nature communications

Article

https://doi.org/10.1038/s41467-025-66714-8

Neural correlates of trial outcome
monitoring during long-term learning in
primate posterior parietal cortex

Received: 16 January 2025

Yang Zhou ® 234
Accepted: 12 November 2025

Ziang Liu®", Zhuangyi Jiang', Li Shi', Fang Fang ® %3, Shiming Tang®3° &

Published online: 27 November 2025

M Check for updates

Monitoring behavioral outcomes is essential for optimizing behavior and
learning new tasks. However, how the brain monitors outcome information

during long-term learning remains largely unknown. Using two-photon cal-

cium imaging in behaving monkeys, we tracked neuronal activity in area 7a of
the posterior parietal cortex (PPC), an important associative cortex that has
not been typically implicated in associative learning (AL), while the macaque
monkeys learned new visuomotor associations across multiple days. We found
robust neuronal representation of salient behavioral outcomes (correct vs.
incorrect) which closely correlated with the monkeys’ learning behavior. Fur-
thermore, these outcome representations significantly reorganized when
monkeys transitioned to learn novel associations and gradually evolved over

subsequent learning days, a process constrained by the functional con-
nectivity among neurons within local network. These results suggest a sub-
stantive role for primate PPC in long-term AL through monitoring trial
outcome, and indicate a principle for long-term learning: network connectivity
constrains the evolution of neural encodings.

The ability to learn appropriate motor responses to diverse environ-
mental stimuli is essential for an animal’s survival in complex envir-
onment. During AL, the effectiveness of establishing new sensorimotor
associations relies on the brain’s ability to monitor the positive and
negative outcomes of our action choices during individual learning
trials'. This outcome monitoring allows brain to evaluate the action
consequences, reinforce relevant associations, and guide adaptive
changes. Theoretically, brain regions central to outcome monitoring
during AL should fulfill several criteria. First, they should exhibit sig-
nificant encoding of trial outcomes (correct vs. incorrect) following
the completion of each trial, with outcome signals reflecting higher-
order cognitive processing rather than mere reward receipt. Second,
the strength or pattern of outcome encoding should correlate with the
animal’s learning performance or strategy and adapt dynamically to
the learning context. Third, these outcome representations should

contribute causally or functionally to animal’'s subsequent behavior
during the learning process.

The prefrontal cortex, cingulate cortex, and other subcortical
areas have been implicated in representing trial outcomes during
sensorimotor AL*", as their neural activity reflects the correctness of
animals’ action choice during short-term AL. These outcome repre-
sentations were not merely reflective of reward reception; some were
correlated with the animals’ behavior performance during leaning®.
However, the mechanisms by which the brain monitors behavioral
outcomes remains elusive, as the previous studies only partially
satisfied one or two criteria. Furthermore, acquiring complex sensor-
imotor skills often requires gradual learning over periods spanning
days or longer, but previous primate studies have primarily focused on
the changes of neuronal activity during relative short period of min-
utes to hours during the learning process® . Since no study has
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tracked the evolution of neuronal encoding of the same population of
neurons in the primate brain over different learning days, our under-
standing of the mechanisms underlying long-term AL remains limited.
Key questions regarding outcome monitoring remain untested, parti-
cularly during long-term AL: How does the neuronal representation of
trial outcomes correlate with the animals’ behavior to influence
learning? How does the outcome representation change throughout
the learning process and what factors govern these changes?

Previous studies have highlighted the fronto-striatal circuit as the
central hub for sensorimotor AL*'®*, with less emphasis placed on the
roles of other brain areas. Nevertheless, changes in neuronal activity
were observed in other brain areas both during and after sensorimotor
AL suggesting the engagement of a potentially broader brain
network. The PPC, a crucial association area positioned at the inter-
mediate stage of sensorimotor transformation, has been implicated in
various cognitive functions®*, but was usually not implicated in AL.
The PPC has been shown to play important roles in representing
stimulus-stimulus association and sensorimotor association after long-
term learning?*>*, implying potential involvement in sensorimotor
AL. Specifically, neuronal activity in the lateral parietal cortex has been
reported to reflect outcome information (rewarded vs. non-rewarded)
during a decision task®. However, the precise role of PPC in long-term
AL remains largely unexplored.

Area 7a, a subregion of the PPC, occupies the highest level of the
visual processing hierarchy in the parietal lobe®. Traditionally, it
has been implicated in diverse cognitive functions, including
spatial attention, multisensory integration, motor planning, coordi-
nate transformations, and other higher-order visuospatial
processes®*****5, However, its core functional roles remain under
debated. Notably, area 7a is directly connected with regions involved
in learning and memory, such as prefrontal cortex and medial tem-
poral lobe®®***, as well as with structures engaged in sensorimotor
transformation, such as oculomotor areas*®. These anatomical con-
nections suggest a potential role in sensorimotor AL. Despite this,
direct empirical evidence for its involvement in AL—and the mechan-
isms through which it may contribute—remains unexplored.

In this study, we investigated the role of primate PPC in long-term
AL by performing two-photon calcium imaging to record large neu-
ronal populations in area 7a while monkeys were learning image-
saccade associations. Approximately half of these 7a neurons exhib-
ited distinct representations of trial outcome and its recent history,
which closely correlated with the monkeys’ learning behaviors. Nota-
bly, outcome representations in 7a were primarily sensitive to out-
come switches and appeared to drive the exploration behavior in the
subsequent trial. Remarkably, by tracking these neurons over the
course of long-term learning, we found that the neuronal representa-
tions of trial outcome substantially reorganized when monkeys tran-
sitioned from exploiting familiar association to exploring novel
association, followed by gradual evolution dependent on the specific
learning content. Critically, this evolution of outcome representation
was constrained by the local network architecture, as reflected by
functional connectivity between neurons. Together, our findings pro-
vide new insights into the neural mechanisms of outcome monitoring
during long-term learning, highlighting a previously underappreciated
role for primate PPC in AL.

Results

Representation of trial outcomes in area 7a

We trained two Macaque monkeys to perform an image-saccade
association learning (ISAL) task (Fig. 1a), in which monkeys had to
choose one of two saccade targets based on a presented visual image.
Monkeys learned to associate different visual images with corre-
sponding saccade directions based on the trial outcome-receiving
juice reward or a brief time-out punishment after correct or incorrect
saccade choices, respectively. The reward was delivered immediately

after disappearance of the saccade target in correct trials, ensuring
that the trial outcome was swiftly apparent in both correct and
incorrect trials. Each time the monkeys mastered two image-saccade
associations (accuracy 0.89 + 0.05, mean + STD), they were given two
novel associations in subsequent days (Fig. 1b), with the familiar
associations no longer being tested at this stage of learning. While the
monkeys learned new image-saccade associations, the saccade targets
themselves remained constant. The monkeys’ performance accuracy
substantially decreased on the first day when a new association was
introduced (0.61 +0.12, Fig. 1c, d), and then gradually rose to a high
level within a few days (3.9 + 1.3 days). We employed a dynamic model,
PsyTrack®, to fit the monkeys’ performance accuracy across learning
each pair of associations (Fig. 1c, e and f). This model describes choice
behavior at the resolution of single trials, allowing us to quantify the
evolution of animal’s decision strategies (represented by different
weights) across the learning course. It revealed a progressive increase
in the weight attributed to visual stimuli, coupled with a gradual
decrease in choice bias when learning new associations, consistent
with the monkeys gradually learned the new associations.

To monitor the neuronal activity during sensorimotor AL, we
injected AAV to induce GCaMP6f expression in neurons at a depth of
~400 pm within PPC area 7a, allowing us to simultaneously record the
activity of hundreds of neurons over multiple days (Fig. 1b, g and h).
The recordings spanned depths of 200-300 pm beneath the ara-
chnoid membrane, primarily corresponding to layers 2-3. We recor-
ded activity from a total of 27,511 single neurons with a good signal-to-
noise ratio from two monkeys (see Methods). We found that these 7a
neurons encoded trial outcome after the saccade target disappeared
(ranksum test, P<0.01, Bonferroni corrected, see Methods): some
neurons exhibited stronger responses following incorrect saccade
choices (error neurons, ENs; Fig. 2a); others did the opposite (correct
neurons, CNs: Fig. 2b). To quantify the strength of neuronal encoding
related to trial outcomes, we used one-way ANOVA to calculate the
unbiased fraction of explained variance (FEV) in the neuron’s activity
attributable to the trial outcome (see Methods). Figure 2c, d show an
example of field-of-view (FOV) within which most neurons (92%)
showed significant outcome selectivity. Furthermore, ENs out-
numbered the CNs (92 vs. 51), and there was no obvious spatial clus-
tering for either type of outcome-selective neuron.

Population results from both monkeys were well represented by
the phenomenon observed in the example FOV (Fig. 2e-i, Supple-
mentary Figs. 1 and 2). About half of the identified neurons exhibited
significant encoding of trial outcome, with greater prevalence to
negative outcomes (14.8% CNs, 34.8% ENs, Fig. 2e, f). Even though both
CNs and ENs showed persistent outcome encoding on the population
level, ENs exhibited significantly greater outcome selectivity than CNs
(P=5.168e-16, paired t-test, Fig. 2g). Most outcome-selective neurons
(63%) exhibited sustained outcome encoding beyond 1second
(Fig. 2h). We did not detect spatial clustering for the outcome
encoding in the majority of the FOVs (Supplementary Fig. 3). More-
over, although the outcome encoding in 7a spans a wide-ranging
latency throughout the inter-trial interval (Fig. 2i), it cannot be attrib-
uted to differences in monkeys’ eye positions or eye movement-
related behaviors between correct and error trials during this period.
First, there is no significant correlation between the strength of out-
come encoding and the monkeys’ eye positions during the inter-trial
interval (Supplementary Fig. 4a, b). Second, both monkeys exhibited
similar saccade behaviors between correct and error trials during the
inter-trial interval for the majority of recording sessions, including
direction (82.91%), frequency (62.39%), and amplitude (56.41%), and
the difference of saccade behavior between correct and error trials did
not significantly contribute to 7a neuronal activity (Supplementary
Fig. 4c). Third, although the monkeys’ blink frequencies during the
inter-trial interval differed between correct and error trials in more
than half of the recording sessions (64.1%), 7a neural activity did not
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Fig. 1| Two-photon calcium imaging of macaque PPC during sensorimotor AL.
a Schematic illustration of the image-saccade association learning (ISAL) task.

