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Between	Subjects	Design	

§  Constraints	on	cognitive	control	can	improve	cognitive	flexibility	at	
the	expense	of	cognitive	stability	

§  Higher	constraints	on	cognitive	control	are	optimal	in	environments	
with	higher	demand	for	flexibility	

§  Costs	associated	with	cognitive	control	may	reflect	an	approximate	
solution	to	the	stability-flexibility	dilemma	in	neural	systems	
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different task when the environment changes. This is evi-
dent empirically in the form of costs to performance when
switching from one task to another, which are magnified
with increases in the allocation of control to the initial task
(Goschke, 2000). The dilemma is consistent with the task-
set inertia hypothesis, according to which the task-set of a
previously performed task persists and interferes with initial
performance of a subsequent task following a switch (Allport,
Styles, & Hsieh, 1994).

We use a recurrent neural network model of task perfor-
mance and control to explore how different choices of a
global control parameter (gain modulation) that determines
its maximal intensity, influence the stability and flexibility
of performance in a task switching environment. Critically,
we determine the optimal value of this parameter as a func-
tion of the demand for flexibility in the task environment,
and show how these results can explain differences in hu-
man task switch costs as a function of task switch probability.
Finally, we conclude with a discussion about how computa-
tional dilemmas such as the stability-flexibility tradeoff may
help provide a normative account of previously unexplained –
and what may otherwise appear to be irrational – constraints
on cognitive control. The code for all simulations used in this
work is available at github.com/musslick/CogSci-2018b.

Recurrent Neural Network Model

To explore the effect of constraints on the intensity of con-
trol, we simulate control configurations as activity states of
processing units in a neural network (control module) that un-
fold over the course of trials. Within each trial, the process-
ing units of the network engage an evidence accumulation
process that integrates information about the stimulus, and is
used to generate a response (decision module). In this section
we describe the processing dynamics for both the control and
decision modules, as well as the environments in which the
model is tasked to perform.

Control Module

We simulate the intensities of two different control signals as
activities of two processing units indexed by i, i 2 {1,2} in a
recurrent neural network. The activity of each processing unit
unit i at a given trial T represents the intensity of the control
signal for one of two tasks and is determined by its net input

netT
i = wi,iactT�1

i +wi, jactT�1
j + Ii (1)

that is a linear combination of the unit’s own activity at the
previous trial actT�1

i multiplied by the self-recurrent weight
wi,i, the activity of the other unit j 2 1,2, j 6= i at the previ-
ous trial actT�1

j multiplied by an inhibitory weight wi, j, as
well as an external input Ii provided to the unit (see Figure 1).
The self-recurrent and mutually-inhibitory weights induce at-
tractors within the control module, such that it can maintain
its activity over time in one state or the other, but not both.
The latter implements a capacity constraint on control with

regard to the number of control-dependent tasks the network
can support. These weights also determine the activity of the
units in each attractor state, that is also regulated by a gain
parameter that we use to implement the intensity constraint,
as discussed further below. The external input acts as a gat-
ing signal to the corresponding control unit (Braver & Cohen,
1999) and is set to 1 if the task represented by the control unit
needs to be performed and set to 0 otherwise. The net input
of each unit is averaged over time

netT
i = t · (netT

i )+(1� t)netiT�1 (2)

where netiT�1 corresponds to the time averaged net input
at the previous trial and t 2R : 0  t  1 is the rate constant.
A higher t leads to a faster change in activation for both units.
Finally, the activity of each unit is a sigmoid function of its
time averaged net input

actT
i =

1
1+ e�g·netT

i
(3)

where g is a gain parameter that regulates the slope of
the activation function. The sigmoid activation function con-
strains the activity of both units to lie between 0 and 1. The
gain of the activation function effectively regulates the dis-
tance between the two control states, with lower gain leading
to a lower activation of the currently relevant control unit. In
this model, we use g to implement a constraint on the inten-
sity of control, and explore its effect on the network’s balance
between stability and flexibility.
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Figure 1: Recurrent neural network model used in simula-
tions. Each of the two processing units in the control module
(blue) receive an external input signal I1, I2 that indicates the
currently relevant task. The dynamics of the network unfold
over the course of trials and are determined by recurrent con-
nectivity w1,1,w2,2 for each unit, as well as mutual inhibition
w1,2,w2,1 between units. The activity of each control unit bi-
ases the processing of a corresponding stimulus dimension on
a given trial. On each trial, the decision module accumulates
evidence for both stimulus dimensions towards one of two
responses until a threshold is reached.

