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Overview

* Language Model
* Cognitive Effort in Processing Language

* Dialogue
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Recap: Brain and Language Comprehension
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Souce: Indefrey, 2011 (?\ AWK AY

Brain and Language Production
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Information density in bits/word
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Recap: Information Density

* Uniform Information Density predicts that language production is affected by a
(human) preference to distribute information uniformly across the linguistic
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Language Model

* LM: A computational model of predicting words: wy, w,, ..., Wy

 Auto regressive LM: p(w;|wy, ..., w;_1) => p(w;|w,;)

77?

* Masked LM: p(W;|Wy, ..., Wi_1, Wiiq, oo, Wy ) => D(W; W)

T T

2025 FA Introduction and Frontiers of Cognitive Science
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Language Model

* Transformer-based AR LMs are currently the most common type.

e Diffusion-based LMs emerges.

Source: LLaDA , Dream-7B


https://arxiv.org/pdf/2502.09992v1
https://arxiv.org/pdf/2508.15487

On the wall | see a

Let’s use a discrete random
variable X; to describe the event

Xj

of generating a word at position i,

given its context C.

“picture” is a much more likely
outcome of the event

2025 FA
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X; can have |V|

picture outcomes, among which

p(X; = picture|C) = 0.179290
p(X; =

(according to qwen3-9.6B-base)

IC) = 6.6x107>

Top 10 Word Probabilities for Context: "On the wall | see a"

Probability p(w|context)
o o o

p(picture) > p(pitcher)
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Surprisal of Event Outcome

e Surprisal of an event outcome: S(xj) = — logp(xj|C)
» s(picture) = —logp(picture|C) = 1.719, s(pitcher) = —logp(pitcher|C) = 9.625

Top 10 Word Surprisal for Context: "On the wall | see a"

Surprisal -log(p(w|context))

Top k Words

2025 FA Introduction and Frontiers of Cognitive Science 9
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Entropy of Random Variable shannonsentropy

* Entropy of rand. var. X;, total amount of uncertainty measured by

weighted sum of surprisal: H(X;) = —p; Z logp(x |C)

Top 10 Word Surprisal and Entropy for Context: "On the wall | see a"

Surprisal / Entropy
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Purple bar (dashed) shows
an inaccurate estimation
of entropy using the top-k
words:
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Entropy of Random Variable

* The empirical values of entropy H are larger than surprisal s

Top 20 Word Surprisal and Entropy for Context: "On the wall | see a"
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1 Density Curve (Entropy)
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Surprisal can approximate entropy

* Entropy measures the expected surprisal of an unknown event X;

& -

 Surprisal measures the surprisal of a known outcome:
s(x;) = —logp(x;1C)

* In natural language, the amount of “information” can be defined
differently.
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Compute entropy for different positions

a|C) = 0.3613
the|C) = 0.1328

~ p(Xi—q

EEEEEN |

On the wall | see x. .

N~

Top 20 Word Surprisal and Entropy for Context: "On the wall | see"

.= Density Curve (Surprisal)
Density Curve (Entropy)
I Surprisal

I Entropy

Surprisal / Entropy

Top k Words
2025 FA Introduction and Frontiers of Cognitive Science 13
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Measure Information with Entropy Reduction

* Entropy reduction: How much uncertainty is reduced due to the

occurrence of a word?
Negative reduction

[ ] H'(X;_1) ~ 1.9817 means the uncertainty
usinglI;1= 20 increases due to the

‘ production of “a”.

AH = H'(X;) — H'(X;_;) = —0.2355
[ ] %

On the wall | see a X; H'(X;)=22172

On the wall | see X;_4

2025 FA Introduction and Frontiers of Cognitive Science 14
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Overview

* Cognitive Effort in Processing Language



Source: Smith and Levy, 2013,

Information and Cognitive Effort
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* Words of lower probability take more time to read

Proposed relationships between
( a) Effect of P(word, |context) on first-pass gaze duration measured at...

predictability and reading time
_l __________ R
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http://dx.doi.org/10.1016/j.bandl.2014.10.006

Source:

Information and Cognitive Effort

* Word predictability has logarithmic effect on reading time.

* lower probability p => higher surprisal —logp

Relative reading time

Change (ms)
o o

5 10
— log p from GPT-2, GPT-J, GPT-3 etc.

2025 FA Introduction and Frontiers of Cognitive Science
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Are LLMs alighed with Human Reading?

* A research direction: Predictive power of LLM-extracted surprisal (or
other metrics) for human reading times (RTs)

Step 1: Step 2:

Step 3:
Fit two regression models Compute Log-Likelihood Predictive Power (PP) of surprisal is
predicting reading times, with and (LL) of each model the ALL of the two models
without surprisal as predictor
Mbaseline: RT~ baseline_variables — LL(Mbaseline) PP(surprisal)
—
Msyrprisai: RT~baseline_variables =——> LL(Myrprisar) = ALL(Msurprisat, Mbasetine)

@ Surprlsal = LL(Msurprisal) - LL(Mbaseline)


https://acl2025-eyetracking-and-nlp.github.io/
https://acl2025-eyetracking-and-nlp.github.io/
https://acl2025-eyetracking-and-nlp.github.io/
https://acl2025-eyetracking-and-nlp.github.io/
https://acl2025-eyetracking-and-nlp.github.io/
https://acl2025-eyetracking-and-nlp.github.io/
https://acl2025-eyetracking-and-nlp.github.io/
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Source:

Findings and Open Space

Shain et al. (2023)
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Source: Frank et al., 2015

EEG Evidence

* A comparison between the information measures and ERPs revealed
a reliable correlation between N400 amplitude and word surprisal.
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Evidence of UID at Corpus Level?