b Experiment design. Neural activities of individual 7a neurons were recorded using
two-photon calcium imaging while monkeys learned image-saccade associations.
Across each learning course, we monitored the same neurons, beginning from the
day when monkeys were tested with familiar associations until they successfully
acquired a pair of novel associations. ¢ Monkeys’ behavior performance during two
example learning courses. The pink vertical dashed line marks the transition when
monkeys began to learn novel associations. The first and second rows depict the
evolution of the monkey’s performance accuracy over different days in one
learning course, accompanied by the corresponding stimulus weight and bias
weight derived from fitting the ‘PsyTrack’ model. The third and fourth row display
the data from the other example learning course. Shaded region denotes the 95%

55 | FIFo400%
1 MMM

JM\MM‘IA"\M
—Mw
o il
,./\.\-J\\,.,—JAW\M—-.«/

o N b~ WON

confidence interval. d Comparisons of each monkey’s averaged performance
accuracy across different days in learning courses. Each point denotes one data
session, with dashed lines connecting data from the same learning course. Data
from two monkeys are shown in green and black separately. The red dot signifies
the average results over 12 learning courses. e, f Comparisons of the stimulus
weight and bias weight. Error bars in panels d-f represent SEMs. g, h Two example
FOVs, each from one monkey respectively. The brain areas under the recording
chambers are marked with the sites where the virus was injected (black crosses).
The cyan rectangles denote the locations of the example FOVs. The small rectangles
denote the FOVs. i The normalized fluorescent intensity traces (F/Fo) of 8 example
neurons from the two FOVs. (Novel, first: Novel cue, first learning day. Novel, last.:
Novel cue, the last learning day; **P < 0.001, paired t-test, two-sided).

significantly correlated with the frequency of eye blinks during the
inter-trial interval (Supplementary Fig. 4c). These results suggested a
stable and sustained outcome encoding in the primate PPC, pre-
dominantly representing the negative outcomes.

We next tested whether 7a neuronal activity reflected the outcome
history of the previous trials. For this analysis, we focused solely on data
from one monkey due to the high frequency of fixation breaks (fix-break
ratio = 0.57 + 0.08) during performing the task exhibited by the other
monkey. This resulted in an excessive number of trials with no choice
interspersed between completed trials. Using a linear regression model,
we found that 7a neurons most strongly encoded the outcome of the
immediately preceding trial, rather than those coming earlier (Supple-
mentary Fig. 5). We therefore focused on analyzing the encoding of

outcome of the preceding trial. As illustrated by the examples shown in
Fig.2j, k, 7a neurons could show significant encoding of outcome-
history during the fixation, sample and delay period of the current trial.
In an example FOV (Fig. 2l and m) and 57.8% of neurons exhibited
significant encoding of the outcome history. Among these, ENs sig-
nificantly outnumbered CNs (P«0.001, Chi-square test) and neither
neuron type showed significant spatial clustering. Population results
were similar (Fig. 2n-r and Supplementary Fig. 6), with 52.9% the iden-
tified neurons showing significant encoding of the outcome history
(Fig. 2n-0, 10.4% CNs, 42.5% ENs). The EN signal significantly surpassed
that of CNs (P= 6.54e-30, Wilcoxon test) and peaked during the fixation
period (Fig. 2p). The outcome-history encoding of the majority 7a
neurons predominantly emerged and localized within the fixation
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Fig. 2 | 7a neural activity represents trial outcome during AL. Example outcome-
selective neurons. The normalized activity (F/Fp) and the magnitude of outcome
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and 3 correct-preferred neurons (b, CN) are displayed over time relative to saccade
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and preference of outcome selectivity. d Outcome-selectivity for all identified
neurons in the example FOV. e Outcome selectivity for all identified outcome-
selective neurons (13,594 of 27,511) across all FOVs. f Percentages of CNs and ENs
among all identified neurons. g The averaged magnitude of outcome selectivity
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were shown separately for both CNs and ENs. Stars denote the time points with
significant difference between CNs and ENs (P < 0.01, t test, two-sided). h Duration
of outcome encoding for all outcome-selective neurons. Each time window spans
0.54 s. 63% neurons exhibited significant outcome encoding in two or more time
windows. i Latency of outcome selectivity relative to target offset for all the
outcome-selective neurons. j-r 7a neurons represented the trial outcome in the
previous trial (outcome history). j, k Example neurons. Activities were sorted
according to the trial outcome in the previous trial. I, m An example FOV, shown in
the same format as (c, d). n-r The PO encodings of all selective neurons (4489 of
8503 neurons from monkey H). Shaded regions in panels a, b, g, j, k, p denote SEMs.

period of the ISAL task (Fig. 2q, r). Data from the other monkey also
exhibited significant encoding of the outcome history (Supplementary
Fig. 7). Notably, the outcome-history encoding was not merely hyster-
esis (Supplementary Fig. 8): 39% of neurons exhibited inconsistent
encoding of the trial outcome and outcome history, either showing
significant encoding of only one of them or displaying significantly
opposite preferences (7.3%).

We also quantified the activity of 7a neurons during other task
epochs in the ISAL task (Supplementary Fig. 9). Consistent with previous
findings, a substantial proportion of neurons encoded saccade direc-
tion, particularly during the post-saccade epoch (delay period: 20%,
peri-saccadic period: 31%, post-saccadic period: 64%). The average

strengths of saccade direction encoding and outcome encoding were
positively correlated both within individual learning days and across
learning days (Supplementary Fig. 10a, b). In contrast, very few neurons
responded robustly to the visual cue (0.2%) or exhibited significant
encoding on the image identity during the cue presentation period
(<4%). Notably, the saccade direction selectivity during the delay period
—which may reflect image-saccade associations—was notably modest
(Supplementary Fig. 10c). Furthermore, pre-saccadic encoding in area
7a did not exhibit systematic changes across learning days that aligned
with the monkeys’ learning performance (Supplementary Fig. 10d).
These results suggest that area 7a is unlikely to be a central region for
encoding and acquiring sensorimotor associations.
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different tasks. e-g Comparison of outcome selectivity between sessions using
different levels of punishment. e The outcome selectivity of 833 7a neurons were
shown separately for the data sessions with and without the time-out punishment.
f Comparison of the averaged outcome selectivity between the data sessions with
and without the time-out punishment. (P < 0.01, paired t-test, two-sided).

g Changes in cell types between the two task conditions. h Comparison of average
outcome selectivity between trials following outcome switches (correct->error or
error>correct) and those following outcome repetitions (correct->correct or
error>error). Shaded regions in (c, f, h) denote SEMs.

To further quantify the strength of neural encoding of current
outcome, outcome history and saccade direction, we applied de-
mixed principal component analysis to decompose 7a population
activity into individual components corresponding to neural repre-
sentations of different task variables (see Methods). This revealed
significant encoding of all variables at the population level (Supple-
mentary Fig. 11). Trial outcome and outcome history together
explained significantly more variance of the population activity than
the saccade direction did (P=3.53e-16, t(32) =15.18, paired t-test; his-
tory: 0.173 + 0.022, outcome: 0.114 + 0.010, saccade: 0.108 + 0.011).

Relevance for outcome monitoring

Upon detecting prominent outcome encoding in area 7a, we pro-
ceeded to assess whether it satisfies the three criteria for outcome
monitoring.

Initially, we tested whether outcome signal in 7a just reflected
reward reception. To test this, we first compared outcome encoding
for the same neurons between in the ISAL task and a separate visual
saccade task (Supplementary Fig. 12). In this task, monkeys performed
saccades like those in the ISAL task but without learning associations,
with rewards doubled or canceled in a quarter of randomly chosen
trials (see Methods). If outcome selectivity primarily correlated with
reward reception, we expected similar levels of outcome selectivity
between the tasks. Instead, both the proportion of significantly
outcome-selective neurons and the population-level strength of the
outcome encoding dramatically diminished during the visual saccade
task (Fig. 3a-d, P=2.07e-11, F=46.92, repeated ANOVA), suggesting
that the outcome encoding in 7a during ISAL task correlated with
sensorimotor AL.

Second, we examined whether outcome encoding in 7a was
modulated by punishment. During some of the ISAL recording

sessions, we removed the time-out punishment after incorrect trials.
This manipulation significantly attenuated the strength of outcome
encoding in 7a neurons (Fig. 3e, f, P=7.7e-23, t(832) = -10.13, paired t-
test). Notably, the deletion of punishment changed the distribution of
outcome-selective neurons: the proportion of CNs diminished sig-
nificantly whereas that of ENs increased notably (Fig. 3g, Peny = 0.011,
Py =14e-8, chi-square test). Some ENs (12.73%) even switched to
encode correctness upon adding punishment.

Third, we investigated whether outcome encoding in area 7a was
modulated by outcome history, specifically the outcome of the pre-
ceding trial. We quantified the encoding strength separately for trials
following outcome switches (correct>error or error->correct transi-
tions) versus outcome repetitions (correct>correct or error-error).
Notably, outcome encoding was much stronger following outcome
switches compared to outcome repetitions (Fig. 3h, P=6.7e-14,
t(116) =—-8.5, paired t-test). This effect was consistent across both
error-preferring and correct-preferring neurons for both monkeys
(Supplementary Fig. 13). Together, these results demonstrate that
outcome encoding in area 7a extends beyond simple reward reception.
It reflects the evaluation of both positive and negative choice con-
sequences, and dynamically incorporates recent behavioral history.
These findings align with the established role of the primate posterior
parietal cortex (PPC) in salience representation, suggesting that area
7a preferentially encodes behaviorally salient outcomes during AL.

Next, we investigated the relationship between outcome encod-
ing in area 7a and the monkeys’ learning behavior during AL. If out-
come encoding in 7a supports outcome monitoring and contributes to
sensorimotor AL, we would expect that the strength of population-
level outcome encoding correlates with the monkeys’ choice strategies
and behavioral performance over the course of learning. To test this,
we first assessed whether outcome encoding strength was associated
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Fig. 4 | outcome encoding in area 7a correlated with monkeys’ learning beha-
vior. a Correlation between the strength of outcome encoding and the weight of
previous answer (extent to which monkeys adopted an outcome-guided strategy,
i.e., win-stay or lose-shift) during learning. Each cross represents one recording
day, and different colors represent different FOVs. b Histogram of the Pearson
correlation values calculated by shuffling the learning days. The correlation value
calculated from the real data was significantly greater than that from the shuffled
data, indicating a meaningful relationship. ¢, d Comparison of the averaged out-
come selectivity between the better-learned and worse-learned associations.

