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Abstract

Learning perception-action contingencies from the environ-
ment depends on attention, to efficiently control cognition and
selectively process sensory information. Shifting attention be-
tween sensory modalities incurs a cost in humans, other pri-
mates, and rodents, resulting in slower learning in the new
modality. Previous set-shifting work in rats showed that in-
creased difficulty of perceptual discrimination in the preceding
modality increases the following shift cost. We studied this in
humans by manipulating perceptual attention in one sensory
modality, titrating task demand by staircase design, to test the
effect on perceptual contingency learning in another modality.
To accommodate the complexity of human learning, we intro-
duce a Bayesian method to decompose and estimate learning
characteristics from performance data. This method identifies
the completion of rule acquisition and consolidation, account-
ing for individual variation in learning. Results show the ex-
pected modality shift cost, and offer new evidence in humans
that shift cost is exacerbated by prior demands on attention.

Keywords: perceptual learning, computational cognition, at-
tention, set-shifting task

Introduction
Human learning is a complex process that depends on cog-
nitive faculties including attention, perception, and memory,
all interacting as we acquire and consolidate new informa-
tion. Humans learn perceptual contingencies, such as how to
safely navigate traffic lights, using these faculties to do asso-
ciative and then inference-based learning.

Efficient learning, that is, learning under time or resource
constraints, depends critically on paying attention. This view
conceives of attention as the flexible control of limited com-
putational resources (Lindsay, 2020), with the emphasis on
control. A slightly more general view from predictive pro-
cessing literature, however, sees attention as “context or state-
dependent optimization of the precision of prediction errors”
(H. Brown et al., 2011). This allows that attention operate not
only at the level of cognitive control, but also as a perceptual
filter, enhancing discrimination of intra-modal stimuli near
the perceptual threshold (Dermody et al., 2024).

The juxtaposition of both modes of attention when learning
contingencies highlights their interaction. As we navigate our
sensory environment, attention acts as a filter, allowing us to
focus on specific aspects of our environment while inhibiting
others by altering sensory neuron representations (Desimone
& Duncan, 1995; Luck et al., 1997). This filtering function
is dynamic and must respond to varying demand levels (e.g.

distraction, occlusion, low discriminability) as well as man-
age competition and shift between targets or sensory modali-
ties. This raises the research question we study here:

How does attentional resource allocation influence contin-
gency learning in humans under conditions of high vs low
perceptual discriminability of task stimuli?

We used an attentional set-shifting task to test the hypoth-
esis that increasing perceptual focus on a given modality (vi-
sual/auditory) will tax attention and delay perceptual contin-
gency learning after a modality switch. The attentional set-
shifting paradigm is widely used to investigate how attention
relates to learning of stimulus-response contingencies, par-
ticularly when shifting attention between different stimulus
dimensions (Dias et al., 1996; Leong et al., 2017; Owen et
al., 1991). The key feature of this paradigm is the introduc-
tion of novel stimuli and stimulus-response rules, requiring
participants to shift their attention from one stimulus dimen-
sion to another. Such shifts of attention demand additional
processing and manifest as a performance decrement, com-
monly termed the shift cost.

While the phenomena of modality- or task-driven shift cost
is well established, here we leverage the expected shift cost
to test the role of perceptual attention demand on later learn-
ing of a new stimulus-response rule. That is, the study tests
whether being more heavily taxed in attention during one ses-
sion will cause participants to be slower to acquire and con-
solidate the modality-shifted rule in a subsequent session.

The current study builds on Vasilev et al. (2022), who
demonstrated the effect of attention manipulation on subse-
quent shift costs in rats. We adapted their GO/NOGO task
for human participants, with functionally identical study de-
signs for cross-species comparison. Compared to rats, hu-
mans require significantly fewer trials to learn new stimuli,
and may exhibit sudden substantial behavior shifts due to in-
ference. Thus, we also present a novel learning-point detec-
tion approach, to handle our data where the number of trials
is limited and behavioral changes can occur rapidly.

In order to better operationalise the potential complexity
of human learning, we do not treat it as linear but apply the
classic three stage model of acquisition, consolidation, and
maintenance (Fitts & Posner, 1967; Karni & Sagi, 1993). Ac-
quisition occurs when individuals first encounter and acquire
new contingencies, as exposure, response, and feedback cy-
cles lead to initial neuroplastic connections and memory for-
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mation. During this stage, performance fluctuates and the
success rate at this stage reflects the process of trial and er-
ror. Consolidation is an intermediate stage, during which the
newly acquired information becomes more stable and is in-
tegrated into existing knowledge structures. Performance be-
comes more consistent and probability of success increases.
Maintenance involves longer-term retention and reinforce-
ment of prior learning.

