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Cognitive flexibility refers to the adaptive neural processes that adjust learned
behaviours as circumstances shift, supporting optimal decision-making and

behavioural control. This includes the capacity to modify specific behaviours as
the contingency between cues and rewards degrades. Across species'™, the medial
prefrontal cortex (mPFC) has awell-established role in controlling contingency
degradation®; however, the precise neural circuit mechanisms underlying this
cognitive process remain unclear. To address this gap, we developed a quantitative
model of cognitive flexibility that incorporates a meta-learning parameter into an
established reward prediction error learning model®’. Our meta-reward prediction
error model significantly improves accurate representation of mouse cue-evoked
licking behaviour in response to degraded or enhanced cue-reward associations.
Using longitudinal two-photon calcium imaging and single-cell holographic
optogenetics, we found that a subset of neurons in the mPFC specifically encode the
contingency degradation in a significant and causal manner. Recognizing that
behavioural flexibility probably requires interactions between the mPFC and
canonical reward learning circuitry, we then examined how mPFC neural signalling
during contingency degradation interacts with the ventral tegmental area (VTA)—a
critical hub for reward processing®. Our imaging and optogenetics data show that
mPFC sends this signal to VTA, with most mPFC->VTA neurons reflecting this
transmission, and that selective optogenetic stimulation of these ensembles
accelerates contingency degradation. These findings reveal how prefrontal circuits
facilitate flexibility, selectively halting learned behaviours through connections with
subcortical reward networks.

The ability to link valued outcomes with their predictive cuesis a vital
process that underlies decision-making for behavioural control®. It
is equally essential to adapt behavioural strategies as cue-outcome
relationships shift in dynamic landscapes rather than perseverating
onaninitially learned, but now outdated, strategy. Cognitive flexibility
describes the process of modifying learned behaviours or strategiesin
changing environments, and is disrupted in many cognitive disorders
includingaddiction®. Understanding how the brain selectively degrades
the value of certain cue-reward associations while preserving others
is crucial for developing future interventions for addiction, for which
persistent high-value drug-cue associations can drive relapse'. Here
we sought to develop a mechanistic understanding of how the brain
supportslearningto selectively stop certain behaviours while continu-
ing others in the same context.

Successfully adapting behaviour after cue contingency changes
hinges upon first detecting that the environment has changed, and
then rapidly updating cue-reward values and behavioural choices

accordingly. The prefrontal cortex (PFC) has been implicated heavily
in this reversal learning process in humans*" and other animals'. A
sizeable body of research on prefrontal flexibility highlights the role
ofthelateral orbitofrontal cortex (OFC), as lesionsin this region block
behavioural adaptation after contingency reversals*2. OFC signalling
is highestimmediately after contingency reversal®*, but oftenreturns
tobaseline levels long before the full behavioural reversal takes place™.
This activity timescale indicates that OFC may detect environmental
change, butadditional prefrontal circuits probably expedite cue revalu-
ation and behavioural adaptation after contingency reversal.

Unlike the lateral OFC, lesions in the mPFC" decelerate behav-
ioural updating after cue contingency changes>*?° rather than
abolishing reversal learning entirely. After mPFC lesions, animals
exhibit perseverative responding to previously rewarded cues” ™",
indicating an inability to extinguish high-value contingences after
repeated reward omissions. This suggests that the mPFC may contain
neural circuitry that expedites behavioural updating in response to
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Fig.1|Meta-RPE model explains reversal learning behaviour. a, Behaviour
task schematic. Animals experience asingle reversal after stable mastery of
initial Pavlovian contingencies. b, Anticipatory licking between cue and
reward delivery quantifies task performance (licks x cuetype P<0.0001;n=20
mice). ¢, Licking raster plot from an example mouse across reversal.d, Fits of
anticipatory licking curves display different inflection points for contingency
degradation (H~L) and enhancement (L>H) in an example mouse. e, Scatter
plotofbehaviouralinflection (left) indicates that most mice change L>H
licking before H>L, represented at the population level (right) withabar graph
(H>L>L>H,P=0.0273;n=20 mice).f, Sample RPE-based value curves for
licking behaviour pre-, post- or across reversal. g, Quantification of RPE gain
(learning rate) for models from finn =20 mice (cue x time P=0.0008).

h, Correlations between trial-modelled RPE and behavioural change on the
nexttrial at theindividual (left) and population (right) level are not significant
inmost mice during thereversal (P=0.3299; n =20 mice).i, Visualization of the
relationship between RPE and mRPE. j, mRPE model fit to the same dataasinf.
k, Comparison of model fitonn=40micetolicking behaviour usingan
unweighted metric (negLL) between the meta-RPE model (mRPE), RPE models

contingency changes. Here we develop a quantitative model to simu-
late this flexibility, using task variables that can be related to mPFC
activity at single-cell resolution. Our longitudinal in vivo two-photon
calciumimaging demonstrates that asubset of neuronsin mPFC caus-
ally encode a selective contingency degradation error signal that is
transmitted to the VTA—acritical subcortical learning hub that drives
motivated behaviour.
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and other models with dynamiclearningrate including the RPE model with
splitlearning rate for positive and negative errors (RPE,,), Pearce-Hall (PH),
extended Mackintosh (eMack) and RPE model with learning rate modulated by
the previous RPE (RPE,_,). The mRPE modelfits significantly better than the
other models (P < 0.0001for all comparisons; n =40 mice).l, Asink, but
withaweighted fit metric, Bayes information criterion (BIC), that penalizes
models for additional free parameters. The mRPE model still fits significantly
better than the other models with this penalty (n = 40 mice; RPE,,, P=0.0064;
PH, P<0.0001;eMack, P<0.0001; RPE,_,, P=0.0258; RPE, P=0.0339).

m, Comparison of the trial at the point at which value degradation begins
(Methods) for allmodels, in addition to anticipatory licking behaviour. Only the
mRPE model has anon-significant difference from the behaviour (n =40 mice,
mRPE, P=0.2086; RPE,,, P=0.0255; PH, P< 0.0001; eMack, P < 0.000L; RPE,_,,
P=0.0002;RPE,P=0.0002).Error barsdenote +s.e.m.*P<0.05.See
Supplementary Table 1for more statistical information, including more post
hoc comparisons between models (Extended DataFig.1), sidedness and
corrections for multiple comparisons. NS, non-significant.

Toisolate a quantitative behavioural flexibility signal, we trained
head-fixed mice on aPavlovianreversallearning task (Fig.1a) inwhich
four unique odour cuesinitially signalled reward deliveries with either
85% or 15% probability (two cues each). After stable mastery of the ini-
tial Pavlovian contingencies, mice experienced a single contingency
reversal, for which one cue-reward association reversed from high to
low value (contingency degradation; H-L trials). In the same reversal
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Fig.2|Aneural correlate for CD inmPFC. a, Schematic of head-fixed two-
photon calciumimaging strategy, with single neurons tracked over days and
weeks. b, Example FOV with extracted transients and GLM-isolated (Extended
DataFig.2and Methods) CD (green) and CE (blue) cells. ¢, Proportions of CD
and CE cellsinmPFC (P<0.0001,n=15mice).d, Distribution of CD cellnumbers
acrossthe dataset (n=1,527 out of 11,792 cells from n =15 mice). e, Overlap
comparison for all CD cells with other GLM categories. There are significantly

session, another cue-reward association was enhanced (L~>H trials),
whereas two value-matched control cues did not reverse (H>H, L->L).
Licking between cue presentation and reward delivery (0-2.5s), reflect-
ing the animal’s anticipation of a future reward**?, was used to quantify
task performance and was not significantly different between matched
contingency cues before, after or across stable days after reversal
(Fig. 1b). The contingency reversal was not indicated to the mice, so
anticipatory licking towards reversed cues took many trials to change
and several sessions to fully re-stabilize (Fig. 1c). Notably, the midpoints
of theH~>L degradation and L>H enhancementbehaviours were distinct
anddissociable (Fig.1d), with the response to degradation taking longer
thanenhancement onaverage (Fig.1e) even whenthe overall sequence
oftrialsis considered (Extended Data Fig. 1a). This result indicates that
animals commit several trial errors using their original strategy before
they change their behaviour, and thatlearning from cumulative positive
errors and cumulative negative errors occurs at different rates.

On the basis of our behavioural observations, we designed a com-
putational model of the learning process in this task. Traditional rein-
forcement learning models’ learn by updating a value function using
reward prediction errors (RPEs)*—the difference between experienced
reward and what had been predicted at a static gain (learning rate”?).
The Rescorla-Wagner RPE model®’, is able to capture a contingency
degradation trajectory (Fig. 1f) but displays notable differences from
animalbehaviour during our reversal learning task. First, model fits that
include reversal behaviour display increased learning rates compared
with unreversed cues or stable behaviour days (Fig.1g). Although RPE
predicts next-trial behavioural change before and after the reversal,
thereisnosignificantlinear relationship between RPE and behavioural
change during the reversal period in 19 out of 20 mice (Fig. 1h). This
discrepancy isattributable to alack of behavioural changeimmediately
after the reversalwhen RPEs are highest (Fig. 1h), with change instead at

more cells that do not overlap thanany other comparison (P<0.0001,n=15
mice). f,g, Average trialamplitude (f) of CD cellsin an example mouse (green)
parallels the CD signal (black), with acombination of excited and inhibited

cells (g). See Supplementary Table 1for more statistical information, including
sidedness and corrections for multiple comparisons. See Extended Data Fig.3
forimplant placements.*P<0.05. Error bars denote + s.e.m. Scale bars, 100 pm.

intermediate RPEs. These observationsindicate that animalsincrease
the weight of mid-reversal RPEs (compared with early or late trials) in
the behaviouralimplementation of the contingency reversal.

