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Abstract

This study proposes and examines an information-theoretic measure of planning in
incremental speech production, and investigates the effects of planning, predictabil-
ity, and interference-based measures on lexical substitution errors. We then present
a rate-distortion theoretic model of speech production that explicates how these
factors affect the production of lexical substitution errors.

1 Introduction

Spontaneous speech is punctuated with disfluencies that reflect delays or interruptions in language
production mechanisms [[1, 2, [3}4]. One common kind of disfluency is a lexical substitution, where a
speaker says one word (which we term a distractor) and then corrects it to another word (which we
term a target) [5]. For example, see the following naturally-occurring utterance from the Switchboard
corpus [6]:

(1) and I believe that mental acuity is easy to sustain maintain if you just simply continue to
exercise your mind

Here the distractor is sustain, which the speaker corrects to maintain. More generally, several
prominent models of speech production have attributed hesitations and disfluencies of various kinds
to difficulties in selecting what word to say next [7, 8} 9].

Here we develop an information-theoretic analysis of lexical substitution errors in a dataset of
naturally-occurring disfluencies in the Switchboard corpus, applying a new measure of planning. We
leverage large language models to estimate the relevant information quantities, and perform a targeted
analysis that predicts which word is likely to appear as a distractor in each context. Finally, we
explicate our results within the framework of a rate—distortion theoretic model of speech production.

1.1 Background and related work

Computational characterizations of lexical selection have emphasized the effects of word frequency
and predictability on the ease of retrieving the appropriate word from memory. Low frequency words
were not only associated with delayed production in naming experiments [[10} [11}|12]], but were also
more likely to be preceded by disfluencies in naturalistic speech [13} [14]. Similarly, words that
were less predictable conditional on the past (low forward predictability) or within the surrounding
context (low contextual predictability) were also more likely to be preceded by hesitations, repetitions,
and corrections [} [15} (13} [16} [17]. Intriguingly, disfluencies and slowdowns in speech were also
associated with backward transitional probability: the probability of a word given its following
context [2 [18]; this is usually considered to be related to a speaker’s plans for future production. In
addition to being a strong predictor of fillers and corrections [19,|20], backward predictability has
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also been associated with delays caused by the reactivation of past material to aid retrieval of a target
compatible with the planned future [21]].

A complementary line of experimental research in word production has also demonstrated that
delays or errors in selecting a target can arise due to the activation accrued by its semantic and/or
phonological neighbors [22} 23] [24]. The semantic interference effect, in particular, has been a
robust finding in the Picture Word Interference paradigm, where the degree of semantic relatedness
between a pictorial target and an orthographic distractor predicts a delay in retrieving the target [25].
Similarly, the presentation of a phonologically-related distractor has been associated with an increase
in activation of the segments that the distractor shares in common with the target [26]]. Hence, higher
proximity between the target and distractor along semantic and/or phonological dimensions correlates
to a greater degree of co-activation during processing.

1.2 Planning measure

Integrating perspectives from both lines of inquiry, our analyses of lexical substitution errors in-
corporate the effects of frequency, incremental production, and planning along with distance-based
metrics such as phonological and semantic distance. We propose an information-theoretic measure of
planning based on Pointwise Mutual Information (PMI) [27]. In particular, we use the PMI of a word

: : ComiEP — 1 P&lesicp)
x with the future context ¢y given the past context ¢,: pmiFP = In Splrle,y s Where p(x | ¢f,cp)

is the probability of z given both the preceding and following contexts and p(z|cp) is its forward
predictability. Unlike backward predictability, pmiFP does not assume that the future is planned
independent of the past. Rather it serves as a measure of planning that (i) does not commit to a
particular planning order and (ii) uses the information provided by the past context to estimate the
association between the word and the future context. Therefore, pmiFP can accommodate both linear
[28, 29]] and hierarchical planning [30} [31]. Previous works investigating backward predictability
have not considered the integration of past and future context represented in pmiFP. In Section ] we
give a more detailed theoretical justification for the use of this measure.