¢ Sessions with a significant difference in performance accuracy between the two
associations. d Sessions with similar levels of performance accuracy. e Comparison
of the averaged outcome selectivity between trials preceding exploratory choices
(monkeys switched saccade direction relative to the previous trial for the same
image-saccade association) and trials preceding exploitative choices (monkeys
repeated the same saccade direction for the same association). f Comparison of the
averaged outcome selectivity between trials preceding saccade switches and sac-
cade repetitions, regardless of the image-saccade association. The black dot
denotes the time point where the outcome encoding was significantly stronger in
trials prior to switching choice than repetition choice. Shaded regions in (c-f)
denote SEMs.

with the extent to which monkeys relied on an outcome-guided
strategy (win-stay or lose-shift) versus an outcome-ignored strategy
(win-shift or lose-stay) during learning. We modeled the monkeys’
saccade choices for each image-saccade association using the Psy-
Track model, which estimates a trial-by-trial weight for outcome-
guided strategies. Across different learning days, we found a sig-
nificant positive correlation between the outcome-guided strategy
weight and the strength of outcome encoding in area 7a (Fig. 4a, b;
Pearson’s r=0.54; Spearman’s r=0.49). This result indicates that
outcome encoding in 7a tracked the monkeys’ use of outcome-driven
strategies, supporting its role in trial-by-trial outcome monitoring
during AL.

Second, we examined whether outcome encoding in area 7a was
associated with the monkeys’ learning performance. For each learning
day, we categorized the two tested associations as either better-
learned (higher accuracy) or worse-learned (lower accuracy), based on
the monkeys’ performance accuracy. In sessions with a notable

performance difference between the two associations, 7a neurons
exhibited significantly stronger outcome encoding for the better-
learned association compared to the worse-learned one (Fig. 4c;
P=156e-7,t(17) =-8.5, paired t-test), regardless of whether the better-
learned association was linked to contralateral or ipsilateral saccades
(Supplementary Fig. 14). This difference in outcome selectivity is
unlikely to be attributable to saccade direction encoding alone, as
saccade choices were made at least one second prior to target offset. In
contrast, in sessions where behavioral performance was similar
between the two associations, outcome encoding remained compar-
able across conditions (Fig. 4d; P=0.68, t(8)=0.42, paired t-test).
Together, these results indicate that outcome encoding in area 7a is
closely linked to both the monkeys’ behavioral strategies and their
learning performance, reinforcing its proposed role in outcome
monitoring during AL.

Furthermore, we investigated whether outcome selectivity in area
7a directly influenced the monkeys’ learning of associations. Trials
were categorized into two conditions: exploration, where monkeys
switched saccade direction relative to the previous trial for the same
image-saccade association, and exploitation, where they repeated the
same saccade direction. For each condition, we assessed outcome
selectivity in the preceding trial. Outcome selectivity was much
stronger prior to exploratory trials than exploitative ones (Fig. 4e,
P=6.94e-13, t(115)=-8.1, paired t-test), suggesting that enhanced
outcome encoding in area 7a predicted subsequent exploratory
behavior. This effect was observed in both correct-preferring and
error-preferring neurons across both monkeys (Supplementary
Fig. 153, b). In contrast, 7a neurons did not exhibit elevated outcome
selectivity prior to trials where monkeys switched saccade direction
independently of the image-saccade association (Fig. 4f and Supple-
mentary Fig. 15¢, d). These findings suggest that outcome repre-
sentations in area 7a may contribute specifically to strategy shifts
during learning sensorimotor associations, rather than reflecting
general motor variability. Additionally, we found that pre-saccadic
selectivity of 7a neurons was significantly, though very modestly,
stronger when the monkey’s saccade choice was correct in the pre-
ceding trial compared to when it was incorrect (Supplementary
Fig. 16), suggesting that outcome signals may modulate the strength of
association encoding in area 7a in the subsequent trial. Together, these
findings indicate that outcome encoding in area 7a fulfills all three
proposed criteria for outcome monitoring, suggesting that this region
plays an active role in monitoring trial outcomes and contributes
functionally to sensorimotor AL.

Evolution of outcome representation during associative
learning

Building on the above findings that establish a correlation between
outcome encoding in 7a and outcome monitoring during AL, we next
delved into the dynamics of outcome encoding across different
learning days during long-term AL. We tracked the activity of neurons
in 12 FOVs spanning the sensorimotor AL course (Supplementary
Fig. 17 and Supplementary Table 1). The longitudinal recordings for
each FOV spanned from the initial day when monkeys performed the
ISAL task with familiar associations to the day when monkeys mastered
a new pair of associations (Figs. 1b, 5 and Supplementary Fig. 17). We
assessed the changes in preference and strength of outcome encoding
between familiar days (when monkeys were tested with familiar asso-
ciations) and learning days (when monkeys were learning novel asso-
ciations). Figure 5a-j illustrates the progression of outcome encoding
in neurons from two representative FOVs. For the FOV in Fig. 5Sa-e, the
number of neurons showing outcome selectivity gradually increased
after the monkey transitioned to learn novel associations. Within this
example FOV, most neurons (76%), initially devoid of outcome
encoding during familiar day, developed significant outcome encod-
ing during learning days; while some of the remaining neurons (13.3%)
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switched outcome encoding upon acquiring new associations
(Fig. 5c-e). At population level, outcome encoding in this FOV pro-
gressively increased during the learning days (Fig. 5d). Conversely, the
other FOV exhibited a distinct evolution of outcome selectivity
(Fig. 5f-j). Following an initial surge on the first learning day, outcome
selectivity gradually waned over subsequent learning days. This
decline is evident from the diminishing outcome selectivity in indivi-
dual neurons and a reduction in the number of neurons significantly
selective for outcomes (Fig. Sh-j). We also identified FOVs in which
outcome selectivity was strongest during the familiar day, and dra-
matically diminished after transitioned to learn novel associations
(Supplementary Fig. 18).

We found changes in outcome selectivity during AL in most of the
tested FOVs (Supplementary Fig. 19), although the patterns of change
were not unitary. Across all the FOVs, 12% of neurons gained or lost
outcome selectivity after monkeys learned novel associations (Fig. 5k),
62% of neurons changed their outcome selectivity during the learning
course (decrease, increase, or switch encoding preference, see Meth-
ods), while only 12% of neurons maintained stable outcome encoding
across the learning course. Notably, changes in outcome encoding
were more prevalent than the changes in saccade direction encoding

in 7a, as significantly fewer neurons displayed significant changes in
post-saccadic selectivity over the learning course (Fig. 5k, P << 0.001,
chi-square test).

Subsequently, we investigated the stability and evolving patterns
of outcome encoding at the population level throughout each learning
course through two distinct approaches. First, we calculated the cor-
relations in the patterns of outcome selectivity for all identified neu-
rons in each FOV between successive days (see Methods). This
revealed generally low correlation values for most FOVs
(r=0.345+0.146). The inter-day correlations found for outcome
encoding were significantly lower than those for saccade direction
encoding (Fig. 6a, P=3.4e-4, t(11) = -5.12, paired-t test), indicating that
outcome encoding changed faster than the saccade direction encod-
ing during AL. The patterns of neural encodings on trial outcome and
saccade direction were distinct, with modest population-level corre-
lation in only 1 of 12 FOVs (r = 0.015, P=0.008). Importantly, we found
lower inter-day correlations for outcome selectivity between the
familiar day and the first learning day than that between successive
learning days (Fig. 6a, P=0.035, t(11)=-2.24, paired t-test). Con-
versely, neural encoding of saccade direction did not exhibit such
divergent patterns of changes across different learning periods. This
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Similarly, the averaged Al value resulting from the projection of population activity
on later learning days onto top PCs of neural activity on earlier learning days
(marked by the cyan triangle) quantifies population activity similarity between
different learning days (N.-N.). ¢ Comparison of Al values between saccade direc-
tion encoding and outcome encoding. Each data point denotes the averaged result
for one FOV (**P=0.003). d Comparison of Al values for outcome encoding
between N.-Fa. and N.-N. conditions (***: P=9e-5). e Proportion of neurons that
changed selectivity after monkeys transitioned to learning novel associations. The
results from comparisons between the familiar day and the first learning day, as well
as between the familiar day and the last learning day, are shown separately. Data
from all 12 learning courses were pooled. f Remapping index quantifying the extent
of outcome encoding remapping caused by learning novel associations. Each data
point represents the result of one FOV.

suggests that the neural pattern of outcome encoding reorganized in
7a when monkeys began to learn novel associations. The remapping of
outcome encoding was notable after learning new associations, as
evidenced by significantly lower correlations of outcome encoding
between the familiar day and the final learning day (when the monkey
had learned a novel pair of associations), compared to the inter-day
correlations between successive learning days (Fig. 6a).

Second, we investigated how the population neural codes for trial
outcome changed throughout learning. Specifically, we quantified the
degree of alignment (or overlap) between the neural subspaces of the
population activity from different days within each learning course,
and tested how the neural subspaces encoding trial outcome or sac-
cade direction changed throughout the learning course. This approach
compares the percentage of variance explained when projecting
population activity from one day onto neural axes defined by popu-
lation activity from another day, producing an alignment index (Al)
ranging from O (perfect orthogonality between the two subspaces)
and 1 (perfect alignment; Fig. 6b and Supplementary Fig. 20; see
Methods). We found significantly lower Als for trial outcome com-
pared to saccade direction in most FOVs (Fig. 6¢), indicating faster
changes in neural encoding of trial outcome than that of saccade
direction. We then split the Als into two groups (Fig. 6b): (1) Als from
projecting neural activity on learning days onto neural axes defined by
neural activity from familiar days (novel-familiar group); and (2) Als
calculated using neural activity in different learning days (novel-novel
group). Remarkably, Als for outcome encoding in the novel-familiar
group were significantly smaller than that in the novel-novel groups
(Fig. 6d). This difference resulted from neither the difference in
monkeys’ behavior performance nor the difference in the temporal
gaps between familiar day and learning days (Supplementary Fig. 21a,
b). Furthermore, the Als from projecting neural activity on the final

learning day onto neural axes defined by activity from familiar days
were significantly lower compared to those in the novel-novel condi-
tion. Together, these results demonstrate that outcome encoding in 7a
was contingent on learning content, and evolved gradually during
learning novel associations.