Decision Module

On each trial the decision module integrates information
along two stimulus dimensions S1 and S2 of a single stim-
ulus to determine a response. Each dimension (e.g., color or
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Figure 1: Recurrent neural network model used in simula-
tions. Each of the two processing units in the control module
(blue) receive an external input signal I1, I2 that indicates the
currently relevant task. The dynamics of the network unfold
over the course of trials and are determined by recurrent con-
nectivity w1,1,w2,2 for each unit, as well as mutual inhibition
w1,2,w2,1 between units. The activity of each control unit bi-
ases the processing of a corresponding stimulus dimension on
a given trial. On each trial, the decision module accumulates
evidence for both stimulus dimensions towards one of two
responses until a threshold is reached.

Decision Module

On each trial the decision module integrates information
along two stimulus dimensions S1 and S2 of a single stim-
ulus to determine a response. Each dimension (e.g., color or
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shape) can take one of two values (e.g., red or green; round
or square), each of which is associated with one of two re-
sponses (e.g. pressing left or right button). Each of the two
tasks requires mapping the current value of one of the two
stimulus dimensions to its corresponding response, while ig-
noring the other dimension. Since both tasks involve the same
pair of responses, stimuli can be congruent (stimulus values
in both dimensions associated with the same response) or in-
congruent (associated with different responses). We simu-
late the response integration process using a drift diffusion
model (DDM, Ratcliff, 1978), in which the drift is determined
by the combined stimulus information from each dimension,
weighted by input received from the control module (as de-
scribed below), and evidence is accumulated over time until
one of two response thresholds is reached. The drift rate is
decomposed into an automatic and controlled component

dri f t = (S1 +S2)| {z }
automatic

+actT
1 S1 +actT

2 S2| {z }
controlled

(4)

where the automatic component reflects automatic process-
ing of each stimulus dimension that is unaffected by control.
The absolute magnitude of S1,S2 depends on the strength of
the association of each stimulus with a given response and
its sign depends on the response (e.g. S1 < 0 if the associated
response is to press the left button, S1 > 0 if the associated re-
sponse is to press the right button). Thus, for congruent trials
S1 and S2 have the same sign, and the opposite sign for incon-
gruent (conflict) trials. For the simulations described below,
the strength of the associations was equal along the two stim-
ulus dimensions. The controlled component of the drift rate
is the sum of the two stimulus values, each weighted by the
activation of the corresponding control unit. Thus, each unit
in the control module biases processing towards one of the
stimulus dimensions, similar to other computational models
of cognitive control (e.g. Cohen et al., 1990; Mante, Sus-
sillo, Shenoy, & Newsome, 2013; Musslick et al., 2015). As
a result, progressively greater activation of a control unit im-
proves performance – speeds responses and improves accu-
racy – for the corresponding task. Mean reaction times (RTs)
and error rates for a given parameterization of drift rate at
trial T are derived from an analytical solution to the DDM
(Bogacz, Brown, Moehlis, Holmes, & Cohen, 2006).

Task Environment and Processing Dynamics

We used the model to simulate performance while switching
between 100 mini-blocks of the two tasks (Meiran, 1996).
Each mini-block consisted of six trials of the same task. A
task cue presented before and throughout each mini-block in-
structed the model to adjust control signals to the currently
relevant task i, by setting Ii to 1 for the task-relevant control
unit and I j 6=i to 0 for the other. On each trial, a stimulus was
presented comprised of a value along each dimension S1 and
S2, the decision module integrated the input, and generated
a response that was deemed correct if it corresponded to the

one associated with the stimulus value along the dimension
indicated by the task cue.

