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Abstract 
Speech errors are often perceived as categorical substitutions 
of one sound for another, but phonetic analyses have 
consistently revealed that errorful productions retain a phonetic 
trace of the target category. These trace effects have been taken 
as evidence for the simultaneous activation of multiple 
categories, both exerting influence on speech production. We 
develop a dynamic neural field model of voice onset time 
(VOT) planning, showing how multiple activated categories 
can be resolved in the field to show trace effects. We evaluate 
model predictions against measurements of VOT for voiced 
and voiceless stops in speech error experiments and naturalistic 
corpora.   
Keywords: Dynamic Field Theory; speech production; speech 
errors; cascading activation; voice onset time 

Introduction 
Early studies of speech errors, based on impressionistic 
transcription, argued that speech errors involve categorical 
substitutions which, despite being errors, nevertheless follow 
the rules of the grammar (Fromkin, 1971). It is now widely 
acknowledged that this is often not the case—various studies, 
looking at speech errors through laboratory tongue twister 
experiments or naturalistic corpora, have found that speech 
errors do not simply reflect a change in category. Errorful 
productions of a sound are systematically different from their 
canonical, non-errorful counterparts (Alderete et al., 2021; 
Frisch & Wright, 2002; Goldrick & Blumstein, 2006; 
Goldstein et al., 2007; McMillan & Corley, 2010; Mowrey & 
MacKay, 1990; Pouplier & Goldstein, 2010). For example, 
Goldrick & Blumstein (2006) reported a “trace effect” in 
errors elicited through a tongue twister experiment—they 
found that errorful productions of initial stops in tongue 
twisters showed a trace of the intended sound, which can be 
seen through voice onset time (VOT) measurements. VOT is 
the primary phonetic cue differentiating voiced and voiceless 
stops in English (Lisker & Abramson, 1964); voiced stops, 
/b/, /d/, /g/,  have short VOT (~10 ms), while voiceless stops, 
/p/, /t/, /k/, have long VOT (~60 ms) (Chodroff & Wilson, 
2017). In the tongue twister keff geff geff keff, an errorful 
production of the second syllable as keff  resulted in a /k/ with 
a shorter VOT than a canonical production—i.e., the /k/ 
contained a trace of the intended /ɡ/ (Goldrick & Blumstein, 
2006).  

 
* Equal contribution 

Goldrick & Blumstein (2006) argue against the hypothesis 
that trace effects arise solely from articulatory factors, 
concluding that their findings support a cascading activation 
account of speech production, whereby the activation of 
competitor word forms cascades down to lower levels of 
planning, even if the competitor form is less activated than 
the target form. In an error, the competitor receives more 
activation than the target. However, the target still has some 
effect on articulation because of its non-zero activation.  

In an analysis of podcasts, Alderete et al. (2021) found a 
similar trace effect in VOT measurements of naturalistic 
(non-experimentally induced) errors. For example, an 
errorful production of /b/ when the intended sound was /p/ 
(e.g., producing bath when the intended word was path) had 
a higher VOT than a canonical production of /b/ (when the 
intended sound was /b/). As in Goldrick & Blumstein (2006), 
the VOT of errorful productions was shifted towards the 
target sound.  

According to the cascading activation account, this is 
because even when an unintended sound is produced, the 
intended sound still influences its production (Alderete et al., 
2021). Thus, trace effects in speech errors arise from the 
activation of competing categories. In a computational 
implementation of this proposal, categorical representations 
of lexical items and phonemes vary continuously in their 
activation during speech planning, and multiple active 
representations simultaneously influence continuous 
phonetic levels of speech planning (Goldrick & Chu, 2014; 
Smolensky et al., 2014). By assuming that the activation of 
symbolic representations maps continuously to the temporal 
duration of articulatory gestures, Goldrick & Chu (2014) are 
able to derive some aspects of phonetic trace effects, like 
reduced VOT of errorful voiceless stops. Since VOT is a 
temporal dimension, it can appropriately be modelled by 
mapping gradient symbol activations to articulatory duration. 
On this approach, spatial reduction of articulation can only be 
achieved indirectly by limiting articulation time (cf. target 
undershoot: Lindblom, 1963), which has been argued to be 
insufficient (Pouplier & Goldstein, 2014).  

