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Abstract

A hallmark of various psychiatric disorders is biased future predictions. Here we examined the
mechanisms for biased value learning using reinforcement learning models incorporating recent
findings on synaptic plasticity and opponent circuit mechanisms in the basal ganglia. We show
that variations in tonic dopamine can alter the balance between learning from positive and
negative reward prediction errors, leading to biased value predictions. This bias arises from the
sigmoidal shapes of the dose-occupancy curves and distinct affinities of D1- and D2-type
dopamine receptors: changes in tonic dopamine differentially alters the slope of the dose-
occupancy curves of these receptors, thus sensitivities, at baseline dopamine concentrations. We
show that this mechanism can explain biased value learning in both mice and humans and may
also contribute to symptoms observed in psychiatric disorders. Our model provides a foundation
for understanding the basal ganglia circuit and underscores the significance of tonic dopamine in

modulating learning processes.

Introduction

Our ability to predict the outcomes of our actions is crucial in selecting and motivating
appropriate actions. Systematic biases in future predictions or expectations, however, can lead to
maladaptive behaviors, such as those observed in patients with various psychiatric disorders*,
For example, overly negative or pessimistic predictions can contribute to major depression*®,
whereas excessively positive or optimistic predictions may be associated with pathological
gambling, addiction, and mania®*®2 . Despite the importance of understanding the causes of

biased future predictions, the biological mechanisms underlying them remain poorly understood.

Our future expectations and decisions are shaped by experiences of positive and negative events.
The process of learning from outcomes has been modeled using reinforcement learning (RL)
models®*2, where value predictions are updated based on reward prediction errors (RPEs), that is

the discrepancy between received and expected outcomes. In addition to its role in learning,
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recent studies have indicated the importance of RPEs in mood; these studies have suggested that
mood depends not on the absolute goodness of outcomes, but rather on the recent history of

RPES™1,

In the brain, dopamine is thought to be a key regulator in this process of learning from positive
and negative outcomes. The dynamics of dopamine are often categorized into two modes: tonic
and phasic. Tonic dopamine refers to “baseline” dopamine that operates on a long timescale such
as tens of seconds or minutes, while phasic activity refers to transient changes that occur at a
much shorter, sub-second timescale, often triggered by external stimuli'®>~*8. A significant body
of evidence has shown that phasic responses of dopamine neurons convey RPEs and drive
learning of values and actions!’~2°, On the other hand, changes in tonic dopamine might also
modulate value learning, yet whether and how the level of tonic dopamine modulates learning

remain poorly understood.

Previous studies have reported that patients with psychiatric disorders exhibit biased learning
from positive versus negative outcomes. For one, some studies have shown that patients with
major depression have a reduced sensitivity in learning from rewarding events, while their ability
to learn from negative events remains relatively intact'>?!, Similarly, patients with Parkinson’s
disease are better at learning from negative than positive outcomes?>2%, Analysis of these patients
using RL models has suggested that biases in learning can be explained by alterations in specific
parameters in RL models, such as the learning rate parameters or the sensitivity to positive and
negative outcomes. For example, some studies have suggested that anhedonia in major
depressive disorder may correspond to a reduced learning rate from positive compared to

negative outcomes®.

Mechanistically, some of these changes in RL parameters can be linked to altered functions of
dopamine. First, it has been shown that dopamine synthesis capacity, an approximate indicator of

baseline dopamine levels, in the striatum, as measured using positron emission tomography
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(PET), correlates with learning rate parameters?*. Second, dopamine medications can change the
balance between learning from positive and negative outcomes?2242°, Third, responses to
positive outcomes in the nucleus accumbens (NAc), as measured based on blood oxygenation-
dependent (BOLD) signals, are reduced in patients with psychiatric disorders such as
depression?®2° | These observations point to important roles of reinforcement learning processes
and dopamine in regulating value learning. However, the parameters in RL models remain an
abstract entity, and biological processes underlying changes in these parameters are still largely

unknown.

One limitation in most RL models used in previous studies is that they do not reflect key neural
circuit architectures in the brain (but see °-2) nor recent findings on intracellular signaling and
plasticity rules that can constrain how dopamine functions in biological circuits®*%,
Incorporating these key biological factors may lead to better understanding of how changes in
RL parameters may arise in psychiatric disorders. Furthermore, recent studies have found that
the activity of dopamine neurons is consistent with a novel RL algorithm called distributional
RL3-%8, Distributional RL takes into account the diversity in dopamine signals, and a population
of dopamine neurons together encodes the entire distribution of rewards, not just the average.
Although distributional RL has shown to be efficient in solving various RL problems in artificial
intelligence®”*°, how distributional RL can be implemented in biological neural circuits and how

distributional RL relates to biased value learning remain to be examined.

In this study, we sought to identify potential mechanisms that cause biased value predictions
using biologically inspired RL models. To this goal, we first construct an RL model that
incorporates recent biological findings, such as intracellular signaling and synaptic plasticity
rules as well as the basic circuit architecture in the brain®2. Based on this model, we propose two
potential biological mechanisms that can cause optimistic or pessimistic biases in value

predictions. We will then show that some existing data can be explained by one of these models.
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102  Finally, we will show how our model can provide an account of how biases in value predictions
103  arise in psychiatric disorders.

104

105

106  Results

107

108  Basic reinforcement learning algorithms

109  Here we first formulate basic RL algorithms that will become the basis of our later models. In
110  RL, an agent learns to predict the expectation of future rewards associated with a given state, a
111  quantity termed as value!l. For simplicity, we will drop the dependency on time here, but note
112  that the basic results hold even if time is considered (Methods 1.1). Learning of value is driven
113 by RPEs (6), the discrepancy between the actual and expected reward (r and V, respectively)
114  (Eql). To improve the accuracy of the value prediction, RPEs are utilized to update the estimate

115 of V. This is done iteratively by adding a fraction (&) of § (Eq2) where a defines the learning

116 rate.

117

118 S=r—V (1)
119 VeV4a-b )
120

121 When the magnitude of reward r is fixed (i.e., deterministic environment), the value V learned
122 through this algorithm (Eq 1 and 2) converges on r and the RPE converges on zero. When the
123 magnitude of reward r varies stochastically trial-to-trial, the value at convergence fluctuates
124 around the expected value of the reward distribution (see Methods 1) (Fig. 1a) and the RPE
125  around zero.

126

127  Risk-sensitive RL. In the framework called risk-sensitive RL*°, learning rates are defined

128  separately for positive and negative RPEs (denoted by a™, a ™).
129
130 VeVtat -8 if6>0 3)


https://doi.org/10.1101/2023.11.10.566580
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.10.566580; this version posted November 29, 2023. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157

available under aCC-BY-NC-ND 4.0 International license.

VeV4+a -6 if6<0

In the presence of stochastic rewards, when the learning rates between positive and negative
RPEs are different, the value learned through this algorithm (Eq 1 and 3) does not converge on
the expected value, but instead on a value higher or lower than the expected value depending on
the relative amplitude of the learning rates a*, a~. This algorithm, therefore, develops optimistic
or pessimistic value expectations, respectively. This learning algorithm is called “risk-sensitive"
because values of probabilistic (risky) rewards are biased compared to deterministic (certain)
rewards, and, therefore, the agent develops a preference between risky and certain rewards even

when the expected values are the same (Fig. 1b).

Distributional RL. The concept of asymmetric updates has been utilized in a novel RL
framework called distributional RL3%374!, This algorithm allows an agent to learn the entire
probability distribution of rewards, instead of the expected value which is typically the learning
target in traditional RL algorithms (Fig. 1c). In distributional RL, an agent is equipped with a set
of value predictors (V;), where i corresponds to the index of the value predictor (or “value
neuron”). The value of the i-th neuron (V;) is updated based on the learning rates (a;, ;") and

the RPE (8;) for that neuron i:

VL(_VL+a1+61 lf6l>0 (3)
Vi<—Vi+ai_-5i lf6l<0

Similar to risk-sensitive RL, the learned value of each value predictor converges on estimates
larger or lower than the expected value, determined by the ratio between a; and ;.
Mathematically, each V; converges on the ;-th expectile of the distribution (Fig. 1c) where t;

(asymmetric scaling factor) is defined by:
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Asymmetric scaling factor: 7; =

(4)

3]
~+

Expectiles are the solutions to asymmetric least squares minimization and generalize the mean of
a distribution (with the mean being the 0.5 expectile) as quantiles generalize the median (with
the median being the 0.5" quantile)*. Since a set of expectiles can define a distribution, the

diversity of t; across the population enables learning of the entire probability distribution.

Problem. In both risk-sensitive RL and distributional RL, unbalance in learning rate parameters
for positive and negative RPES gives rise to optimistic and pessimistic biases in learned values.
Importantly, however, the underlying biological mechanism regulating learning rate parameters

(a*t, ™) and asymmetry thereof (7) remains unclear.

In the following sections, we will discuss potential biological mechanisms that regulate
asymmetric learning rates (a™, a~). We will first modify the above RL algorithms to incorporate
important neural circuit architectures in the brain. We will then propose two key biological
mechanisms that can give rise to asymmetric learning rates (called Model 1 and 2). We will then

show that our model can explain previous experimental data and psychiatric conditions.

Incorporating biological features into RL models
The above RL models provide algorithmic-level formulations, yet they do not recapitulate
fundamental characteristics of the neural circuits thought to perform RL in the brain*-6. We

next incorporate some of the important circuit and synaptic properties into the model.

In the brain, it is thought that dopamine neurons in the ventral tegmental area (VTA) broadcast
RPEs!’ and modulate synaptic plasticity in dopamine-recipient areas***’. The striatum is the
major target of dopaminergic projections. It has been thought that spiny projection neurons

(SPNs) in the striatum represent values, and dopamine modulates plasticity of synapses on
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185  SPNs33447.48 (Fig. 2a). Under this framework, the value representations in SPNs are updated by
186  dopaminergic RPEs. In most RL models, each value predictor is typically updated by both

187  positive and negative RPEs. If the value is computed based on a weighted sum of some inputs
188  (i.e., using linear function approximation'?), the update rules described above (Eq 3 and 4) are
189  equivalent to performing a semi-gradient descent that minimizes RPEs*! (see Methods).

190

191  The basic architectural assumptions of these RL models are, however, at odds with the RL

192  circuitry in the brain. Importantly, in the striatum, there are two major classes of dopamine-

193  recipient SPNs characterized based on the type of dopamine receptor that they express: D1- or
194  D2-type dopamine receptors (D1R and D2R)*. SPNs expressing D1R and D2R constitute the so-
195  called direct and indirect pathways and exert opposing effects on downstream “output" neurons,
196  with each pathway promoting or opposing a certain output (e.g., movement).

197

198  In addition to the presence of direct and indirect pathways, there are two additional properties in
199  these opposing populations that need to be considered®. First, D1R and D2R have different

200  affinities to dopamine: high in D2R and low in D1R (ECsp affinity constant is 1 uM for D1R and
201 10 nM for D2R)**°, The dose-occupancy relationship of D1R and D2R are sigmoidal but they
202  are shifted with one another with respect to dopamine concentration (Fig. 2b). Importantly, at
203  normal dopamine levels (approx. 50-100nM)°1°2, D2Rs are mostly occupied while D1Rs are
204 mostly unoccupied (Fig. 2b). Although whether the affinities of D1R and D2R differ at the

205  molecular level has been questioned®?, a recent study showed that intracellular signaling through
206  protein kinase A (PKA) in D1- and D2-SPNss is triggered by a phasic increase and a decrease in
207  dopamine, respectively, in behaving animals®®. These results are consistent with (apparent)

208 difference in affinities of D1R and D2R assumed in previous studies*®, although the exact reason
209  for the difference remains to be clarified®.

210

211  The second important property pertains to different learning rules in D1- and D2-SPNs which are

212  predicted from different affinities of the receptors. Consistent with the observed PKA signals in

8
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213  these cells, recent studies have shown that glutamatergic inputs on D1-SPNs are potentiated by a
214  transient increase in dopamine, whereas those on D2-SPNs are potentiated by a transient

215  decrease in dopamine®*** (Fig. 2c), supporting opposing plasticity rules between D1- and D2-
216 SPNs.

