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Our understanding of the neurofunctional mechanisms of speech production and

their pathologies is still incomplete. In this paper, a comprehensive model of speech

production based on the Neural Engineering Framework (NEF) is presented. This model

is able to activate sensorimotor plans based on cognitive-functional processes (i.e.,

generation of the intention of an utterance, selection of words and syntactic frames,

generation of the phonological form and motor plan; feedforward mechanism). Since the

generation of different states of the utterance are tied to different levels in the speech

production hierarchy, it is shown that different forms of speech errors as well as speech

disorders can arise at different levels in the production hierarchy or are linked to different

levels and different modules in the speech production model. In addition, the influence of

the inner feedback mechanisms on normal as well as on disordered speech is examined

in terms of the model. The model uses a small number of core concepts provided by

the NEF, and we show that these are sufficient to create this neurobiologically detailed

model of the complex process of speech production in a manner that is, we believe,

clear, efficient, and understandable.

Keywords: neurocomputational model, computer simulation, speech processing, speech disorders, aphasia,

hierarchical sequencing, neural engineering framework (NEF), semantic pointer architecture (SPA)

INTRODUCTION

This paper provides an overview of the neurolinguistic part of speech production, from initiation
through formulation to implementation of the cognitive specification of an utterance in a
phonological form (Levelt, 1989; Levelt et al., 1999; Indefrey and Levelt, 2004). First, the intention,
the message, or the amount of information that the speaker wants to pass on to a communication
partner is activated (i.e., a preverbal message). This information corresponds to a selection of
semantic concepts (e.g., “boy, dog, hunting”) and a concept frame (e.g., “action, action executor,
action object”). As part of the formulation, the language-specific knowledge repository (i.e., the
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FIGURE 7 | Decoded neural information in the neural state buffers of different model levels on the perception and production side. For the description of the individual

buffers see Figure 2. The process scenario up to 750ms is a picture naming task (target word here: “snake”). After 750ms, the test supervisor provides an additional

phonological cue via the auditory channel [“(the target word begins with) /snE/”]. In this simulation example, this cue leads to the full activation of the correct word at

the motor plan level.
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FIGURE 8 | Decoded neural information in the neural state buffers of different model levels on the perception and production side. For a description of the individual

buffers, see Figure 2. The process scenario is the picture naming task (target word here: “duck”). After 750ms, the test supervisor provides an additional semantic

cue via the auditory channel [“(the target word belongs to the group of) birds”]. In this example simulation, this leads to the activation of the correct word.

Frontiers in Computational Neuroscience | www.frontiersin.org 18 November 2020 | Volume 14 | Article 573554

https://www.frontiersin.org/journals/computational-neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/computational-neuroscience#articles


Kröger et al. Hierarchical Sequencing in Speech Modeling

activated, then it becomes fully activated with respect to the later
occurring cues.

The adjustment experiment showed that a damping of the
neural association between the concept and lemma state buffers
by approximately one third is sufficient to meet the precondition
of a partly disturbed lexical call. The target word is “on the tip of
the speaker’s tongue,” but the speaker cannot access it completely
during picture naming.

As a result of the occurrence of a phonological cue (/snE/ in
Figure 7) or of a semantic cue (“bird” in Figure 8) offered by the
test supervisor, the correct target word is activated at the motor
plan level in the time period from 750 to 1,500ms (see: M_prod
buffer in Figures 7, 8).

The aim of this simulation experiment is to evaluate the
influence of phonological and semantic cues. Indirectly, this
simulation experiment is also used to check the S-pointer
networks on the concept level and on the level of the phonological
forms within the mental lexicon. These networks realize the
relations between the S-pointers occurring at these levels and
thus determine the similarity relations between concepts or
between phonological forms.