We develop a neural-computational model of VOT 
planning which generates trace effects in speech errors from 
gradient activation of competitors during speech planning. In 
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this way, our model is similar to the model discussed above 
(Goldrick & Chu, 2014). However, unlike the previous 
model, our model does not adopt the assumption that 
activation of categories maps solely to articulation time. 
Rather, our model is generalizable to any dimension relevant 
to speech planning, spatial or temporal.  

Dynamic Field Theory (DFT) 
Dynamic Field Theory (DFT: Erlhagen & Schöner, 2002; 
Schöner et al., 2016) offers a promising framework to 
account for phonetic trace effects because it allows for  
categories to interact in a continuous feature space. This 
contrasts with many symbol-oriented speech production 
models in which category representations are discrete, even 
when the activations of representations are modeled as 
continuous (e.g., Dell, 1986; Dell et al., 2021; Levelt et al., 
1999). In DFT, features relevant to perception, behavior and 
cognition are modeled as continuous parameters. Each 
parameter is represented by a functionally (not necessarily 
topographically) unified population of neurons. The neurons 
in a population can be arranged on an axis representing the 
parameter to which they are sensitive, with the position of 
each neuron on the axis representing the parameter value that 
maximizes the spike rate or activation level of that neuron 
(the peak of the neuron’s tuning curve). The distribution of 
activation across the neurons in a population is modeled as a 
dynamic neural field (DNF). DNFs evolve over time under 
the influence of input (e.g., from sensory surfaces), lateral 
interactions, and noise. The dynamics of DNFs—described 
in greater detail in the following section—give rise to 
qualitative shifts in activity, e.g. from stable resting states to 
stable peaks of activation corresponding to percepts or 
movement plans.  

An important characteristic of DNFs is their ability to make 
decisions in the presence of multiple inputs. For instance, in 
a task requiring a subject to reach in one of two directions, a 
DNF representing reaching direction might receive two 
inputs representing the two different reaching directions (the 
target and distractor). Initially, these inputs will increase 
activation in two different field locations. Via lateral 
inhibition, however, only one activation peak will ultimately 
form, driving the subject to reach in the corresponding 
direction. Importantly, the activation peak that ultimately 
forms may exhibit traces of the inhibited input. For instance, 
the direction in which the subject reaches may be pulled 
slightly in the direction of the distractor, compared to a trial 
with no distractor (Erlhagen & Schöner, 2002). These trace 
effects have also been observed and modeled using DNFs in 
other cognitive domains like motion perception (Giese, 1999) 
and eye saccade planning (Kopecz & Schöner, 1995). The 
neural activation distributions corresponding to trace effects 
in the planning of reaching movements have been observed 
in rhesus monkey motor cortex (Georgopoulos et al., 1986). 
We propose that phonetic trace effects in speech errors are 
similarly the result of the interaction of multiple inputs to 
DNFs. In this case, the relevant DNFs represent parameters 
of speech planning (e.g., Gafos & Kirov, 2009; Roon & 

Gafos, 2016; Tilsen, 2019). In the following sections, we 
describe a DNF model of VOT planning, and present 
simulations from the model that exhibit key aspects of 
phonetic trace effects in voicing errors.  

Model structure 
In this section we present a DNF model of VOT planning. 
The state of this DNF is assumed to govern the 
implementation of VOT (i.e. the temporal coordination of 
laryngeal and supralaryngeal gestures) with stable peaks of 
activation in the DNF driving behavioral dynamics. The 
model is summarized in Eq. 1: 
 

( 1 ) 
𝜏�̇�(𝑥, 𝑡) = −𝑢(𝑥, 𝑡) + ℎ + 𝑠(𝑥, 𝑡)

+ .𝑘(𝑥 − 𝑥!)𝑔1𝑢(𝑥!, 𝑡)2𝑑𝑥! + 𝑞𝜉(𝑥, 𝑡) 

