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Abstract12

Adaptive behavior requires inferring latent context and rapidly adjusting decisions in response to changing environmen-13

tal contingencies. We investigated how reward context is learned, represented, and updated during decision making.14

We recorded large populations of neurons in lateral prefrontal cortex while macaque monkeys learned a direction-15

discrimination task in which reward contingencies alternated unpredictably between favoring leftward and rightward16

choices. Once trained, monkeys inferred context switches from a single unexpected outcome, immediately adjusting both17

choice bias and reaction times—hallmarks of model-based inference. Early in learning, however, adaptation unfolded18

gradually across multiple trials. Neural population analyses revealed that reward context was encoded through system-19

atic shifts in the geometry of neural representations. Accumulated sensory evidence (decision variable) and choice were20

organized along curvilinear decision manifolds, which were displaced across contexts primarily along the decision-variable21

axis. This geometry naturally implemented context-dependent biases: a fixed linear readout generated different choice22

tendencies across contexts without remapping. Longitudinal recordings further showed that, with learning, these repre-23

sentational transitions between manifolds became faster, mirroring the emergence of one-trial behavioral generalization.24

Recurrent neural networks trained on the same task reproduced both the behavioral signatures and the context-dependent25

geometric shifts. Together, these findings identify a mechanism by which prefrontal circuits support hierarchical inference:26

reward context is encoded as structured shifts in representational geometry, enabling rapid generalization and flexible27

control of decision policies.28

Introduction29

Decision making is inherently hierarchical.1,2 Decision makers must not only evaluate immediate sensory evidence but also30

monitor broader environmental contingencies and adjust behavior accordingly.1,3–6 This flexibility—switching strategies31

when conditions change—relies on frontoparietal and subcortical circuits that integrate sensory evidence with contextual32

signals such as sensory-motor mappings, expected rewards, priors, and task rules.2,7–17 A central component of this33

computation is expected reward,18,19 which biases choice behavior: individuals favor options with greater expected value34

and commit to them more quickly.20–22 These behavioral signatures have been formalized in normative and mechanistic35

models of decision making and traced to the dynamics of single neurons in association cortices.11,21–26 Yet, how these36

signals are coordinated across levels of representation to support hierarchical inference remains poorly understood.37

We focus here on two critical questions about the effect of expected rewards on decision making. First, how are abstract38

reward contexts—regularities that shape the mapping from evidence to action—learned and represented in the brain?39

Second, how are sudden changes in reward context inferred and incorporated into ongoing computations to alter choices40

and reaction times? To address these questions, we chronically recorded from large populations of neurons in the41

prearcuate gyrus (area 8Ar) of the lateral prefrontal cortex (lPFC) while monkeys learned and performed an alternating-42

context direction discrimination task. Monkeys reported the direction of a random dot kinematogram with a saccadic43

eye movement27,28 (Fig. 1a), while reward contingencies alternated between favoring leftward and rightward choices.44

Critically, context switches were uncued; they occurred at random intervals (200 trials on average) and had to be inferred45

from feedback (Fig. 1b). Task difficulty was varied trial by trial by changing the percentage of coherently moving dots46

(motion strength), allowing us to quantify the interaction of reward context with the decision-making process.29 Once47

monkeys had learned the task, they rapidly adapted after a single unexpected feedback, shifting both their choice bias48

and reaction times toward the newly favored option—a behavioral signature of context inference for normative decisions.49

Early in training, however, adaptation was gradual and spanned across several trials. The behavioral transition from50
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Figure 1: The alternating-context direction discrimination task and differential hypotheses about represen-
tational geometries. (a) On each trial, monkeys viewed a random dot motion stimulus and reported the net motion
direction (left or right) with a saccade to one of two peripheral targets. We controlled stimulus difficulty by varying
the percentage of coherently moving dots (0%-51.2%). Monkeys controlled viewing duration and initiated the saccade
when ready (red dot shows gaze position in different task epochs, and red arrow indicates saccade direction). Reaction
time was defined as the interval between stimulus onset and saccade initiation. (b) Example session showing alternating
reward contexts. In Context Right (blue), correct rightward choices yielded larger rewards than leftward choices. The
reward asymmetry was reversed in Context Left (green). Contexts lasted for many trials and switched unpredictably
without explicit cues. (c) Schematic representational geometries. In H1-H3, lPFC population activity is organized along
axes for the decision variable (DV; accumulated sensory evidence supporting the choice) and stimulus difficulty (motion
coherence; light vs. dark shading) in each reward context, but changes systematically across contexts (green vs. blue).
H1: reward context translates the decision manifold in a direction orthogonal to the DV and stimulus difficulty. H2:
reward context shifts the manifold along the DV axis, biasing a fixed readout. H3: context rotates the manifold, requiring
context-aware readout. H4: representations across contexts are unrelated and high-dimensional.

novice to expert was mirrored by systematic changes in lPFC neural activity.51

Analysis of population responses in lPFC revealed that context learning reshaped the geometry of neural representations.52

While we also analyzed single-unit responses, we focus here on population activity patterns and changes in representational53

geometry, which offer an intuitive and computationally informative perspective on neural data. Past work has shown that54

representational geometry reveals interpretable computational structures30–32 that are conserved across individuals.33,3455

Low-dimensional geometries, in which task variables are represented in approximately orthogonal subspaces (disentangled56

representations), have been observed in the hippocampus and prefrontal cortex of non-human35,36 and human primates,3757

in inferotemporal cortex of monkeys,38 in the mouse somatosensory cortex39 and hippocampus,40 and in decision-making58

tasks.13,41,42 These representations are typically the result of an abstraction process and allow for simple forms of59

out-of-distribution generalization. Other studies, however, have revealed high-dimensional representations in macaque60

prefrontal cortex, with dimensionality correlating with performance in complex tasks.43,4461

In our task, neural activity for each combination of motion strength and choice formed curvilinear population response62

manifolds, where activity patterns associated with similar task conditions were closer to each other.41,45 We tested63

different hypotheses about how reward context altered these manifolds (Fig. 1). The two manifolds that correspond to64

different contexts could have the same shape, but shifted in a direction orthogonal to the curvilinear manifolds (H1).65

Under this hypothesis, a single linear readout for choice would readily work for both contexts. However, a simple readout66

represented by a plane orthogonal to the manifolds would not explain changes in the behavioral bias. Alternatively, the67

two manifolds could be shifted along the axis that represents the monkey’s decision variable (H2). With a linear readout,68

this shift yields a context-dependent behavioral bias. A third possibility is that the two manifolds could be translated and69

rotated with respect to each other (H3), as has been shown for rule changes in the parietal cortex.41 It is also possible70

that a change of reward context alters the manifolds in an unstructured way in the high-dimensional activity space (H4).71
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Figure 2: Monkeys bias their choices toward the most rewarded target and infer context based on a model
of the task. (a) Psychometric curves: Probability of rightward choices as a function of motion strength for all trials
(black), context left (green), and context right (blue). Positive and negative motion strengths indicate rightward and
leftward motion directions, respectively. Choice probability was shifted toward the more rewarded target in each context.
(b) Chronometric curves: Reaction time as a function of motion strength. Reaction times were shorter when motion
direction was congruent with the context bias. (c) Probability of choosing the higher-reward target after an uncued
context switch. Trial index 0 indicates the first rewarded trial after the switch. The experienced change of reward size
on this trial is the monkey’s first piece of evidence for a context change. (d) Definition of tested and untested inference
trials: On the tested trial, the monkey repeated the same choice as trial index 0, knowing the expected reward. On the
untested trial, the monkey chose the opposite target and could know about the change of expected reward only with
a model of the task. R and L indicate right and left choices, negative sign (−) indicates unrewarded trials, and thin
and thick positive signs (+ and +++) indicate small and large rewards. (e) Change in the probability of choosing the new
higher-reward target after a context switch, relative to a pre-switch baseline, shown separately for tested (green) and
untested (blue) trials. (f) Change in reaction time after a switch, relative to the pre-switch baseline, for choices toward
the higher- and lower-reward targets. Data are pooled across the two monkeys, and error bars correspond to s.e.m. across
sessions. See Supplementary Fig. S1 for individual monkeys. ∗ = P < 0.05, ∗∗ = P < 0.01