Based on the example simulations shown in Figures 7, 8,
the activation of the selected word on the lemma level (i.e., an
activation of not more than 70% of normal state activation),
which was initially too low and leads to no or only very low
activation at the motor plan level, is ultimately strengthened
now at the motor plan level as a result of the cues provided.
The phonological S-pointer network is designed in such a way
that, for example, all words that begin with the sound sequence
/snE/ have a common similarity relationship (here: the words
“snake,” “snail,” and “snack” for Figure 7, see also Table 1). The
same applies at the semantic level to all concepts that can be
summarized under the same generic term (e.g., under the generic
or superordinate term “bird;” here: “duck,” “dove,” and “raven,”
for Figure 8, see also Table 1). The construction of an S-pointer
network for the phonological form and for the motor plan
level inventory used in these simulation experiments (Table 1) is
described in detail in Kröger et al. (2016b).

In both cases shown above for phonological and semantic
cures, no direct coupling from the perception channel to the
production channel was used at the phonological level. In the
two examples given above, the processing of the phonological
cue is initially carried out via the large processing loop and
thus via the concept level. According to Figure 7, this leads
to the situation that, based on the phonological cue, all words
beginning with /snE/ (“snake,” “snail,” and “snack”) are ultimately
activated within the perception channel and then passed on via
the concept level toward the production channel. This ultimately
strengthens the activation of the target word “snake” in the
period after 750ms on the phonological level as well as on the
motor plan level of the production side. Thus, a phonological
cue is also successful via the detour of a lexical processing for all
phonologically similar words.

However, a simpler processing route for phonological cues
is also conceivable, namely the non-lexical route of the direct
connection from the perceptual to the production side at the
phonological level (P_perc -> P_prod), which has already been

discussed in simulation experiment 1. In order to be able to
evaluate the influence of this shortcut, a version of the model
with that shortcut from the perception to the production side
at the phonological level is implemented (simulation example in
Figure 9) as well.

It can be seen in Figure 9 from the activation pattern in
the phonological state buffer of the production channel that
the activation of the word “apple” increases slightly here after
750ms. While the mean activation before this point in time was
∼60–75% of the standard activity, it now increases slightly due
to the co-activation of the phonetic form of the word “apple”
in the phonological state buffer on the perception side, which
helps to increase the activity in the phonological state buffer
on the production side to about 90%. While this increase on
the phonological level is only very slight, there is a significant
increase in the neuronal activation for the target word at the
motor plan level (from ∼800ms; Figure 9). It therefore only
takes a small impulse, here through the phonological cue,
to actually trigger the production of the weakly pre-activated
target word.

This third simulation experiment thus consists of three
subsets of simulations. (i) Picture naming (18 target words) with
phonological cues—model without shortcuts at the phonological
level; (ii) Picture naming (18 target words) with phonological
cues—model with shortcuts at the phonological level; (iii) Picture
naming (18 target words) with semantic cues—model without
shortcuts at the phonological level. The simulations for all 18
target words were done three times for each of the three subtests,
because the target words are sometimes already fully activated
on the motor plan level in the initial time range of the picture
naming part of the simulation task. A total of 3 × 18 × 3 =

162 simulations were carried out. The phonological cues are also
listed in Table 1 for each target word. The semantic cues are the
generic or superordinate terms, which are also listed in Table 1.

RESULTS

Experiment 1
The simulation results from experiment 1 can be categorized as
follows: (i) The picture naming task is successfully completed
by the model if the activation of the correct target word in
the motor plan buffer is at least 70% of the normal activation
(see Figure 2) after the point in simulation time of 300ms; (ii)
The word comprehension task is successfully completed by the
model if the activation of the target word in the concept state
buffer of the perception channel during the time interval between
150 and 300ms simulation time is at least 70% of the normal
activation, or if the activation of the word characterizing the
generic term in the concept buffer of the production channel
in the time interval 200–300ms is at least 70% of normal
activation. Since this is a word comprehension task, the full
activation of one of the two words at the concept level is
sufficient and therefore a verbal realization. In other words, a
high activation of the target or word or of the superordinate
on all levels within the production channel, is not necessary.
(iii) The repetition task is successfully completed by the model
if the activation of the target word in the motor plan state
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FIGURE 9 | Decoded neural information in the neural state buffers at different model levels on the perception and production side. For the description of the individual

state buffers, see Figure 2. The process scenario is a picture naming task (target word “apple”) plus phonological cue (/Ep/) comparable to Figure 7. In contrast to

the simulations shown in Figures 7, 8, a model version was chosen here that directly connects the perception to the production side at the phonological level of the

model (shortcut P_perc -> P_prod).
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buffer after the point in time of 300ms simulation time is at
least 70% of the standard activation. The simulation results
were evaluated for each simulation run using the generated
plots of S-pointer activations within the appropriate state buffers
(see Figures 2–4). The results are summarized in Figure 10.
The degree of neuronal dysfunction is given as percentage (0%
means no dysfunction and no ablation of neurons, while 100%
means all neurons of the corresponding buffer or memory
are ablated).

