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1. Introduction
(1)

Words in a sentence often differ in their relative prominence. Such prominence
differences are called STRESS.

(2)
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(Annotator 2)
whether a treaty or an agreement or a vow made on marble steps .
(George H. W. Bush, January 20, 1989)
(3)

Both annotators heard five degrees of stress. Here’s Annotator 1.

(4)

Each word has a stress value from 0 to 4. Higher number means more stress.
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(5)

Why do we need a native speaker to hear stress?
“[T]rained phoneticians may be able to distinguish only two levels of
stress in nonsense syllable sequences but will distinguish reliably four or
five levels of stress in meaningful utterances.”
(Halle and Keyser 1971: 17)
“[W]hat makes a syllable accented is for the large part the work of the
perceiver, generating his internal accent pattern on the basis of a strategy
by which he assigns structures to the utterances. These structures,
however, are not fabrications of the mind only, for they can be related to
sound cues.”
(van Katwijk 1974: 5; cited in Baart 1987: 4)

(6)

Perceived stress is a mix of at least two things (Jespersen 1920: 212-222):
a. MEANINGFUL STRESS signals emphasis, novelty, contrast, focus, etc.
He served the coffee; she needed the coffee.
(Correction: NEEDEDthe coffee.)
(Entertainment Weekly, November 17, 2016)
b. MECHANICAL S TRESS is based on syntax and rhythm.
Q: How much did they pay you for participating
in the experiment?
A: Five FRANCS. (Ladd 1996: 166)

(7)

Phrasal stress is in many ways puzzling and mysterious. For example:
a. Why do we have stress peaks on means and steps?
b. Why do the annotators agree on means but disagree on marble and steps?
c. Why does the first America have less stress than the second America?

(8)

Phrasal stress is in many ways puzzling and mysterious. For example:
a. Why do we have stress peaks on means and steps?
b. Why do the annotators agree on means but disagree on marble and steps?
c. Why does the first America have less stress than the second America?
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2. Procedure
(9)

Native speaker intuitions are great, but phrasal stress is a hard problem:
a. difficult to measure phonetically
b. varies within/across speakers
c. native speakers sometimes disagree on the details

(10)

Our approach:
a. Procure a transcribed video and/or audio recording.
b. Annotate the text for perceived stress. (This requires native speakers.)
c. Annotate the text for linguistic structure using NLP tools.
d. Implement a computational model of phrasal stress.
e. Compare the model's predictions against the perceived stress annotations.

(11)

We test a combined model of mechanical stress and meaningful stress using
mixed-effects regression.

3. Perceived stress
(12)

Data: Inaugural addresses of recent U.S. presidents from the American Presidency
Project (Woolley and Peters 1999-, https://www.presidency.ucsb.edu/).
a. The delivery is almost disfluency-free.
b. The speaker is emotionally involved which expands his prosodic range.
c. The situation is well controlled (as in Labov’s department store study).

(13)

Perceived stress annotations were collected through METRICGOLD (Anttila, Dozat,
Galbraith, and Shapiro 2020). The source code is available on GitHub:
https://github.com/tsnaomi/metric-gold.
a. We focus on the first inaugural addresses of six U.S. presidents: Carter,
Reagan, Bush Sr., Clinton, Bush Jr., and Obama.

(14)

The annotators were instructed to consider the cues in the following order:
a. clear intuitions are the best
b. tapping, humming (annotator), head nods, hand gestures (president)
c. explicit phonetic cues

(15)

This approach to annotation purposefully draws upon the entire native speaker
experience about stress, not just, e.g., acoustics (which we have independently
available).
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(16)

The MetricGold web interface:
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4. Mechanical stress
(17)

The SPE theory (Chomsky, Halle, and Lukoff 1956; Chomsky and Halle 1968;
Liberman and Prince 1977; Cinque 1993) is a good starting point:
a. The theory is simple and explicit.
b. It can be implemented and tested.

(18)

The SPE phrasal stress rules:
a. Stress is assigned cyclically from the inside out, assigning [1 stress] to
a designated word and reducing stress elsewhere by one (stress
subordination).
b. The Nuclear Stress Rule (NSR): Assign [1 stress] to the rightmost
vowel bearing the feature [1 stress]. Applies to phrases (NP, VP, AP, S).
c. The Compound Stress Rule (CSR): Skip over the rightmost word and
assign [1 stress] to the rightmost remaining [1 stress] vowel; if there
is no [1 stress] to the left of the rightmost word, then try again without
skipping the word. Applies to words (N, A, V).

