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Abstract 27 

Real-world decision-making rarely occurs with perfect information. Instead, individuals must 28 

constantly weigh potential rewards against the probability of adverse outcomes.1 Failures of this 29 

process can lead to maladaptive decisions associated with reduced lifetime success, and 30 

numerous psychiatric disorders such as gambling addictions, bulimia nervosa, and substance use 31 

disorder.2,3 The neural computations that facilitate inference about the landscape of potential 32 

outcomes remain unclear, but are thought to occur in distributed frontotemporal circuits.4 Here 33 

we used deep reinforcement learning agents to predict distinct behavioral strategies and their 34 

underlying neural population dynamics during a risky decision-making task. Across a range of 35 

training conditions, deep reinforcement learning agents separated into strategies marked by either 36 

overly cautious exploration of the reward contingency space or a high-performing, risk-adaptive 37 

Bimodal strategy. The internal dynamics of high-performing Bimodal agents formed low-38 

dimensional representations that segregated safe and risky states. In contrast, the cautious 39 

exploration agents were associated with more skewed and entangled neural representations. We 40 

found remarkably similar dynamical representations and their associated behavioral strategies in 41 

neuronal ensemble recordings from human epilepsy patients performing a similar risky decision-42 

making task. These results reveal the structure of dynamical computations that underlie 43 

inferences about uncertain outcomes and their associated behavioral strategies.  44 

Main 45 

Reinforcement learning (RL) provides a powerful framework for modeling how agents navigate 46 

environments to maximize their expected reward.5 Advancements in artificial intelligence have 47 

provided several solutions for improving agents’ performance in uncertain environments, 48 

including contextualizing the uncertainty of environmental states and their probabilistic 49 

transitions,6 or providing information about the full distribution of potential rewards.7 The latter 50 

strategy has been discovered in biological neural networks, allowing organisms to learn from 51 

distributions of abstract and temporally delayed rewards as a result of efficient coding in 52 

midbrain dopamine neurons.8–11 While many RL algorithms aim to maximize expected value of 53 

the reward, their learning rules can give rise to qualitatively distinct policies, just as biological 54 

agents frequently demonstrate distinct preferences in uncertain environments, such as risk-55 
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aversion or risk-seeking.12 These risk-related traits can be associated with depression, 56 

impulsivity, or adverse, maladaptive outcomes across the lifespan.3,13    57 

Recent theoretical advances have shown that neural computations often occur on low-58 

dimensional manifolds: low-dimensional geometric structures in neuronal ensemble activity 59 

space that constrain and define the possible computations an ensemble can perform.14–19 60 

Applying this dynamical systems perspective to human decision-making opens avenues for 61 

comparing biological and artificial intelligence. If deep RL agents and human brains converge on 62 

similar behavioral strategies to solve complex tasks, do they also converge on similar internal 63 

representations? Recent work in “neuro-AI” (artificial intelligence) has begun to explore these 64 

parallels, using the internal state dynamics of artificial agents to generate hypotheses about 65 

biological neural manifolds.20–22 Specifically, the geometry of artificial neural population 66 

dynamics may reveal similarities in how risk and uncertainty are managed by human neural 67 

networks.23  68 

We bridged these domains by using deep RL agents to generate hypotheses about the 69 

behavioral strategies and neural representations in humans performing an externally valid risky 70 

decision-making task called the Balloon Analog Risk Task (BART).24–28 Deep RL agents settled 71 

on distinct behavioral phenotypes that emerged spontaneously in both artificial agents and 72 

human participants: an efficient, risk-adaptive ‘Bimodal’ strategy and a cautious, less successful 73 

‘Explorer’ strategy. By analyzing the dynamics of the deep RL agents’ recurrent layer activity, 74 

we discovered neural trajectories evolving around a dominant axis that represented expected 75 

outcomes. Remarkably, we found that humans adopting a Bimodal behavioral strategy exhibited 76 

the same geometric neuronal population structure as their artificial counterparts. These findings 77 

suggest that specific dynamical computations support model-based inference and efficient risk 78 

management in uncertain environments. 79 

 80 

Learning the internal dynamical structure of risky choices with deep RL agents 81 

In order to generate predictions about the diversity of neural computations and algorithms for 82 

solving BART, a total of 400 randomly initialized deep RL agents with the Actor-Critic 83 

architecture (Fig. 1a) were trained on a version of the BART called meta-BART (Fig. 1b, Supp. 84 

Fig. 1a).28,29 During each trial in the BART (or meta-BART for the agents; see Methods) the goal 85 

is to earn points by inflating a balloon whose radius signifies potential risk and reward; larger 86 
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balloons are worth more points, popped balloons earn no reward. During training on the meta-87 

BART, epochs of 50 balloons had their maximum sizes drawn from a normal distribution around 88 

a random mean, µ ([µs between 0.2 and 1]; Fig. 1b). Agents were trained until they met a 89 

performance threshold and their network weights were subsequently saved.  On average this took 90 

about 330,000 time steps (2.74 checkpoints). These agents then completed an evaluation suite of 91 

meta-BART with 17 preselected balloon size averages. The activity of the nodes in the recurrent 92 

layer for each of the agents was recorded and saved for analysis. 93 

We clustered the activity patterns of nodes across all agents’ recurrent layers using k-94 

means clustering (k = 12; Fig. 1c, See Methods). This procedure grouped nodes with similar 95 

patterns of activity over the course of the whole meta-BART session (Supp. Fig. 1b). All cluster 96 

centers had some amount of near-periodic behavior following the natural evolution of the meta-97 

BART task as balloons were inflated, popped or banked, and then reset to the next balloon with a 98 

size of zero. Increasing the number of clusters did not generate cluster centers with new features 99 

in the dynamics. We then classified agents into three groups based on the proportion of their 100 

node types (k-means, k=3; Fig. 1d,e). About 56.8% of the agents were classified as Type 1 agents 101 

and about 15.0% were classified as Type 3 agents (Fig. 1f). Interestingly, Type 1 agents reached 102 

the performance threshold after an average of 2.5 checkpoints while Type 3 agents took 4.2 103 

checkpoints on average. Type 2 agents did not have a clear, identifiable behavioral approach and 104 

were thus no longer considered (Supp. Fig 1). These agents seemed to be a mix of Type 1 and 105 

