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Abstract: The neurophysiological mechanisms
underlying task switch costs in humans remain elusive,
particularly the irreducible cost that persists when given
sufficient time to prepare following instructions. Two
competing theories, reconfiguration and task-set inertia,
provide differing accounts for the generation of switch
costs, but without support from single-unit recordings.
Here, we analyze the activity of large populations of
single-neurons in the medial frontal cortex while
neurosurgical patients are engaged in instructed task-
switching. We demonstrate that task representations
undergo reconfiguration on switch trials, and that inertia
in the baseline representations of task context are
predictive of upcoming switch costs, providing support
for both theories.
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Introduction

The process of switching between tasks occurs
countless times throughout the day for an individual. Every
instance of switching is accompanied by a cost, a decrease in
task accuracy and/or speed immediately after switching that
rapidly fades away (Monsell, 2015). Though this switch cost
is reducible when preparatory time is given after instructions,
an irreducible switch cost is always present the first time one
engages in a task when switching from a different task. The
presence of switch costs in animals is debated, being absent
from some species entirely, but is a prominent aspect of
human cognition (Caselli & Chelazzi, 2011; O’Donoghue &
Wasserman, 2021; Stoet & Snyder, 2003). The neural
mechanisms that generate switch costs remains unknow and
are hotly debated. Theories center around two possible
causes: reconfiguration and lingering activity (inertia) related
to the prior task (Monsell, 2015). Some evidence from
intracranial recordings exists supporting these proposed
explanations (Minxha et al., 2020; Weber et al., 2023), which
indicate a key role of the medial frontal cortex (MFC).
However, the neurophysiological basis of switch costs
remains elusive.

To arbitrate between different theories of switch
costs, we recorded the activity of large populations of single
neurons in the MFC of neurosurgical patients performing a
task with frequent instructed switching. We find that the task
context representations immediately following and far from
a switch exist in orthogonal subspaces composed of non-
overlapping populations of neurons. The task representation
in the latter subspace persistently encoding the previous task
is predictive of switch costs.

Methods
Task Subjects alternated between two possible tasks:
categorization (e.g. “Is this an image of X?”, where X is the
target category), and memory (e.g. “Have you seen this image
before?”) (Fig. 1a). Each experiment consisted of 48 blocks
of 8 trials. Task instructions were given once at the start of
each block, and needed to be remembered for the ensuing 8
trials (Fig. 1b). All questions were yes/no questions, with
subjects answering as quickly as possible. We refer to the
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Figure 1. (a) Task trial structure and (b) block structure.
(c) Task condition structure during the stimulus period. 8
unique conditions lead to 35 balanced dichotomies. Cat =
categorization, Mem = memory (d) Implant locations.

question being answered as the context for that block, either
Categorization (Cat) or Memory (Mem). Images belonged to
one of two categories (fruits, faces), with some repeated
(“old”) and some shown the first time, resulting in § total
possible conditions (Fig. 1¢). A balanced number of trials of
each condition were present in every block and at every trial
number across blocks. Switch costs were operationalized as
the excess time taken to complete the first trial after switching
tasks. For each block, patients control when to proceed from
the instruction screen to the first trial (Fig. 1a), such that they
are sufficiently prepared and the behavioral cost present
during Trial 1 after a switch is the irreducible switch cost.
Recording and Processing Patients with pharmacologically
intractable epilepsy were implanted with Behnke-Fried
electrodes (Fried et al., 1999) that allowed for recording of
single-unit activity from medial frontal cortical (MFC)
structures including the dorsal anterior cingulate (dACC) and
pre-supplementary motor area (preSMA) (Fig. 1d). Unit
activity from these regions was isolated using standard spike
sorting techniques (Rutishauser et al., 2006). Spikes were
counted during two time periods: baseline (-1 to 0 s prior to
stimulus onset) and stimulus (0.2 to 1.2s after stimulus onset).
“Trial 1” baseline spikes are recorded after a patient has read
the instructions and pressed a button initiating a block, but
has not yet performed the task instructed for that block.
Quantifying Representational Geometry We used two
metrics to quantify the content and format of neural
representations: shattering dimensionality (SD) and cross-
condition generalization performance (CCGP). Discussion of
these metrics and their uses are available in prior work
(Bernardi et al., 2020; Courellis et al., 2023). In brief, metrics
operate over balanced dichotomies of task conditions (Fig.
1B), which are formed by splitting the 8 unique conditions
into two equal groups of 4 conditions (e.g. 4 points in
category vs 4 points in memory is the context dichotomy).
Each metric is computed independently for the 35 possible
unique dichotomies. SD is the average decoding accuracy
over all balanced dichotomies, and is an index of the
expressiveness of a representation. CCGP is an index of
abstraction, with high CCGP dichotomies indicating that
those variables are disentangled from other decodable
variables in the representation because performance
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generalizes to completely held-out conditions. These
geometric measures are computed in neural state spaces
constructed from the activity of all recorded neurons.

