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Abstract

Research on word production is concerned with the process of turning a thought into motor
movements that produce a word. This has traditionally been studied using two approaches, the
psycholinguistic approach and the motor speech approach, which focus on different parts of the
word production process. In this paper, I will show how highlighting the strengths of these two
approaches, as well as merging them with broader frameworks and theories of action and
cognition, can take language production research in novel directions. In doing so, I will discuss
processes that complement language production, such as how speakers assess whether production
is going smoothly (monitoring), adjust to its difficulties (control), and fix errors (repair). Each
proposal combines what we know about language production with insights from other areas of
cognition. Through these proposals, I will demonstrate the utility and necessity of a closer
integration of broader cognitive frameworks into models of word production, as an important

general direction for future research.
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Word production, monitoring, control, and repair

Introduction

The study of language production is concerned with how people turn their thoughts into speech
that is executed through motor movements. Historically, word production has been studied using
two approaches: the psycholinguistic approach and the motor speech approach!™. Generally
speaking, the focus of psycholinguistic models is mapping meaning to sound: How do speakers
retrieve an arbitrary sound pattern (e.g., /ket/) to refer to the furry pet? Motor speech models, on
the other hand, focus on mapping sound patterns (e.g., /kat/) to articulatory motor movements>*.
This difference in focus has caused the two approaches to remain largely separate. Moreover, with
the exception of motor control research, which has heavily influenced motor speech models,
neither approach has, traditionally, made close contact with more general theories of action and

cognition.

Each approach has its strengths. The main strength of the psycholinguistic approach is its broader
view of language production as a process beyond a mere motor act. The emphasis of
psycholinguistic models on semantic knowledge (i.e., concepts) as the starting point of language
production, naturally pushes these models to address key issues such as consequences of semantic
similarity (i.e., overlap in meaning) and mechanisms that select one word among related words
(how do I say cat, and not dog, when talking about the furry pet?). These issues, in turn, provide a
natural bridge to theories of cognitive control, which are concerned with the selection of a response
among competing alternatives, and theories of decision-making, which address the factors that

affect implicit or explicit selection. Motor speech models, on the other hand, have two key
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advantages over the traditional psycholinguistic models of adult language production; they view
the act of production as closely integrated with (a) monitoring and (b) learning. This close
integration of production, monitoring, and learning naturally leads to viewing the language
production system as a goal-oriented, self-organizing system, which adjusts itself to different
situations and task goals, similar to many other cognitive systems>’. By this, I do not mean to
imply that learning has never been implemented in psycholinguistic models. There are plenty of
models that use learning to explain specific phenomena®!!. However, as will be discussed in the
next section, learning and monitoring are not integral parts of the main psycholinguistic models of

word production.

My goal in the current paper is not to give a comprehensive overview of the models of word
production, which exists elsewhere!? 4, but rather to highlight what can be gained by considering
both the psycholinguistic and motor speech approaches and linking them with more general
theories of action and cognition. I will do so by focusing on mechanisms of monitoring, control,
and repair in production. Monitoring assesses whether production is on track to meet the
production goals (e.g., communicating a message). This includes catching errors that may hinder
communication. Control defines operations that help production proceed smoothly toward its
goals. Repair refers to processes that change an utterance (usually an error) to a new utterance.
The discussion of these mechanisms will, in turn, bring out the critical role of learning and decision
making in the production process. Throughout the paper, I will use the word “learning” in its
computational sense of changing the strength of connections between representations in the
production system!>. In this sense, learning is contrasted with changes to the activation of
representations without affecting the system’s connections. Note that this definition encompasses

explicit and implicit learning, and has the feature of being more resilient against the passage of
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time and interference from unrelated representations than activation-based dynamics'®!’. T will
show that the resulting view offers new perspectives on current hotly debated issues, including the
mechanisms underlying word selection and domain-generality/specificity of control processes that

regulate language production.

Computational models of word production

Figure la is an overview of the representations involved in the entire production process’.

Production starts from concepts and selects the appropriate word (lemma) to express that concept.
If the word needs to be inflected (e.g., help — helped), it is morphologically encoded and then sent
for syllabification and phonological encoding, where its abstract metric and sound structure is put
together. Next, it goes through phonetic encoding which prepares it for articulation. Figures 1b and
Ic show the rough scope of psycholinguist and motor speech models. Most psycholinguistic
models start with concepts but go no further than phonetic encoding. This is not to say that all
psycholinguistic models have all these layers; rather, to emphasize that they are rarely concerned
with articulatory processes. In contrast, motor speech models usually start with the phonological
form or its equivalent in perceptual space and cover the later stages of production. To lay out the
foundation for discussing monitoring, control, and repair processes that are the focus of this paper,
I will briefly review the main models from the psycholinguistic and motor speech traditions, as

well as one model that has attempted to merge the two.

Within the psycholinguistic tradition, mapping meaning to sound entails at least two distinct
stages' (Fig. 1b): mapping semantic knowledge (represented as semantic features) to lexical items
(i.e., lexical retrieval) and mapping lexical items to phonology (i.e., phonological encoding). The
first step can be influenced by syntactic demands'-. The second stage can continue on to phonetic

encoding but this is skipped in many psycholinguistic models'®?°. Two main computational
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models in the psycholinguistic tradition are Levelt et al. (1999)° and Dell (1986)! and their
subsequent versions (see'>!* for reviews). While the details and scopes of the two models and their
variants differ, they mostly agree on the core representations and the main stages of processing.
Importantly, both models emphasize the co-activation of related representations within each layer
of the production system (e.g., lexical item dog for the target cat; Fig. la). Modeling such
coactivation and its consequences has been one of the major strengths of the psycholinguistic
tradition and has fostered several theories including competitive/non-competitive selections and
domain-generality/specificity of cognitive control, which I will unpack in the following

8,21-25

sections . In addition, these models have been quite successful in explaining language

19,20,26,27

impairment after brain damage or aphasia , capturing the development of word production

28,29 30-33

abilities in children“®~”, and mapping language production processes onto brain regions
Finally, psycholinguistic models can accommodate different modalities of language production,
including written and typed production®**, It is worth noting that despite their similarities, the two

main psycholinguistic models differ in one key respect, namely, their assumption regarding

modularity (see Box 1).
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Figure 1. Models of word production. (a) The general architecture of language production from
meaning to sound (adopted from?). (b) The two-step interactive model'. Schematic of spreading
activation for a trial with “cat” as the target. Spreading activation to ‘“cat” and competing
representations are shown in darker and lighter shades of red, respectively. Phonologically related
word “mat” is activated through feedback, and activates its own unique segments through
feedforward connections (dynamic shown in orange). For illustrative purposes, only some
phonetic features and partial feedback are shown. (c) A simplified version of DIVA (adapted from*).