In order to excess the extent of outcome encoding remapping
caused by learning novel associations, we further calculated the per-
centage of neurons whose outcome selectivity significantly changed
after the monkeys transitioned to learning novel associations. For each
learning course, we compared the outcome encoding on the first or
last learning day with the outcome encoding on the familiar day. We
found that the majority of neurons (60%) exhibited significant changes
in outcome selectivity after transitioning to learn novel associations
(Fig. 6€), while only a small proportion of neurons (17-18%) maintained
stable outcome encoding. To further quantify the extent of such
reorganization in population-level outcome encoding, we defined a
remapping index as the ratio of inter-day change in population-level
outcome encoding (measured by the alignment index) for the novel-
familiar group compared to the novel-novel group (see Methods). A
higher remapping index indicates a greater degree of change in out-
come encoding resulting from the transition to novel associations,
relative to the evolution of outcome encoding during the learning of
the same associations. Values greater than 1 suggest a trend of
remapping, with higher values reflecting more significant changes. We
found that the remapping index for all the FOVs was greater than 1,
with an average value close to 1.5 (Fig. 6f), suggest that the reorgani-
zation of outcome encoding due to the transition to novel associations
was substantial.

Moreover, changes in outcome encoding during AL were not
primarily due to variations in the signal to noise ratio of the recorded
neurons across different days. First, Als for outcome encoding
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calculated using data from two successive days showed no significant
difference from the Als calculated using half-session data within each
day (Supplementary Fig. 21c). Second, changes in outcome encoding
across different days did not correlate with changes in baseline activity
of each recorded neuron (Supplementary Fig. 21d).

Network connectivity constrained the evolution of outcome
encoding

We hypothesized that the evolution of outcome representations dur-
ing AL is constrained by network structure. One functional measure of
network connectivity is ‘noise correlation*®", the covariation in
activity across repeated trials. We calculated the noise correlation
between each pair of recorded neurons for each FOV. This reveled that
noise correlation was greater for within-type pairs than cross-type
pairs for the outcome-selective neurons (ENs/CNs, Fig. 7a), indicating
that neurons that showed similar neural encodings were more likely to
coactivate. We therefore tested whether the strength of noise corre-
lation could predict the changes of outcome selectivity across differ-
ent days during AL. If the evolution of outcome encodings in 7a was
governed by the network connectivity, we expected that neurons that
coactivated more closely (more noise correlation) on one (henceforth
‘current’) day would demonstrate similar neural encodings (higher
signal correlations) on the next day. Indeed, we found significant
correlations between the noise correlation patterns on the current day
and the signal correlation patterns on the next day for all successive AL
days. (Fig. 7b, maximum P=6.9e-64). Additionally, changes in signal
correlations were significantly correlated with changes in noise cor-
relations for all successive learning days (Fig. 7c, maximum P = 5.5e-19).
These correlations suggest that the network connectivity potentially
constrained the changes in the outcome encoding during long-
term AL.

To further investigate how the evolution of outcome encoding
was governed by the local network connectivity, we examined whether
the noise correlation could predict changes in neuron types during AL.
We focused on two major groups of neurons whose outcome encod-
ings changed across two concessive days. First, we tested neurons
belonging to the same type (CN, EN, or non-selective) on the current
day but transitioning to different types on the next day. We categor-
ized these neurons into different subgroups based on their outcome-
selectivity on the next day (Fig. 7d-g), and calculated the noise cor-
relations (within the same neuron type) on the current day for both
within-future-type pairs (neurons belonging to the same type on the
next day) and cross-future-type pairs (neurons transitioning to the
different types on the next day). This revealed that noise correlation
was predictive of the changes of neuron types during AL: noise cor-
relation on the current day was significantly higher for within-future-
type pairs than cross-future-type pairs (Fig. 7e-g). This trend was
specifically observed in neurons exhibiting significant outcome
selectivity (ENs and CNs), but dramatically diminished in neurons that
were nonselective on the next day (Fig. 7e-g, P=3.1e-5, t(11) =-6.76,
paired t-test). Remarkably, the prediction power for the changes in
neuron types significantly decreased when signal correlation was
quantified instead of noise correlation (Fig. 7g, P=7.7e-5, t(19) =5.01,
paired t-test). These results indicate that the functional connectivity
between the same type of neurons could predict the changes in out-
come encodings across learning days.

Second, we examined neurons that were initially of different types
on the current day but merged to the same type on the following day.
Similarly, we quantified noise correlations between these neurons
(across different neuron types) on the current day and sorted them
into within-future-type pairs and cross-future-type pairs, categorized
by the outcome selectivity of these neurons on the next day
(Fig. 7h-k). This also disclosed significantly higher noise correlation on
the current day for within-future-type pairs than cross-future-type
pairs (Fig. 7i-k), with this pattern evident only among neurons

displaying significant outcome selectivity on the next day (Fig. 7i, k,
P=53e-5, t (7)=-8.71, paired t-test). Furthermore, noise correlation
exhibited better predictive ability for changes of neuron types than the
signal correlation between these neurons (Fig. 7k, P=7.1e-5,
t(24) =4.79, paired t-test). These results suggest that neurons exhi-
biting closer coactivation on the current day were more likely to
develop similar neuronal encodings on the next day, even though they
were currently of different types. Together, our results indicate that
network connectivity shaped the evolution of outcome encoding in 7a
during long-term AL.

Discussion

By long-term tracking of neural activities of the same neuronal popu-
lations within the primate PPC during sensorimotor AL, we demon-
strated robust neural representations of the trial outcome that was
closely correlated with monkeys’ learning behavior. Notably, outcome
encoding in area 7a particularly reflected outcome switches, and may
directly drive the exploratory behavior in the subsequent trials. Fur-
thermore, these outcome representations reorganized as monkeys
transitioned from exploitation to exploration and underwent a gradual
evolution across learning days. This dynamic evolution was notably
constrained by the local network connectivity. Together, our study
reveals a previously unrecognized function for primate PPC - mon-
itoring the salient trial outcome and driving exploration during
reward-based learning. While previous studies emphasized fronto-
striatal dopaminergic network as the central hubs for reward-based
learning®2**%2, our findings extend the scope of this network and
broadens our understanding of the function of the PPC beyond its
traditionally recognized role in sensorimotor processing. Additionally,
our results reveal for the first time the continues evolution of the
neuronal representation in the same population of neurons in the
primate brain during the learning process over a long period, along
with the potential mechanisms that govern the evolution of neural
selectivity within local networks during learning.

The outcome signal observed in area 7a exhibited several notable
features that support its important role in outcome monitoring during
sensorimotor AL. First, the outcome encoding in 7a dramatically
diminished in the simple saccade task that involved no learning. Sec-
ond, the strength of outcome encoding significantly decreased when
the time-out punishment was removed for the incorrect trials. These
results suggest that the outcome representation in 7a transcends
simple physical reinforcement feedback, implying involvement of
cognitive processing. Third, the strength of outcome encoding in area
7a correlated with both the extent to which the monkeys’ saccade
choices followed a win-stay, lose-shift strategy and their performance
accuracy during AL. Fourth, the outcome encoding in 7a was con-
tingent on the specific learning content and gradually evolved during
AL. This strong reliance of outcome representation on monkeys’
learning behavior implies a functional contribution of the outcome
signal in 7a to AL. Fifth, outcome representations in area 7a were
particularly sensitive to outcome switches. This aligns with the estab-
lished role of the primate PPC in salience representation”°. Finally,
stronger outcome encoding in area 7a predicted exploratory choices
in the following trial but did not predict improved learning perfor-
mance. This indicates that while outcome signals in 7a may not directly
facilitate the formation of sensorimotor associations, they may instead
promote exploratory behavior during the learning process. Together,
these results suggest that the primate PPC satisfy the three criteria for
outcome monitoring. It contributes to sensorimotor AL by monitoring
behavioral outcomes to facilitate exploratory behavior, extending its
recognized role in reward-based decision-making.

Previous studies have identified outcome representation in brain
areas outside PPC, emphasizing the significance of the frontal-striatum
network in evaluating reward reinforcement®°?**2, Qutcome signal
has been proposed to serves as a teaching signal, reinforcing correct
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n=>59). b The Pearson correlations between noise correlations of 7a neurons in the
current day and the signal correlations of these neurons in the subsequent day.
Different colors denote different learning courses. Each dot denotes the result from
two consecutive days. ¢ The correlation between the changes in noise correlations
and the changes in signal correlations of 7a neurons across two consecutive days.
d Schematic illustration of noise correlation calculation for the within-type pairs.
This analysis only included neurons that belonged to the same type (CN, EN, or non-
selective) on the current day but transitioned to different types on the next day. In
day 2, neuron type 1 and type 2 are outcome-selective (S.), while neuron type 3 is
non-selective (N.S.). Colored solid and dashed arrows indicate the within-future-
type pairs and across-future-type pairs, respectively. e Noise correlation distribu-
tions for an example session. f An ROC analysis was used for quantify the difference
in noise correlation between within-future-type pairs and across-future-type pairs.
The area under curve (AUC) value quantifies the predictive power of noise corre-
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curves for outcome-selective and outcome-non-selective neurons, respectively.
Data are from the same example session shown in (E). g Comparison of the pre-
dictive power for neuron ensemble evolution between noise correlation and signal
correlation. Each dashed line connects data from the same day. Red and gray dots
represent results from outcome-selective and outcome-non-selective neurons,
respectively. The red horizontal line represents the average value. The green dots
denote data from the example session. Noise correlation was significantly different
between within-future-type and across-future-type pairs for neurons which were
outcome-selective on the second day, but no such difference was observed for
neurons which were outcome-non-selective on the second day. (**P = (3.1e-5, 7.7e-
5), paired t-test, two-sided, n = (12, 20)). h Schematic illustration noise correlation
calculation the for the across-type pairs. This analysis only included neurons that
were initially of different types on the current day but merged to the same type on
the following day. i, j Difference in noise correlations between within-future-type
pairs and across-future-type pairs in another example session. k Comparison of the
predictive power for neuron ensemble evolution between noise correlation and
signal correlation. (***P = (5.3e-5, 7.1e-5), paired t-test, two-sided, n = (8, 25)). Data in
(, k) were shown in the same format as in (f, ).

associations while weakening incorrect ones. However, the observed
outcome representation in PPC differs markedly from these earlier
findings, instead highlighting a predominant sensitivity to salient,
negative outcomes that may drive exploratory choices during AL. This
suggests a potential complementary role of PPC in monitoring trial
outcomes during sensorimotor AL, relative to the role of the frontal-

striatum network. While the frontal-striatum circuitry primarily eval-
uates reward reinforcement and supports the acquisition and exploi-
tation of learned associations during AL, PPC may instead play a
predominant role in detecting salient ‘error signals’ and facilitating
exploratory behavior throughout the learning process. The outcome
signal in area 7a may be primarily relayed to brain regions such as the

Nature Communications | (2025)16:11681

10


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-66714-8

frontal pole and intraparietal sulcus, which are known to drive
exploratory behavior during decision-making®**. This is also in line
with opponent-process theories, which propose that emotional
experiences and motivated behavior are regulated by pairs of oppos-
ing processes™.