Type 3 agents from their distribution of nodes.  106 

To investigate the dynamical computations carried out by deep RL agents, we plotted 107 

neural trajectories comprising the top 3 principal components (PCs) of recurrent layer activations 108 

for each agent (Fig. 1g,h). We noticed that neural trajectories evolved as parallel arcs distributed 109 

along a linear axis encoding balloon size. We sought to understand how the extent of the arcs 110 

around the balloon size axis related to agents’ balloon size inferences by estimating the convex 111 

hulls (akin to surface area) of the arcs. For smaller balloons (µ < 0.55), convex hulls were 112 

significantly smaller in Type 1 agents than in Type 3 agents (Supp. Fig. 2), suggesting a 113 

discrepancy in agents’ representations of smaller and larger balloons.  114 

We next sought to understand how balloons of various sizes were oriented along the 115 

balloon size axis, hypothesizing that the axis modeled agents’ inferred balloon sizes. We 116 

estimated the balloon size axis via a partial least squares regression, orienting it such that larger 117 
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balloons aligned in the positive direction. The neural trajectories for Type 1 agents clustered 118 

bimodally, near the edges of the size axis (Fig. 1i,k), whereas Type 3 agent exhibited unimodal, 119 

small-skewed distributions of trajectories along the balloon size axis (Fig. 1j,l). Both Types 1 and 120 

3 agents exhibited balloon size axes, however, the balloon size axis in Type 1 agents aligned with 121 

PC1 (cosine angle 27.7 ± 25.2 degrees), whereas the balloon size axis for Type 3 agents was 122 

organized orthogonally (cosine angle 69.3 ± 25.0 degrees; Fig. 1m). We verified that these 123 

trajectory distribution shapes were indicative of the full populations of Type 1 and Type 3 agents 124 

by plotting histograms of their z-scored mean trajectories (Fig. 1n,o). Aggregated Type 1 agents 125 

had a significant Bimodal distribution of mean size projections while the Type 3 agents did not 126 

(Hartigan and Hartigan Dip Tests; Type 1: p < 0.001, Type 3: p = 0.47). In the following text, 127 

we thus refer to these agent types as Bimodal (Type 1) and Explorer (Type 3), respectively.  128 

  129 
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Figure 1. Varied strategies and neural dynamics underlie risk and reward estimates in 131 

deep RL agents. a, Actor-critic architecture of the deep RL agents with each box representing a 132 

feed-forward layer (64-nodes) and the circular arrow representing the recurrent layer (64-133 

nodes). b, Schematic of the meta-BART task. (1) During a 50-balloon epoch, a mean balloon 134 

size, µ, was drawn (training) or selected (testing) from a uniform distribution. (2) Each individual 135 

balloon size was then drawn from a normal distribution, 𝒩(µ,0.05). (3) At each time step, agents 136 

could take one of two actions, either start/stop the inflation, or allow the balloon to continue to 137 

inflate. (4) Finally, if the agent ceased inflation they were rewarded based on the size of the 138 

balloon. In some cases, agents were punished for popping a balloon. c, k-means clustering of 139 

the activity of nodes in the recurrent layers of all agents. K=12 was selected as the elbow, which 140 

then reduced to 6 clusters when the repeated and inverted activities were removed. d,e, Agent 141 

types based on proportion of node types in recurrent layer. Each line represents an individual 142 

agent and black dots are means for each cluster type for each agent type. f, Proportions of each 143 

agent type (nType 1 = 227, nType 2 = 113, nType 3 = 60). g,h, Representative trajectories of node 144 

activities of Type 1 (g) and Type 3 (h) agent example plotted in 3D PCA space. The black arrow 145 

represents a decoded size axis projected into the same PCA space. i,j, The PCA trajectories 146 

projected onto the size axis for both the Type 1 (i) and Type 3 (j) agent. k,l, View along the size 147 

axis for Type 1 (k) and Type 3 (l) agents. m, Polar histogram of cosine angles between PC1 and 148 

size axis for Type 1 (blue) and Type 3 (green) agents. n,o, Histograms of the mean value along 149 

the size axis for each µ for (n) Type 1 and (o) Type 3 agents.  150 

 151 

Distinct classes of risk-adaptive behavior arise from agents’ neural classifications 152 

After clustering agents by their node activity and characterizing their dynamical representations 153 

of expected reward (via maximizing balloon size), we sought to understand whether these classes 154 

of learned internal representations distinguished their task behavior. Originally classified via the 155 

proportion of node types in their recurrent layers, agents’ behavior on the evaluation suite 156 

divided neatly into distinct behavioral classes (߯2(4) = 58.59, p < 0.05). Type 3 agents acted as 157 

cautious Explorers, using the full 50-balloon epoch to slowly discover each balloon size mean 158 

(Fig. 2b,d), whereas Type 1 agents did not frequently explore the full balloon size space (Fig. 159 

2a,c). Instead, Type 1 agents favored a more efficient and effective Bimodal inflation time (IT) 160 

strategy, where they were more likely to select a lower mean IT for smaller µ and a higher mean 161 

IT for larger µ (Fig. 2e) compared to Type 3 agents (Fig. 2f). 162 
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When the mean ITs of the agentic populations were compared, the Explorer population 163 

inflated smaller balloon sizes (µ = 0.2 to µ = 0.45) further, including at two µs where their mean 164 

inflation size was significantly larger than the Bimodal population’s mean inflation size (two-165 

tailed t-test with Bonferroni correction for multiple comparisons, µ = 0.3, t = -3.24, padj = 0.027 166 

and µ = 0.4, t= -4.03, padj = 0.0016, respectively; Fig. 2g). However, for larger balloon sizes, the 167 

Bimodal population had significantly larger mean inflation sizes, from µ = 0.6 to µ = 1 (two 168 

tailed t-test with Bonferroni correction for multiple comparisons; Fig. 2g). As a result of 169 

differences in behavioral strategy there were significant differences in overall task success. 170 

Bimodal agents both inflated balloons significantly longer overall (two-tailed t-test, t= 5.11, p < 171 

0.001; Fig. 2h) and scored significantly more points across the evaluation suite (two-tailed t-test, 172 

t = 7.99, p < 0.001; Fig. 2i), without exhibiting a significantly higher pop rate (two-tailed t-test, t 173 

= 0.32, p = 0.75 Fig. 2j).  174 

 175 
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Figure 2. Distinct classes of risk-adaptive behavior in deep RL agents. a-d, Different single 177 

50-balloon epochs for an example Type 1 (Bimodal; a,c) and Type 3 (Explorer; b,d) agents. a,b, 178 

µ = 0.65, c,d, µ = 0.95. Green circles indicate rewarded balloons, red circles indicate popped 179 

balloons. The black dotted line represents the selected µ, and the shaded gray area is two 180 

standard deviations from the selected mean. e-f, Mean inflated balloon size for the same 181 