—
Q
S

e A I R B * Human speakers indeed tend to avoid
the sudden changes in information in
these very specific scenarios.

e A R o R * How about a more generic trend at

I I | corpus level?
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Which term is uniformly distributed?

H(X|Context) = H(X|C, L) =

- H(X|L) -

- I(X;C|L)

Approximated

by surprisal

* Does H(X|Context) keep relatively constant?

e UID => Entropy rate constancy (ERC) hypothesis.

2025 FA Introduction and Frontiers of Cognitive Science
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Approximation due to the limited context

H(X|Context) = H(X|C,L) = H(X|L)— I1(X;C|L)

No Yes No

A sentence of N words, w{,wo, -+, Wy

N
1
H(X|L) = m; z log p(wy|weg) Average surprisal of all words in sentence

B |

Estimated using LMs

2025 FA Introduction and Frontiers of Cognitive Science 23



Assuming UID/ERC is true

Constant

—

H(w|Context)

= H(w|G,L) =

Expected observation:
 I(w;; G |L) increases with i .
* I(w;; G |L) decrease when toplc shifts

Surprisal measures the
difficulty of understanding word w

Good speakers put hard words later (audience design) ()Z

2025 FA
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Hw|L) — I(w; G|L)

\ 4

Constant

OOOOOOOOOOOOOOOOOOOOOO

(o
Sentence 1: {wy,w,, ..., w¢}
Sentence 2: {wy,w,, ..., Wg}
Sentence 2: {wy, W5, ..., W1o}
Sentence N: {wy, w5, ... W;_q1,W;,!
I----‘

e
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+*+ 1

H(w|Context) = H(w|G,L) = H(w|L) — I(w; G|L)

Information

1 25 50 75 100

Sentence position within dialogue

Figure from Xu et al., 2016
2025 FA Introduction and Frontiers of Cognitive Science 25
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Expected observation 2 confirmed (in dialogue)

* Information suddenly decrease at topic boundaries.

Switchboard
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Overview

* Dialogue

2025 FA Introduction and Frontiers of Cognitive Science 27



Surprisal H(w|L)

converges

Group

—— BNC: initiator

- 0 - BNC: responder

=< SWBD: initiator
6

X - % - SWBD: responder

1 2 3 4 5 6 7 8 9 10

erance position within topic episo

episode

o/

2025 FA

Introduction and Frontiers of Cognitive Science

A starts a new topic
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B starts a new topic

The local entropy (surprisal) of topic
initiators and responders increases form
a convergence pattern within topic

28
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. m & Group
B starts a new topic x‘.-"x —o= BNC: initiator

- o+ BNC: responder
— SWBD: initiator
%+ SWBD: responder

Topic shift occurs periodically - Aggregate - Convergence i i e i h b
K Utterance position /

Frequency domain

Features from frequency

» » domain may reflect high-
level dialogue properties

ul u2 u3 u4 u5 u6 u7 u8 u9 ulOull ul?2 ul3 ul4d
29
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TU ' 'Ta kl N g 1E S IR Responses in conversation are fast

* Language is interactive, involving
rapid turn-taking

* Turns are short and responses are
remarkably rapid

* Part of a universal infrastructure

for language

Frequency
500 1000 1500 2000 2500

Keep this
200ms in mind

0

-2000 -1000 0 1000 2000 3000
Floor transfer offset (ms)

Source: Levinson, 2016
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Turn-Taking

Latencies in production are three fold: Longer than the 200ms modal gap!
How do we explain this?

 Ad A

4

4

4

From dense Lookup the text-to-audio
vectors to vocabulary table
one-hot

2025 FA Introduction and Frontiers of Cognitive Science 31
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Turn-Taking

Production of response must overlap with comprehension of the incoming turn.

The slow production may
be compensated for by
predicting the continuation
or termination of the
incoming turn, and
launching production early

2025 FA

Introduction and Frontiers of Cognitive Science
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Breathing is related to spoken language

it & =
V|ta! capacity: the _ Speech breathing: involves more
. _— maximum amount of air variable and deeper inhalations
that can be breathed out (# 3% 4998 &) than tidal

after breathing in as much

_ , breathing
air as possible.

o

Tidal breathing _ Vital capacity | Speech breathing

100

% of vital capacity
3

1

1

I

I

I

1

I

I

e ¥

:

: Expiratory reserve volume
I

I

I

I

Residual volume

Time

Tidal breathing: the term Speech breathing: short inhalation and a long
for inhaling and exhaling exhalation

while you are relaxing

Source: Fuchs and Rochet-Capellan, 2020
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Breathing during conversation/dialogue

* Techinique: Inductance plethysmography (EB/E{A&FH15%)

a b

— I 10s !
Microphones :
s
[\ >
k=

% < Laugh
g : | I | | I N |
k]
()]
©
=
sreathing belts 2 /\J\,\/\/\J\/\/\/\/\:\,
£
Laugh
1.5m < — = —
—— — — —
mmmm  Speech interpausal unit Back-channel «—> Turn unit
Breathing signals are recorded Black bars indicate stretches of speech; red
using breathing belts arrow indicates a speaker’s complete turn
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Breathing adapts to speech

* Inhalation (IR at syntactic boundaries

e Rather than occurring randomly in the speech stream, inhalation very often coincides with
constituent boundaries

* Anticipating the length of the upcoming sentence

* Deeper inhalation for longer sentences than for shorter ones

Amplitude of breathing (a.u.) T
+1

|
!

=== Speech interpausal unit Back-channel «— Turn unit
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