Thelagbetween task and behavioural reversal points suggests that
animals may accrue errors over several trials before they change their
behaviour, requiring anintegration of RPEs. Thisintegration can take
the form of another error signal that computes the average RPE over
several trials. Such a meta-RPE (mRPE) signal is highest mid-reversal
whenbehaviour israpidly changing and can be calculated online from
therolling average of individual RPEs (Fig. 1i). Allowing mRPE to modu-
late RPE gain (equations (3)-(6); Methods) produces a contingency
degradation curve (Fig. 1j) that fits significantly better than single-trial
error (RPE) models and other established models with dynamiclearning
rates (Extended Data Fig. 1b-e) when considering the animal’s choice
(Fig.1k 1) or anticipatory licking (Fig. 1m) behaviour (examined inn = 40
mice). Incorporating differentintegration rates for contingency degra-
dationand enhancement recapitulates the delayed behavioural change
onset and differencesin their temporal dynamics. Asthe mRPE is high
during flexible (reversal) behaviour, mRPE could represent a quantita-
tive cognitive flexibility signal with dissociable and calculable signals
for contingency degradation (CD) and contingency enhancement (CE).
The mRPE model, behaviour fitting dataset and figure source data
used for hypothesis testing are available at github.com/stuberlab/
Hjort-et-al.-2026-PFC-and-reversal-learning and ref. 24.

mPFC lesions selectively impair learning from concentrated nega-
tive errors” ™", thus mPFC neurons could be a substrate of CD. Sup-
portingthis possibility, standard reinforcement learning models that
lack a CD term fail to accurately predict the effects of mPFC lesions on
contingency degradation®. We performed longitudinal two-photon
calciumimaging of GCaMP6s* through microprisms?% toimage 11,792
mPFC neurons across reversal learning (Fig. 2a) and used a modified
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generalized linear model (GLM)* to test for significant encoding of
task and cogpnitive variables for each neuron (Extended Data Fig. 2
and Methods) (package available at github.com/stuberlab). A sub-
population (13.1 +1.1%) of mPFC neurons (Fig. 2b) displayed signifi-
cant CD encoding (Fig. 2¢,d) that was largely distinct from other task
variables including cue delivery and trial value (Fig. 2e). The activity of
individual excited (983 out 0f1,527, 64.3 + 4.3%) and inhibited (544 out
0f1,527,35.6 + 4.3%) CD cells (Fig. 2g), along with their average activity
(Fig. 2f) parallels the modelled CD signal. The neural CD encoding is
time-locked to contingency degradation trials, as shifting the CD signal
within (Extended Data Fig. 2 and Methods) or across (Extended Data
Fig. 4j) days did not recapitulate the proportion of significant CD cells.
Population encoding of cue meaning? (Extended Data Fig. 4a-i) and CD
(Extended Data Fig. 4k) was largely stable across reversal and did not
decay with time, rendering arepresentational drift-driven explanation
unlikely. Altogether, asubset of mPFC cellsact as a neural substrate for
a CD signal and may drive behavioural flexibility during contingency
degradation.

GLM modelling can only correlatively link CD and mPFC activity. To
overcome this, we used holographic single-cell optogenetics using a
spatial light modulator (SLM)?® to test this relationship causally by
selectively activating CD encoding neurons in the mPFC and quantify-
ing subsequent effects onrecorded and modelled value-guided licking
behaviour. Mice expressing both the two-photon compatible excitatory
opsin ChRmine*® and GCaMP6s*in mPFC (Fig. 3a), performed the rever-
saltask tofirstidentify CD neurons (Fig. 3b) and trained subsequently
tostable post-reversal behaviour. As we hypothesized that CD ensemble
activity decreases value-driven licking behaviour, the CD ensemble
received selective optogenetic holographicactivation® (Fig. 3c) on half
of trials during presentation of the unreversed high-value cue (H>H),
whereasthe other half of trials served as controls (Fig. 3d and Methods).
Patterned optogenetic stimulation of neuronal ensembles of CD (76 + 12
cells per session) oramatched number of control cells produced robust
activationinthe targeted neuronsin the field of view (FOV), validating
the spatial and temporal specificity of this approach (Fig. 3c). In SLM
experiment 1, CD cell activation occurred on half of trials intermixed
randomly with unstimulated trials (Fig. 3d). There were significantly
fewer anticipatory licks on CD stimulated trials compared with the
trials with no stimulation (Fig. 3e,f). In SLM experiment 2, CD activa-
tion trials occurred randomly interleaved with a size-matched control
ensemble of neurons that did not significantly encode any task vari-
ables (Fig.3d). Asin SLM experiment 1, there were significantly fewer
anticipatory licks on CD stimulated trials compared with control trials
inSLM experiment 2 (Fig.3g,h). InSLM experiment 3, CD activation also
occurred on 50% of trials randomly intermingled with a size-matched
control ensemble of cells that encoded another GLM variable (cue) but
not CD (Fig. 3d). These mice also displayed a significant reductionin
anticipatory licking during CD cell stimulation (Fig. 3i,j). There was
nosignificant difference in anticipatory licking to control stimulation
across the three experiments (Fig. 3k), suggesting effects from CD cell
stimulation primarily drove the observed behavioural effects. As CD
cell activations were much larger in all three experiments compared
with activity levels during the behavioural tasks (Fig. 2g versus Fig. 3c),
mice could be expected tohave amuch larger amplitude CD signalinthe
behavioural model. Fitting the mRPE model to behavioural data from
allSLM experiments supports this conclusion, with significantly higher
model-fit CD amplitudes on the stimulated high-value cue compared
with the unstimulated high-value cue (Fig. 31). Thus, SLM stimulation
ofidentified CD neurons reduced cue-evoked licking, suggesting that
mPFC neurons causally encode CD to drive contingency degradation.

The mRPE model calculates mRPE fromarolling average of single-trial
RPEs. Consequently, mPFC cells need RPE information to calculate CD.
Given the well-established role of VTA dopamine neurons in RPE cod-
ing?* and strong reciprocal mPFC and VTA connectivity***, the mPFC
CD cells could receive this RPE information from the VTA. Thus, we
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used fibre photometry to record changes in the dopamine indicator
GRAB-DA3h* (Fig. 4a), reflecting VTA>mPFC dopamine release during
contingency reversal. Consistent with previous reports®, VTA>mPFC
dopamineincreased during the reversal (Fig.4b,c), and this was largely
attributable to signalling during the contingency enhancement (L>H),
supporting that unexpected RPE coding (Fig. 4d) may be one of the
many functions®® of dopamine signalling in the mPFC. GLM analysis of
the dopamine signal revealed significant cue, value, CEand RPE encod-
ing (Fig.4e). Theseresultsindicate that mPFC receives RPE information
fromVTA, asisrequired to calculate CD for contingency degradation.

The mRPE model degrades contingencies when a rising CD signal
increases the gain of omission-related RPEs. Accordingly, the mRPE
model predicts that CD should influence single-trial RPE signalling.
Past neuroanatomical findings are consistent with this possibility as
VTA dopamine neurons are the canonical substrate of RPE***, and
approximately 10% of mPFC cells project directly to VTA®*>*, Fibre
photometry-mediated mPFC~>VTA terminal calcium recordings during
reversal (Fig. 4p) displayed significant CD encoding (Fig.4q), indicating
that the CD signal directly reaches the neural substrate of RPE (VTA).
Single-cell calcium imaging of VTA-projecting mPFC cells (Fig. 4f)
revealed that most (61.5 + 9.45%) significantly encode CD signalling
(Fig.4g,h)—asignificantincrease in proportion compared with the total
mPFC population (Figs. 2c and 4i,). Together, these results substanti-
atethat mPFC~>VTA circuitry preferentially represents a CD signal for
contingency degradation (Fig. 4j).

If VTA->mPFC dopamine RPE signalling is necessary for mPFC to
compute mRPE and drive the H->L reversal, then infusing dopamine
antagonistsinto the mPFC (Fig. 4k) should impair CD signalling (Fig. 41)
and, subsequently, the time course of reversal. Consistent with this
prediction, infusing a cocktail of DIR and D2R antagonists (SCH23390
(SCH) and raclopride (RAC)) into mPFC during reversal (Fig. 4m,n)
reduces CD encoding in the calcium activity of mPFC>VTA neuron
terminals (Fig.4q), CD amplitude in the mRPE model (Fig. 40) and the
reversal midpoint (Fig.40) compared with saline controls. These results
provide causal evidence that reciprocal mPFC and VTA signalling drives
contingency degradation during flexible behaviour.