See text for model descriptions.
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Box 1. Modularity or interactivity within the language production system

Modularity!”

refers to the encapsulation of information within each stage of processing.
Psycholinguistic models agree on the multi-stage nature of word processing (Fig. 1a), but they
differ on the issue of modularity. This debate concerns two phenomena, cascading and interactivity.
In a system with cascading of activation, information from a higher layer leaks into lower layers,
before the higher-level processing has been completed. In an interactive system, information that
has cascaded to lower layers also feeds back to higher levels and influences processing in those
layers. Levelt et al.'s (1999) model® does not allow cascading or interactivity and, consequently, is
an example of a modular model, whereas Dell's (1986) ™! is a prime example of an interactive
model. Figure 1a shows principles of cascading and interactivity when the speaker successfully
produces the target “cat”. Cascading is reflected in the activation of some of the phonology of the
competing lexical items that were not ultimately selected (e.g., /d/ for dog)!”!. This is not expected
in a model without cascading, because phonological activation only starts after a lexical item has

been selected. Interactivity is shown in the activation of the lexical item “mat” through feedback

from its segments /&/ and /t/°%17%173,

Several behavioral and neural findings now support non-modular models. For example, when
participants named a picture as a couch, they were nevertheless faster at reading the following
probe "soda", which was related to the alternative label sofa, compared to an unrelated word'”!.
This finding shows cascading because to prime "soda", participants must have activated the
alternative label (sofa) down to at least its phonological representations, even though they
obviously did not select it at the lexical level. Similarly, cascading between phonemes and
articulatory-phonetic features was supported by the finding that segmental errors (e.g., /k/ — /g/)

had a voice onset time somewhere between target and error phonemes, showing that the articulated
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product was a blend of the two phonemes!’*. Interactivity has also found support in a number of
behavioral findings, including the mixed error effect!, the lexical bias effect'” cf,,!”®, and the

repeated phoneme effect!-3

. Neural data tell a similar story. Manipulating semantic similarity has
effects on later processes, up to articulation, and manipulating segmental similarity affects earlier

processes through feedback®.

Although the evidence cited above supports non-modular systems, they should not be taken as
support against distinct processing stages'’’ for two reasons. First, due to the mostly arbitrary
mapping between semantic features and sounds of words, a single-stage mapping achieved by
direct connections from individual semantic features to individual sounds is not possible. Also,
even the behavioral and neural evidence that supports cascading and feedback points to a system
that retains some modularity®>!'%4, The modularity debate is not just of abstract theoretical interest’;
it has important consequences for the application of theoretical models to new data. For example,
interpreting EEG components or fMRI activity as reflecting a specific process based on a timeline
derived from a serial (modular) model*!!”® can be problematic, because such an approach neglects
the fact that the current component/neural region is influenced by processing in layers before and

after it (see'” for a critical review of this approach and its problems).

The main model from the motor speech tradition is Guenther’s directions into velocities of
articulators (DIVA) and its later version, gradient order DIVA or GODIVA%*%37. The model is
essentially a forward model of motor control (Fig. 1¢). Forward models predict the consequences
of motor commands through internal simulations of movements*®*’. The model starts by
activating the sound of a word in the speech sound map. A speech motor command is sent to the

articulators to produce the word. Simultaneously, the perceptual consequences of this motor

9
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command are anticipated in the form of auditory and somatosensory predictions. Once the word
has been spoken, the actual perceptual auditory and somatosensory consequences are compared to
the anticipated ones. If there are any discrepancies, an error signal is generated, which is used by
an inverse model to adjust future motor movements. DIVA and its variants explain a wide range
of findings in the acoustic-articulatory part of the language production system. These include
learning to produce novel sounds and adjusting speech based on altered auditory or somatosensory
feedback, as well as disorders that affect sublexical representations, such as stuttering and apraxia
of speech*'*. Moreover, these models have allowed for a detailed neural mapping of speech

planning and execution processes to both cortical and subcortical regions**4°.

To date, no computational model has preserved the sophistication of GODIVA’s account of
articulation in a model that also addresses psycholinguistic issues, such as lexical access from
meaning, but some models have incorporated elements from both. An example is Hickok’s (2012)

1¥7. The model is similar to DIVA in assuming that

hierarchical state feedback control mode
perception controls production but changes the starting point from the speech sound map to the
psycholinguistic concept of lemma®. The lemma hierarchically activates syllables and phonemes,
each of which have their own perceptual control loops (auditory and proprioceptive, respectively).
However, unlike DIVA, the hierarchical state feedback control model does not depend on overt
consequences of action. Rather, lemma activation is hypothesized to activate both motor and
perceptual representations, with the former suppressing the latter. A correct production of the target
extinguishes the activation of the target’s perceptual representation, but an error fails to do so,
leading to the generation of an error signal. In proposing an internal check process independent of

overt perceptual feedback, the model appeals to psycholinguistic notions such as “inner speech™,

while maintaining a core assumption of motor speech theory, i.e., the reliance of the speech

10
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production system on the perceptual system. However, the model does not implement the first

stage of processing, i.e., semantic-to-lexical mapping.

As shown in this brief overview, psycholinguistic models pay much attention to the coactivation
of representations, while motor speech models highlight the interaction between perception and
production systems. In the next section, I will review how this differential emphasis can be

leveraged for monitoring and control of the language production system.
Monitoring

As noted earlier, one of the strengths of motor speech models is that monitoring and control are
integral to the production process. As seen in Fig. 1c, every act of production is accompanied by
parallel activation of sensory representations that act as a ““check” on production. Psycholinguistic
models, on the other hand, do not pose an integral monitoring mechanism. Instead, for example,
in Levelt et al.’s (1999) model, the language comprehension system is in charge of monitoring

production. This account, called the “perceptual loop™*

, 1s elegant in its assumption that the same
system used for monitoring the speech of others, is also used for monitoring one’s own speech™.
The proposal has an outer loop and an inner loop. The outer loop is simply speech comprehension,
the contribution of which to monitoring can hardly be denied; we hear ourselves all the time and
such prominent input can hardly be ignored. The nature of the inner loop has been long debated
and criticized®' 3. More recently, Roelofs (2020)°* has redefined the perceptual loop as
connections between representations in the production system and their corresponding

representations in the perceptual system. This redefinition makes the perceptual loop account more

similar to that of speech motor models.
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Monitoring production through perception works well when production and perceptual
representations are distinct. This is certainly true for the lower post-lexical aspects of production
(articulatory-phonetic representations) and perception (acoustic representations), and possibly also
for phonology?®>°. At higher layers of the production system, i.e., lemmas and higher (Fig. 1a),
there is less motivation for, and evidence of, distinct production and perceptual representations.
For example, it is unclear why there would be two sets of lemmas, one for perception and one for
production, and even less clear why there would be two sets of semantic or syntactic features>®>’.
Yet, problems can also arise in those layers. One possibility is that higher-level representations are
only monitored through the implementation of their sensory-motor representations. This would
imply that errors arising during semantic-to-lexical mapping (e.g., cat — dog) and those arising
during lexical-to-phonological mapping (e.g., cat — dat) are both detected based on the same
sensory-motor representations. However empirical evidence suggests a double dissociation in the
detection of semantic and phonological/phonetic errors, as well as distinct neural correlates for
monitoring these two error types>>>*°°. Also, EEG studies in both linguistic and non-linguistic
tasks have revealed an early negativity (too early to be compatible with sensory-motor
comparisons) in trials with a higher, compared to lower, error likelihood®*®!. It thus seems that
speakers are equipped with a mechanism to detect the likelihood of an error early on, perhaps

before it has even occurred. One way to model the early detection of errors is the conflict

monitoring account.