Bimodal (e) and Explorer (f) agent (as a,c and b,d respectively) across all µs presented in the 182 

evaluation suite. g, Mean inflation sizes on the selected µs in the evaluation suite across each 183 

class of agent. h-j, Box and scatter plots of mean Inflation Size , total scores and pop rates of 184 

the population of agents. Blue data is from Bimodal agents, green data is from Explorer agents. 185 

Error bars in panel g are STD. *, **, *** indicate statistical significance (p<0.05, p<0.01, 186 

p<0.001). NBimodal = 227, NExploer = 60. 187 

 188 

Deep RL agent categories predict risk-adaptive behavioral strategies in humans 189 

After observing the distinct strategies that the agents developed from random initialization, and 190 

their underlying internal representations, we sought to test whether these strategies predicted 191 

human participants’ performance during BART. To accomplish this, 44 patients (23 female) with 192 

drug-resistant epilepsy who were undergoing neuromonitoring completed 47 sessions of a 193 

computerized BART (three patients completed the task twice; number of trials = 239.2 ± 21.3). 194 

In this version of BART, participants inflated one of three colors of balloons drawn from three 195 

corresponding size distributions, and therefore potential rewards (see representative trial in Fig. 196 

3a, top). Red balloons popped at the smallest average size, orange balloons popped at an 197 

intermediate size, and yellow balloons popped at the largest size. 198 

 We used k-means clustering to split the participants into behavioral groups based on 199 

several task-derived behavioral measures (i.e., total score, pop rate and mean ITs for red, orange 200 

and yellow balloons; Supp. Fig. 2). Participants’ sessions were clustered into two groups whose 201 

proportions corresponded with the two categories of deep RL agents: Bimodal (n = 38) and 202 

Explorer groups (n = 9; Supp Fig. 3). We noticed the behaviors of these groups were similar to 203 

the two classes of agents, with Explorer participants slowly increasing their ITs over the course 204 

of the task (Fig. 3b), and Bimodal participants learning to leverage increased potential rewards of 205 

yellow balloons (Fig. 3c). To verify the correspondence between the human behavioral groups 206 

and behavioral strategies predicted by the agents, we carried out several further tests. 207 
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First, mean differences in ITs among the three balloon colors were consistent with the 208 

original definition of a ‘Bimodal’ strategy, derived from the agents (two-tailed t-test, Orange-209 

Red: t = 0.32, p = 0.75; Orange-Yellow: t = -3.72, p = 5.4E-4; Fig. 3d). Moreover, the 210 

behavioral strategies developed by participants, predicted by agents, led to similarly improved 211 

BART performance in humans. Those who used a Bimodal strategy had significantly longer ITs 212 

of yellow balloons (two-tailed t-test, t = 3.5 p = 0.011; Fig. 3e), resulting in significantly higher 213 

scores (two-tailed t test, t = 9.1, p < 0.001; Fig. 3f). Interestingly, there was also no statistical 214 

difference in pop rate between the two behavioral classes of humans (two-tailed t-test, t = -0.44, 215 

p = 0.66; Fig. 3g). Together, these results demonstrate distinct classes of variably risk-adaptive 216 

behavior, predicted by randomly initialized deep RL agents, in human participants. One less 217 

successful strategy involves cautious exploration of the reward contingency space, whereas the 218 

more adaptive strategy involves underestimating gains for risky conditions while exploiting 219 

higher rewards in less risky conditions.  220 

  221 
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 222 

 223 

Figure 3. Deep RL agents predict human behavioral strategies. a, Schematic of human 224 

version of continuous BART. b, An example of a human participant using an Explorer strategy 225 

on yellow balloons. c, An example of a human participant using a Bimodal strategy. d, An 226 

analysis of human subpopulation ITs showing differences between the mean IT of orange 227 

balloons and the mean IT of red balloons and differences between the mean ITs of yellow 228 

balloons and the mean ITs of orange balloons. e-g, Human participants using a Bimodal 229 

strategy had significantly longer ITs (e) and higher score (f). Pop rates were also not 230 

significantly different between groups of humans (g). Error bars in panels c,d are STD. *, **, *** 231 

indicate statistical significance (p<0.05, p<0.01, p<0.001). NBimodal =  38, NExplorer = 9 232 

 233 

Low-dimensional, factorized dynamical computations underlying risky choice in human 234 

neurons 235 

To determine whether the structure of dynamical computation during human risky choices 236 

corresponded to the predictions from the deep RL agents, we recorded 597 well-isolated single 237 
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units, going forward/henceforth referred to as neurons, from the medial frontal and temporal 238 

lobes of the participants while they carried out the BART (12.7 ± 7.8 units per session, Fig 4a). 239 

To measure the geometrical structure of dynamical computation that underlay each behavioral 240 

strategy in human neural ensembles, neurons were divided into two pseudoensembles 241 

corresponding to Bimodal (n = 473 units) and Explorer (n = 124 units) behavioral strategies. All 242 

neurons recorded from Bimodal participants were assigned to the Bimodal pseudoensemble and 243 

all neurons recorded from Explorer patients were assigned to the Explorer pseudoensemble. 244 

Initially, these neurons were analyzed to see if individual neurons encoded task-relevant 245 

variables. A Kruskal-Wallis test was done for each neuron by averaging the firing rates across a 246 

1s a priori time window (0.2s – 1.2s). Then the χ2 value from the Kruskal-Wallis test was 247 

compared to a distribution of 10,000 permutations where firing rates were associated with 248 

shuffled trial labels. 4.2% of Bimodal neurons and 5.6% of Explorer neurons exhibited 249 

significant encoding of balloon size categories (Fig 4b-e). Therefore, at the level of firing rate 250 

encoding, we could not distinguish Bimodal from Explorer participants.  251 

We next sought to test whether the structure of dynamical computation in each neuronal 252 

pseudoensemble reflected the distinct algorithms predicted by deep RL. To assess neural 253 

computation about participants’ expected outcomes, we examined firing rates aligned to the 254 

reward and risk predictive cue: the onset of the balloon. Firing rates were trial-averaged for each 255 

balloon color and organized into 3-D tensors (neurons x time x balloon color), which were 256 

unwrapped along the neuron dimension to create a data matrix for principal components analysis. 257 

We visualized the top three PCs of this matrix as neural trajectories for both Bimodal and 258 

Explorer pseudoensembles. As with the deep RL agents, we again estimated a predicted balloon 259 

size axis using partial least squares regression in 3-D PCA space.  260 

We observed a remarkably similar structure in Bimodal human neural trajectories to those 261 

predicted by the recurrent layers of the deep RL agents, with trajectories leaving a pre-balloon 262 

fixed point to arc around an ordered balloon size axis that clearly segregated the predicted value 263 

of each balloon color (Fig. 4f-h). In contrast, neural trajectories from the Explorer group did not 264 

show such structure and were visually distinct from the deep RL Explorer agents (Fig. 4i-k). 265 