The mRPE modelimplements CD by increasing the gain of repeated
negative RPEs. Traditionally, the VTA represents negative RPE through
reduced activity of dopaminergic (VTA,,) neurons*"*, or through
increased activity of the GABAergic (VTAg,g,) neurons that inhibit VTA,,
neurons**°, Thus, mPFC->VTA cells encoding CD should interact with
either target to enhance negative single-trial RPEs and drive CD behav-
iour. Simultaneousinteraction withboth populations could also explain
thesplitexcitation or inhibition profile of CD cellsin mPFC (Figs. 2g and
4h).Imagingthe ex vivo calcium activity of VTAg,p, and VTA,,, neurons
in brain slices with concurrent mPFC terminal stimulation (Fig. 5a)
supports this hypothesis, with 50.1 £ 2.7% of the 581 VTAg,z, Neurons
responding (Fig. 5b,f), primarily through excitation (Fig. 5c,g), along-
side significantly fewer VTAp, neurons (Fig.5d,f,35.8 + 2.6% of n =1,084
cells) split evenly between excitation and inhibition (Fig. 5e,g). This
heterogeneity in VTA,, response could explain the mixed activity of
mPFC CD cells (Figs. 2g and 4h). Nevertheless, because the strong-
est modulated population was the VTAg,z4 neurons thatinhibit VTA,,
neurons® “ during negative RPEs, exciting the mPFC->VTA projection
should drive contingency degradation behaviour.

To test in vivo the hypothesis that exciting mPFC>VTA projections
should causally expedite contingency degradation during reversal
learning, we injected virus to express channelrhodopsin in mPFC
neurons and stimulated through optical fibres placed over the VTA
while mice performed the reversal task. Optogenetic activation of the
mPFC->VTA projection outside of the task context produced neither
rewarding nor aversive behavioural phenotypes in a real-time pref-
erence test (Fig. 5i), supporting the idea that this circuit modulates
learning and behavioural flexibility rather than innate approach or
avoidance. Withinthereversal learningtask, stimulatingthe mPFC>VTA
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Fig.3|Single-cell holographic optogenetic activation of mPFC CD cells
causes CD. a, Schematic showing expression of both GCaMPé6s and ChRmine
inmPFC. b, Imaging mPFC cells expressing GCaMP6s and ChRmine during the
reversal taskisolated CD cells with GLM. The CD ensemble (left) was subsequently
activated after post-reversal stability using holographic optogenetics (SLM)
(right). c, Targeted activation of cellsin an example mouse. Note higher levels
ofactivationin most cellswhencells are targeted. d, Schematic of SLM
experiments. Spiralindicates SLM stimulation. The H>H cue experienced
stimulation (H"), whereas the L>H served as an unstimulated value-matched
control (H).ITl, inter-trial interval. e, Example licking behaviour for SLM
experiment 1in which CD cells were stimulated (top) in half of trials. Trials are
sequential withinagroup. f, There were significantly fewer anticipatory licks
during CD stimulationin SLM experiment 1(P=0.0054,n =8 mice).g, Example
licking behaviour during CD (top) or GLM non-stimulated control (bottom)

projection (Fig. 5j,k) after the mice had acquired the initial Pavlovian
associationbutbefore the reversal generated amodest but significant
reductioninanticipatory licking (Fig. 5k-m), consistent with our SLM
results (Fig. 3). By contrast, optogenetic stimulation of mPFC>VTA
activity concurrent with contingency degradation significantly
(Fig. 5m), and near instantly (Fig. 5n), reduced anticipatory licking
towards the H>L cue. mRPE-mediated value models of the reversal
stimulation behaviour display significantly enhanced CD amplitudes
compared with mCherry expressing control mice (Fig. 50). Chemo-
genetic inhibition of MPFC->VTA neurons significantly decreased CD

Cell stimulation mRPE modelled cue

ensemble stimulationin SLM experiment 2. h, There were significantly

fewer licks on CD stimulation trials compared with GLM~-control trialsin SLM
experiment 2 (P=0.0077,n=8mice).i, Examplelicking behaviour during CD
(top) or cue cell control (bottom) ensemble stimulationin SLM experiment 3 j,
There were significantly fewer licks on CD stimulation trials compared with cue
cell control trialsin SLM experiment 3 (P=0.0139, n = Smice).k, There was no
significant difference in number of licks to control stimulation across the three
experiments (P=0.3460,n=8mice).l, Larger mRPE-modelled CD amplitude
for H compared with H trials suggests CD cell photostimulation produced a
larger CD signal (P=0.0250, n =8 mice).See Supplementary Table1for more
statistical information, including more post hoc comparisons, sidedness and
corrections for multiple comparisons. See Extended DataFig. 3 forimplant
placements. Error barsdenote £ s.e.m.*P<0.05.Scale bars, 100 um.

amplitude and slowed reversal (Extended Data Fig. 5). Together, these
causal experiments present further evidence that mPFC->VTA signalling
drives contingency degradation.

Itis possible that these effects, and those from Fig. 3, arose from a
transient suppression of behavioural responding with CD cell stimula-
tioninstead of atrue learned change. To test whether the anticipatory
lick reduction outlasted the stimulation (supporting the learning
hypothesis) or reverted to pre-reversal levels (supporting the tran-
sient suppression hypothesis), we compared post-reversal sessions
in ChR2 mice with and without mPFC->VTA stimulation. Consistent

Nature | www.nature.com | 5
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with the learning hypothesis, licking remains reduced significantly
from pre-reversallevels, and comparable with post-reversal levelsin
control mice (Fig. 5m). Therefore, the mPFC->VTA projection causally
implements a CD signal to drive contingency degradation learning

(Fig. 5p).
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duringreversal (m) willimpair CD signalling as dopamine in mPFC conveys RPE
(e) and the mRPE model suggests CD computationsinvolve averaging RPEs.
Lick datafrom sample mice infused with saline (grey) or SCH + RAC illustrates
impaired H>L reversal (R) with treatment (n), quantified (o) as asignificantly
delayed midpointinthe treatmentgroup (P=0.0368,n =7 mice per group) and
smaller CD amplitude on the reversal day (P=0.0394, n =7 mice per group).
Inuntreated mice, sample mPFC->VTA terminals encode CD (p), as does the
population (q). This effectis reduced significantly with SCH + RAC infusion
acrossreversal (P=0.0058 untreated versus SCH + RAC, P=0.0445 saline
versus SCH + RAC, n=8mice (untreated), 7 (saline) and 7 (SCH + RAC). See
Supplementary Table 1for more statistical information, including more post
hoc comparisons, sidedness and corrections for multiple comparisons. See
Extended DataFig. 3 forimplant placements. NC, no cannulaimplanted.
*P<0.05.Errorbarsdenote +s.e.m.Scale bar,100 pm.

Our work indicates that behavioural change occurs more rapidly
during contingency reversal because mRPE signals increase the gain
ofindividual RPEs. These data provide an explanation for the long-
standing observation thatlearning rates are expedited during reward
contingency changes*. Our quantitative modelling suggests that both
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tuning of learning rates in rodent models™**# through various assump-

tions (Extended Data Fig. 1), but they do not outperform the mRPE
modelinourtask (Fig.1). These earlier models predict that the largest
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behavioural changes should coincide with the biggest single-trial
errors. Thisisincongruent with the behaviour we observed, as animals
wait for several trials to change their anticipatory licking, rendering the
largest behavioural change atintermediate RPEs (Fig.1). Our meta-RPE
model includes a meta-learning signal (mRPE) that peaks at aninter-
mediate point in the reversal, significantly improving value function
fits to behaviour (Fig. 1). The idea of a meta-learning signal peaking
mid-reversalis consistent with ahuman PFC neuroimaging study from
Behrens and colleagues®, who found a ‘volatility signal’ that peaked
mid-reversal. Our work advances thisidea by accounting for the differ-
encebetween learning from positive versus negative errors, whichare
distinct. In our study, dopamine release in mPFC (Fig. 4) significantly
encodes positive CE, whereas negative CD is reflected in the activity
withinmPFC~>VTA projection neurons (Figs.4 and 5). Collectively, this
suggests that distinct neural circuit elements contribute uniquely to
CE versus CD needed for cognitive flexibility.

The previously reported mPFC lesion effects on contingency
reversal®*2° may be explained partly by the loss of CD cell activity,
whichaligns with observed changesin neural dynamics. Several other
groups have reported altered mPFC firing patterns during contin-
gency changes, including Bissonnette and colleagues’ conflict cells,
Malagon-Vina and colleagues’ low behavioural performance cells,
Karlsson and colleagues’ increased signalling volatility, Powell and
colleagues’>*lower correlation and Rich and colleagues’* cells tracking
proportionincorrect. Considered individually, increased CD cell activ-
ity only during reversal would increase population variability (‘volatil-
ity’ and ‘lower correlation’) that is otherwise fairly stable before? and
after reversal (Extended Data Fig. 4). In our task, the CD cells change
their activity during the ‘conflict’ between old and new contingency
expectations because, as mice choose to lickin anticipationto the H>L
cue, subsequent reward delivery is unlikely (15%), in ‘conflict’ with the
pre-reversal 85% probability. As animals make continued seeking errors
towards the devalued cue, they are making ‘incorrect choices’ impair-
ing ‘behavioural performance’. Therefore, itis likely that the activity of
the mPFC CD ensemble is at least partially responsible for previously
observed lesion effects and mPFC firing changes during reversal.