The conflict monitoring account>>$!6? proposes that production errors are detected by indexing the
level of conflict in the activation of competing representations. When one item is much more
activated than others, conflict is low, and so is the probability of an error (Fig. 2). Conversely,

when two or more items have comparable activation levels, conflict is high, and errors are more
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likely. Importantly, conflict monitoring can happen at any stage of production, and is not bound to
sensory-motor representations. Also, it can be easily implemented in psycholinguistic activation

models, which emphasize the coactivation of competing alternatives.

But what level of conflict should be considered “high”? Answering this question requires using a
decision-making framework. Figure 2a shows the application of signal detection theory’s (SDT)®
framework to the distribution of conflict for correct and error trials. SDT has been one of the most
influential theories in psychology. In its original form (SDT-I), it contains distributions of signal
and noise and models decisions attributing a stimulus to one of these two distributions. Imagine
being asked to detect a tone amid noise. Within SDT, your choice is affected by two parameters
(Fig. 2a). Discriminability or d’determines how separable the two distributions are. The higher the
d’, the more accurate the choice. Criterion or ¢ indicates a threshold (a point somewhere on the
distributions) your system defines to label a stimulus as signal or noise. This results in four types
of responses. If a stimulus belongs to the signal distribution and is above the criterion, it is correctly
labeled as a signal (Hit). If the same is below the criterion, it is erroneously labeled as noise (Miss).
Similarly, if a stimulus belongs to the noise distribution and is below the criterion, it is correctly
labeled as noise (Correct Rejection). If the same happens to be above the criterion, it is mistakenly

labeled as signal (False Alarm).

SDT-1I%* applies the same framework to metacognitive judgments. Now judgments are not on
external stimuli but on cognitive choices themselves. In language production, instead of
distributions of signal and noise, we have distributions of conflict for error and correct trials. D'
depends on the state of the production system and the nature of the task. Healthy mature production
systems have a high d’. Damaged (e.g., post-stroke), immature (e.g., child), or lightly trained (e.g.,
L2 speakers) systems have lower d’s>*%%%_ This usually means that correct trials in these systems

13
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are also associated with higher amounts of conflict, making the two distributions less
distinguishable. Criterion ¢ depends on task goals®. If accuracy matters, c is set conservatively
(low misses at the cost of higher false alarms). If speed and fluency matter more, c is set liberally
(low false alarms at the cost of higher misses). False alarms, although uncommon, can be observed
in individuals with aphasia as changing a correct response into an error’>®’, and in neurotypical

speakers, as disfluencies®®.

(a) (b)

1
correct [ |
i ; ; Low conflict =
1 High conflict
i =p(error)t p(error))
1
1
I: E _5 cat IX relative threshold
1 E’ ES’
b = cat| |dog 2
l S o
i dog
i
conflict = —log(|x]) time

Figure 2. The relationship between conflict and response selection. (a) Hypothetical distributions
of conflict for correct and error trials, within the signal detection framework. D' reflects how
cleanly separable the two distributions are. Criterion (c) can be put anywhere on the axis of
conflict. Shifting c to the left makes behavior more conservative (fewer misses, more false alarms),
whereas shifting c to the right makes behavior more liberal (fewer false alarms, more misses). (b)
Change in conflict over time. A high-conflict trial can turn into a low-conflict trial over time
(through spreading activation in neural networks or evidence accumulation in decision models).
Conflict is inversely related to the difference between the activation of two (or more) items (x in

the right-most figure). A competitive selection mechanism critically depends on reaching a certain
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value of x (a relative threshold). Non-competitive selection only needs an absolute threshold,

irrespective of x (green).

For selection, the decision rule is: if conflict < c, then select; otherwise, wait (until conflict gets
smaller with further spread of activation; Fig. 2b). For monitoring, the decision rule is: if conflict
< ¢, then pass as correct; otherwise, detect as an error. The selection and monitoring rules only
differ in when they apply, with selection tending to occur earlier. In an ideal world, conflict
monitoring would always operate before selection, preventing all errors. However, this could lead
to silences and pauses that speakers may wish to avoid, leading them to sometimes commit to
responding before checks are complete. This would manifest as overt errors needing detection and

repair, although the rate of overt errors remains low in healthy mature systems®.

To summarize, applying SDT rules over distributions of conflict allows us to understand selection,
monitoring, and error detection within the same framework. In a similar way, SDT can be used to
determine the parameters of error detection within other frameworks, although the nature of the
distributions depends on the information that those theories consider central to monitoring. Two
issues merit further discussion: the first issue is whether selecting the word cat depend on how
activated cat is per se, or how much more activated cat is compared to dog (Fig. 2b)? This question
is at the heart of the mechanisms of lexical selection. The second issue concerns better
computational approaches to understanding the first issue. Boxes 2 and 3 address these two points,

respectively.

[Boxes 2 and 3 about here]

Towards a more comprehensive model of monitoring
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There is an ongoing debate about which monitoring mechanism is the right one®>>*. My own view
is that language production is monitored through a combination of mechanisms. The original
perceptual loop model assumes a conscious deliberate monitoring through the comprehension
system*. Despite attempts at dialing back the role of conscious awareness in the more recent
versions of the perceptual loop™, I think the emphasis on conscious and deliberate processing is
actually a great asset of the original theory. It affords monitoring a place for taking into account
the speaker’s broader knowledge of the world. In fact, the role of deliberate monitoring extends to
monitoring the audience for signs of incomprehension and actively using world knowledge and

common ground to facilitate communication.

Complementing these conscious processes are implicit mechanisms that have the advantage of
being fast and effortless. Forward models are excellent candidates for this purpose at the sublexical
level, i.e., for the detection of phonological/phonetic errors or adjusting acoustic properties of
speech’®7*. Classic forward models like DIVA, however, monitor the overt consequences of
behavior, precluding them from detection of potential errors. Moreover, speakers can detect errors
in their silent, unarticulated inner speech, which has no overt perceptual consequences*®. In these
cases, detection mechanisms such as those proposed in the hierarchical state feedback control
model or conflict monitoring provide a better explanation. Finally, models that hinge on sensory-
motor interactions are not the best candidates for monitoring more abstract representations, while
empirical evidence shows that such representations can indeed be monitored. Conflict monitoring
proposes a solution for these cases. Note that both forward models and conflict monitoring follow
the same fundamental principle of using information to predict the outcome. As such, rather than
thought of as opposing theories, they may be better conceived of as complementing theories. Box

4 discusses these theories within the broader umbrella of the reinforcement learning theory”.
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Box 2. Is lexical selection competitive or not?