Upon projecting the PCA trajectories onto their respective balloon size axes, Bimodal 266 

pseudoensembles exhibited increasing coactivity for each balloon size (red, orange, and yellow) 267 

between the appearance of the balloon and the end of the cue-aligned window (Fig. 4g). A 268 
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similar coactivity pattern was notably absent from the Explorer projections (Fig. 4j). In Bimodal 269 

participants, and predicted by Bimodal agents, the 2-D convex hulls of the dynamical arcs 270 

increased for balloons with larger mean inflations (red trajectory: 178.4, orange trajectory: 235.8, 271 

yellow trajectory: 250.2; Fig. 4h). More variance was explained by cue-aligned PCs in the 272 

Bimodal group than the Explorer group (PCs 1-3 explained 32.9% of the variance for Explorers 273 

and 57.7% for Bimodal.; Supp. Fig. 4A). This result demonstrates that humans using a Bimodal 274 

strategy exhibit a more robust predictive model of the task that, as in the agents, led to improved 275 

performance.  276 

Similar findings were true in outcome-aligned pseudoensemble trajectories. For example, 277 

the first three Bimodal PCs explained more variance than the Explorer PCs (Supp. Fig. 5e). The 278 

3-D Bimodal PCA trajectory projected along a size axis saw its coactivity increase until the 279 

outcome of the trial occurred, at which point it decreased precipitously (Supp. Fig. 5d). At 280 

outcome and when projected onto the size axis, the yellow balloons had the lowest coactivity 281 

level, while red had the highest, which is an inversion of the expected reward levels (Supp. Fig. 282 

5d). Explorer pseudoensembles projected onto their size axis slightly increased their coactivity 283 

throughout the outcome-aligned analysis window, without any task-relevant structure (Supp. Fig. 284 

5c). The cosine angle between the cue-aligned size axis and PC1 for Bimodal pseudoensembles 285 

was 114.0⸰ and 64.8⸰ for Explorers, which was analogous to the relationships observed in the 286 

deep RL agents. 287 

Once it was established that the meaningful visual differences in neural trajectories were 288 

not the result of the group size disparities, we undertook Representational Similarity Analysis 289 

(RSA) to quantify key features of the pseudoensemble neural representations at the level of 290 

averaged firing rates, rather than dynamical representations. RSA revealed that the Bimodal 291 

activity patterns significantly correlated with predicted balloon sizes (bootstrap τ = 0.32), 292 

whereas Explorer patterns showed negative correlation with predicted balloon sizes (τ = -0.28; 293 

Wilcoxon-Rank sum test, p < 0.001, Cohen's d = 1.03; Fig. 4l). This indicates that Bimodal 294 

neurons encode balloon size in a manner consistent with physical size relationships, while 295 

Explorer neurons exhibit inverted or absent size representations. Pairwise centroid distances 296 

revealed divergent geometries: Bimodal participants expanded Red-Orange separation (2.3× 297 

Explorer distance) while compressing Orange-Yellow distances (0.4× Explorer; Fig. 4n). This 298 

geometry suggests a binary 'avoid vs. pursue' decision boundary: as in the deep RL agents, as a 299 
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group, humans using a Bimodal strategy encoded Red as categorically distinct from Orange and 300 

Yellow (Stop Red, Inflate Orange/Yellow), whereas those using an Explorer strategy collapse 301 

Red and Orange representations, while separating Yellow (Stop Red/Orange, Inflate Yellow). 302 

Thus, Bimodal humans compress their state space around behaviorally relevant boundaries, 303 

treating medium and high-value balloons as a unified "inflate-worthy" category, resulting in the 304 

risk-adaptive Bimodal human behavior paralleling the dynamics and behavior found in Bimodal 305 

agents. 306 

While we initially analyzed all neurons together, we noticed brain area-specific 307 

differences in balloon-aligned coactivity. Upon examining trial-averaged firing rates of the two 308 

pseudoensembles by brain area, the anterior cingulate cortex (ACC) showed a clear reward 309 

prediction signal in the Bimodal pseudoensemble (Supp. Fig. 4d). Interestingly, when the sum of 310 

squared loading was calculated for each brain area only about 18.5% of the variance explained in 311 

PC1 in the Bimodal group came from ACC; for Explorers, the ACC variance explained was 312 

56.0%. The brain area that accounted for the largest amount of variance in PC1 for the Bimodal 313 

group was vmPFC (72.9%). For the Bimodal group, ACC accounted for the largest amount of 314 

variance in PC2 (63.9%; Supp. Figs. 4n-o). To exclude the possibility that the disparity in 315 

geometries between behavioral classes was the result of the differences in number of neurons 316 

between the two subpopulations or the differences in proportion of neurons in different brain 317 

areas, two control analyses were conducted. First, the Procrustes distance between a random, 318 

balanced subsample (without replacement) of Bimodal units and the original Explorer geometry 319 

was calculated 10,000 times. The true Procrustes distance between the geometries of Bimodal 320 

and Explorer pseudoensembles was determined to be significantly smaller than expected by 321 

chance (permutation test, p = 0.01). Next, the proportion of neurons in each of the four brain 322 

areas from which the units were recorded were held constant, such that the subsample of the 323 

Bimodal subpopulation had the same number of units as the original Explorer population and had 324 

the same number of units from each of the brain areas as the original Explorer subpopulation. 325 

Again, the true Procrustes distance was smaller than expected by chance (permutation test, p = 326 

0.009). These controls indicated that differences between Bimodal and Explorer geometries 327 

could neither be explained by differences in overall sample sizes, nor sample sizes from each 328 

brain area and resolved concerns that a higher proportion of ACC units did not lead to more 329 

organized geometries (Supp. Fig. 4i-j). 330 
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Figure 4. Human neuronal dynamical computation of risky choice.  332 

a, Single-unit (neuron) recording sites projected onto a common brain surface. Size of circle 333 

indicates how many units (neurons) were isolated from the microelectrode. The largest circle 334 

indicates 29 units were isolated, and fewer neurons were isolated from locations with smaller 335 

circles. (Green = ACC, Purple = MFC and Pink = MTL). b-e, Single-unit responses to BART. b,d 336 

Raster plot and accompanying PSTH for a unit (neuron) in the Bimodal pseudoensemble from 337 

vmPFC. c,e Raster plot and accompanying PSTH for a unit (neuron) in the Explorer 338 

pseudoensemble from MTL. (d,e) black line indicates period of significantly different firing rates 339 