The results validate the experimental translation: we ob-
served modality shift costs and, consistent with the rat study,
found increased costs following tasks with high attentional
demand. Thus, shift cost is not simply due to reward-guided
attention. While perceptual attention is rarely central in hu-
man set-shifting research, our findings highlight the strong
role it plays, that goes beyond dimensional salience and im-
plicates the active information sampling (Esber & Hasel-
grove, 2011).

Method
Participants
A total of 55 participants were recruited to the study. Six
were excluded due to data loss caused by technical errors.
Our two core inclusion criteria were that participants should
maintain adequate performance throughout the experiment
and that the attention manipulation should sufficiently im-
pact performance. These resulted in exclusion of 10 partic-
ipants. In addition, 13 participants with musical education
were recorded and are excluded from this report, as the effect
of music training is not in scope here. The reported sample
thus consists of 26 participants (15 female, 10 male, 1 other;
age M=27.9, SD=4.5).

The study was conducted according to the guidelines of the
Declaration of Helsinki, and approved by The University of
Helsinki Ethical Review Board in Humanities and Social and
Behavioural Sciences, 27/2022.

Apparatus
The experiment was conducted in an experimental room
with controlled lighting and sound conditions. Two lights
(LEDGO LG-600CSCII) were used to provide sufficient and
consistent lighting throughout data collection. The Tobii Pro
Spectrum 600 eye-tracking system and Tobii Pro Lab soft-
ware were employed to monitor gaze location during the
task; that data is not analysed herein. The stimuli were pre-
sented to the participants using Tobii monitor (EIZO FlexS-
can EV2451, diagonal=60.5 cm) and Sony MDR-7508 head-
phones. Tobii Pro Lab, and PsychoPy v2021.2.3 for task pre-
sentation, both ran on a Lenovo ThinkStation P350 i9 32GB
with Nvidia T1000 8GB graphics, Windows 10 Pro.

Procedure
Participants were provided with consent forms and back-
ground questionnaires. After completing the questionnaires,
participants were introduced to the experimental task, and
eye-tracking calibration procedures were performed.

The task required participants to identify the GO stimulus
through trial and error. For each correct response, indicated
by green feedback, they earned one point, which was later
converted into a reward, as explained before the experiment.
Participants could track their cumulative points on the screen
between experimental blocks. The point system was imple-
mented to sustain motivation and encourage continued effort,
even after the GO stimulus was identified.

The experiment, illustrated in Figure 1, consisted of nine
sessions of at least 60 trials each: one training and eight
test sessions. After training, we orally confirmed with par-
ticipants that they understood the task and could identify
the stimulus contingencies. The experimenter described any
necessary clarifications, and if needed, training was reiter-
ated. All participants completed the training successfully.
Before both staircase sessions, compulsory breaks were im-
plemented, to prevent fatigue and ensure best possible perfor-
mance during the staircase.

The experimenter followed the progression of the experi-
ment on a second monitor, where Tobii Pro Lab overlaid gaze
location on the task, in order to verify that participants fix-
ated on stimuli. This was particularly crucial during auditory
modality sessions, as some participants naturally tended to let
their gaze drift away from irrelevant visual stimuli.

The task took approximately 40 minutes to complete, with
another 20 minutes for paperwork.

Stimuli
Within each session of the experiment (described below),
stimuli comprised 2 auditory stimuli (pure tones) and 2 vi-
sual stimuli (sinusoidal grating), see Figure 1, panel B and C.
In each trial, one auditory and one visual stimulus were pre-
sented simultaneously in one of four possible random combi-
nations. At each experiment session a specific modality was
designated as relevant. In this modality, one stimulus served
as the ‘GO’ stimulus, requiring a key press. The other stim-
ulus in the relevant modality was the ‘NOGO’ stimulus, re-
quiring no action. The presentation of the stimuli lasted for 1
second. For the response to be registered, the key should be
pressed within the second the stimuli are on. Positive feed-
back (green light) was given for the key press to GO stimuli,
and negative feedback (red light and a longer inter-trial in-
terval) was provided if a key was pressed for NOGO stimuli.
No feedback was given when the key was not pressed. The
second modality was considered irrelevant and had no effect
on participants’ performance score.