(19)

[[[John's] [[[black] [board]] [eraser]]] [was stolen]]
1
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]
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1 ]

Lexical stresses
Cycle 1 (CSR)
Cycle 2 (CSR)
Cycle 3 (NSR)
Cycle 4 (NSR)

(20)

Computational model: METRICALTREE (Anttila, Dozat, Galbraith, and Shapiro
2020) implements these rules in Python. MetricalTree uses syntactic parses
provided by the Stanford Parser (Klein and Manning 2003; Chen and Manning
2014; Manning et al. 2014). The source code for MetricalTree is available at
https://github.com/tdozat/Metrics

(21)

Function words are a major puzzle in English prosody (see, e.g., Selkirk 1996).
Are a, all, in, is, not, that, the, this, will, you, etc., stressed or unstressed? This
decision will impact the calculation of phrasal stress in virtually every sentence
(Altenberg 1987; Hirschberg 1993; Nenkova et al. 2007; Shih 2014, Anttila and
Heuser 2016; Anttila 2017; Anttila; Dozat, Galbraith and Shapiro 2020, a.o.).

(22)

Working hypothesis: Words are always lexically stressed except for those listed
below:
UNSTRESSED

STRESS-AMBIGUOUS

it, to, determiners, complementizers,
coordinating conjunctions, possessive
pronouns, expletive nominals,
interjections

this, that, these, those, prepositions,
modals, personal pronouns,
pre-determiners, copulas, auxiliaries,
negation words, wh-words
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(23)

The following sentence has 15 stress-ambiguous words and thus 32,762 possible
stress paths (Obama 2009). MetricalTree annotates the words as ambiguous,
stressed, or unstressed.
To those who cling to power through corruption and deceit and the
silencing of dissent , know that you are on the wrong side of history , but
that we willextend a hand if you arewilling to unclench your fist .

(24)

Lexical stress ambiguities must be resolved before phrasal stress rules can apply.
We consider four different stress mechanical stress models:
a. Model 1: Ambiguous words are stressed.
b. Model 2: Ambiguous monosyllables are unstressed, polysyllables stressed.
c. Model 3: Ambiguous words are unstressed.
d. Ensemble model that takes the mean of the three prior models.

(25)

Mechanical stress (MetricalTree, Model 2) converted to grids:

x
x
x
x
x
x x x
Sandy voted for Kim.
SPE: 2 2 3 1

x
x
x
x
x
x
x x
x
x x x
Sandy voted for him.
SPE: 2 1 4 5

x
x
x
x x
x
x x x
x
She voted for Kim.
SPE: 4 2 3 1

5. Meaningful stress
(26)

“What is informative is accented, what is uninformative is unaccented” (Bolinger
1972: 634; Pan and McKeown 1999; Pan and Hirschberg 2000; Cole et al. 2010).

(27)

We quantify a word's informativity to assess meaning-driven stress ("meaningful
stress").

(28)

We calculate the INFORMATIVITY of a word w as the weighted average of the
negative log predictability of seeing w given each context c that w follows in the
corpus, beginning with Roosevelt 1933 (cf. Piantadosi et al. 2011; Cohen Priva
2012, 2015):

a. If c is the directly preceding word → bigram informativity
b. If c is the two preceding words → trigram informativity
(29)

I nf ormativity (of ) = 1.7024
I nf ormativity (Americans) = 5.4126
I nf ormativity (conf ronting) = 6.0549
7
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6. Creating a data frame
(30)

We compile all of the relevant information in a data frame. Each row in the data
frame represents one token (word or punctuation), coupled with the perceived
stress annotation from one annotator (i.e., the total number of rows = the number
of tokens ⨉ the number of annotators):

(31)

Phonological, syntactic, and mechanical stress annotations by MetricalTree:
president
widx
norm_widx
word
seg
nseg
lexstress
pos
category
sidx
sent
m1
m2a
m2b
mean
norm_m1
norm_m2a
norm_m2b
norm_mean

the president who gave the inaugural speech
word index
word index normalized (= widx / sentence length)
English spelling
ARPABET transcription
number of segments in the word
lexical stress (yes, no, ambig)
part of speech
part of speech category (NOUN, ADJ, VERB, FUNC)
sentence index
the whole sentence
mechanical stress Model 1
mechanical stress Model 2
mechanical stress Model 3
mechanical stress Ensemble Model
mechanical stress Model 1 normalized
mechanical stress Model 2 normalized
mechanical stress Model 3 normalized
mechanical stress Ensemble Model normalized
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(32)