(Wilcoxon Rank sum p < 0.05), f-h, Neural trajectories of the pseudoensembles of Bimodal units 340 

plotted in 3D PCA space, NBimodal Units = 473 (f), projected on to the balloon size axis (g), and 341 

rotated orthogonally relative to the balloon size axis (h). Black arrows show the decoded balloon 342 

size axes Black dots are the beginning of the recording window and green dot is when cue 343 

appears on screen. i-k, Same as f-h, but for Explorer units, NExplorer Units = 124. l, (left) Violin plot 344 

of bootstrap (n = 10,000) RSA analysis. (right) Example calculation of a single Kendall’s 345 

Correlation, where the neural correlations of the different balloon sizes are correlated against 346 

the differences in actual balloon size. (Size matrix made by taking the absolute value of the 347 

difference between balloon sizes where Red = 1, Orange = 2 and Yellow = 3). m, Pairwise 348 

Euclidean distances between centroids of different trial types organized by behavioral category. 349 

n, Euclidean distances between centroids of PCA trajectories. 350 

 351 

Discussion 352 

In this study, we leveraged deep RL to predict distinct classes of algorithms and their underlying 353 

dynamical computations in human neuronal ensembles that subserve behavior during a complex, 354 

ethologically valid risky decision-making task.30 We found that deep RL agents spontaneously 355 

differentiated into distinct behavioral phenotypes based on the proportion of unit activity types in 356 

their recurrent layers, which we called Bimodal and Explorer. Human participants performing the 357 

BART exhibited analogous behavioral strategies, with the Bimodal group achieving significantly 358 

higher performance in both artificial and biological agents. Our central finding is that this 359 

behavioral convergence is supported by a convergence in neural geometry: the neuronal 360 

ensemble dynamics underlying risk-adaptive human behavior shared the same untangled low-361 

dimensional trajectories arcing around a balloon size axis predicting expected reward, as 362 

discovered in Bimodal agents. These results suggest that specific neural population geometries 363 
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may be critical for supporting learned inference required for adaptive behavior in conditions with 364 

uncertain outcomes.  365 

 Notably, the predictions from the deep RL algorithms arose from marked behavioral 366 

diversity, stemming largely from random initializations and different task parametrizations. 367 

There is accumulating evidence that deep RL techniques can generate useful predictions for 368 

individual behavior and its underlying neural substrates.31,32 This framework has thus proved 369 

beneficial for generating predictions about the diversity of neural algorithms, and their 370 

underlying geometries, resulting from varied initial conditions, and training parameters.33 371 

Through analogous analysis of artificial and biological neural networks, we were able to 372 

test predictions about the neural algorithms employed to carry out the BART, and their associated 373 

underlying dynamical computations. Procrustes distance, a measure of how similar two 374 

multidimensional geometries are to one another, confirmed that the geometries of the human 375 

Bimodal trajectories were not simply due to the differences in sample size but likely reflect a 376 

more robust internal model in the brains of Bimodal participants. This model is characterized by 377 

untangled, or factorized, representations allowing for organized readout of neural activity for 378 

implementing behavior. These results further support growing evidence in the "Neuro-AI" field 379 

that artificial networks can serve as models to unpack the dynamical computations underlying 380 

high-level cognitive processes, not just sensory representations.15,23,34–36 Specifically, these 381 

results show how the human brain compresses complex task state spaces (like the probabilistic 382 

growth of a balloon tied to rewards) into low-dimensional dynamics on manifolds that simplify 383 

the readout for downstream motor or decision circuits. Additionally, these brain areas were 384 

originally targeted for their respective contributions to cognitive control. On average, the size 385 

axis derived from the Bimodal pseudoensemble was (anti) parallel with PC1. We interpreted that 386 

the larger vmPFC contribution to PC 1 in the Bimodal pseudoensemble indicated that 387 

participants using a Bimodal strategy were potentially prospectively considering each balloon’s 388 

potential value or risk categories as they inflated each balloon. Alternatively, the increased 389 

variance contribution from ACC in the Explorer group might suggest they were monitoring for 390 

reward prediction errors more than the Bimodal group. These qualitative differences in brain area 391 

contributions suggest that Bimodal humans may be creating a model of the BART task and are 392 

optimizing their behavior based on their understanding of the underlying task structure. 393 

Conversely, Explorers may be motivated by recent reward or outcome patterns. This dichotomy 394 
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mirrors the well-established model-based and model-free inference described in the RL and 395 

cognitive science literature37–41.  396 

There are several limitations that apply to this study. First, our human cohort consisted of 397 

drug-resistant epilepsy patients, and while our sample size of 44 patients is large for this field, 398 

the electrode coverage was sparse and limited to specific regions (ACC, vmPFC, MTL), as 399 

determined by clinical necessity. The yield of units is smaller than in some other papers, but we 400 

prioritized having patients only run one session of BART and only two to three BF electrodes 401 

were implanted in each patient. While we verified that anatomical sampling did not drive the 402 

geometric differences, we cannot rule out the contributions unsampled brain regions. Second, the 403 

PPO agents are abstractions that do not simulate biological plasticity or neuromodulation. Future 404 

work could incorporate more biologically plausible learning rules or spiking neural networks to 405 

see if they converge on similar choice-predictive manifolds. Despite these limitations, our results 406 

provide a compelling demonstration that aligning the latent spaces of biological and artificial 407 

agents can reveal the shared algorithmic and computational principles of decision-making. 408 

 409 

Materials & Methods 410 

Meta-BART for deep RL agents  411 

Meta-BART is a variation of the human BART, where digital agents were presented “balloons” 412 

for a number of episodes. Each episode consisted of 50 balloons. At the start of each episode, a 413 

mean balloon size, µ, was drawn from a uniform distribution, ࣯(0.2, 1), and the maximum size 414 

of the individual balloons in the episode was drawn from 𝒩(µ,0.05). Agents were trained on 415 

multiple variants of the meta-BART environment. Variants are distinguished by three variables. 416 

First, agents may or may not have been given explicit reward information as part of their 417 

observation. Second, reward was calculated as r = sh, where s is the size of the balloon when 418 

banked and h ∈ (1, 1.2, 1.5, 1.7 2) is a training variable that shapes rewards to more strongly 419 

reward larger balloons than smaller balloons as h increases, encouraging the development of 420 

risk-seeking agents. Finally, when a balloon popped, a punishment (0, -0.1, -0.2, -0.4) could be 421 

given. Agents were trained in each possible combination of these variables, leading to 40 training 422 

conditions, (Supp. Fig. 1b).  423 

For each condition, 10 agents of different random seeds were trained, leading to a total of 424 