217

218  There have been previous efforts to incorporate in RL models the direct and indirect pathways
219  (also called “Go” and “NoGo” pathways, respectively) such as Opponent Actor Learning

220  (OpAL*, OpAL*>*) and Actor learning Uncertainty (AU)%? models. These previous models
221 were developed as Actor-Critic models*!. Here, we will build on the AU model to focus on the
222  problem of value learning and extend it to support risk-sensitive RL and distributional RL. Our
223  model has two separate populations of value predictors corresponding to D1R- and D2R-SPNs,
224  that store the quantities Pi and N; respectively (Eq 6, Fig. 2d). Mimicking dopamine's effect on
225  potentiation, P; or N; will increase their estimates if an RPE is positive or negative, respectively,
226 with the learning rates defined by «;", a; (Eq. 6). Importantly, the value V; can be obtained

227  simply by taking the difference between P; and N;. (Eq. 7).

228

229 D1R-SPN:

230 PieP +a -16|—p-P if6;=0 (5)
231 PP, —B-P, ifé;<0

232 D2R-SPN:

233 N; < N;+a; -|6;| =B -N; if § <0

234 N;«N;—B-N; ifé&>0

235 Value: V; = P, — N; (6)
236

237  where B is a decay parameter which represents synaptic decay in the absence of RPEs. This
238 model (Eq 6 and 7) preserves various essential properties of the previous RL models: (1)
239  learning in P and N can be combined to provide a simple update rule for value V, and (2) this

240  update rule approximates the gradient descent that minimizes RPEs (when £ = 0, the update rule
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241  is equivalent to the gradient descent). Importantly, with g > 0, we can show that these simple
242  learning rules guarantee convergence of value, without the need for additional mechanisms to
243  modulate the learning rates over iterations (Methods 1.3).

244

245  For instance, in a stochastic environment where there is a probability p of receiving a reward of a
246  fixed magnitude r = 1, the stochastic fixed point of the learned value V; (i.e., convergence point)

247  will be defined by Eq 7.

248
Yo p B
_ 1-7;1-p . =
249 V= Titee where ¢ = & a— @
250

251  Note that Eqg.7 contains an additional term C which depends on g and this decay factor g is

252  important to stabilize the P; and N; estimates (avoid infinite increases) (Methods, 1.3.1, Extended
253 DataFig. 1).

254

255  This formulation now provides a mechanistic model suitable for risk-sensitive RL (when there is
256  one value predictor) as well as distributional RL (when there are multiple value predictors),

257  which incorporate the neural circuit architecture and plasticity rules of D1R- and D2R-SNPs
258  found in the brain.

259

260  With this model at hand, we now discuss potential mechanisms that produce an asymmetry in
261 learning rates «;", a; , which, in turn, causes biases in value predictions. In principle, learning
262  rate parameters can be a function of (1) the scaling of RPEs, i.e., the slope of dopamine

263  responses as a function of RPE (), and (2) the scaling of value updates, i.e., the efficacy of

264  dopamine-dependent synaptic plasticity at the level of SPNs. In the following, we discuss each
265  scenario, emphasizing the role of either tonic or phasic dopamine activity in each of these

266  mechanisms (Model 1 and 2, respectively). For simplicity, we will start with a model in which

267 a*,a” are equal for all neurons within both P and N populations, equivalent to risk-sensitive

10
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268  RL. We will then relax this assumption and introduce heterogeneity by allowing «;, a; to vary
269  across neurons, implementing a form of distributional RL.

270

271  Model 1: The role of baseline dopamine in asymmetric learning

272  As discussed above, D1R and D2R have different affinities to dopamine which leads to different
273  levels of receptors’ occupancy at a given baseline dopamine level (Fig. 2b). Crucially, due to the
274  sigmoidal shape of the dose-occupancy curves, the slope of the curve changes with baseline

275  dopamine level, which means that a given dopamine transient leads to a different change in

276  receptor occupancy depending on the baseline dopamine level (Fig. 3a,b). That is, the receptors’
277  sensitivity changes with baseline dopamine (Fig. 3c). In addition, a key consequence of the

278  distinct receptors’ affinities is that an increase and decrease in baseline dopamine will cause

279  opposite changes in the sensitivity of D1R and D2R. Specifically, an increase in dopamine will
280  decrease D1R sensitivity relative to D2R, whereas a decrease in dopamine will increase D2R
281  sensitivity relative to D1R (Fig. 3c,d).

282

283  Building on this insight in Model 1, we postulate that the learning rates for positive and negative
284  RPEs are a function of the D1R and D2R sensitivity, respectively. This is supported by previous
285  studies that have reported that the effect of dopamine transients of a given magnitude in SPNs’
286  plasticity can be modulated by the level of dopamine baseline3. In addition, it has been reported
287  that the level of potentiation in SPNs®3** or plasticity, which are related to intracellular signals®,
288  scale with the magnitude of dopamine transients, keeping all else fixed. These observations can
289  be summarized with the following rule:

290 LTPpy ~ a® - |DApyrst|

291 LTPp; = @™ - [DApausel

292  Where a™, a™ correspond to the receptors’ sensitivities and depend on the dopamine baseline
293  level. This rule can be directly related to the update equations for the P and N populations in our
294 model:

295 AP = a* -|8]..if § =0

11
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296 AN =qa~ - |6]...if § <0

297

298 It can been shown that this learning rule is in agreement with the normative solution for the

299  problem of value learning®* (Methods 1.6).

300

301 Inshort, in Model 1, a shift in the baseline dopamine level causes asymmetries in scaling of the
302  value updates for positive versus negatives RPEs via the modulation of receptors’ sensitivities,
303  which leads to value learning biases. This is a direct consequence of the dose occupancy

304  relationships of D1R and D2R (Fig. 3b-d).

305

306 Model 2: Asymmetric scaling of phasic dopamine responses, inspired by distributional RL
307 In Model 2, we postulate that the learning rates a™ and a~ are a function of the scaling (i.e.,
308 “slope’) of dopamine responses evoked by positive and negative RPEs, respectively:

309 DApyrst =a* -6 ...if §=0

310 DAyguse =™ -6 ...if § <0

311  This is supported by a previous study on distributional RL that demonstrated that individual

312  dopamine neurons vary in terms of how the magnitude of reward responses is scaled as a

313  function of positive and negative RPEs (Fig. 3e)*°.

314

315 Inthe distributional RL framework, individual dopamine neurons vary in terms of their

316  asymmetric scaling factor t; and each of the multiple value predictors (V;) converges on the 7;-th
317  expectile of the reward distribution (Eq. 4). However, in most applications of distributional RL,
318  action selection is still based on the expected value of the reward distribution. Thus, the quantity
319  relevant to action selection can be described using the population level average 7,,puiation, and
320  biased value learning at the behavioral level could arise if T,opu14ti0n 1S higher or lower than 0.5.
321  This can occur from a differential loss of optimistic or pessimistic dopamine neurons. Another
322 possibility is an overall upward or downward shift in the distribution of z; across the population

323  due to, for example, intrinsic factors modulating the gain of dopamine phasic responses.

12
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324

325  Risk-sensitive RL can be thought of as a special case of distributional RL which has only one
326  value predictor. Here, the slope of the average dopamine evoked transient to positive and

327  negative RPEs, may correspond to the population level learning rates for positive and negative
328 RPEs (a™,a™), respectively. If the asymmetric scaling factor 7 is higher or lower than 0.5, value
329  learning will be biased (Fig. 3e).

330

331  Testing for evidence of either model in experimental data

332  Tian and Uchida (2015).

333  We next examined whether Model 1 or 2 can explain empirical data obtained in experimental
334 animals or humans. We first examined the data obtained in mice in our previous study®®. In this
335  study, the authors tested the effect of lesioning the habenula, a brain structure implicated in

336  depression®8, on the activity of dopamine neurons and on reward-seeking behavior. Head-fixed
337  mice were trained in a Pavlovian conditioning task in which odor cues predicted reward with

338  different probabilities (10%, 50%, 90%). After performing habenula (n=5) or sham (n=7) lesions
339  (Fig. 4a), the spiking activity of VTA dopamine neurons was recorded while mice performed the
340  task.

341

342  After lesions, mice exhibited an elevated reward-seeking behavior (anticipatory licking) in

343  response to cues predictive of probabilistic rewards, consistent with an optimistic bias in reward
344 expectation (Fig. 4b, right). Importantly, anticipatory licking gradually increased over several
345  sessions after lesions, suggesting that the optimistic bias developed through learning (Fig. 4b,
346 left). To bring insight into the underlying cause of these biases, we fit two different RL models to
347  the anticipatory lick responses on a trial-by-trial basis (Extended Data Fig. 2), assuming a linear
348  relationship between value predictions and anticipatory licking. These models considered either a
349  change in the sensitivity to rewards (Extended Data Fig. 2b) or asymmetric learning rates

350 (Extended Data Fig. 2¢). This analysis showed that the biases observed in the behavior could be

351  explained by asymmetric learning rates, but not by reward sensitivity because the reward
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352  sensitivity was unchanged in the lesion group with respect to the control group (Extended Data
353  Fig. 2c).

354

355  Dopamine neurons’ responses to reward-predictive cues reflect the increases in value expectation
356  predicted by the cue with respect to baseline. The overall magnitudes of cue-evoked responses
357  were not elevated in lesioned animals compared to control animals (Fig. 4d). However, the shape
358  of the response curve indicated an ‘optimistic’ bias: although in control animals, cue responses
359  scaled linearly with the expected value (i.e., reward probability), the response function of the
360 lesioned animals was convex. In other words, in control animals the response to the 50%-reward
361  cue was not significantly different from the quantity that results from the linear interpolation

362  between the responses to 10%- and 90%-reward cues. In lesioned animals, however, the response
363  to the 50%-reward cue was significantly greater than this quantity, which is indicative of an

364  optimistic bias in value predictions (Fig. 4d, see Methods 1.3.3 for analysis of value predictions
365  curve convexity). Such a change was observed at the level of the population average. Further
366 analysis using individual neurons showed that when calculating a single-cell level metric that
367  compares the 50%-reward cue to the same linear interpolation point, there was a broad

368  distribution in this metric below and above the interpolated point both in the control and lesion
369  groups (Fig. 4e-f). The distribution was, however, shifted in its mean in the lesion group (Fig.
370  4e). These analyses indicated that both anticipatory licking and dopamine cue responses have an
371  optimistic bias as characterized by an overvaluation of probabilistic rewards, without still

372  pointing to the underlying mechanism.

373

374  Model 2 cannot explain the optimistic biases in behavior and cue-evoked dopamine

375  responses after Hb lesions

376

377  In Model 2, an optimistic bias in reward expectation can arise if the average of the asymmetric

378  scaling factor at the population level (,opuiation) DECOMes greater than 0.5 (Fig. 5a,b).

379
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380  To test this idea, we obtained the asymmetric scaling factors (z;) from dopamine neurons based
381  on their outcome responses: for each neuron, we constructed outcome response functions against
382  the magnitude of RPEs (Fig. 5¢, Extended Data Fig. 3a,b). The response functions were obtained
383  based on (1) whether reward was delivered (positive RPES) or not (negative RPES), and on (2)
384  the magnitude of the reward expectation given by the reward probabilities predicted by each cue
385 (0.1, 0.5, 0.9) (Extended Data Fig. 3a,b). We then obtained the point at which the responses are
386  more likely to be below or above baseline (i.e., ‘zero-crossing points”)® (Extended Data Fig. 3c),
387  and computed ;" and a; as the slopes of the responses in the positive and negative domains
388  with respect to this zero-crossing point (Extended Data Fig. 3d), respectively. In both control and
389 lesioned animals, asymmetric scaling factors tiled a wide range between 0 and 1 and presented
390  other signatures consistent with distributional RL*® (Extended Data Fig.4). Nonetheless, although
391 the variance of the distribution of asymmetric scaling factors was greater in lesioned animals, the
392  mean did not change, indicating a lack of bias between a;" and a; at the population level (Fig.
393  5d). This was also the case when the asymmetric scaling factor was derived directly from the
394  population average response (Fig. 5¢). Thus, contrary to the conclusion in our previous study?®,
395 these analyses indicated that changes in reward responses (and the resulting scaling factor t) do
396  not explain the optimistic biases in behavior nor cue responses in lesioned animals (Fig. 5e,f).
397

398 Model 1 can explain the optimistic biases in behavior and cue-evoked dopamine responses
399 by Hb lesion

400 In addition to changes in the magnitude of dopamine RPESs, we observed that the baseline firing
401 rates of dopamine neurons were elevated in lesioned animals (Fig. 6a). According to Model 1, if
402  these changes are followed by an increase in the baseline dopamine levels in the striatum, this
403  should give rise to biased value learning (a™ > a~) and an optimistic bias in value expectation.
404 In this way, this change in baseline firing can explain optimistic biases observed in lesioned

405 animals. However, it remains unclear whether the observed change in baseline firing can result in
406  functionally relevant levels of changes in the receptor occupancies discussed above.