2 Methods

We develop a regression model that predicts whether a given word z, as opposed to any other word
in the vocabulary, is the distractor that the speaker selects and eventually overrides after production.
Specifically, we examine how proximity to the target, frequency, incremental or forward predictability,
and planned production guide the selection of a particular distractor given an utterance context.

Measures

Frequency: We use the frequencies from the SUBTLEXus corpus [32] to estimate unigram probabil-
ity p(z) of a given word x

Predictability-based measures: We estimate the forward, backward, and contextual probabilities
of targets and distractors using XLNet [33], a large transformer-based model trained on both causal
and masked modeling objectives. We select utterances where the length of both the preceding and
following contexts exceed one word. To estimate p(z | ¢,) and p(z | ¢f) for a continuation =, we
provide as input the past context ¢, and the future context c; (in reverse) respectively. To estimate
p(x | ¢p, cr), we provide the entire bidirectional utterance context (¢, ¢s) to the model with a mask
applied to « in order to indicate the word to be predicted (see Appendix [A]for examples).

Distance measures: We estimate phonological distance between the target and distractor based on
the Soundex algorithm [34] and semantic distance using cosine distance between pretrained GloVe
embeddings [35].

Materials

For our analyses, we use Switchboard Annotations [36]], a human-parsed subset of the Switchboard
corpus of conversational speech [37]] with annotations marking reparanda and repairs. In order to
extract utterances with lexical substitutions, we identify two distinct signatures characteristic of these
errors, namely (i) where the distractor or reparandum is immediately followed by the target or repair
(I) and (ii) where a single word is substituted within a repeated phrase (Appendix [A). We restrict
our analyses to utterances with an equal number of reparanda and repairs in order to exclude cases
of additions, deletions, or structural revisions. Utterances with multiple substitution errors were
preprocessed into context frames with single substitution errors (see Appendix |Alfor examples).
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Figure 1: Left: Increase in log likelihood of isDistractor model with incrementally added predictors,
in the order determined by goodness of fit in single-predictor models: log p, distances, log pFw,
pmiFP, and log pBw. The contribution of log backward probability is not visible. Right: Semantic
and phonological distance to target for actual distractor words (blue) vs. all words in the vocabulary
(red). Actual distractors are both semantically and phonologically close to the targets.

Model
We use a generalized linear mixed model (GLMM) [38] with a binary dependent variable isDistractor
and the target identity as a random effect:

isDistractor(z) ~ Inp(z)+Inp(z | ¢p)+pmiFP(z) +phonDist(z, z7) +semDist(z, z7)+ (1 | z7)

For each instance of a lexical substitution error (N = 1368), the model above is fit to predict which
word out of a subset of nontarget words (N = 150) selected from the vocabulary with varying degrees
of semantic and phonetic relatedness to the target is the chosen distractor.

We hypothesize that a nontarget x that is more frequent, and has higher forward predictability and
pmiFP will have a higher likelihood of being the distractor that receives the activation required for
selection. A word likely to be the distractor will also be co-activated with the target x by virtue
of their common semantic and/or phonological features. Hence, we predict that the most probable
candidate for the distractor will also have lower semantic and/or phonological distance from z .

3 Results

Both predictability and distance-based metrics emerged as significant predictors in the isDistractor
model. As hypothesized, we observe a strong positive effect of frequency or unigram probability
(B = 0.240, p < 0.001), forward predictability (8 = 0.269, p < 0.001), and pmiFP (5 = 0.223,p <
0.001). In contrast, we find a strong negative effect of semantic (3 = —0.695,p < 0.001) and
phonological distance (8 = —0.103,p < 0.001).