The critical roles of the fronto-striatal network in AL have been
demonstrated in previous studies using causal approaches, such lesion
studies®**°, However, the causal involvement of the primate PPC in
long-term AL remains to be tested in future studies. Our findings
suggest that area 7a may not play a central role in forming or encoding
sensorimotor associations during AL. First, only a small fraction of 7a
neurons showed significant encoding of the visual cue during either
the cue presentation (<4%) or delay (20%) periods of the ISA task.
Second, encoding of saccade direction prior to the monkeys’ choices
was notably weak. Third, this pre-saccadic encoding did not show
systematic changes across learning days that aligned with the mon-
keys’ learning performance. The relative lack of attention to the pri-
mate PPC in earlier AL studies aligns with our observation that area 7a
may not be directly involved in acquiring new associations. Instead, it
may contribute to outcome monitoring—specifically by encoding
salient outcome signals that promote exploratory behavior during AL.
Nonetheless, the role of the primate PPC in outcome monitoring and
its potential contribution to exploration-driven learning processes
warranting further investigation with causal manipulations. Previous
rodent studies have reported that PPC was causally involved in pro-
cessing sensory-stimulus history and history-based action selection
bias to guide decision behavior®®®', Moreover, PPC was also shown to
represent discrepancies between the current model and observed
state transitions in reinforcement learning®, as well as reward-related
belief updating during flexible decision-making®. Collectively, these
results indicate that PPC likely plays an important role in updating the
estimation of the current state by incorporating past experience, to
guide decision-making and learning.

Previous studies have shown that neural activity in area 7a reflects
saccade direction®*®*, eye position-induced gain fields®, and reaching
movements® %, However, several lines of evidence suggest that the
outcome encoding observed in our study is unlikely to originate pri-
marily from sensorimotor processes. First, the outcome encoding
cannot be attributed to differences in the monkeys’ eye positions or
eye movements between correct and error trials during the inter-trial
interval. Second, outcome encoding in area 7a significantly diminished
when the task did not involve learning or when the time-out punish-
ment for incorrect trials was removed. Third, outcome encoding
underwent substantial reorganization when the monkeys transitioned
to learning novel associations and then gradually evolved in distinct
patterns during the learning of different novel associations. Never-
theless, it is possible that the monkeys exhibited idiosyncratic but
systematic behavioral changes during the inter-trial interval, such as
limb movements, sucking, or body gestures, while learning different
novel associations and engaging in various task conditions. Further-
more, it is also possible that the monkeys were engaged differently
across tasks or learning periods, which might be reflected by changes
in pupil signals. These behavioral changes could partially contribute to
the outcome encoding in area 7a. Future studies should further
investigate the relationship between these idiosyncratic behaviors and
outcome representation during the learning process.

Remarkably, our investigation revealed that the outcome encod-
ing in 7a was contingent on the learning content. The neuron ensem-
bles that encoded the trial outcome substantially reorganized when
monkeys transitioned to acquiring new association, and the outcome
encoding of individual 7a neurons gradually evolved over days during
learning. This episodic-like outcome representation, however, did not
signify a global remapping of neural representations in 7a after tran-
sitioning to new associations, nor did it primarily stem from the overall
fluctuation of neural encoding across different days, because such

significant reorganization and rapid changes were not observed for the
representation of saccade directions. Consistently, stronger outcome
selectivity was specifically linked to switching saccade choice direction
for the same imaging-association rather than simply switching saccade
directions irrespective to the associations. This content-dependent
outcome encoding may also explain the heterogeneous evolution of
outcome signals across different 7a subregions (FOVs) throughout the
learning process. Beyond potential clustering of outcome-encoding
neurons, such heterogeneity might reflect the storage of distinct
learning experiences or support the acquisition of different types of
content.

Consistently, previous rodent studies have shown that the firing
patterns of grid cell and space cells remapped after transitioning to
new environment®, This remapping process is thought to incorporate
information about space together with particular events or function as
a pattern separation mechanism, both of which are essential for epi-
sodic memory processing’®. Similarly, the reorganization of outcome
representation in PPC might incorporate the outcome information
with distinct sensorimotor associations during AL, potentially segre-
gated in memory as discrete learning experiences. Consequently, new
patterns of outcome representations emerged as monkeys embark on
acquiring new associations. We speculate that PPC neurons exhibiting
strong outcome encoding during the learning of specific associations
may become functionally coupled with neurons representing these
associations, thereby influencing the learning of sensorimotor asso-
ciations. Such content-dependent outcome representations may pro-
vide a computational advantage over abstract, content-independent
outcome signals by enabling outcome-encoding neurons to directly
influence the neuronal ensembles representing specific associations,
without requiring more complex targeting mechanisms. Further stu-
dies—such as reversing the sensorimotor associations and causally
manipulating activity dynamics—are needed to clarify the potential
role of encoding remapping during AL.

Our study explored the neural mechanisms underlying long-term
learning in behavioral monkeys. Earlier work has demonstrated that
long-term training shapes neural activity in the primate brain?**"". Our
work extends these results not only in demonstrating how AL shapes
the representation of individual neurons across different learning
days, but also by providing insights into the mechanisms that constrain
the evolution of neural selectivity during learning. Employing noise
correlation to measure the functional connectivity between single
neurons, we found that the changes in neuron ensembles was casually
constrained by the network connectivity. While noise correlation is
commonly used to quantify functional connectivity between neurons,
previous studies have primarily focused on its impact on population-
level sensory encoding or how it changes during learning®™” 7%, Our
results indicate that the structure of correlated activity variability may
also be useful for exploring learning-related plasticity of cortical con-
nectivity. Specifically, our results indicate that neurons coactivated
more closely were more likely to develop strong connections over
time, leading to similar neural encoding. This aligns with the Hebbian
theory, which posits that neurons that fire together wire together.
Furthermore, our work demonstrated that noise correlation among
neurons could better predict changes in neuronal encoding after
learning as compared to the similarity of their functional properties.
Together, these results suggest a potential foundational principle for
learning: the network structure serves as a constraint on learning
processes.

Methods

Animal preparation and behavioral training

We trained two male Rhesus Macaques, aged 4-5 years and weighing
5-6 kg, on two different behavioral tasks. Before behavior training, we
implanted three head-posts in an inverted Y-shape configuration on
the monkeys’ skulls. A T-shaped steel frame was affixed to these head-
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posts to enhance the stability of the head fixing. Our surgical and
behavioral approaches have been described in detail previously>”¢.
The monkeys were individually housed in cages, subjected to a 12-h
light/dark cycle. Behavioral training and experimental recordings were
exclusively conducted during the light phase. Monkeys were comfor-
tably seated and head-fixed in a custom-made primate chair inside a
dark experiment rig. Task stimuli were displayed on a 27-inch color
LCD monitor (1920 x 1080 resolution, 75 Hz refresh rate, 45 cm view-
ing distance). A solenoid-operated reward system was used to deliver
juice reward to the monkeys. Monkeys’ eye positions were monitored
by an optical eye tracker (ISCAN ETL-200) at a sampling rate of 240 Hz
and stored for offline analysis. Stimulus presentation, task events,
rewards, and behavioral data acquisition were accomplished using an
Intel-based PC equipped with MonkeyLogic software running in
MATLAB” (http://www.monkeylogic.net). All experimental and surgi-
cal procedures were in accordance with Peking University Animal Care
and Use Committee.

Behavioral tasks

Image saccade association learning task (ISAL). Monkeys had to
learn the associations between different visual images and two saccade
directions in this task. On each trial, monkeys were required to saccade
to one of the two targets based on a presented visual image (Fig. 1a).
Each trial started with a central fixation point, and monkeys needed to
maintain their gaze within a 3° radius of this point until it disappeared.
1500 ms after monkeys acquired fixation, a visual image, randomly
selected from the internet and characterized by full contrast and a 6.5°
diameter, appeared on the screen for 500 ms. Importantly, the image
was always presented on the contralateral side of the screen relative to
the recorded brain hemisphere (7° eccentricities, orientated at 135°).
Following a 1s delay, the fixation point disappeared and two saccade
targets (white, 0.5° diameter) appeared simultaneously on the left and
right side of the screen, equidistant from the center at 7° eccentricities.
These targets were positioned orthogonally to the visual image’s
orientation (oriented at 45°). The spatial configurations of task stimuli
remained constant throughout the study. Monkeys had to saccade to
the direction associated with the presented visual image within a
400 ms time window, and maintain fixation on the chosen target for1s
to get juice reward. The juice reward was promptly delivered upon the
target’s disappearance. As such, the trial outcome, whether correct or
erroneous, became quickly evident, even though explicit feedback
regarding the outcome of each trial was absent. Once they had fully
learned a pair of image-saccade associations, the monkeys were then
instructed to learn two novel associations in subsequent days.

Visual saccade task. A visual saccade task was used as a control task to
test whether the outcome encoding in PPC solely reflected getting
\missing reward. Trials were initiated by the monkeys acquiring central
fixation. Following a 1500 ms fixation period, the fixation point dis-
appeared, and a visual target was presented at one of four possible
locations, evenly spaced at 90° angular intervals with a 7° eccentricity.
Two of the target locations corresponded precisely to those in the ISAL
task. Monkeys had to make a single saccade to the target within
400 ms, and fixate at target for 1000 ms in order to receive a juice
reward. At the behavioral training phase, monkeys received a standard-
size juice reward after completing every trial. However, during neural
recording sessions, the reward probability was manipulated: in one-
quarter of randomly selected trials, monkeys were rewarded with
double the usual amount, while the juice reward was omitted entirely
in another quarter of randomly selected trials.