The stimuli in each modality were easily discriminable. Vi-
sual stimuli varied in grating orientation by 30 degrees, while
auditory stimuli differed in frequency by an amount roughly
equivalent to one tone (30/32 of a tone).

Throughout the experiment, five distinct stimulus sets were
used. Each set contained stimuli that were sufficiently differ-
ent from those in other sets to prevent interference from pre-
viously learned stimuli. Despite the limited number of stimu-
lus combinations per session (only four, as in the original rat
study), the task was challenging because it was speeded and
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the abstract stimuli resist memorisation by naming.

Experiment structure
The experiment started with a training session to ensure that
the participants understood the task rules. Thereafter, the ex-
periment was divided into sessions of four types, repeating
(see Figure 1 panel A).

Inter-Dimentional Shift (IDS): Following training, the
first IDS occurred, replacing stimuli with a different set of
2 auditory and 2 visual stimuli. However, the relevant modal-
ity for the GO and NOGO stimuli remained consistent with
the previous session modality (training for first IDS).

Staircase Method: After the IDS session, the staircase
procedure was conducted. This phase began with the same
set of stimuli used in the IDS session, but the NOGO stim-
uli were adjusted using a 2-down/1-up staircase method. As
the NOGO stimulus became more similar to the GO stimu-
lus, this adjustment aimed to determine the appropriate level
of difficulty for each participant, corresponding to approxi-
mately 70% performance accuracy. The stimuli in irrelevant
modality stayed the same.

A.

B.

C.

Figure 1: Experiment design at structure, trial, and stimulus
levels. Panel A: Experimental structure: AUD (auditory) and
VIS (visual) indicate the relevant modality for corresponding
sessions. Participants were randomly assigned to begin with
either the AUD or VIS modality. Panel B: trial schematic
(visual elements not to scale), with structure: fixation cross,
target stimulus, feedback. Three feedback possibilities are
shown: no key press, no feedback (left); key press, green light
if GO, red light of longer duration if NOGO. Panel C: exam-
ple stimuli under the rule GO to auditory high ‘F’ tone.

Attention Manipulation Sessions (AMS): The AMS ses-
sion consisted of two blocks (120 trials each) using the same
discrimination task. The task was either easy, using the same
stimuli as in the IDS, or difficult, with the GO stimulus un-
changed and the NOGO stimulus adjusted based on the stair-
case results. The stimuli in the irrelevant modality remained
the same as in the IDS.

Extra-Dimensional Shift (EDS): After AMS, an EDS oc-
curred, introducing a new set of stimuli along with a change
of the relevant modality.

Session order: Following EDS, the entire cycle of IDS -
staircase - AMS - EDS was repeated one more time, ensur-
ing that all participants completed both easy and challenging
attention manipulation tasks.

The experiment sessions initially consisted of 60 trials
each. Progression to the next session would occur if the win-
dowed average performance (window=20 trials) reached 80%
accuracy. If not, another block of 60 trials, with the same
parameters, was added to the session. After completing each
block, participants had to press space to continue, giving them
a self-paced but brief pause for comfort.

Performance control: The efficacy of the AMS depended
on the staircase converging to suitably hard-to-discriminate
stimuli. To ensure this, the procedure would be repeated if af-
ter staircase procedure, the achieved difficulty of the stimuli
resulted in too low performance (<55%) suggesting guessing,
or too high (>75%) indicating insufficient discrimination dif-
ficulty. Using this method to control performance for only a
subset of participants, we could establish the minimum value
of performance impact due to the attention manipulation, and
thus exclude (as described above) any of the other participants
for whom the manipulation failed.

Impact of performance was measured by the Euclidean dis-
tance between the 2D points defined by normalised error rate
and response time for sessions following the AMS (see Fig-
ure 3 panel B). In this way we accommodate performance
impact expressed as speed and/or accuracy (rather than accu-
racy alone). The minimum value found among the controlled
participants was about 30% of the normalised maximum of
all participants’ performance.

Estimation of learning point & shift cost

All modelling and analyses used Python 3 and common anal-
ysis libraries, as well as pymc, statsmodels, and pingouin.