Six different types of neural dysfunctions are simulated:
Broca or Wernicke aphasia: dysfunction of the phonological
state memory on the production or on the perception side;
transcortical motor or transcortical sensory aphasia: dysfunction
of the associative memory between the lemma and concept
memory in the production or perception channel;mixed aphasia:
dysfunction of the neuronal associations between the lemma and
word levels in both the perception and production channels;
conduction aphasia: dysfunction of the neuronal association
between the phonological state buffers from the perception to the
production side. These dysfunctions are simulated by ablating a
certain percentage of the neurons in certain buffers or associative
memories in the model. The percentage of ablated neurons varies
between 0 and 100%.

It can be seen that in all six cases of different neural
dysfunctions, the performance of the simulation drops from
100% (all 18 target words correctly recognized) to 0% (none
of the target words was correctly recognized for specific tasks;
Figure 10). In the case of Broca aphasia, the production side
reacts. At 20–30% ablation of the affected buffer an abrupt
decrease in the test performance occurs for the picture naming
task, and in the case of 50–60% ablation of the affected buffer
an abrupt decrease in test performance occurs for the repetition
task. Word recognition remains intact. In the case of Wernicke’s
aphasia, the perception side changes. Word comprehension and
repetition show an abrupt decrease in test performance in the
range of 20–40% of the ablation of the affected buffer. The picture
naming task is not affected here.

In the case of transcortical motor aphasia, we can find a
continuous decrease in test performance over the entire range
of ablation from 0 to 100% for the task of picture naming
(production). Word comprehension and word repetition remain
untouched. In the case of transcortical sensory aphasia, a
continuous decrease in test performance can be seen over the
entire range of ablation from 0 to 100% for word understanding.
Picture naming and repetition remain unaffected. In the case
of mixed aphasia we find of a continuous decrease in test
performance over the entire range of ablation from 0 to 100%
for the tasks of picture naming and word comprehension. Word
repetition remains untouched.

In the case of conduction aphasia, the test performance
for repetition drops abruptly at 35–45% ablation for the
appropriate neural connections between P_perc and P_prod.
Word comprehension and picture naming are not affected by
this neural dysfunction. However, since we have “uncoupled”
the mental lexicon for the implementation of this repetition
task, so that the 18 target words in this test series do not result
in any neural activation at the lemma or concept levels, the

test performance of the remaining two tasks (production and
comprehension) is always zero in this simulation experiment.

In summary, it can be seen that in the event of a disruption
of neural associations, which are realized by ablating associative
memories, the test performance is reduced relatively slowly and
continuously during the increase of strength to the neuronal
dysfunctions, while the test performance in the case of the
dysfunction of a particular state memory occurs abruptly in a
small range of ablation values. In other words, while associative
memories are relatively robust with regard to neural ablation,
this is not the case for state buffers. State buffers implement
neural activations of a currently active S-pointer by activating
specific sets of neurons within the state buffer. The associated
neuronal activation patterns can only be assigned to certain states
(certain S-pointers) if only a small percentage of the neurons in
this memory are ablated. In the case of association memories,
however, the ablation of a certain percentage of neurons only
leads to a reduction of the corresponding neuronal activation
patterns being passed, i.e., to a signal damping, while the activated
S-pointers are passed correctly. The degree of attenuation of
the transmitted neuronal signal corresponds approximately to
the percentage of ablated neurons within the corresponding
associative memory.