When we intend to say cat, does it matter how activated dog is? Much research has shown that
increasing semantic similarity, especially taxonomic similarity (cat/dog), between a target and its
context interferes with production (see !"!®for reviews). Many such claims hinge on results from
the picture-word interference (PWI) paradigm'®!, where participants must name a picture ignoring
a distractor word that usually appears in written form on top of the picture. PWI has been
criticized®>1®? for its many complexities such as multimodal processing that inevitably involves
other systems (e.g., reading) and the need for suppressing a prepotent response, which is not the
norm in speaking. However, semantic interference has also been robustly demonstrated in other
paradigms, such as blocked cyclic naming'®® where participants repeatedly name a small set of
items, and its more ecologically valid variant, continuous naming, where people simply name a
sequence of pictures'!'”’. For decades, such interference was taken as evidence for “competitive
lexical selection®?1*#!8 The idea is that lexical selection can only proceed after a relative
threshold, i.e., a minimum difference between the activation of target and competitor(s), has been
reached (x in Fig. 2b). Opposing this idea, some researchers showed that production can be
facilitated in semantically similar contexts, especially for thematic relations (bone/dog). This
finding was taken as evidence for “non-competitive lexical selection?>!8%18 The idea here is that
an item can be selected as soon as it passes an absolute threshold, without being affected by the

activation of competing representations (see Fig. 2b).

Three points are noteworthy regarding this debate. First, while some computational models
explicitly depend on competitive selection to explain interference and facilitation (e.g.,”* and
variations), others do not®>!'*. Importantly, the latter type relies on incremental learning

mechanisms to explain these effects®*!#+!72187 One such mechanism is error-based learning’.
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When cat is the target of production, its shared semantic features with dog also activate the word
dog. At the end of production, error-based learning mechanisms strengthen the connections
between the target (cat) and its semantic features while simultaneously weakening the connections
between the competitor (dog) and the features it shares with the target. This learning mechanism
facilitates the retrieval of cat when it next becomes the target (i.e., repetition priming'®®), but
interferes with a subsequent production of dog. A similar mechanism can explain interference in
segmentally related contexts!’>!%7. Adopting the learning account has two advantages: (a) it
explains the longevity of interference induced by contextual similarity!”!®}. Note that other
learning models that do not weaken the competitor’s connections can explain long-term priming,
but do not explain long-term interference without additional mechanisms!'®8. (b) When combined
with a more accurate representation of semantic relationships, it naturally accommodates the
seemingly disparate facilitation and interference effects induced by thematic and taxonomic
relations, respectively, which have been previously taken to imply mutually exclusive selection
rules. Specifically, combining incremental learning mechanisms with the gradual activation of
themes, captures thematic facilitation and taxonomical interference, irrespective of whether the

model’s selection rule is set to competitive or non-competitive®.

The second point worth noting is that the models that explain similarity-induced interference via
learning do not necessarily deny the existence of mechanisms that impose some degree of
competitive selection, such as lateral inhibition. In fact, given the prevalence of inhibitory

interneurons and lateral inhibition in cognitive systems!8*-19

, it would be strange to insist that the
language production system is devoid of such connections. Acknowledging lateral inhibition

naturally implies some competition in the system, which also motivates and constrains the use of

measures such as conflict (i.e., conflict is not just measured between any two arbitrary
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representations, but between those with mutual inhibitory effects). However, the existence of
lateral inhibition does not automatically endorse competitive selection accounts. It is theoretically
possible to have lateral inhibition and still select a representation before lateral inhibition has

driven down the competition below a fixed value of x (Fig. 2b), which brings me to point 3.

The third noteworthy point is that the debate assumes a dichotomy: Selection is either competitive
or not. My own view is that such a binary view is incompatible with the workings of a highly
adaptive goal-oriented system such as language production®’. I believe that the concept of a
relative threshold x is useful, but this threshold can vary to ignore or highlight competition
depending on the situation and task goals'!. For example, imagine I am talking to a friend about
the chance of rain in the afternoon, and the words "likelihood" and "probability" both come to my
mind. I would output either one quickly to keep the conversation going, knowing that the slight
difference in meaning would not alter my message. This is the equivalent of setting a low value of
x for the relative threshold. However, if I am teaching statistics and these two words come to mind,
I would pause and deliberate to make sure one is the clear winner for the concept I am about to
express. This is the equivalent of setting a high value for x. Importantly, I can change x flexibly as

my goals for speed vs. accuracy change. This is the idea of a flexible criterion®’!!,

Box 3. Beyond SDT

While SDT provides a simple and useful framework for understanding the relationship between
conflict, selection, and error detection, other kinds of decision models can also be applied to
language data and have certain advantages over SDT. An example is evidence accumulation

models (EAMs)'°%!1%3. T have dedicated a box to them here because (a) they have already been used
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to model certain aspects of language processing!'®’~1%

, SO it is important to be aware of some of
their basic features, and (b) they can be an excellent tool for examining competitive vs. non-

competitive selection mechanisms (Box 2).

Similar to SDT, they model choice based on evidence, but they also consider time, allowing
evidence to accumulate gradually. The parameters of EAMs can be estimated through the
quantitative fitting of choice-response time distributions. Similar to d’and ¢ in SDT, EAM’s drift
rate and response threshold parameters are related to the quality of evidence, and the selection
criterion, respectively. Mapped onto the lexical selection process, drift rate is akin to how quickly
and strongly lexical items gain activation from semantic features. Response threshold is set by the
selection rule. Given the close correspondence between EAM’s parameters and dynamics of
activation and selection, these models appear to be a good tool for examining the mechanisms of

lexical selection. But which model is appropriate model for this purpose?

EAMs come in many different flavors. Some, like the linear ballistic accumulator (LBA)'** and
racing diffusion model (RDM)!'?, are inherently non-competitive, i.e., evidence for one choice is
not evidence against another. In contrast, other variants such as the diffusion decision model
(DDM)'® are inherently competitive, with evidence for one choice always counting as evidence
against the other. Fully competitive models like the DDM are often limited to binary choices
(although extensions to multiple choices do exist'®”), whereas accumulator and racing diffusion
models more naturally accommodate multiple choices. At first glance, it appears that none of these
models is well-suited for addressing the issues raised in the selection debate (Box 2): being limited
to two choices is incompatible with the many linguistic choices faced by speakers, and utilizing
models that naturally accommodate more choices means committing, a priori, to non-competitive

selection.
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However, while these models are sometimes used in their simplest form, they can also be used as
building blocks for more complex models. For example, although LBA is not inherently
competitive, competition can be introduced into the model in several ways. One such way is to set
up the accumulators to represent relative information, e.g., the presence of one stimulus over

198 Another way is to build inhibitory connections between the accumulators'® (see also

another
leaky competing accumulator’?’). The resulting models can capture competition effects without
being restricted to two choices. Customized modeling of competition as inhibitory weights has an
additional advantage: the inhibition parameter (i.e., the value(s) of the inhibitory weights) can vary
freely and continuously. This continuity allows the model to go beyond a binary competitive/non-
competitive distinction, and capture graded competition effects, something that fully competitive
models like the DDM cannot do. Such an approach is well-suited for investigating mechanisms of
lexical selection and criterion setting, including the degree of competitiveness, its timeline during

the evidence accumulation process®’!, and its possible fluctuations across individuals, conditions,

and even trials.