 
The key component of the model is the activation field u 
defined over the VOT dimension x at each moment in time t. 
We set the field size, x, to 150, representing a 150 ms range 
of VOT targets.  The rate of change of activation u̇(x,t) is 
inversely related to current activation u(x,t), so Eq. 1 
represents a dynamical system with an attractor at h + s(x,t) 
+ ∫k(x – x′)g(u(x′,t))dx′ + qξ(x,t). 𝜏 is a time constant, with 
higher values corresponding to slower rates of field 
evolution. The resting level h is assumed to be below zero for 
all field locations (neurons), by convention at –5. Field input 
s(x,t) is represented as a Gaussian distribution of the form 
 

 ( 2 ) 

𝑠(𝑥, 𝑡) = 	𝑎	exp ;−
(𝑥 − 𝑝)"

2𝑤" ? 

  
where a controls the amplitude or strength of the input, p 
controls the position of the input in the field, and w controls 
the width of the input distribution. This treatment of speech 
intentions as distributions in feature space is similar to 
previous conceptualizations of phonetic goals as “ranges” 
(Byrd & Saltzman, 2003), “windows” (Keating, 1990) or 
“convex regions” (Guenther, 1995). Each neuron x′ which 
exceeds an activation threshold contributes activation to 
other neurons x via the interaction kernel k(x – x′) given by 
 

( 3 ) 

𝑘(𝑥 − 𝑥!) =
𝑐#$%

√2𝜋𝜎#$%
exp ;−

(𝑥 − 𝑥!)"

2𝜎#$%"
? 

−
𝑐&'(

√2𝜋𝜎&'(
exp ;−

(𝑥 − 𝑥!)"

2𝜎&'("
? − 𝑐)*+, 

 
The effects of both excitatory and inhibitory interaction are 
modeled as Gaussian distributions centered on each neuron  
x′. cexc and cinh control the magnitude of excitatory and 
inhibitory interaction, respectively, and σexc and σinh control 
the width of each interaction distribution. cglob contributes 
additional across-the-board inhibition from each above-

3412



threshold neuron. In our model, as in most DNF models,  
cexc>cinh>cglob and σexc<σinh, so interaction is excitatory 
(positive effect on activation) for nearby neurons and 
inhibitory (negative effect on activation) for more distant 
neurons. Lateral excitation allows the formation of self-
sustained above-threshold activation peaks which drive 
articulatory movement, while lateral inhibition prevents 
runaway expansion of activation peaks. The activation 
threshold for interaction is given by a sigmoidal function 
g(u): 
 

( 4 ) 

𝑔(𝑢) =
1

1 + exp(−𝛽𝑢) 

  
By convention, the threshold is u = 0. Finally, noise is 
simulated by adding normally distributed random values 
ξ(x,t) weighted by a parameter q. This model, which we use 
to generate the simulations in the following section, was built 
using the MATLAB-based software COSIVINA 
(Schneegans, 2021). 

Simulation results 

Conditions for activation peak attraction 
Using the DNF model of VOT planning described above, we 
can simulate the effects of simultaneous input from both a 
voiced category svoiced(x,t) and a voiceless category 
svoiceless(x,t). In this case, both inputs will contribute to field 
evolution according to Eq. 1. Since a single consonant 
production can only have a single VOT value, then lateral 
inhibition must be strong enough to prevent the formation of 
multiple stable activation peaks; ultimately, only one 
activation peak will form, even in the presence of two inputs. 
If the two inputs differ in their amplitude a, then the input 
with stronger amplitude will tend to dominate field evolution. 
However, if the two input distributions overlap in feature 
space, then the (ultimately inhibited) input with smaller 
amplitude can still contribute to the field location at which 
the activation peak forms. Crucially, this effect is sensitive to 
the width w of the Gaussian inputs. 

To demonstrate this, we varied w from 1 to 50. For each 
value of  w, we ran one simulation of field evolution under 
the influence of two inputs: svoiced and svoiceless. In each 
simulation, pvoiced = 10, pvoiceless = 60, avoiced = 4, and avoiceless = 
6. Since avoiceless > avoiced, we expect svoiceless to dominate field 
evolution. The variation in w applied to both input 
distributions: svoiced and svoiceless had the same value of w. 
Parameters of the field are listed in Table 1. Each simulation 
ran for 50 time steps, which was consistently found to be 
enough time for a stable activation peak to form. 

