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ABSTRACT 
Certain aspects of cognitive state, such as attention, are known to oscillate 

and exhibit time-varying dynamics. This has strong implications for future human-
system integration since, across domains, there is often a cost to interrupting 
ongoing processes. However, to date there is little knowledge about the cost of such 
disruption when considering cognitive resources. We have constructed a predictive 
model that captures these oscillations and predicts future cognitive state using only 
a finite history of prior state. We use this model to investigate what happens when 
ongoing cognitive dynamics are interrupted. We use data in which participants 
perform an unrestricted visual search task, while an auditory side task is randomly 
injected. The results show that when the timing of the side task causes a disruption, 
the participants’ physiology display patterns that have been previously associated 
with increased cognitive load. This indicates that it is not only the nature of the task 
that must be considered but also the onset time of the task. When task demands are 
out of phase with ongoing dynamics there is a cost to this timing error in addition 
to the challenge of the task itself.  
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1. INTRODUCTION 

There are many challenges to developing 
the next generation of manned and unmanned 
ground vehicles. With respect to the human 
dimension, as crew sizes are reduced the 

burden on individual operators is going to 
increase. The increased burden will, in turn, 
increase the likelihood of committing an 
error. Mitigating these errors through 
optimized system design requires knowledge 
of the fundamental limitations imposed by 
the human cognitive system [1-3] – 
specifically, when and why errors occur, and 
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ultimately what actions can be taken to 
improve the situation?  

Most studies on human performance tend to 
view errors as the outcome of instantaneous 
environmental and operator states. For 
example, changes in the task lead to changes 
in cognitive state that, in turn, yields 
increased error rate. Since the environment 
cannot be easily predicted the assumption is 
that errors also cannot be predicted. 
Therefore, while such an approach has a 
certain amount of explanatory power, it has 
little-to-no predictive power.  

To investigate this issue, recent work 
published by our team [4] showed that 
ongoing cognitive dynamics (e.g., naturally 
occurring oscillations in attentional state) 
significantly predicted future periods of high 
error probability in a ground vehicle driving 
task. For this analysis, we used data collected 
at the DEVCOM Ground Vehicle Systems 
Center (GVSC). Participants were required to 
operate a vehicle in naturalistic conditions 
while obeying numerous traffic rules. In four 
of the five conditions, participants had access 
to autonomous driving aids that provided 
speed, or speed and lane, control. In half of 
the driving aid conditions the autonomous 
driving aid was rigged to be faulty [5].  

We applied a predictive model, termed the 
Generative Cognitive Modeling Tool 
(GCMT), that used prior (i.e., historical) 
cognitive state estimates to estimate future 
cognitive state. The GCMT did not consider 
information from the environment. The 
model leveraged generative AI principles, 
“listened to” ongoing attentional oscillations, 
and then predicted how those oscillations 
would unfold in the future with a maximum 
horizon of 25 seconds. These predicted states 
explained roughly two-thirds of the errors 
committed by the participants when 
operating the vehicle without a driving aid.  

The GCMT was inspired by prior work in 
the cognitive neuroscience community that 

has reliably shown that certain cognitive 
states, such as attention, wax and wane on 
multiple timescales [6-9]. By showing that an 
AI system could learn these variations and 
apply that knowledge to predicting activity in 
novel domains (i.e., new tasks and new 
participants), our prior work implied the 
existence of a participant- and task-agnostic 
transition law governing the moment-to-
moment changes in cognitive state.  

While the GCMT helps address when errors 
occur, there are still questions about why they 
occur and what can be done to prevent them? 
We believe that additional findings from that 
prior work, though, offer a clue for 
understanding these two issues. In our 
analysis of the GVSC driving data, we also 
found that vehicle operators would adapt 
their state to meet current task demands – i.e., 
the observed state did not always match the 
predicted state (output of the GCMT) and this 
mismatch was often in response to 
unpredictable changes in task demands. We 
then found that when this adaptation was 
required, the operators were more likely to 
offload tasking to an autonomous driving aid 
even when that aid was known to be faulty 
[4]. In other words, disrupting their ongoing 
dynamics led the participants to offload tasks. 
We hypothesize that this was due to a hidden 
cost (perceived by the operators) of 
disrupting their ongoing cognitive dynamics.  