Statistics derived from the inaugural corpus (in particular, frequency and
informativity):
doc.freq
d.inform.2
d.inform.3
corpus.freq
c.inform.2
c.inform.3

(33)

the frequency of the word in the document
document-level bigram informativity
document-level trigram informativity
the frequency of the word across the corpus
corpus-level bigram informativity
corpus-level trigram informativity

Perceived stress annotations collected through MetricGold:
annotator
perc
norm_perc
UB
UF

annotator identifier
perceived stress
perceived stress normalized
utterance boundary
utterance-final word

(34) Stress normalization: Normalized predicted values are those named
norm_[model], where each predicted stress is divided by the maximum stress
predicted for that sentence by the given model. Likewise, normalized perceived
values are listed under norm_perc.
x
x
x
x
x
x
x
x
(Ronald Reagan 1981,
x
x
x
x
x
x
raw grid, Model 2)
x
x
x
x
x
x
x
The business of
our nation goes forward
COLUMN
SENTENCE
CONTENT
sent
The business of
our nation goes forward the text
-------------------------------------------------------------------------------------------------norm_m1
0.2
0.6
0.6
0.4
0.8
0.8
1
SPE, norm
norm_m2a
0.2
0.6
0.4
0.4
0.8
0.8
1
SPE, norm
norm_m2b
0.2
0.6
0.4
0.4
0.8
0.8
1
SPE, norm
norm_mean 0.2
0.6
0.467 0.4
0.8
0.8
1
SPE, norm
-------------------------------------------------------------------------------------------------norm_percA1 0
1
0
0
0.333 0.333 0.667 perc, norm
norm_percA2 0
0.667 0
0
0.333 0
1
perc, norm
--------------------------------------------------------------------------------------------------
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7. Visualizing the data in R
(35)

Install R (R Core Team 2019) and the following packages:
library(languageR)
library(lme4)
library(lmerTest)
library(MASS)
library(ggplot2)
library(mgcv)

(36)

#
#
#
#
#
#

Baayen and Shafaei-Bajestan 2019
Bates et al. 2015
Kuznetsova et al. 2017
Venables and Ripley 2003
Wickham 2016
Wood 2017

Tip: Check out our GitHub repository! The data frame inaugurals.csv
contains the inaugural addresses for Bush Jr. (2001) and Obama (2009), plus the
R script for this tutorial:
https://github.com/tsnaomi/AMP-2020-Tutorial

(37)

Read the spreadsheet into R and name it something you can remember. Here, we
choose pres6, since we focus on six inaugural addresses:
pres6 <- read.csv("inaugurals.csv", header = T)
or
pres6 <- read.csv(file.choose(), header = T)

(38)

We focus on adjectives, nouns, verbs, and function words, trimming the data
down from 11,641 to 10,982 words.

(39)

We start by visualizing the following relationships:
a. Mechanical stress vs. perceived stress
How well do the NSR and CSR predict perceived stress?
b. Informativity/frequency vs. perceived stress
Are more informative and less frequent words more stressed?
c. Mechanical stress vs. informativity
Are informative words placed in mechanically stressed positions?
d. Parts of speech
How do nouns, adjectives, verbs, and function words differ?
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7.1 Mechanical stress vs. perceived stress
(40)

How well do the SPE stress rules work?
x-axis: Mechanical stress (Ensemble Model, normalized) from no stress (0.00) to
high stress (= 1.00)
y-axis: Perceived stress (normalized) from soft (= 0.0) to loud (= 1.0)
ggplot(pres6, aes(x=norm_mean, y=norm_perc)) +
geom_smooth() +
facet_wrap(~president)

(41)

Overlaid on top of the scatterplot (data points not shown) is a smooth curve that
includes an assessment of uncertainty in the form of pointwise confidence
intervals, shown in grey. By default, ggplot2 fits a generalized additive model
provided by the mgcv package (Wood 2017) when there are more than 1000
points (Wickham 2016: 19).