Task training. Both monkeys were trained with the visual saccade task
before neural recording. However, there were slight differences in the
training procedures for the ISAL task between the two monkeys.
Monkey H received training in the ISAL task for 61 days but had not

fully acquired proficiency in the first pair of image-saccade associa-
tions before the commencement of neural recording. Consequently,
Monkey H continued to learn these initial associations after the neural
recording began, spending almost one month to master them. In
contrast, Monkey X received more extended training in the ISAL task
and had already fully learned the first pair of associations before neural
recording commenced. Both monkeys learned new sets of image-
saccade associations more quickly as they gained experience with each
new set. Notably, they took significantly longer to learn the first pair of
associations, as they had to familiarize themselves with the task rules
and stimulus sequence during this initial stage. Over the course of
neural recording, two monkeys learned a total of 12 pairs of novel
associations (Monkey H: 2 pairs, Monkey X: 10 pairs). This allowed us to
consistently track the same neurons across all 12 subregions within 7a
throughout the entire learning courses. During each learning course’s
neural recording, monkeys were initially tested with the ISAL task using
the previously learned (familiar) associations on the first day. Subse-
quently, they were introduced to a new pair of associations (novel) on
the following days until full proficiency was achieved. At this stage of
learning, only the novel associations were tested, while the familiar
associations were not. Importantly, within each recording session/day,
the image-saccade associations remained constant.

While Monkey H was in the process of learning the initial pair of
image-saccade associations during the neural recording phase, its
performance accuracy stabilized at approximately 80% for a period of
several days. During this phase, we removed the time-out punishment
following error trials in the ISAL task for four randomly selected ses-
sions/days. This was designed to investigate the impact of punishment
on outcome encoding in the PPC. Importantly, all task variables
remained consistent within each recording session/day.

Neural recording

Virus injection and chamber implanting. In order to record the
activity of a large population of neurons and monitor their activity
changes across different days, we implemented two-photon calcium
imaging recording on behavioral monkeys. Detailed procedures for
the surgical and recording processes are elaborated upon in the pre-
vious studies”. In brief, we conducted two surgeries on each animal to
inject the virus for transferring the calcium indicator into cortex and to
implant the optical recording chamber respectively. During the first
surgery, a 14-mm diameter craniotomy was executed on the skull over
7a region in the right hemisphere of each monkey. The localization of
7a was determined in accordance with the monkey brain atlas, speci-
fically situated as the posterior part of the inferior parietal gyrus,
located beneath the intraparietal sulcus and above the superior tem-
poral sulcus (Fig. 1g, h). Following the dura mater’s exposure, we
performed a pressure injection of 50-100 nL AAV9-Syn-GCaMPéf-
WPRE-SV40 (titer 2.6e13 (GC/ml), Addgene) into cortex at a depth of
approximately 400 pm. To ensure effective transfection, the virus
solution was injected to many sites widely spread in 7a. Approximately
45 days after AAV injection, a second surgery was conducted to
implant the recording chamber. A glass coverslip (diameter 8 mm and
thickness 0.17 mm) glued in a titanium ring with silicone adhesive (KN-
300X, Kanglibang, China) was used to gently cover the cortex. The
titanium ring was sealed on the skull with dental acrylic to form an
imaging chamber. In both monkeys, tissue regeneration occurred
within the imaging chamber several weeks after the chamber implan-
tation surgery. This dramatically degraded the quality of optical signal.
We therefore surgically removed the regenerated tissues and replaced
the glass coverslip with a new one.

Two photon calcium imaging recording. Approximately one week
following the implantation of the recording chamber, we initiated the two-
photon calcium imaging recording experiment using a Thorlabs two-
photon microscope and a Ti:Sapphire laser (Mai Tai eHP, Spectra Physics).
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In each recording session, a cortical area of 800 pm x 800 pm was imaged
at 30 Hz using a 16x objective lens (0.8 N.A., Nikon). The recording depth
ranged from 200 to 300 pum beneath the arachnoid membrane. A stan-
dard slow galvo scan was used to obtain static images of neurons with
high resolution (1024 x 1024). For imaging neuronal activity, we employed
a fast resonant scan capable of capturing up to 30 frames per second
(averaging each 4 frames resulted in 7.5 frames/s). Each recording session
lasted for a duration of 4-6 h, generating an image data set consisting of
80-120k frames. Approximately every 5-10 min, we manually corrected
slow drifts in the field of view (FOV) by comparing them to a reference
image. In total, we conducted 117 recording sessions across 25 imaged
FOVs distributed in 7a from two monkeys (7 FOVs and 36 recording
sessions for Monkey H and 18 FOVs and 81 recording sessions for Monkey
X). Within 12 of the 25 FOVs, we consistently monitored the activities of
the same neurons throughout a full learning course spanning a period of 3
to 7 days. To ensure alignment with the same imaging plane on con-
secutive days, we initially performed coarse alignment based on the
recording coordinates, blood vessels, pia mater, and arachnoid, followed
by precise alignment to reference images.

Data analysis

Behavioral performance. Only recording sessions where the monkeys
completed a substantial number of trials (n >=800 for Monkey H and n
>=700 for Monkey X) were included in our subsequent analyses. On
average, monkey H completed 1156 trials per session, and monkey X
completed 965 trials per session. We assessed each monkey’s perfor-
mance accuracy by calculating the ratio of correct trials to the total
number of completed trials, encompassing both correct and error trials.
In Fig. 1c, we depicted the real-time accuracy dynamics using a sliding
time window approach (width: 100 trials, step size: 20 trials). To
determine whether monkeys had fully acquired a pair of image-saccade
associations, we applied two criteria: (1) the monkey’s average accuracy
throughout the session exceeded 0.8, and (2) the monkey’s average
accuracy reached 0.9 over a continuous period of at least 200 trials.
Additionally, we assessed whether monkeys exhibited a significant bias
in saccade direction within a given session by examining the disparity in
their performance accuracies between two different saccade directions.
If this performance accuracy difference reached 0.2 within a specific
section, we classified that section as a biased session.

Dynamic model fitting. In order to capture the dynamics of monkeys’
behavior strategies during sensorimotor AL, we fitted monkeys’ per-
formance accuracy with a dynamic Bernoulli generalized linear model,
characterized by a set of smoothly evolving psychophysical weights.
Specifically, we used ‘PsyTrack’ package, which was described in detail
in a previous study and proven suitable for parametrizing the time-
varying behavior in learning task*® (https://github.com/nicholas-roy/
PsyTrack). This model aims to fit modeling weights that depict the
decision-making strategy of the animals on a trial-by-trial basis, as a
linear combination of available task variables. Therefore, this model
describes choice behavior at the resolution of single trials, allowing us
to quantify the evolution of animal’s decision strategies (represented
by different weights) across the learning course. Notably, the magni-
tude of a particular weight directly correlates with the extent to which
the animal relies on the corresponding task variable in its decision-
making process. Specifically, we utilized the task condition (Cue
identity) as input for the model, denoting each single trial as either -1
or 1, while the monkeys’ choice (Saccade direction) served as the
model’s output, labeled as O or 1 for each single trial. We determined
three behavioral weights, namely the bias weight, previous answer
weight and stimulus weight, through model fitting.

Neuronal data analysis
Identify single neurons within each session. We used an image
processing  software  (suite2p, https://github.com/MouseLand/

suite2p), for motion correction, definition of putative cell bodies,
and extraction of fluorescence traces. We extracted the single neuron
activity within each FOV based on three primary steps. First, the raw
data streaming from the microscope system was converted into
ome.tif format using Fiji software (version 2.13, https://imagej.net/
software/fiji/). Subsequently, we transferred this data to ‘suite2p’ for
offline processing, which included motion correction, extraction of
neuronal signals, and denoising. Second, we manually selected the
resulting cell bodies (ROIs) candidates from the original ROI panels.
We then employed a machine learning approach to optimize para-
meters tailored to the data recorded from different subregions of the
7a cortex in each monkey. These refined parameters were subse-
quently applied to ‘suite2p’ to reprocess the data again, generating
new ROIs for each data session. Lastly, we manually inspected and
selected ROIs once more to ensure that all identified ROIs exhibited
satisfactory neuron morphology and met the quality criteria.

Identify the same group of neurons across sessions. Following the
selection of ROIs for each recording session, we proceeded to align the
neurons across all the recording sessions\days throughout the learn-
ing course for each tested 7a FOVs. This involved the following steps.
(1) We utilized ‘suite2p’ to generate a cross-day classifier by leveraging
data from all sessions/days within each learning course for each 7a
subregion. (2) Subsequently, we imported the cross-day classifier back
into ‘suite2p’ to generate ROIs within each FOV for each individual day
within the learning course. Using these steps, the neurons (ROIs)
within each FOV were identified for each recording day through the
‘suite2p’. (3) We then manually cross-referenced and matched the
neurons (ROIs) among different recording sessions within each
learning course, based on their spatial location in the reference plane
and their morphology. If a neuron could not be confidently identified
in one of the sessions within the learning course, it was excluded from
consideration for all recording sessions within that learning course.
Consequently, our approach yielded an incomplete map of all neurons
across all recording days for each FOV.

Nonetheless, this method offers advantages over other commonly
used approaches. Other approaches often use a single map of ROI
masks for all days, such that this map is transformed on each day to
best fit that day’s imaging alignment. Slight deviations in the axial
plane of the image or other sources of in-plane distortion could lead to
slight offsets in masks from day-to-day relative to the ideal alignment.
Such slight offsets could result in contamination from activity in other
cells, dendrites, and axons. In contrast, our approach identifies signal
sources on each day, circumventing the risk of contamination from
signal sources on different days. Furthermore, our procedure neces-
sitates the selection of neurons that consistently exhibit a high signal-
to-noise ratio throughout the entire learning course. Consequently, we
have confidence that the observed changes in neural encoding for
each individual neuron during the learning course are unlikely to be
attributable to fluctuations in the recording quality across different
recording sessions.

Neuronal pre-screening, denoise and normalized activity. Since our
recording sessions typically extended for a considerable duration
(4-6 h each), various factors such as slow drifts in the imaging plane’s
focus and light bleaching occurred within each session. These factors
resulted in gradual alterations in the baseline fluorescence levels of
individual neurons during each session. To mitigate these potential
sources of interference, we implemented a high-pass filter on the
fluorescence trace of each neuron, effectively eliminating very slow
dynamics within each recording session (High pass filter, 0.005 Hz).
We plotted the relative changes in fluorescence, denoted as F/Fo, for
all the examples of single neuron. Here, F, represents the mean activity
of the region of interest (ROI) over the entire session, while F, signifies
the activity of each individual neuron.
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Quantify the outcome encodings

Identify outcome selectivity. To identify neurons with significant
encoding of trial outcome, we applied a Wilcoxon ranksum test to
assess activity between the correct and error trials in the task period
following target offset (1-16 frames (0-2.2 s) after target offset). We
further divided this period into four smaller windows, each comprising
4 frames. If statistically significant differential activity between correct
and error trials was observed within at least one of these windows
(P<0.01, Bonferroni corrected), we classified the neuron as outcome-
selective. Similarly, to identify whether the 7a neurons exhibited sig-
nificant selectivity for the outcome of the previous trial (outcome-
history), we compared activity between the trials in which the previous
trial was a correct vs. incorrect trial. This comparison included neural
activity during the fixation, cue and delay periods of the ISA task (12
frames before to 12 frames after cue onset). We partitioned this time
period into six evenly spaced time windows and designated a neuron
as outcome-history selective if a statistically significant difference
emerged during this comparison (P < 0.01, Bonferroni corrected).