The idea of incurring costs for disrupting 
ongoing physiological processes is not new. 
For example, it is known that disrupting 
one’s ongoing circadian rhythm can impact 
both physical and cognitive function [10-13]. 
While there is a large body of knowledge 
describing both the acute and long-term 
impacts of disrupting circadian rhythm, there 
is much less knowledge on the impact of 
disrupting moment-to-moment cognitive 
dynamics. In the current work, we investigate 
the physiological cost of such disruption. We 
begin by adapting our original predictive 
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approach by switching from a Long-term 
Short-Term Memory (LSTM) model to a 
Transformer model. We then apply this 
model to data from a visual foraging task in 
which randomized events have been injected, 
while we record multiple concurrent 
physiological signals including 
electroencephalogram (EEG), pupillometry, 
and eye movements. Finally, we compare the 
physiological responses when the injected 
events disrupt ongoing dynamics versus 
coincide with ongoing dynamics. The results 
show a significant relationship between the 
phase of the ongoing cognitive state at the 
time of task onset and subsequent pupillary 
and fixation-based activity. When the 
injected task causes a disruption, the 
physiological changes resemble those 
associated with increased cognitive load. 
This indicates that time, with respect to 
ongoing cognitive dynamics, is a critical 
factor impacting cognitive load and internal 
perception of task difficulty.  

 
2. METHODS 
2.1. Generative Cognitive Modeling 
Tool 

The GCMT is a multilayered approach 
originally developed to model EEG-based 

cognitive activity. Figure 1 shows an 
overview of the GCMT architecture.  

Decoding Layer – The first component in 
the GCMT is a domain-generalized decoder 
(DGD). The DGD extracts a predefined state 
from the neurophysiological (EEG) data. The 
DGD is trained independently of the rest of 
the GCMT and performs multiple critical 
functions. First, it reduces the dimensionality 
of the original signal, which is necessary for 
the subsequent predictive layers when 
learning long-range patterns. Second, the 
DGD abstracts the data away from the details 
of the given physiological response and 
projects that data onto a participant- and 
domain-agnostic representation. This is 
important so that data can be concatenated 
across experiments, so that a larger amount of 
diverse data can be supplied to the predictive 
layers when those layers are trained.  

We used the EEGNet architecture [14] to 
implement the DGD. EEGNet has 
successfully been used to develop 
participant- and task-agnostic models of EEG 
activity [15-17]. A full description of how to 
use EEGNet for decoding phasic cognitive 
processes or tonic states is available in [18] 
and [19], respectively. Here, we provide a 
brief overview.  

 
Figure 1: Physiological data (A) is decoded using the DGD (B) into low-dimensional probability estimates 

associated with the words in our lexicon (C). The probability estimates are passed to predictive layers (D) and 
used to estimate how the low-dimensional state will unfold.  
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To train the DGD to decode a specific 
cognitive state we must first identify a source 
training set in which the desired cognitive 
state is known to be present. We refer to this 
as the Lexicon Source (LS) data set – as it 
defines the lexicon used by the GCMT. For 
instance, the LS data set could be a 
laboratory-based study on visual versus 
auditory task load, visual evoked detection, 
affective state, or attentional oscillations. 
Depending on the nature of the LS data set 
the “words” in the GCMT’s lexicon would be 
“high task load” versus “low task load”, 
“visual target detected” versus “no target 
detected”, or “high attentional state” versus 
“low attentional state”. To provide the 
lexicon, the LS data set must simply contain 
labeled time slices when the cognitive state 
or process of interest is present (or not), 
paired with the desired physiological signal 
to be measured.  