Quantitative identification of CD encoding in mPFC~>VTA circuitry
(Fig. 4) and causally linking this to contingency degradation behav-
iour (Figs.4 and 5 and Extended Data Fig. 5) establishes a clear answer
regarding how prefrontal (mPFC) and subcortical (VTA) areas coordi-
nate changes in learned behaviours during cognitive flexibility. This
reciprocal interaction involves RPE signals in VTA->mPFC dopamine
(Fig.4) that mPFC~>VTA cells use to compute a CD signal (Fig.4), which
is sent back to VTAg,s, and VTAp, neurons (Fig. 5). Overall, PFC termi-
nal stimulation drove primarily excitatory responses in VTA neurons,
largely inthe VTA 5, population with more heterogeneous responses
inVTAp, neurons. This functional connectivity profile aligns with previ-
ous cell-type-specific retrograde tracing studies of VTA neurons®>>¢,
Previous work by Spellman and colleagues” has indirectly suggested
arole for mPFC->VTA circuitry in cognitive flexibility. In their work,
post-reward firing changes during reversal were not restricted preferen-
tially tothalamic or striatal-projecting mPFC neurons, but localized spa-
tially to deep layer V projection neurons?, notably where mPFC>VTA
neurons are concentrated®>”. Furthermore, patterned optogenetic
stimulation of CD neurons expedites contingency degradation (Fig.3)
providing a causal link between mPFC ensemble activity and cognitive
flexibility.

Our work establishes quantitative CE and CD signals critical for
understanding neural circuits for cognitive flexibility. Although we
demonstrate that some mPFC neurons and mPFC~>VTA neurons in
particular drive contingency degradation, these computational prop-
erties may alsobereflected in many brain regionsimportant for moti-
vated behaviours, whichinterface either directly or indirectly with the
mPFCand VTA. It remains to be seen whether these circuit mechanisms
are impaired in addiction models, although we would speculate CD
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encoding cells may be compromised in some form after extended
volitional access to drugs of abuse. Specifically, hypofrontality asso-
ciated with active substance use disorder®”* could include loss of
functioninthe mPFC->VTA pathway. This could manifest inthe reported
deficits in cognitive control and flexibility related to drug-associated
Cues9,57*61_

This work provides a quantitative, mechanistic explanation for
how certain prefrontal circuits permit flexibility to selectively stop
learned behaviours throughinteractions with core subcortical reward
systems.
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Methods

The University of Washington Institutional Animal Care and Use
Committee approvedall proceduresin this manuscript under protocol
no.4450-01.

Subjects and surgery

Allinvivo recordings occurred in male and female wild-type C57BL6)
mice between 3 months and 6 months of age obtained from Jackson
Laboratories or their progeny. Mice were housedinal2-hreverse cycle,
with experiments conducted during the dark period. The facility tem-
perature was maintained between approximately 20 °Cand 24 °Cand
atleast 30% humidity. The task characterizationsin Fig. 1 represent the
behaviour of the first 20 mice investigated—a combination from Figs. 2
and4.We added an additional 20 mice for model benchmark compari-
sonincluding mice from Figs.3and 4 and controlsinFig.5and Extended
DataFig. 5. TheresultsinFig.2 represent 15 mice, Fig. 3 contains 8 mice
and the dopamine recordingsin Fig.4erepresent 7 mice fromanorigi-
nal cohort of 8 (1was omitted because of fibre loss). The mPFC>VTA
terminal recordings in Fig. 4q represent eight mice (NC), seven mice
(saline) and seven mice (SCH + RAC), with one salineand one SCH + RAC
omitted throughoutlier testing for reversal midpoint (z=2.07 and 2.26,
respectively, both P < 0.05). The mPFC~>VTA single-cell recordings in
Fig.4frepresent four mice. The ex vivo optogenetic resultsin Fig.5a-g
arefromthree VGAT-Cre (VGAT is also known as Slc32al; Jax #028862)
and three DAT-Cre (DATis also known as Slc6a3; Jax #006660) mice.
Theinvivo optogeneticsresultsin Fig. Sh-p derive from 20 mice, split
randomly between ChR2+ (10) and mCherry (10) groups, and the inhibi-
tionresultsin Extended Data Fig. 5are from 10 mice, split randomly into
DREADD (5) and mCherry (5) groups. Sample sizes were not predeter-
mined but areinline with other publications involving PFC single-cell
imaging or neuronal photostimulation. For experiments with control
and treatment groups, we split cage mates evenly intoboth groups dur-
ing surgical preparation and used male and female mice for allgroups
in all studies. For experiments with control and treatment groups,
blinding was not possible because the same experimenters performed
the surgery (injecting different viruses or drug cocktails) and ran the
behavioural analyses. Analysis of the behaviour of these cohorts was
performed using established modelling programs that require minimal
user input. Mice were housed in a reverse light-dark cycle and were
group housed before surgery, after which they were housed singly. At
least 1 week before the start of behaviour, mice experienced a water
restriction of 1-2 ml per day*>* while maintaining at least 85% of their
bodyweight.Inadditionto researchers, facility veterinarians monitored
the animals’ condition carefully.

Surgical implantation of microprisms centred on prelimbic cor-
tex occurred following previously published protocols? with the
following modifications and notes. Two-photon recordings in Fig. 2
occurred through3-mm length prisms, whereas recordings for Figs.3
and 4 occurred through 8-mm length prisms because of implant
availability. The mPFC~>VTA single-cell cohort (Fig. 4f-i) received
bilateral injection of 500 nl AAVretro-pgk-cre (University of North
Carolina vector core) into the VTA centred at anteroposterior —2.8,
mediolateral +0.13 and dorsoventral 4.0 ata10° angle,and 4 x 300 nl
of AAVDJ-DIO-GCaMP6s-WPRE (Stanford vector core) in mPFC fol-
lowing published coordinates?. The mPFC~>VTA inhibition experi-
ments (Extended DataFig. 5) followed the same injection coordinates
but received AAV5-DIO-CaMKIla-hM4Di-mCherry-WPRE (University
of Washington vector core) or AAV5-DIO-CaMKlla-mCherry-WPRE
(University of Washington vector core) in the mPFC. The mPFC>VTA
fibre photometry recordings took place through 6-mm 400-pum
core fibres (Doric MFC_400/470-0.37_6mm_MF2.5_FLT) implanted
at the same coordinates, concurrently with bilateral injection of
AAVDJ-GCaMP6s-WPRE (Stanford vector core) in mPFC at anter-
oposterior +1.94, mediolateral -0.4 and dorsoventral =2.3. Cannula

inhibition experiments (Fig. 4k-q) included the same viruses and
fibres, with the addition of a bilateral guide cannula (outer diameter
0.48 mm, length of cannula(C) = 3.5 mm, G1=0.5mm G2 =0.5mm,
RWD catalogue no. 62024) paired withdummy cannula (RWD catalogue
no. 62124) and internal cannula (RWD catalogue no. 62224). Dopamine
photometry recordings (Fig. 4a) involved the same fibres implanted
at anteroposterior +1.94, mediolateral -0.4 and dorsoventral 2.4
after injection of AAV2/9-hSyn-GRAB-DA3h (BrainVTA)** at the same
anteroposterior and mediolateral coordinates but dorsoventral =2.3.
PFC-VTA stimulation mice (Fig. 5h) received a300-nlbilateral injection
of AAV5-CaMKIla-hChR2(H134R)-eYFP-WPRE (University of Washing-
ton) or AAV5-CaMKIlla-mCherry-WPRE (University of Washington) at
anteroposterior +1.94, mediolateral —0.4, dorsoventral -2.4, and bilat-
eralimplant of 200-pm core fibres (RWD R-FOC-BL200C-39NA) at 2.8,
mediolateral £1.3, dorsoventral 4.0 atal0° angle. All viral titres were
ontheorder of 1x 10 genome copies ml™, diluted in PBS if necessary.
See Extended Data Fig. 3 for implant placements from animals in all
experiments. Mice recovered from surgery for at least 3 weeks before
they beganwater restriction, behavioural testing and neural recordings.

Head-fixed behaviour

Mice were head-fixed using a previously published apparatus
mounted to agoniometer stage (Thorlabs). They habituated to head-
fixation and consumption of 2.5 ul 10% sucrose from a spout centred
under their snout for at least three sessions before behaviour began.
The sucrose concentration and volume were kept consistent across
recordings. All behaviour hardware was custom built and Arduino
Mega controlled?, with animal performance saved though serial com-
munication and custom Python scrips, similar to other systems?>,
Within the behavioural paradigm (Fig. 1a), an Aurora 206 A olfactom-
eter delivered odours at10% flow rate and 800SCCM overall flow rate of
medical air®. The four odours diluted to 10% in mineral oil were selected
randomly from a set of eight with neutral valence®** and included
butanol (banana), limonene (lime), carvone (mint), benzaldehyde
(almond), geraniol (floral), ethyl butyrate (pineapple), 3-hexenal (grass)
and pinene (pine).

