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Supplementary Figures

Supplementary Fig. 1: The model outputs the decision-space, action values, and choice based

on the relative activities of circuit elements, Related to Fig. 1.
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a, Primarily three types of analysis are performed using Instance 1 of the model (see Fig. 1c.,
Instance 1: full connectivity and feedforward, Methods). 1 (top row): First, the decision-space
is modeled based on the relative activities of the cortex, FSI, sSPN, GPi, LHb, RMTg, GPe, and/or
daSNC. These analyses are plotted in, for example, Figs. 2c¢c-f, 3a,c 4f,g, 5b,c, 6a, 7,
Supplementary Figs. 3p,q,s,u,w,x, 7a,b,g,h, 9a-c. Note that here, activities are relative, and
analysis is conducted in arbitrary units. This allows for directional effects of activities (e.g. sSPN
activation leads to a lower-dimensional decision-space) to be modeled without fitting firing rates
directly, allowing us to test our model against experimental data that records a portion, but not all,
of the brain regions we model. There are many total parameters across the brain regions, but for
each analysis, we set all but several parameters to a default value (see Common parameters,
Rationale behind parameter choices, Methods). 2 (middle row): Second, in some analyses,
action values are modeled based on the relative activities of the cortex, FSI, and/or mSPN, and
the decision-space. These analyses are plotted, for example, in Figs. 3d, 4c-e,h, 7b,c,e,

Supplementary Figs. 3q, 7c,d, 8d,f. 3 (bottom row): Third, in some analyses, choice and/or
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deliberation time is modeled, given action values. These analyses are plotted, for example, in Fig.
3b, 4b, Supplementary Figs. 3c, 6, 7f,i. For a proof of concept, we show that the model roughly
reproduces the two-arm T-maze task in Supplementary Fig. 3c. Elsewhere, our analysis focuses
on relative changes in choice and/or deliberation time (e.g. increasing the action value of

approaching increases approach rate and decreases deliberation time).

b, Our analyses using Instance 2 of the model focus on the encoding of the decision-space by
populations of cortical neurons, FSls, and sSPNs (see Supplementary Fig. 5, Instance 2:

sparse connectivity and feedforward, Methods).

¢, Instance 3 of the model is used to analyze how the decision-space is formed over time via the
interactions between the cortex, sSPN, daSNC, and mSPN (see Fig. 5, Supplementary Fig. 7,

Instance 3: full connectivity and dynamics).



Supplementary Fig. 2: Action values are defined within a decision-space formed by the circuit,
Related to Figs. 1,2.
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a, Example showing how FSls and SPNs parse cortical activity in the model. The signals of 10
cortical neurons encoding sensory information (a) are normalized by FSls such that activities are
on a more uniform scale (b) and then mapped to sSPNs (c¢), which each encode activity along a
“decision-dimension.” Here, Instance 1 of the model in Fig. 1c is used. Also see Instance 1: full

connectivity and feedforward, Methods.

b, After FSI normalization, sSPNs map cortical activity to a basis of decision-dimensions.
Mathematically, we represent, for a given pathway P (either direct pathway or indirect pathway),
the mapping of cortical activity *r to decision-dimensions as a linear transform via the matrix W,
, whose columns correspond to the first several (in our analysis, 4) principal components of cortical
activity. During this process, there is divisive normalization by FSI activity “» and the potential for
an overall shift in sSPN activity b sen (eq. (1)). Next, GPi combines the sSPN signals into a single
representation and RMTg and LHb bias this combined representation of signal along all decision-
dimensions. We represent RMTg activity RMTg as the dot product of striosome to GPi weights

Y api and the activities the sSPNs *sseN, # for each pathway P, after incorporation of additive shifts

ZGpi, “Lub, @Nd Zruts (eq. (6)). Next, daSNC takes input directly from sSPNs (in the direct

pathway), from striosomes through GPe (in the indirect pathway), and from RMTg to calculate the

final importance of each decision-dimension. We represent daSNC activity daSNCi,P

corresponding to decision-dimension i and pathway P as the activity of the corresponding sSPN

population SsspN, i, 7, added to GPe activity in the indirect pathway (Z GPe, P’ < GPe, Directzo), multiplied
by a connection weight " SSPN— daSNC. 1. P, plus additive shifts applied individual to each daSNC
element (“dasNC.i.”) and uniformly to all daSNC elements (RMTg), all passed through an activation

function (eq. (2)).

c,d, Example where sSPNs parse reward and cost (¢), or reward (d) inputs along
decisiondimensions (left) and then GPi combines the signals along the decision-dimensions into

a single representation (right).

e,f, Modeled responses of LHb, RMTg, and daSNC to a cortical signal encoding reward and cost
(e), and a cortical signal encoding an unexpected reward (f). LHb and RMTg increase their
activities proportionally to the cost and decrease their activities proportionally to the reward.
daSNC change their activities inversely. The modeled daSNC response is due to the combination

of cortical inputs projected onto them directly from sSPN and through GPi, LHb, and RMTg.



g-l, Roles of the circuit elements in determining which dimensions form decision-space. Three
scenarios are shown: control (ZLHbzo'S in eq. (6)), lesioned LHb (*rmb™ ~ 5), and stimulated LHb
¢ LHb:5). The colors shown for each circuit element correspond to the decision-space that would

be formed absent the influence of downstream circuit elements.

j-1, Process by which action values are defined using decision-space. During a decision, a subset
of decision-dimensions is selected, forming decision-space (h). This is represented
mathematically through a diagonal matrix 54 whose elements are set probabilistically to either 1

(dimension in decision-space) or 0 (dimension not in decision-space) (eq. (3)). Otherwise, mSPN
activity is formulated similarly to sSPN activity. Rules corresponding to retained decision-

dimensions are used to define action values wv;, for action j and pathway P (k,l). This is

represented mathematically as multiplication of a vector ﬁj,P by mSPN activity SmSPN, P |

subtracted by a shift %j.P and run through an activation function (eq. (4)).

m,n, Action (or inaction) values J for each action / and pathway P are used as drift rates (m) in a
Merton process model (n). Discrete Merton processes obtained as a constant time step
discretization of eq. (8) are run for each action simultaneously. At the time the first of the Y, direct
processes reaches a defined threshold 4, the corresponding action is enacted unless its inaction
process 'J.indiect has reached # first (egs. (9),(10),(11)). Lines show the progress of processes
towards a decision threshold for an example simulation. Histogram shows the decisions and

deliberation times for the processes that reached the threshold first.

o,p, Psychometric functions derived across multiple reward levels. In the modeled experiment,
the subject is asked to evaluate the rewards and costs of two offers and either approach or avoid.

The decision-space (o: 1D, p: 2D) affects choice patterns.

q,r, Demonstration of a method by which decision-space can be inferred from sSPN activity,
showing the utility of the mathematical formation of the model in connecting experimental inputs,
sSPN activity, and choice. The method demonstrated here could be used to design an experiment
in which the decision-space model is tested, or it could be used to explain differences in choice
between groups, for instance control and disorder. In the simulation, two environmental inputs
(e.g. temperature, music volume) across 100 sessions are classified based on decision-making
phenotypes, for example based on reaction time, heart rate, eye movement (colors). Using the

method visualized here, the decision-making phenotype classes are assigned one of four



decision-space reference labels: 1) where decision-space is not formed, 2) where only the first
decision-dimension is used to form decision-space, 3) where only the second decision-dimension
is used to form decision-space, and 4) where both decision-dimensions are used to form
decisionspace. Synthetic data is generated by forming an arbitrary set of cortex—sSPN weights,
using these to form sSPN activity, and then adding i.i.d. Gaussian noise. A linear regression is
used to derive estimated decision-dimensions and assign hypothesized decision-spaces to each
label. Choice is then examined with respect to the derived decision-dimensions. As expected, the
regression slope (planes) corresponding to the 2D decision-space is roughly the sum of the
regression slopes of the two 1D decision-spaces (q), and decisions correlate with the dimensions
hypothesized to be used to form decision-space when choices are plotted against hypothesized
dimensions (r). In the colormaps in r, action values are interpolated from an example set of
observations (diamonds and Xs) via logistic regression, and a boundary line is drawn where the

action value of “play music” equals the action value of “stand up.”
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Supplementary Fig. 3: Decision-space model validation and comparison to alternative models,

Related to Fig. 3.
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a, Summary of experimental results of optogenetic manipulation during a conflict task in Friedman
et al. (2015). Resembles the model in Fig. 3b.

b,c, Experimental deliberation time distribution (6 animals, 35 sessions) (b), which is successfully
modeled using the Merton process model (¢). Distribution is for the benefit-benefit task
(concentration 70%). Experimental data here and throughout the figure is analyzed from the
Corticostriosomal Circuit Stress Experiment database. Source data are provided as a Source Data
file.

d, Skewness of the deliberation time distribution (dimensionless units), which is used to estimate
task difficulty. The CBC task had a deliberation time distribution that was more skewed than the
non-conflict tasks. Tasks: NCB = non-conflict cost-benefit (4 rats, 27 sessions, 1250 trials), CC =
cost-cost (7 rats, 25 sessions, 1852 trials), BB = benefit-benefit (7 rats, 128 sessions, 7762 trials),
CBC = cost-benefit conflict (8 rats, 69 sessions, 3921 trials). Source data are provided as a Source
Data file.

e,f, Analysis of relationship between sSPNs and mSPNs during decision-making. sSPN and
mSPN neurons are significantly more correlated in tasks that require integration of reward and
cost versus only reward or only cost. e shows representative examples from the cost-benefit
conflict task (CBC, both reward and cost) and f shows the benefit-benefit task (BB, only reward),

respectively. Source data are provided as a Source Data file.

g, The CBC task had significantly more correlated (Pearson’s r? > 0.4 and significance < 0.05)
pairs than the tasks which required integration of only reward or only cost. Confidence intervals
(dashed red lines, 1,2,3 standard deviations) are estimated based on shuffled data. NCB =
nonconflict cost-benefit (14 sSPNs, 260 mSPNs), CC = cost-cost (46 sSPNs, 400 mSPNs), CBC
= cost-benefit conflict (84 sSPNs, 717 mSPNs), BB = benefit-benefit easy (50 sSPNs, 515
mSPNs, chocolate milk concentration <50), BB = benefit-benefit difficult (33 sSPNs, 731 mSPNs,

chocolate milk concentration >=50). Source data are provided as a Source Data file.

h-j, Process by which we identify functionally connected sSPN and mSPN neurons. Spiking times
(h) are used to find inter-spike intervals (i,j) for sSSPN (top rows) and mSPN (bottom rows) that
were recorded simultaneously during decision-making. Intervals above the median interval (black

line) are classified as inhibition (blue) and below median are classified as excitation (red).