All data passed to a given instance of the 
DGD must be preprocessed in a similar 
fashion. This includes the LS data used to 
train the DGD, the data used to train the 
predictive layers, and all subsequent test data. 
For EEG data, common preprocessing 
typically involves reference signal, bandpass 
filter settings, and channel montage (or 
interpolated montage) selection. The LS data 
is then partitioned based on the known labels. 
Data is balanced via randomized 
downsampling of the majority class and 
concatenated across participants. In practice, 
since many studies on cognitive state have 
imbalanced conditions, we repeat the 
randomized downsampling 5x to produce an 
ensemble of 5x DGDs. This ensures better 
usage of the available LS data and guards 
against a single model encountering local 
minimum during training.  

To interrogate novel test data (Figure 1 A) 
the ensemble of trained DGDs (Figure 1 B) is 
stepped across the new data at a predefined 
sampling rate. Note that the new data has 

already been preprocessed using the same 
settings applied to the LS data. A group 
average is then obtained. This produces a 
single continuous probability estimate that 
the physiological data at that moment is 
conceptually more similar to one (or the 
other) “words” in our lexicon (Figure 1 C).  

We used the EEGNet architecture with the 
settings (8-4-2), as described in [14]. The 
EEG data was sampled at 128 Hz and we 
used a DGD input window size of 385 
samples (3 seconds of data). The EEG 
montage was set to the 30-channel 
intersection of the Neuroscan NuAmps 
system (LS data set) and BioSemi Active II 
system (all other data sets). The full details 
for training the exact DGD used in this work 
are provided in [19].  

Predictive Layers – The predictive layers 
in the GCMT are designed to accept a finite 
history of cognitive state estimates and 
predict how that signal will unfold in the next 
several seconds. The original GCMT detailed 
in [4] used a recurrent network, implemented 
with an LSTM block. Here, we adapt the 
model to a decoder-only transformer with 
stacked blocks for multihead attention and 
feedforward feature extraction [20]. We 
made the change from LSTM to transformer 
to balance the needs of phase accuracy and 
prediction horizon. From our ongoing work 
with the GCMT we have empirically 
identified tradeoffs from using different 
predictive layers. The LSTM has shown 
better accuracy at predicting lower-frequency 
oscillations, giving it a longer predictive 
horizon. The transformer approach has, so 
far, shown better accuracy at predicting 
higher frequency oscillations, but with a 
slightly reduced horizon.  

Within the predictive layers, we first 
reshape the data into chunks. This is referred 
to as input patching [21]. In our prior work, 
we performed this step to reduce the impact 
on vanishing gradients when using the 
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LSTM. We retained this step with the 
transformer to reduce computational cost and 
improve overall accuracy [22]. Next, we use 
a stack of 4 single-headed transformer blocks 
with embedding dimension = 128 and feed-
forward dimension = 256. Each block first 
applies a MultiHeadAttention layer, then 
LayerNormalization with epsilon = 1e-6, 
then a Dense layer with ‘gelu’ activation 
function, and a final LayerNormalization 
with epsilon = 1e-6. Within each 
MultiHeadAttention layer we apply a causal 
mask to force the model to learn causal 
relationships. Many language-based models 
do not always use such a mask; however, this 
is because, at the level of individual 
sentences, language is not explicitly causal 
and sequential [23] – modifiers, for example, 
can appear before or after the object being 
modified. By applying a causal mask we are 
asserting that learned relationships between 
successive cognitive state estimates could 
only go in one direction. Our transformer 
architecture is shown in detail in Figure 1 D.  