407
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408  To quantitatively predict dopamine concentrations in the striatum and resulting receptor

409  occupancies of D1R and D2R, we used a biophysical model commonly used in the field®

410  (Fig.6a). This model has the firing rate of dopamine neurons as its input, and considers diffusion
411  of dopamine, dopamine reuptake, and D2-autorreceptor-mediated inhibition of dopamine release
412  to predict the dopamine concentration in the striatum (Fig. 6b,e). In addition, it considers the
413  affinities of D1R and D2R to estimate their occupancy levels (Fig. 6c¢,f). After estimating these
414 two variables (dopamine concentration and receptor occupancy), we derived the receptor

415  sensitivities (Fig. 6g-h). The receptor sensitivities were quantified as the slope of the resultant
416  changes in receptor occupancy given the observed baseline and phasic responses of dopamine
417  neurons. We then trained Model 1 using the receptor sensitivities as learning rates (a* and a™)
418  for both control and lesioned animals.

419

420  The biophysical model indeed supported that the observed change in dopamine neuron firing can
421  cause a significant increase in dopamine concentration (Fig. 6e) and in D1 and D2 receptor

422  occupancies at baseline (Fig. 6g). These changes are expected to cause a significant asymmetry
423 in receptor sensitivities favoring D1 receptors over D2 receptors (Fig. 6h-i).

424

425  These receptor sensitivities were directly used as the asymmetric learning rates in a temporal-
426  difference (TD) learning version of Model 1 (see Methods 1.3, 3.3). After training, the model
427  incorporating the predicted asymmetries in learning rates (a*, @) produced optimistic biases in
428  value predictions and in normalized cue responses, similar to those observed in lesioned animals
429  (Fig. 6k-1). The model simulating control animals developed no significant biases.

430

431  Additionally, the overall decrease in the magnitude of cue responses, observed in lesioned

432  animals, was reproduced in Model 1 using TD learning (Fig. 6k). This occurs because TD

433 learning calculates RPEs based on the change in values between before and after cue

434  presentation, and the “baseline” (pre-cue) reward expectation was also increased by optimistic

435  value learning (Fig. 6k). These results, together, indicate that Model 1 provides a parsimonious
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436  account of the data: a change in baseline firing of dopamine neurons, rather than changes in

437  phasic responses, is the likely mechanism that led to optimistic biases in reward-seeking

438  behavior as well as cue-evoked dopamine responses in habenula lesioned animals.

439

440  Model 1 and model 2 play complementary roles in the encoding of asymmetric learning

441  rates

442  Although Model 2 did not explain the optimistic biases in the data in habenula-lesioned mice, the
443  distributional RL version of Model 2 explained other features of the data (Extended Data Fig. 3-
444 4). As mentioned, in both control and lesioned animals, asymmetric scaling factors tiled a wide
445  range between 0 and 1% (Extended Data Fig.4). Furthermore, cue-evoked responses of individual
446  neurons showed a wider distribution than what is expected by noise (Figure 4d). Finally, the core
447  prediction of distributional RL — a positive correlation between the asymmetric scaling factors of
448  the RPE responses of individual dopamine neurons and their zero-crossing points® — was also
449  present in controls and after Hb lesions. Together these results support that the basic features of
450  distributional RL are present in a way consistent with Model 2.

451

452  To complement this analysis, we tested whether Model 2 could have explained the signatures of
453  the data if asymmetric scaling factors (t) derived from dopamine responses were indeed overall
454  biased (Extended Data Fig. 5). As expected from the model’s fixed-point analysis (Methods 1.3),
455  if we imposed a shift in the mean of the distribution of asymmetric scaling factors (i.e.,

456  Tpopuiation > 0.5), the value predictors indeed exhibited optimistic biases (Extended Data Fig.
457  5e,f). However, the model did not reproduce the optimistic bias in cue-induced TD errors

458  observed in the data (Extended Data Fig.5g,h). This is due to an interaction of the biases in

459  prediction at “baseline” (pre-cue) and the cue, together with the optimistic asymmetry in the

460  scaling of the TD errors at cue themselves. Importantly, this was found in both versions of Model
461 2, distributional and risk-sensitive RL (Extended Data Fig. 5a-d and e-h). The difficulty of

462  explaining biased dopaminergic cue responses further makes the Model 2 an unlikely mechanism

463  to explain the optimistic biases in the data.
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Altogether the data supports a model in which the mechanisms of Model 1 and 2 play
complementary roles in the encoding of asymmetric learning rates. The mechanism of Model 2
explains the variability in single neuron responses, consistent with the expectile code in
distributional RL. On the other hand, the mechanism of Model 1 at the population level,
generating asymmetries in learning rates and biases in value expectations, which might require

context-dependent regulation®.

Taken together, the above results suggest that Model 1 and 2 coexist in the brain. This can be

formalized as follows:

where:

where ;" and a; correspond to the asymmetric scaling of dopamine RPEs at the single-cell level
(Model 2) and ap and a, correspond to the asymmetric scaling of synaptic plasticity in D1R and

D2R at the population level (Model 1).

Linking asymmetric learning and baseline dopamine levels in healthy subjects

Cools et al., (2009)%.

There have been very few studies that examined the relationship between baseline dopamine
levels and asymmetry in learning from positive and negative outcomes. As a rare case for such
examinations, Cools et al.?* provided intriguing data in humans. They compared the performance
in reversal learning and the quantity called ‘dopamine synthesis capacity’. Dopamine synthesis

capacity is estimated by injecting the positron emission tomography (PET) tracer
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492  [*8F]fluorometatyrosine (FMT) and is thought to be correlated with baseline dopamine levels®:2,
493  This study found that higher dopamine synthesis capacity was correlated with better learning
494  from gains but not with learning from losses (Fig. 7b). As a result, in reversal learning, subjects
495  with higher dopamine synthesis capacity learned from gains than losses, reported as the ‘relative
496 reversal learning (RRL)’ index in their study (Fig. 7b). This result, thus, provides direct evidence
497  supporting our Model 1.

498

499 In addition, they found that dopamine synthesis capacity predicts the effectiveness of

500  bromocriptine (D2 partial agonist) in altering learning rate asymmetry: bromocriptine’s ability to
501 bias learning from gains over losses (i.e., positive change in RRL) was negatively correlated with
502  dopamine synthesis capacity (Fig. 7c¢). We found that this result can also be explained by Model
503 1. For this, we simulated the effects of bromocriptine with the biophysical model used above,
504  and derived the asymmetric learning rates from the slopes of the D2R occupancy (Fig. 7d,

505 Extended Data Fig. 6a,b) or activation curves (Fig. 7d, Extended Data Fig. 6¢,d). The RRL

506  parameter reported by Cools et al. corresponds to the asymmetric scaling factor t, and is

507 equivalent to (27 — 1) (as described in the Methods 4.1). We then computed what would be the
508 change in this parameter A(27 — 1) induced by bromocriptine (Fig. 7e-f, Extended Data Fig. 6e-
509 ).

510

511  This analysis revealed that by considering the asymmetries in learning rates induced by changes
512 inthe baseline occupancy of the receptors, our model can capture their results in a qualitative
513  manner. Intuitively, the less dopamine there is at baseline, the lower the occupancy of D2R at
514  placebo conditions. This leads to a larger increase in D2R occupancy induced by D2 agonist in
515 low dopamine baseline conditions (Fig. 7d, Extended Data Fig. 6a) and, thus, a larger increase in
516  asymmetry in learning form gains over losses, if D1R occupancy is kept fixed These effects still
517  hold even if we consider, in addition to bromocriptine’s effects in postsynaptic receptors (D2
518 long or D2l), its effect on inhibition of dopamine release via presynaptic (D2 short or D2s)

519  autoreceptors®®®4 (Fig. 7d, Extended Data Fig. 6b). This can be simulated as a decrease in
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520  dopamine level, which leads to a shift in the occupancy curves to the right. Finally, we can

521  consider effect of the partial agonism of the drug, that leads to a lower activation level of

522  receptors even if the occupancy is maximal (Fig. 7d, Extended Data Fig. 6¢-d). Even after

523  considering this last factor, the results remain qualitatively the same as those found in the

524  original study. These results were robust to a relatively wide range of values in the simulation’s
525  parameters (Extended Data Fig. 7, 8).

526

527  Linking psychiatric conditions to baseline dopamine levels
528 Timmer et al., 2018

529  Various psychiatric disorders are characterized by abnormal future predictions or mood. Our

530  Model 1 raise the possibility that an overall decrease in baseline dopamine level in the striatum
531  would enhance learning from negative outcomes over learning from positive outcomes leading to
532  persistent pessimistic future value expectations, a hallmark of depressive-like symptoms (Fig.
533  3a,b). A piece of evidence supporting this in the human literature is the greater learning rates for
534  losses over gains in patients with Parkinson’s disease (PD)??, its comorbidity with

535  depression?®° that can precede the PD diagnosis®®’, and the reports of decreased dopamine

536 transporter binding in the ventral striatum in depressed PD patients compared to non-depressed
537  PD patients®5°,

538

539 In addition, the progression of dopaminergic axonal loss in PD is topographically unbalanced:
540  the axonal loss is more prominent in the dorsal striatal regions’ than in the ventral ones. This
541 leads to uneven dopamine baseline levels across the striatum that would interact with the global
542  increases in dopamine induced by dopaminergic medications in PD patients. We hypothesize that
543  abehavioral readout of the degree of this unevenness might be the presence or absence of

544 depression as a comorbidity: patients with depression might have lower dopamine levels in the
545  ventral striatum. Thus, if indeed baseline dopamine levels are correlated with depression, this
546  comorbidity could be predictive of the effects of PD medication.

o547
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548  We examined a previous study that provided evidence for this hypothesis . Here, PD patients
549  with and without depression history were tested in a gambling task, under presence or absence of
550 medication (‘ON’ and ‘OFF’ medication states). The authors fitted a ‘loss aversion’ parameter to
551 the behavioral performance, which is equivalent to 1 — 7 in our model, under some assumptions
552  (Methods). Their results were consistent with our model predictions. In the OFF-medication

553  state, there was a (near-significant) main effect of depression group (with or without depression)
554 on the learning rate asymmetry: patients with a depression history tended to be more loss averse
555  than nondepressed patients (P = 0.052). This is consistent with a decrease of dopamine levels in
556  the ventral striatum and thus a regime of a* < a~ in value learning. Importantly, in the ON-
557  medication state, the medication effects on the asymmetry in learning rates were predicted by the
558  degree of severity of depression: patients with larger depression scores exhibited greater drug-

559  induced decreases in loss aversion (Fig. 7g), which would correspond to an increase in T =

+

560

o in our model This is consistent with our Model 1: higher degrees of depression might be

561 correlated with lower levels of baseline dopamine, making the D1R sensitivity more susceptible
562 toan artificial increase in baseline dopamine with L-DOPA medication (Fig. 7h; further details
563  discussed in Methods).

564

565

566  Discussion

567

568 A hallmark of various psychiatric disorders is overly optimistic or pessimistic predictions about
569 the future. Using RL models, we sought to identify potential biological mechanisms that give rise
570  to biased value predictions, with a particular focus on the roles of phasic versus tonic dopamine.
571  Our results demonstrate that variations in tonic dopamine levels can modulate the efficacy of
572  synaptic plasticity induced by positive versus negative RPES, thereby resulting in biased value
573 learning (Model 1). This effect arises due to sigmoidal shapes of the dose-occupancy curves and

574  different affinities of dopamine receptors (D1R and D2R); alterations in the tonic dopamine level
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575  result in changes in the slope of the dose-occupancy curve (and thus, sensitivity) of dopamine
576  receptors at the baseline dopamine concentration. We show that this mechanism offers a simple
577  explanation for how changes in tonic dopamine levels can result in biased value learning in a few
578  examples of value learning in mice and humans. Additionally, we show that this mechanism may
579  underlie symptoms of various psychiatric and neurological disorders. Although altered phasic
580  dopamine responses could have been a natural suspect as a candidate mechanism for biased

581  value learning®"®, our study provides a novel mechanism; the interaction between tonic and

582  phasic dopamine can give rise to biased value learning, even when phasic dopamine responses
583  remain relatively unchanged.