Figure 1 displays the activation level at each VOT field 
location at the end of each simulation. For very small values 
of w (< 10), interaction between the two inputs was minimal, 
so that some below-threshold but above resting-level 
activation was maintained on the voiced side of the field 
without being inhibited by the above-threshold voiceless 

peak. In these cases, sub-threshold input from the voiced 
category had no impact on the VOT field location of the 
above-threshold peak, which was centered on 60 ms, the 
center of the svoiceless input distribution. For intermediate 
values of w (10 to 20), lateral inhibition from the voiceless 
peak reached further in the field, inhibiting activation on the 
voiced side of the field so that only the voiceless peak was 
apparent; this peak was still centered on 60 ms, the canonical 
field location for the voiceless category. Interestingly, at 
large values of w (> 20), overlap between the two input 
distributions was substantial enough that the voiceless 
activation peak was pulled in the direction of the voiced 
input. This is because—for large enough values of w—
neurons on the more voiced (central) side of the voiceless 
peak received activation from both inputs svoiced and svoiceless, 
as well as lateral excitation, while neurons on the more 
voiceless (peripheral) side of the voiceless peak received less 
activation from svoiced. Overlap in feature space between 
target distributions of opposing phonetic categories has 
previously been proposed to account for dissimilation effects 
between English vowels (Tilsen, 2009) and Mandarin tones 
(Tilsen, 2013). 

 
Table 1: Field parameter values. 

 
Parameter Value 
𝜏 20 
h -5 
β 4 
cexc 15 
cinh 5 
cglob 0.9 
σexc 5 
σinh 12.5 
q 1 

 

 
Figure 1: Effect of input width on overall field activation. 

 
Figure 2 displays the field output as a function of w. The VOT 
target was calculated as the activation-weighted average of 
the field locations of above-threshold (u > 0) neurons. Figure 
2 demonstrates that for values of w between about 20 and 35, 
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the VOT target was approximately a linear function of w, 
with higher values of w causing a larger trace effect (i.e. a 
smaller VOT target for a voiceless production). At very large 
values of w (> 35), field noise exerted a large influence on the 
precise value of the VOT target. At w ≈ 30, the VOT target 
was reduced by about 10-15 ms, which approximates the 
magnitude of trace effects observed in speech errors elicited 
from tongue twister tasks (e.g., Goldrick et al., 2016; 
Goldrick & Blumstein, 2006). Interestingly, this value of w 
also approximates the standard deviation of VOT of voiceless 
plosives in American English (~30 ms) (Chodroff & Wilson, 
2017).  
 
 

 
Figure 2: Effect of input width on VOT target. 

 

Trace effects as activation peak attraction 
We demonstrated in the previous section that an activation 
peak corresponding to a voiceless target can be pulled 
towards the voiced side of the feature space when a voiced 
input is simultaneously influencing the DNF, and there is 
overlap in feature space between the two inputs. In this 
section, we show more directly how this hypothesized neural 
phenomenon can give rise to phonetic trace effects in voicing 
errors. We assume, following previous work on speech errors 
(Goldrick et al., 2016; Goldrick & Blumstein, 2006; Goldrick 
& Chu, 2014), that some voicing errors are caused by the 
mental representation of the non-target voicing category 
becoming more active than the target category during 
planning. Trace effects reflect a non-zero activation of the 
target category in error production. We test this hypothesis 
with simulations of both voiceless and voiced stops as targets. 
For each case, we simulated 500 VOT productions in each of 
two conditions: (1) a non-error or canonical condition in 
which only an intended input influences the VOT planning 
DNF, and (2) an error condition in which both an unintended 
input and an intended, weaker input influences the DNF. In 
the canonical condition,  atarget = 6 and acompetitor = 0. In the 
error condition, acompetitor = 6 and atarget = 4. w was set to 30 
for all simulations. Otherwise, model parameters were 

identical to the simulations presented in the previous section. 
The simulation results are displayed in Figure 3 for voiceless 
stops and in Figure 4 for voiced stops. Both voiced and 
voiceless stops show phonetic trace effects consistent with 
those reported in the literature. For voiceless stops, mean 
VOT was reduced by ~13 ms in the error condition relative 
to the canonical condition. For voiced stops the phonetic trace 
effect was ~12 ms.  
 