Identify saccade direction selectivity. To identify neurons exhibiting
significant saccade direction encoding, we employed a Wilcoxon rank-
sum test to compare neural activities around saccade onset between
trials featuring different saccade directions. Specifically, we assessed
saccade direction selectivity during both the pre-saccadic period (1-4
frames before saccade onset) and the post-saccadic phase (1-8 frames
after saccade onset). While the pre-saccadic epoch was analyzed as a
single time window, we divided the post-saccadic epoch into two
smaller time windows (4 frames each). Neurons were classified as pre-
or post-saccade selective if there was statistically significant differ-
ential activity observed between trials with distinct saccade directions
in at least one time window within the pre- or post-saccadic epoch
(P<0.01, Bonferroni corrected).

Identify visual responsive neurons. To determine whether 7a neu-
rons exhibited a significant visual response to the visual cue in the ISAL
task, we conducted a comparison between each neuron’s activity
during cue presentation (1-4 frames after cue onset) and its baseline
activity (defined as the fixation period, spanning from 1 to 5 frames
before cue onset). Neurons were categorized as ‘visual responsive’ if
their activity during cue presentation exceeded their baseline activity
by at least one standard deviation.

Unbiased fraction of explained variance (FEV). We performed one-
way ANOVA on the neuron’s activity within each time frame to quantify
the amount of information that each neuron encoded about trial
outcome. Similar as in the previous studies’®, We calculated the
unbiased FEV in the neuron’s activity that could be attributed to the
trial outcome with the following:

FEV(factor) = (Ss(factor) —(k— I)MSE)/(SS(total) +MSE) @

where SS indicates the sum of squares, MSE indicates mean square
error, and k indicates number of conditions.

We observed variations in the magnitudes of outcome selectivity
across trials in which monkeys executed saccades in different direc-
tions. Moreover, monkeys exhibited biased choices toward different
saccade directions on different days during AL. Additionally, we
recognized that the imbalance in trial numbers between correct and
incorrect trials on different days could have varying effects on the FEV
value of outcome selectivity. To mitigate potential confounding fac-
tors stemming from these phenomena when comparing outcome
selectivity across different days, we employed a two-step approach to
calculate the FEV value of outcome selectivity for each neuron. (1)
Initially, we separately computed the FEV value of outcome selectivity
for each of the two saccade directions and subsequently averaged

these values. (2) For each saccade direction, we randomly selected an
equal number of correct and error trials, matching the smaller of the
two trial numbers. We repeated this process 500 times, calculating FEV
values each time, and then averaged the resulting 500 FEV values.

Determining the latency of outcome selectivity. For each neuron, a
Wilcoxon ranksum test was applied to the distributions of activity to
the both correct and error trials within each frame to determine the
latency of outcome selectivity. The starting point of outcome selec-
tivity was defined as the first of three consecutive frames in which a
significant difference (P<0.01) was observed in neuronal responses
between the two trial types.

Determining the duration of outcome selectivity. For each neuron
displaying outcome selectivity, we divided the task epoch (which was
used for identifying outcome selectivity) into multiple time windows,
each spanning 4 frames (-0.54 s), to assess the duration of outcome
selectivity. Within each time window, we performed a Wilcoxon rank-
sum test to compare neuronal activity between correct and error trials.
We then determined the number of time windows in which a statisti-
cally significant difference (P<0.05, Bonferroni corrected) was
observed.

Linear regression model. We examined whether the outcome selec-
tivity of 7a neurons can be simply attributed to encodings relative to
differences in monkeys’ eye positions between correct and error trials
during the inter-trial interval. Specifically, we employed a multiple
linear regression model to quantify the dependence of 7a neuronal
activity on monkeys’ eye positions in both horizontal and vertical
directions, saccade choice direction, as well as trial outcome:

Yi6)=bo(t) + by(0)¢; + by (Oh;(6) + b3 (O, (t) + by(D)s; @

Here, y;(t) represent the neuron’s activity at the ¢, frame after the
target offset in the iy, trial, c; is the trial outcome of trial i (1 and
-1denotes correct and incorrect, respectively), h; and v; represent the
horizontal and vertical eye positions relative to the fixation center, and
s; is the saccade choice direction of trial i. The coefficients b, through
b, denote the regression coefficients. The linear regression was
applied to neuronal activity for each time frame after target offset in
the inter-trial interval.

Furthermore, we tested whether the outcome selectivity of 7a
neurons was primarily driven by differences in the monkeys’ saccade
behavior or blinks between correct and error trials during the inter-
trial interval. Saccades and blinks were identified using the following
steps: First, we calculated eye movement speed v(t) during the inter-
trial interval after each trial. We marked speed peaks (‘fd—‘t’ =0, % <0)as
potential blinks or saccades. Peaks with a maximum speed v,,,, below
100° /s are excluded, whereas those peaks with a speed v,,,, exceeding
900° /s are identified as blinks, yielding the blink count or frequency f,
for each trial.

Next, we identified potential saccade starts (% >0,v(t)230°/s)
and stops (% <0, v(t)=20.1v,,,,) around the remaining peaks. If over-
lapping saccades were detected, only the one with the higher peak
speed was retained. We then verified that all saccades had a magnitude
myg greater than 2° by examining eye position at the start and stop
points. Additionally, we checked for consistent saccade direction
(cos™ % <15°) within each saccade. Only movements that passed
both criteria were classified as saccades, providing the saccade fre-
quency f; and saccade magnitudes m, for each trial.

After identifying saccades and blinks during the inter-trial interval,
we used the following linear regression model to assess the influence
of differences in saccades and blinks between correct and error trials
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on 7a neural activity:

Yi©)=bo (&) + by(8)C; + by(8)s; + b3 (E)f p; + by (O)f 5 + bs(OMg — (3)

Here, y;(t) represent the neuron’s activity at the ¢, frame after the
target offset in the iy, trial, c; is the trial outcome of trial i (1 and
-1denotes correct and incorrect, respectively), s; is the saccade choice
direction of trial i, f,; and f; represent blink frequency and saccade
frequency during the iy, inter-trial interval, and the mg; is the average
saccade magnitude of those saccades. The coefficients by through b;
denote the regression coefficients. The linear regression was applied
to neuronal activity for each time frame after target offset in the inter-
trial interval.

Furthermore, in order to test whether 7a neural activity reflected
the outcome history of the previous trials, we employed a multiple
linear regression model to quantify the relationship between 7a neu-
ronal activity and the outcome history of previous trials using the
following equation:

Yi®©)=bo(8) +by(6)C;_1 + by(E)C;_ + b3(0)C;_5 4

Here, y;(¢) represents the neuron’s activity at ¢, frame after fixa-
tion onset in the iy, trial, and c; is the trial outcome of trial i, and the
coefficients b, through b; denote the regression coefficients. For this
analysis, we focused solely on data from one monkey.

Spatial tuning index. We employed two different methods to assess
whether the outcome-selective neurons exhibited pronounced spatial
clustering.

First, we calculated the Euclidean distances between neurons to
assess the presence of clustering among different neuron types within
each FOV. Utilizing the suite2p software, we obtained positional
coordinates for each neuron within the recording plane. Distances
between pairs of neurons were measured based on their positional
coordinates within the recording plane, with no regard for their depth.
We then examined whether the mean distance between neurons of the
same cell type (within-type distance) differed significantly from the
mean distance between neurons of different cell types (across-type
distance). If the within-type distance was significantly smaller than the
across-type distance (P< 0.01, Wilcoxon Ranksun test) in a given FOV,
we considered the outcome-selective neurons to be spatially clustered
within that 7a subregion.

Second, we calculated a spatial turning index based on both the
neural selectivity and spatial position of each neuron. The spatial
tuning index is defined as:

E(l - presampled)

_— 5
E(l — Pactuat ‘d) ( )

Ctuning (d)=

Where p is the tuning similarity between neuron pairs, and d is the
spatial distance between neuron pairs. The p we used equals to the
Pearson correlation coefficient of outcome-related activity, calculated
using the activity matrix S € RV*“" of each neuron. Where N denotes
the recorded cell number of certain FOV, ¢ denotes two outcome
conditions (correct and error), and ¢ denotes time (1-16 imaging frame
after the target offset). The distance d was discretized into 50 pm bins
from O to 800 pm. The p ., Was computed for pairs of neurons
whose distances fell within each distance bin. The p,¢szppeq Was the
average tuning similarity between randomly selected cell pairs,
calculated using bootstrap (1000 times).

Spatial tuning index values greater than 1 indicate that the out-
come selectivity of neurons was more similar than chance level,
whereas values smaller than 1 indicate that the outcome selectivity of
neurons was more different than chance level. The significance of
spatial tuning index is determined by comparing the observed result to
a shuffled distribution (bootstrap size =1000). A result is deemed

statistically significant in two circumstances: When the minimum
actual Cuning €xceeded the values found in 99.9% of the shuffled
results, the Cyning Values were regarded as significantly higher than
chance; when the maximum actual Cyning fell below 99.9% of the
shuffled results, the Cyyning Values were regarded as significantly lower
than chance.

Demixed principle component analysis (dPCA). We conducted
demixed principal component analysis using the methodology and the
code from a previous study” (http://github.com/machenslab/dPCA) to
reduce the dimensionality of the population activity as the standard
PCA and demixes all task variables. Specifically, we tested how much
each task variable (trial outcome, outcome-history, saccade direction,
history-saccade interaction, history-outcome interaction, outcome-
saccade interaction, timing) contributes to the 7a population activity
during the ISAL task.