Two cues began as high value (85% probability of 2.5 pl 10% sucrose
reward), and two as low value (15% probability of 2.5 pl 10% sucrose
reward). After mice displayed stable task performance, defined as
anticipatory licking on at least 85% of 85% probability trials for 2 days,
the contingencies of one high value (H~>L) and one low value (L>H) cue
werereversed, whereas the othersremained constant (H>H, L>L). Cues
weredelivered from1.5 swithal-straceinterval beforereward delivery
or omission. The inter-trial interval between reward delivery and the
next cue was 16-20 s, sampled on a uniform distribution. Through-
out this work, cues are denoted A>B, where A indicates the reward
probability before the reversal, and B after. Mice trained to stable task
performance following the new contingencies, after which they were
perfused for placements following previous protocols® exceptin Fig.3
inwhich mice experienced optogenetic manipulation before expiry.

We chose to focus our experiments on the first reversal because this
allowed the best isolation of contingency degradation without the
interaction of other processes that may arise from repeated toggling
between learned contingency sets. There is considerable literature
supporting the notion that the first reversal is not the same as subse-
quent, repeated reversal switches between learned contingency sets,
and that mPFCis mostinvolvedintheinitial contingency degradation
before serial reversals between intertwined with set memory. Spe-
cifically, if animals are repeatedly overtrained on serial reversals and
then mPFC s lesioned, studies repeat no impairment on the speed of
subsequent reversals'®®* or a muted effect that decreases over the
number of serial reversals**’°. Only performing experiments during
the firstreversal allowed us to limit the contamination of contingency
degradation signalsin our recordings from those of other learned set
memory processes.
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Most of the behavioural analysis is described in “Value modelling: RPE
and meta-RPE’. Beyond the value modelling, ‘normalized’ licking repre-
sents the average number of pre-reversal anticipatory licks subtracted
fromthetrial licks, and subsequently dividing between the difference of
mean pre-and post-reversal anticipatory licks, smoothed with scipy.sig-
nal.gaussian(1). Scipy.optimize.curve_fit generated sigmoid (Fig.1d,m)
functions that described changesin licking behaviour, or relationships
between licking and other variables (Fig.1m). The sigmoid ‘midpoint’
(Figs.1e,40and 5n and Extended Data Fig. 5e) is the inflection point of
theresulting curve. The ‘start’ of sigmoid decay (Figs.1m,40and Snand
Extended Data Fig. 5e) describes when the function decays more than
0.1normalized licks or value units after reversal. Matplotlib generated
most graphs, with seaborn utilized for heatmaps. GraphPad Prism v.10
calculated population statistics on bar graphs using either paired ¢-test,
repeated-measures one-way analysis of variance (ANOVA) or two-way
ANOVA, where appropriate, with Holm-Sidak post hoc correction for
multiple comparisons (Supplementary Table 1). The colour schemes
represented in this work utilize MetBrewer’s Redon Pandora 1914
palette™. Our brain schematics were drawn from images originally in
the Allen Brain Atlas at mouse.brain-map.org. See ‘Single-cellimaging
and optogenetics’ and ‘Fibre photometry, optogenetics, dopamine
receptor pharmacology and DREADDs’ for alignment of behavioural
and neural data.

Value modelling: RPE and meta-RPE

Rescorla-Wagner (RPE) value models provided a canonical estimate of
how an animal’sinternal valuation of stable and reversed cues changed
throughout the task. Following a published protocol’?, an animal’s
‘choices’ (presence or absence of anticipatory licking above baseline)
were fit individually to each of the four reversal cues. The cue prob-
ability (0.85 or 0.15) provided value for time point 0. The RPE model
returned an estimated value (Q,, equation (1)) for each trial x cue type,
in addition to how the outcome differed from the prediction (equa-
tion (3)), also known as the RPE. The comparison of these RPE estimates
withbehaviourisrepresentedin Fig.1f,h. The ‘pre’modelinvolved the
first pre-reversal stable day, the ‘rev’ model the second pre-reversal
stable day and reversal day(s) until the first post-reversal stable day.
The ‘post’ model represents the second post stable day. For ease of
comparison to the mRPE model, the RPE model®’is reproduced below.

Qt+1:Qt+aX6t (1

8=1,-Q, @

The meta-RPE modelis built offa Q-learning backbone, asit updates
avalue estimate for the next trial (Q,;, equation (3) using single-trial
RPE (6, equation (2)), static learning rate (a) and binary ({0,1}) reward
outcome (r,). The new flexibility related additions to the model come
inthe form of the overall meta-RPE on the trial (M,, equation (4)) which
itself models as alinear-rectifier balancing accumulated positive (CE,
equation (5)) or negative (CD, equation (6)) errors, whichrolling aver-
age atrate eand d, respectively. As in the RPE model, Q, initializes at
the start reward probability for a cue and all error terms begin at 0. In
total, the model, is thus:

Q. =Q tax 6 xM, (3)
6,=r-Q,
-CD;+|CD,| CE,+|CE,|
Mt: t2 t + t 2 t (4)
CD,=(1-d)xCD,_; +dx 6, (5)
CE,=(1-e)xCE,_;tex 6, (6)

The BIC weighs goodness of fit against the number of free param-
eters’?, accounting for their influence on potential fit differencesin the
RPE model (two free parameters—the second free parameter comes
fromthe stochasticity termin the softmax choice rule used to fit animal
choice behaviour the value function and the mRPE model (four free
parameters). Even with this penalty, the flexibility model outperforms
the standard (Fig. 11). The online rolling average of positive and nega-
tive RPEs atintegrationratesdande, respectively (equations 5and 6),
allows the meta-RPE model to behave like the mice, with more stable
choices until there is a concentration of repeated errors (Fig. 1i), at
which time the value function begins to change (Fig. 1j). Separate CD
(equation (5)) and CE (equation (6)) terms account for the respective
differencesinthe rate of behavioural change towards repeated positive
(CE) and negative (CD) RPEs (Fig.1e). The addition of the linear rectifica-
tion unit (equation (4)) balances these two types of error behaviour so
that they influence only the value curve (equation (3)) when relevant,
allowing CD to drive the change when the averaged error is negative,
and CEtodrive whenthe averaged error is positive. When the averaged
erroriscloseto O, the value functionis updated very little. That mPFC
(Fig. 2c) meaningfully encodes only CD supports the decision to split
the error accumulation in this way. Although the dopamine released
into mPFC (Fig. 4f) displayed signatures of CE, the neural substrate for
CE, and how VTA balances the influx of CD and CE, are open questions
for future study.

We also compared the mRPE model with other models with dynamic
learning ratesincluding an RPE model with separate learning rates for
positive (a,) and negative errors (a;) (RPE,,, equation (7)),

Q1 =Q, Ty X6, +ayx 5r+ )]

an RPE model that scales learning rate based on past trial type error
history (RPE,_, equation (8)),

Qt+1:Qt+ax6tx6t*1 (8)

and salience models including PH and eMack®**. The PH and eMack
models also split impacts of positive and negative errors to produce
adynamic learning rate. Notably, the eMack model increases learn-
ing rate as predictors become more reliable in their prediction of
an outcome (as occurs during CE), whereas the PH model increases
learning rate as predictors become more uncertain (as occurs during
CD). Bothmodels also use two competing value functions for action-
outcome and action-no outcome that need not sumto1. See Le Pelley*
for additional description alongside the full PH and eMack equations.
See Extended Data Fig. 1b for model curves in an example animal.

That the mRPE model outperforms all other models we considered
indicatesthatits performance derives fromthe shared impact of several
characteristics (Extended Data Fig. 1c): a dynamic alpha (shared with
PH, eMack and RPE,,) that splits (shared with RPE,,, PH and eMack)
and averages (shared with PH) positive and negative errors over time
to increment a single value function (shared with RPE, RPE,_;, RPE,,).
As models containing some but not all of these characteristics do not
outperformthe mRPE model, the characteristics are all probably impor-
tant to produce the best fit to CD behaviour and cannot individually
explain the superior performance of the mRPE model.

Single-cellimaging and optogenetics

All two-photon calcium imaging took place through microprisms
in mPFC visualizing GCaMP6s (see ‘Subjects and surgery’ for more
details) at 7.5 Hz and 920 nm excitation. Owing to availability, data
sets were collected on different microscopes, but the microscope
was held consistent within an experiment. The dataset in Fig. 2 was
collected on an Olympus FVMPE-RS? using an Olympus XLPLN x10
immersion objective and aMaiTai DeepSee tunable Ti:Sapphire laser.
Figure 3 data were collected on a Bruker 2p+ with SLM module and
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Cousa objective™, using a tunable IR laser (Insight, Spectra-Physics)
and a fixed wavelength 1,040 nm photostimulation laser (Spirit,
Spectra-Physics). A Bruker Investigator with a Coherent Chame-
leon laser and Cousa objective collected the mPFC~>VTA imaging in
Fig. 4. Visualizing imaging planes at 820 nm, GCaMPé’s approximate
isosbestic wavelength™, assisted manual plane registration across
days®. For the optogenetic stimulation experiments in Fig. 3, target
masks were selected manually after plane matching by comparing
theliveimage with atarget averaged image from the reversal day with
GLM masks overlaid for the excited CD cells (SLM experiments 1-3),
GLM" cells (SLM experiment 2), or GLM* cue cells (SLM experiment 3).
Masks were an 8-um diameter spiral stimulated for 10 s at 20 Hz with
a37.5 ms duty cycle (Fig. 3e), following previously reported power
levels®.