We analyze the effects of individual predictors by examining the goodness-of-fit of the isDistractor
model with incrementally added features. We observe that a model with pmiFP as the planning
measure provides a better fit than one with backward predictability (xy? = 800.5,p < 0.001), the
measure used in previous work. We also find that when both these predictors are included as planning
measures, backward predictability has a negligible contribution to the increase in log likelihood

(Figure|[T).
4 Model sketch

To explicate our results, we present a sketch of a model of speech production within a rate—distortion
framework, deriving an optimal probabilistic policy p,(z | ¢,) for the selection of a word x given
a communicative goal g and current state ¢, consisting of a sequence of previous words, subject to
a constraint on the policy’s usage of information about the goal g [39] 146].
Following Todorov [39]’s KL-control framework, a policy is selected to maximize an average
future-discounted value-to-go

vg(@ | ep) = Ly(x | cp) + o (vg(2 | mvcp»p;(ﬂcp)a (1)

where « € [0, 1] is a future-discount parameter, (), indicates an average over distribution p, p; (z | ¢;)
is an optimal policy, and ¢(z | ¢p) is the local value of an action x given goal g and state c¢,. The
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local value is given by the communicative value of a word z minus a control cost term which reflects
the KL divergence between the policy p, and an automatic policy py which is not conditional on the

goal g:
Lo(z | cp) = Ry(z]cp) flnw. 2)
—_——

Communicative value
Control cost

Communicative value R, is meant to signify how well the word = conveys the speaker’s intended
message to a listener. Viewed within a rate-distortion theoretic framework, maximizing the com-
municative value corresponds to minimizing the distortion subject to the rate or control cost, which
quantifies the amount of information about the goal used to determine the optimal action. Given this
setting, the policy that maximizes average value-to-go as derived by [39] is

py(@ | ep) ocexpi{lupo(z | ¢p) + Ry(2 | ¢p) + a(v(z | ¢p, 7))} ©)

We propose that the selection of the next word in speech is determined by Eq.[3] The policy predicts
that what matters for the selection of a word x is (1) predictability given past context c,, (2) the
communicative value R, of the word with respect to the current goal and state, and (3) the expected
value of words following z, a kind of planning effect.

4.1 Application to lexical substitution errors

We consider lexical substitution errors to reflect cases where there are two words (the target and the
distractor) that both receive high probability under Eq.|3| In that case, a word is likely to appear as a
distractor whenever any of the three terms inside Eq. [3|are high. We will see that these correspond to
forward predictability, semantic and phonetic distance, and pmiFP respectively.

To understand the effect of the communicative value of word x, we consider the difference in
communicative value between the distractor z and target x7, ARy, = Ry(z | ¢p) — Ry(z7 | ¢p).
This value differential AR, corresponds to a negative communicative cost for saying z instead of
7. This cost should reflect both semantic distance, because semantically similar words will share
many of their features relevant for communicative goals, and phonetic distance, because phonetically
similar words may be indistinguishable to a listener.

In order to draw out predictions from Eq. [3] we make three simplifying assumptions. First, we
assume production consists of a word x followed by a second word representing the entire future of
the utterance, cy. Second, we assume that the production of the future ¢ is deterministic given the
communicative goal, and third, that the communicative value of c; is independent of the choice of x.
Under these assumptions, the policy in Eq. [3|simplifies to

py(z | ¢p) ocexp{lnpo(z | ¢p) + ARy + alnpo(cy | ¢p,z)} )

Rewriting the probability of the future ¢y using Bayes’ Rule in terms of the probability of the current
word z given the future cy, po(z | ¢, cf), we get

T | Cp,C
py(x | cp) occexpy Inpo(x | cy) + AR, —l—alnw , %)
N————’ N—— Po (17 | C;,,)
Forward predictability ~ Distance
pmiFP

where the three terms correspond to factors that were shown to predict which words appear as
distractors in our corpus studies, including pmiFP. See Appendix [B]for full derivations. In addition,
the frequency effects that we observe may be accommodated by adding an additional control cost for
use of information about the state c,,, but we leave this modeling question to future work.