400 agents were developed for analysis in this work. At each time step, the agent had two actions 425 



20 

 

available: start/stop or wait. Once inflation began, the balloon inflated at a fixed rate of 0.05 426 

units per time step until the agent stopped inflation or the balloon size reached its maximum and 427 

popped. If the agent used the stop action, it received a reward related to the size of the balloon at 428 

stopping. If the balloon popped, a punishment was applied according to the punishment 429 

parameter.  430 

 431 

Training deep RL agents 432 

Training deep RL agents followed a standard proximal policy optimization (PPO) method.42 433 

Each agent’s neural network consisted of a shared feed-forward layer, a RNN-Layer, which 434 

connected to actor and critic feed-forward layers to output the policy (π) and value estimations 435 

(V), respectively. Every layer had N = 64 nodes and the weights of each agent network were 436 

randomly initialized. The agent neural network nodes all used hyperbolic tangent activation 437 

functions. The agents observations, ot ∈ ℝ3, were vectors formed by the size of the balloon, the 438 

previous action at-1 (1 if the button was pressed, 0 otherwise) and the previous reward rt-1. 439 

 To collect training data, the policy (π) was run in 16 parallel copies of the simulated 440 

meta-BART task.43 Parallel environments were allowed to each have different (µ) meta 441 

conditions, as is standard in this training paradigm. State, action, reward tuples (st, at, rt, st+1) 442 

were collected from each simulation for 256 steps, cumulating to a total batch size of 4096 steps. 443 

PPO was used to optimize the neural network on the batch of data, and then the collection and 444 

training loop repeated. Agent networks were frozen and saved every 30 batches of data (roughly 445 

120,000 time steps), which we refer to henceforth as checkpoints, up to a maximum of 240 446 

batches or 8 checkpoints (roughly 1 million time steps).  447 

 448 

Agent evaluation 449 

Agent performance was evaluated across an evaluation suite of fixed conditions µ ∈ (0.2, 0.25, 450 

…., 0.95, 1), for a total of 17 meta conditions. As in training, 50 balloons were drawn for each 451 

meta condition that agents were tasked with inflating and stopping, to earn points. The evaluation 452 

runs were seeded such that while balloon sizes are drawn from 𝒩(µ,0.05) the actual sizes were 453 

consistent for every run. However, actions were drawn from policy outputs stochastically, which 454 

is contrary to typical evaluations in RL where the highest probability action is deterministically 455 

taken at every time step. Only one saved checkpoint per agent was used to analyze their 456 
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behaviors and internal representations. Starting from checkpoint 1, agents were tested on the 457 

evaluation suite at every checkpoint and their total banked balloon size was recorded. The first 458 

checkpoint that exceeded a total banked size of 275 on the 17 episodes for each agent was saved 459 

for further analysis. Otherwise, if an agent never reached the 275 threshold across the tested 460 

checkpoints, the best performing agent was used. 461 

 Symmetry induced by the hyperbolic tangent function makes it so that the same 462 

information can be propagated from a node to the next layer whether the node uses negative or 463 

positive activities by changing the sign of the forward weight. This is an important consideration 464 

when using k-means clustering on node activities to find similarly activating nodes. We were 465 

more interested in the shape of node activities in terms of the information they can encode than 466 

their absolute values. To compare agent node dynamics, we went through a multi-step 467 

normalization process on the collection of node activities across all episodes for each agent, 468 

{(zi,t)}i= 0,…,N, before applying k-means on these node activities. First, all activities were 469 

normalized to have zero mean and unit variance  {(ݖప,௧)̂}௧. Next, every activation was duplicated 470 

and made negative, so the collection becomes {(ݖప,௧)̂,  ௜}. K-means was applied to this 471̂(ప,௧ݖ)−

collection selecting 2k clusters where k was the desired final number of clusters. This process 472 

resulted in paired clusters that reflected each other along the x-axis, due to duplicated activations. 473 

K = 12 was selected based on visually inspecting the elbow. We called two clusters a pair if 474 

when one is multiplied by -1, they had a resulting correlation coefficient greater than 0.9 and 475 

arbitrarily selected one cluster from the pair to keep, resulting in cluster{(ݑ௝,௧)}௝=0,...,௝. Increasing 476 

the number of clusters did not appear to generate cluster centers with new features in the 477 

dynamics. 478 

 Finally, with these reduced clusters, redundant node activities were removed that were 479 

added in the duplication step. To do this, for each node we found the minimal distance between 480 

either positive or negative node activity, {݉݅ ௝݊|ݖప̂ − ݅݉} ௝|} andݑ ௝݊ ప̂ݖ−|  −  ௝|}. The minimum 481ݑ

distance gave us the cluster, j, that the node is assigned to, as well as the orientation of the node 482 

activity (depending on whether the positive or negative activity was used), which could be used 483 

if one were interested in comparing node time course shapes to each other in a consistent way. 484 

Only the cluster centers and node cluster labels were used in this work. This process resulted in 485 

six (k = 6) remaining clusters that we ultimately used to classify agent identities.  486 
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 487 

Human participants and ethics statement 488 

Participants were adult drug-resistant epilepsy patients (n = 44 (23 female); M = 35.3 ± 12.2 489 

years of age) undergoing intracranial monitoring as part of neurosurgical treatment for epilepsy. 490 

These patients were implanted with stereo-electroencephalographic (sEEG) depth electrodes, a 491 

subset of which contained microwires extending from their tips.44 All participants provided 492 

informed consent prior to microelectrode implantation and The University of Utah Institutional 493 

Review Board approved this study.  494 

 495 

Human behavior on the Balloon Analog Risk Task (BART) 496 

BART is a validated cognitive-behavioral paradigm that can measure both risk-taking behavior 497 

and choice impulsivity.24 Each task session began with researchers instructing patients on the 498 

general task structure with the explicit goal to collect as many points as possible during the 499 

session. The relationship between balloon color and potential reward were explained, as well as 500 

the passive trial indicator. After receiving the instructions, participants completed more than 200 501 

trials of BART while the electrical activity from intracranial microwires was recorded. 502 

During each BART trial, participants press a button on a video game controller to begin 503 

inflating a computerized balloon that they observed on a computer monitor that was placed in 504 

front of them. Participants pressed the same button on a game controller to both start and stop the 505 

balloon’s inflation. If the inflation was stopped prior to the balloon reaching its maximum size, 506 

patients received points linearly related to the size of the balloon. If the balloon instead popped, 507 

the participants neither received nor lost any points. BART contained both active and passive 508 

trials. Passive trials included both rewarded or unrewarded balloons while participants always 509 

had an opportunity to earn a reward on active trials. Balloons appeared on the screen in one of 510 

four colors: gray, red, orange and yellow. All the uninflated balloons appeared as the same size 511 

and their maximum size was drawn from respective normal distributions and standard deviations. 512 