After collection, Suite2p motion corrected all non-optogenetic
recordings within and across days®*”. Owing to difficulties with
the shutter closed artefact, Suite2p did not correct successfully
the stimulation data in Fig. 3, but TurboReg” in ImageJ proved an
adequate substitution. If across day tracking was unsuccessful,
somatic ROIs were curated manually and tracked in Image]. Before
more advanced analysis, asecond-order Butterworth filter with cut-
off at 0.1 Nyquist frequency lightly denoised data, which was then
z-scored to ease comparison across data sets. This maintained peak
integrity, asis visible in Fig. 2b. Custom scripts aligned the extracted
ROIs to behaviour for further analysis. Cells then entered the GLM
pipeline (‘Generalized linear modelling’) for sorting. Peri-event
time histograms (Fig. 2g) for cell visualization were normalized to
a 2.5 s baseline before cue onset. For activity classification (Figs. 2g
and 4h), excited refers toamean z-scored activity between O sand 8 s
post cue larger than zero, and inhibited refers to mean activity less
than or equalto zero. There was no significant difference (Extended
Data Fig. 4j) in the population difference of excited and inhibited
cells split by animal when comparing Figs. 2g and 4h. Overlap maps
within (Fig. 2e) or across (Extended Data Fig. 4) days represent
binary mask comparison (numpy.intersectld) for thresholded GLM
variables.

Generalized linear modelling

GLMs are a statistical tool useful for parsing the relationships between
predictors and a neural signal. Of particular concern to this study
was the tight temporal relationship between relevant cognitive
variables and sensorimotor responses. For example, during the cue
period the sensory property of the cue odour itself, the value predic-
tion from the cue-reward association, and the anticipatory licking
motor response all co-occur. Given the dominance of motor signals
across cortical areas”’, careful separation of the contribution of each
signal is necessary to isolate cognitive variables, such as value or
mRPE.

Within a given session, we model the ith neuron as

Y=XB+e, (9)

whereY is GCaMPé6s activity for T time points for anindividual neuron,
X is a (T p) matrix composed of submatrices X for j=1, 2, .../,
which are (Tx mj) matrices such that Zj m;=p. The p-vector § com-
prise the coefficients in the linear model and € is alength T vector of
error terms. We are interested in testing a null hypothesis of the form
Ho;:B,=0, under which the model of interest becomes the reduced
model

Y=XB,+€, 10)

where X_;and g . indicate the omission of columns and entries corre-
spondmg to the variables according to X ). After fitting the model
using ordinary least squares, the observed F-statistic is defined by

_ (RSSg—RSS;)/my,

RSS;/(T-p) (D)

whereRSS; is the residual sum of squares under the reduced model
and RSSyis the residual sum of squares under the full model.

Standard GLM packages assume independence of the observations.
When this assumptionis violated (asin the temporal dependence set-
ting of our paper), the F-statistic given above is meaningful, inthe sense
thatit will tend to take ona small value when Hy;: §,= 0 holds and a
larger value when the null hypothesis is violated. However, the P values
arising fromstandard GLM packages will vastly overstate the statistical
evidenceagainst Hy, (thatis, the P values willbe much too small) in the
presence of temporal dependence. This is because the F-statistic does
not follow the ‘theoretical’ distribution F,,, 4 (T-p yunder Hy,.

This motivated us to empirically generate anull distribution that
considers the temporal dependency of the data. Our approachis out-
lined in ‘Algorithm 1’. Specifically, in step 1, we repeatedly time-wrap
(circularly shift®)Y to preserve the temporal structure of the data while
destroying association between Y and X, as the shifted data is mis-
aligned from the task parameters that could predict it (Extended Data
Figs. 2 and 3). For the bth time-wrapped dataset, forb=1, ..., B, we
record F*%, the corresponding F-statistic for Hy;: [3/ =0.Then, in step
2,a Pvalue associated with Hy;: ﬁj =(Qis computed by comparing the
F-statistic from a model properly aligned to the task predictors (F) to
the empirical distribution of the F-statistic arising from the repeatedly
circularly shifted dataset (F*?). The Pvalue is the fraction of circularly
shifted data sets for which the empirical F-statistics from circularly
shifting, F*, ..., F*2, exceed the observed F-statistic F (Extended Data
Fig.2).

Wenotethatinstep 1, to obtainasufficiently rich empirical null dis-
tribution F*., ..., F*8 we circularly shift’ the full set of neurons recorded
during this session, rather than only the ith neuron. Repeatedly circu-
larly shifting only a single neuron does not lead to a rich enough null
distribution of the F-statistic, as repeated circular shifts of only asingle
observed neuron trace can be somewhat repetitive when Bis large.
Incorporatingall observed neuronsin the circular shifting resultsina
distribution F*, ..., F*Bthatis more representative of the full spectrum
of calcium dynamics.

For fibre photometry data, we took a similar approach, where we
againfitalinear model, but nowY is either the summed neural activity,
or the dopaminesignal, for all of the neurons under the fibre. However,
to generate a null distribution, we circularly shift data from the fluo-
rescent indicator from all of the recording days and for all subjects.
This amounts to asmall modification of ‘Algorithm 1’, whereiin step 1
indexes arandom day and a random subject, rather than arandom
neuron from that session.

Finally, after setting asignificance threshold (P < 0.01for neural data,
or P<0.05 for photometry data owing to lower signal to noise),
we either rejected or failed to reject Hoy;: 8,=0. This procedure was
repeated for each neuroninthe case of single-cell two-photonimaging,
and each fibre in the case of fibre photometry, and for each task
predictor(s) (thatis, eachﬁ for j=1,...,K).

Algorithm 1. Compute a Pvalue for sngmﬂcance of chunk X¥ for
neuroni

Step O: define the ‘circular shift’ operation

Define CircularShift(Y, T, s):

Y*«[Y[(s+1:T),Y[1:s]]]

return(Y’™)

Step 1: sample the null distribution of the F-statistic using circular
shifting

forbin{l,2,...,B}do

ig<random lndex foraneuronrecorded in the session



s<randomtimeindexfromltoT

V< CircularShift(YiE, T.s)

RSS< Residual sum of squares in full model using ¥ and X
RSSg < Residual sum of squares in reduced model using ¥; and X

(RSSg - RSSy)/m;
RSS//(T-p)

*b

end for
Step 2: compare the observed F-statistic against the null distribution
RSS,<residual sum of squares in full model using ¥;and X
RSSg< residual sum of squares in reduced model using ¥;and X

(RSSg — RSS;)/m;
RSS;/(T-p)

Pl(#of F**>F) +1]/[B+1].

The following sets of variables comprised X’ for j=1,2, ..., K used
to predict the neural signal ¥: cue (H>L,H~>H,L~>H, L~>L onstable days,
orasingle combined kernel onreversal days as representations could
be unstable as contingencies shifted), licks (shifted forward and back-
ward in time 300 ms to account for preparatory feedback-related
encoding), sucrose delivery (1s) or omission (1s), value (equation (3)),
RPE (equation (2)), CE (equation (6)) and CD (equation (5)). The data
in this manuscript speak to the utility of this method to meaningfully
characterize neural signals.

Fibre photometry, optogenetics, dopamine receptor
pharmacology and DREADDs

Fibre photometry recordings occurred on a TDT RZ10 following
methods described previously®. In brief, A 465 nm LED excited both
indicators, and a 405 nm LED provided isosbestic correction for
GCaMPé6s recordings (Fig. 4p,q), but as the isosbestic wavelength of
GRAB-DA3h was not well characterized at the time and headfixation
minimizes motion artefacts®, a correction was not performed for the
dopamine dataset (Fig. 4a-e). After collection, each signal underwent
photobleaching correction through a fifth degree polynomial and
denoising using the OASIS algorithm’®, adapted to fit published indica-
tor kinetics** where necessary. Peri-cue time histogram construction
occurred comparably with that described in ‘Single-cell imaging and
optogenetics’and GLM fitting took place as described in ‘Generalized
linear modelling’. The Saland SCH + RAC cohorts (Fig. 4k-q) received
cannulainfusions 15 minbefore recording ataconcentration of30 ng
SCHand300 ng RAC*in 5% dimethylsulfoxide in saline per site per day.