12



Functional connections are determined based on whether excitation or inhibition of sSSPN followed

by excitation or inhibition of mMSPN. Source data are provided as a Source Data file.

k-n, Significantly more sSPN and mSPN neurons were functionally connected during decisions
that required integration of reward and cost (CBC task) than the other tasks for all types of
connections: sSPN excited and mSPN excited (k), sSPN excited and mSPN inhibited (), sSPN
inhibited and mSPN excited (m), and sSPN inhibited and mSPN inhibited (n). Tasks: NCB =
nonconflict cost-benefit (14 sSPNs, 260 mSPNs), CC = cost-cost (46 sSPNs, 400 mSPNs), BB =
benefit-benefit (83 sSPNs, 1246 mSPNs), CBC = cost-benefit conflict (84 sSPNs, 717 mSPNSs).

Source data are provided as a Source Data file.

0, Mean sSPN activity should track decision-space dimensionality. Tasks in Friedman et al. (2015),
plotted in order of difference between reward and cost, are assessed for likely decisionspace
dimensionality based on task difficulty (Supplementary Fig. 4d). Those with higher task difficulty

are assigned lower sSPN activity per the model in Fig. 3c.

p, Three alternative models applied to the task in Friedman et al. (2015). The subjective value
(SV) model assumes that sSPN encoded the relative action values of the two arms of the T-maze.
The conflict model assumes that sSPN activity is inversely proportional to the amount of conflict
in the task. The prediction error model compares expected value entering the task with reward or
cost obtained on the maze. The conflict method resembles experimental results but not the SV

difference model or the conflict model.

q,r, Summary of differences in sSPN activity across trials in the operant conditioning task in
Friedman et al. (2020). mSPNs and sSPNs were active during reward trials, suggesting per the
model in Fig. 3c that the decision-space was not formed (q). sSSPNs were less active during the
cost trials and were differently active than mSPNs, suggesting formation of a low-dimensional

decision-space per the models in Fig. 3c,d (r).

s, Prediction of sSPN activity for the task in r for the decision-space model and three alternative
models. sSPN activity scales with overall subjective value in the task, so the subjective value

model successfully interprets the experimental results.

t,u, Experimental results are summarized from Xiao et al. (2021) (t). Prediction of the
decisionspace model and three alternative models of sSPN subpopulation activity at the cue and

during the outcome period of a Pavlovian conditioning task (u). Per the decision-space model,
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sSPN subpopulations should respond similarly to the cue and to the outcome because associated
data is likely mapped along the same decision-dimension. The subjective value model expects
more activity during the outcome period when reward is administered. The prediction error model

expects more activity at the cue after learning. There was no conflict in the experimental setup.

v,w, Experimental results are summarized from Bloem et al. (2022) (v). Predictions of the decision-
space model and the three alternative models of sSPN activity during a probabilistic Bandit task
(w). The decision-space model expects that sSPN activity will reveal prediction errors, as does
the prediction error model. The subjective value model instead anticipates that activity will track

overall value regardless of prediction error. There was no conflict anticipated by conflict model.

X, In the value-guided choice task in Weglage et al. (2021), activities of all neuron types recorded
(sSPN, dmSPN, imSPN) resembled one another over phases of the task and did not solely track
subjective value, prediction error, or conflict. As shown in Fig. 3d, the experimental finding is an

expectation of the decision-space model when a high-dimensional decision-space is formed.
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Supplementary Fig. 4: Analysis of neural and decision-making data shows that decision-space is
changed after stress, Related to Fig. 4.
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a,b, Deliberation time distributions of rodents performing the cost-benefit conflict task before
stress (a) are less skewed and have shorter deliberation time than after stress (b, control: 8 rats,

198 sessions, 11683 cells; stress: 5 rats, 138 sessions). Source data are provided as a Source
Data file.

c,d, Cumulative distribution functions (c¢) and distribution skewness (d) of deliberation time show
that after chronic stress, the task involving integration of both reward and cost (CBC task) changes
from producing the slowest (blue) to the quickest (yellow) decisions. CBC choice was slowest in

control rats (p < 0.0001, KS-test). After stress, CBC choice was faster than in the other tasks
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(p<0.0001). Control CBC task: 69 sessions, 8 rodents; Control BB task: 128 sessions, 7 rodents;
Stress CBC task: 34 sessions, 5 rodents; Stress BB task: 104 sessions, 5 rodents. Source data

are provided as a Source Data file.

e-h, sSPNs and mSPNs were more functionally connected during a difficult (CBC) task before
stress than after, per all possible types of connection: sSPN excited, mSPN excited (e), sSPN
excited, mSPN inhibited (f), sSPN inhibited, mSPN excited (g), and sSPN inhibited, mSPN
inhibited (h). Significance levels, depicted by dashed lines, show one (bottom), two (middle), and
three (top) STD for functional connections calculated from shuffled control data. Control
costbenefit conflict (CBC) task: 92 pairs, 8 rodents; Tasks: Control BB = benefit-benefit (83 sSPNs,
1246 mSPNs), Control CBC = cost-benefit conflict (84 sSPNs, 717 mSPNs), Stress CBC =
costbenefit conflict (41 sSPNs, 898 mSPNs), Stress BB = benefit-benefit (156 sSPNs, 2813

mSPNSs). Source data are provided as a Source Data file.

i, Deliberation time distribution skewness is no longer linked to functional connectivity after stress.

Source data are provided as a Source Data file.

j» Experimental data that inspires the model in Fig. 4h. Mice that underwent chronic stress
approached the lower-reward arm of the T-maze less when a small cost was added ("reward +
cost" = cost-benefit conflict task, “reward” = benefit-benefit task). Dots = individual sessions, bar
= mean across trials. There is significant difference (p<10'°, paired t-test) in choice for the CBC
task before and after stress, and nonsignificant difference in choice for the BB task before and
after stress (p=0.10). CBC, before stress: 17 rodents, 38 sessions; CBC, after stress: 13 rodents,
34 sessions; BB, before stress: 23 rodents, 114 sessions; BB, after stress: 14 rodents, 116
sessions. Our model interprets this result as due to differences in the decision-space. Source data

are provided as a Source Data file.

k-n, Representative examples of simultaneously recorded FSIs and prelimbic cortex neurons
firing rates before (k, Pearson’s R=0.46) and after (I, R=0.99) chronic stress. Source data are
provided as a Source Data file. After stress, there is less coordination between the connected
pairs. This can be modeled as a reduction in the number of cortical neurons that synapse to each
FSI (m,n).

o-r, In general, the neuron pairs in rats that underwent chronic stress had significantly higher

correlation (o, p<10-'®) and significantly higher values of slope “a” in their ax+b linear regression

16



fits (p, p<10¥®). Control: 7 rodents, 78 neuron pairs; Stress: 4 rodents, 37 neuron pairs. Source
data are provided as a Source Data file. This suggests, per our modeling, that there are fewer
connections from cortical neurons to FSI after stress. Modeled squared Pearson correlation
coefficient (q) and slope “a” parameter in the ax+b fits (r) are shown when the connection between
cortical and FSI neurons are altered in two ways: 1) through a reduction in the number of
connections, and 2) through a reduction in the strength of each connection (i.e. connection
weight). This experimental evidence is aligned with a reduction in the number of connections,
suggesting that FSI normalization is disrupted after stress, leading to higher sSPN activity and

thus formation of lower-dimensional decision-spaces.
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Supplementary Fig. 5: Mean and variance of SPN activities reveals decision-space.
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a,b, In this figure, we demonstrate that SPNs can encode activity along decision-dimensions
successfully even in large, sparse networks, as exist in the brain, by considering an instance of
the model where there are sparse connections between cortical neurons (n=50), FSIs (n=10,000),
and SPNs (40,000 sSPNs, 40,000 mSPNs). sSPNs each encode activity along a principal
component of a randomly sampled set of cortical neurons C (a). So, when activity changes in C
(for example, during the reward cue in b, left panel), sSSPNs (b, right panel) that each encode data
along an ith principal component respond somewhat similarly to one another. See Instance 2:

sparse connectivity and feedforward, Methods.

¢, Decision-space is revealed from the variance of sSPN activities, aligning to the experimental
result in Fig. 3e. Modeled sSPN subpopulations have greater variance when there is
highmagnitude cortical signal along a corresponding decision-dimension (e.g., an sSPN
subpopulation corresponding to a reward-predominant decision-dimension in response to a
reward cue). Summaries are shown of the activities of 10,000 dsSPN (top row). Two types of
cortical signal are passed to SPNs: one with reward (left column, matches the example used in

Fig. 5) and one with Gaussian white noise (right column). To produce the network, 10,000 groups
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of 4 randomly sampled cortical neurons (notated as the set C) are connected to an FSI and 4
dsSPNs (or isSPNs) and 4 dmSPNs (or imSPNs) for each pathway. The activity of a given sSPN
which receives projection from C is defined mathematically based on the weights from cortical

neuron ¢ to sSPN s, w,_,s, the activity of the FSI which received projection from C, FSI., and an

additive shift that represents the relative activity of all sSPN neurons, b sen (eq. (22)).

d, Decision-space is revealed by the mean of sSPN activities, aligned with the model in Fig. 3c.
An sSPN subpopulation has lower mean activity when there is high-magnitude cortical signal

along a corresponding decision-dimension.

e, Selection process by which daSNC neurons determine which decision-dimensions to include
and to not include in decision-space, illustrating the construction of decision-space from sSPN
activity. Lines are daSNC activation functions. Placement along the x-axis (emphasized by dashed
lines) is the subpopulation average activity in d. Mathematically, daSNC neuron corresponding to
decision-dimension i and pathway P, daSNC; , is computed as the weighted average of sSPNs
corresponding to that decision-dimension and pathway, shifted by RMTg activity RMTg and a
daSNC biasing factor “daSNC.i.7, all passed through an activation function (eq.

(23)).

f, Correlate to the sSPN-centered subnetwork described in a for mSPN, illustrating how action

values could be defined by a network with sparse connections. The activity of a given mSPN

C mSPN
’ 1)

which receives projection from .C, is defined similarly to an sSPN but for term

representing dopamine signaling from the daSNC neuron corresponding to decision-dimension ¢

and pathway P to an mSPN corresponding to the same decision-dimension and pathway, di:P
(eq. (24)).

g, Bhattacharya distance between the distributions of SPNs encoding data along the
rewardpredominant and cost-predominant decision-dimensions. sSPN can correctly differentiate
reward from cost signal despite sparse cortico-striatal connectivity. Lines show the averages of
1000 simulations. This result demonstrates the feasibility of data along decision-dimensions being

encoded by neural populations with sparse connections.