To test our hypothesis that inducing an attention ‘cost’ (i.e.
taxing perceptual attention in one modality) would influence
a subsequent attention ‘shift’ (i.e. contingency learning in the
other modality), we computed shift costs as follows. We de-
fine and estimate a ‘learning point’ (see below and Figure 2),
as the trial number at which a specific degree of task profi-
ciency is attained. Estimating a learning point for each ses-
sion, we calculate shift costs by subtracting the learning base-
line (learning point at the first IDS session) from the learning
point achieved in sessions following a modality shift.

Learning point detection
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Figure 2: Example data showing two-stage fitted Bayesian
framework model for (top) the acquisition stage and (bottom)
the consolidation stage. Probability of a successful response
is on the y-axis; GO trials are red stars and responses are blue
stars; response outcomes are shown as green stars, correct=1
and error=0. Trials are on the x-axis; dashed line shows the
estimated trial for rule acquisition, when model mean proba-
bility ≥ 0.5 in the top plot. The bottom plot shows the esti-
mated learning point when HDI 3% lower bound ≥ 0.5

Trial and error learning of implicit information, such as
a sorting rule, has been modelled in several ways, including
sigmoid curve fitting and Bayesian hypothesis testing (Tenen-
baum & Griffiths, 2001). While the original rat study used a
sigmoid approach (Vasilev et al., 2022), the method proved
unsuited to our data. The Sigmoid function, or S-Curve, is
sensitive to individual errors when the number of trials is
small, and cannot capture abrupt shifts in behavior.

Also, in contrast to the related card sorting tasks (Lange
et al., 2016), in our task learning is partly probabilistic rather
than purely rational. This is because the GO and NOGO stim-
uli may be close to perceptual discrimination threshold and
the task is speeded rather than self-paced, requiring an auto-
matic rather than deliberative response.

Thus, our approach combined Bayesian evidence updating
with the conceptual three-stage model of learning mentioned
in the Introduction: rule acquisition, consolidation, and main-
tenance. This allowed us to model learning from fewer trials
and also account for progressive changes in humans’ infor-
mation updating.

During the acquisition stage, when the target remains am-
biguous, the learning process is characterized by trial and er-
ror, wherein various options are explored randomly. Until

a sufficient amount of feedback is gathered, these trials can
be regarded as independent events (every trial a guess), and
their outcomes modeled using a binomial distribution. The
Bayesian framework dynamically calculates the evolution of
the distribution of outcomes following each trial.

The calculation begins with the first trial that includes feed-
back. Since feedback was provided only for trials where an
action (key press) was taken, any initial trials following a
stimulus change in which the participant did not act lacked
feedback and, therefore, did not provide information about
which stimulus should be considered the GO stimulus.

The search for the correct GO stimulus can occur either
within the correct or incorrect modality. If the search starts in
the incorrect modality, the probability of a correct response
may drop below 0.5. However, as the search progresses and
the correct modality is identified, the probability of a cor-
rect response increases, eventually crossing the 0.5 threshold.
This point, where the mean probability surpasses 0.5, is con-
sidered the moment of ‘rule acquisition’.

Humans also use inference to grasp meaning beyond the
information given, driving abrupt shifts in mindset and de-
coupling future performance from prior success or failure. To
account for this, a model update cutoff point is introduced at
the moment of rule acquisition (when the probability of suc-
cess reaches or exceeds 0.5), and the consolidation stage prior
is updated using only trials from this point onward.

The consolidation stage is marked by performance confi-
dently exceeding chance. This stage is defined as the point
where the 3% highest density interval (HDI) surpasses 0.5,
signifying that performance is reliably above chance and the
participant has identified the correct GO stimulus. In cases
when several crossing points are detected, the point is defined
as the average of the first and last crossing point.

We define the learning point as the number of trials from
first feedback to the consolidation stage, i.e. the trial when
HDI>0.5.

Results
We first assessed the effect of modality shifts on learning to
validate the experimental design. Even with a relatively sim-
ple task, the results demonstrated a clear impact of modal-
ity shifts on learning duration. As expected, modality shifts
(EDS sessions) resulted in longer learning times compared to
IDS sessions where the modality of the GO stimulus was the
same as the previous session (though the stimuli themselves
changed). Participants required, on average, 13 more trials in
the EDS compared to the IDS (p < 0.001, 95% CI: -19.575,
-6.810; Figure 3 panel A).

An additional order effect was seen, i.e. the first round
of IDS and EDS sessions required, on average, 7 more tri-
als before participants learned the rule for the GO stimulus,
compared to the second round (p = 0.038, 95% CI: -13.152, -
0.387). This suggests that participants not only learned within
individual sessions but also across sessions, becoming more
efficient at handling the task and likely refining their under-
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A.