H3 and H4 preserve context information but require context-aware readouts41 and lack abstraction of task structure.3572

We show that the manifolds corresponding to different contexts were separable and mainly shifted along the decision-73

variable axis, supporting the observed behavioral biases. This geometry allowed a fixed linear readout to capture74

context-dependent biases. Simulations with recurrent neural networks (RNNs) trained on the same task reproduced75

these representational shifts, supporting their computational relevance. Moreover, longitudinal recordings showed that76

lPFC representations evolved in parallel with behavioral learning, shifting more rapidly as monkeys acquired the ability77

to infer context after a single unexpected reward. Together, these findings reveal a representational mechanism by which78

prefrontal circuits support hierarchical decisions: reward contexts that bias choices are encoded as structured shifts in79

population geometry, enabling downstream circuits to generalize, infer, and adapt behavior with remarkable speed.80

Results81

Monkeys performed the task well. The probability of choosing the right target increased monotonically with evidence82

towards rightward motion, and higher motion coherence elicited faster responses, consistent with integration of sensory83

evidence to a decision bound.46–48 Importantly, monkeys also adapted their choices to exploit the context-dependent84

reward imbalance: they chose the higher-paying target more frequently (psychometric shifts ∆β0 = 8.1 ± 0.6, Eq. 1,85

P < 10−8, two-sided paired t-test) and more quickly in each context (mean RT change between low- and high-paying86

choices, 56.7 ± 4.2 ms, P < 10−8, one-sided z-test), evidenced by systematic shifts in psychometric and chronometric87

functions (Fig. 2a,b). This pattern of behavior enhances cumulative reward in environments with reward asymmetry88

and is well explained by a dynamic bias signal that pushes the decision variable toward the decision bound for the89

higher-paying target.11,2490

On each recording session, multiple uncued context changes occurred. Well-trained monkeys rapidly adjusted their choice91
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biases after a context switch (Fig. 2c). The first rewarded trial after a switch provided the first piece of evidence that92

the context had changed. We define this first correct, post-switch trial as the subjective context switch (trial index 0),93

and the choice made on it as the tested target. In our task, a change in reward context alters the expected value of both94

choices. If monkeys had acquired a model of the task, they could generalize from the reward experienced on the tested95

target to the expected reward for the untested one. For example, if rewards had previously favored the leftward choice96

(large reward left, small reward right), and on trial 0 a rightward choice yielded a large reward, then an agent with a task97

model would infer that rewards for leftward choices have now become small. By contrast, an agent that simply updates98

reward expectations independently for each target would continue to expect a large reward for the leftward choice until99

it directly experienced otherwise.100

We tested these alternatives by examining both choices and reaction times on trials immediately following trial 0101

(Fig. 2d–f). If behavior was based on a task model, adjustments should generalize to the untested target: monkeys102

should increase the probability of choosing the new higher-reward option and simultaneously slow down responses to103

the newly devalued option, even when that option had not yet been directly experienced in the new context. In con-104

trast, if monkeys updated each choice option independently, such generalization would not be observed. Consistent with105

task inference, monkeys showed immediate generalization. A single unexpected reward outcome was sufficient to bias106

subsequent choices toward the new higher-reward target, and this adjustment was evident for both tested and untested107

motion directions (Fig.2e; tested P = 3.2 × 10−3, untested P = 3.3 × 10−2, one-sided t-test). Reaction times provided108

a complementary analog measure. After trial 0, monkeys responded more quickly to the newly favored target and more109

slowly to the newly disfavored target—even when the disfavored option had not yet been tested (Fig.2f; tested P = 0.023,110

untested P = 0.011, one-sided t-test). These results indicate that monkeys inferred the new reward context from a model111

of the task, rather than relying only on direct reward experience for each choice.112

Context shifts neural representations in lPFC113

While monkeys performed the task, we recorded from populations of neurons in the prearcuate region (area 8Ar),114

where neural responses represent integration of sensory evidence, priors, and decision rules to guide saccadic eye move-115

ments.13,49–51 Among recorded single and multi-units, 52% were selective to choice, 31% to reward context, and 18%116

to both (Fig. 3a). The context-selective units often persistently represented the reward context throughout the block,117

including both the trial and inter-trial intervals, and switched their activity level following a change of reward context.118

In contrast, choice-selective units exhibited progressively divergent responses for the two choices, starting ∼200 ms after119

stimulus onset.120

To visualize the geometry of these neural representations, we removed trial-to-trial noise using an encoding model (see121

Methods) and projected the denoised population activity onto the top three principal components (Fig. 3b; 84% variance122

explained). Each point in this space represented one experimental condition. We discretized motion strengths (3 leftward,123

3 rightward, and zero coherence) for each reward context, yielding 14 conditions. Shortly after motion onset, the seven124

motion strengths within each context were tightly clustered and indistinguishable, but the two contexts remained well125

separated—consistent with the persistent activity of context-selective neurons across trials. As the monkey integrated126

sensory evidence in the trial, the points associated with different motion strengths spread along distinct curvilinear127

manifolds for each context. Crucially, these manifolds were systematically shifted relative to one another along the128

decision variable axis (Fig. 1c H2), with minimal displacement along other axes. Consequently, a single static decision129

plane separating leftward and rightward choices would generate different fractions of leftward and rightward choices in130

the two contexts, accounting for the observed behavioral biases.131

This geometric account was supported by neurometric analyses of the lPFC population activity patterns. A linear132

classifier trained to discriminate rightward and leftward choices in both contexts showed systematic shifts in output (Fig.133

3c; ∆β0 = 1.5±0.6, P = 3.8×10−3, non-parametric one-sided bootstrap test): the probability of a test trial being classified134

as a rightward choice was larger on context right (blue curve) than on context left (green curve), paralleling the observed135

context-dependent behavioral bias (Fig. 2a). The distance of the lPFC activity patterns to the classifier’s discriminant136

hyperplane quantified the magnitude of this shift in the full-dimensional activity space (Fig. 3d; ∆β0 = 1.1 ± 0.3,137

P < 10−3, non-parametric one-sided bootstrap test), indicating tangible displacements that matched the psychometric138

shifts (Fig. 2a).139

To further understand the representational geometry and investigate its computational consequences, we asked how well140

a linear decoder trained on one context generalized to the other. Generalization between contexts indicates disentangled141

geometries and is commonly quantified using the Cross-Condition Generalization Performance (CCGP).35–37,39,40 Stan-142

dard CCGP asks whether a classifier trained on one subset of conditions generalizes to others. Here, because manifolds143

were shifted, we extended CCGP into a shifted-CCGP (shCCGP) (Fig. 3e), where we computed the hyperplane that144

separated leftward and rightward choices in one context and determined how much better the same hyperplane did in the145

other context when it was properly shifted. The aim of this extension is not to discover the readout used by downstream146

circuits but to characterize the geometry. If manifolds were structured but only shifted, performance should improve by147

adjusting the bias term. Indeed, shCCGP’s choice prediction accuracy significantly exceeded standard CCGP (Fig. 3f)148

and had a performance close to a decoder specifically trained for the other context.149