Despite this clear promise, challenges remain in applying EAMs to language data. For example,
EAMs usually require a large amount of data to generate stable and recoverable parameters.
Moreover, assumptions such as a constant rate of evidence accumulation within a trial, often made
in the LBA, are probably too simplistic for the complex production process. Luckily, many such
issues are also of great interest to decision scientists, and new solutions are being continuously
investigated. For example, new Bayesian approaches allow for better fits and model-check routines

202

with sparser data”-, and a newer variant of LBA employs a non-stationary process of evidence

accumulation®®.
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In short, EAMs are promising models for studying a range of issues related to selection,
monitoring, and control in language production, however, their application to linguistic data can
be complicated. This challenge can be overcome by a closer collaboration between language and

decision scientists, and will likely benefit both fields.

Box 4. Reinforcement learning, conflict monitoring, and forward models

Are conflict monitoring and forward models in opposition to one another? In my mind, these are
not mutually exclusive theories. In fact, both fit quite well within a broader framework of a more
general, well-implemented, and biologically plausible theory of human behavior, the
reinforcement learning (RL) theory”®. RL’s main claim is that humans learn from the consequences
of their behavior; positive outcomes reinforce a behavior, whereas negative outcomes discourage
the behavior. This framework is naturally well-suited to monitoring, as the point of performance
monitoring is precisely to ensure that desired outcomes are reached. Hierarchical versions of RL
can include a sequence of actions to model complex tasks, e.g., cooking a meal. Such models allow
the agent to predict the final outcome from earlier stages. A model-free RL simply links actions
with rewards. In a model-based RL, some internal representation of an action is used to predict
action outcomes. Below, I will discuss how conflict monitoring and forward models of language

monitoring fit the framework of model-based hierarchical RL.

Many of the just criticisms raised against conflict monitoring take issue with “the brain as a conflict
detector”?%* (see ®'for a review). A good example of this is the debate between RL and conflict
monitoring on the role of the anterior cingulate cortex (ACC)®"2%, Both theories can explain the

ACC-generated EEG marker of error commission, the error-related negativity (ERN). Conflict
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monitoring also explains an earlier EEG signature (N2)®' observed in high-conflict trials,
regardless of their outcome, but has been criticized for not explaining a late EEG signature in
response to external feedback?”. One way to tackle this is to show that a neurobiologically
plausible computational model of RL generates a pattern that is well-aligned with the predictions

of conflict monitoring, showing that the two are not in opposition>%

. However, and much more
importantly, conflict monitoring, at least as I am using it in this paper, is fundamentally not a theory
about neural processing. Nor does it mean to replace memory and learning processes®®. It simply
proposes computations predictive of performance outcomes that are themselves products of
learning, memory, and other cognitive processes (see a similar dissociation between quantum

computation and quantum brain?’").

Insofar as conflict computations are good outcome predictors, the theory is useful. For example,
we have shown that conflict is a reliable index of a language system’s health and maturity, which
in turn predicts the probability of speech errors®*%, Naturally, if a situation is created in which
conflict is irrelevant or conversely related to performance outcomes, there is no good reason to
expect conflict monitoring to be useful, but the main point is that such situations are not the norm
in cognitive systems. Moreover, conflict monitoring is successful precisely because it presupposes
a trained internal model (e.g., semantic — lexical item — phonology — articulatory phonetics, in
case of language production), shaped systematically and hierarchically such that information in
earlier stages is predictive of the final outcome, exactly as presumed by model-based RLs.

However, the theory does not specify how such a hierarchy has come to be.

Forward models provide mechanistic explanations for how hierarchies of actions are shaped
through feedback from their sensory consequences (hence my emphasis on the integral role of

“learning” in these models). Once formed, the models predict the consequences of motor
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commands through internal simulations of movements*®°, as in model-based RL. The idea of
internal simulations of performance used as predictions is well-supported in biological
sensorimotor control*’. The key issue in applying these models to language production is
implementation. A useful model makes precise and testable predictions. This is the case for
DIVA/GODIVA, which I have discussed in some detail in this paper. Other proposals exist for
expanding the role of forward modeling to all layers of the production system?®, but this model
has been justly criticized for its ambiguity and lack of clear testable predictions*”. An
implementation of such models, if successful, would be a valuable contribution to the language

monitoring literature.

In short, conflict monitoring and forward models, as computational rather than neural theories,
both hinge on predictive processing and outcome evaluation within a task hierarchy, which is the
tenet of the hierarchical model-based RL. Opposition only arises when conflict monitoring is taken
as a core mechanism operating regardless of performance outcome, in which case, the theory loses
its sense and value. Also, note that the neural circuitry underlying reward processing in RL theories

includes regions like the medial prefrontal cortex?'’ and cerebellum?®!!

. As such, uncovering the
involvement of these regions in language monitoring is not unique support for forward models,

but is compatible with any model that works within the RL framework.

In summary, I believe that language is monitored through multiple mechanisms, including
conscious deliberate processes that adjust communication based on speaker’s world knowledge
and their goals, as well as implicit and largely subconscious processes that use a variety of
information at different stages to predict performance outcome. This multi-process monitoring
view>>7® finds support in empirical evidence, such as bimodal distribution of latencies related to

error detection’’ and distinct neural signatures for errors detected with full and partial sensory
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feedback’®. It is also compatible with computational models of error detection’”, and is aligned
with the well-known redundancies in monitoring other functions. An example is gait and posture®’.
The control of normal gait and posture taps into multiple channels of information, including
somatosensory, visual, and vestibular sensations. When deviating from the routine, e.g., walking
on rough terrain, additional processes are required for gait adjustment. These include cognitive
processes that represent the agent’s knowledge of their body and motion in space. Importantly,
certain parts of the neural circuitry underlying gait and posture control, such as the cerebellum, are
involved in all processes that control gait, similar to what has been argued in Box 4 for language
monitoring. Luckily, recent advances in the closer integration of monitoring processes with core
production processes means that attempts to merge psycholinguistic and motor speech models will
also bring together various monitoring mechanisms and nudge us closer to the implementation of

the multi-process monitoring view.

Control

Monitoring provides valuable information, but such information is only useful when it can be used
to regulate the production system. I refer to this as cognitive control or simply “control”. Generally
speaking, cognitive control refers to operations that allow humans to behave flexibly in a goal-
directed manner®!. Several taxonomies have been proposed, of which Miyake’s division of these
functions into prepotent response inhibition, task shifting, and working memory updating is
probably the most well-known®2. But this taxonomy was based on experimental tasks already
identified as tapping cognitive control, which leaves many real-life situations undefined. For
example, what about the inhibition of highly activated competitors in language production? Do we

need cognitive control to suppress “dog” when meaning to say “cat”? Is an agreement error like
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“The snake next to the brown lions are green.” due to the failure of inhibitory control? Errors
resulting from competition of a co-activated representations can be identified at all levels of
language production, and there has been a movement in the field to link them to failures of
inhibitory control ¢%3-%7 This leaves open the question: is there a single “domain-general”
inhibitory control ability underlying all tasks and domains? *2. Alternatively, control may be

specific to domain and even task 2>°>**, This is the question I will address in this section.
Is all inhibitory control the same?