W cortex
g—s

1 ‘ q
sSPN = +b

(22)
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Supplementary Fig. 6: The decision-space is differentially constructed based on cortical signalto-
noise ratio (SNR).
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a-d, Modeled T-maze task where an animal turns right to choose a reward/cost offer or turns left
to avoid it. Cases where there is high cortical SNR (a,c) or low cortical SNR (b,d) and a 1D
decision-space (a,b) or 2D decision-space (c,d) are formed. Modeled “turn right” actions are
considered successful (positive value) when reward > cost, and “turn left” when reward < cost. 2D
decision-spaces lead to more value when there is low cortical SNR (c¢) but not when there is high
SNR (d).

e. Choices using different types of decision-spaces have different expected reward minus cost

(expected value), depending on cortical SNR.
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Supplementary Fig. 7: Roles of the direct and indirect pathways,

Related to Fig. 5.
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a,b, Effect of low (a) versus high (b) dopamine release on decision-space formed by the direct
pathway (left panels) or indirect pathway (right panels). When dopamine release is low (a),
lowdimensional direct pathway decision-spaces are constructed by dsSPNs and high-dimensional
indirect pathway decision-spaces are constructed by isSPNs. The opposite happens when there
is high dopamine (b). To analyze these effects, analysis in Fig. 5 uses an instance of the model
where the circuit elements interact dynamically, represented mathematically through a system of

differential equations, where sSPN activity for a given decision-dimension i and pathway P,

Si,P( ) , respond to cortical input after normalization by FSI, X ) , based on weights w
between sSPNs, mSPNs, and daSNC elements, a decay factor z, and a coefficient that controls
sSPN—daSNC plasticity, ¥ (egs. (13),(14),(15),(16)). The weight of a decision-dimension in

mSPN, S“,( 2 , occurs dynamically depending on whether or not dopamine release is above a

specified threshold (eq. (30)). See Instance 3: full connectivity and dynamics, Methods.

¢, Modeled action values for the cost-benefit conflict task where an incremented reward (from a
low reward of 0 to a large reward of 1 arb. u.) is accompanied by a constant cost (set to 0.25 arb.
u.). Increased dopamine leads to increased action value of high-reward, high-cost options and
decreased “inaction value,” thus leading to more approaches when there is high reward and high

cost.

d, The effects of the direct versus indirect pathways are examined in the cost-benefit conflict task
used in Figs. 3 and 4. Modeled action values change when dmSPN and dsSPN or imSPN and
isSPN are inactivated during a task with incremented reward (from a low reward of 0 to a large
reward of 1 arb. u.) with medium cost (set to 0.5 arb. u.). Inactivated dmSPNs and dsSPNs lead

to lower action values and inactivated inSPNs and isSPNs lead to larger action values.

e,f, Modeled deliberation time for the cost-benefit conflict task is shorter when there is more
dopamine. Choice is modeled from action values calculated in the cost-benefit conflict task (here,
reward = 1 arb. u.,, cost = 0.5 arb. u.). The method to derive choice from action values
(upwardsloping drifts) and inaction values (downward-sloping drifts) is shown in e and modeled

deliberation times are shown in f.

g-i, The model predicts that dopamine biases actions that contain rewards in physical and/or
conceptual proximity. Decision-dimensions important for some decisions but not all will be used
to derive action values when there is high dopamine (g) but not when there is low dopamine (h).

If these decision-dimensions correspond to information about location, for instance, then
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additional dopamine may lead to the incorporation of spatial information in decisions, leading to

actions containing the same location information having more similar action values (i).

j-1. Times during learning when the decision-space may undergo a rapid transition, related to Fig.
5i. j. In the classical model of reinforcement learning encoding by the basal ganglia, dopamine
release to the striatum encodes the prediction error, or the difference between expected and
observed reward. Instead, in the decision-space model, dopamine communicates the
interpretation of the input information (that is, the decision-space), affecting the action taken. k.
To demonstrate the differences between these models, we designed a simple reinforcement
learning task where an agent chooses between two arms of a T-maze task, similar to the
costbenefit conflict task used in Figs. 3 and 4. The agent learns the reward (+1, chocolate milk)
or cost (-1, light) on either end of the T-maze, updating its internal model of the environment based
on eligibility traces. Suddenly, at episode 10 (dashed line), the cost and reward switch positions.
The agent continues to update its model, changing its pattern of choice after a few sessions. It
chooses the highest-value reward/cost option (based on its internal model) 50% of the time, and
50% of the time explores randomly either option. I. Reward prediction errors for the right (blue)
and left (orange) arms of the T-maze are derived from the Bellman equation (see Shifts in the
decision-Space in a reinforcement learning task, Methods). Vertical bars show the episodes
at which the agent is surprised to find an unexpected dimension and thus would be expected to
rapidly transition to a different decision-space. This happens: 1) when the reward is first observed
(“to reward”), 2) when the cost is first observed (“to cost”), 3) when the reward is expected but the
cost is observed (“reward to cost”), and 4) when the cost is expected but the reward is observed
(“cost to reward”). In other words, the decision-space shifts when the animal is surprised to find a
decision-dimension they did not expect. These shifts in the decision-space tend to coincide with
times when the magnitudes of RPEs are the highest. Thus, the classical RPE theory of dopamine
might make similar predictions about dopamine during this task as the decision-space model,

even if the underlying functional role of dopamine is different between the models.
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Supplementary Fig. 8: Individual decision-making differences can be explained by differences in

decision-space, Related to Fig. 6.
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a, Decision-making symptoms observed in disorders.

b, Schematic of the computational model for simulating decision-space based on circuit activity in
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the analyses plotted in Fig. 6a. daSNC activity
for each of PS¢ elements, each corresponding to a decision-dimension. Decision-space

dimensionality is determined from the Poisson binomial distribution of individual
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decisiondimension probabilities, per eq. (54). See Defining mSPN activity and the decision-

space, Methods.

¢, lllustration of the method by which we score subjective valuations along six axes (riskiness,
safety, high action, low action, exploit, explore) for a modeled T-maze task. A grid of action values
for a range of reward and cost combinations is formed. The “riskiness” and “safety” axes are
calculated based on the action values for the high-reward high-cost combinations and low-reward
low-cost combinations, respectively. “High action” and “low action” axes are calculated as the
proportion of the reward/cost grid with especially high (sum of all action values > 0.5) or low (<
0.2) action value, respectively. The “exploit” and “explore” axes are determined as the proportion
of the reward/cost grid with especially high (> 0.5) or low (< 0.25) Gini coefficients between the

action values.

d, Extension of Fig. 6b. sSPN activity is modified, leading to decision-spaces formed at different
rates. These different decision-spaces lead to different action valuations. Thus, in a disorder which
affects sSPN activity during decision-making, differences in decision-space may be responsible

for differences in decision-making.

e, Huntington’s disease and chronic stress both have decision-making signatures of

lowdimensional decision-spaces.

f, Extension of Fig. 6e, showing that scores along the six subjective valuation axes (mean taken
over 1000 simulations) are different depending on decision-space. Thus, disorders that affect

decision-space formation may lead to shifts in decision-making.

(54) P(m decision-dimensions used to form decision-space) = (7?1) d"(1-d)T™ m=0,1,..,q
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Supplementary Fig. 9: Disorder development and decision-space formation, Related to Fig. 7.

Decision-space adjustment across trials to reach more advantageous activities
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a Simulations of trajectories of circuit activity between trials. Four trajectories of circuit activity
movement (thick lines) are plotted above streamlines (blue lines) for a modeled circuit that adjusts
to facilitate simple choices. Filled circles are various initial circuit activities (t,). Empty circles are
the ending circuit activities (i.e. t;). The left three panels are two-dimensional slices of the plot on

the right. Here and in Fig. 7, the modeled circuit adjusts between trials to improve its ability to
form preferred decision-spaces (advantage) while avoiding large changes to activity during

decisions (cost). Advantage is represented mathematically as a weighted sum of probabilities that

the possible decision-spaces form, given the circuit elements {XI’XT “"Xn} take a specified set
of activities *1’*2> -+ * 1, (eq. (35)). Cost is represented as the distance between the circuit activity
used during decision-making and a “baseline” circuit activity that the circuit takes outside of
decision-making (eq. (37)). Net advantage is the difference between advantage and weighted cost
(eq. (38)). The circuit adjusts between trials in the direction of maximal change in net advantage

(eq. (39)). See Movement of circuit activity across multiple trials, Methods.
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b,c, A possible explanation for the observation that in certain psychiatric disorders (post-traumatic
stress disorder and substance use disorder) exposure to a traumatic event or drug can lead to
increasingly altered choice after an extended period of nonexposure or abstinence. This can be
modeled as adaptation in the circuit to process a rare decision-dimension that was necessary to
process, for example, the traumatic event or drug. In the simulation, the circuit’s preference for
various decision-spaces is updated over time based on their success in making choices according
to environmental stimuli. In the disorder resilient scenario (b), the circuit is first exposed to the
traumatic event or drug at the dashed line. The “red” decision-space is not formed as often as are
other decision-spaces (gray lines). In contrast, even short periods of exposure to the traumatic
event or drug can impact future decision-spaces, resulting in vulnerability (¢). Circuit activity
adjusts until, when the traumatic event or drug reappears, the “red” decision-space forms
frequently. This result may explain incubation of fear (in post-traumatic stress disorder) or craving
(in a substance use disorder), where symptoms emerge only after a period of weeks after

exposure. Differences in response post-incubation lead to modeled vulnerability or resilience.

d, Circuit activity morphs over time in response to decision-making needs.

24

advantage(XI:xl, XI:xz. ‘..,X“:x”) :z score, - P( spacefl(Xl:x
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Supplementary Fig. 10: Proposed experiments that might add support to our model.

Testing the physiology behind decision-space
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a, The decision-space model assumes that when an sSPN subpopulation is active, the

corresponding decision-dimension is unlikely to be used to form the decision-space. Thus,

activating an sSPN subpopulation (red) should lead to lower activity in neighboring mSPNs (blue)

and there should be lower variance in their activities. This would support our hypotheses that

sSPNs bias a nearby mSPN subpopulation towards being used or excluded during the formation

of decision-space.
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b, Meanwhile, we would expect to find less dopamine (light gray versus darker gray) released to
the sSPN subpopulation and neighboring mSPNs than to other SPNs. This would support our

hypothesis that the decision-space is formed via selective dopamine release.