Both CCGP and shCCGP for choice rose above baseline ∼150 ms after motion onset, but the rate of rise was significantly150

higher for shCCGP compared to CCGP (P = 1.6×10−2, one-sided z-test). CCGP and shCCGP could also be applied for151
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Figure 3: The geometry of lPFC representations supports context-dependent bias and context inference.
(a) PSTHs of three example lPFC units selective for choice (left), reward context (middle), or both (right). (b) Population
activity patterns projected onto the first three principal components. Early (0-200 ms after motion onset, left): activity
patterns for different motion strengths are indistinguishable within a context. Late (400-600 ms, right): activity patterns
spread along curvilinear manifolds reflecting motion strength and choice, with manifolds shifted along the decision variable
axis across contexts. (c) Neurometric curves: Probability of a logistic classifier predicting a rightward choice based on
the pattern of lPFC population activity (0-600 ms after motion onset) as a function of motion strength for all trials
(black), context left (green), or context right (blue). Shading indicates standard deviation across different instances
of pseudopopulation activity patterns (see Methods). (d) Distance of lPFC activity to the classifier’s discriminant
hyperplane showing context-dependent shifts. (e) Schematic of shifted Cross-Condition Generalization Performance
(shCCGP): classifier trained on one set of conditions and tested on the complementary set, with a bias term adjusted
to account for manifold shift. For instance, a choice classifier (solid line) trained to discriminate right vs. left choices
on context left trials (green vs. orange; solid ellipse) could be tested on context right trials (magenta vs. blue; dashed
ellipse), while adjusting a bias term to produce the highest generalization performance (the top dashed line maximizes
performance). (f) Comparison of standard CCGP (pale) and shCCGP (dark) for choice (blue) and context (brown) during
the stimulus viewing epoch. Asterisks indicate when shCCGP significantly exceeds CCGP for both choice and context
(non-parametric permutation test, P < 10−2). Shaded region around CCGP and shCCGP shows standard deviation
across samples of pseudopopulation activity. Shaded regions around chance (DP = 0.5) correspond to the 2.5th to 97.5th
percentiles of the null distribution. (g) Decoding accuracy of single-session lPFC population activity for reward context
across trials after an uncued context switch. Trial index 0 corresponds to the first rewarded trial after a context change.
(h) Change in the probability of classifying lPFC population activity as a new context after context switches. Results
are split between trials that matched the choice of the first rewarded trial after a context switch (tested; green) and those
that did not match (untested; blue) (see Methods). See Supplementary Fig. S4 for the results of individual monkeys.
Data are pooled across the two monkeys, and error bars in g,h correspond to s.e.m. across sessions.
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Figure 4: RNNs reproduce the behavioral and representational signatures of reward context switches. (a)
Schematic of RNN architecture. Networks were trained to integrate a stochastic motion signal and a context signal to
generate gain-maximizing choices. Context determined the asymmetric penalty for incorrect choices according to the loss
function (r and R indicate asymmetric penalties, and CE is cross-entropy; see Methods). (b) RNN psychometric (left)
and chronometric (right) functions for all trials (black), context left (green), and context right (blue). Networks chose the
higher-reward option in each context more frequently and faster. Error bars show s.e.m. across 50 trained networks. (c)
PCA projection of an example RNN population activity early (left) and late (right) in the trial. Late activity forms two
shifted manifolds corresponding to the left and right contexts. (d) Comparison of standard CCGP and shifted-CCGP
for direction choices (blue) and context (orange) across time within a trial. Error bars show s.e.m. across 50 networks.
Results in b are shown for {R = 2, r = 1} and in c-d for {R = 4, r = 1}. See Supplementary Figs. S6, S7, and S8 for
changes of RNN behavior and representational geometry with the magnitude of reward asymmetry.

decoding context. Both remained significantly above baseline throughout the trial, but CCGP fell below shCCGP ∼150152

ms after motion onset (P = 2.0 × 10−2, one-sided z-test), further supporting that a shift disentangled the manifolds.153

Equivalent conclusions were obtained with alternative metrics such as the parallelism score (Supplementary Fig. S5).154

The neural signature of context inference155

Behavioral analyses showed that monkeys performed a model-based context inference (Fig. 2e-f) when switching between156

reward contexts. We tested whether this inference was reflected in lPFC population activity by training a linear classifier157

to decode reward context. In well-trained monkeys, decoding performance adapted rapidly following a context switch158

(Fig. 3g). Because context switches were not explicitly signaled, the first rewarded trial after a switch (trial index 0)159

was the first informative cue. The context-representing lPFC neurons immediately adapted their activity after this first160

unexpected reward such that on the next trial, the decoded reward context from the lPFC population decisively shifted161

away from the previous context and fully switched within 1-5 trials (Fig. 3g).162

This adaptation generalized across choices after a single unexpected feedback. Both tested trials (same chosen target as163

trial index 0) and untested trials (the opposite choice) showed rapid alignment with the new context (Fig. 3h; tested164

P = 2.7×10−3, untested P = 6.0×10−3, one-sided t-test). This generalization mirrors the behavioral results (Fig. 2e) and165

indicates that lPFC representations serve as a neural substrate for context inference, doing so using a single unexpected166

feedback to update the monkey’s internal model of the task (Fig. 2f-h). Individual monkeys showed similar results167

(Supplementary Fig. S4).168

Simulated Recurrent Neural Networks reproduce the observed behavior and representa-169

tional geometry170

The representational geometry observed in lPFC emerges naturally in artificial Recurrent Neural Networks (RNNs)171

trained to perform the alternating-context direction discrimination task. Using backpropagation through time,39,51–53172

we trained small RNNs (N = 10) that received two external inputs: a one-dimensional stochastic input that mimicked173

fluctuations of motion energy in a random-dot stimulus, and a binary signal that represented the current reward context174
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(Fig. 4a). The network state at time t (ht) evolved based on the weighted sum of its state at the previous time step175

(ht−1), the external inputs (xt), and independent gaussian noise (σξt), passed through a nonlinear activation function.176

Each trial consisted of 20 time steps, with the motion input at each moment drawn from a Gaussian process whose mean177

corresponded to motion coherence in the trial (ranging from −1 for strong leftward motion to +1 for strong rightward178

motion). The context input was either +1 or −1 for context right and left, respectively, and persisted throughout the179

trial. The network was trained to integrate the motion input and make a decision at the end of the trial that minimized180

a loss function. To mimic the asymmetric reward contingencies in our task, incorrect leftward choices within the Context181

Left trials incurred larger penalties than incorrect rightward choices, and vice versa for Context Right trials. With this182

simple cost function, trained RNNs reproduced the key behavioral signatures (Fig. 4b): they chose the higher-paying183

choice more frequently and faster in each context. RNN reaction times were defined as the time within a simulated184

trial when the decision variable crossed a given threshold. Increasing the loss asymmetries in the network systematically185

amplified these choice biases and RT differences (Supplementary Fig. S6), consistent with normative and mechanistic186

models of decision making.11,24,25187

We projected the RNN population activity onto its top three principal components (Fig. 4c). Early in the trial, different188

motion strengths were indistinguishable, and the representations collapsed on two clusters representing the two contexts.189

As motion input accumulated, activity patterns associated with different motion strengths unfolded along curvilinear190

manifolds within each context. Importantly, the two manifolds were shifted relative to each other along the decision191

variable axis, paralleling the geometry found in the neural data (cf. Fig. 3). The magnitude of this shift scaled with loss192

asymmetry, supporting a direct computational role for the representational displacement (Supplementary Fig. S7).193

To further probe the geometry of representations in the full-dimensional state space of RNNs, we used cross-validated194

classifiers as we did for the neural responses (Fig. 4d). Linear classifiers trained on RNN population activity decoded195

choices with growing accuracy over time. The contexts were accurately decodable throughout the trial. Also, cross-196

condition generalization analyses yielded analogous results. The choice and context CCGP were significantly above197

chance, but the shifted-CCGP (shCCGP) exceeded the standard CCGP for both variables. Further, stronger reward198

asymmetries produced stronger shifts between the two manifolds as quantified by the shCCGP analysis (Supplementary199

Fig. S8).200

These findings were robust across architectures, including GRUs, LSTMs, RNNs with different numbers of hidden units,201

and RNNs constrained by Dale’s law to have distinct excitatory and inhibitory units (Supplementary Fig. S9). Impor-202

tantly, even in RNNs where the context signal was provided directly to the output unit of the networks (decision plane),203

they still exhibited shifted manifolds (Supplementary Fig. S10). For these modified RNNs, the behavioral bias was jointly204

implemented as a combination of a smaller shift in the representational plane and a shift in the decision plane. Overall,205

these results suggest that the representations observed in lPFC during the alternating-context emerge naturally from206

recurrent computations optimized for hierarchical decision-making under changing reward contexts.207

Behavioral and neuronal generalization throughout learning208

Our experiments offered a unique opportunity to track how representations evolved as monkeys learned the task structure209

and inferred reward context switches. If lPFC representations underlie behavioral adjustments to reward bias, then210

neural context signals should evolve alongside behavior during training. Previous sections focused on the final third211

of recording sessions, when monkeys were fully trained. Here, we examine earlier sessions, when monkeys learned the212

alternating reward contexts. Before exposure to switching reward contexts, both monkeys were expert at the standard213

direction-discrimination task with symmetric rewards for the two choices. Electrophysiological recordings began with the214

introduction of asymmetric reward contexts, allowing us to track learning-related changes in both behavior and neural215

representations. Across training, behavioral performance and lPFC representations changed systematically and in tandem216