B.

C.

Figure 3: Results. Panel A: the learning point (first feedback
to consolidation trial) of shift sessions, in order: IDS1, EDS1,
IDS2, EDS2. The blue line indicates the average performance
of participants who completed a difficult discrimination task
prior to the first EDS, while the orange line represents those
who completed it prior to the second EDS. Shaded areas indi-
cate ±1 standard error of the mean. Panel B: participant-wise
behavioural performance in accuracy (x-axis) and response
time (y-axis), for easy (black) vs. difficult (blue) AMS. Axes
range from minimum to maximum observed values on scales
normalised from 0 to 1. Panel C: our primary result shows
the shift costs of the first and second rounds of IDS and EDS
depend on the attention manipulation (coded by box colours).

standing of task demands.
As described above, we established that attention manipu-

lation worked using combined RT and accuracy results (see
Figure 3 panel B). Given this, further analysis of the EDS
sessions showed that learning following the difficult AMS
required, on average, 11 more trials (p = 0.031, 95% CI: -
21.429, -1.006), indicating that a more challenging prior task
(with high discrimination difficulty set individually by stair-
case) increased learning time for subsequent sessions. This
analysis examines the absolute number of trials it takes for
the participant to learn the rule for the new GO stimulus.

We have also analysed the shift cost using the IDS1 as
an individual baseline, and found similar results. Bayesian
one-sided t-test of the shift costs yielded a Bayes factor of
2.83, providing some evidence of a difference between the
two groups, with a significant difference between costs ob-
served for the modality shifts following the difficult and easy
discrimination tasks (p = 0.022, 95% CI: [-inf, -2.34]). These
results show that shift costs were greater for participants who
had completed the difficult discrimination task, supporting
the hypothesis that modality shifts lead to higher learning
costs when attention is more taxed by task difficulty.

In summary, the task design successfully evoked shift costs
with modality changes, and manipulation of attention via task
difficulty was shown to significantly affect subsequent learn-
ing time. Both the analysis of absolute trials and the shift
cost indicated that participants required more trials to learn
the GO stimulus following the difficult AMS.

Discussion
Our main result supports the hypothesis that taxing attention
with task difficulty will increase subsequent shift costs during
a modality shift. This builds on two intermediate outcomes.

Shift costs were calculated based on session-wise learning
point estimates that account for the non-linearity and nois-
iness in how human performance data captures the learn-
ing process. This novel method, using a Bayesian frame-
work, compared well to the sigmoid fitting approach used by
Vasilev et al. (2022), when we tested both on human data
with far fewer trials than the rats. Specifically, the Bayesian
approach was robust to isolated incorrect trials, but better cap-
tured sudden ‘belief updating’ (even if in the incorrect direc-
tion). The method also provides a principled account of what
is learned, based on the outside-of-chance (HDI≥ 0.5) poste-
rior estimate of the binomial distribution.

AMS sessions support the claim that attention was indeed
taxed; the manipulation used forces attention allocation to
achieve acceptable performance and thus progression. Re-
sults in Figure 3 panel B, show the manipulation successfully
modulated participant performance in both accuracy and RTs.

Based on the successful induction of a modality shift cost
and attention manipulation, our final result Figure 3, panel
C illustrates the support for our main hypothesis. Vasilev et
al. (2022) previously studied the role of perceptual attention
and concurrent changes in neuronal representations on subse-

4675



quent learning. They trained head-fixed rats in a GO/NOGO
auditory-visual attentional set-shifting task, which our task
aimed to directly translate to humans. Thus, Vasilev et al.
(2022) task used similar stimuli, session structure, and ma-
nipulation; differing (aside from apparatus) mainly in that rats
had many more trials per session. It was observed that learn-
ing to respond to novel and easily discriminable stimuli in
one modality was slower after difficult discriminations in an-
other previously-rewarded modality. That is, taxing attention
at one time had an adverse effect on later contingency learn-
ing (with outcomes based on perceptual attention). With these
two complementary results, evidence is strengthened that the
fundamental processes of mammalian perception and atten-
tion are interdependent in support of contingency learning.

Implications and further work
Attention set-shifting tasks support the view of attention as a
flexible control of limited resources (Barceló, 2020; Cowley
& Lukander, 2016): learning after a shift illustrates flexibil-
ity, but modality shift costs illustrate that flexibility is lim-
ited. Our findings extend this, showing the sensitivity to de-
mand on attention. An important question is why? Learning
a new rule in an EDS has moderate perceptual demand and
deterministic (not probabilistic) contingency, so should be a
straightforward associative learning task. What mechanism
‘carries over’ the taxing of attention from the prior AMS?