¢, We would expect sSPN stimulation to alter decision-making. An experiment could be designed
asking rodents to choose rewards (apple) and/or costs (lights) in a T-maze (line, animal begins in
the center). The rodents would be expected to selectively deprioritize informational dimensions
corresponding to sSPN subpopulations that are stimulated. For instance, stimulating
rewardresponding sSPNs would be expected to lead to reduced consideration of reward when

making the decision.

d, The hypotheses in a-¢c can be tested with tools available to neuroscientists. Similar to was
performed by Lazaridis et al. (2024), DA-Cre-expressing mouse are crossed with striosomal-
FLPexpressing mice. Three viruses are injected: 1) Cre-dependent GRABpa into daSNC (for
instance, similar to Sun et al. (2020))%’, 2) FLP-dependent optogenetic virus into the striatum, 3)
general GCAMP virus into the striatum. Striosome and matrix are then recorded using two-photon
microscopy, similar to, for example, Bloem et al. (2022). Four colors are used to: 1) identify
dopamine via the GRABpa virus 2) identify all striosomal and matrix neurons via the GCaMP virus,
3) identify the contours of the striosomes via the FLP-dependent virus, and 4) stimulate the
striosome. In a closed loop way, striosome neurons are identified that correspond to reward or
cost, and the neurons that selectively respond to each are stimulated as rodents perform a Tmaze

task that was used by, for instance, Friedman et al. (2015).
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Supplementary Tables.

Supplementary Table 1: Evidence for the connectivity used in our model.

Connectivity

Evidence

cortex—sSPN/mSPN

Research has found that nearly, if not all cortical regions
project to the striatum™2, however only a subset of cortical
areas have been determined to be compartment specific®*,
with examples of those listed below.

Evidence that both the striosomes and matrix receive input
from sensorimotor, limbic, and associative regions®.

Evidence that several regions (prelimbic cortex, infralimbic
cortex, posterior orbitofrontal cortex, insular cortex) project

more to striosomes than matrix®’.

Evidence that cortical regions (primary motor cortex) project
more to matrix than to striosomes?.

cortex—FSI—-sSPN/mSPN

Evidence for FSI connections to both striosomes and matrix®
1

sSPN (more so than mSPN)
—daSNC

Range of evidence from primates, rats'>'3, and mice®
suggesting a stronger connection striosome connection than
matrix.

One study suggests that matrix also projects to daSNC™.

sSPN (more so than mSPN)
—GPi—»LHb—RMTg—daSNc

Range of evidence supporting the striosome to EP
(nonprimate GPi correlate) connection in rats'>°,

Evidence supporting the striosome to GPi connection in

primates’®.

Evidence of the EP to LHb connection in rats?’.
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Evidence that striosomes more so than matrix drive striatal
influence on LHb activity'®, potentially through pallidal
regions’®.

Evidence in primates’’, rats?° , and mice'® of the LHb to RMTg
(also called tVTA) connection.

Evidence that the RMTg projects to daSNc¢?"%2,

sSPN (more so than mSPN)

Evidence of the striosome to GP (non-primate GPe correlate)
but not matrix to GP connection in mice? and rats'2.

—GPe—daSNC
Evidence of a striosome (more so than matrix) to GPe to
daSNC pathway?.

daSNC—sSPN/mSPN Evidence that dopamine is released to both compartments,

with faster®* and more?®?% dopamine release to striosomes
than matrix.
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Supplementary Table 2: Criteria used in Supplementary Tables 3-7 to test our decision-space

model and compare it to alternative models of the circuit.

Modeled Functional role of a
circuit region.

Expectation per the model.

sSPNs influence the priority of
decision-dimensions, thereby

affecting decision-space.

(decision-space model)

1.A. During a high-dimensional decision-space, choice more closely
aligns to experimental inputs (e.g. chocolate milk level, light
brightness) during difficult tasks (e.g. consideration of both rewards
and costs).

1.B. A low-dimensional decision-space is often formed from
decisiondimensions which are commonly used during a decision-
making task, for instance information about reward in rodents that are
trained to respond to reward cues.

1.C. Cortical data is mapped orthogonally and continuously onto
SPNs.

sSPNs encode conflict.

(our conflict model)

2.A. sSPN activity scales with conflict between two features like reward
and cost.

2.B. Changes to conflict, revealed by sSPN activity, alter choice.

2.C. Changes to sSPN signals are greatest when conflict is
introduced.

sSPNs encode

subjective values.

(our subjective value model)

3.A. sSPN activity scales (possibly directly or inversely) with subjective
value of stimuli, likely roughly tracking reward minus cost.

3.B. Higher subjective value, reflected by sSPN activity, leads to
increased selection of an offer.

3.C. Changes to sSPN activity are strongest at the time during
scenarios where cues are associated with subjective values.

sSPNs encode

prediction errors.

4.A. sSPN activity should change proportionally and continuously to
the difference between expected and actual reward and cost at each
time step.
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(our prediction error model)

4.B. As a task is learned, the trend in sSPN activity over time changes
as earlier cues become associated with later outcomes.

sSPNs encode actions.

(our actions model)

5.A. Different neurons would encode different actions

5.B. Activity of sSPN subpopulations should scale directly or inversely
with the predisposition of action execution.

5.C. Changes to the signals of action-encoding subpopulation would
be greatest prior to or during action execution.

GPi

space formation.

during decision-

(decision-space model)

6.A. Changes to activity along a decision-dimension is reflected in GPi
activity.

6.B. A given GPi neuron encodes data across multiple
decisiondimensions.

6.C. Activation of GPi causes more decision-dimensions to be
incorporated into the decision-space while inactivation causes fewer
decision-dimensions to be used.

LHb and RMTg optimizing or

modifying decision-space.

(decision-space model)

7.A. Active LHb (or RMTg) leads to choice reflective of reduction in
dimensionality of the decision-space and vice versa.

7.B. LHb (or RMTg) is active during times when lower-dimensional
decision-spaces are beneficial to decision-making.

Dopaminergic neurons of the
SNc

formation.

during decision-space

(decision-space model)

8.A. There exist subpopulations of daSNC neurons that encode
information along an orthogonal axis of information.

8.B. Activity in one daSNC subpopulation only affects the
subpopulation of SPNs corresponding to one decision-dimension.

Direct and indirect pathways

alter decision-space formation.

9.A. Higher dopamine leads to lower dimensionality of the direct
pathway decision-space while lower dopamine leads to higher
dimensionality, and vice versa for the indirect pathway.

35




(decision-space model)

9.B. Direct pathway mSPNs promote actions while indirect pathway
mMSPNSs aid in action suppression.

9.C. Subpopulations of mSPNs encode data along decisiondimensions
orthogonally and continuously over time.
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Supplementary Table 3: Testing alignment of the decision-space model and other models to a

selection of the experimental sSPN literature.

' Friedman Bloem et | Xiao et al. jlage et
Friedmanet| o, al. (20202 (2021)2°
al. (2015)° | (2020)"° (2022)%" (V)
Criterion | (1) (1)} (m) (V)
Decisionspace| 1.A v v [} ~ (o)
model
1.B ] v (0] @ (0]
1.C 1) ) v v v
2.A 4 x x x o
Conflict model | 2-B v ) () @ 1)
2.C v x x x 1)
Subijective 3.A x 4 x x x
value model 3B ~ — p % -
3.C v v v v x
Prediction 4 A x x v x x
error model
4B 0] x v v )
5.A [} ) v v ~
Actions model 5.B v v v v =

v’ -- aligned with criterion

= -- somewhat aligned to criterion

x -- not aligned with criterion

@ -- experiment does not test criterion
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1.A.l. Striosome activation led to less consistent choice in tasks that required processing of both
reward and cost, while sSPN inhibition led to more consistent choice in tasks that required
processing of both reward and cost. Decision-making was less affected by sSPN manipulation in
tasks that required processing either reward or cost, but not both. Meanwhile, in the absence of
manipulation, the rodents had less active sSPNs during tasks that required processing both
reward and cost. These results may suggest that a higher-dimensional decision-space (formed at
low striosome activity) is associated with processing of multiple informational dimensions in a

consistent way.

1.A.ll. Rodents that best learned the reward/cost cue discrimination task had high sSPN activity
after the reward cue and low sSPN activity after the cost cue. The rodents that learned less well
had similar activity between the tasks. This may suggest that the most consistent choices, made

by the rodents that learned, were formed using a context-dependent decision-space.

1.A.IV. Inhibition of Tfz1 neurons, which were shown to encode either reward or cost
independently, decreased accuracy and correct rejection rate in cost trials. This may suggest a
change to the priority assigned to the reward and cost decision-dimensions. Notably, the direction
of the effect is opposite what the model expects, if only cost-related SPNs were inhibited.
However, Tfz1 neurons that responded to rewards and costs were inhibited simultaneously,

making for a less clear model prediction on the direction of the effect.

1.B.Il. More rodents successfully learned the reward task than the cost task, and this was reflected
in fewer rodents forming a reduced sSPN activity and reaching a putative high-dimensional
decision-space. This may suggest that most rodents formed a one-dimensional reward-related
decision-space and only the rodents that learned formed, in the appropriate context, a

twodimensional reward-and-cost-related decision-space.

1.C.IIL. In the probabilistic bandit task, dynamic changes along the orthogonal information axes of
reward and cost led to proportional changes in sSPNs that resembled prediction errors. Some of
the identified neurons responded only to reward or only to cost. This may suggest that those
neurons are members of subpopulations corresponding to a reward-predominant

decisiondimension or a cost-predominant DM-dimension.

1.C.IV. Tfz1-expressing sSPNs showed evidence of encoding reward or cost dimensions

independently (although it was not confirmed that Tfz1 neurons were responding to cortical

signals). During a real-time place preference task, different neurons were activated by either
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reward or cost individually both during administration of the reward or cost and at a cue associated
with the reward or cost. This may suggest encoding of information along decision-dimensions,

including related information observed from separate stimuli.

1.C.V. During a multiphase task that required attention to many stimuli and strategies, sSPN and
mSPN activities in general followed somewhat similar activity patterns over time. The most
significant indicator of SPN activity was task phase. This may suggest a continuous mapping, with
similar weights between sSPN and mSPN, of cortical information relevant to the current phase of

the task onto the decision-space in the striatum.

2.A.l. Mean sSPN activity was significantly different in the task where there was the most conflict

than in the other tasks.

2.A.ll-IV. Conflict was not introduced experimentally, yet sSPN activity was different between

tasks.