(Figs. 2c and 3g).217

For each training session, we quantified the behavioral and neuronal switch thresholds. Behavioral threshold was defined218

as the number of trials the monkey required to switch its dominant choice (crossing 0.5 in Figs. 2c). Neural thresholds219

were defined analogously, as the number of trials required for neurally-inferred context to match the current context220

(crossing 0.5 in Figs. 3g). Behavioral thresholds decreased progressively across training (green line, Fig. 5a), indicating221

faster behavioral adaptation following context switches (Early vs. Late, P = 8.9 × 10−3, one-sided t-test). In the final222

sessions, adaptation occurred within only a few trials (∼3 trials for Monkey 1 and ∼5 trials for Monkeys 2). Neural223

thresholds showed a parallel reduction (blue line, Fig. 5a), revealing a close correspondence between behavioral and224

neural adaptation (Early vs. Late, P = 2.7 × 10−5, one-sided t-test). Consistent with this relationship, behavioral and225

neuronal thresholds were significantly correlated across sessions (Fig. 5b; Pearson ρ = 0.69, P = 1.1 × 10−4, two-sided226

t-test).227

Direct analyses of choice bias and response time further showed that the ability to infer context from a single unexpected228

reward—a hallmark of model-based generalization (Fig. 2e,f)—emerged gradually during training. Early in training,229

monkeys required several rewarded trials to adjust reaction times following a context switch, whereas in later sessions,230

they demonstrated significant adjustments of reaction times for the untested target on trial index 1 (Fig. 5d). Similarly,231

the probability of choosing the new high-reward target on trial index 1 increased across training (Fig. 5c). The rate232

of post-switch bias adjustment increased significantly across training (β3 > 0, Eq. 7, P < 10−8, likelihood ratio test),233
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Figure 5: Monkeys learn to generalize more rapidly, supported by the geometry of lPFC representations.
(a) Behavioral (green) and neural (blue) switch thresholds throughout learning. Behavioral thresholds indicate the
number of trials required for the probability of choosing the new high-reward target to exceed 0.5 after a context change;
neural threshold indicate the number of trials required for lPFC context signals to switch. The two thresholds decreased in
tandem with training. Thresholds were normalized and pooled across monkeys. Early, middle, and late indicate the first,
middle, and final thirds of training sessions. See Supplementary Fig. S11 for individual monkeys. (b) Correlation between
behavioral and neuronal thresholds across training sessions. Gray shading denotes training progress. (c) Improvement
in context inference from a single reward feedback across training, measured as the change in the probability of choosing
the new high-reward target on trial index 1 relative to pre-switch trials. (d) Reaction-time adjustments on trial index 1
after a context switch, showing faster adaptation with training. (e) Change in neural decoding probability of context on
trial index 1 after a switch, revealing faster representational transitions in later sessions. (f) Change in behavioral bias
on trial index 1 after a switch, expressed in units of motion strength (β2/β1, Eq. 8). (g) Corresponding bias derived
from lPFC neural representations. (h) Schematic summary: early in training, lPFC population activity required multiple
trials to switch context representation; late in training, this transition occurred faster, often after a single feedback.
Shaded regions in a, c-e indicate s.e.m. across sessions. Shaded regions in f-g indicate standard error of the logistic fit
(see Methods). ∗ = P < 0.05, ∗∗ = P < 0.01, ∗ ∗ ∗ = P < 0.001

8

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 15, 2026. ; https://doi.org/10.64898/2026.01.14.699497doi: bioRxiv preprint 

https://doi.org/10.64898/2026.01.14.699497
http://creativecommons.org/licenses/by-nc-nd/4.0/


leading to faster shifts in the psychometric function following context switches (Fig. 5f; early vs. late change in bias,234

(9.2± 3.7)× 10−2,P = 7.1× 10−3, one-sided z-test).235

Prearcuate population activity showed a corresponding adaptation. Early in training, neural representations required236

several trials to align with the new context, whereas in late sessions they switched almost immediately after a single237

unexpected reward (Fig. 5e; see Supplementary Fig. S12 for changes of individual unit response dynamics). Similarly,238

neural choice bias adjusted faster across training (β3 > 0, Eq. 7, P < 10−8, likelihood ratio test), yielding larger biases239

on trial index 1 in late training (Fig. 5g; change of bias, 1.2± 0.3,P = 1.4× 10−4, one-sided z-test).240

Although early in training both behavioral and neural responses required many trials to fully adjust after a context241

change, the final magnitude of the bias reached within each block was comparable throughout learning (Supplementary242

Fig.S13). Thus, learning primarily altered the speed of adaptation rather than its asymptotic level. Over training,243

monkeys progressively learned to infer context switches from a single feedback, and lPFC neural representations evolved244

in lockstep with these behavioral changes (Fig.5h).245

Discussion246

Adaptive behavior in dynamic environments requires integrating sensory information with contextual knowledge about247

task structure. In the alternating-context direction-discrimination task, monkeys learned to combine momentary evidence248

with reward context to maximize payoff. They biased their choices toward the more rewarded option in each context and,249

with experience, learned to adjust that bias after a single feedback—an instance of task inference. Neural recordings from250

lateral prefrontal cortex revealed that this inference was accompanied by systematic shifts in the geometry of population251

activity: stimulus information was represented on two curvilinear manifolds corresponding to the two contexts, displaced252

relative to each other along the decision-variable axis. This representational shift provided a simple geometric mechanism253

for implementing context-dependent biases through a fixed linear readout. Moreover, the emergence of faster inference254

at the behavioral level was mirrored by faster transitions between the two manifolds in lPFC population activity, linking255

learning of task structure to the evolution of neural representations.256

Importantly, our goal was not to teach monkeys how to make decisions under asymmetric rewards—a skill they likely257

possessed through out-of-task experiences—but to study how they learned the structure of a novel environment in which258

reward contingencies changed without explicit cues. Learning in this setting required forming and updating an internal259

model of context transitions and using single outcomes to infer latent states. The behavioral and neuronal signatures260

of this inference—context generalization, rapid bias adjustment, and representational switching—reveal how prefrontal261

circuits support hierarchical forms of learning that extend beyond stimulus–response mapping.262

The chronic stability of our recordings allowed us to track neural activity within the same cortical micro-columns across263

the entire training period. While our analyses did not rely on continuous tracking of individual neurons, stable multi-264

day recordings ensured that changes in representational geometry reflected adaptation within a population rather than265

recruitment of new neural sub-populations.54,55 This stability strengthens the conclusion that learning to infer context266

was accompanied by true changes in the representational format of prefrontal neurons.267

At the population level, lPFC activity evolved along low-dimensional manifolds whose relative displacement encoded re-268

ward context. These shifts paralleled the behavioral biases observed across contexts and provided a natural substrate for269

flexible inference. Shifting manifolds along the decision-variable axis allows downstream readouts to adjust their output270

without requiring synaptic changes or explicit context signals. This transformation differs from previously reported geo-271

metric reorganizations during rule changes, in which manifolds either translate orthogonally to the decision axis35,45,51,56272

or rotate in state space, requiring context-dependent readouts.41 In contrast, context-dependent reward asymmetries273

produce mainly a shift along the decision-variable axis. By shifting activity along this axis, prefrontal populations can274

recalibrate policy while preserving the same evidence-to-choice readout, providing a mechanistic bridge between rapid,275

outcome-driven inference and stable downstream decoding. These results outline a compact geometric account of how276

prefrontal circuits learn and deploy latent context to control decisions—updating behavior after minimal feedback with-277

out rebuilding the decision machinery. Further, adding shifts to rotations and orthogonal translations forms a compact278

vocabulary for understanding how neural populations reorganize to support adaptive behavior.279