Effects of Network Gain

on Stability and Flexibility

The intensity of the control signals is functionally constrained
by the gain parameter of the activation function in Equation 3:
lowering gain lowers the activity of a control unit for a given
positive net input, and thus constrains the maximum signal
intensity of the task-relevant control unit. Here, we exam-
ine how manipulations of gain influence the model’s perfor-
mance, and in particular measures of stability and flexibility
in the task switching design described above.

To do so we varied g from 0.1 to 3 in steps of 0.1. The con-
trol module of each model was parameterized with balanced
recurrent and inhibitory weights, wi,i = 1,wi, j =�1 and a rate
constant of t = 0.9. The decision module (DDM) was pa-
rameterized1 with a threshold of z = 0.0475, a non-decision
time of T0 = 0.2 and a noise of c = 0.04. We simulated per-
formance of each model on 10 different randomly permuted
task switching sequences of the type described above. Each
sequence was generated with a 50% task switch rate (i.e. one
half of the mini-blocks required to switch to another task with
respect to the previous mini-block whereas the other half of
the mini-blocks required to repeat the previous task). Task
transitions were counterbalanced with each task and response
congruency conditions.

For each simulation, we assessed the mean difference in
reaction times (RTs) and error rates between incongruent
and congruent trials as a measure of cognitive stability. In-
congruent trials typically lead to slower reaction times and
higher error rates than congruent trials due to response con-
flict, referred to as the incongruency effect. The stability-
flexibility dilemma suggests that increased control intensity
(implemented here by higher values of g) should augment
sensitivity to the task-relevant stimulus dimensions and di-
minish it to the task irrelevant dimension, thereby reducing
the incongruency effect (Goschke, 2000). We also measured
mean task performance as an index of task stability. Finally,
we assessed the flexibility in terms of performance costs as-
sociated with a task switch relative to a task repetition from
one mini-block to another. Specifically, we computed the per-
formance difference between the first trial of switch vs. rep-
etition mini-blocks. We predicted that increasing g would in-
crease task switch costs, as this would increase the distance
between the attractors in the control module and thus make
it harder to switch between them. We evaluated the effect of
gain on each of these measures by regressing each against the
gain of the network across all task sequences and networks.

The results in Figure 2a indicate that all tested models

1The parameter values were chosen to yield reasonable model
performance, i.e. an average task accuracy higher than chance.
While each parameter has a quantitative effect on the results de-
scribed below, the qualitative (direction) of the effects remains
robust across a wide range of parameter values (for details, see
github.com/musslick/CogSci-2018b).
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different task when the environment changes. This is evi-
dent empirically in the form of costs to performance when
switching from one task to another, which are magnified
with increases in the allocation of control to the initial task
(Goschke, 2000). The dilemma is consistent with the task-
set inertia hypothesis, according to which the task-set of a
previously performed task persists and interferes with initial
performance of a subsequent task following a switch (Allport,
Styles, & Hsieh, 1994).

We use a recurrent neural network model of task perfor-
mance and control to explore how different choices of a
global control parameter (gain modulation) that determines
its maximal intensity, influence the stability and flexibility
of performance in a task switching environment. Critically,
we determine the optimal value of this parameter as a func-
tion of the demand for flexibility in the task environment,
and show how these results can explain differences in hu-
man task switch costs as a function of task switch probability.
Finally, we conclude with a discussion about how computa-
tional dilemmas such as the stability-flexibility tradeoff may
help provide a normative account of previously unexplained –
and what may otherwise appear to be irrational – constraints
on cognitive control. The code for all simulations used in this
work is available at github.com/musslick/CogSci-2018b.

Recurrent Neural Network Model

To explore the effect of constraints on the intensity of con-
trol, we simulate control configurations as activity states of
processing units in a neural network (control module) that un-
fold over the course of trials. Within each trial, the process-
ing units of the network engage an evidence accumulation
process that integrates information about the stimulus, and is
used to generate a response (decision module). In this section
we describe the processing dynamics for both the control and
decision modules, as well as the environments in which the
model is tasked to perform.