2.B.1. Optogenetic manipulation of striosomes, which may alter the level of encoded cost/reward

conflict, altered choice.

2.C.1. In the task, conflict is important to the rodent when it determines which option to select,

which is when striosome activity rises. This may suggest that striosomes encode conflict.

2.C.1I-V. Conflict was not introduced experimentally, yet sSPN activity spiked when non-conflict

stimuli were introduced.

3.A.l. sSPN activity did not scale, directly (more sSPN activity, more subjective value) nor
inversely (more sSPN activity, less subjective value), with either the overall values of the options
or with the difference between the value of the options on the right arm of the T-maze versus the
left arm. sSPNs had lowest mean activity in the cost-benefit conflict task, which had a moderate
difference between reward and cost. Both the benefit-benefit task, which had high reward and no
cost, and the cost-cost task, which had low reward and high cost, were performed with high sSPN

activities.

3.A.ll. sSPN activity was higher during the reward task than the cost task among rodents that

learned the task. This may suggest that sSPN activity tracks subjective value of the presented
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stimuli, with the reward-related stimuli being assigned higher subjective value than the costrelated

stimuli.

3.A.lll. The activities of a sizable subpopulation of SPNs were found to track reward level and cost
level separately, not together as our subjective value model would expect. Meanwhile, neurons
that tracked both reward and cost had activities that did not scale with reward minus cost,

suggesting encoding of information other than the subjective value of the stimuli.

3.A.IV. Separate SPN subpopulations were found to track reward or cost level, suggesting
encoding of reward and cost separately, rather than together as our subjective value model would

expect.

3.A.V. There was not a strong relationship between rewards minus costs presented in the different

task phases and sSPN activity.

3.B.l. The rodents approached the higher-reward option most in the task (cost-benefit conflict
task) which had the lowest sSPN activity, suggesting a possible relationship between subjective

value assigned to the left and right arms of the T-maze and sSPN activity.

3.B.II. The choice to lick was made more frequently when sSPN activity during the licking period

was higher.

3.B.IV. Stimulation and inhibition of Tfz1-expressing neurons led to opposite effects on

decisionmaking, suggesting that manipulation may change subjective values assigned to stimuli.

3.B.V. There was not a strong relationship between sSPN activity and choice in the multiphase

task.

3.C.lL. Across all tasks, sSPN activity ramped during the period of the decision where a choice was
made as to which offer to approach, which is also likely the period of the task that most requires
an assignment of subjective value to environmental stimuli. This suggests that perhaps sSPNs

play a role in assigning subjective value.

3.C.Il. sSPN activity rose during the periods when the rodents chose whether to lick, which is the
period of the task that likely most requires an assignment of subjective value to environmental

stimuli. This suggests that perhaps sSPNs play a role in assigning subjective value.
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3.C.lIl. sSPN activity was the highest at the cue and during the outcome period, two intervals
when it is likely important to assign subjective value to stimuli. This suggests that perhaps sSPNs

play a role in assigning subjective value.

3.C.IV. sSPN activity rose during the cue and administration periods of the Pavlovian conditioning
task, both of which are likely important for assignment of subjective value. This suggests that

perhaps sSPNs play a role in assigning subjective value.

3.C.V. sSPNs did not have exceptionally high nor low activities during periods of the multiphase
task in which we might expect subjective value assignment to be important. sSPN activity was
higher during a locomotion phase, for example, than during a phase where a reward was

presented.

4_A.l. The rodents in the experiments were overtrained, task types were randomized, and each
task type had different levels of reward and/or cost. Therefore, they might be expected to
experience prediction error when they entered the maze and become aware of the task type.
Prediction upon entering the maze should be roughly equivalent to the average value (reward
minus cost) of all tasks. By this logic, there is positive prediction error in tasks where the expected
outcome was greater than the expected outcome upon entering the maze, and vice versa. Thus,
the largest positive prediction error likely occurred during the benefit-benefit task, followed by the
cost-benefit non-conflict task, followed by the cost-benefit conflict task, followed by the cost-cost

task. Experimental sSPN activities were not ordered like this.

4.A.ll. Theoretically, we would expect, post-learning, a prediction error at the tone because the
value of the session changes at this point. Yet sSPN activity had little change at the tone

postlearning.

4.A.lll. The authors demonstrated that separate populations track prediction error directly and

inversely.

4. A.lIV. Theoretically, prediction error moves from the administration period to the cue during a
Pavlovian task. This is not what was observed: sSPN activity spiked during the administration

period just as much after learning as before.
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4.A.V. sSPN activity had little change at periods of the task when prediction errors were introduced

experimentally.

4.B.1l. sSPN activity over time did change with learning but spikes in activity did not develop at

times (e.g. the cue) we would expect post-learning prediction errors to develop.

4.B.1ll. sSPN activity tracked prediction error more closely at the cue after learning than before.
This suggests that sSSPNs may be encoding prediction error and learning the association between

the cue and the outcome.

4.B.IV. The activities of individual SPN increased in magnitude at the cue after learning in the
Pavlovian conditioning task (although there was not, as our prediction error model would expect,
a corresponding reduction during administration). In the active avoidance task, failure-responding

sSPNs increased activity upon punishment delivery.

5.A.lll. Different neurons were found to respond to reward versus cost. This may suggest that

different neurons were involved in encoding actions planned in response to the different stimuli.

5.A.IV. Different neurons were active in response to reward versus cost. This may suggest that
different neurons were involved in encoding of actions planned in response to the different stimuli.

5.A.V. Neurons encoded actions in task-specific contexts but remapped between tasks.

5.B.l. The optogenetic manipulation caused altered actions (turn right versus turn left), suggesting

that perhaps stimulation or inhibition leads to upweighting of one action versus another.

5.B.Il. Different actions (licking versus non-licking) corresponded to different mean sSPN activity.

This may suggest that sSPNs encode the action of licking.

5.B.lIl. sSPN subpopulations changed in response to unexpected stimuli, perhaps to recalculate

actions to take.

5.B.IV. The reward-active sSPNs were most active during the outcome period and less so during

the cue. This could be a sign of a potential action linked to the stimuli.

5.B.V. sSPN subpopulations were identified but their activities were only related to actions on a

task-by-task basis.
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5.C.1. For many trials, sSPN activity increased during the period when the animal made a choice
between turning left versus turning right. However, sSPN activity was roughly constant throughout
the choice periods of cost-benefit conflict trials, and the actions model would expect a ramping of
activity here, too.

5.C.II. sSPN activity increased during the period when the animal made a choice whether or not

to lick. This may suggest that sSPNs encode the action of licking.

5.C.lIl. sSPN subpopulations responded to the prediction error. Through the lens of the action

model, perhaps sSPNs are revising the potential actions that will be initiated.

5.C.IV. sSPN activity was positively correlated with running velocity, and sSPN activity ramped
along with licking bouts throughout the cue and outcome periods. This suggests that perhaps

sSPNs encode the action of running.

5.C.V. sSPN subpopulations were most active when certain actions (e.g. turn direction) occurred,

but between tasks these were not responsive during the same actions.
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Supplementary Table 4: Testing the alignment of the decision-space model to a selection of the

experimental literature on GPi.

Weglage et al. (2022)"° | Munte et al. Stephenson-Jones et. al
Criterion | (1) (2017)% (i) (2016)°" (1)
6.A @ v o
6.B 1) ) v
6.C v o p

v’ -- aligned with criterion
= -- somewhat aligned to criterion

x -- not aligned with criterion

@ -- experiment does not test criterion

6.A.ll. Level of reward correlated with GPi activity. This may suggest that GPi activity scales up

or down depending on the level of information along a reward-related decision-dimension.

6.B.IIl. Individual LHb-projecting GPi neurons were both excited by punishment-predicting cues
and the punishment itself and were inhibited by rewards and their associated cues. This may
suggest that information along two decision-dimensions, one reward-related and one-cost
related, is encoded by the same GPi neurons. Further, the opposite response of GPi neurons to
reward and cost lends support for our choice to differentially weight GPi inputs from sSPN

subpopulations corresponding to different decision-dimensions.

6.C.I. An identified subpopulation of LHb-projecting GPi affected the profile of choices made,
aligning with the functional role of the GPi in our model. Decreased activity of these neurons was

associated with increased commitment to actions, which may correspond to effective formation
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of a decision-space. This would align with the hypothesis of the model that lower GPi activity

leads to a higher-dimensional decision-space.
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Supplementary Table 5: Testing the alignment of the decision-space model to a selection of the

experimental literature on LHb and RMTg.

Matsumoto & Stopper &

Hikosaka Lee & Hikosaka Floresco Vento et al
Criterion | (2007)* (1) (2022)% (Il (2014)* (1) (2017)% (IV)
7.A [} [0} = v
7B v v p p

v -- aligned with criterion
= -- somewhat aligned to criterion
x -- not aligned with criterion

@ -- experiment does not test criterion

7.A.lll. LHb inactivation led subjects to change their choice during a probabilistic discounting task
to accept a large, risky reward over a smaller, safe reward. As our model expects, LHb inactivation
played an important role in affecting decisions that required multiple decision-dimensions. It is
expected, however, that reduced LHb activity produces enhanced adherence to any
decisiondimensions required to perform the task. The subjects with inactive LHb would appear to
be incorporating fewer, not more, decision-dimensions into their choices. One possible
explanation is that LHb inactivation led to an overwhelming increase in dimensionality of the

decision-space that reduced focus on a few important decision-dimensions, such as reward.

7.A.IV. RMTg selectively altered decisions, primarily in response to cost. This may suggest that
RMTg inactivation led to choices with less adherence to an important cost-related

decisiondimension.
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7.B.1. LHb activation led to suppression of dopaminergic signaling among daSNC neurons. LHb
was active at times when it may not have been beneficial to construct a decision-space involving
a reward-related decision-dimension (when no reward was presented) but inactive when it may
have been beneficial to construct a decision-space using a reward-related decision-dimension

(when reward was presented).

7.B.1l. LHb was found to alter its activity depending on situational context. LHb was most active
at times when it may not have been beneficial to construct a decision-space involving a
rewardpredominant decision-dimension (when it was indicated that minimal reward would be
available or when less than expected reward was presented) and at times when evaluation of

data along decision-dimensions may have been less necessary (the uncontrollable tasks).
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Supplementary Table 6: Testing the alignment of the decision-space model to a selection of the

experimental literature on daSNC.