(42)

Discovery: The SPE rules (NSR & CSR) are clearly on the right track.
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(43)

Does perceived stress depend on the word’s linear position in the sentence?
x-axis: word position (normalized) from the beginning of the sentence (= 0.00) to
the end (= 1.00)
y-axis: perceived stress (normalized) from soft (= 0.0) to loud (1.0)
ggplot(pres6, aes(x=norm_widx, y=norm_perc)) +
geom_smooth() +
facet_wrap(~president)

(44)

Discovery: The level of perceived stress increases from the beginning of the
sentence to the end. This is consistent with the view that English phrasal stress is
right-headed and cyclic.
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7.2 Frequency/informativity vs. perceived stress
(45)

Does a word’s lexical frequency matter to the perception of stress?
x-axis: word frequency (logged) in the presidential corpus, beginning from
Roosevelt 1933
y-axis: perceived stress (normalized) from soft (= 0.0) to loud (1.0)
ggplot(pres6, aes(x=log(corpus.freq), y=norm_perc)) +
geom_smooth() +
facet_wrap(~president)

(46)

Discovery: The more frequent the word, the less it is stressed.
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(47)

Bolinger (1972) made the following claim: “What is informative is accented, what
is uninformative is unaccented” (Bolinger 1972: 634). Is that so?
x-axis: Bigram informativity of a word
y-axis: Perceived stress (normalized) from soft (= 0.0) to loud (1.0)
ggplot(pres6,aes(x=c.inform.2, y=norm_perc)) +
geom_smooth() +
facet_wrap(~president)

(48)

Discovery: The word’s bigram informativity and its perceived stress are indeed
positively correlated, but only in words with informativity > 3.

(49)

Puzzle: There’s something strange going on when informativity < 3. What is it? Is
there an error in the dataframe?

14
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(50)

How about if we split the data by part of speech (instead of by president)?

(51)

Here’s the same informativity vs. perceived stress correlation by part of speech
that you can get by facet_wrap(~category). This looks more interesting!
x-axis: Bigram informativity of a word
y-axis: Perceived stress (normalized) from soft (= 0.0) to loud (1.0)
ggplot(pres6, aes(x=c.inform.2, y=norm_perc)) +
geom_smooth(method = "lm") +
facet_wrap(~category)

(52)

This time, we used method = "lm", which fits a linear model, giving the line
of best fit (Wickham 2019: 20).

(53)

Discovery: The “Bolinger effect” is found only amongst verbs and function
words, not amongst nouns and adjectives.
a. Perceived stress tells us nothing about the informativity of a noun.
b. This suggests stress on nouns is entirely mechanical.
15
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7.3 Mechanical stress vs. informativity
(54)

Bolinger (1957) hypothesized that informative material tends to be placed where
mechanical stress is highest, at least in good prose. We might call this hypothesis
STRESS-INFORMATION ALIGNMENT.

(55)

Mechanical stress vs. bigram informativity:
x-axis: Mechanical stress (Ensemble Model, normalized) from no stress (0.00) to
high stress (= 1.00)
y-axis: Bigram informativity of a word
ggplot(pres6, aes(x=norm_mean, y=c.inform.2)) +
geom_smooth() +
facet_wrap(~president)

(56)

Discovery: The data are consistent with Bolinger’s (1957) hypothesis.
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7.4 Part-of-speech effects
(57)

It is known that nouns are more faithful than adjectives, which are more faithful
than verbs, in word phonology (Smith 2011). Similar “accentability hierarchies”
have been found in sentence phonology (Ladd 1980: 84-6' see Baart 1987: 56-57
for a summary; Pan and Hirschberg 2000: 237; Pan et al. 2002). Can we find
evidence for the differential accountability of parts of speech in our data?
x-axis: Parts of speech (function word, verb, adjective, noun)
y-axis: Perceived stress (normalized) from soft (= 0.0) to loud (1.0)
(The red dot is the median.)
ggplot(pres6, aes(category, norm_perc)) +
geom_violin() +
stat_summary(fun=median, geom="point",
size=2, color="red")

(58)

Discovery: Function words are the softest, nouns are loudest.
17
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8. Regression modeling
(59)

(60)

A linear regression model:
Response:
norm_perc
Predictors:
log(corpus.freq)
norm_mean
category
norm_widx
log(nseg)