Recurrent neural network models trained on the same task reproduced the key representational features observed in280

lPFC. Without explicit architectural constraints, these networks developed parallel, context-dependent manifolds whose281

displacement scaled with reward asymmetry. This suggests that the observed geometry is a natural computational solution282

for distributed systems learning to optimize performance under changing reward contingencies. Similar representational283

shifts are likely to arise in other situations that require changes of decision bias, such as those induced by priors3,11,12,17284

or by heuristics that modulate confidence and decision thresholds.13,28285

Our findings position the lateral prefrontal cortex within a hierarchical decision-making system that not only integrates286

sensory evidence but also dynamically infers and applies contextual knowledge. In this framework, context representations287

act as a control layer that configures the mapping from evidence to action2—essentially gating decision policy rather288

than implementing it. Indeed, recent work has shown that thalamocortical pathways can reconfigure prefrontal circuits289

during flexible switches in task structure, by promoting rapid realignment of cortical representations.57,58 Shifting290

low-dimensional population manifolds along decision-variable axes enables circuits to adapt policy without re-learning291
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stimulus–response mappings, thereby offering both flexibility and efficiency. More broadly, the geometric operations292

observed in frontoparietal networks may reflect a general mechanism by which internal models of latent context are293

instantiated and applied.294

Methods295

We recorded neuronal populations in the prearcuate gyrus (area 8Ar) of two adult macaque monkeys (Macaca mulatta;296

male, aged 7-9 years) performing a variant of the motion direction-discrimination task with random dots. All procedures297

conformed to the National Institutes of Health Guide for the Care and Use of Laboratory Animals and were approved by298

the Institutional Animal Care and Use Committee at New York University.299

The alternating-context direction-discrimination task300

Monkeys were seated in a semi-dark room in front of a CRT monitor (frame rate, 75 Hz) with heads stabilized using301

surgically implanted titanium headposts. A custom Matlab (Mathworks Inc., Massachusetts, USA) program controlled302

stimulus presentation and task flow using Psychophysics Toolbox.59 We monitored the monkey’s gaze at 1 kHz using a303

high-speed infrared camera (Eyelink, SR-Research, Canada).304

Fig. 1 illustrates task design. Each trial began when the monkey fixated a central fixation point (FP, 0.3◦ diameter).305

After a variable delay (150-450 ms; truncated exponential distribution), two red targets appeared: one contralateral to306

the recorded hemisphere, aligned with the response fields (RFs) of most recorded neurons (eccentricity, 10.5◦ for monkey307

1; 15◦ for monkey 2), and the other symmetrically placed on the opposite side of the screen. RF locations were determined308

using a memory-guided saccade task performed in separate blocks. Following an additional delay (350-550 ms; truncated309

exponential distribution), a random-dot motion stimulus60,61 appeared within a circular aperture centered on the FP310

(diameter, 5◦). The stimulus comprised three interleaved sets of dots displayed on alternating frames. Each set was shown311

for one video frame (13.3 ms) and updated every three frames (∆t = 40 ms). A subset of dots moved coherently at 5 ◦/s312

in the same direction, while the rest were replotted in random locations (dot density, 16.7 dots/deg2/s). Motion direction313

(left or right) and motion strength remained constant within a trial and varied randomly across trials. Motion strengths314

(0%, 1.6%, 3.2%, 6.4%, 12.8%, 25.6%, 51.2%) were chosen to span the full performance range, from chance to perfect315

accuracy. Monkeys could report the perceived motion direction any time after motion onset by making a saccade to one316

of the targets. Correct choices yielded liquid reward. For 0% motion strength, the monkey was rewarded randomly on317

half of the completed trials irrespective of the choice. Trials were aborted if the gaze deviated by more than 2◦ from the318

FP before stimulus onset or if gaze shifts occurred outside of a saccade to a target. Distinct auditory feedback signaled319

correct, incorrect, or fixation-break outcomes.320

After mastering the basic direction-discrimination task, we implanted recording electrodes and introduced the alternating321

reward contexts. In context R, correct responses to the right target yielded larger reward than to the the left target; in322

context L, the reward asymmetry was reversed. Reward contexts persisted for tens to hundreds of trials before switching323

stochastically and without explicit cues. Reward ratios (higher-reward / lower-reward) were 1.22 and 1.5 for monkeys 1324

and 2, respectively. Initial sessions featured slightly higher ratios to attract the monkey’s attention to the task change.325

Reward ratios were then reduced to the final values. The data analyzed in the present study include all sessions with326

reward imbalance, from early training to the final, well-trained stage: 12 sessions from monkey 1 (17,957 trials) and 30327

sessions from monkeys 2 (43,556 trials). For the last third of the sessions—used for “expert” analyses—context switches328

occurred every 135 trials on average for monkey 1, and every 265 trials for monkey 2.329

Neural recordings330

Before introducing the asymmetric reward contexts, we implanted 96-channel microelectrode arrays (electrode length, 1331

mm; inter-electrode spacing, 0.4 mm; ∼ 0.5MΩ impedance; Blackrock Microsystems, UT) in the prearcuate gyrus (Fig.332

3). While monkeys performed the task, neural spike waveforms were recorded (sampling rate, 30 kHz) and aligned to333

task events for subsequent analyses. We performed offline sorting for a subset of sessions (Plexon Inc., Dallas, TX), but334

observed qualitatively similar results for the sorted and unsorted spikes in our analyses, consistent with previous reports335

demonstrating the sufficiency and robustness of threshold-crossing activity for population analyses.62 Consequently,336

we conducted all main analyses using unsorted multi-unit activity to reduce unnecessary preprocessing and enhance337

robustness of analyses. Throughout the paper, we use ‘units‘ to refer to multi-unit activity recorded from individual338

electrodes. All units were retained in our analyses irrespective of selectivity. PCA results for spike-sorted expert sessions339

of individual monkeys are shown in Supplementary Figs. S2 and S3.340

Analysis of Behavior341

We used a logistic function to explain the relationship between the probability of a rightward choice and motion strength342

(% Coherence) (Fig. 2a):343

P (Choice = Right|c) = 1

1 + e−β1(c+β0)
, (1)

10

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 15, 2026. ; https://doi.org/10.64898/2026.01.14.699497doi: bioRxiv preprint 

https://doi.org/10.64898/2026.01.14.699497
http://creativecommons.org/licenses/by-nc-nd/4.0/


where c is the signed motion strength (positive for rightward, negative for leftward motion), and β1 and β0 are the344

slope and bias parameters. We fit three separate psychometric functions for right-context trials (blue), left-context trials345

(green), and all trials combined (black).346

For chronometric analyses (Fig. 2b), we computed the mean reaction time (RT) for each motion strength and context of347

each session. We used a hyperbolic tangent function to explain changes of mean RT with stimulus strength:46,63348

RT (c) =
BL,R

κ(c+ β0)
tanh(κBL,R(c+ β0)) + TL,R, (2)

where c is signed motion strength, κ is the sensitivity parameter (related to β1 in Eq. 1), β0 capture bias (related to349

β0 in Eq. 1), and TL,R and BL,R are the non-decision time and evidence accumulation bounds, respectively. To capture350

potential reaction time asymmetries, we allowed different T and B for the two choices.351

Figure S1a,b shows the mean and s.e.m. of fits across the final third of sessions, when monkeys performed at peak352

proficiency (monkey 1, n = 4/12 sessions; monkey 2, n = 10/30 sessions). Figure 2a,b shows behavior pooled across353

monkeys. Combined errorbars were calculated by pooling uncertainty: σcombined = 1
2

√
σ2
m1 + σ2

m2, where σm1 and σm2354

corresponded to the s.e.m. for each monkey. For each session, we computed context-dependent change of bias, ∆β0, as355

the difference in fitted β0 between right and left contexts. The reported values correspond to the mean ± s.e.m. across356

sessions from both monkeys. Statistical significance was assessed with two-sided paired t-tests.357

Denoising of population activity and PCA358

To visualize the geometry of neural responses across motion strengths and reward contexts, we first denoised single-359

trial firing rates using an encoding model and then projected the denoised population activity onto its top 3 principal360

components (see [39]). The model was optimized to predict the firing rates:361

ri,t = ft(si, ρi) + ξi,t (3)

where ri,t is the population firing rate vector on trial i at time t, si is the signed log-transformed motion strength362