Competition between the target and competitors in the language production system can create one
of two scenarios: (a) cases where the stimulus-driven (bottom-up) information is sufficient to
arrive at the correct response, and (b) cases where such information alone leads to the incorrect
response. An example of (a) is naming a picture (e.g., dog) after having named a similar picture
(e.g., cat)”® 8. Although the similarity creates interference (Box 2), the information provided by
the stimulus, i.e., the current picture, is aligned with the task goal of naming that picture. An
example of (b) is Stroop-like tasks, where a prepotent response must be suppressed in favor of a
less potent response, for example when for social reasons, one must produce a flattering word to
describe a disliked object. Here, the stimulus-driven information would lead the speaker to utter a
word that is incompatible with the task goal of being polite. Figure 3a shows an example of these
two situations, implemented within an experimental paradigm with only two items per block (e.g.,
cat/dog)®®®’. In one condition, the task goal is to name the current picture, but the similarity
between the current and the previous item creates behavioral interference (see Box 2). In another
condition, the task goal is to reverse the names of the two pictures (i.e., say cat when you see the

dog and vice versa), creating a Stroop-like effect. While both situations can trigger the monitor to
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detect an increased need for control, there are both theoretical and empirical reasons to doubt that

they recruit comparable control mechanisms.

(a) Task-dependence of control implementation

Control Monitoring

(lateral PFC) (ACC)

Lexical
representations
(MTG, ITG)

Stimuli/concepts

Contextual Stroop-like task
similarity task

(b) The traditional view of control (c) The learning view of control

Controlregion

Control region

Y
-

stimulus response

Task 2 representations stimulus response

Task 2 representations

stimulus response 5
stimulus response

Task 1 representations Task 1 representations

Figure 3. Control implementation. (a) Task-dependency of control. On the left, the task is to name
the current picture. External control (blue arrows) is optional because it will push processing in
the same direction as bottom-up information (ved arrow). On the right, the task is to use the other
label for naming the current picture. Since bottom-up information is insufficient to arrive at the
correct response external control is necessary. (b) Traditional view and (c) Learning view of

cognitive control (adapted from'®). Both accounts assume domain-generality in neural correlates
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of central control (red circles), but different mechanisms for control implementation, and therefore

different predictions regarding domain-generality in application. See text for details.

Theoretically, external control is not required to achieve the goal when bottom-up information
biases processing towards the correct response. When the goal is to name the current picture “cat”
(Fig 3a, left), spreading activation from cat’s semantic features activates the word “cat”. As the
word “cat” gains more activation, the local inhibitory link to the word “dog” suppresses the latter
(lateral inhibition). If “dog” is very active, this suppression may take some time, but has a high
likelihood of ultimately ending in the correct response. Now imagine a Stoop-like situation, where
the stimulus is the same, but the speaker’s goal is to say “dog” (Fig 3a, right). The dynamics
explained above will not achieve this goal; the speaker will end up saying “cat”, as shown in by
the red arrow. In such a case external control is required to bias processing based on the task goal®’
(blue arrow mapping the stimulus to the goal-directed lexical representation). In short, the

implementation of external control is essential for producing the correct response in one case, but

not the other, pointing to possibly distinct control mechanisms in these two situations.

In keeping with this theoretical division, behavioral evidence shows that the magnitude of
interference in the contextual similarity task is sensitive to the layer in which competition is
induced (semantic vs. phonological), but the magnitude of Stroop-like interference is not®%36%7,
This finding points to a more local inhibitory mechanism in the former than the latter case. Neural
evidence is also generally aligned with this position. Both situations activate medial PFC, such as
the anterior cingulate cortex (ACC), which is known to be involved in monitoring!?*-'% however,

lateral PFC, which is often considered to implement control in collaboration with ACC, is

consistently implicated in Stroop-like tasks, but not in tasks that manipulate contextual
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similarity!919310 Fyrther highlighting the differences in these control mechanisms are findings

of distinct electrophysiological signature for Stroop-like and similarity-induced interference®’.

In short, task demands and their relation to stimulus-driven information determine whether lateral
inhibition between local representations (e.g., middle and inferior temporal gyrus; MTG, ITG for
lexical representations®>!?7:19%) is sufficient to resolve the conflict or whether central control
(through regions such as the prefrontal cortex or PFC) is required. This distinction does not mean
that external control cannot possibly be involved in situations where bottom-up cues are sufficient.
In such cases, external control can still help facilitate faster response generation by strengthening
stimulus-response associations in such conditions’!!%~1! 'but this involvement is not necessary in
the same way as in Stroop-like tasks. The optional involvement of external control for optimizing
performance in such cases explains why PFC is sometimes implicated in tasks that manipulate
semantic similarity, and sometimes not, whereas MTG and ITG are implicated much more

Consistently103,106,108,1 12.

The discussion above showed that not all situations with high competition require external control.
But are tasks that do require external control, e.g., varieties of Stroop-like tasks, controlled by a
domain-general control mechanism? Here, I find it useful to define “domain-generality” more
carefully!!>!!*, Domain-generality can have multiple facets. Evidence suggests that processing
principles are often domain-general, as long as they are not inherently incompatible with the nature

of certain representations''’.

For example, the principle of performance adjustment after
encountering a high-conflict trial applies equally well to both linguistic and non-linguistic
domains''*!'® Neural representations can also be domain-general, in the sense that they may carry

out the same set of computations over representations in different domains. Association cortex and

certain subcortical regions have been implicated as candidates for domain-generality of control
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901197124 "The real question, however, is whether domain-generality in computations and neural

correlates translates to domain-generality in application.

Domain-generality in application assumes that because the same population of neurons is involved
in mediating control across two tasks, activating that population through increasing control
demands in one task will lead to the better implementation of control in the other task®®!%. An

extension of this account through merging it with neuroplasticity'%°

predicts that training control
using one task should improve the implementation of control in other tasks!'?’:!2®, Empirical
evidence for domain-generality in application has been mixed, with some papers claiming transfer
of control from one task to another, mostly in language comprehension!?>12"131 whereas the bulk

of studies from the cognitive control literature point to task and domain-specific control?*-%-132-138,

In short, in terms of general principles and neural correlates, cognitive control shows evidence of
domain-generality across linguistic and non-linguistic domains. However, there is an active debate
on the domain-generality of cognitive control in application. I will discuss this controversy in light

of a new theory of cognitive control, the “learning account”, in the next section.
The learning account of control

Before I explain the learning view, I will say a few words on what motivates the learning view of
control. As explained earlier, while the main psycholinguistic models of language production do
not incorporate learning as a core feature, much evidence suggests that they should. The evidence
comes from the success of smaller models in explaining various behavioral effects through
incremental learning. For example, several studies have shown that adult speakers rapidly and
implicitly learn new phonotactic and orthotactic constraints embedded in strings of nonwords that

11,55,139-142 (SCC

they recite 143 for a review). Integrating learning mechanisms into production also
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provides an elegant explanation for facilitation and interference effects of contextual

similarity®®!# as explained in Box 2. In short, a growing body of evidence suggests that
action/production and learning are inseparable. This is the idea behind the learning account of

control.