 
Figure 3: VOT of voiceless stops by condition. 

 

 
Figure 4: VOT of voiced stops by condition. 

 

Errors arising from noise within the DNF 
A major focus of computational models of speech production 
has been deriving the source of speech errors. So far, we have 
focused on errors which derive from cascading activation, 
i.e., multiple inputs into a phonetic planning field. In this type 
of speech error, the non-target category receives greater 
activation, and therefore exerts a greater influence over field 
evolution, but the target category (with less activation) still 
exerts some influence, deriving the trace effect. The error 
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thus originates at a level of planning preceding VOT target 
selection in the DNF. This is just one of many possible 
sources of speech errors, which also include, for example, 
articulatory factors (Goldstein et al., 2007; Mowrey & 
MacKay, 1990; Stemberger, 1983). Our account of trace 
effects in the framework of DFT opens up possibilities to 
understand and model other sources of errors and how they 
might interact with cascading activation. For example, the 
model presented here raises the additional possibility that 
some errors might originate from noise within the DNF. That 
is, even if the target input to the DNF is stronger than the non-
target input, within-field noise might still lead to production 
of a VOT that would be classified as belonging to the non-
target category. This possibility reduces the burden of higher 
level lexical and sub-lexical planning levels to account for all 
errors. 

To investigate this possibility, we varied the noise 
amplitude in the DNF (q in Eq. 1) from 1 to 15 in steps of 0.5. 
For each value of q, we ran 500 simulations of field evolution. 
This allows us to observe the distribution of VOT values at 
each noise level. In each simulation, there were two inputs to 
the field: a voiceless input with amplitude avoiceless = 6 and a 
voiced input with amplitude avoiced = 4. This reflects a 
situation in which the intended voiceless category receives 
the most activation, but the unintended voiced category is still 
partially activated. A Bayesian classifier trained on the 
underlying category distributions svoiceless and svoiced 
categorized each VOT target output by the DNF as either 
voiceless (no error) or voiced (error). Figure 5 displays the 
error rate (proportion of tokens categorized as voiced) as a 
function of noise amplitude q. At small values of q, the more 
active voiceless input overwhelmingly dominated field 
evolution, so errors were exceedingly rare. However, at large 
values of q (> 10), errors were observed at a non-negligible 
rate, sometimes exceeding 5% of productions.  

 

 
Figure 5: Error rate by noise level. 

 
As seen in Figure 6, q did not have a consistent effect on 
median VOT. Rather, the effect of q on error rate appears to 
be driven by an increase in the number of outliers. These 
simulations support the hypothesis that, in addition to errors 
driven by greater activation of a competitor category 

compared to the target category, some errors might 
additionally be driven by noise within the process of VOT 
target selection, even when the target category representation 
exerts a greater overall influence on this process than the 
competitor. 

 

 
Figure 6: VOT by noise level. 

 

Discussion 
We demonstrated that trace effects in voicing errors can arise 
from the interaction of multiple inputs from higher levels of 
planning into a continuous phonetic planning space, 
consistent with  a cascading activation account of speech 
planning and production. We obtained this result using a 
framework that can generalize to any phonetic dimension of 
speech, addressing the critique raised by Pouplier & 
Goldstein (2014). As discussed in the Introduction, the model 
in Goldrick & Chu (2014) restricts the effects of gradient 
symbolic activation on phonetic planning to articulation time 
alone, limiting the model’s generality. Although in this paper 
we focused on VOT (a temporal dimension), our model can 
derive trace effects in both spatial and temporal dimensions. 
Moreover, our model provides wider empirical coverage of 
even the VOT facts, since it can derive trace effects in voiced 
as well as voiceless errors.  