In a difficult perceptual task, attention demand requires dy-
namic modulation of sensory neuron representations (Desi-
mone & Duncan, 1995; Luck et al., 1997) to enhance sensory
processing, which can create a temporary bottleneck. This
matches the computational model of higher precision ‘prior’
prediction needed to discriminate perceptually ‘close’ stim-
uli. A contrasting easy perceptual task would require lower
precision ‘broad’ priors. A consequence, illustrated by train-
ing any Bayesian update model, is that more precise priors
require more updates to shift.

Additionally, the more finely tuned attention is to the pre-
vious task, the harder it is to switch to a new one, leading to
more mistakes. This underscores the role of attentional focus
and neural adaptation in task-switching performance.

Interestingly, research in psychophysics of perceptual
learning transfer has shown that task difficulty influences
how well learning generalizes to untrained conditions: easier
training tasks lead to greater transfer (Ahissar & Hochstein,
2004; Wang et al., 2013). Easier tasks promote broader gener-
alization across motion directions, visual fields, and percep-
tual dimensions — suggested by Reverse Hierarchy Theory
to involve higher cortical areas. In contrast, more challeng-
ing tasks typically result in learning that is more specific and
less transferable (Pavlovskaya & Hochstein, 2011). These
earlier studies raise important questions about how task diffi-
culty may shape subsequent performance. Our findings com-
plement these studies by addressing these questions in terms
of perceptual learning across modalities.

Our findings also highlighted a strong influence of order of
the modality shift, as the first shift was more challenging re-

gardless of difficulty of the preceding AMS. Thus, task learn-
ing carried through from EDS1 to EDS2.

Humans possess the powerful ability to grasp meaning be-
yond the information given, by forming concepts and making
inferences. This is distinct from associative learning (con-
ditioning), because the lessons learned via inference are not
required to be reinforced by direct experience (Jensen et al.,
2019). For example, one may use observed relations, e.g.
A>B and B>C, to infer never-before-seen relations, A>C,
a case of transitive inference. In our task, the introduction
of the first modality shift poses a significant challenge to the
existing task profile, necessitating updates in the task-relevant
information and task-redundant information categories. Once
these updates are completed, this updated task profile facili-
tates further modality shifts, as it becomes encoded within the
learned task rule. This should be investigated in future with a
study design that controls the task profile update. That could
be accomplished by introducing more than two dimensions
(modalities) to create equally ‘new’ modality shifts, or an ex-
periment where the full verbal explanation is given, explicitly
indicating the relevance of both modalities.

In Vasilev et al. (2022), motivation stemmed from receiv-
ing rewards for correct responses throughout the experiment.
Most human participants were similarly motivated by receiv-
ing ‘points’ for correct responses, traded for a book voucher.
However, some of the first participants were recorded without
this reward due to an oversight, and a subset of these showed
diminished performance in the maintenance stage of the task
(perhaps due to boredom). This subset was excluded from
analysis as per our first inclusion criterion. Yet their perfor-
mance profile – comparable to extrinsically rewarded partici-
pants in the acquisition and consolidation stages (as required
to progress in the task), but dropping off during maintenance
– illustrates how humans’ behaviour is dependent on their
(potentially idiosyncratic) interpretation of the task demands.

Maintenance stage performance also highlights the role of
cognitive depletion. While this may contribute to shift costs,
it does not truly explain our findings. If it did, we would ex-
pect increasing shift costs with successive task switches. In-
stead, our data show that the first shift resulted in longer learn-
ing times, indicating that initial adaptation difficulties are not
due to cognitive depletion.

Conclusions
In conclusion, we studied the impact of task difficulty on
modality shift cost in humans. Our findings confirm that the
reward-guided theory of shift cost is incomplete, since induc-
ing a state of high-demand, focused, goal-directed perceptual
attention negatively affects subsequent learning following a
modality shift.

Also, our translation of a matching attention set-shifting
task from rodent to human is novel, as most prior rodent
studies have used olfactory cues unsuited to translation (V. J.
Brown & Tait, 2016). Critically, we thus demonstrate cross-
species similarity for the role of perceptual attention filtering
in the shift cost, in two evolutionarily distant species.
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