(sign(ci)× log(|ci|)), ρi is reward context (-1 and +1 for context L and R), and ξi,t is i.i.d. Gaussian noise (independent363

across neurons and time-steps). For the encoding model, ft, we used a feedforward artificial neural network with an364

input layer, two hidden layers with 100 ReLU units per layer, and a linear output layer. This model was chosen based365

on cross-validation performance of networks with zero to four hidden layers (the zero-layer network is equivalent to366

linear regression). We trained the model using z-scored firing rates of neurons in 200 ms windows, minimizing the mean367

squared error between the normalized firing rates of recorded neurons and model predictions (stochastic gradient descent368

implemented with MLPRegressor of sklearn library; learning rate, lr = 10−3; L2 regularization λ = 10−3).369

We then projected the denoised population activity onto the top three principal components. Firing rates for each motion370

strength and reward context were computed using a sliding 200 ms window. The top three PCs were learned from a data371

matrix that contained firing rates from all motion strengths and contexts throughout the stimulus viewing epoch. To372

ensure that the visualization of representational geometries are not contaminated by the transient neural activity around373

the response saccade, time windows overlapping the last 50 ms before saccade onset were excluded from each trial. The374

sliding window advanced from motion onset until less than 25% of trials contributed to the calculation of averaged firing375

rates. Figure 3b shows PCA projections from a representative session at two time windows: an early interval (t = [0, 200]376

ms) after motion onset, when the integration of evidence was not yet represented by prearcuate neurons, and a later377

interval (t = [400, 600] ms) when evidence integration was underway but before saccade initiation. Supplementary Figs.378

S2,S3 show additional example sessions from each monkey.379

We used a similar analysis pipeline to visualize the geometry of RNN activity (no denoising step was necessary for RNNs).380

Fig. 4c shows projections of the activity of a representative network at early and intermediate times, similar to Fig. 3a381

(t = 1 and t = 5). See Supplementary Fig. S7 for additional networks, time points, and reward ratios.382

Cross-Condition Generalization Performance (CCGP) and shifted-CCGP383

To determine the representational structure of prearcuate population activity, we trained classifiers to decode motion-384

direction choice, reward context, and their XOR conjunction from neural population activity, and then used the classifier385

performance and generalization behavior to quantify representational geometry. Firing rates were computed in sliding386

200 ms windows up to 50 ms before saccade onset. Analyses were conducted on individual sessions or pseudo-populations387

constructed across sessions. Here, we focus on pseudo-populations as they provide a simpler analysis pipeline, though388

single-session analyses yielded qualitatively similar results. We constructed pseudo-populations by sampling correct389

trials with similar signed motion strengths and reward context across sessions (100 trials per condition). To eliminate390

train-test overlap, trials from each session were first partitioned into distinct train (80%) and test (20%) sets, and pseudo-391

populations were assembled independently within each set. Each session’s firing rates were z-scored before concatenation392

across sessions.393

At each time bin after motion onset, we fit linear classifiers (logistic regression with L2 regularization, λ = 100) to394

decode motion-direction choice, reward context, or their XOR. The XOR classifier discriminated trial group {right395
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choice/context R, left choice/context L} from {right choice/context L, left choice/context R} and its performance was396

diagnostic of representational dimensionality.35,43 For each analysis, we repeated pseudopopulation construction and397

classifier training/testing 10 times, and calculated the mean and standard deviation of classifier performance across these398

repetitions. Statistical significance was assessed using null distributions generated by shuffling trial labels for motion399

strength and context within sessions, repeating pseudopopulation construction and decoding 10 times per shuffle. This400

process was repeated 1000 times to make the null distribution for decoder performance. Shaded areas in Supplementary401

Figure S4c correspond to the 2.5th—97.5th percentiles of these null distributions.402

We used these classifiers in five analyses. First, we used the cross-validated choice prediction accuracy to quantify the403

“neurometric” curves for each reward context (Figs. 3c and S4a). The classifiers were trained and tested using the mean404

firing rates of neurons throughout stimulus viewing, excluding the final 50 ms prior to saccade onset. To quantify changes405

of neurometric bias across reward contexts, we fit the logistic function in Eq. 1 to cross-validated accuracies for different406

motion strengths and computed ∆β0 = β0,R − β0,L. Motion strength was signed log-transformed before fitting Eq. 2 to407

improve our power for identifying small shifts. A bootstrap test was used to quantify significance of ∆β0,i > 0 (1000408

iterations).409

Our second class of analyses focused on the distance of the population activity patterns from the choice classifier’s410

discriminant hyperplane (Figs. 3d and S4b): d = ωTx+ ω0. This distance quantifies the divergence of neural responses411

as a function of time, choice, and stimulus strength, providing a neural proxy for the evolving decision variable.13,50,64,65412

We quantified the change of distance with reward context by regressing the signed distance against signed log-transformed413

motion strengths, and calculated intercept changes. Statistical significance was assessed using a bootstrap test (1000414

iterations).415

The third and fourth classes of analyses directly targeted the geometry of representations. CCGP characterizes represen-416

tational disentanglement: whether a classifier trained in one subset of conditions generalizes to another.35,39 For choice417

CCGP, classifiers trained to discriminate right and left choices in one reward context were tested in the other. For context418

CCGP, classifiers trained to discriminate contexts for one choice were tested on the other choice. To isolate geometric419

shifts between manifolds, we developed shifted-CCGP (shCCGP). If the two contexts differ mainly by a translation of420

representational manifolds, then we should be able to increase CCGP by adjusting the classifier’s bias parameter ω0.421

We therefore scanned decoding performance for different values of ω0 and picked the bias that maximized generalization422

performance (Figs. 3e-f and S4d; see also Supplementary Fig. S5). shCCGP was computed for both the choice and423

context decoders. Error bars in the figures correspond to standard deviation of CCGP and shCCGP across 10 repetitions424

of pseudo-population reconstructions.425

Chance performance for CCGP and shCCGP were generated following the method described in [35, 39]. Briefly, we426

rotated pseudopopulation activity patterns to random locations in the neural state space by condition-wise shuffling of427

neuron identities. This rotation was consistent for all the trials of the same condition (a given choice and context),428

but varied across conditions, destroying any representational structure. Then, CCGP and shCCGP were recomputed as429

explained above. The shaded areas reported in Figures 3f and S4d correspond to the 2.5th-97.5th percentiles of the null430

CCGP and shCCGP distributions obtained by repeating this process 1000 times.431

Our fifth analysis calculates parallelism scores (Supplementary Fig. S5d) following [35]. We computed the cosine similarity432

between (1) reward context decoders trained separately on left-choice vs. only right-choice trials, and (2) choice decoders433

trained separately context R vs. context L trials. High parallelism scores indicate aligned representational axes across434

conditions. Null distributions were generated using the same random-rotation procedure described above.435

Recurrent neural network436

We trained recurrent neural networks (RNNs) to perform the alternating-context direction-discrimination task. Each437

RNN consisted of N = 10 units whose activity at time t (ht) was determined by the following equation:438

ht = ϕ (Jrecht−1 + Jinxt + σξt) , (4)

where ϕ(.) is the tanh non-linearity, ξt is i.i.d. unit-variance Gaussian noise on each time step, σ = 1 is the noise amplitude,439

and Jrec and Jin are recurrent and input weight matrices, respectively. The input xt included momentary sensory evidence440

(fluctuations of motion) and reward context. The momentary evidence on trial i was simulated as a Gaussian process with441

mean αi and standard deviation 1. Each trial consisted of up to 20 time steps (∼75 ms each). Values of αi determined442

stimulus strength and were uniformly sampled from [−100,−80,−60,−40,−20, 0, 20, 40, 60, 80, 100], with negative and443

positive values corresponding to leftward and rightward motion, respectively. Values near ±1 generated easy stimuli,444

whereas values near 0 produced difficult ones. The context input was +1 (context R) or −1 (context L), held constant445

throughout the trial, with additive Gaussian noise with standard deviation 1 to mimic potential memory fluctuations.446

A linear readout unit produced an output Ot approximating the integrated evidence, with a context-dependent bias to447

maximize expected reward. We defined reaction time on each trial as the first time step when |Ot| reached a criterion448

level (0.7 for asymmetric reward contexts and 0.9 for symmetric contexts).449

RNNs were trained to minimize a context-dependent cross-entropy loss function:450
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Loss = R× CE(O,SL)|CL
+ r × CE(O,SR)|CL