Gray balloons were never rewarded. Red balloons had a smaller maximum size than orange 513 

balloons, and orange balloons smaller than yellow balloons. Thus, there were five reward 514 

categories of balloons: gray (unrewarded passive trials), yellow, orange, red (rewarded active 515 

trials) and what are represented as pink (rewarded passive trials with yellow, orange, and red 516 
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colors). The color of balloon, and the presence or absence of an indicator of a passive trial cued 517 

patients to the potential for obtaining reward on each trial.  518 

BART was implemented in PsychToolbox for Matlab.45,46 Participants registered their 519 

behavioral responses via a USB game controller (Logitech G F310). Task events and patient 520 

behavior were synchronized via digital codes sent from the task control software to a PCI-521 

express card in the task control computer with sub-millisecond precision. 522 

 523 

Electrophysiology  524 

Single-unit activity was recorded from patients using Behnke-Fried (Adtech Medical; Racine 525 

WI) microwires extending from the distal tip of two to three of the patients’ clinical 526 

macroelectrodes on a Blackrock data acquisition system (Blackrock Neurotech; Salt Lake City, 527 

UT) with a sampling rate of 30 kHz.44 Single units were isolated by bandpass filtering the signal 528 

from the microwires between 0.25 and 7.5 kHz and sorting waveforms that crossed -3.5 times the 529 

mean root squared of the filtered signal using a semi-supervised process based on t-distributed 530 

expectation maximization on the waveforms’ first three principal components via Offline Sorter 531 

spike sorting software (Plexon, Inc.; Dallas, TX).47  532 

Prior work has shown that midbrain dopaminergic firing rates peak between 200-600 ms 533 

after the reward cue.8,11 The windows of this analysis were extended due to recording locations 534 

being downstream from these midbrain areas. To allow comparisons between different trial types 535 

a cue-aligned window began 1.2 s prior to the balloon appearing on screen and ended 3 s after. 536 

Our hypothesis was that the most reward-relevant signals would occur 200 – 1,200 ms after the 537 

reward predictive cue, or the outcome. A Kruskal-Wallis test was done for each cell to determine 538 

if it was encoding trial type by firing rate. Firing rates were averaged across a 1s a priori time 539 

window (0.2s – 1.2s). Then the χ2 value from the Kruskal-Wallis test was compared to a 540 

distribution of 10,000 permutations where firing rates were compared to shuffled labels. 541 

 542 

Electrode localization 543 

Electrode locations were determined from co-registered pre-operative magnetic resonance 544 

imaging (MRI) and postoperative computed tomography (CT) using the LeGUI software 545 

package.48 Units were grouped into one of three gross anatomical regions based on where their 546 
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microwires terminated: anterior cingulate cortex (ACC), ventromedial prefrontal cortex (vmPFC) 547 

and mesial temporal lobe (MTL). See Figure 4 for recording locations. 548 

 549 

Classification of behavioral strategies 550 

We wanted to compare human behavioral strategies to those identified by the agents. Initially, 551 

only behavioral measures were used to classify the human participants. As in the artificial agents, 552 

participants were identified as ‘Bimodal’ if the difference between their mean inflation time (IT) 553 

for red balloons and their mean IT for orange balloons was three times greater or smaller than the 554 

difference between their mean IT for orange balloons and their mean IT for yellow balloons. 555 

‘Explorer’ labels were assigned to any participant whose smallest balloon was within 80% of 556 

their first banked balloon and their largest balloon was within 120% of their final banked 557 

balloon. Due to the different maximum possible sizes for each color of the balloon, the trajectory 558 

of balloon sizes was examined for each color independently. Finally, participants who fit into 559 

neither category were classified as ‘Neither’. Since the definitions of ‘Bimodal’ and ‘Explorer’ 560 

were not mutually exclusive, we used k-means (k=3) on a higher-dimensional behavioral matrix 561 

including their total score, pop rate, and mean inflation time on active trials for each of the 562 

balloon colors. The behavioral classifications from k-means were used throughout the analysis. 563 

 564 

Comparing geometries 565 

Pseudopopulations of units were built such that units from participants in the ‘Bimodal’ group 566 

went into the ‘Bimodal’ pseudopopulation, while units from the ‘Explorer’ participants went into 567 

the ‘Explorer’ pseudopopulation. Two dimensionality reduction methods were used to determine 568 

neuronal population geometry. Concatenated, trial-averaged Principal Component Analysis 569 

(PCA) was done on these pseudopopulations.19 PCA was used to compare both the agentic nodal 570 

representations as well as the different neuronal representations of the different behavioral 571 

factions within the patient population. Agentic trials consisting of only two time points were not 572 

included in the visualization and subsequent analysis because these trials consisted of the agent 573 

beginning the balloon inflation at the first time step, and then immediately ceasing inflation at 574 

the second time step. For each selected balloon mean, the minimum number of time points in 575 

each trial was included. Node activity exceeding this minimum number of time points was 576 
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discarded. The built-in Matlab function ‘procrustes,’ using the default Euclidian Distance, was 577 

used to compute the differences between the ‘Explorer’ and ‘Bimodal’ geometries using 5 PCs.  578 

 To determine a size axis for each of the agents a partial least squares (PLS) regression 579 

was done using scikit-learn’s cross decomposition toolbox.49 Chosen mean balloon size (µ) was 580 

regressed onto the activations of the recurrent layer. The size axis was defined as the x_weights 581 

of the PLS regression. This initial size axis was multiplied by the trial averaged PCA components 582 

to orient the size axis into PC space, and to determine its angle difference from PC axes. To help 583 

orient the subsequent analysis, the size axis was given a direction by making sure whichever side 584 

of the axis the µ = 1 condition was positive. 585 

 For the size axis of humans, a similar process was followed with the only modification 586 

being that the average IT for each balloon condition was regressed onto the respective firing 587 

rates. One additional difference is that each agent was fit with their own size axis while only one 588 

size axis was generated for each pseudopopulation of human participants. 589 

 The sum of squared loadings for each unit in their respective brain areas for each PC was 590 

calculated to quantify each area’s contribution. 591 

 To compare the distributions of neural trajectories along the balloon size axes, PCA 592 

trajectories were projected onto the size axis for each agent. This led trajectories to appear as 593 

relatively straight lines evolving in time, distributed along the one-dimensional balloon size axis. 594 