 
2.2. Data 

Lexicon Source – To define our lexicon 
and train the DGD, we consider a single 
cognitive state, defined empirically by a 
previously conducted, controlled research 
study. The original study is described in [24] 
and required participants to drive a simulated 
vehicle along an empty closed-circuit at 
night. Experimental manipulations were used 
to induce drowsiness. During the driving 
task, a lateral perturbation (i.e., simulated 
wind) would push the vehicle out of the lane 
and the time required for the participants to 
respond and correct the vehicle’s trajectory 
was recorded as reaction time. From this 
behavioral recording, periods of drowsy 
versus alert driving were identified, yielding 
two words in our lexicon: “drowsy” and 
“alert”. Once trained, we applied that DGD to 

each of the data sets in Table 1 to produce the 
training data for the predictive layers.  

Training and Model Selection – The 
predictive layers were designed to accept a 
finite sequence of 400 samples at 2 Hz, which 
was patched into 40 blocks of 10 samples 
each. We used the same data sets previously 
described in [4] to train the predictive model.  

 
These data sets encompass a total of 435 

participants, and approximately 314.83 hours 
of recorded EEG data. This is in addition to 
the LS data set used to train the DGD. All 
training data sets can be accessed publicly via 
the OpenNeuro repository. Data set 9 was 
used as a hold-out validation set. The 
predictive model was trained for 10,000 
epochs using a logcosh error function and a 
learning rate of 2e-4. 

Testing Data – Data was collected from 45 
participants from the greater Los Angeles 
area (17 female, mean age 36.8 ± 12.3, 28 
male mean age 41.6 ± 14.4) and, later, 21 
participants from San Antonio, TX (3 female, 
mean age 43.7 ± 6.7, 18 male mean age 32.6 
± 7.9). Data from nine participants were 
subsequently excluded due to overall data 
quality issues in either the EEG or eye 
tracking record yielding a total of 57 
participants. Data collection was performed 
at two locations due to the COVID pandemic 
and regional restrictions on in-person data 

Table 1. Training Data. 
Data 
Set 

# Participants / 
Hours of EEG 

OpenNeuro 
ID 

1 10 (10.78 hrs) ds004853 
2 14 (16.32 hrs) ds004842 
3 13 (27.61 hrs) ds004843 
4 158 (52.40 hrs) ds004123 
5 109 (116.71 hrs) ds004122 
6 28 (22.37 hrs) ds004121 
7 24 (33.60 hrs) ds004120 
8 13 (16.53 hrs) ds004855 
9 66 (18.51 hrs) ds004851 
SUM 435 (314.83 hrs)  
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collection. All participants were at least 18 
years of age and signed an Institutional 
Review Board approved informed consent 
form prior to participation [ARL 19-122]. All 
participants had normal, or corrected-to-
normal, vision. EEG data was collected using 
a 64 channel BioSemi Active II using the 10-
10 montage, with an original sampling rate of 
2048 Hz, and two mastoid channels for 
reference. Electrooculogram signals (EOG) 
were collected using four bipolar external 
leads – one placed on each outer canthus, one 
on the left infraorbital ridge, and one on the 
left supraorbital ridge. Eye tracking data was 
collected using a Tobii Pro Spectrum (300 
Hz). Participants were seated at 
approximately 70 cm from the Tobii Pro 
Spectrum monitor (EIZO FlexSCan EV2451) 
in a quiet room with sound and lighting 
control. Experimental data was presented on 
a 24” monitor with a resolution of 1,920 x 
1,080 pixels. The eye tracking data were 
synchronized with the game state and EEG 
data using Lab Streaming Layer [25]. 

During the task, participants were asked to 
navigate through a virtual environment using 
a mouse and keyboard to control their 
position and orientation. Participants were 
encouraged to follow a designated course 
through the environment (Figure 2 A) by 
searching for yellow trail markers but could 
deviate from the course at their discretion. 
The primary task was to visually search for 
and count the occurrence of target objects 

that had been randomly distributed in the 
environment amongst an array of distractor 
objects. This allowed the participants to 
operate in a closed-loop, or coupled, fashion 
with the environment where their behavior at 
one time point directly impacted their 
experience of the environment at the current 
and next time points.  