Figures 3b and 3¢ contrast the traditional and learning views of cognitive control®® 4314 Note that
both views accept the domain-generality of neural correlates of control®>!2 (red circles). However,
they make opposite predictions regarding domain-generality in application. The traditional account
assumes that the key element of control is the activation of the control region. Once activated
through any task, this activation benefits the current task, but since it is separate from the task
itself, it can also benefit any other task, regardless of the overlap between the two tasks'**!3!. In
contrast, the learning view posits that the key element in control implementation is the
strengthening of the connections between the control center and task-specific representations.
Since these connections are, by definition, task-specific (Fig. 3c, red connections), no benefit is
expected for a new task. If anything, certain learning rules, such as error-based learning could even
predict a disadvantage for the new task (i.e., reverse adaptation)?, as its connections to the control

region could get weaker according to such learning rules (see Box 2 for a parallel explanation of

similarity-induced interference).

The learning account, similar to the traditional account, predicts within-task adaptation. This
means that increased control demand in the current trial increases control implementation in the
subsequent trials of the same task''®. But the learning account makes two unique predictions: (a)
since learning is, by definition, long-lasting, within-task adaptation should be resilient against the
passage of time and intervening trials. (b) Recruitment of control for one task should lead to null

or reverse cross-task adaptation in a different task. Both findings have empirical support in the
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199,147,148

cognitive control literature in genera and in language production, in specific?>!¥. It is

worth noting that small positive cross-task adaptations!3%!13!

are not incompatible with the learning
account, especially if mechanisms such as Hebbian learning are considered: at the end of a
successful trial, all active mappings are reinforced. Therefore, if both sets of stimulus-response
mappings across the two tasks and their connections to the control center are simultaneously
activated, there is a possibility to observe small positive effects. However, this effect is expected
to be inconsistent and weak, as it is usually not possible to keep the mappings of one task fully

active while performing another task, hence the ubiquity of switch costs!.

To summarize, the learning account of cognitive control is both theoretically motivated and well-
supported by two critical aspects of data on adaptation, its longevity and its largely domain and
task-specific nature. This accounts maintains that, in terms of functional application, control is
largely domain-specific. This position is incompatible with brain training programs, which aim to
improve a cognitive function (e.g., language after stroke) through training working memory and

cognitive control in the context of different tasks and domains!!>1!,

Repair

A repair refers to the replacement of one response with another, e.g., “Please pass me the salt... |
mean the pepper.”. Compared to other aspects of language production, repair processes have
received little attention, cf. ®*77:152_ The little empirical research that exists on the topic shows three
key properties: (1) At least some repairs can be extremely fast, with as little as 0 ms between
stopping the production of the error and initiating the repair!>*!3%, (2) Repairs are seen in children
as young as 2 years of age who are unable to consciously explain whether and why there was a
repair'>>13® Even in adults, repairs are not always accompanied by conscious awareness'>’. (3)

Repairs do not seem to depend on accessing, or even recognizing, the correct target. For example,
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a speaker may repair one error with another error, showing that access to the correct target is not
necessary for repairs. Even more interestingly, when the correct target is part of the repair, it may
go unrecognized as the target. For example, in an attempt to name the picture of an “orange”, an
individual with aphasia produced a string of responses “apple, pineapple, pumpkin, orange,
pineapple, peach?”, not realizing that the correct target has been produced . In short, repairs can

be very fast, and largely independent of a conscious comparison with a correct target.

The mechanisms underlying linguistic repairs have remained largely obscured. Given the close
link between monitoring and repair, it is reasonable to expect that repairs reflect some properties
of monitoring. For example, it has been shown that error detection follows a bimodal distribution,
most likely reflecting the workings of internal vs. external monitoring mechanisms.
Correspondingly, repairs also show an early and a late distribution”’. Moreover, as discussed in the
multi-process monitoring view, certain mechanisms are better suited for detecting certain types of
errors, causing differences in detection and repair of semantic and phonological/phonetic
errors>>>>". But my goal in this section is to focus on a more fundamental issue: where do repairs

come from and how do they replace the error?

I will first propose a basic account that captures these properties. I will then augment this basic
account with a conflict-based monitoring-control loop!>®, to propose an adaptive model of repairs
that captures more elaborate findings. The current proposal focuses on lexical repairs (replacing
one word with another word), but its general principles can be readily extended to cover other

types of linguistic repairs as well.

The basic repair model
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An important debate about the nature of the repair process is whether, upon the detection of an

h!3%1%0 or is continued in some fashion without

error, the production process is started from scratc
a restart %132 The latter position is desirable for a number of reasons; it is more easily reconciled
with the very fast timeline of some repairs, it is cognitively less demanding, and most importantly,
it is compatible with the natural consequences of language production, i.e., the co-activation of
target and competitors. As such, a basic repair model can easily harness the basic dynamics of a
model of language production. Here, I propose a basic model of repair as a time-based variant'®!
of the Foygel and Dell’s (2000) model'®. In this time-based variant, activation dynamics are closer
to evidence accumulation models (Box 3), i.e., they start from zero and grow over time with
spreading activation, allowing for a more accurate representation of changes over time. Two ideas
are behind the basic model. The first is the notion that conflict is generally higher in error vs.
correct trials, discussed earlier in the Monitoring section. The second is the notion of continued
processing past the point of response®"!®2, The basic repair model works by a simple respond-c&-
check mechanism. At time ¢, a response is made by selecting the most active representation, but
processing continues a little longer, up to time ¢+/, when the system makes a second selection by
the same rule. If the selected item matches the original selection, nothing is changed. If it does not,
the second selection replaces the first one (an additional utility of post-processing is determining

confidence in response'®?).

Figure 4a shows this process. On correct trials (the majority of trials), conflict is consistently low
throughout the trial (left panel), therefore, the selected item at the times of response and check is
often the same (correct) response, leading to high confidence and no change. On error trials,
conflict is, on average, higher. If a response is selected before the system has had time to resolve

the conflict, the first selection may be an error (right panel). However, time often resolves conflict

34



749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

il

in favor of the correct response (see also Fig. 2b), making the second selection the correct response.
Repairs implemented through the respond-&-check process can be fast, because the repair has
been processed all along!>2. They are also largely subconscious, because the check mechanism is
the same implicit activation-based mechanism used for selection. Finally, they are independent of
a standard correct response. For example, if the competition is between two or more
representations, any one of them can get selected during the check process, regardless of its
correctness, allowing the model to explain false alarms of the kind observed in individuals with

aphasia, including the example given earlier in this section (see also >2).
The adaptive repair model