5 Conclusion

We have presented an analysis of lexical substitution errors in speech that predicts which words
surface as distractors, and shown how the results can be accommodated in a rate—distortion control
framework. The work opens the way for information-theoretic models of speech production that are
tightly linked with rate—distortion models in other fields such as neuroscience and psychophysics.
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A Appendix: Lexical substitution examples and data processing

Example of a lexical substitution within repeated material:

1 so until i see the entire quote old guard of the soviet military of the soviet government
completely roll over and disappear preferably buried i still consider them a threat

Example of utterance with multiple substitution errors preprocessed into contexts with single substi-
tution errors:

A it depends on whether you whether we figure that we have a defense oriented military or an
aggressive aggression oriented military

a it depends on whether [you/we] figure that we have a defense oriented military or an
aggression oriented military

b it depends on whether we figure that we have a defense oriented military or an [aggres-
sion/aggressive] oriented military

Examples of preprocessed XLnet inputs for estimating forward, backward, and masked probabilities:

A.3 it depends on whether <mask>
A.4 military oriented aggression an or military oriented defense a have we that figure <mask>

A.5 it depends on whether <mask> figure that we have a defense oriented military or an aggres-
sion oriented military

Code for preprocessing, calculating metrics, and analysis can be found at: InfoTheoreticDisfModel
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B Appendix: Derivation of pmiFP from the speech production model

Starting with policy of Eq.[3] we can get to Eq. [5] by assuming (1) production consists of a word
2 followed by a second word representing the entire future of the utterance, cy, (2) production of
the future c; is deterministic given the communicative goal, and (3) that the communicative value
of ¢y is independent of the choice of x. Under these assumptions, the policy in Eq. 3| The first
assumption means that we only need to consider a finite time horizon with one future action. The
second assumption means that the policy pj(c | ¢;, %) = dcc,. The third assumption means that
Ry (cy | x,¢p) is the same for all z. These assumptions represent a scenario where the speaker has
high certainty about what they will say next, and where the next part of an utterance is relatively
independent of the current part, for example at the end of a phrase or clause.

We start with the policy probability (setting o = 1 to save writing):
py(@ | ¢p) ocexp{lnpo(x | ¢p) + Ry(x | ¢p) + (v(z" | p, 7))} (©)
First, we rewrite Ry(x | ¢p) = Rg(xr | ¢p) + AR,. Because Ry(zr | ¢p) is not a function of the
action under consideration z, it can be absorbed into the normalizing constant of Eq.[3] giving
py( | cp) occexp{lnpg(z | ¢;) + ARy + (v(z" | ¢p, )} @)

Now using assumption (1), we can rewrite the policy in Eq.[3]as:

pylc| ey, )
pi(x ] ¢p) x expq Inpo(x | ¢p) + AR —<R (c]|epyz) +1In L—T= .®
9 P { P 9 g P po(c | cp, ) P2 (clep.a)

Using pj(c | ¢p, ) = dcc, for the expectation over future actions (assumption 2), we get

1
(] cp) xexpyInpo(z | cp) + AR, + Ry(cr | ¢p, ln}. 9
il ) xexp{ (e | o) + ARy + Byley | o) sk )

Because Ry(cy | ¢p, x) is invariant to 2 (assumption 3), it can be absorbed into the implicit normaliz-
ing constant of Eq.[9] giving

p;(a: | cp) o< exp{lnpo(z | ¢p) + ARy +Inpo(cy | cp, )} (10)
Now applying Bayes’ rule to the term In pg(cy | ¢p, ), and then applying logarithm rules, we get
* po(@ | cp,cp)poley | ¢p)
pr(x | ¢p) xexpInpg(z | ¢,) + AR, + In an
(ol e cesp{ (e | o) + AR, aEarn
:exp{lnpo(x | cp)+ARg+lnM+lnpo(cf | cp)} (12)
po(z | cp)

Again, the last term is invariant to x, so it can be absorbed into the normalizing constant, leaving us
with the policy considered in the main text

* po(z | cpvcf)}
z|e,) xexpsInpo(z | cy) + ARy, + In —————22 %, 13
pg( | p) p{ pO( ‘ p) g po(l‘ | Cp) 13)
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