+ r × CE(O,SL)|CR
+R× CE(O,SR)|CR

, (5)

where CE denotes cross-entropy, CL and CR are leftward and rightward contexts, and SL and SR are leftward and451

rightward motion directions. Reward asymmetry was controlled by the pair [R, r], which was set to [1, 1], [2, 1], or [4, 1]452

for symmetric, asymmetric, and strongly asymmetric environments. RNNs were trained using backpropagation through453

time (ADAM optimizer, learning rate 0.01) for 200 epochs with minibatches of 1000 trials and L2 regularization λ = 10−5.454

After training, each network was evaluated on a separate set of 2200 trials (200 trials per motion strength).455

RNN psychometric and chronometric curves (Figs. 4b and S6b,e) were computed analogously to the behavioral anal-456

yses (Fig. 2a,b). For each signed motion strength, we computed the probability of the RNN choosing the rightward457

target (psychometric function) and the mean number of time steps for the decision variable to reach the decision bound458

(chronometric function). The reported means and s.e.m. were calculated across 50 independently trained networks.459

RNN decoding, CCGP, and shCCGP analyses followed the same procedures as those used for neural activity. For460

each simulated session and time step, we first subsampled trials without replacement such that all four experimental461

conditions (leftward/rightward choice × context L/context R) were equally populated and thus direction choice and462

reward context became decorrelated. We split trials in each condition into 80% training and 20% testing sets. We463

trained three independent classifiers (choice, context, XOR) using logistic regression and evaluated them using five-fold464

cross-validation. For CCGP and shCCGP, we tested generalization performance of the choice or reward context classifiers465

for each time step and network as explained for the neural data. shCCGP adjusted the classifier bias ω0 to maximize466

cross-condition performance. The reported means and s.e.m. were calculated across 50 independently trained networks467

(Fig. 4d and Supplementary Fig. S8).468

Supplementary Figure S9 demonstrates that the task solution and representational geometry were consistent across RNN469

architectures, including RNNs with N = 3 and N = 50 units (panels a,b), LSTM66 (panel c), and GRU67 (panel d)470

recurrent networks, and RNNs constrained by Dale’s law (panel e). For Dale-constrained RNNs, we added an additional471

penalty term to Eq. 5 to enforce two unit subpopulations: excitatory units with positive outgoing weights and inhibitory472

units with negative outgoing weights, with a target ratio of 4:1.473

Learning task model and inferring context switches474

We tracked how the monkeys’ behavior and neural responses evolved from the first session in which asymmetric reward475

contexts were introduced. Prior to this, monkeys were trained only on the basic direction-discrimination task with476

symmetric rewards. We explored whether, across session, monkeys learned an internal model of reward-context transitions477

and whether they used this model to adapt behavior immediately following a context change. We recorded 12 sessions478

in monkey 1 and 30 sessions in monkey 2 throughout learning. For each monkey, we divided sessions into three learning479

epochs: early, mid, and late (monkey 1: sessions 1-4, 5-8, 9-12; monkey 2: sessions 1-10, 11-20, 21-30). The analyses480

reported in Figures 2 and 3 focus on the late epoch. Figure 5 shows changes of behavior and neural representations across481

epochs.482

Context inference following a switch483

A change in reward context alters the expected rewards for both choice targets. An agent that has learned the task484

model should update expectations for both targets immediately after the first inconsistent reward, not only for the target485

chosen on that trial (“tested” target). For example, if the monkey has been in a left-context block (large rewards for486

left choices) but receives a large reward on a rightward choice, it should immediately infer that the reward context has487

switched and left choices will now yield small rewards, even though it has not yet chosen leftward (“untested” target) in488

the new context.489

To test this, we first focused on the last third of sessions, when both monkeys had mastered the task. We defined490

the subjective context switch as the first correct trial following an objective context change, which yielded a reward491

inconsistent with the previous context (Fig. 2d). This trial was assigned index 0, and the chosen target on this trial492

was labeled tested. We then examined whether the probability of choosing the untested target and the associated RTs493

changed on subsequent trials in the direction predicted by the task model.494

Reaction times were especially informative, as they provided a graded measure more sensitive than binary choices. For495

each switch, we computed the change in RT on trial index 1 relative to a pre-switch baseline (Adaptive ∆RT; Fig. 2f).496

The pre-switch baseline was obtained by fitting the chronometric function of Eq. 2 to the last 30 trials of the preceding497

block and calculating the expected mean RT for trials with the same motion strength and choice as trial index 1. Results498

reported in Fig. 2f correspond to the mean and s.e.m. across four sessions for Monkey 1 and five pairs of sessions for499

Monkey 2. Consecutive session pair were combined for monkey 2 to match the number of switches experienced by monkey500

1 in each session. Statistical significance of RT adaptations for tested and untested choices on trial index 1 was evaluated501

using a one-sided t-test (Fig. 2f).502

To quantify how bias evolved after a switch, we fit a sigmoidal function to the monkey’s choices across post-switch trials503

1-80:504

P (Choice = New High Rew.|T ) = ω1

1 + e−ω2T
+ ω0. (6)
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where T is trial index and ωi are model parameters. For each session (Monkey 1) and pairs of sessions (Monkey 2), we505

fit an independent function to the mean P (Choice = New High Rew.|T ) across context switches for each combination of506

tested/untested and high/low reward. We computed ∆Prob.(Choice = New High Rew.) as the fit value at T = 1 minus507

the mean probability of making the same choice in the 20 pre-switch trials. Results in Fig. 2e correspond to the mean508

and s.e.m. across sessions and reward magnitudes. We tested whether the distribution of ∆Prob.(Choice = New High509

Rew.) was significantly above zero using a one-sided t-test.510

We next quantified how quickly the prearcuate population activity reflected the new context. For each session, we trained511

a linear classifier to decode context from stimulus-aligned neural activity (monkey 1, 0-200 ms; monkey 2, 0-300 ms),512

using all trials except those around the context switch (−20 ≤ T ≤ 80). We then projected population activity patterns of513

the peri-switch withheld trials onto the classifier axis to compute trial-by-trial changes of predicted context. We fit Eq. 6514

to these decoder outputs within trials 1-80 and defined ∆Prob. (Predict New Context) analogously to the behavioral515

measure (Fig. 3h). Results for individual monkeys are shown in Supplementary Figures S1 and S4.516

Adaptive behavior across learning517

We quantified how adaptation after a switch improved across learning. For each monkey, we fit the following logistic518

model to choices from trials -20 to +30 around context switches:519

P (Choice) =
1

1 + eβ0+β1c+β2T+β3TL
, (7)

where c is signed motion coherence, T is trial index relative to the switch, and L is the cumulative number of context520

switches experienced across sessions—a proxy for learning progress. The interaction term β3TL captures whether adap-521

tation became faster with experience. Separate fits were performed for L → R and R → L switches (monkey 1, 48 and522

49; monkey 2, 62 and 59). Statistical significance of β3 was assessed using a likelihood ratio test against a model with523

β3 = 0.524

To directly compare context learning across epochs (Fig. 5f), we also fit a reduced model without β3 to data from each525

learning epoch:526

P (Choice) =
1

1 + eβ0+β1c+β2T
, (8)

and plotted β2/β1—the rate of post-switch bias change in units of stimulus strength (% coherence). Statistical significance527

was assessed using a one-sided z-test against the early epoch.528

To compare changes of adaptive ∆RT across training (Fig. 5d), we combined adaptive ∆RTs for high/low reward and529

tested/untested choices after flipping the sign of ∆RT for high-reward choices. We tested the significance of pooled values530

against zero using a one-sided Wilcoxon test.531

To investigate changes in neural representations, we first trained a linear classifier to predict the monkey’s choice from532

population activity after motion onset (monkey 1, 0-400 ms; monkey 2, 0-600 ms). We excluded peri-switch trials for533

training and used the model to predict the monkey’s choice on the withheld trials. These neurally predicted choices534

reflected context-dependent biases (Fig. 3c-d). The full and reduced logistic models of Eqs. 7 and 8 were fit to these535

predicted choices as above. We used a likelihood ratio test to check whether the neural representation of bias adapted536

with learning (H0 : β3 = 0, Eq. 7). We further used a z-test to check whether the neural bias changed significantly from537

the early to middle and late learning epochs (Fig. 5g).538

To obtain the behavioral switch thresholds (Fig. 5a,b), for each session of monkey 1 and pairs of consecutive sessions539

of monkey 2, we computed Prob. (Choice = New High Rew.) by fitting the following equation to choices made on540

post-switch trials T = [1, 80]:541

P (Choice = New High Rew.|T ) = ω2

1 + e−ω1T+ω0
, (9)

where ωi are model parameters. Fig. 2c shows the fit averaged across sessions for both monkeys. The pre-switch baseline542

was computed as mean of P (Choice = New High Rew.) across trials T = [−20, 0]. We defined the switch threshold as543

the trial number T ∗ in which the curve reached 0.5. Faster adaptations after a context switch will be associated with544

smaller T ∗ than slower adaptations. In Supplementary Fig. S1, we show the results for each monkey.545