Results
Context representation following instructions predict
switch costs. Data recorded over 56 sessions (n = 35 patients)
yielded 757 well isolated neurons. Switching costs were
robust for both tasks (Fig. 2a, each line is a session), with
Trial 1 after an instruction screen on average 40% slower than
the average block RT. We decoded task context from spikes
counted during the baseline period and found context to be
robustly decodable from activity of MFC neurons during
Trials 4-8 after a switch (Fig. 2b, left, decoder trained on
Trials 4-8). However, this decoder (henceforth steady-state
subspace) did not generalize to decode activity in Trial 1. Yet,
context was decodable from Trial 1 when training and testing
adecoder during Trial 1 only (Fig. 2b, right, red). Conversely,
the Trial 1 decoder failed to generalize to Trials 4-8, with
context decodability in the subspace identified by this
decoder (henceforth switch subspace) falling to chance after
Trial 3 post-switch. These two context coding subspaces were
orthogonal (Fig. 2c¢) by virtue of being largely non-
overlapping populations of neurons (Fig. 2d,e). Greater
context decodability in both subspaces predicted faster RT
(lower switch cost) on the upcoming trial (Fig. 2f). On slow
trials, the context of the previous block was decodable from
dACC as indicated by below-chance decoding (Fig. 2f, right).
Stimulus representations reconfigure during switch
trials. Representational geometry was quantified during the
stimulus period by performing SD and CCGP analysis on
Trials 4-8 (Stay) and Trial 1 (Switch). All three stimulus
properties (context, novelty, category) were decodable on
Stay trials in both dACC and preSMA (Fig. 3a). However,
dACC alone exhibited a significant decrease in SD (Fig. 3a,
black line) and CCGP for context (Fig. 3b, red) on switch
trials. The mis-configuration of the dACC representation on
Switch trials is visualized in Fig. 3c,d by performing multi-
dimensional scaling (MDS) on condition-averaged neural
activity from dACC alone. The systematically structured Stay
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Figure 3. Stimulus period context and stimulus
representations. (a) Reduction in decodability of task-
relevant dichotomies and reduction of shattering
dimensionality on switch trials compared to stay trials in
the dACC (left). This effect is absent from the preSMA
(right). (b) CCGP of context representation significantly
reduced on switch trials in dACC. Dimensionality
reduction of dACC neural responses using MDS during
stay (c) and switch (d) trials.

trial representation (Fig. 3c) is contrasted with the relatively
disorganized Switch trial representation (Fig. 3d).
Discussion

Both the task-set inertia and reconfiguration theories are
consistent with aspects of our data. Baseline and stimulus
period task representations in the MFC undergo
reconfiguration following switch trials, and previous-context
decodability is correlated with higher switch costs (inertia).
Further analysis is needed to explore switch cost prediction
during the stimulus period, switch-trial response conflicts,
and to clarify the effect of practice, which can reduce switch
costs.
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