Experiment 2
In the picture naming task with distractor words, a total of two
different model variants are tested: (model type 1) To initiate
the HALT signal in the control module, both the differences
between the type of neural activation of the perception and
production side on the phonological level (P_prod/P_perc) as
well as at the concept level (C_prod/C_perc) are evaluated by the
control module. (model type 2) To initiate the HALT signal in the
control module, only the difference between the type of neural
activation of the perception and production side is evaluated on
the phonological level (P_prod/P_perc). The simulations for each
of the 18 target words were implemented with four different
types of distractor words and three runs were simulated for
each model variant and each target word. The total number of
simulations is thus 2× 3× 4× 18= 432. The simulation results
are given in Table 2 for these four different types of distractor
words (semantically or phonologically similar to the target word,
semantically and phonologically similar to the target word, and
semantically and phonologically dissimilar to the target word).
To evaluate the simulation results, it is assumed that halting or
stopping word production before the start of articulation only
takes place if the HALT signal appears strong in amplitude and
not later than 40ms after the starting of the word activation on
the motor plan level (see Figures 5, 6).

It is striking that dissimilar distractor words are most likely
to activate an early HALT signal and thus stop word production.
In addition, it can be seen that semantic similarity between
target word and distractor word also enables word production
to be stopped, while phonetically similar words implement word
production in far fewer cases. In addition, it can be seen that
the evaluation of the discrepancy of the stimuli between the
perception and production side on the phonological level is
already very effective for dissimilar as well as for semantic similar
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FIGURE 10 | Number of correctly implemented target words (maximum value is 18) as a function of the degree of neural dysfunction for the appropriate state buffer or

associative memory perturbed by the speech disorder for three different tasks [picture naming (i.e., production); word comprehension and word repetition] for six

different neuronal dysfunctions (Broca, Wernicke, transcortical motor, transcortical sensory, mixed and conduction aphasia). In the case of conduction aphasia, the

percentage of neuronal dysfunction corresponds directly to the percentage of weakening the appropriate neuronal connections between P_perc and P_prod, since

both memories (P_prod and P_perc) use the same S-pointer activation pattern and therefore no associative memory has to be interposed, but a direct neuronal

association is possible. In the case of neuronal dysfunction of a buffer or associative memory, the percentage indicates the percentage of ablated neurons within that

buffer or memory.

TABLE 2 | Number of triggered stops (HALT signal) in a picture naming task as a function of two different model variants and as a function of the type of distractor word.

Type of model Type of

distractor word

Number of stops

(test series 1)

Number of stops

(test series 2)

Number of stops

(test series 3)

Number of stops

(sum)

Number of simul.

Without stop (sum)

1 Semantic similar 1 2 0 3 51

1 Phonological

similar

10 10 9 29 25

1 Sem + phono

similar

1 1 0 2 52

1 Dissimilar 17 18 15 50 4

2 Semantic similar 15 15 16 46 8

2 Phonolgical similar 2 2 2 6 48

2 Sem + phono

similar

0 1 1 2 52

2 Dissimilar 17 14 13 44 10

The maximum number of simulations per test series is 18. With a number of stops = 1, no stop is realized in 17 out of 18 simulation cases. The total number of simulations per table

row is 54.

distractor words.When including the evaluation of the activation
difference within the model buffers at the concept level (model
type 2), the simulation results only change with regard to the
generation of the HALT signal in case of semantically similarity
between target and distractor words.

In this experiment, speech errors occur in the form of
two different words being activated in quick succession (time
intervals of not more distance than 50ms) at the motor plan

level (Figure 11). In the case shown in Figure 11, the target word
“peanut” is activated on the motor plan level in the time interval
250–320ms, while the distractor word “pecan” is activated in
the time interval 320–380ms. In total, such a situation occurs
in four out of the 432 simulation cases. In two cases, only a
semantically similar distractor word is activated. In another two
cases, a semantically and phonologically similar distractor word
is activated.
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FIGURE 11 | Decoded neural information in the neural state buffers on different model levels on the perception and production side. For a description of the individual

state buffers, see Figure 2. The process scenario is a picture naming task (target word here: “peanut”) with an acoustically interspersed word (here: phonologically

(Continued)
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FIGURE 11 | and semantically similar word: “pecan”). See text for further explanations of this rarely occurring case. In order to give the reader an impression how the

association of trajectories and S-pointer names is realized, we here included the labels, automatically generated by the simulation software. (These labels were deleted

in Figures 2–9).