584

585  The impact of properties of dopamine receptors on reinforcement learning (RL)

586  Our results highlight the importance of considering properties of dopamine receptors and neural
587  circuit architecture (i.e., direct and indirect pathways) in RL models. Based on different affinities
588  of dopamine D1 and D2 receptors, it has been proposed that D1- and D2-SPNs play predominant
589  roles in learning from positive and negative dopamine responses®>’27>, In support of this idea,
590 recent experiments have demonstrated that PKA signaling in D1- and D2-SPNs is primarily

591  driven by a phasic increase and decrease of dopamine, respectively®. Furthermore, LTP-like
592  changes in D1- and D2-SPNs are triggered by a phasic increase and decrease of dopamine,

593  respectively®*3* These recent pieces of evidence suggest that these plasticity rules are a basic
594  principle of the RL circuitry in the brain. Here we explored the properties of this RL model and
595  found the impact of the shape (slope) of receptor occupancy curves and showed that the tonic
596  dopamine levels can modulate the relative efficacy of learning from positive versus negative

597 RPEs.

598

599  One assumption in our model is that after a change in the tonic dopamine level, intracellular

600 signaling reaches a steady inactive state, and it is the change in receptor occupancy that matters
601 for inducing synaptic plasticity, rather than the absolute level of receptor occupancy reached

602  during phasic dopamine responses. We note that absolute level might also contribute, yet it is
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603  expected that an increase or decrease in absolute occupancy levels will cause effects in the same
604 direction as the effects of relative change that we explored in this study.

605

606  Additionally, our model, which incorporates the new plasticity rules, the opponent circuit

607 architecture and properties of D1/D2 dopamine receptors, provides insights into the basic design
608 principle of the brain’s RL circuit. It should be noted that the dose occupancy curves were

609 plotted as a function of the logarithm of dopamine concentration, which makes the occupancy
610  curves into sigmoidal shapes (Fig. 3, Extended Data Fig. 9). This logarithmic scaling is

611 important in two ways. First, considering two sigmoidal curves for D1R and D2R together, the
612  curves are approximately symmetric around the normal baseline dopamine level (Fig. 3a,

613  Normal). Second, logarithmic scaling means that a fold-change in dopamine concentration will
614 lead to the same leftward or rightward shift in these plots. It has long been argued that signaling
615 of RPEs by dopamine neurons is curtailed by the fact that dopamine neurons have relatively low
616  firing rates (2-8 spikes per second), and inhibitory responses of dopamine neurons tend to be
617  smaller than excitatory responses’®’’. Importantly, if we consider logarithmic scaling of

618  dopamine concentration, the problem of this asymmetry is substantially mitigated (Extended
619 Data Fig. 10). For example, with the baseline firing of 6 spikes per second, a phasic increase to
620 18 spikes per second and a phasic decrease to 2 spikes per second will cause the identical fold-
621  changes in spiking (i.e., 3-fold changes in both directions), which would lead to a similar fold-
622  changes in dopamine levels (Extended Data Fig. 11) and similar percent increase and decrease in
623  receptor occupancy in D1R and D2R, respectively (Fig. 3a). Consequently, the system achieves
624  symmetry in its response to positive and negative dopamine responses of observed magnitudes.
625

626  This may help understand why the basal ganglia circuit employs the opponent circuit architecture
627  inthe first place. In the model used in the present study, the value is encoded as the difference
628  between the activity of D1- and D2-SPNs (V = P — N)%. We propose that this opponent circuit
629  architecture, together with the logarithmic scaling of dopamine concentration, allows the system

630 to effectively learn and encode both positive and negative values, which are contributed by the
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631  increase of firing in D1- and D2-SPNs, respectively. This would allow to expand the dynamic
632  range of value coding, without requiring high baseline firing rates. Thus, at the normal dopamine
633  baseline, learning from positive and negative dopamine responses is well balanced. When the
634  tonic dopamine level deviates from the normal level, however, then the symmetry is broken and
635 value learning becomes biased, as explored in the present study.

636

637  The role of tonic dopamine levels in psychiatric disorders

638  As mentioned above, our modeling results provide an account for biased value predictions

639  observed in various psychiatric and neurological conditions. For one, our model provides a link
640  between findings in depressive-like states in animal models and the value learning biases

641  exhibited by humans.

642

643  Inarodent model of depression, it has been reported that spontaneous activity of dopamine

644  neurons is decreased’® (but see’®). In addition, decreased spontaneous firing of dopamine

645  neurons has been observed as a result of chronic pain-induced adaptations that correlate with
646  anhedonia-like behavior®!. Furthermore, maternal deprivation, which increases susceptibility to
647  anhedonia, led to an upregulation of D2R expression in the VTA®, which is expected to decrease
648  the excitability of dopamine neurons via its autoreceptor function. Finally, chronic

649  administration of corticosteroids, a method to mimic anxiety and anhedonia-like states, results in
650 an increase in somatodendritic dopamine concentration which then decreases dopamine

651  excitability via D2R hyper-activation®. These results of decreased dopamine excitability

652  correlated with anhedonia-like states are consistent with findings of increased burst firing of

653 lateral habenula (LHb) neurons®® and potentiation of glutamatergic inputs onto the habenula® in
654  depression models. This is further supported by reports that depressive-like behavioral

655  phenotypes can be ameliorated by optogenetic activation of dopamine neurons®* and the anti-
656  depressant effects of ketamine might be mediated by the inhibition of bursting in the LHb%®

657
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658  The mechanism by which a broad change in dopamine excitability could lead to depressive-like
659  states remains to be revealed. Just by assuming that a decrease in spontaneous firing leads to a
660  decrease in baseline dopamine level in the striatum, our model readily predicts that learning from
661  negative outcomes will be emphasized over learning from positive outcomes (Fig. 3a,b), as has
662  been reported in some studies of patients with major depressive disorder (MDD). In addition,
663  RL agents learning in these conditions exhibit enhanced risk-aversive behavior, pessimistic

664  outcome expectations, and increased sensitivity to losses compared to gains, all of which are
665  signatures of depressive-like conditions'>?1858¢  This contrasts with findings of increased

666  dopamine synthesis capacity in pathological gambling patients®”, who show the opposite

667  behavioral signatures®.

668

669  An additional line of research relevant to our proposal is PD patients and pathological gambling
670 asacomorbidity. Previous work has emphasized the interaction between the degree of

671  dopaminergic loss and the effects of PD medications®°°, which can sometimes result in the

672  development of addictive disorders such as pathological gambling. As mentioned, the loss of
673  dopaminergic axons in PD patients has been reported to happen predominantly in the dorsal

674  regions of the striatum. Thus, at the onset of the motor impairment symptoms, which is when
675 L-DOPA medication tends to be prescribed, dopamine level is expected to be low in the dorsal
676  striatum while it might be relatively intact in the ventral striatum. This can lead to ‘overdose’ of
677  dopamine by medication: while L-DOPA might take dopamine levels in the dorsal striatum back
678 to its original set-point, it might cause an ‘overdose’ in the ventral striatum®*°%, Our model

679  predicts that this overdose would lead to decreases in D2R sensitivity relative to D1R. Assuming
680 that the ventral striatal regions have a dominant role in value learning, this would result in

681  excessive optimistic expectations and risk seeking, two key behavioral features of pathological
682  gambling and addictive disorders. We provided indirect evidence for this hypothesis; future work
683  should directly test these predictions.

684
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685 It should be noted that we did not consider changes in dopamine receptors density, which have
686  also been related to value learning biases®? and psychiatric conditions®®. Future studies should
687  explore the influence of this additional factor in the encoding of asymmetric learning rates (i.e.,
688 (&, a;).

689

690 Tonic dopamine as a modulator of ‘mood’

691  Mood refers to a person’s emotional state as it relates to their overall sense of well-being.

692  Although the exact neural substrate of mood remains unknown, recent studies have indicated that
693  mood reflects not the absolute goodness of outcomes but rather on the discrepancy between

694  actual and expected outcomes in recent history*®!4, That is, mood depends on the cumulative
695  sum of RPEs that occurred recently3. It has also been proposed that mood, in turn, affects the
696  way we perceive and learn from positive and negative outcomes (RPEs)*3.

697

698  Our model provides a unified mechanism for these two aspects of mood; both subjective feeling
699  of mood and biased learning from positive versus negative outcomes can arise from changes in
700 baseline dopamine levels which can be modulated by recent history of phasic dopamine

701  responses. It was proposed that this history dependent modulation of learning is an adaptive

702  mechanism that allows organisms to adapt quickly to slow changes in environments based on the
703  “momentum” of whether the situation is changing in a better or worse direction on a slow

704  timescale (e.g. seasonal change)'®!4. The models presented in the present study may provide

705  mechanistic insights into such mood-dependent modulation of learning and perception.

706

707  Neural circuits for distributional reinforcement learning (RL)

708  We examined the possibility that optimistic biases in reward seeking behavior and dopamine cue
709  responses observed in habenula-lesioned mice can be explained by Model 2, either based on risk-
710  sensitive RL (the average response) or distributional RL (responses of a diverse set of individual
711  dopamine neurons). We did not find evidence supporting this possibility. However, the present

712 study makes two important contributions with respect to distributional RL. First, we can show

26


https://doi.org/10.1101/2023.11.10.566580
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.10.566580; this version posted November 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

713  that our model, which incorporated direct and indirect pathway architecture, can support

714  distributional RL (Extended Data Fig. 12, 13). It would be interesting to examine what additional
715  features and functions could be gained by having this opponent architecture. Second, we largely
716  replicated the previous results® using an independent data set. That is, the signatures of

717  distributional RL were present in this data set (Extended Data Fig. 3-4), and dopamine cue-

718  evoked responses did show an optimistic bias. This provides further evidence for a distributional
719  code in dopamine neurons, and shows that there is an overall elevated distributional

720  representation in dopamine cue responses in habenula lesioned animals.

721

722  Concluding remarks

723  Taken together, our biologically inspired RL model provides a foundation to link findings in the
724 brain and formal models of RL. Our work highlights a causal impact of baseline dopamine on
725  biasing future value predictions, which may underlie mood and some abnormalities observed in
726  psychiatric patients and could be used to regulate risk sensitive behavior.

727
728
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729  Methods

730 1. Reinforcement learning model

731  Here we provide formal definitions and the framework of reinforcement learning used in this study. We
732 have focused our model formulations to the problem of prediction, in which an agent learns to predict the
733 value function?t. The problem of control (the problem of how an agent selects and executes actions) is not
734  considered. In RL, an agent’s objective is to maximize the total cumulative rewards. It does so by learning
735  the value associated with each state in an environment. For now, we will develop the model dropping the

736  dependency on time within each episode. Here, the target to learn is the value function as defined by
737 V(s) = E[r®[s™ =]

738  Where r™ is the reward experienced in the episode n (i.e., trial) of visiting state s;. Learning of V(s) is

739  driven by reward prediction errors (RPEs, &), the discrepancy between the actual and expected reward:
740 M =rM _y(s)

741  The value is updated for the experienced state according to:

742 VD () « VW (s) + a - 6™

743  This is also known as the Rescorla-Wagner (RW) delta rule®. The reward in each trial is sampled from a
744 reward distribution specific to a given state: 7™ ~R(s;). With the learning rule above, the value

745  converges on the expected value of this reward distribution. This can be shown with a stochastic fixed-
746  point approach; the convergence point is derived by obtaining the value of V (s;) at which the change in

147  V(s;) from trial n to trial (n + 1) is expected to be zero (i.e., is zero on average):

748 E[VD(s) —v™(s)] =0
749 E[a-6™] =0

750 Ela- r™ —V(sp)] =0
751 a-E[r] —a E[V(s)] =0
752 E[V(s)] = E[r]

753 V(s = E[r:]
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Where V*(s;) is the stochastic fixed-point: the value around which V (s;) is expected to fluctuate after

learning and corresponds to the learning target above.
1.1. Temporal difference learning

Now we will consider time and extend the models to the temporal difference (TD) learning framework™.
Dopamine responses have been shown to present key signatures of TD errors®®. Therefore, TD learning

models allow us to directly link the model variables to dopamine neural responses.

We can derive TD learning by defining a different environmental structure and learning objective. We
start by considering arbitrary states (s;), which transition at each time step following a Markov process,

and at each time step the agent samples a random reward from a probability distribution r.~R(s;).