Control Module

We simulate the intensities of two different control signals as
activities of two processing units indexed by i, i 2 {1,2} in a
recurrent neural network. The activity of each processing unit
unit i at a given trial T represents the intensity of the control
signal for one of two tasks and is determined by its net input

netT
i = wi,iactT�1

i +wi, jactT�1
j + Ii (1)

that is a linear combination of the unit’s own activity at the
previous trial actT�1

i multiplied by the self-recurrent weight
wi,i, the activity of the other unit j 2 1,2, j 6= i at the previ-
ous trial actT�1

j multiplied by an inhibitory weight wi, j, as
well as an external input Ii provided to the unit (see Figure 1).
The self-recurrent and mutually-inhibitory weights induce at-
tractors within the control module, such that it can maintain
its activity over time in one state or the other, but not both.
The latter implements a capacity constraint on control with

regard to the number of control-dependent tasks the network
can support. These weights also determine the activity of the
units in each attractor state, that is also regulated by a gain
parameter that we use to implement the intensity constraint,
as discussed further below. The external input acts as a gat-
ing signal to the corresponding control unit (Braver & Cohen,
1999) and is set to 1 if the task represented by the control unit
needs to be performed and set to 0 otherwise. The net input
of each unit is averaged over time

netT
i = t · (netT

i )+(1� t)netiT�1 (2)

where netiT�1 corresponds to the time averaged net input
at the previous trial and t 2R : 0  t  1 is the rate constant.
A higher t leads to a faster change in activation for both units.
Finally, the activity of each unit is a sigmoid function of its
time averaged net input

actT
i =

1
1+ e�g·netT

i
(3)

where g is a gain parameter that regulates the slope of
the activation function. The sigmoid activation function con-
strains the activity of both units to lie between 0 and 1. The
gain of the activation function effectively regulates the dis-
tance between the two control states, with lower gain leading
to a lower activation of the currently relevant control unit. In
this model, we use g to implement a constraint on the inten-
sity of control, and explore its effect on the network’s balance
between stability and flexibility.
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Figure 1: Recurrent neural network model used in simula-
tions. Each of the two processing units in the control module
(blue) receive an external input signal I1, I2 that indicates the
currently relevant task. The dynamics of the network unfold
over the course of trials and are determined by recurrent con-
nectivity w1,1,w2,2 for each unit, as well as mutual inhibition
w1,2,w2,1 between units. The activity of each control unit bi-
ases the processing of a corresponding stimulus dimension on
a given trial. On each trial, the decision module accumulates
evidence for both stimulus dimensions towards one of two
responses until a threshold is reached.

Decision Module

On each trial the decision module integrates information
along two stimulus dimensions S1 and S2 of a single stim-
ulus to determine a response. Each dimension (e.g., color or

activity	of	each	task	unit	determines	
amount	of	cognitive	control	applied	
to	the	task	(control	signal	intensity)	

dynamics	of	control	module	
unfold	across	trials	

activity	trajectory	
during	task	switch	

act2 act2

S1

accumulation	of	evidence	towards	response		
over	time	steps	t	within	trial	T	

time	steps	t		

response	1	

S1 color	coherence	motion	coherence	

Motion	Task	 Color	Task	

Cognitive	Control:	Ability	to	override	habitual	responses	in	order	
to	successfully	guide	behavior	in	the	service	of	current	task	goals	

»	Cognitive	control	is	fundamentally	limited	
(Shiffrin	&	Schneider,	1977)	

»	Costs	attached	to	increases	in	control	
signal	intensity	(Shenhav,	Botvinick	&	Cohen,	
2013;	Shenhav	et	al.,	2017)	
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Hypothesis	
Constraints	on	cognitive	control	promote	cognitive	

flexibility	at	expense	of	cognitive	stability	

»	Why	constrain	the	amount	of	cognitive	
control	allocated	to	a	task	with	a	cost?	

Stability-Flexibility	Dilemma	
(Goschke,	2000)	

K	

response	2	L	

(Musslick	et	al.,	2018)	

»	Costs	of	control	approximate	optimal	constraints	
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