Mean values for each trajectory, corresponding to each µ, were then z-scored for each agent 595 

respectively. Once z-scored, these values were visualized with histograms and a Hartigan and 596 

Hartigan Dip test was used to determine if and which resulting distributions exhibited a Bimodal 597 

distribution. 598 

 Cosine angles for the agents were calculated by reflecting all angles greater than 90⸰ (π/2) 599 

so that they were between 0 and 90⸰ and then calculated the means and standard deviations. 600 

Without the reflection the means were very similar (Bimodal = 98.5⸰ ± 66.7⸰; Explorer = 88.7⸰ ± 601 

36.5⸰. 602 

 603 

Quantification and Statistical Analysis 604 

All analysis was done using custom scripts in Matlab (Mathworks; Natick MA) and Python 605 

(pyOrg).49,50 Criterion was set at 0.05. All code and data are publicly available.    606 
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Non-parametric permutation tests (n = 10,000) were used to test the significance of the 607 

Procrustes distance between the two geometries. Two different simulations were run; the first test 608 

was done by randomly sampling 124 Bimodal units and comparing their geometry to that of the 609 

actual Explorer geometry using Procrustes Distance. The second test was done by sampling 124 610 

Bimodal units but maintaining the proportion of units from each of the four brain areas and 611 

comparing it to the actual Explorer geometry. 612 

 To quantify the geometric structure of neural population activity, we computed three 613 

metrics: Representational Similarity Analysis (RSA), orthogonality, and separability. For RSA, 614 

we constructed neural representational dissimilarity matrices (RDMs) by computing Pearson 615 

correlation distances between population activity patterns for each balloon condition (Red, 616 

Orange, Yellow) averaged across the cue-aligned window (0.2-1.2 s post-cue). Neural RDMs 617 

were correlated with a model RDM encoding physical balloon size relationships using Kendall's 618 

tau. To control for unequal unit counts between groups (Bimodal: 473 units, Explorer: 124 units), 619 

both groups were bootstrapped to 124 units with replacement for 10,000 iterations, generating 620 

distributions for statistical comparison. 621 

Pairwise Euclidean distances between condition centroids were calculated in PC space to 622 

visualize representational warping. Centroids were centered to the origin to remove overall 623 

position differences and facilitate geometric comparison. Full pseudoensemble trajectory values 624 

are reported for reference, but statistical comparisons used bootstrapped subsamples to control 625 

for unit count disparities. 626 
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 754 

Supplementary Figure 1. Representative activations for deep RL agent node clusters. a, 755 

training parameters for the agents. b-d, Proportion of nodes from each of the three agent types. 756 

Type 1 (b) are very similar to Type 2 (c), with the exception of relative proportion of node type 2. 757 

Type 3 agents are pictured in (d). b,d, similar to Fig 1. e, Frequency of agent types that 758 

developed based on different task parameters. Type 1 = Bimodal, Type 3 = Explorer. f, Mean 759 

inflation time for each of the agents, paired t-tests. g, Total score for each agent type, paired t-760 

tests. h, Pop rate for each agent type, i, Number of training checkpoints until performance level 761 

achieved, paired t-tests. j, Exploration metric for each type of agent type, paired t-tests k, 762 
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Proportion of agents with bimodal inflation times, paired t-tests.  l, Examples of six clusters of 763 

node activities. The left column shows node activity across several epochs. The right column 764 

shows node activity across approximately 100 time steps. *, **, *** indicate statistical 765 

significance (p<0.05, p<0.01, p<0.001) 766 

  767 
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768 

Supplemental Figure 2. Surface area of neural trajectory arcs in deep RL agents. 769 

Measures of the area of the convex hull of the trajectories in PCA space of Bimodal and 770 

Explorer agents. Error bars are SEM. *, **, *** indicate statistical significance (p<0.05, p<0.01, 771 

p<0.001). 772 

 773 



36 

 

Supplementary Figure 3. Clustering human risky 774 

choice behavior. a, Behavioral measures on which k-775 

means clustering was done. blue corresponds to 776 

Bimodal, green corresponds to Explorer b, Open circles 777 

indicate the original assignment of the patient based 778 

solely on behavioral metrics. Closed circles indicate the 779 

final categorization of the patient based on k-means 780 

clustering. c, Silhouette scores of k-means clustering. k 781 

= 2 led to better silhouette scores than k = 3, so k = 2 782 

was used and the ‘Neither’ categorization was dropped. 783 

d, an example Bimodal patient where yellow balloon 784 

sizes were learned after only a few trials. e, Mean 785 

inflation times for red, orange and yellow balloons 786 

respectively for an example Explorer human. 787 

 788 
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Supplemental Figure 4. Features of human neuron dynamical computation. a-f, Trial-792 

averaged firing rates by behavioral class and brain region. Dashed lines mark the 200 ms -1200 793 

ms a priori window. g-h, PCA trajectories of neural trajectories from subsampled Bimodal 794 

pseudopopulation. The relative proportions of units sampled from each brain area were held 795 

consistent with the Explorer pseudopopulation. i,j, Permutation tests for Procrustes Distance 796 

metric comparing the geometries of subsampled neurons from the Bimodal and Explorer 797 

groups. k, the Bimodal population of units was subsampled without replacement such that the 798 

subpopulation had the same number of units as the Explorer group. l, the Bimodal population of 799 

units was subsampled such that the subpopulation had the same number of units as the 800 

Explorer group and that the proportion of units from each brain area matched (i.e. the 801 

subpopulation of Bimodal units contained exactly 29 units). k-l, 3D cue-aligned PCA trajectories 802 

for the pseudopopulations of Explorer (k) and Bimodal (l) with active trials represented as solid 803 

lines and passive trials represented as dashed lines. m, Variance explained for PCA on cue-804 

aligned firing rates for Bimodal and Explorer humans. n-o, Proportion of variance explained by 805 

each brain area grouped by PC for Explorers (n) and Bimodal (o) pseudoensembles (sum of 806 

squared loadings).  807 
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Supplemental Figure 5. Outcome-aligned neural trajectories. a,b Outcome aligned neural 810 

trajectories in 3D PCA space for humans using Explorer (a) and Bimodal (b) strategies. Black 811 

arrows are decoded size axes, black dots are beginning of recording window and green dot is 812 

when outcome occurs. c-d, Trajectories projected onto the Size Axis. Dotted lines bracket (± 813 

1200 ms)the moment that outcome occurs. e, Variance explained for 10 PCs. f-g, Proportion of 814 

variance explained by each brain area grouped by PC for Explorers (f) and Bimodal (g) 815 

pseudoensembles (sum of squared loadings). 816 
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