The learning objective is now the value of a given state V (s;) defined as the expected cumulative sum of
all future rewards starting from state s. Rewards are discounted by a constant discounting factor (y, with

0 <y < 1) each time step. The expectation is taken over stochastic state transitions and sampled rewards:

V(se) = E[re + ¥res1 + V¥Teuz + V37e3 st = S}

Where s, is the state at time t, r; is the reward sampled at time t and V (s;) is the value of the state s;.
Since the environment and transitions are assumed to follow a Markov process, the equation above can be

rewritten in a recursive manner. This is known as the Bellman equation®! :
V(se) = E[ry +v - V(ser)lse = S]

The agent approximates the true value V (s;) with a learned estimate ¥ (s,). With this approximation,
before learning converges, the estimates for the left- and right-hand sides are not equal. Thus, after
sampling a reward r.~R(s;) from the environment, the difference between the two terms in the Bellman
equation represents the error in value prediction, called the temporal difference reward prediction error
(TD RPE, & below),

Se =14y V(sesr) = V(se)
With a as the learning rate, the updates for the value estimates are:
V(St) < V(St) +a-d;
With this definition, the TD RPE contains the difference between the estimated value of states evaluated

at consecutive time points. If we fix the discounting factor to be y = 1, then y - V(s.11) — V(s) is the
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781  temporal derivative of the value function. As a result of this property, unexpected increases and decreases

782  invalue result in positive and negative transient changes in TD RPE, respectively®.
783  If dopamine responses encode TD RPEs, then cue-evoked responses can be formulated as:
784 Ocue =V - v(scue) - I’/\(Sb)

785  Where 8., is the TD RPE induced by the cue, V(s;) is the value prediction at baseline and V (s, ) is
786  the value prediction elicited by the cue (which reflects the expected value predicted by each trial type). As
787  the V(sp) is the same across all trial types and represents the average value predictions across them, then
788 6.y is dominated by the expected value of each trial type. This is a useful feature that we used in our

789  simulations for the habenula lesion experiment.
790 1.2. Distributional TD learning

791  In Results, we used a distributional TD learning model to test whether the subtle changes in the
792  distribution of asymmetric scaling factors observed after lesions could lead to the observed changes in cue

793  responses after learning.

794  Indistributional TD learning, our learning objective is the entire distribution over cumulative discounted
795  future rewards, instead of the value defined above®3"3, We will call this the return distribution, Z(s;).

796  We can thus write an analogue of the Bellman equation, the ‘distributional Bellman equation’:

797 Z(st) = R(st) +v - Z(St41)

798  The target to learn in distributional TD is now V;(s;) that minimizes for the expectile regression loss:
799 Vi(se) = argminE[(Z(s) = )2 - (7 = Lz(sp-vy<o)]

800  Where Z(s,) is a random variable, representing the return distribution, and 1, is the indicator functions
801 thatisequal to 1 if the condition in the subscript {f := (Z(s;) — v) < 0} is met, and 0 otherwise.

802  Minimizing the expectile regression loss makes V;(s,) to converge on the T expectile of the return
803  distribution®.

804  The target is learned by taking samples from the estimated return distribution® Z(s,,, )~Z(s;4,) and

805  from the reward distribution r:~R(s;), to compute the TD error:

806 Oit =1+ v 2(Se1) — Vi(s)
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Note that Z(s;41 ) is random so the TD error is also random, and &; ¢ # 1. + ¥ - Vi(s¢41) — Vi(se). For

more information regarding the sampling method employed in the simulations see Methods Section 3.3.

In addition, the updates are performed with different learning rates (a;", a;") for positive and negative &;.
This asymmetry in the weighting of the errors used to update V;(s;) is essential to minimize the expectile

regression loss.
Si,t = a;'- * 6i,t s 1f6l,t > 0
8i,t = al_ . Si,t lf8l,t < 0

The reliance on a single sample for Z(s;.., ) suffers from high variance. Therefore, for performing the

updates we average across a set of M updates, each depending on a single sample J; ;.

M

E[AV;(sp)] = 2 8ij - s, ;<0 + & - 81 1s, >0
j

Vi(st) < Vi(se) + E[AVi(sp)]
This learning rule will asymptotically converge to the z;-th expectile of the return distribution®.
1.3. TD learning with D1 and D2 populations

It is straightforward to extend the TD learning algorithm to have separate populations for D1 and D2
SPNs*2, We employed this model to derive dopamine cue responses with Model 1 (Fig. 6i). In this model,
the same computation of TD RPE of standard TD learning is still used. Yet, this model differs in the

updates and computation of 7 (s,).

As mentioned previously, the updates in the P; and N; populations happen exclusively with positive or

negative TD RPEs, respectively:
N(se) « N(s) +a™ - 16| — B - N(s¢) ...if 6, < 0

Where a* and a~ are the learning rates for the P and N populations, that we postulate is modulated by
baseline dopamine levels. The variable g € (0,1) is the decay factor, which we keep constant throughout

the simulations and serves to stabilize P(s;), N(s;).

The computation of value estimate V(s,) is given by:
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832 V(se) = P(s¢) — N(s¢)
833  1.3.1. Convergence of risk sensitive TD learning

834  We now discuss the convergence of the proposed TD learning algorithm with D1 and D2 populations.
835  This analysis builds on the work in risk-sensitive reinforcement learning “° and the already established
836  results of convergence for stochastic iterative algorithms (e.g., TD learning) (Bertsekas & Tsitsiklis,
837  1996%, Proposition 4.4, p. 156) .

838  Theorem: The results by Bertsekas & Tsitsiklis (1996)% establish that, given a sequence r; €
839  R™ generated by the iterative algorithm:

840  ani1(s) = (1= 0n(5))an(s) + on(s)((Hap)(s) + wp(s)) Vsel..mEq.l

841  The variable a,, converges to the unique solution a* of the equation: Ha* = a* with probability = 1,

842  assuming the following conditions are fulfilled:

843 1. The step sizes o;(i) are non-negative and satisfy:
844 Zan(s)=ooVsel,...,m
n=0

845 zan(s)z <o Vs€El,..m

n=0
846 2. The noise term w,, (s) satisfies:
847 - Elw,(s)|F,] = 0V s,n, where F,, denotes the history of the process up to and including time
848 stepn
849 - Given any norm ||-|| on R™ there exist constants A and B such that: E[w2(s)|F,] < A +
850 Bllnll*> Vs,n
851 3. The mapping H is a maximum norm contraction (see below for definition)

852  To prove convergence, we will first discuss the case of risk-sensitive TD learning following “° and then

853  discuss TD learning with D1 and D2 populations.
854  We define the risk sensitive TD-learning rule as:

855 () «Vy_1(s)+o- XT(6sn_1,sn)
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Where:
Os, 1sn =Tn-1n+t7V" Vin-1(sn) = W (sn-1)
The step index isn € 0, ..., 00
The step size o is kept constant across iterations.
For simplicity in calculations we follow *’ and make use of the operator XX with K € (—1,1)
X¥x)=1-K)-x if x>0
XKx)=(1+K) x Lif x <0

It is simple to show that the asymmetric scaling factor used in this paper is a scaled version of

the operator. Thatis: 7= 0.5(1—K) and1 —17 = 0.5(1 + K).

In addition, as in *°, given that the function X*(x) is piece-wise differentiable we can apply

the mean value theorem to show that for each pair of numbers (a, b) there exists a €, €

[1—|K[,1+ |K][], such that: £, p, x = w . This relationship will become useful in

the future.
We will re-format the update rule to better match the iterative algorithm above:
Adding and subtracting ¢ I7”‘1(5)/0(
T(s) « (1= 9/g) Vs (5) + %/ (@ X7(po1) + Vs (5))

Defining an operator that will become useful:

TaxVI(s) =V(s) + a- Z pij - XX - 835
ijes

Defining the noise term as:
Wn—1(8) = Vg () + a - XK(5sn_1,sn) - Tal([]?n—l](s)
Then our update rule above becomes:
T(s) « (1= %/)V_s(8) + %/ (Tarc[Vnea ] (8) + w1 (5))
The formulation above can be directly compared to the one of stochastic iterative algorithm theorem

(Eq.1) , and now we can check whether the conditions for convergence are met.
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880 1. The conditions for the learning rate, are a direct consequence of our choice of the parameter
881 which is a constant in our model and 0 < a < 1.

882 2. It has been shown that showed that the conditions for the noise term w,,_;(s) as formulated
883 above are satisfied?0.

884 3. Finally, the operator T, [V](s) is a contraction mapping as also shown in Bersekas (1996)%0,

885  Therefore, the variable 1, converges to the unique solution V* for which:

886 V*: aK[V*]=V*+aZpUXK6U
i,jJES

887  We elaborate now on the proof for the contraction mapping of the operator 7,,.[V](s), as this will be
888  useful for the proof of the D1 D2 TD learning model.

889  Definition of contraction mapping. Let (X, d) be a metric space (a set X, with a notion of distance, d,
890  between points). A mapping 7: X — X is a contraction mapping if there exists a constant c:0 > ¢ > 1
891 suchthatforallx € X :

892 d(T[x;], T [x]) < ed(x;, x7)
893  That s, a contraction mapping maps points closer together.
894  Elaborating now on the operator 7,,.[V](s) and using || as our distance metric:

895 | Tok[V1l(®) — Tok V21D

896 = V() +a- Z py - XK (1 + v i) = i) = Vo) + @
ijes
897 DT LN (FEFAAOEAAG)
ijes
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898 | Tox[V11() — Tax [V21(D)

899 = [V, () = (D)
900 ta ) py (X7 4y D =1 @) = X7 (1 47 120D - 10))
i,jes

901  Using the relation defined above &, ,, x - (a — b) = XX (a) — XX (b)

902 | Te VA1 (D) = Te V1 D)
903 = @O =0 +a Y by vk ((AD = 1) = (B0 - V()
i,JES
904 | TaK [Vl](i) - TaK [VZ](i)l
905 =[|1-«a Z Pij - Evivpk |- (Vi) = V2 (D)
i,JES
906 + Z Pij Evy vk (V( i) -V, (i)))

i,jES

907

908 Giventhat €,k € [1 — |K|, 1+ |K]|] and assuming a € (0, (1 + |[K])™1):

909 1 —-a- Z pU * ng,VZ,K > 0

i,jes

910  Taking this term outside the | - | and rearranging:

911 | Tar V310 = Ter VIOl = | 1= A =10 Y piy - vy || (4D = 1)
i,jES
912 | T VA1) = Tk V1D = ¢ - | (i () = V2(D)|
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913  Where the term:

914 c=|1—-a- (1 - Y) ’ Z pij - £V1,V2,K

i,jes
915  To get the upper boundary of ¢ we use the minimum value for the sum, where &, x = 1 — |K| Vi, j €
916  S. And use the assumption that @ € (0, (1 + |K])™1):

917 c<(Q—a-1-y)-1-1KD

918 (lzin})c=(1—a'(1—y)-(1—|l(|)=1

919  To get the lower boundary of ¢ we use the maximum value for the sum, where &, x = 1 + |K| Vi,j €
920  S. And use the assumption that @ € (0, (1 + |K])™1):
921 cz2(1-a-1-y)-A+1K)

922 c=A-A+IKDTT-A=-p)-QA+IKD)=y

lim
a-(1+|k)~1

923  Therefore:y <c <1

924 |Ter VA1(D) = T V21D < ¢+ |(a (D) = V2 (D))

925  And the operator 7. [V](s) is a contraction mapping, under the condition « € (0, (1 + |K|)™1)
926  1.3.2. Convergence of TD learning with DI and D2 populations

927  We define the D1-D2 TD-learning rule as:

928 V() « Vnq () +a- X7(8s,_, s, ) — BVn-1(5)

929  Note this update rule is analogous to the risk sensitive TD learning rule except for the last term that

930  emerges from the decay factor in the P, N populations of our model.
931  Performing the same re-arrangement as above we reach:
932 V() « (1 =9/)Vn1(5) + /g (@ X7 (8p-1) + Vnos(8) — @+ BVp1(s))

933  We define a new operator 7', [V](s) :

934 T V1) = A —a-B)-V(s) +a- Z pij - XK -8,

i,jES
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935  And the noise then is defined as:

936 Wn-1(8) = @+ XX(8s,_y5,) + Vnoa(8) =@ B+ Vg (8) = T o [Vn-1] (5)
937  The update becomes:

938 T(s) « (1= %/)Vns(8) + %/ (T ate[Vaea] (5) + w1 (5) )

939  The noise term reduces to the same expression as the one of TD learning, and so it fullfils the
940  requirements for the theorem of stochastic iterative algorithms. We will now test whether the operator

941  T7',k[V](s) also represents a contraction map.

942 | TaK [Vl](i) - TaK [VZ](i)l

943 =@+ a Y py XK (g + W) = WD) - RO + V() +a
i,JES
944 : zpij'XK'(Ti,j+VV2(i)_V2(i))_a'.8'Vz(i)
i,JES

945 | Tak[V1l(®) — Tok [V21 (D)

946 = i@ = Vo) = @ - B (D) = Vo (D)
947 vy vy (X7 (g + YR =) = X7 (1 + 7 120) - R 0))
i,JES

948  Using the relation defined above £, ;, x - (a — b) = X*(a) — X*(b)

949 | T V2O — Tar V21O

950 = 1 —ap) - (1)~ V2(0)