The basic model thus accounts for the three main properties of repairs; it is fast, it does not require
conscious processing or a correct target. However, it has no mechanism to adapt to difficult
situations. Current findings suggest that when the probability of an error increases, so does the
probability of a repair’*®. This finding has the same flavor as within-task adaptation, discussed in
the Control section. I will thus tackle this problem by situating the basic repair model in a
monitoring-control loop triggered by conflict (see also Gauvin & Hartsuiker, 2020, for a similar
proposal)!*®161 Figure 4b shows this adaptive model. The input activates the semantic features,
and subsequently, lexical representations, where the respond-&-check mechanism is implemented.
Conflict is continuously monitored at this level, providing the system with an average of conflict
over all trials, weighted more heavily towards the most recent trial(s). If the average conflict
around the time of the first selection (response) surpasses a certain threshold, control is recruited
to boost the correct semantic-lexical mapping for the second selection (check). The higher the
conflict level, the larger the boost. This results in a higher proportion of repairs in more error-prone

situations, compatible with the empirical findings'®!.
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To recap, the adaptive repair model harnesses the basic dynamics of psycholinguistic models,
combines it with conflict-based monitoring and control, and uses insights from the decision-
making literature on threshold setting and post-response processing. This allows the model to
explain the three basic properties of repairs mentioned earlier. Moreover, the model implements
the notion of learning by computing a weighted average of conflict over many trials to be used as
the regulating signal. This allows the model to explain the increase in repair rates in the face or
higher error rates. Moreover, the learning mechanism can accommodate both sustained control, as
well as trial by trial, fluctuation in control needs'®*. I must note that this proposal is quite new, and
thus open for testing. Future studies and empirical data will determine how well this model will
fare and what needs to be changed. Also, I hope that this proposal inspires alternative proposals

that may fare even better than the current model.

(a) The respond-&-check mechanism in the basic repair model

Correct trial ——Target = — Competitor Error trial

Response Response

Activation
Activation

(b) The adaptive repair model
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Figure 4. The repair model changing the error “dog” to the correct response “cat”. (a) The
respond-&-check mechanism in the basic model for a correct trial (left) and an error trial (right).
Reselection of the response in the former leads to high confidence and no additional action. In the
latter, the changed outcome of selection triggers the replacement of the prior response with a
repair. (b) The adaptive repair model. The basic repair process of respond-&-check is situated
within a monitoring and control loop triggered by a weighted average of conflict. Red indicates

greater activation than orange.

Is there an “ideal” model?

Throughout the paper, I have discussed the differences between psycholinguistic and motor speech
models, and how these differences bear on how language production is monitored and regulated.
In this final section, I will tackle the question of "an ideal" model. Is an ideal model a "mega-
model" that combines the models from the two traditions? As Geroge Box famously said, “All
models are wrong, but some are useful.”. Therefore, the question of an ideal model may be better
phrased as the question of a useful model. Many of the existing models are useful for understanding
a target phenomenon. For example, if the purpose is to test whether non-competitive selection is
compatible with behavioral interference, a simple model with basic representations and an error-
based learning mechanism does the job’. However, if the purpose is to explain both taxonomically-
induced interference and thematically-induced facilitation within the same system, then the model
needs to have a more sophisticated representation of the semantic space®. More complex models
explain more data but are also harder to implement and understand. Therefore, a "mega-model" is

only motivated if one really needs to model the whole production chain from beginning to end.
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On the one hand, behavioral and neural data, as well as computational implementations, have
pointed to a globally modular, locally interactive system®>!%*. This means that cascading and
feedback affect the adjacent layers much more than distant layers. If so, we may not need a mega-
model. For example, perhaps going up to the lexical level could be perfectly sufficient for
modeling articulatory processes. On the other hand, some aspects of production will be left out by
this approach. For instance, focused elements in linguistic messages tend to be acoustically
prominent'®. This finding links semantic representations to articulatory ones at the two ends of
the production system. A model with a narrower scope will simply miss some of the relevant
representations or must speculate on how processing takes place among those representations.
More generally, if we are to understand the regulation of the language production system through
hierarchical model-based RL theory (Box 4), we must train models that map the entire process.
This approach is critical for assessing whether such a framework applies to a highly generative
system like language production. Moreover, it allows us to better understand the kinds of

information used in earlier stages to assess a final outcome'®.

In short, I believe some principles like cascading of activation, interactivity, co-activation of
similar representations, speaker’s goals especially in terms of emphasis on speed vs. accuracy, and
implicit learning must always be considered when modeling a certain linguistic phenomenon. On
the other hand, the scope of model’s representations depends on the purpose of modeling. For

certain claims to be verifiable, a mega-model is indeed necessary.
Conclusion

My goal in this paper was to combine insights from different traditions of language production
research, as well as advances in other fields of cognition, to propose new directions for research

on word production. I will summarize the conclusions in four points, together with their potential
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contribution to future directions. The first two points are focused on specific mechanisms. The last

two points are broader takeaways.

1. A multi-process monitoring view. Motor speech and psycholinguistic traditions differ in some
of the mechanisms they propose for monitoring and control of language production. These
differences do not necessarily hint at a problem with one approach or the other. Rather, they likely
reflect important differences in the nature of representations that are the focus of each tradition.
Therefore, instead of choosing the “right” monitoring mechanism, a more fruitful approach could
be to view monitoring as a multi-mechanism process. Embracing the multi-process monitoring
view shifts the focus of future research to important open questions, such as the relative
contribution of various mechanisms to monitoring different aspects of language production, the
kind of information used for monitoring at different stages of processing, and better ways of

leveraging the complementary role of these mechanisms for rehabilitation after brain damage.

2. A repair mechanism embedded in the monitoring-control loop. The adaptive repair model,
proposed here, takes the idea of continued processing past the selection point and embeds it within
the same conflict-driven monitoring-control loop that controls the primary production process.
This account is parsimonious, because control is always applied the same way, but depending on
how quickly it takes effect it may either prevent an error or facilitate a repair. This model, however,
1s in its nascency. Many issues remain open to investigation such as the timeline of conflict
monitoring during a trial, as well as the correct functions for weighting the recency of conflict and

scaling of control.

3. Learning and production as one. For reasons stated in this paper, I believe that learning plays
a critical role in correctly understanding a range of behavioral findings from rapid adjustment to

new constraints to facilitatory and inhibitory effects of contextual similarity, to control and repair
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processes. Fortunately, psycholinguistic models lend themselves well to the integration of learning
mechanisms such as error-based and Hebbian learning. Future work should consider the power of
learning accounts in explaining new phenomena, even when such phenomena seem to have little

to do with learning in its pedagogical sense.

The implementation of learning mechanisms should not be restricted to the inner workings of the
language production system, but should also extend to its interactions with other systems. A
broader picture is emerging in the cognitive control literature pointing to the tight link between
action and learning. An example is the learning view of cognitive control®*!*146 This view
predicts that domain-generality in the neural underpinnings of control actually leads to domain-
specificity in the application of control, and is supported by evidence from both language
production and non-linguistic tasks. Embracing this view and its application to language
production is an excellent step towards answering more nuanced questions, such as how the

parameters of such learning are set in different populations and under different circumstances.

4. Language production studied within a decision-making framework. Much of the discussion
in the current paper draws on principles and mechanisms from fields of cognition other than
language. I have shown how applying SDT to distributions of conflict for correct and error
responses can introduce useful concepts such as criterion setting into debates of selection and
monitoring. This framework can also be applied to information used by other accounts. Other
decision making models have also been used and have advantages over SDT'¢7:1%8, But there are
also challenges in applying such models to the complex, non-linear process of word production'®
(Box 3). Resolving these challenges is only possible with a closer collaboration between language

and decision scientists, but it is an effort with a high payoff for both fields.
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