During the primary task, an auditory side 
task was injected at a random time (Figure 2 
B). This side task involved computing the 
sum of a sequence of numbers and verbally 
reporting the answer to the experimenter. The 
onset of the task could not be predicted and 
had onset times randomly distributed 
between 300-600 seconds after the start of the 
primary task. The side task involved the 
presentation of three different sequences of 
numbers. Each sequence was presented for 
25 seconds with a 25 second gap between 
sequences. Prior to the first sequence a brief 
set of instructions indicating the side task was 
about to begin was provided for the 
participants. The duration of this instruction 
was approximately 6 seconds long.  

 
2.3. Analysis 

In our analysis of the test data, we assess the 
impact of the side task as a function of the 
ongoing dynamics. We use the GCMT to 
obtain estimates of cognitive state 20 seconds 
into the future. We examine the impact the 
side task had on the EEG, eye movement 
(fixation duration and blink rate), and 

 
Figure 2: (A) Sample scene with trail marker, distractor objects, and target object highlighted, and (B) 

temporal structure for the primary search task with the auditory side math task.  
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pupillary responses. We also examine the 
impact on the observed cognitive state (i.e., 
output of the DGD) and how this differs from 
the predicted cognitive state. To compute 
fixations, we use the velocity algorithm 
previously applied to this data set and 
detailed in [26]. To compute blink rate, we 
use a threshold detection method applied 
directly to the vertical EOG signal and 
tailored to each participant.  

We also assess individual power-spectral 
density (PSD) in the EEG signal. We focus 
on the EEG frequency bands Delta (0.1-3.0) 
Hz, Theta (4.0-7.0) Hz, and Alpha (8.0-12.0) 
Hz. To compute spectral power in each of the 
EEG frequency bands we first filtered the 
data to the frequency band of interest using 
finite-impulse response filters implemented 
in Matlab and the EEGLab toolbox [27]. 
Next, we Hilbert transformed the data to 
provide a moment-to-moment estimate of the 
power in the selected frequency band. We 
rejected noisy epochs of the filtered signal 
using a threshold detection method that 
removed any data point more than 3 
deviations away from the median.  

To compute the phase of the predicted 
cognitive state we first z-score the 
predictions across an entire recording for 
each participant. We then apply the Hilbert 
transform to separate the magnitude and 
phase components. We compute an average 
phase around the onset time of the side task 
using a window of ± 3 seconds. Finally, we 
use the Circular Statistics Toolbox [28] to 
regress changes in physiological response 
against the phase of the predicted state.  

 
3. RESULTS 

Figure 3 shows the grand average response 
across participants for pupil dilation, 
observed cognitive state, mean fixation 
duration, mean blink rate, and EEG activity 
at the onset of the first side task. In each case, 
the response (Resp) is averaged over the first 
full math sequence (25 seconds of data) and 
compared to a baseline (Base) period of 100 
seconds before the start of the task. In Figure 
3 A we see significant changes in pupil 
dilation (p < 0.0001) using a paired t-test 
implemented in Matlab. We also see 
significant changes (p < 0.0001) in the 

 
Figure 3: (A) Mean pupil dilation, (B) fixation duration, (C) EEG PSD changes, (D) observed cognitive state, 

and (E) blink rate at the onset of the first side task.  
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observed cognitive state (Figure 3 B). Note, 
the observed cognitive state is the output of 
the DGD and is driven by broad spectrum 
(i.e., frequencies [0.1-50] Hz) EEG activity 
across the scalp. Since the data for both 
Figure 3 A and B are derived from continuous 
time series signals, we present both the time 
series activity and the bar plots used to 
determine significance.  

Figure 3 C and D show the mean fixation 
duration and blink rate averaged over the 
same response and baseline periods from 
Figure 3 A and B. Here we see there is no 
change in fixation duration, but there is a 
significant increase in blink rate (p < 0.0005). 
Figure 3 E shows the changes in EEG PSD 
for the Delta, Theta, and Alpha bands over 
the scalp. To produce this figure, we 
subtracted the Base PSD from the Resp PSD. 
Channels with significant differences are 
marked with a black dot. We only see 
significant differences in EEG activity in 
mid-frontal regions for the Delta band.  