951 +a ) py-Err (r(HG) - 120) = (MG —1,0))
i,jJES
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952 | Tox[Vil() — Tax [V21(D)

953 =(l1-a-B-a Z Dij - Ev, ik Y Z pij vk | (Vl(f) - Vz(i))
i,JES i,jES
954 | o VA1) — T V21D = ¢ - |(Va () — Vo (D)

955  Where the term:

956 c= 1—(1'3—0('(1_)/)'Zpij'ng,Vz,K

i,jES
957  To get the upper boundary of ¢ we use the minimum value for the sum, where €y, x = 1 — |K| Vi,j €
958 S, and use the assumption that « € (0, (1 + |K])™1):
959 c<l—a-B—a-(1—-y)-(1—-|K)
960 lirr(l)cz1—a-ﬂ—a-(1—y)-(1—|K|)=1

a—

961  To get the lower boundary of ¢ we use the maximum value for the sum, where &, = 1 + |K| Vi,j €
962 S, and use the assumption that a € (0, (1 + |K])™1):
963 cz(A-a-B—a-(1-y)-(1+]|K]

964 c=QA-QA+IKD™THB-Q+IKDT Q- - A+IKD=y—-Q+I[KD"-B

lim
a-(1+|K)~1
965  Given that we want ¢ = 0 we can find the parameter ranges to achieve this:

966 c=y—(1+IKD)1- =0

967  Giventhat: K € (—1,1), we use the minimum value of |K| = 0 to find the limit of c:
968 |11(1|11100= y=~8

969  So the condition y > B needs to be present to keep: 0 < ¢ < 1.

970  Under these conditions, the operator 7', [V](s) also represents a contraction map.
971 17" axc VA1) = T [V2] D] < ¢ - |(h () = V2 (D)

972  Stochastic fixed point for the value estimate:
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Having shown convergence of the algorithm, we will now derive the convergent points for our algorithm
using stochastic fixed points. For clarity, we estimate the stochastic fixed point dropping the dependency

on time.

If learning between P and N is symmetric a* = a~ = a. We derive the convergent estimate of V (s;)
with a fixed-point approach. First, we subtract the P and N update equations, to arrive to the update in

the V(s,) between the (n) and the (n + 1) update:
VO (s) « VM (s) +a- 6™ — B - T (s)

Where the superscripts indicate the iteration number. We can now derive the stochastic fixed-point
for V(sp):

E[0 D (s) — V()] = 0
E[a M _p. V(")(si)] =0
E [a . (r(”) — V(si)) - V(")(si)] =0

a-E[r]—(a+pB)- E[V(si)] =0

E[V(s)] = aaTﬁE[r]

Where V* = E[V(si)] is the value around which V(s;) is expected to fluctuate after convergence.

Throughout this study, we have manipulated the learning rates between P and N to be asymmetric a™ #

a~ or, equivalently, T # 1 — . We can find the stochastic fixed point for this more general case:
E[P ™+ (s;) = P (s)] = 0
E[z-[6™] 1550 = (1 =)+ [§®] - 1500 = - V™ (s)] = 0

To take the expectation we use the definition: E[X] = Y., p(x;) - x;. For a Bernoulli distribution, p(x;)

takes two values:
e p(x;) = pifreward is delivered and, thusr = 1, §; > 0,

o p(x;) = (1 —p)ifreward is not delivered and, thus r = 0, §; <0,
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997  Therefore, we can resolve the expectation and expand the RPEs:
998 E[t- 6] 1550 — (1 —17) - |[6™] 1500 — B - VW (s)] =0
999 T-E[|r = V(s)| - 1os0] — (1 —7) - E[|-V(sy)| - 1s<0] — B - E[V(s))] = 0

1000  Taking the absolute values:

1001 |r — V(si)| =r—"V(s;) .. if (r — V(si)) >0
1002 |-V (s = V(s) . if (=V(s)) <0
1003 -E[(r = V(1) - 1550] = (1 = 1) - E[V () - 15c0] = B - E[V(s)] = 0

1004  Replacing stochastic fixed point: E[V(st)] = V* and taking the expectations:
1005 B-V=1p-(r=V)—-(1-17)-1-p)-V*
1006  Rearranging and isolating VV*, we obtain:

_t ._p_
1-7 1-p

_t P
=z T+ 1+

'r

1007 V=

B
1-79-(1-p)
1008  Stochastic fixed point for P and N populations:

1009  We have mentioned that the decay term (B) in the update equations serves to stabilize the estimates of the
1010 P and N populations (i.e., avoid infinite increases). We can observe the influence of g by computing the

1011  stochastic fixed points for these variables.

1012  For the P population:

1013 E[PT(s,) = P™(s)] = 0

1014 E[t-|r —V®(s)| 1550 — B P™(s)] = 0
1015 pt-(r—-V)=p-P"=0

1016 p* =%-(r—V*)

1017  Similarly, for the N population:
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1018 E[N®*D(s,) = NM™(s)] =0
1019 E[(l -17)- |_V(n)| 1sco— B - N(")(st)] =0
1020 1-p-A-7)-V"=B-N"=0

_a-p-a-7 .

1021 N*
B

1022  As it can be seen in the stochastic fixed points P*, N*, the term % is a proportionality constant. Therefore:

1023 lim P* = lim (u (r— V*)) = undefined
B—0 p-o\ B
1—p)-(1—
1024 lim N* = lim <( P)( 12 . V*) = undefined
B-0 -0 ﬂ

1025  So, B # 0 needs to be met for the stochastic fixed points P*, N* to exist. In Extended Data Fig. 1 we show

1026  empirically that the convergence rate is slower as 8 gets closer to 0, but it is always achieved.
1027  1.3.3. Sensitivity of learned variables in D1-D2 model to parameters

1028  The conditions for the D1-D2 model to reproduce the data from our habenula lesion experiment and some

1029  of the previous studies are that:

1030 1. The bias in V" induced by the asymmetric learning rates doesn’t change the monotonicity of the
1031 learned values as a function of the true expected value of the return distribution E[R(s)]. In other
1032 words, regardless of the level of ‘optimism’ or ‘pessimism’, V* monotonically increases with
1033 E[R(s)].

1034 2. Asymmetric learning rates change the concavity of V™ as a function of E[R(s)] : ‘Optimistic’ or
1035 ‘pessimistic’ value functions are concave or convex with respect to E[R(s)], respectively.

1036

1037  We will now analyze whether these conditions are met, considering the range of parameters of relevance:
1038 O0<t<l,r#0and0<p <1

1039  For the condition 1 to be met, the first derivative of VV* with respect to E[R (s)] should always be positive.

1040  In the case of Bernoulli return distributions, the derivative of V* with respect to p(reward) is
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T p
av: o R tr-(t—p—-1)

o p\_T_ b g, @ @-D+p-T+1)?

1041 3
I-7 1-p (1-17-(1-p)

1042  We can look at the fixed points of this expression, as they correspond to the value of p at which the
1043  derivative changes the sign. This expression has fixed points at: 7 = 0, = 0, and § = 7 — 1. Given our

1044  parameters’ ranges: 0 <7 < 1,7 # 0and 0 <8 < 1, none of those fixed points are present within those
1045  ranges. In addition, it can be seen that this (‘;—‘:) is positive for the parameter values within those ranges.

1046  Therefore, knowing that the derivative won’t reach any fixed point, V* is always a growing monotonic

1047  function with respect to p.
1048  For the condition 2 to be met, we can analyze the second derivative of V* with respect to E[R(s)] as it
1049 indicates the convexity of a function. The conditions to be mat are:
2
1050 - V*isconvex if it is ‘pessimistic’: if T < 0.5 - g—p‘: >0

2
1051 - V*isconcave if it is ‘optimistic: if T> 0.5 - ZTZ <0

1052  In the case of Bernoulli return distributions, we take the second derivative of V* with respect to
1053  p(reward):

217% 2 —T —pr
< 1-7 202t -1 -r-(t—f—1
1054 v _ o 1-7 1-p 2t Qr-1)r-(@-p-1)

T B T @p-DAf-prip
P\ttt it gegtamyy) TP

1055  We can again look at the fixed points of this expression. These happenat: t = 0,r =0,and 8 =7 —1
1056  and 7 = 0.5. Among them, the only fixed point within our parameters range is the latter. In addition, by
1057  replacing 7 in the expression above, it is easily shown that it is positive if T < 0.5 and negative if T > 0.5.
1058  Thus, given that the ranges for the parameters are such that the second derivative won’t reach any other

1059  fixed point, condition 2 will always be met.
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1060  1.4. Distributional TD learning with D1 and D2 populations

1061  The signatures of distributional RL were preserved in dopamine neurons firing rates after habenula
1062 lesions (Extended Data Fig. 3-4). Therefore, we considered a third alternative to model 1 and 2, that

1063  assigns different functions to each of the mechanisms for asymmetric learning rates.

1064  In this model (Extended Data Fig. 13) the single cell asymmetric scaling factors (a;", @;) give rise to a
1065  distributional expectile code for value and are implemented at the level of the scaling of RPE-evoked

1066  responses of dopamine neurons:

1067 Oi¢ =1+ v - Z(5e11) — Vi(se)
1068 Sie=ajf 84 if6;>0
1069 Sip= af 84 if8;; <0
1070

1071  The modulation of receptor sensitivities, carried out downstream at the SPN level, gives rise to the global

1072  rescaling of the value updates (n*,n~) (Extended Data Fig. 13A):

1073 Pi(st) « Pi(sp) + 0t - |6:(O] — B - Pi(s¢) .. if 8;(£) >0
1074 Ni(sp) « Ni(se) + 17 - |8, ()| = B - Ni(s¢) .. if §;(6) > 0
1075 Vi(s¢) = P(st) — Ni(sy)

1076  These set of update equations are equivalent to a modified version of the update equation of distributional
1077 RL:

N
1
1078 [AVi(s)] = Nz a8y dsyso H 17 a8 sy s
j
1079 Vi(se) < Vi(sy) + E[AVi(s¢)]

1080  Thus, this model can give rise to biases in value learning (Extended Data Fig. 13), while keeping intact
1081 information about the value distribution. By employing the results from the biophysical model (Fig. 6),
1082  we found that this distributional TD model can parsimoniously explain all aspects of the data in the

1083  habenula lesion study (Extended Data Fig. 12B), including the features of a distributional code and the

1084  optimistic biases observed in behavior and dopamine cue-evoked responses (Extended Data Fig. 12).
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1.5. Dependency of model on assumption: Log vs. linear scaling of receptor occupancy curves
Through this work, we have used the dose-occupancy curves of D1 and D2 receptors to derive the
receptor sensitivities that result in the asymmetric scaling factors in Model 1. It is important to note that
the slopes of the receptor occupancy curve (= receptor sensitivity) were obtained from the receptor

occupancy curves plotted as a function of log of dopamine concentrations.

_ AOccpy
B A log(CDA"')

+

_ AOccp,
Alog(Cpy-)

To show that this assumption is not essential, we now derive the receptors sensitivities assuming linear

changes in dopamine levels due to RPE-evoked responses.

ot = AOccp,

ACDA+

_ _ AOccp,
“ T

As shown in Extended Data Fig. 9, the choice of a linear versus log scale affects the absolute magnitude

a,+

of the derived receptor sensitivities, but the normalized metric 7 = ——

holds the same relationship to

baseline dopamine levels with a small shift in the curve (Extended Data Fig.9, right panel). The
normalized metric is the factor determining the update asymmetries and, thus, the stochastic fixed points

at which the variables converge.
1.6. Normative motivation for two-factor learning rule

We have used in the previous models a so-called two factor learning rule, where the value updates
depend only on the presynaptic activity (i.e., state input) and TD RPEs. Here, we motivate this choice

from a normative approach based on previous work!,
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Consider a linear approximation for value, where the value function (V) is the output of a single linear
neuron. Here, ¥ is a linear function of the input feature-vector representing the state x(s) =

(x1(5), ..., x(5)), parametrized with a weight vector w = (wy, ..., w,) . :
V(s,w) = wTlx(s)

To put it into neural terms, we can think of x;(s) as the presynaptic activity onto the value neuron 7,

with a synaptic efficacy w;.

As before, the agent computes the TD error based on this linear approximation for value and the sampled
reward:
8 =1+ v - V(sesr,w) = V(sp, w)

In the problem of value prediction, the agent aims to achieve the highest accuracy of prediction. One way
to achieve this is to perform stochastic gradient descent (SGD) with respect to the parameters (w) of the
value function to minimize the objective function such as the squared error (§2). We can define this
optimization problem as: argmin,, G 82) where we have deliberately chosen the constant % for clarity,

but it doesn’t change the end results.