Fiorillo et Gan et Long et al
al. Matsumoto | 3 Bromberg- | Kim et al. (2024)* (V1)
(2003)* | ¢ Hikosaka | (20100 | martin et al. | (2020)%

Criterion | (1) (2009)> (i) | (1) (2010)® (IV) | (V)

8.A 4 v v v v @

8.B ) ) () @ ) =

v -- aligned with criterion
= -- somewhat aligned to criterion

x -- not aligned with criterion

@ -- experiment does not test criterion

8.A.l. daSNC neurons responded differently during the cue and during the outcome period
depending on the likelihood of a cue predicting a reward outcome. This may suggest that a
subpopulation of daSNC neurons encodes information along a reward-related
decisiondimension, and probabilistic inputs are reflected continuously over time as the

information along the decision-dimension is updated.

8.A.ll. Two daSNC populations responded very differently to rewarding or aversive stimuli and a
third group was non-responsive. This may support the tenet of the decision-space model that
different daSNC subpopulations correspond to different decision-dimensions, some of which
might be related to reward information, some to cost information, and some to neither reward nor

cost information.
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8.A.lll. The activities of recorded dopamine neurons showed more resemblance to reward levels
than to overall utility. This may support the tenet of the decision-space model that different
dopamine subpopulations correspond to different decision-dimensions, some of which are related
to reward information, and that dopamine neurons encode data along decision-dimensions, not

an overall value function.

8.A.IV. Subpopulations of daSNC neurons that encoded value were excited by rewarding
information while salience neurons were excited by both rewarding and aversive cues. This may
support the tenet of the decision-space model that different daSNC subpopulations correspond
to different decision-dimensions, some of which are related to reward information and some to

other information.

8.A.V. Dopamine changed in response to altered proximity to reward. This may support the
architecture of the decision-space model, where changes to reward information are captured in

an sSPN subpopulation related to reward, then passed to a corresponding daSNC subpopulation.

8.B.VI. VTA cells were optogenetically inhibited or excited as ventral striatal neurons were
recorded. Several findings are particularly relevant to the decision-space model: 1) A
subpopulation of the striatal neurons responded to reward, and the activities of these neurons
correlated with the VTA neurons. 2) 8% of all SPNs (4% above control, both non-
rewardresponding and reward-responding) had altered activities when VTA was inhibited. 3) The
physical location of the SPNs that had altered activities had significantly distinct locations. Finding
1 may support the decision-space model, where mSPNs and sSPNs receive somewhat similar
cortical inputs and sSPNs influence daSNC activity. A proportion of the reward-responding SPNs
may encode a reward-related decision-dimension (the others may encode other information
about the task and the reward administration). Further, per Finding 2, only a proportion of SPNs
were affected by the reward-induced daSNC activity, supporting the selective release of
dopamine to a reward-related SPN subpopulation in the model. Per Finding 3, the SPNs that did
change their activities had spatial organization, supporting the assumption of our model that SPN
subpopulations corresponding to decision-dimensions are organized spatially. The experiments,
however, were primarily conducted on VTA neurons, not daSNC neurons, and a decoder did not
accurately discriminate inhibition from control trials based on SPN spiking. This might be because
a reward-related decision-space would require the modulation of more than 8% of neurons. Per

our model, a decision-space would be formed in cases where sufficient dopamine was released
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to modulate a larger percentage (but not all SPNs). Indeed, when VTA neurons were manipulated
to release more dopamine than they ordinarily did during the head-fixed licking task, up to 37%
SPNs responded and a decoder successfully linked firing rates to the task, suggesting the
formation of a decision-space. It may be that a decision-space only forms in certain tasks, for
instance perhaps in tasks that require action selection, a hypothesis that might be supported by
the findings of Samejima et al.*?> and Seo et al.** Our model provides a framework for

taskdependent dopamine release to be studied in future work.
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Supplementary Table 7: Interpreting a selection of the experimental literature on the direct

versus indirect pathways through the decision-space model.

Parker et al. Peak et al. Maltese et al. Barbera et al.
Criterion (2018)* (1) (2020)*5 () (2021)% (1) (2016)*" (IV)
9.A v ) v v
9.B @ v ) v
9.C [} 1) ) v

v’ -- aligned with criterion
= -- somewhat aligned to criterion

x -- not aligned with criterion

@ -- experiment does not test criterion

9.A.l. The direct and indirect pathway were found to be typically coactivated, and dopamine
depletion differentially altered direct versus indirect pathway dynamics. This may support the
tenet of our model that a decision-space is formed in each pathway during a decision and the two

decision-spaces are affected differently by dopamine.

9.A.lll. Increased dopamine release led to increased activation of dSPNs and decreased
activation of iSPNs. Decreased dopamine release led to the opposite change. This supports the

decision-space model, in which dopamine excites dmSPNs and inhibits imSPNs.

9.A.IV. Cocaine led to the increase in activity of a direct pathway subpopulation and

simultaneously a decrease in activity of a neighboring indirect pathway subpopulation. This may
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suggest the simultaneous activation of a direct pathway decision-dimension and inactivation of a

direct pathway decision-dimension.

9.B.II. Inhibition of dSPNs during learning led to blunted action associations, while inhibition of
iSPNs led to a reduced ability to switch actions based on context. This supports the decisionspace
model, in which the direct pathway is involved with performing actions and the indirect pathway

is involved in refraining from actions.

9.B.IV. Cocaine administration led to increased direct pathway activity, decreased indirect
pathway activity, and more movement. This may suggest that the direct pathway more than the

indirect pathway is associated with initiating actions.

9.C.IV. Subpopulations encoding data along decision-dimensions showed high intra-cluster
synchrony that was stable across days, and inter-cluster synchrony was significantly lower. This
may support the tenet of the decision-space model that similar information is encoded within

proximate SPN subpopulations.
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Supplementary Notes.

Supplementary Note 1: Functional and connectivity differences between striosomes versus

matrix.

The inclusion of striosomes versus matrix SPNs in models of the basal ganglia is crucial due to
their important differences. First, striosomes and matrix have important functional differences.
sSPNs are implicated in multiple decision-making functions including conflict®, value-based
learning’®, changing strategies to suit changes in tasks?®, responding to negative stimuli®,
responding to probabilistic cues/reward prediction errors?’:#¢ habitual behaviors*®, cognition®,
and motor control®"%2, In contrast, matrix neurons are important for motor functions®® along with

action selection and initiation®.

Second, striosomes and matrix have different connectivity. While the striosomes receives
convergent signaling from numerous cortical regions'?, the prelimbic cortex, infralimbic cortex,
posterior orbitofrontal cortex, insular cortex preferentially project to sSPNs®’ while matrix receives
preferential projections from the primary motor and sensory cortex®. Both sSPNs and mSPNs are
roughly evenly distributed between the direct pathway, identified by D1 receptor expression, and
indirect pathway, identified by D2 receptor expression*'255-58_QOnly direct pathway sSPN neurons
project to the dopaminergic neurons of the SNc'2 and to GPi'®*—LHb'"—RMTg'"— dopaminergic
neurons of the SNc?'?2. Only indirect pathway sSPNs project to the GPe core which target daSNc
neurons®. These regions influence behavioral states®%°, action selection®-%3 and determine
subjective valuations®-%¢. The prior mentioned regions associated with the sSPNs direct pathway
(LHb, RMTg, dopaminergic neurons of the SNc) respond to aversive/rewarding cues®~"", are
sensitive to reward/cost’>’4, and signal Reward Prediction Errors (RPE)”>7¢. The modeled

regions and neuronal subdivisions are differentially affected in neuropsychiatric disorders®7%-°1,

Third, striosomes and matrix differ in which genes they express. Striosomes express BACH?2,
KCNT1, KCNIP1, and KHDRBS3 while matrix neurons express STXBP6, GDA, and SEMA3E®.
Both compartments demonstrate distinct molecular expression patterns®. Further, the striosomes
and matrix develop over different periods, with striosomes developing earlier than matrix during

a period of prenatal development?.
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Finally, the striosomes and matrix are oppositely modulated by direct pathway dopamine receptor
activation®®. In mSPNs, direct pathway activation generates and lengthens an “up-state”, a
depolarized state where neurons can more readily reach a threshold to fire an action potential. In
contrast, sSPNs are more excitable during basal conditions and direct pathway receptor
activation shortens up-states and reduces the time in which sSPNs can fire action potential®®. We
model this in Fig. 5. Given all these factors, the development of computational models that take
account for striosomal and matrix striatal subdivisions are critical to understanding decision-

making and learning.

Supplementary Note 2: Choice of circuit elements.

Using a reductionist approach, we selected circuit elements crucial to the regulation of dopamine
by dorsomedial striosomes. Thus, we prioritized the direct connection between striosomes and
daSNC and the regulation of daSNC via GPe and GPi—LHb—RMTg.

Notably, we exclude from our model the substantia nigra reticula (SNr), another basal ganglia
region that receives projections from the striosomes'>% and the subthalamic nucleus® and feeds
back to daSNC neurons®, forming an additional secondary striosome—daSNC connection. In
the context of our model, sSPN—SNr—daSNC helps to determine how many decision-
dimensions are included in the parallel direct and indirect pathway decision-spaces, in
conjunction with the modeled operation assigned to the GPi—LHb—RMTg pathway. The
connection through SNr, by introducing a striosome—SNr—daSNC—striosome loop, would add
an additional set of dynamics on a longer time scale than the modeled
striosome—daSNC—striosome loop. The analysis using Instance 1 of the model (full
connectivity, no dynamics), however, would remain similar, with similar selective effects of

striosomes, GPi, LHb, RMTg, and daSNC on the decision-space and choice.

Other regions that might be included in a future expanded model are the central nucleus of the
amygdala, the paraventricular thalamic nucleus, the rhomboid, and the paratenial thalamic
nucleus, each of which provides input to the striosomes more so than matrix'°"-'%, In the context
of our model, these connections would help to influence which decision-dimensions are included

in decision-space, in conjunction with cortical neurons, FSls, sSPNs, and daSNC neurons.
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More broadly, our model does not include certain brain regions that are relevant to
decisionmaking such as the dorsolateral striatum, ventral striatum, dopaminergic neurons in the
ventral tegmental area (VTA), subthalamic nucleus, and other basal ganglia regions. There are
also brain regions outside the basal ganglia that are implicated in decision-making'" that we do

not consider.

We did not consider neuronal molecular heterogeneity or gene expression.

Supplementary Note 3: Choice of cortical inputs to the striatum.