TABLE 3 | Number of correct target word activation in a picture naming task with phonological or semantic cues before/after occurrence of the cues.

Number of test

series: type of

model and type

of cue

Number of target

word activation

before/after cue

(test-series 1)

Number of target

word activation

before/after cue

(test-series 1)

Number of target

word activation

before/after cue

(test-series 1)

Number of

correct target

word activation

before cue (sum)

Number of

correct target

word activation

after cue (sum)

Number of

activation of

incorrect target

words (sum)

1: L-route, phono 8/5 6/6 10/3 24 14 16

2: shortcut, phono 4/6 2/10 8/4 14 20 20

3: L-route,

semantic

6/7 4/5 4/4 14 16 24

The maximum number of simulations per test series is 18. With a number of correct target word activation of 6, correct target word activation was not achieved in 12 out of 18 simulation

cases. The total number of simulations per table row is 54. A distinction is made in this table regarding whether a target word is already correctly and completely activated in the

motor plan state buffer before cues are given, i.e., within the first 750ms of the simulation time, or whether the target word was only correctly activated after occurrence of cues. “L

route” is model type “lexical route” without short-circuit at the phonological level; “Shortcut”: model type with decoupled mental lexicon, but with short-circuit of the state buffers at the

phonological level P_perc -> P_prod.

Experiment 3
This simulation experiment comprises three sub-groups of
simulations: Picture naming (18 target words) with additional
phonological cues (i) without short-circuiting the state memories
at the phonological level (lexical route) or (ii) with short-
circuiting the state memories at the phonological level and (iii)
picture naming (18 target words) with additional semantic cues
(model type: no short circuit on the phonological level). The 18
picture naming tasks with additional cues per sub-group were
simulated three times for each of the three sub-groups. The
results of the total of 3 × 54 = 162 simulations are summarized
in Table 3.

In total, wrong words (speech errors) are realized in three
of 162 simulation runs. One speech error occurs in the case
of phonological cues in the lexical route model. Here the
phonological cue leads to a correction of the production toward
the correct target word. Two other speech errors occur in the case
of simulation runs using semantic cues, whereby in one case the
help is then used to implement the cue word itself and in the other
case a phonologically similar form is generated first, but then the
correct target word is still activated with help of the semantic cue.

As an example, the simulation of the error in the last
simulation run described above is presented in Figure 12. Due
to the insufficient activation of the target word at the lemma
level within the production channel, the word “flea,” which is
phonologically and semantically similar to the target word “fly,”
is activated here from ∼350ms. Due to the latter semantic cue,
the correct target word is then realized starting with its activation
at 1,700ms in the motor plan buffer.

DISCUSSION AND OUTLOOK

We have implemented a biologically inspired computational
model of speech production that is able to simulate both
non-disturbed and disturbed speech. The model is structured

hierarchically and the neural feedforward activations from the
cognitive level to the motor level of speech production are
influenced by several feedback mechanisms.

Five main results of this study can be noted:

(i) Neural dysfunctions can be implemented to model certain
types of speech disorders. In this paper, six different
types of aphasia were modeled. The simulations indicate
decreasing speech performance with increasing severity
of neural dysfunction. Our simulation results are in line
with behavioral data and with the data generated in other
simulation studies (cf. Roelofs, 2014). One specific result
of experiment 1 is that associative memories are relatively
robust with regard to neural ablation, while this is not
the case for state buffers. Associative memories are mainly
impaired in the transcortical motor area and the transcortical
sensory area in the mixed type of aphasia, while state
buffers are mainly impaired in Broca’s, Wernicke’s, and
in conduction aphasia. This finding can only be seen
in modeling studies and cannot be replicated easily by
behavioral experimental studies because the severity of
different types of aphasia is mainly clustered (Kang et al.,
2010). Here, Broca’s aphasia in many cases occur as a
moderately severe speech disorder, while all other types of
aphasia are clustered as moderate. On the one hand, further
studies collecting behavioral data from patients are needed
in order to underpin these very specific results stemming
from modeling studies in general, but on the other hand it
demonstrates that modeling is capable of generating results
or knowledge which cannot easily be generated from natural
behavioral data, because of the difficulties in finding enough
patients covering a wide range in different degrees of severity
for different sub-types of aphasia.