As demonstrated in the previous study, the dPCA finds separate
decoder (F) and encoder (D) matrices for each task variable (®) by
minimizing the loss function:

Lapca= Y _ 11Xy — FyDyXI 6)
4

where X is a linear decomposition of the data matrix, which contains
the instantaneous activity of the recorded neurons, into variable-
specific averages:

X= % xq: +Xhoise )

Here, we decomposed the neural activities into seven parts: his-
tory dependent (the trial outcome in previous trial), current outcome
dependent, saccade-dependent (two saccade directions), dependent
on the history-saccade interaction, dependent on the history-outcome
interaction, dependent on the outcome-saccade interaction, and
noise. The decoder and encoder axes permit us to reduce the data into
a few components capturing the majority of the variance of the data
dependent on each task variable. Only data from Monkey H were
included in this analysis.

Quantify the evolution of outcome selectivity during AL
Quantify the proportion of neurons that changed selectivity. To
evaluate the stability of neural encodings (either outcome encoding or
saccade direction encoding) over the AL course, we calculated the
proportion of neurons whose selectivity changed from one day to
another within the learning course. To achieve this, we first assessed
whether each neuron exhibited significant saccade or outcome selec-
tivity. We employed FEV analysis to quantify the strength of neural
selectivity across various time windows (using the same time windows
used for identifying selective neurons). We determined a neuron’s
selectivity preference for a particular day based on the time window
with the highest FEV value.

Subsequently, we categorized the neurons in each learning course
into several groups. (1) Neurons that exhibited significant selectivity on
the familiar day but lost this selectivity across all learning days were
classified as ‘lost selectivity’. (2) Neurons that lacked significant
selectivity on the familiar day but developed significant selectivity on
all learning days were designated as ‘gain selectivity’. (3) Neurons that
consistently displayed significant selectivity on every recording day
within a learning session without altering their preference were termed
‘persistent selectivity’. (4) Neurons that did not exhibit significant
selectivity on any recording day during that learning session were
categorized as ‘no selectivity’. (5) The remaining neurons, which
encompassed those that altered their outcome selectivity across dif-
ferent learning days, were grouped as ‘change selectivity’.

Nature Communications | (2025)16:11681

15


http://github.com/machenslab/dPCA
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-66714-8

Correlation of neural encoding across different days. In order to
quantify the stability of the neural encoding across each learning
course, we calculated the correlation of outcome/saccade encoding
between two consecutive days within the learning course for each FOV.
This process involved two steps. (1) For each individual neuron within
the FOV, we quantified the strength of the outcome/saccade encoding
using FEV analysis and determined their preferences for each time
point. Consequently, for each time point, we constructed an encoding
vector that represented the neural encoding within each FOV. This
vector incorporated both the strength and preference of neural
encodings for all identified neurons within this FOV. (2) At each time
point, we calculated the Pearson correlation between the encoding
vectors for two consecutive days. This resulted in a correlation value
that indicated the similarity of the neural encodings between those
two days for each of the given tine point. We repeated the procedures
for all time points included in the analysis. In Fig. 6a, neural encoding
correlations were computed separately for two conditions: (1) between
the familiar day and the first learning day (familiar-to-novel) and (2)
between successive learning days (novel-to-novel). For the novel-to-
novel condition, we first calculated pairwise correlations between each
pair of successive learning days (while monkeys were acquiring the
same novel associations) and then averaged these correlation values.

Alignment index. To quantify the relationship between the population
codes for trial outcome across different days, we calculated the
alignment index (Al), similar as in the previous studies®’. We quantified
the degree of alignment/overlap between the neural subspaces of the
population activity from different days within each learning course,
and tested how these neural subspaces, responsible for encoding trial
outcomes or saccade direction, evolved throughout the learning
course.

To calculate Al, we first constructed the population activity matrix
P; ¢ RV*T for each day, where N is the total number of neurons, C is
the numbers of conditions and T is the numbers of time points. Sub-
sequently, to calculate the Al between day i and day j (A(i,j)), we
conducted principal component analysis (PCA) on activity matrix P; to
obtain the PCs of day i, considering each neuron as a variable. We
selected the top 10 PCs to form a 10-dimensonal orthogonal axis in
N-dimensional neural space. The degree of overlap between neural
subspaces can be estimated by projecting the activity matrix from day j
onto the PCs of day i and quantifying the proportion of variance
explained relative to the total variance of population activity on day j.
Thus, we defined the alignment index A(i,j) as:

Tr(DZi—ayicdaijdayi)
S K210y (K)

Where Dy, ; is the top 10 eigenvectors obtained by PCA. Cy, ; is the
covariance of matrix P;. 04, ;(k) is the k-th singular value of C,, ;. The
Tr() function denotes the matrix trace, which sums along the diagonal
entry. The reverse, A(j,i), can be calculated in similar ways. The
numerator quantifies the proportion of variance in population activity
from day/ that is captured by the top ten PCs of day i. The denominator
normalizes the alignment index with respect to the maximum amount
of variance in population activity from dayj that can be explained by a
ten-dimensional subspace (i.e., the variance captured by the top ten
PCs of day ).

As aresult, the Al ranged from 0, indicating perfect orthogonality,
to 1, signifying perfect alignment.

The detailed parameters used to construct the activity matrix are
as follows:

I. To create the activity matrix for saccade encoding (Pg,.cage), W€
used the activity within a time window spanning from one to 16
imaging frames after saccade onset for both saccade directions
(left and right).

A )= ®

IIl. The activity matrix for outcome encoding (Pg,icome) iS CON-
structed using neural activity within the time window spanning
from one to 16 imaging frames after target offset for both out-
come conditions (correct and error).

Ill. The baseline activity matrix (Pp,sjine) iS assembled using neural
activity within the time window spanning from 4 imaging frames
before fixation onset to 12 imaging frames after fixation onset,
under the same conditions as those used for P_.ome-

IV. Inorder to estimate the rate of change in neural encoding within a
day/session, we calculate the Als using data within each day
(Supplementary Fig. 21). We separated the neural data into two
equal-sized portions based on the trial sequence (i.e., the first/
second half of all trials, or the odd/even trials). We then
constructed the activity matrix for each part of the data.

V. The activity matrix representing changes in outcome or baseline
activity across two consecutive days is defined as the difference
between the activity matrices for the two days.

In order to quantify the relationship between the outcome
encodings on familiar day and learning days, we calculated the
A(familar, novel) using the activity matrix from familiar day and that
from each of the learning days for every learning course (Fig. 6b). The
Al values was calculated by projecting the activity matrix from each of
the learning days onto the top PCs of the activity matrix from the
familiar day. Subsequently, we averaged these Al values to estimate the
similarity of neural encodings between familiar day and learning days.
Similarly, we calculated the A(novel, novel) by employing the activity
matrix from different learning days for every learning course to
quantify the relationship between the outcome encodings on different
learning days. The resulting Al values, obtained by projecting the
activity matrix from the later learning days onto the top PCs of the
activity matrix from the earlier learning days, were averaged to mea-
sure the neural encoding similarity between different learning days.

Remapping index

We calculated the remapping index as the ratio of inter-day
changes in population-level outcome encoding between familiar days
and learning days (novel-familiar group) compared to inter-day chan-
ges between different learning days (novel-novel group), shown as
follows:

Remapping index = (1 - A(nuuel—familiargroup))/(l - A(novel—novelgroup))
9)

where A indicates the alignment index quantifying the overlap of the
population-level outcome encoding between two days.

Quantify the potential mechanisms that constrained the evolu-
tion of outcome selectivity during AL

Signal correlation. To quantify the similarity of outcome selectivity
between different neurons, we calculated the signal correlation for
each pair of neurons. In contrast to classical methods, we incorporated
time with outcome conditions to calculate the signal correlation. To
achieve this, we first constructed the activity vector Ae v, where ¢
denotes two outcome conditions (correct and error), and t denotes
time (1-16 imaging frame after the target offset). The signal correlation
between each pair of neurons was defined as the Pearson correlation
between their respective activity vectors.

Noise correlation. We calculated the noise correlation between dif-
ferent neurons to quantify the connectivity between them following
these steps: (1) Single-trial responses were estimated using the aver-
aged activity within two time windows (1-4 frames or 5-8 frames after
target offset) in the ISAL task. Alternatively, another time window (1-4
frames or 5-8 frames before cue onset) was used to calculate noise
correlation, which yielded quantitatively similar results. (2) Pearson
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correlations were calculated separately for correct trials and error
trials using the pairwise trial-by-trial activity. (3) We calculated a single
correlation value by averaging the two correlation values for correct
and error trials, using the trial numbers of each condition as weights.

For each data session, we obtained two correlation matrixes
Croiser Csignat € RV Y, within N representing the number of neurons
within each FOV. In Fig. 7b, in order to quantify the correlation
between noise correlation and signal correlation, we transformed the
upper-triangles of those matrixes into 1x Y¥=1 vectors, and subse-
quently calculated the correlations between these vectors from dif-
ferent days. In Fig. 7c, we defined changes in correlations between two
days as the difference between the vectors from those different days.

In Fig. 7d-g, we calculated the within-type correlations in the
current day, and tested whether these noise correlations could predict
changes in outcome selectivity on the following day. Specifically, this
analysis focused on neurons belonging to the same type (CN, EN, or
non-selective) on the current day but transitioning to different types
on the next day. We categorized these neurons into ‘within-future-
type’ pairs (neurons belonging to the same type on the next day) and
‘cross-future-type’ pairs (neurons transitioning to the different types
on the next day) based on their outcome-selectivity on the next day
(Fig. 7d). In Fig. 7h-k, we tested whether the noise correlation among
cross-type neuron pairs could also predict changes in outcome selec-
tivity during AL. Here, we focused on the neurons that were initially
belonged to different types on the current day but converged to the
same type on the following day. Similar to the previous analysis, we
categorized these neurons into ‘within-future-type’ pairs and ‘cross-
future-type’ pairs, based on their outcome selectivity on the next day
(Fig. 7i). For both analyses, only the data sessions in which there were
sufficient number of neurons (n>=10) in each neuron type were
included. Due to limited data sessions meeting this neuron number
requirement for all cell types, we independently selected data sessions
for outcome-selective and non-selective neurons for the analysis.

In Fig. 7g-k, we also employed the signal correlation to predict
changes in outcome selectivity during AL. The calculation steps were
identical to those used for noise correlation, with the distinction that
we utilized signal correlation between neurons to predict changes in
neural ensembles.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data are available from the corresponding authors on the request.
Sharing and reuse of data require the expressed written permission of
the authors, as well as clearance from the Institutional Review
Boards. Source data are provided with this paper.

Code availability
The code for the custom analysis is available at https://doi.org/10.
24433/C0.9408712.v1.
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