To perform SGD in this minimization problem, the parameters (w) should be updated in the opposite

direction of the gradient of the loss with respect to the parameters (i.e., opposite to V., (¥ §2)) :
1
wew—a- Vy, (562)

Where « is the learning rate. To compute the gradient, we use the chain rule:

1 9(1/28%) oV 9 (1/2( =12 owTx(s) —20r—-V)
i I Sl e . = . =_5-
Vw (28) oV  ow v aw 2 *(se) = =8~ x(se)
Therefore, the update for the parameters of the value function is:
wewH a6 x(sy)

The term 6 - x(s;) in the equation above is what we call a two-factor learning rule, dependent only on the

presynaptic activity and not contingent on the post-synaptic activity.

The development of the TD learning model with D1 and D2 populations (section 1.3) has respected this

learning rule, complying with what is required for SGD in the value prediction problem. Note that we
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1131  have implicitly developed our models with a complete serial compound representation (CSC) of the
1132  states, where x(s;) = 1 in a single element x;(s;)representing the current state and 0 otherwise. It can

1133  be shown that with this representation, the update equation above is equivalent to:
1134 VeV +a-6s

1135

1136 2. Computational model of dopamine release and receptor occupancy

1137  To predict changes in dopamine concentrations and receptor occupancies (Fig. 6), we employed a
1138  biophysical model developed elsehwhere®. It presents two interacting dynamical systems. The first
1139  system models the change in receptor occupancies while the second the change in dopamine levels per

1140  unit time.

1141  In the first system, the occupancy of receptors is modelled as a binding reaction between dopamine (DA)

1142 and D1 or D2 receptors (R), using the constants for forward and backward reactions (koy, kor ).
1143 DA+R g, 2" DA:R

1144 This formulation results in the following equation for the change in receptor occupancy Occ(t) per unit
1145  time:

dOcc(t)

1146 It

= (1 —0cc(t)) X kop X Cpa(t) — Occ(t) X kofy
1147  The values used for the association and dissociation constants for each receptor type (k,, and k¢,
1148  respectively) are detailed in Table 1.

1149  In the second system, the change in dopamine concentration (Cp4(t)) is a function of both dopamine

1150  release and uptake.

dCpa(t)
dt

1151 = DArejease (D) — DAuptake(t)

1152  Dopamine release is a product of firing rate (v(t)) and release capacity (y(t))

1154 DA ejease(t) = v () - v(t)
1153  Where:
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1155 1. wv(t) isthe firing rate of dopamine neurons, provided by the neural data.

1156 2. y(t) = ¥pr, - B - Gpo(t) is defined as the increase in Cp4(t) by a single synchronized action

1157 potential:
1158 a. P. = 1release probability in the absence of presynaptic D2-autorreceptors,
1159 b.  ypr, = 2 release capacity in the absence of presynaptic D2-autorreceptors. This value was set
1160 to be deliberately high and anticipates a ~50% reduction by terminal feedback.
1161 c. Gp,(t) isamultiplicative gain that represents the modulation of dopamine release by D2-
1162 autorreceptors. This is a decaying function of the occupancy of D2-autorreceptors
1163 (Occpy 4 (£)) which is modelled by the same binding reaction explained above. The gain is
1164 parametrized by the autoreceptor efficacy, a = 3. The smaller the « the less the decay in
1165 release with receptor occupancy.

1
1166 Gpo(t) =

14 a- Occpy,(b)

1167  Dopamine uptake is a function of the uptake of dopamine by the dopamine transporter (DAT) and other
1168  non-DAT sources

Vinar * Cpa(®)

1169 DA (t) = dt- <m“’“— - )

uptake Km + CDA(t) nonDAT
1170  Where:
1171 - VP =1500 %s the maximal uptake capacity assuming approximately 100 terminals in the
1172 near surroundings.
1173 - K, = 160 nM, is the Michaelis-Menten parameter for uptake mediated by DAT
1174 - Knonpar = 0.04 nM is a constant for the dopamine removal not mediated by DAT. For
1175 example, monoamine oxidase (MAO) and noepinephrine transporter (NET) mediated uptake.

1176  The variables of the model reported in Fig. 6 correspond to: Occp; (t), Occp, (t), Cpa(t). We used as
1177  input to the model the firing rates derived from the electrophysiological recording of optogenetically
1178 identified dopamine neurons conducted in Tian and Uchida (2015)%. This modeling, while considering

1179  major processes, does not take into account all of the complexity of the biological environment in the
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1180  brain, yet we used this model to obtain an approximate estimate of the order of changes in dopamine

1181  concentrations and receptor occupancies.
1182 3. Simulation details of habenula lesion data
1183  3.1. Biophysical model simulations

1184  We used the computational model described previously (methods section 2) *° to calculate the

1185  extracellular dopamine levels and estimate the occupancy of postsynaptic receptors from the habenula
1186 lesion dataset. The model was driven by the average spike rate of dopamine neurons recorded from
1187  control or lesioned animals. For each recorded dopamine neuron, the simulations were carried on a trial
1188 by trial basis that consisted of a time window [-15, 20] sec with respect to cue onset. A relatively large
1189  window was used to allow for the relevant variables to stabilize in its baseline, as the simulations were

1190 initialized at zero.

1191  For each trial, spikes were first binned with 10-ms windows and then smoothed by a Gaussian kernel
1192 (0 = 0.3 X (IS,eqn))- All trials were then averaged across trials, to determine the mean single-cell
1193  response for dopamine release and D1 and D2 receptor activation. Final average dopamine concentrations

1194  and receptor occupancies were obtained from the average of all mean single-cell responses.
1195  Computation of receptors sensitivities from the model results

1196  We computed the receptor sensitivity from the occupancies Occp4, Occp, and their theoretical dose-
1197  occupancy curves. Starting from the occupancy at baseline, we derived the change in occupancy as a
1198  function of the transients in dopamine concentration Cp 4 elicited by RPE-evoked dopamine responses, at

1199 the level of the population average.

1200  The ratio between these quantities corresponds to the receptors’ sensitives. These are transferred as a*

1201  and a~ to our reinforcement learning model (model 1):

AOcc
1202 at = Pl . ifACy, >0
ACpy
AOcc
1203 a” = D2 ifACy, <O
ACpy

1204  Where ACp 4, AOccpq, AOccp, are the changes computed with respect to baseline, as: Ax =

1205  X,yutcome—Xp, fOr each variable x = {Cp,4, Occpq, Occp,}. Where X denotes the population average
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1206  response for each group. The outcome responses were taken as the average from [0,1] sec after outcome

1207  onset, while the baseline was taken as the average from [-1, 0] sec with respect to cue onset.
1208  3.2. Model 1 simulations

1209  The simulations for Model 1 were carried out with a TD learning model with D1 and D2 populations
1210  (methods section 1.3). We ran the simulations using the resultant receptor sensitivities from the

1211  biophysical model as the population-level asymmetric learning rates in Model 1 (i.e., the learning rates
1212 a™*,a” for P and N updates). The simulations were run for 3,000 trials on the Pavlovian conditioning task
1213  used in the study®. We assumed a uniform distribution of trial types across the session. Each trial

1214  consisted of 4 states (baseline, cue, delay, reward), assuming Markovian dynamics between them. All
1215  variables were initialized at zero. The model had as hyper-parameters a discounting factor of y = 0.99
1216  and a decay term 8 = 0.002. We report in Fig. 4, Model 1 results assuming a uniform scaling of TD
1217  RPEs across the neuronal population. In Extended Data Fig. 12 we show that this model reproduces key

1218  signatures of the data irrespective of the choice of the decay factor S.

1219  The results are not dependent on a uniform scaling of TD RPEs. Given that distributional RL signatures
1220  were preserved in the data even after habenula lesions, we also considered Model 1 under the

1221  distributional TD learning framework (Extended Data Fig. 13). For this, we used the distribution of single
1222 cell asymmetric scaling factors («;", a;") derived from the dopamine neurons firing rates. This model also
1223  reproduced key signatures of the data irrespective of the choice of the decay factor 8 (Extended Data Fig.
1224 12).

1225  3.3. Model 2 simulations

1226  The simulations for Model 2 were carried out with a TD learning model. As with Model 1, simulations
1227  were run for 3,000 trials on the Pavlovian conditioning task®. We assumed a uniform distribution of trial
1228  types across the session. Each trial consisted of 4 states (baseline, cue, delay, reward), assuming

1229  Markovian dynamics between them. All variables were initialized at zero. The model had as parameters a

1230  discounting factor of y = 0.99.

1231  We used the distribution of single cell asymmetric scaling factors derived from the firing rates of
1232 dopamine neurons as a;", a; . In section 1.2 we emphasized that in order to accurately compute the TD
1233  RPE in distributional TD, we require taking samples from the estimated return distribution

1234 Z;(St4+1)~Z(s¢4+1)- We did this by running an optimization process where we minimize for the expectile
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loss between the taken samples Z;(s;+1 ), V;(st4+1) from the model, and z; as estimated from the data.

The problem was defined as argming,  L(s,V,t) where:
L(s,V,7) = % M1 XiLa|Ti = Is_ < | (2m — Vi)?, for N neurons and M samples

In the simulations, we took M samples where M equals the number of neurons (N) and performed an

update taking the expectation across all samples as described in the methods section 1.3.
4. Simulations details for replications of previous experimental results
4.1. Cools et al. (2009)

We simulate the results from Cools et al. (2009) (Fig. 7, Extended Data Fig. 6-7) in which they tested the
effects of bromocriptine in altering learning rate asymmetry?. In their study, they performed a reversal
learning task and reported a parameter called ‘relative reversal learning (RRL)’, equivalent to the
difference between the positive and negative learning rates in our model. We computed this as: a*a +
+a—a—a++a—=1—1—1 = 27— 1, reported in Fig. 7 E,F, where the parameters a*, a~ were
computed from the slopes of the D2I (postsynaptic D2 receptors) and D1 occupancy curves (27 — 1) ¢
or activation curves (2t — 1), The change in relative reversal learning in Fig. 7 H-I was calculated as

taking the difference between drug and the ‘control’ condition as:
ARt —1) = (27 - 1)drug — (27 = Dcontrot-

We simulated the effect of bromocriptine using the biophysical model for dopamine release and receptor
occupancy (Section 2, Methods). We added an additional ligand for D2 receptors to the update equations

for occupancy:

dOCCDA'r.(t) DA,T; DAT;
T]=(1_OCCDA,Tj(t))Xk0n J XCDA(t)_kOff]
dOCCDrug,rj ® B Drug,rj

Drug,rj
T = (1= 0CChrug ) X Kign ") X Corug (6) ~ Ky

Where 7j: {D1, D25, D213}, and koy 7% = 0.02083, k19" = 0.1, kon 7% = 0.04, ki 9P = 0.1

are reported in Table 1 97,

To calculate the effects of efficiency of the drug, we calculated the activation of D2I and D2s receptors in

the following way:
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1260 ACtrj ) = EDA,rj ) OCCDA,rj ®) + Eprug, rj’ OCCDrug,rj(t)

1261  Where Ep ar; = 1is the efficiency of dopamine on the receptors activation, and Epyyg, -, < 1 the
1262 efficiency of the drug, for r;: {D1, D2s, D21}. The parameter for D1 receptors was kept at Ep,y,gp1 = 0

1263  for all simulations.

1264  To simulate the effects of D2s activation by the drug in D2l occupancy in Fig. 7b,e,h we report the effects
1265  of Eppygp2s = 0 (solid lines) and Ep,y, g p2s = 0.6 (dashed lines). To simulate the effect of the drug in

1266  D2s and D2l activation in Fig. 7c,f,i we report the effects of Ep,.gp2s = 0.6, Epryg,par = 0.6.

1267  We show how the qualitative nature of the effects of the drug in relative reversal learning still hold

1268  regardless of whether the parameter 7 is computed from the occupancy curves (Extended Data Fig. 7, Fig.
1269  7n,e,h) or the activation curves (Extended Data Fig. 8, Fig. 7c,f,i). In addition, in Supplementary Figure
1270  8-9 we show that the qualitative results still hold regardless of the choice of the efficiency parameters

1271 Eprugpzs and Eppyg par-

1272  4.2. Timmer et al. (2018)

1273  In this study® they reported a ‘loss aversion’ parameter (4 in their results).
1274 SUG = (1 —A) ' pgain - Gain + 4 - pyoss - Loss
1275  Where SUG is the ‘subjective utility’ for a given option, and pggin = Pioss-

1276  In our formulation, we assume that the task in the study is performed under steady state conditions after
1277  having learned with a learning rate (7). With this assumption, the SUG at task performance is equivalent to
1278  the convergent V estimate after learning. We will show that at these steady state conditions (1 — 7) is
1279  equivalent to (1).