Experimental work has revealed dimensionality reduction on the order of ~100 times from cortex
to SPNs'%2, We focus on the processing of information by the striatum rather than the specific
information encoded by each region of the cortex. This allows us to retain focus on the processing
of information by the striatum. Additionally, our model assumes that cortical inputs are roughly
similar between the striosomes and matrix. This assumption allows us to assign the same
decision-dimensions to striosome subpopulations as to matrix subpopulations. As shown in
Supplementary Table 1, in reality, several striatum-projecting cortical regions have been found
to project more strongly to either striosomes or matrix”-'3, although the experimental data on
many of these regions is mixed'™. However, we suggest that there are somewhat similar
representations of decision-dimensions in sSPNs and mSPNs. Computationally, as shown in
Supplementary Fig. 5, average population activities can successfully encode information
mapped to the principal components of cortical activity even when cortex—SPN connectivity is
sparse and different cortical neurons project to each SPN. So, provided that the cortical
information encoded in striosome- and matrix-projecting regions is somewhat similar, the
decision-dimensions formed by the population should, on average, be similar. To speculate on
the function role of the different connectivity, it could be that the regions that are more
mSPNsprojecting relay more detailed representations of information, while the regions that are
more sSPNs-projecting relay information about how many decision-dimensions to use (a similar
effect to the Psspx term in eg. (1)). This hypothesis might align with functional differences in the
regions that project mostly to striosomes versus matrix. For instance, the prefrontal cortex,
associated with complex cognitive function, projects mostly to striosomes and inhibits striosomes
during conflict®, perhaps suggesting a functional role in increasing the dimensionality of the

decisionspace based on internal representations of task difficulty. Similarly, the orbitofrontal
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cortex, associated with high-level decision-making schema'®® and hyperactive during anxiety,
projects mostly to striosomes and may communicate contextual information related to the

decision.

Supplementary Note 4: Modulation of SPNs by dopamine during the decision to form

decisionspace.

We make several hypotheses about dopamine to form our model. First, we hypothesize that
dopamine plays a role in modulating SPN activity during decision-making. This follows based on
the existing work linking dopamine to second-by-second modulation of SPN firing'® including
work that demonstrates an opposite effect in striosome versus matrix®. A recent experiment
demonstrated that midbrain dopamine neurons selectively modulate a subpopulation of SPNs*!,
perhaps corresponding to a decision-dimension (see Supplementary Table 6). Second, we
hypothesize that this modulatory effect occurs variably over time and is most pronounced when
new important cues appear. This aligns with the literature on RPE'%. Third, we hypothesize that
dopamine modulation should only occur in complex tasks (that require one or more
decisiondimension), compatible with evidence that suggests minimal effect of dopamine release
on SPNs in simple tasks*'. Fourth, we hypothesize that dopamine plays an important role in
largescale sSPN modulation of mSPN compared to including collaterals, interneurons (choline
acetyltransferase interneurons, somatostatin expressing interneurons, and parvalbumin-positive
interneurons cross compartment boundaries but likely have primarily local effects'®), or other

possible connections through other brain regions.

Supplementary Note 5: Situations in which different types of decision-spaces form.

In Figs. 3, 4 and Supplementary Figs. 3, 4, we model cases where high- or low-dimensional
decision-spaces form in the literature. For instance, in the model in Fig. 3a-c of the experimental
data plotted in Supplementary Fig. 3a, we show that in a T-maze task, a higher-dimensional
decision-space tends to form in more “difficult” tasks where there are more environmental
dimensions (reward and cost rather than reward or cost separately). In the model in

Supplementary Fig. 3s of the experimental data in Supplementary Fig. 3r, we show that the
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decision-space increased over the span of learning. Then we show that the decision-space likely
decreases in disorders (Fig. 4), perhaps because a low-dimensional decision-space is optimal
under disorder conditions (Supplementary Fig. 6). Additionally, in Fig. 5e, we suggest that a
high-dimensional decision-space will form in a high-motivation scenario with high dopamine, and
vice versa. So, a high-dimensional decision-space likely forms when 1) there are multiple
environmental dimensions, 2) there is reward/cost conflict, 3) after learning, 4) in control animals

but not during stress, aging, and Huntington’s disease, and 5) when an animal is highly motivated.

When else might a high-dimensional decision-space form? Future work might uncover a single
metric predicting the dimension of the decision-space, drawing on the factors we identify and also
others. We might expect the urgency with which a decision must be made, for example, to
inversely correlate with the dimension of the decision-space. Relying on a single
decisiondimension, for instance, might be beneficial in a situation where information along the
various decision-dimensions has only been collected for a short period of time, increasing
uncertainty (similar to the noise in Supplementary Fig. 5). We could also speculate that very late
in learning, once a decision becomes routine, the dimension of the decision-space might reduce
as unneeded decision-dimensions are deprioritized. Finally, we might expect volatile
environments, due to a reduction in signal to noise ratio in information from the cortex, to reduce
the dimension of the decision-space for the theoretical reasons we analyze in Supplementary
Fig. 5.

Supplementary Note 6: Effect of GPi, LHb, and RMTg, and GPe on the direct and indirect

pathway spaces.

While recent evidence suggests that there are three pathways from striosomes to daSNC, two
direct pathways and one indirect pathway via GPe?, it remains unresolved whether GPe projects
to all daSNC neurons, or only a subset. In the connectivity diagram in Fig. 1b, we assume that
GPe only projects to a subset of daSNC neurons. Under this assumption, GPi, LHb, and RMTg
activity affect both the direct and indirect pathway space (Fig. 2e), and GPe affects only the
indirect pathway space (Fig. 2f). Future studies may lead to confirmation or revision of this
assumption. In the case of revision, the mechanics of the model of certain circuit elements would
be affected, but not the formation of the direct and indirect pathway decision-space as in Fig.

5b,c. Specifically, if the either of the assumptions do not hold, then GPe would affect both the
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direct and indirect pathway spaces, and Fig. 2f would apply to the direct pathway as well as the

indirect pathway, and eq. (2) would be modified.

It is also possible that only a subset of striosomes project to GPi, or that RMTg inhibits only a
subset of daSNC neurons. In these case, there would be nonlinear effects of striosome activity
on the decision-space, and eq. (2) would be rewritten to reflect selective RMTg influence on
certain daSNC subpopulations over others. Fig. 2e,f would be revised. However, the effect of

dopamine on the direct and indirect pathway spaces in Fig. 5b,c would be preserved.

In summary, future modification of the model in the sSPN/GPi/LHb/RMTg/GPe sub-circuits (or
introduction of other brain regions, e.g. SNR) might add detail to the process by which these brain
regions bias the decision-space. However, any such changes would be self-contained to the
circuit prior to the formation of the decision-space, and would not affect, either conceptually or
computationally, the influence that daSNC activity has on the formation of the direct and indirect

pathway decision-spaces.

Supplementary Note 7: Implications of GPe pathways.

In future computational and experimental work, it will be crucial to examine the GPe neuronal
subtypes to understand the mechanisms by which the indirect pathway decision-space forms.
GPe neurons can be categorized as prototypical or arkypallidal'’. The interplay between these
neurons has been suggested to enable more nuanced control over action selection'® by allowing
for actions to be restricted or halted entirely when necessary'%'°, Arkypallidal neurons increase
their activity with movement initiation and otherwise have a low basal firing rate especially when
compared to prototypical neurons''"'2, Functionally, Arkypallidal neurons are thought to be
capable of canceling an action during initiation through increased activity and GABAergic
feedback to the striatum, a mechanism for responding to rapid drastic changes in the
environment'?’. Further, Arkypallidal neurons may synergistically activate to modulate proper
movement initiation when an action is not being canceled'”, and recent experimental evidence
demonstrated a regulatory role in habitual seeking behavior''3. Prototypical neurons are thought
to play a role in information processing and suppression of actions while potentially modulating

the reactivity of Arkypallidal neurons™°,
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Arkypallidal neurons, but not prototypical GPe neurons, have been found to exert strong influence
on the striatum™4, although it is unclear if arkypallidal neurons preferentially target striosomes or
matrix. This question will have important implications for future improvements to our model. If
arkypallidal neurons are especially striosome-projecting, then our model would suggest that
arkypallidal-striosome interplay helps to control the indirect pathway decision-space. This might
function similarly to the bi-directional relationship of striosomes and daSNC which we model in
Fig. 5. However, this arkypallidal-striosome control system would be indirect pathway specific.
Alternatively, if it is found that arkypallidal neurons project to matrix preferentially, or to striosomes
and matrix roughly evenly, then perhaps arkypallidal neurons function as a switch that can
suddenly downshift the decision-space from high-dimensional to low-dimensional if newly arriving
information necessitates it. In this second case, arkypallidal neurons would have a more direct

effect on action values.

Supplementary Note 8: Compatibility of our model with others of the basal ganglia.

Our model is largely compatible with other models of the basal ganglia, but adds important detail
about the different roles of striosomes and matrix. For example, a range of other models consider
how the direct and indirect pathways of the basal ganglia interact to moderate action
selection'®"®. Our model offers a simple explanation for several experimental phenomena that
are used to fit other models by differentiating the roles of striosomes versus matrix
(Supplementary Fig. 7). In particular, direct/indirect pathway models more commonly fit data
from simple reward and/or cost tasks rather than highly difficult tasks, but our model allows for
scaling to difficult tasks with many informational dimensions. Another class of model examines
how RPE signals facilitate adaptability™’-""®. Our model does not preclude the possibility that
SPNs and/or dopamine may encode an algorithm similar to those used in reinforcement learning
but suggests that the primary role of dopamine is to form the decision-space. Our model can
additionally be used to expand on other models that explore the role of basal ganglia pathways
in performing dimensionality reduction?, responding to events as sequences that influence each
successive action'?"122 or functioning as weights that bias output signals used downstream'?3. In
the case of dimensionality reduction models, our model links the process of reducing cortical

information directly to decisions. In the case of models of sequential actions, our model forms a
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basis for how the striatum can dynamically respond to changes in context over time while also
retaining consistency in the decision-space, allowing for chains of motor programs to function with
similar rules. In the case of models that examine how the basal ganglia biases outputs, our model

specifies how these biases shift from context to context.

Supplementary Note 9: Different roles of striosome versus matrix in reinforcement learning due

to opposite plasticity mechanisms.