Perceived stress (normalized)
The word’s corpus frequency (logged)
SPE stress (Ensemble Model, normalized)
The word’s syntactic category
The word’s sentence position (normalized)
The word’s length in segments (logged)

All five predictors are independently significant:
presidents.fit = lm(
perc ~ norm_mean + log(corpus.freq) + log(nseg) +
norm_widx + category,
data = pres6
)
summary(presidents.fit)

Output:
Call:
lm(formula = perc ~ norm_mean + log(corpus.freq) + log(nseg) +
norm_widx + category, data = pres6)
Residuals:
Min
1Q Median
-2.8008 -0.5435 -0.1968

3Q
0.4386

Max
4.6933

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept)
1.728432
0.043665 39.584 < 2e-16 ***
norm_mean
0.413989
0.043032
9.620 < 2e-16 ***
log(corpus.freq) -0.162300
0.004153 -39.083 < 2e-16 ***
log(nseg)
0.183966
0.017172 10.713 < 2e-16 ***
norm_widx
0.191281
0.023790
8.040 9.40e-16 ***
categoryFUNC
-0.701559
0.027071 -25.915 < 2e-16 ***
categoryNOUN
0.117097
0.024083
4.862 1.17e-06 ***
categoryVERB
-0.374526
0.025417 -14.735 < 2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.8498 on 21822 degrees of freedom
(4546 observations deleted due to missingness)
Multiple R-squared: 0.4808,
Adjusted R-squared: 0.4806
F-statistic: 2887 on 7 and 21822 DF, p-value: < 2.2e-16
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(61)

A mixed effects linear regression model (Bates et al. 2014; Kuznetsova et al.
2016) with president and annotator as random intercepts:
presidents.lmer = lmer(
perc ~ norm_mean + log(corpus.freq) + log(nseg) +
norm_widx + category +
(1|president) + (1|annotator),
data = pres6
)
summary(presidents.lmer)

Output:
Linear mixed model fit by REML. t-tests use Satterthwaite's method
['lmerModLmerTest']
Formula: perc ~ norm_mean + log(corpus.freq) + log(nseg) + norm_widx +
category + (1 | president) + (1 | annotator)
Data: pres6
REML criterion at convergence: 53885.9
Scaled residuals:
Min
1Q Median
-3.4968 -0.6391 -0.1862

3Q
0.4787

Max
5.6441

Random effects:
Groups
Name
Variance Std.Dev.
president (Intercept) 0.01410 0.1188
annotator (Intercept) 0.04476 0.2116
Residual
0.68878 0.8299
Number of obs: 21830, groups: president, 6; annotator, 2
Fixed effects:

Estimate Std. Error
(Intercept)
1.759e+00 1.630e-01
norm_mean
4.115e-01 4.204e-02
log(corpus.freq) -1.662e-01 4.063e-03
log(nseg)
1.773e-01 1.682e-02
norm_widx
1.923e-01 2.323e-02
categoryFUNC
-6.804e-01 2.648e-02
categoryNOUN
1.305e-01 2.356e-02
categoryVERB
-3.623e-01 2.485e-02
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01

df
1.401e+00
2.182e+04
2.182e+04
2.182e+04
2.182e+04
2.182e+04
2.182e+04
2.182e+04

t value Pr(>|t|)
10.796
0.0256 *
9.788 < 2e-16 ***
-40.914 < 2e-16 ***
10.538 < 2e-16 ***
8.279 < 2e-16 ***
-25.695 < 2e-16 ***
5.538 3.09e-08 ***
-14.579 < 2e-16 ***

‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Correlation of Fixed Effects:
(Intr) nrm_mn lg(c.) lg(ns) nrm_wd ctFUNC ctNOUN
norm_mean
-0.108
lg(crps.fr) -0.140 0.053
log(nseg)
-0.165 -0.151 0.449
norm_widx
-0.011 -0.468 -0.003 0.053
categryFUNC -0.123 0.178 -0.355 0.151 -0.043
categryNOUN -0.071 -0.180 -0.060 -0.057 0.091 0.614
categryVERB -0.107 -0.167 -0.031 0.163 0.127 0.669 0.717
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9. Summary
(62)

a.
b.
c.

Perceived phrasal stress is influenced by multiple factors.
Syntax and the NSR & CSR play an important role in phrasal stress.
Nominal stresses (nouns, adjectives) are loud and meaningless.
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