Optogenetic stimulation of the mPFC~>VTA projection took place
bilaterally with a 470-nm laser (SLOC Model BL473T8-150) at 20 Hz,
10 ms pulse width and 5 mW power, checked daily. For the real-time
place preference experiment (Fig. 5b), animals habituated to a
two-chamber arena® for 10 min before recording began. EthoVision
then quantified the animal’s body centroid (Fig. 5b) for 15 min, with
stimulation triggered automatically in the assigned zone. Behavioural
hardware for the task stimulation experiment differed from the stand-
ard head-fixed setup (‘Head-fixed behaviour’) only in the addition of
atransistor-transistor logic line that triggered the onset of stimula-
tion for H>L trials. The mRPE modelfitsin Fig. 5Shrepresent individual
models trained for each day, with Q, at 0.85.

For chemogeneticinhibition experiments we used the hM4Di designer
receptor activated exclusively by designer drugs (DREADD®%2), All mice
that were part of the DREADD inhibition experimentin Extended Data
Fig.5receivedintraperitoneal saline 15 min before the task throughout
acquisition, and acrossreversalin the saline group. The DREADD group
received 1 mg kg™ injection of deschloroclozapine® (in 1% dimethyl-
sulfoxide in saline) on reversal days —1to 3. After this, DREADD mice
received saline injections until their post-reversal behaviour stabilized

and the experiment ended. The more muted effect from this experiment
is consistent with predictions of the mRPE model (where animals can
stilllearnfromalpha and RPE without mRPE) and mPFClesion literature
where lesions impair but do not abolish reversal'819667084-86

Ex vivo two-photon calcium imaging of VTA

VGAT-Cre and DAT-Cre mice underwent stereotaxic surgery under iso-
flurane anaesthesia (3-4% induction, 0.75-1.5% maintenance). To ena-
ble optogenetic stimulation of mPFCinputs and Cre-dependent calcium
imaging in VTA GABAergic (VGAT-Cre) and dopaminergic (DAT-Cre)
neurons, allmice received injections of AAV8-hsyn-ChRmine-Kv2.1into
the mPFC (anteroposterior +1.94, mediolateral +0.5, dorsoventral -2.2)
and AAV1-hsyn-FLEX-GCaMPé6finto the VTA (angle 10°, anteroposterior
-2.8, mediolateral +1.22, dorsoventral -4.4).

For exvivorecordings and imaging, mice were anaesthetized deeply
with Euthasol (0.06 ml 30 g, intraperitoneally) and decapitated. Brains
wereremoved rapidly andimmersed for 2 mininice-cold, carbogenated
N-methyl-D-glucamine (NMDG)-based artificial cerebrospinal fluid
(ACSF; 92 MM NMDG, 2.5 mMKCl, 1.25 mM NaH,PO,, 30 mM NaHCO,,
20 mMHEPES, 25 mM glucose, 2 mM thiourea, 5 mM sodium ascorbate,
3 mM sodium pyruvate, 0.5 mM CaCl,-4H,0, 10 mM MgS0,-7H,0, 12
mM N-acetyl-L-cysteine; pH 7.3-7.4). Coronal midbrainslices (300 pm)
were prepared onavibratome (VT1200, Leica), incubated for 15 min at
34 °CinNMDG ACSF and then transferred to HEPES-based ACSF (same
composition but containing 2 mM CaCl,-4H,0 and 2 mM MgSO,-7H,0)
atroom temperature for 30 min before imaging.

Optogenetic stimulation of ChRmine-expressing mPFC terminalsin
the VTA was delivered using a pE-100 LED system (CoolLED; 615 nm).
Stimulation trains were generated using a Master-9 pulse generator
(A.M.P.1.) and consisted of 20 pulses (20-ms pulse duration, 20 Hz),
preceded by a 30-s baseline period, at 2.90 mW power output.

Two-photon calcium imaging was performed using an Olympus
FluoView FVMPE-RS microscope equipped with a scientific CMOS
camera (QImaging) at an acquisition rate of 1 Hz. Imaging data were
processed and analysed using Image]J, Suite2p and custom Python
scripts.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Dataareavailable at GitHub (https://github.com/stuberlab/Hjort-et-al.-
2026-PFC-and-reversal-learning) and at Figshare (https://doi.org/
10.6084/m9.figshare.31431814)%.

Code availability

Codeisavailable at GitHub (https://github.com/stuberlab/Hjort-et-al.-
2026-PFC-and-reversal-learning) and at Figshare (https://doi.org/
10.6084/m9.figshare.31431814)*.
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Extended DataFig.1|AdditionalmRPE Model Quantifications. a. like Fig.1e
butinthe contextofalltrials for all cues, instead of just the reversed cue. The
H-Lreversalsstill takes significantly longer than the L>H reversal on average
(p=0.0352,n=20animals). b. Visualization of different model fits for an
example animal, note how the mRPE model function (green) takes longer to
begintodecay after thereversal (yellow arrow). c. Table comparing model
characteristics between the models in Fig. 1k-m. d. Unweighted (negLL) and
weighted (BIC) fit comparisons between models, quantified as the change in
score from the best of the 6 models (top), with post-hoc comparisons visualized

(lower). The heat plots quantify the mean difference between model 1 (right
vertical) and model 2 (left lower). Lower scores (redder) indicate better model
fit. Asterisksindicate significant post-hoc differencesat p <0.05(n =40
animals). This panel supportsFig.1k &l.e. Liked, but comparing the start of
reversal (decay atleast 10% from pre-reversal level) between models. See
Fig.1mfor direct comparisontobehavior. Allerror bars: mean + /- SEM.
Asterisk (*) indicates statistical significance at p < 0.05, see Supp. Table 1 for
more statistical information, including more post-hoc comparisons,
sidedness, and corrections for multiple comparisons.
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Extended DataFig.2|Schematic of Time-Series Generalized Linear
Modelling. This figure depicts the process of assigning significant encoding
of specific predictors in neurons. Please see Methods- ‘Generalized linear
modelling’ for more details.



A Two-Photon Recordings
in mPFC, with SLM, and in mPFC-VTA

C mPFC-VTA Optogenetics
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Extended DataFig. 3 | Implant Placement Histology. a. Schematic of
two-photon preparation (left), with sample image (center), and placements
forall experiments (right). Placements from experiments in Fig. 2 only are in
pink (n=3/6), Fig.3inblack (n = 8/8),and Fig. 4 inorange (n = 4/4). The spread
oftheretro-crevirus (asin Fig.41) is denoted with gray translucent overlay
forapplicable mice. The tissue from three mPFC (pink) placements was
inadvertently destroyed in an unsuccessful histology pilot and therefore not
included.b. mPFC dopamine photometry schematic as in Fig. 4a (left) with
sample placement (center) and implant map (left) from all mice (n=7/7).
c.Optogeneticrecording schematic, asin Fig. 5a, with virusinjectionin mPFC
and bilateral fiber placement over VTA (top left), with sample viral spread
image (top center), and combined spread map from all ChR2+ (solid border,
n=10/10) and mCherry (dashed border, n =10/10) animals (top right). Also
included aresample VTAfiber tip placements (lower left) and hit maps from
ChR2+(n=9/10, solid black) and mCherry (n =10/10, dashed outline) animals
(lower right). One ChR2+animal’s VTA slices were too damaged to localize

D mPFC-VTA Photometry
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targetingand are omitted. d. mPFC>VTA terminal recording strategy with
GCaMPésinjected inmPFCand photometry fiber placement over VTA, asin
Fig. 4k (top left) with sample mPFC GCaMPé6s spread image (top center) and
spread maps fromall N/A animals (n = 8/8) with translucent overlay (top right).
VTA placements (n=8/8n/a,7/7Sal.7/7 SCH + RAC) are in the lower row, witha
sample fiber tip track (lower left) and hit maps (lower right). Bilateral cannula
locations (lines) for Sal.and SCH + RAC mice alongside GCaMPé6s spread are
also provided (center). e. Schematic of mPFC-VTADREADD expression
strategy, asin Extended DataFig. 5a (top left) alongside sample DREADD
expressionin mPFC (top center) and hit maps (top right) (n=5/5DREADD, 5/5
mCherry). Alsoincluded are retro-Cre spread maps for all mice (lower).
Abbreviations: PL=prelimbic cortex, IL = infralimbic cortex, Cgl =dorsal
anterior cingulate cortex (ACC), Cg2=ventral ACC.PL,IL,and ACC comprise
therodent medial prefrontal cortex’>. M1= primary motor cortex, M2 =
secondary motor cortex, MO =medial orbital cortex, LO = lateral orbital cortex,
VTA =ventral tegmental area, as defined in the Paxinos Atlas®’.
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Extended DataFig. 4 |Stability across Contingency Reversal. a. Hypothesis
for cue stability cell proportions, from previous work? compared to neural
results before (pre), after (post), and across reversal. b. Cue stability map on
two days before reversal, where H > Land H - H cues are high value (dark
purple). c. Cue stability map constructed from two post-reversal stable
behavior days, whereH > Hand L > H cues are high value (dark purple).

d. Acrossreversal cue stability map, with cells tracked from pre-reversal (x-axis)
whereH > Land H > Hare high value to post-reversal (y-axis) where H > Hand