Our model’s inclusion of both striosomes and matrix has important implications for reinforcement
learning models of the basal ganglia. In some reinforcement learning models of the circuit,
midbrain dopaminergic neurons communicate reward prediction error to SPNs"7:12# similar to the
update signal in the classical Q-learning algorithm'°. After dopamine is released, it affects the
plasticity of SPNs. Our model can be used in conjunction with this learning model, if it assumed
that learning updates occur after the decision-space forms. Matrix and striosomes have opposite
short-term plasticity rules®. So, it could be that dopamine induces opposite long-term plasticity
changes, although future experimental work would need to verify this. If this hypothesis is
demonstrated to be true, then dopamine release might serve a dual purpose in the context of
reinforcement learning. Like in the classical view, dopamine would update the policy of possible
actions in mSPNs (like an “actor” in an actor-critic algorithm). However, simultaneously, dopamine
would update a different function in striosomes, which tightly control the midbrain dopamine
neurons that signal the state value function (like the “critic”). So, through the lens of classical
reinforcement learning models of the circuit, the different plasticity rules between matrix and

striosomes would be functionally convenient.

Supplementary Note 10: Experimental work that informs our model of fast-spiking interneurons
(FSls).

Our model incorporates FSls by drawing upon key experimental work that characterizes their
functional properties and connectivity within the striatal circuitry. FSls receive excitatory inputs
from many cortical neurons'®'2’, which themselves exhibit a wide range of firing rates'®. The

cortical to FSI connection is excitatory'?® and current work shows that FSI activity scales linearly

60



with cortical activity'®'?°, In turn, FSIs exert a well-established inhibitory influence on spiny
projection neurons'™°. While the inhibitory nature of this interaction is clear, the precise algebraic
operator that best represents this FSI-to-SPN inhibition is less definitive. Experimental evidence
can be used to support either a model where it functions as a subtraction or a division'"132, Also

see Reasoning behind the FSI model.

Supplementary Note 11: Rationale for modeling choices and potential alternatives.

In developing our computational model, we evaluated various alternative modeling techniques,
such as neural networks, Hidden Markov Models, Bayesian methods, State Space Models,
biophysical models, and drift-diffusion models, among others. This note outlines the justifications
for our selected modeling approaches and considers other methods that could yield comparable

results.

Our model represents the decision-making axes (decision-dimensions) as the principal
components of cortical data. This choice directly links the circuit's processes to common data
science operations. While this decision-space model could be conceptually preserved by
substituting principal components with, for instance, the independent components'? of cortical

data, such modifications might compromise computational convenience.

To derive choice and deliberation time for an arbitrary number of potential actions, we aimed for
a framework analogous to drift-diffusion models, which have proven successful in other Basal
Ganglia research'* However, classical drift-diffusion models are typically limited to two
outcomes, though multi-outcome extensions exist'. Our model was designed to accommodate
an unlimited number of possible actions. It successfully reproduces choice behavior, as
demonstrated in the T-maze task (Supplementary Fig. 3b,c). While interacting population
models™®® could also achieve our goal, our primary focus was on choice outcomes (i.e., the choice
itself, deliberation time, and its distribution) rather than the specifics of neural recruitment.
Alternative approaches, such as treating choice as a Bayesian process emerging from circuit
activity’” or employing an intermediate layer like in a Hidden Markov Model™8, might also be

viable, although deriving deliberation time is less common with these model classes.
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For modeling physiological connections, we used relative firing rates to represent the overall
activities of circuit elements. This approach effectively linked the macroscopic activities of
different brain regions within the circuit. Although models that incorporate the precise timing of
individual neuron spikes have been used to describe connections in specific parts of the circuit
with high fidelity'®'° the conceptual framework of the decision-space model does not

necessitate this level of granularity.

Supplementary Note 12: Influence of cost and reward on LHb, RMTg, and daSNC activity.

Our model captures how varying cost levels modulate LHb and RMTg activities. These regions
have been found to be highly sensitive to cost levels?'34141-143 | Hb and RMTg exhibit a roughly
negative linear response to changes in reward level and a positive linear response to changes in
cost level'#"14 RMTg projects to daSNC via strong inhibition (Figure 1, Supplementary Table
1), where the mean activity of a daSNC subpopulation typically responds positively to increases

in reward and negatively to decreases in reward'#!:144,
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Instructions to run code.

For code, see https://github.com/dirkbeck/DM_space _model or the release at
https://zenodo.org/records/15433189.

The subdirectories correspond to different topics in the manuscript. Functions used across the
topics sit outside the subdirectories. There is also an “Original Functions” folder for
preprocessing experimental data.

The topics correspond to the latest version of the manuscript (updated after one round of review)
as follows:

« model_overview: Figs. 1,2 and Supplementary Fig. 2

- model_tests: Fig. 3a-d and Supplementary Fig. 3a,0-x

- disorder_hypotheses: Fig. 4 and Supplementary Fig. 4m-r

- dynamic_model_and_neural_net: Fig. 5 and Supplementary Figs. 5, 6, 7a-i
- importance_and_RPEs: Supplementary Fig. 7k,l.

- day _to _day _space_sampling: Fig. 6 and Supplementary Fig. 8

- circuit_trajectories: Fig. 7, Supplementary Fig. 9

- neuron_pair_analysis: Fig. 3f, Supplementary Fig. 3k-p

« Cross Correlation Pattern Counts: Fig. 3e, Supplementary Fig. 3b-n, Supplementary
Fig. 3a-j.

For additional detail on directory<->figure mapping, please refer to the Methods section of the
manuscript, where the analysis corresponding to each figure is explained and a link is provided
to the github.

All .m files run in MATLAB R2021a. To run the code:

1) Git clone the repository onto a local machine.

2) Run the file of interest in MATLAB. Note that (except for the exceptions mentioned
below) the codes either A) do not require functions in other files, or B) require functions
in other files that are automatically added to the path when the file is run.

Fig. 2

- Fig. 2a,b: model_overview/cartoon_of_striosome_matrix_roles.m - Fig. 2c,d:
model_overview/sSPN_versus_mSPN_effect on_decision_space_and_action_values.m
- Fig. 2e,f: model_overview/GPi_LHb_RMTg_DA_model.m

Supplementary Fig. 2
- Supplementary Fig. 2a: model_overview/ctx_FSI_SPN_firing_rates.m

63



Fig. 3

Supplementary Fig. 2b: model_overview/GPi LH RMTg_ DA _operation_cartoons.m
Supplementary Fig. 2c,d: model_overview/GPi_model.m

Supplementary Fig. 2e,f: model_overview/LHb_model.m

Supplementary Fig. 2g-i: model_overview/GPi_LHb RMTg_DA model.m
Supplementary Fig. 2k,l: model_overview/mSPN_multinomial_regression_example
Supplementary Fig. 2m,n: model_overview/weiner_process_illustration.m
Supplementary Fig. 20,p: model_overview/weiner_process_illustration.m
Supplementary Fig. 2q-r: model_overview/dimensionality_from_SPN_activity

Fig. 3a,b. model_tests/friedman20150ptogeneticmanipulation.m - Fig. 3d.

model_tests/ctx_sSPN_mSPN_coordinated_activity.n - Fig. 3e. See Exception 2. -  Fig.

3f. See Exception 1.

Supplementary Fig. 3

Supplementary Fig. 3a. model_tests/friedman20150ptogeneticmanipulation.m -
Supplementary Fig. 3b-d. See Exception 2.

Supplementary Fig. 3e,f. See Exception 1.

Supplementary Fig. 3g. See Exception 2.

Supplementary Fig. 3h-n. See Exception 2.

Supplementary Fig. 30-x. model_tests/comparison_to_benchmarks.m

Fig. 4a. disorder_hypotheses/Friedman2017summary.m

Fig. 4b,c. disorder_hypotheses/Friedman2017_lowD_space.m

Fig. 4d,e. disorder_hypotheses/altered_choice_after_space_transition.m
Fig. 4f. disorder_hypotheses/space_dimensionality_vs_FSI.m

Fig. 4h. disorder_hypotheses/Friedman2020_lowD_space.m

Supplementary Fig. 4

Fig. 5

Supplementary Fig. 4a-j

Supplementary Fig. 4k,l. See Exception 1.

Supplementary Fig. 4m,n,q,r. disorder_hypotheses/ctx_to_FSI_synchrony_analysis.m -
Supplementary Fig. 40,p. See Exception 1.

Fig. 5d-i. dynamic_model_and_neural_net/sSPN_DA_mSPN_dynamic_interaction.m

Supplementary Fig. 5

64



- Supplementary Fig. 5b-e. dynamic_model_and_neural_net/neural_network_model.m -
Supplementary Fig. 5g.
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- Supplementary Fig. 7cf.
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Supplementary Fig. 8

- Supplementary Fig. 8d.
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Supplementary Fig. 8f.

sampling_space_based_on_activity/subjective_value_score_extremes.m

Supplementary Fig. 9
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- Fig. 9b,c. circuit_trajectories/changing_space_value_between_trials.m

Exception 1. See neuron_pair_analysis/run_me.m for instructions.

Exception 2. See Cross Correlation Pattern Counts/createPaperFigures.m for instructions.
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Deposited data

Corticostriosomal Circuit Stress Experiment

Friedman et al. (2017)

https://data.mendel
ey.com/datasets/z9j
d8xhj84/1

A decision-space model explains contextspecific
decision-making

This paper

https://doi.org/10.79
10/DVN/SMKWOI

Overview of the model

This paper

https://github.com/d
irkbeck/DM_space
model/tree/main/mo
del_overview

Tests of the model

This paper

https://github.com/d
irkbeck/DM_space
model/tree/main/mo
del_tests

Disorder hypotheses

This paper

https://github.com/d
irkbeck/DM_space_
model/tree/main/dis
order_hypotheses

Instances 2 (sparse connectivity) and 3
(dynamics)

This paper

https://github.com/d
irkbeck/DM_space_
model/tree/main/dy
namic_model_and_
neural_net

Decision-space shifts in a T-maze learning task

This paper

https://github.com/d
irkbeck/DM_space_
model/tree/main/im
portance_and_RPE
s

Day to day differences and disorder comorbidity

This paper

https://github.com/d
irkbeck/DM_space
model/tree/main/da
y_to_day space_s
ampling

Circuit adjustment between trials

This paper

https://github.com/d
irkbeck/DM_space_
model/tree/main/cir
cuit_trajectories
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Analysis of the correlation between cortical | This paper
neurons, FSIs, sSPNs, and mSPNs during
decision-making

https://github.com/d
irkbeck/DM_space
model/tree/main/ne
uron_pair_analysis

Analysis of the functional connectivity of sSPNs| This paper
and mSPNs during decision-making

https://github.com/d
irkbeck/DM_space__
model/tree/main/Cr
0s5%20Correlation
%20Pattern%20Co
unts

Software and algorithms

MATLAB R2021a Mathworks

https://www.mathw
orks.com/products/
matlab.html
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