We performed an analogous analysis on neural representations to obtain neural switch thresholds. We first trained a546

linear classifier to predict the reward context from population activity after stimulus onset (monkey 1, 0-200 ms; monkey547

2, 0-300 ms). We excluded peri-switch trials (T = [−20, 80]) for training and used the model to predict the context548

represented in lPFC on each trial around each context switch for −20 ≤ T ≤ 80. We fit Eq. 9 to these decoder outputs549

(Fig. 3g) and defined neural thresholds as the number of trials required to reach 0.5.550

We plot behavioral and neuronal thresholds across learning epochs in Fig. 5a,b. Thresholds were normalized within each551

monkey by dividing by that monkey’s largest threshold throughout learning. We also computed the Pearson correlation552

between behavioral and neuronal thresholds and evaluated its significance with a two-sided, non-parametric permutation553

test (Fig. 5b). Further, we compared early vs. late thresholds using a one-sided t-test (Fig. 5a).554
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We also evaluated learning-dependent adaptation in individual units across sessions (Supplementary Fig. S12). For each555

neuron, we computed normalized firing rates in an early post-stimulus window (monkey 1, 0-200 ms; monkey 2, 0-300)556

from 50 trials before to 100 trials after each switch. The time course of single-unit adaptations was fit with a modified557

version of Eq. 9:558

FR(T ) =
ω2

1 + e−ω1T+ω0
+ ω3. (10)

where ω1 quantifies the adaptation rate. Units with adaptation within <1 trial were excluded (monkey 1, 5.9%; monkey559

2, 5.6%). Supplementary Figure S12 shows mean ω1 across neurons for early, mid, and late learning epochs.560
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Figure S1: Behavioral signatures of reward bias and task inference in both monkeys.. Both monkeys biased
their choices toward the higher-reward target in each context and adjusted reaction times following context switches.
Panels correspond to those in Fig. 2 and are shown separately for each monkey.
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Figure S2: Context-dependent representational geometry in Monkey 1. lPFC population activity projected onto
the top three principal components, shown for three representative recording sessions (columns) from monkey 1 in three
intervals after stimulus onset (a-c). Conventions are similar to Fig. 3b.
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Figure S3: Context-dependent population geometry in Monkey 2. Same as Fig. S2, but showing three representa-
tive sessions from monkey 2. Longer reaction times of this monkey allowed an additional analysis window: t = [600, 800]
ms.
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Figure S4: Neural representational geometry of individual monkeys. Same analysis as in Fig. 3, shown separately
for monkey 1 and monkey 2.
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Figure S5: Shifted Cross-Condition Generalization Performance (shCCGP) for individual monkeys. (a)
CCGP as a function of classifier bias offset (ω0) in an early post-stimulus window (t = [0, 200] ms) for decoding choice
(blue) and reward context (orange) from lPFC population activity. Standard CCGP corresponds to bias = 0; shCCGP
is defined as the maximum generalization performance across bias offsets. (b-c) Same analysis for later time windows.
(d) Parallelism scores over time for choice and reward context.
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Figure S6: Increasing reward asymmetries enhanced behavioral bias in RNNs. (a) Probability of cor-
rect responses as a function of stimulus presentation time for RNNs trained under different reward asymmetries
([R, r] ∈ {[1, 1], [2, 1], [4, 1]}). Gray scale indicates absolute motion strength, ranging from 0 (lightest gray) to 100
(darkest gray), evenly spaced. (b) Chronometric curve for left context (green), right context (blue), and all trials (black).
(c-e) Psychometric curves at early (t = 1), intermediate (t = 5), and late (t = 20) time steps in simulated trials. Error
bars denote s.e.m. across 50 networks.
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Figure S7: Reward asymmetry modulated RNN population geometry. PCA projection of the RNN activity
under increasing reward asymmetry (columns) at early (a, t = 1), intermediate (b, t = 5), and late (c, t = 20) time steps
in stimulated trials. Color conventions match Fig. 4c.
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Figure S8: Larger reward asymmetries enhanced representational shifts in RNNs. (a) Decoding accuracy for
choice (blue), context (red), and XOR between choice and context (black) as a function of time for different reward
asymmetries (columns). (b-d) CCGP as a function of classifier bias offset at t = 1 (b), t = 5 (c), and t = 20 (d). (e)
Standard CCGP (bias = 0) and shCCGP over time. Error bars indicate s.e.m. across 50 networks.
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Figure S9: Diverse RNN architectures reproduced behavioral and representational geometry signatures.
(a-b) Vanilla RNNs with three (a) and fifty (b) units reproduced the monkey’s psychometric and chronometric functions,
as well as lPFC representational geometry (t = 5). (c) GRU architecture. (d) LSTM architecture. (e) Dale-constrained
RNN (80% excitatory, 20% inhibitory units).
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Figure S10: RNNs with explicit context signals sent to the readout unit shifted both decision variable
manifold and the decision plane to generate the behavioral bias. (a) Modified RNN architecture in which the
linear readout unit also received an explicit context signal. (b) Mean absolute weights of the readout unit as a function of
reward asymmetry during training. The context weight (green, wctx) increased with reward asymmetry, whereas readout
weights from neurons (blue, wneu) and the intercept (gray, w0, decision plane) remained stable. The context weight
quantified how much the decision plane shifted between the two contexts to create the behavioral bias. Error bars denote
s.e.m. across 10 independent networks. (c-f) Psychometric function, decoding accuracy, CCGP/shCCGP, and PCA
projections. Behavioral bias and decoding accuracies were identical to the RNNs without explicit context inputs to the
readout unit, whereas representational shifts were smaller. Compare to Supplementary Figs. S6e, S7, and S8a,e. Error
bars correspond to s.e.m. across 10 networks.
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Figure S11: Both monkeys learned to infer reward context across training. (a) Behavioral (green) and neuronal
(blue) thresholds across recording sessions for each monkey. Both monkeys learned to adapt their choices faster after
a context switch across training. (b) Correlation between behavioral and neuronal switch thresholds across recording
sessions for each monkey.
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Figure S12: Individual unit activity dynamics reflect learning-dependent context inference. (a) Example
units from monkey 1 showing faster post-switch adaptation from early (left) to mid (center), and late (right) stages of
training. Firing rates at stimulus onset were fit with a sigmoid function (green line; Eq. 10; Monkey 1: t = [0, 200] ms;
Monkey 2: t = [0, 300] ms). (b) Distribution of adaptation rates across learning epochs, quantified by the sigmoid slope
parameter (ω1 in Eq. 10), pooled across both monkeys. Arrows indicate the mean for each training epoch (columns).
(c) Same as b, shown separately for individual monkeys. (d) Changes of mean adaptation rate of individual units across
learning epochs for both monkeys combined (top), monkey 1 (middle), and monkey 2 (bottom). Error bars denote s.e.m.
across units.
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Figure S13: End-of-block choice bias and shifted lPFC representations are already present early in training.
(a-b) Psychometric and chronometric curves from the first third of training sessions, computed from the late, within-
block trials (last X trials per context block) to estimate asymptotic choice and RT bias. Plotting conventions match Fig.
2. (c-f) lPFC population representations from the same early sessions already exhibit context-dependent shifts between
manifolds. Plotting conventions match Fig. 3. Together, these analyses show that steady-state behavioral bias and
shifted representational geometry are present early in training, even though rapid post-switch adaptations (e.g., one-trial
inference) develop later with training (see Fig. 5).
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