L > Hcuesare high value. e. Example animals with different spacing between
stable pre and post day compared acrossreversal. f. Statistics on the
proportion of stable cue cells for high value (dark purple) and low value (light
purple) cues before, after, and across reversal. There is not a significant
differenceinthe proportion of coding within a cue type inany of the conditions
(p=0.1715, datafrom n = 4 cross-cue comparisons fromn = 6 animals). g. Trial-
averaged time histogram of stable cue cell activity before (pre) and after (post)
contingency reversal, sorted by H > Hactivity. h. Mean +/-SEM traces for stable
cuecellsonH - L(greendash), H~ H (dark purple solid), L > H (light blue dash)
andL > L (light purple solid). Error bars are shaded in accordance with high

(dark purple) or low (light purple) value. i. Quantification of average stable cue
cellactivity during cue and trace interval (0-2.5 s) split by cue (Cue x time
p=0.0032, cells from n =6 animals). Thereis not asignificant difference within
coding of 85% or 15% cues before or after reversal.j. Session permutation
control results, which reflect the correlates of modeled mRPE signals from
reversal days evaluated with GLM on neurons from reversal and other days. If
CDneuronsdisplayed asimilar activity profile to the reversal days on pre-or
post- days, there would not be asignificantincrease in the proportion of
isolated cellson thereversalday (CD:p=0.0071, CE: p=0.1923,n =20 animals).
k.Reversal cell stability quantification. Thereis not asignificant difference
(p=0.6970 n =6 animals) in the relationship with the CD signal for tracked
cellsontheidentification day (2) vs the previous day (1).1. Thereis nota
significant difference between the proportion of excited/inhibited cellsin
imaginginFig.2g vsFig.4h (p=0.1287,n=4PFC-VTA, n=15PFC animals). See
Supp. Table1for more statistical information, including more post-hoc
comparisons, sidedness, and corrections for multiple comparisons. See
Extended DataFig.3 for placements.
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Extended DataFig. 5| Inhibiting mPFC > VTA Signaling Impairs CD.
a.Schematic of DREADD expression viral strategy b. Animals received
deschloroclozapine, DCZ (1 mg/kg) one day before and three days during
reversal.c. Thisexperiment tests the hypothesis thatinhibiting the mPFC>VTA
projection willreduce CD signaling during reversal. d. Lick raster plots from
example animals suggestamodestlyimpaired H > L reversalin Gi-DREADD
animals (right) compared to mCherry controls (left). e. Quantifying this
relationship reveals a significantly reduced CD amplitude from the mRPE
modelonthefirstreversalday (p =0.0238,n=5animals per group). All error
bars:mean +/-SEM. Asterisk (*) indicates statistical significance at p < 0.05,
see Extended Data Table 1for more statistical information, including more
post-hoccomparisons, sidedness, and corrections for multiple comparisons.
See Extended DataFig. 3 for virus expression.



nature portfolio

Corresponding author(s):  Garret Stuber

Last updated by author(s): Feb 27, 2026

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q)
—
c
D)
§O)
o)
=
o
=
_
D)
©
o)
=
S
Q@
wv
[
3
3
Q
=
2

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
~
Q

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name, describe more complex techniques in the Methods section.

A description of all covariates tested

XX X XK

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

X

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

O OO0 o o

X X X
O X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection We used the following established programs for our data collection: Bruker Prairie View and Olympus Fluoview (2p data collection), Aurora
206A (olfactometer), TDT RZ10 (photometry), Imagel/FlJI (2.17.0). We used custom Arduino/Python scripts (Python 3.7) to collect behavior
data and synchronize it with recordings. These programs were previously reviewed and published and are available at https://github.com/
agordonfennell/OHRBETS

Data analysis We used the following established programs for our analysis: Suite2p (motion correction and ROl extraction), GraphPad Prism 10 (All statistics
besides GLM). We used custom Python 3.7 scripts to analyze our data. Of particular relevance to this project is the python distribution of the
p-value GLM package which is available at GitHub https://github.com/stuberlab/Hjort-et-al.-2026-PFC-and-reversal-learning. We also consider
a number of behavioral analysis models, including our own in this work. A script that runs and compares all models is also available on GitHub
alongside the full dataset of behavior from 40 animals

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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The data generated in this paper are publicly available in a FigShare repository https://doi.org/10.6084/m9.figshare.31431814.
We aligned slices to the Paxinos Atlas, digitally available at ISBN 9780128161586

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender n/a

Reporting on race, ethnicity, or n/a
other socially relevant

groupings

Population characteristics n/a
Recruitment n/a
Ethics oversight n/a

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences

|:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size

Data exclusions

Replication

Sample sizes were not predetermined but are in line with other publications involving PFC single cell imaging or neuronal photostimulation
including Otis et al. 2017 (PMID: 28225752), Jennings et al. 2019 (PMID: 30651638), Ottenheimer et al. 2023 (PMID: 37382590), and
Piantadosi et al. 2023 (PMID: 38086375). The breakdowns for each experiment are available on Supplementary Data Table 1.

One animal was excluded from the dopamine fiber photometry experiment (Fig. 4 a-e) due to fiber loss during data collection, and one
additional animal was included in pre/post analysis (Fig. 4d) but excluded from the photometry GLM analysis (Fig. 4e) due to a detached patch
cable during the reversal recording. One DREADD animal was excluded from ED Fig 5 due to headcap loss mid-experiment. Anticipating that a
small fraction of animals may struggle with the reversal task, we performed outlier testing using the Grubbs Outlier test in GraphPrism for all
animal behavior datasets (independently within each experimental condition) on the H-L and L-H reversal midpoints. Under this criteria, one
control (Z=2.03, p<0.05) animal was excluded from the experiment in ED Fig. 5 due to significant outlier reversal midpoints

The major results of this manuscript were duplicated in at least two independent cohorts of multiple animals. For the model data in Fig. 1, we
developed our model using n=20 mice and replicated our findings in n=20 additional mice. The imaging data in Fig. 2 comes from 4
independent cohorts of mice (total n=15 mice, split n=3, n=3, n=3, n=6) with consistent results. The SLM results in Fig 3 for Exp. 1 and 2 were
replicated in two independent cohorts of animals (total n=8 animals, split n=3, and n=5). SLM Exp. 3 took place in only the second cohort, with
consistent results across n=5 mice. Mice for the dopamine photometry experiment in Fig. 4a were split into 2 cohorts (total n=7, split n=3,
n=4). The mPFC-VTA imaging experiment (Fig. 4f) was split into 2 cohorts (total n=4, split n=1, n=3). The mPFC-VTA photometry experiment
was split into 2 no cannula (N/A) cohorts (total n=8, split n=4, n=4) and 2 experimental cohorts with cannula (total n=7 SCH+RAC, n=7 saline
animals, split: cohort 1= 4 SCH-RAC, 3 Sal, cohort 2= 3 SCH-RAC, 4-saline). The Slice 2p experiments (Fig. 5a) represent data from n=15 GABA
slices from n=3 vgat-cre animals and n=22 DA slices from n=3 dat-cre animals. The mPFC-VTA optogenetics experiments from Fig. 5h
represent data from 2 cohorts (total n=10 ChR2 and n=10 mCherry animals, split: cohort 1=4 ChR2 and 4 mCherry, cohort 2=6 ChR2 and 6
mCherry). The post-reversal laser-off timepoint was only collected in cohort 2 (n=6 ChR2 and n=6 mCherry animals). The mPFC-VTA DREADD
experiment (Fig. ED5) represents results from 2 cohorts (total n=5 DREADD and n=5 mCherry animals, split: cohort 1= 1 DREADD and 3
mCherry animals, cohort 2= 4 DREADD and 2 mCherry). In all cases, results replicated between animals within a cohort as well as across
cohorts for each experiment.
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Randomization  For experiments with control and treatment groups, we split cage mates evenly into both groups during surgical preparation and used male
and female mice for all groups in all studies

Blinding For experiments with control and treatment groups, blinding was not possible because the same experimenters performed the surgery

(injecting different viruses or drug cocktails) and ran the behavior. Analysis of the behavior of these cohorts was performed using established
modeling programs that require minimal user input.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |Z| |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XXX OKXO S
OO0OXOOKX

Plants

Antibodies

Antibodies used Anti-Cre Recombinase Antibody, clone 2D8 MAB3120

Validation This antibody has been validated by Sigma-Aldrich, the manufacturer as well as in over 150 peer-reviewed publications. More
information is available on the maufacturer's site: https://www.sigmaaldrich.com/US/en/product/mm/mab3120

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals This study used male and female Wild-Type C57BL6J mice between 3 and 6 months of age obtained from Jackson Labs or their
progeny, except for the slice 2p experiments in Fig. 5 which used the progeny of Vgat-Cre and DAT-Cre mice between 2 and 4
months of age.

Wild animals No wild animals were used in this study.
Reporting on sex We used a combination of male and female mice for all studies. We did not observe any sex differences in coding or behavioral
outcomes.

Field-collected samples  This study did not include field collected samples.

Ethics oversight The University of Washington Institutional Animal Care and Use Committee approved all procedures in this manuscript under
protocol #4450-01

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a
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