Moving beyond trace effects, we also explored the 
possibility that some errors arise from noise within the DNF 
governing VOT planning, rather than solely from noise in the 
process of lexical selection. In particular, we found that when 
within-field noise reached a particularly high level (q > 10), 
VOT targets became so variable that some targets were 
classified as voiced even when the intended voiceless input 
was stronger than the unintended voiced input. This 
relationship between response variability and error likelihood 
is consistent with the finding that VOT is more variable 
among errors than among canonical productions (Goldrick et 
al., 2016). In fact, even when errors arise from the process of 
lexical selection rather than within-field noise, our model is 
consistent with this finding. This is because the above-
threshold activation peak tends to be wider in feature space 
when it reflects the contributions of two inputs (error case) 
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compared to one (canonical case). Previous work has related 
wider distributions of above-threshold activation to greater 
variability in behavior (Erlhagen & Schöner, 2002). 

At low levels of field noise, the particular method we used 
to simulate VOT target selection, i.e. activation-weighted 
averaging of above-threshold neurons, yielded low VOT 
variance for both conditions (Figure 3, 4). That is, the small 
differences in the widths of the above-threshold activation 
peaks (for errors and for canonical productions) did not 
translate into increased VOT variability for errors. As we 
now discuss, whether the width of an above-threshold 
activation peak influences VOT variability depends both on 
the level of field noise and the particular method of target 
selection.  

There are in principle different methods of VOT target 
selection from field activation. In addition to the method 
described above, we explored three others: (1) sampling from 
an activation-weighted distribution of above-threshold 
neurons, (2) selecting the single neuron with the highest 
activation, and (3) sampling from a uniform distribution of 
above-threshold neurons. At low levels of within-field noise, 
q, these methods showed very little difference in the resulting 
variability of VOT targets. However, we saw a clearer 
separation at higher levels of noise—while each method 
resulted in more VOT target variability as noise level was 
increased, some methods led to greater variability than 
others. In particular, we saw that target variability was 
greatest for method (3), followed by method (2), and lastly, 
method (1).  

Activation-weighted averaging of above-threshold 
neurons, the method we used, was least sensitive to both 
noise scaling and the difference in above-threshold activation 
peak width between errorful and canonical productions. 
Importantly, at high levels of noise, all methods resulted in 
greater target variability when there were two inputs in the 
field as compared to one—consistent with the 
aforementioned finding of more VOT variability among 
errorful productions (Goldrick et al., 2016). Notably, 
methods that were more sensitive to within-field noise also 
showed a greater difference in variability between errorful 
and canonical simulations, with (3) showing the greatest 
difference, followed by (2), and then (1). We conclude from 
this brief exploration that noise can be useful for revealing 
the dynamics of the model. It is only in the presence of 
sufficient noise that we expose important differences in the 
underlying dynamics found across conditions.  

As a final point, our DNF, defined in terms of a differential 
equation, is inherently temporal, capturing the stabilization of 
the field over time. The explicit incorporation of both 
temporal and feature gradience allows the generation of 
quantitative predictions regarding response time, response 
parameters, and the relationship between them. For example, 
Roon and Gafos (2016) used a similar approach within the 
DFT framework to model the influence of phonetic similarity 
between response and distractor on response times in a 
speech production task. Regarding speech errors, previous 
work has shown a relationship between speech rate and error 

rate, such that errors are more likely at faster speech rates 
(Goldstein et al., 2007). Future work could probe the 
temporal characteristics of the present model (for example, 
by varying 𝜏, or by forcing target selection to occur at a 
particular time step) in order to generate additional 
predictions regarding the relationship between speech rate 
and the phonetic properties of errors. 

Conclusion 
We presented a dynamic neural field (DNF) model of voice 
onset time (VOT) planning. In the model, VOT targets are 
derived during speech planning from category inputs 
represented as distributions in feature space, lateral 
interactions (excitatory and inhibitory) between neurons in 
the field, and noise. The model allows simultaneous inputs 
from voiced and voiceless categories to explicitly interact in 
a continuous feature space. Through simulations, we 
demonstrated that the model generates trace effects in voicing 
errors consistent with those observed in experiments and 
naturalistic speech. We thus offered a neural-computational 
implementation of the proposal that trace effects arise from 
the interaction of multiple active categories during speech 
planning, consistent with the cascading activation account. 
We also discussed possible extensions of the model beyond 
phonetic trace effects. 
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