(ii) Experimental behavioral results which prove the existence of
the inner feedback loop can be simulated in our model as
well. For this purpose, the model receives auditory distractor
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FIGURE 12 | Decoded neural information in the neural state buffers at different model levels on the perception and production side. For the description of the

individual state buffers see Figure 2. The process scenario here is a picture naming task (target word here: “fly”) with a later occurring semantic cue, i.e., the

superordinate word “bluebottle.” See text for further explanations of this rarely occurring case.
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words during a picture naming task. These distractor words
are phonologically and/or semantically similar or dissimilar
to the current target word. It can be seen in the behavioral
experiments (e.g., Slevc and Ferreira, 2006) as well as in
our simulation experiments that phonologically dissimilar
distractor words in particular disrupt word production.
This result can be explained in the context of our speech
production model by evaluating the activation differences
occurring in the state buffers in the production as well
as in the perception channel on the phonological level of
our model.

(iii) Speech errors as well as the effectiveness of phonological
or semantic cues within a word production task can be
simulated in the experimental paradigm of picture naming
in our model, if word production is already disturbed in
the model by restricting the neural association from the
state buffer for concepts to the state buffer for lemmas in
the production channel. The resulting effectiveness of the
phonological as well as the semantic cues results in ourmodel
from the implementation of similarity relations between
concepts or between phonological forms in the appertaining
S-pointer networks. The effectiveness of semantic as well as
phonological cues was proven by natural data, for example in
the context of the evaluation of the WWT (Glück, 2011).

(iv) Speech errors arise from the modeling of aphasic neuronal
dysfunctions in the context of our simulations only insofar
as at higher degrees of dysfunction, words are not activated
at different levels of the production hierarchy. This creates
Nil productions (a complete stop of word production).
These simulations did not show any word productions.
The production of wrong words occurred in the other
two simulation experiments. To a limited extent, words
other than the target words were realized as part of an
image naming task due to semantic cues. On the one
hand, these “wrong words” were the words of the semantic
cues itself or phonologically similar words. Similar types of
speech errors also occurred in the case of the simulation
experiment on picture naming in the context of auditorily
presented distractor words. In this case the erroneous
word productions were always the semantically and/or
phonologically similar distractor words themselves.

(v) A major innovation of the simulation approach presented
here in comparison to other existing approaches (Guenther,
2006; Roelofs, 2014; Kearney and Guenther, 2019) is the use
of a biologically more realistic modeling approach (NEF-
SPA, Eliasmith, 2013; Stewart and Eliasmith, 2014). Our
approach has the advantage over conventional connectionist
approaches that a realistic basicmodel for individual neurons
exists (here: the “leaky-integrate-and-fire” approach). This
also leads to a realistic modeling of state activations at
all levels of the production model. Concepts, lemmas,
phonological forms as well as motor plan states are realized
through realistic specific neural activation pattern involving
all neurons within a neuron buffer, in contrast to simple
connectionist approaches wherein every state is realized by
an (artificial) physical model node.

However, further work is necessary, especially for themodeling of
auditory and somatosensory feedback, which is not implemented
in our current model. A successful modeling of these further
feedback loops and the successful simulation of behavioral effects
they imply for speech production has already been successfully
presented in part by Guenther (2006). However, as already
described in the theoretical part of this article, our goal is to
model the level of the speech movement units in addition to the
level of the motor plans in order to differentiate between acoustic
feedback to mainly regulate the coordination of speech gestures
and somatosensory feedback to mainly control individual speech
movements units (cf. Hickok, 2012).