Next, we extracted the phase of the 
predicted state (i.e., output of the GCMT) at 
the onset of the side task and compared that 
phase to the magnitude of the physiological 

responses, i.e., Resp minus Base in Figure 3. 
This produced one circular variable (phase) 
and one linear variable (Resp minus Base) for 
each physiological signal. As previously 
stated, we used the Circular Statistics 
Toolbox [28] to test this circular-linear 
correlation for significance. The results are 
presented in Figure 4. We used the individual 
data points across participants to compute 
significance, but to produce these plots we 
used a sliding window to visually provide an 
estimate of the average magnitude of the 
physiological change (dark line) and standard 
errors (shaded region). For display purposes, 
we selected a sliding window size of 90o. To 
produce the Delta, Theta, and Alpha plots we 
took the response from the Cz electrode.  

From Figure 4 we see that the change in the 
physiological response for pupil dilation (p < 
0.01), fixation duration (p < 0.05), and central 
Theta (p < 0.01) all significantly correlate 
with the phase of the predicted cognitive 
state. Similar results are obtained for Theta at 
electrodes FCz, C1, and C2 indicating the 
relationship is to be found primarily in central 
regions. Central Delta (p < 0.07) approached 

 
Figure 4: Circular relationship between changes in (A) pupil dilation, (B) fixation duration, (C) blink rate, (D) 

Delta EEG power, (E) Theta EEG power, and (F) Alpha EEG power and phase of the predicted cognitive state.  
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significance, and blink rate was not 
significantly correlated.  

To better understand what we are seeing, 
Figure 5 plots the predicted cognitive state 
after dividing the participants into two 
groups. To do this, we identified those 
participants whose predicted state is in phase 
with the observed change induced by the side 
task (shown in Figure 3 B). We call this group 
the “in-phase” group. Participants were 
placed in the “in-phase” group if the phase of 
their predicted cognitive state was within ± 
90o of the induced change (~0o) The 
remaining participants were placed in the 
“out-of-phase” group. From Figure 5 we can 
visually verify that the “in-phase” group’s 
cognitive state (blue line) was predicted to 
already be in the state that is then induced by 
the task. The “out-of-phase” group was 
predicted to be on the other side of the 
spectrum away from that state. Note that the 
prediction was made 20 seconds before the 

start of the side task and 14 seconds before 
the verbal instructions.  

Finally, we are prepared to test our 
hypothesis of a hidden cost for disrupting the 
“out-of-phase” group. To do this, we 
compare the magnitude of change in 

physiological response (i.e., Resp minus Base 
from Figure 3) across the two groups. These 
results are presented in Figure 6 and show 
that the “out-of-phase” group has a 
significantly stronger pupillary response (p < 
0.05) and an increase in Fixation Duration (p 
< 0.05). This group also has a significantly 
smaller increase in Blink Rate (p < 0.05). 
Figure 6 also shows the difference in EEG 
activity, with the “out-of-phase” group 
showing less Theta activity (p < 01).  
 
4. DISCUSSION 

A review of the literature reveals that, in 
general, as cognitive load increases: 1) pupil 
dilation increases, 2) fixation duration 
increases, 3) mid-frontal Theta increases, and 
4) blink rate decreases [29-33]. Mental 
arousal, such as that associated with stress or 
anxiety, on the other hand, is more likely to 
produce 1) increased pupil dilation, 2) 
decreased fixation duration, and 3) increased 
blink rate [34-37]. When considering the 
aggregate response across all participants 
(Figure 3), the physiological response 
appears more similar to a stress response than 
cognitive load, which could be expected 
since the primary visual search task was not 
designed to be difficult and the side task 
required on-the-spot mental arithmetic. 
However, when we factored in the 
participants’ ongoing cognitive dynamics, we 
found that for those participants in the “out-
of-phase” group the physiological changes, 
relative to the “in-phase” group, more closely 
matched that associated with cognitive load, 
i.e., increased pupil dilation, increased 
fixation duration, and decreased blink rate. 
This, of course, assumes that the task 
required participants to be in a more “alert” 
state, but this assumption is confirmed by the 
group response in Figure 3 b.     

