly choose between
two slot machines labeled B and C. When you select
one of the machines, you will win or lose points.

Your goal is to choose the slot machines that will

give you the most points.

You press <<C>> and get -8 points.
You press <<B>> and get 0 points.
You press <<B>> and get 1 points.

Supervised learning

In each trial, you will see between one and three
tarot cards. Your task is to decide if the combina-
tion of cards presented predicts rainy weather (by
pressing P) or fine weather (by pressing L).

You are seeing the following: card 3, card 4. You
press <<L>>. You are wrong, the weather is rainy.
You are seeing the following: card 1, card 4. You
press <<P>>. You are right, the weather is rainy.

Decision-making

You will choose from two monetary lotteries by
pressing N or U. Your choice will trigger a random
draw from the chosen lottery that will be added to
your bonus.

Lottery N offers 4.0 points with 80.0% or 0.0 points
with 20.0%.

Lottery U offers 3.0 points with 100.0%.

You press <<U>>.

Markov decision processes

You will be taking one of the spaceships F or V to
one of the planets M or S. When you arrive at each
planet, you will ask one of the aliens for space trea-
sure.

You are presented with spaceships V and F.

You press <<V>>. You end up on planet M and
see aliens G and W. You press <<G>>.

You find 1 pieces of space treasure.

Memory

You will view a stream of letters on the screen, one
letter at a time. You have to remember the last two
letters you saw since the beginning of the block. If

the letter you see matches the letter two trials ago,

press E, otherwise press K.

You see the letter V and press <<K>>.
You see the letter X and press <<K>>.
You see the letter V and press <<E>>.

Miscellaneous

You will be presented with triplets of objects, which
will be assigned to the keys E, Z, and B. In each
trial, please indicate which object you think is the
odd one out by pressing the corresponding key.

E: tablet, Z: fox, and B: vent. You press <<Z>>.
E: ivy, Z: coop, and B: drink. You press <<B>>.
E: kite, Z: flan, and B: jar. You press <<E>>.

E: wand, Z: flag, and B: globe. You press <<Z>>.




Overall -

Spatially correlated multi-armed bandit -
Multiple-cue judgment -

Gardening task -

Multi-task reinforcement learning -
Structured bandit -

Digit span -

CPC18 -

Conditional associative learning -

* Centaur’s output distributions lowa gambling task -

choicesl3k -

better align with human choices intertemporal choice -

. Drifting four-armed bandit -

across these task settings. N-back -
Decisions from experience -

Changing bandit -

Multi-attribute decision-making -

Recent probes -

Two-step task -

* For most tasks, Llama is fine, Two-armed bandit
. Zoopermarket -
but Centaur is better. il

|t ]

Decisions from description -
Columbia card task -
Go/no-go -

Weather prediction task -

e For others, Llama is not human- i catecoation
. . | | iIsk k -
like at all, but Centaur is at least i o o tock - m— Contaur
o, o THINGS odd- - - |
as good as a cognitive model. probabilistic instrumental learning - o ve model

Grammar judgement -

-06 -04 -02 00 02 04 06 08 1.0
A log-likelihood



-+ Centaur - Llama - Control C -+ Centaur - Llama - Control
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* Human brain signals can be better decoded from the representations of Centaur
compared to Llama

* More recent models are not necessarily closer to human representations



Critiques of Centaur

* |s Centaur actually simulating cognition (probably not), or just pattern-matching
over psych experiment formats?

* Does fitting a behavior mean that a model uses human-like mechanisms?

* How do we resolve the difference between behavioral alignment vs. mechanistic
alignment?



Where to?

* Grounded/multimodal learning

* Memory-constrained architectures

* Interpretability as a tool for cognitive modeling

* Can we find circuits that correspond to human processing stages?



Summary

Humans process language predictively and incrementally

LM surprisal predicts human reading time measures surprisingly well

* Better LMs can have better predictive power—but only up to a point
LMs are superhuman in ways that make them imperfect cognitive models

Matching human processing means matching human constraints, not just
capabilities



Next Week

®* Tue.: Medical NLP and interpretability
®* Guest speaker: Hiba Ahsan

* From Northeastern, in Byron Wallace’s group

®* Thu.: Final project help session
* |'ll start with FAQs and examples of cool projects

* We'll add Qs to a shared doc in class, and I'll address the most common ones live (and give
individual groups with less frequent questions help afterwards)

* Free-form coworking afterwards

®* Food/drinks provided if you all do course evals :)