A major question of the research topic of modeling is
always: How do concepts from the engineered systems help to
understand and inform the biological model? To be more precise
in the case of our model of speech production: How do the
concepts of the Neural Engineering Framework (Eliasmith and
Anderson, 2004; Eliasmith, 2013) extended by the concepts of
the Semantic Pointer Architecture (Eliasmith, 2013; Stewart and
Eliasmith, 2014) inform our speech production model? This can
be answered in three main points:

(i) The NEF-SPA concepts clearly separate knowledge storage
and (dynamic) neural processing leading to a clear definition
of the mental lexicon in our model. (ii) Only a few model
components (buffers, associative memories, connections) are
required for neural processing in the NEF-SPA approach,
which leads to a clear definition of neural processing in word
production. (iii) Neural connections can be realized in a way
that leads to a clear definition of hierarchy in our speech
production model. (iv) The NEF-SPA approach clearly defines
both transformation and binding/unbinding processes, both of
which are required for cognitive processing above the linguistic
or lexical level. Through this minimalism of concepts offered by
the NEF-SPA approach, a clear model of word production can
be created, which is able to model normal as well as disrupted
word production.

In conclusion, it should be emphasized that our model in
particular shows the separation of knowledge stored in long-
term memory and the short-term activation and processing
of states on the perception side as well as on the production
side of speech processing. Long-term knowledge is realized in
our model by preset S-pointers on the basis of the internal
mathematical model. The setting of these S-pointers happens
in reality during speech acquisition. In our approach, which is
currently limited to word production, relations between concepts
on the semantic as well as between phonological forms of words
on the phonological level are realized by establishing S-pointer
networks. In addition to this long-term storage of states in the
form of S-pointer networks, there is the short-term activation,
forwarding and processing of states (S-pointers) from state buffer
to state buffer by using mainly association memories for defining
the transformation of neural states. The basic neural approach
behind the implementation of neural buffers, neural memories,
and neural connections is already established here as part of the
NEF-SPA and is neurobiologically inspired. Another advantage
of our approach is the detailed modeling of control flow based on
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the neuronal processes taking place in the basal ganglia and in the
thalamus (Stewart and Eliasmith, 2014).

Currently, neural learning is not included in our model.
Neural connections and S-pointer networks are pre-defined
on the basis of statistical principles drawn from the NEF-
SPA framework. But this is no disadvantage, because in
this paper we described a model of an adult language user
and the issue of learning during adulthood is not a topic
of consideration here. Thus, speech acquisition should also
be included in future developments of our model. While
the S-pointer networks are completely pre-defined in their
specifications in the current simulation model, a continuation
of our simulation model is also planned in such a way
that learning can be simulated during defined scenarios of
speech acquisition in order to build up the mental lexicon
and the mental syllabary during simulations of the child-
caretaker interaction.
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APPENDIX

TABLE A1 | Abbreviations, names, and brief description of all state buffers used in our model (see Figures 1, 2 ff).

Module Buffer

Abbreviation Name Description

Control out_con Output@control Output action buffer at control module

in_con Input@control Input signal buffer at control module

Cognitive processing C_cog_in ConceptInput@cognitiveProcessing Concept input buffer at cognitive processing module

C_cog_out ConceptOutput@cognitiveProcessiong Concept output buffer at cognitive processing module

rel_type RelationTypeBuffer@cognitiveProcessing Relation type buffer at cognitive processing module

Production C_prod conceptState@production Concept state buffer at production pathway

L_prod LemmaState@production Lemma state buffer at production pathway

O_prod orthographyState@production Orthography state buffer at production pathway

P_prod phonologicalForm@production Phonological form buffer at production pathway

M_prod motorState@production Motor state buffers at production pathway (gesture score of a syllable or

word)

G_mot gestureState@motor Gesture state buffer at motor level of production module (the gesture score

of a syllable or word comprises more than one gesture per syllable or word)

Perception C_perc conceptState@perception Concept state buffer at perception pathway

L_perc lemmaState@perception Lemma state buffer at perception pathway

V_perc VisualState@perception Visual state buffer at perception pathway

P_perc phonologicalForm@perception Phonological form buffer at perception pathway

A_perc auditoryState@perception Auditory state buffer at perception pathway

S_perc somatosensoryState@perception Somatosensory state buffer at perception pathway
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