The only physiological variables that did 
not exhibit this pattern of increased cognitive 
load were the EEG variables Delta, Theta, 

 
Figure 5: Predicted cognitive state, time-locked 

to the onset of the first side task.  
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and Alpha. Contrary to prior work, Theta 
showed less activity in the “out-of-phase” 
group versus the “in-phase” group. We 
believe, however, that this explains our 
results rather than contradicts them. 
Naturally, Theta activity was contributing to 
the observed cognitive state estimate, thus 
oscillations in Theta were helping to form the 
oscillations in the observed cognitive state. In 
this way, the “in-phase” group got increased 
Theta activity “for free” as part of their 
ongoing dynamics. Prior work has shown that 
frontal-central Theta activity is an indicator 
of cognitive resource recruitment and 
deployment [38-39], which would provide a 
benefit to the “in-phase” group. The “out-of-
phase” group received no such benefit. This 
group had fewer resources available based on 
ongoing dynamics and, thus, had to disrupt 
those dynamics to address the task 
requirements. This, in turn, produced a net 
effect of increased cognitive load when 
compared to the “in-phase” group.  

We believe these results help shed light on 
why errors occur. If cognitive resources are 
oscillating due to their natural design, when 
those oscillations do not align with task 
demands the individual must disrupt them, 
but as with any process, disruption comes at 
a cost. Whether that cost is derived directly 
from the disruption or the inability to pull-in 
enough resources for the task during the 
disruption is beyond the scope of the current 
work. What we can say is that, from the 

physiological perspective, not having to 
disrupt ongoing dynamics appears preferable. 
This helps explain our result [4] in which 
errors between observed and predicted state 
led drivers to offload tasks to driving aids.  

As for what can be done to mitigate errors, 
we argue the answer is clear: when possible 
align task requirements with ongoing 
dynamics. In practice, this can be done in two 
ways. The first is through learning. In [4], we 
used the GCMT to show that as participants 
learned a task their ongoing dynamics began 
to align with task demands, through 
knowledge of the environment, anticipation 
of outcomes, and behavioral freedom. Our 
current work was designed to remove such 
anticipatory effects. Since the real world, and 
events within it, can be both predictable and 
unpredictable, learning can only take the 
individual so far. Therefore, we believe the 
second way to mitigate errors is through 
improved human-technology design. In this 
case, adaptive technologies would 
understand the time-varying limitations of 
the human to help schedule tasks in a manner 
consistent with human capabilities. When 
such scheduling is not possible, the system 
would then need to be prepared for error 
states and have in-built remediation strategies 
(e.g., take the wheel).  

 
5. CONCLUSION 

As long as there is a role for the human 
within modern (or future) military domains 

 
Figure 6: Differences in (A) pupil dilation, (B) fixation duration, (C) blink rate, and (D) EEG PSD between the 

“out-of-phase” and “in-phase” groups.  
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there will be a need for the military to 
understand human capabilities and how those 
capabilities can be leveraged to produce 
optimal performance. While the human 
sciences community has long understood that 
there is a temporal aspect to task performance 
and cognitive function, due to a lack of tools 
to measure and predict these variations there 
has been little effort to leverage this 
knowledge to improve system design. Only 
by understanding when and why cognitive 
function can lead to task errors, though, can 
system designers develop solutions to 
prevent them. The current work was just 
another step in addressing these questions, 
but firmly demonstrates that ongoing, 
cognitive dynamics provide critical 
information that cannot be overlooked.  
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