1280  Starting with the solution for V:

T Pgain " Tgain + (1 - T) ' (1 - pgain) " Noss
T Pgain + (1 - T) ' (1 - pgain)

1281 SUG =V =

1282 Replacing for pyqin = 0.5:

T Tgain T (1 —1) - Toss
T+ (1 -1)

1283 SUG =

1284 Giventhat. 7+ (1—17) =1
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1285 SUG =T Tggin + (1 —7) - Tyoss

1286  Therefore, our model, applied to their task, gives rise to the same SUG computation, with 4 equivalent to
1287 (1 -1).

1288  To generate Fig. 8F, we performed the following steps:

1289 1. We first estimated the theoretical change in baseline DA elicited by the medication. For this, we
1290 computed the equivalent 7 for the A they report in the OFF and ON medication conditions

1291 (Aorr = 1.51, Agy = 1.19), using the relationship: (1 — ) = 1. We then computed the baseline
1292 DA levels that would give rise to the 7oy and Typp. With this, we computed the change in

1293 baseline DA (ADA) equivalent to the change AT = 7oy — Topp - This ADA is the theoretical
1294 change in baseline DA elicited by the medication (Fig. 8F).

1295 2. To generate Fig. 8F, we sampled a set of A from a Gaussian distribution centered at a mean of
1296 t = 1.51 and a standard deviation of 67 = 3, to emulate the distribution of A,y they report in
1297 the OFF condition. We then computed the equivalent  for that set of A with the relationship
1298 above. We will call this the distribution of T’y gg.

1299 3. We used the derived T’ g distribution to compute the equivalent dopamine levels. We imposed a
1300 change in baseline DA equal to the ADA computed in the first step and computed the new set of T
1301 for that set of new baseline DA levels (t'yy). The ‘drug effect in loss aversion’ reported in Fig.
1302 8F is the T’ gy — T’ opp for each sample.

1303 5. Details on habenula lesion data
1304 5.1 Animals, surgery and lesions.

1305  The rodent data we re-analyzed here were first reported in Tian and Uchida (2015)%. Below we provide a
1306  brief description of the methods. Further methodological details can be found in the original paper. 12
1307  mice were used. Bilateral habenula lesions were performed in five animals. Seven animals were in the
1308  control group including two with sham-lesion operation, one with only small contra-lateral side lesion of
1309 the medial habenula, and four animals without operations in the habenula. During surgery, a head plate
1310  was implanted on the skull, and adeno-associated virus (AAV) that express channelrhodopsin-2 (ChR2)
1311 ina Cre-dependent manner was injected into the VTA (from bregma: 3.1 mm posterior, 0.7 mm lateral,
1312  4-4.2 mm ventral). After recovery from surgery, mice were trained on the conditioning task, after which
1313  mice were randomly selected to be in lesion or sham-lesion group. Electrolytic lesions were made

1314  bilaterally using a stainless-steel electrode (15 kU, MicroProbes, MS301G) with a cathodal current of 150
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mA. Each side of the brain was lesioned at two locations (from bregma: 1.6 mm/1.9 mm posterior, 1.15
mm lateral, 2.93 mm depth, with a 14 angle). For sham-lesion operations, no current was applied. In the
same surgery, a microdrive containing electrodes and an optical fiber was implanted in the VTA (from

bregma: 3.1 mm posterior, 0.7 mm lateral, 3.8-4.0 mm ventral)®,
5.2 Behavioral task

Twelve mice were trained on a probabilistic Pavlovian task. Each trial the animal experienced one of four
odor cues for 1 s, followed by a 1-s pause, followed by a reward (3.75 ul water), an aversive air puff or
nothing. Odor 1 to 3 signaled a 90%, 50% and 10% probability of reward, respectively. Odor 4 signaled a
90% probability of air puff. Odor identities were randomized across trials and included: isoamy! acetate,
eugenol, 1-hexanol, p-cymene, ethyl butyrate, 1-butanol, and carvone (1/10 dilution in paraffin oil). Inter-
trial intervals were exponentially distributed. An infrared beam was positioned in front of the water
delivery spout and each beam break was recorded as one lick event. We report the average lick rate over

the interval 500-2,000 ms after cue onset.
5.3 Electrophysiology

Recordings were made using a custom-built microdrive equipped with 200-um-fiber optic-coupled with
eight tetrodes. DA neurons were identified optogenetically®®. A stimulus-associated spike latency test
(SALT) algorithm® was used to determine whether light pulses significantly changed a neuron’s spike

timing.
5.4 Neural data analysis

Data analyses were performed using MATLAB R2021b (Mathworks). To measure firing rates,
peristimulus time histograms (PSTHSs) were constructed using 1-ms bins. These histograms were then
smoothed by convolving with the function f(t) = (1 —e™t) - e_% where T was a time constant set to 20
ms as in 8. 44 dopamine neurons were recorded from lesioned animals (5 animals, 30 sessions), and 45
dopamine neurons were recorded from control animals (7 animals, 35 sessions). We pooled all the cells
across animals in each group for analysis. Cue-evoked responses were defined as the average activity
from 0O to 400 ms after cue onset. Outcome-evoked responses were defined as the average activity from

2000 to 2600 ms after cue onset.

The normalization of cue response shown in Fig. 4 was carried out following a previous work® on a per-

cell basis as: 0™ = 597710 \vhere Ggg, €7, COrrespond to the mean across trials within a cell for the

€90~ C10
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90% and 10% probability cure responses. To derive the t-statistics in Fig. 4d, we performed a two-tailed t-
test of the cell’s normalized responses to the 50% cue against the average midway point between

responses to the 10% cue and responses to the 90% cue.

The derivation of asymmetric scaling factors from outcome responses (z;), was carried out following %,

with some modifications to adapt it to the task. The procedure is illustrated in Extended Data Fig. 3.

e To compute the reversal points, outcome responses were first aligned to the RPE for each trial
type, computed with the true expected value of each reward distribution. Assuming a fixed reward
value of 1 (arbitrary units), the expected value for the 90%, 50%, 10% reward probability trials
corresponded to 0.1, 0.5, 0.9, respectively. Given this, omission responses from the 90%, 50%,
10% reward probability trials correspond to RPEs of -0.9, -0.5 and -0.1. The rewarded responses
from the 90%, 50%, 10% reward probability trials correspond to RPEs of 0.1, 0.5 and 0.9. The
reward value is arbitrary and doesn’t have an effect in this computation as it only shifts the RPE
axis by a fixed amount. The reversal point for each cell (Z;) was defined as the RPE that
maximized the number of positive responses to RPEs greater than Z; plus the number of negative
responses to RPEs less than Z;. The distribution of reversal points is reported in Extended Data
Fig. 4. To obtain statistics for reliability of the computed reversal points, we partitioned the data
into random halves and estimated the reversal point for each cell separately in each half. We
repeated this procedure 1000 times with different random partitions, and we report the
distribution of Pearson’s correlation across these 1000 folds (Extended Data Fig. 4).

e After measuring reversal points, we fit linear functions separately to the positive and negative
domains. Given that dopamine’s responses are non-linear in the reward space but present a
putative utility function!®’, we approximated the underlying utility function from the dopamine
responses to RPEs of varying magnitudes. We used these empirical utilities instead of raw RPEs
for computing the slopes that correspond to @;", @;". We then computed the asymmetric scaling

+
i

a
factors as 7; = —;
af+

We performed the same cross-validation procedure used for the reversal

points. The distribution of R value across the 1000 folds are reported in Extended Data Fig. 4.
A key prediction of distributional RL®® is the presence of a correlation (across cells) between reversal
points Z; and asymmetric scaling factors ;. To elucidate whether signatures of distributional RL were

still present after lesions, we followed the procedure given by Dabney et al. (2020) to compute this

correlation. We first randomly split the data into two disjoint halves of trials. In one half, we first
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calculated reversal points Z} and used them to calculate a;', a; . In the other half, we again calculated the

+
reversal points Z7. The correlation we report in Extended Data Fig. 4 is between Z? and ; = L

a; +di

5.5 Model fitting to the anticipatory licking responses

For each trial we computed the average lick rate over the interval 500-2,000 ms after cue onset. For each
model, we fit the free parameters to the lick rates using maximum likelihood estimation. The optimization
was performed using the SciPy optimization toolbox (Python) that minimized the difference between the
predicted lick rates and the ground truth ones, with a uniform prior distribution over the parameters. The
fits were done considering three RL models that had between 2 and 3 parameters. The models, parameters

and bounds used for each of them are detailed in table 2.
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1385 Tables

1386  Table 1 - Biophysical model parameters

1387
Parameter Abbreviation | Value
DA association constant to D2 autorreceptors kD2 eerm 0.3 M 1s71
DA dissociation constant to D2 autorreceptors ké’fzjgerm 0.003s71
DA association constant to D1 receptors kDL 0.01 M~1s71
DA dissociation constant to D1 receptors kot 10s7t
DA association constant to D2 receptors kb2 0.2M 1s71
DA dissociation constant to D2 receptors ko 2s7t
Release probability from terminals B, 1a.u.
Release capacity from terminals Yory 2a.u.
D2 autorreceptor efficacy a 3a.u.
DAT maximal uptake capacity yEm 1500 nMs™*
Michaelis-Menten parameter DAT-mediated DA uptake K., 160 nM
Constant for dopamine removal not mediated by DAT's Kponpar 0.04 nM
Bromocriptine association constant to D2 autorreceptors | Pr#9:P2s  10.02083 M~'s™?
Bromocriptine dissociation constant to D2 ké’;}‘g'DZS 0.1s71
autorreceptors
Bromocriptine association constant to D2 receptors K orvabal 0.04 M~1s71
Bromocriptine dissociation constant to D2 receptors kf)’]f}‘g'ml 0.1s71

1388  a.u. = arbitrary units
1389 M =mols

1390 s =seconds

1391

1392
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Table 2- Reinforcement learning models fit to the behavioral data from Tian & Uchida

Model Formulation Parameters | Parameter bounds
TD learning b=r—-V a,f a €[.001,1]
VeV+ta-é B € [.1,10]
Licking = -V
TD learning d=p-r=V a,p, B a €[.001,1]
with reward
Sensitivity VeeV4+a-§ p E [ 001,10]
Licking = -V B € [.1,10]
Risk sensitive S§=r-V at,a”, B at €[.001,1]
TD learnin
9 VeVtat-6 if6>0 a” €[.001,1]
VeV4a -8 if6<0 B € [.1,10]
Licking = -V

Data availability

The neural data and simulation results reported in this article have been shared in a public

deposit source in: https://osf.io/cr5Smv/?view_only=bd13a2d2de1947699b56ce70610b0e9b

Code availability

The accession codes for the data as well as the code for analysis and simulations are available at:

https://github.com/sandraromerop/D1D2_Dopamine
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Figure 1 | Reinforcement learning models.

a. Traditional reinforcement learning with a single learning rate («) for both positive and
negative RPEs (&) for the value updates (left). This update rule makes value estimate (V)
converge on the expected value of the reward distribution (middle). When the reward probability
is varied (i.e., for Bernoulli distributions), the VV at convergence scales linearly with the reward
probability (right).

b. Risk-sensitive reinforcement learning with different learning rates (a*, a ™) for positive and
negative RPEs, respectively (left). This update rule makes value estimate (V) converge on the
quantities that are higher or lower than the expected value of the reward distribution (middle). As
the reward probabilities are varied, the convexity of the convergent value VV changes depending
on the asymmetry between a® and a~ (Methods 1.3.3). The level of the bias is determined by

the asymmetric learning rate parameter t (right).

c. Distributional reinforcement learning contains a set of value predictors (V;) each with a given
learning rate for positive and negative RPESs (], a;, respectively) (left). This makes each value
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1716  predictor converge on the quantity equal to the ;-th expectile of the reward distribution. Thus,
1717  each value V; represents an expectile, and together the set of V; represents the entire distribution
1718  (Methods 1.2) (right).

1719

1720
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Figure 2 | Biologically inspired reinforcement learning model.

a. Schematic of the basal ganglia circuitry. Dopaminergic neurons in the VTA modulate
plasticity at the level of the cortico-striatal synapses on SPNs in the NAc. The SPNs are
subdivided depending on the dopamine receptor type they express (D1R or D2R).

b. Dose-occupancy curves for the D1R and D2R describing receptor occupancies as a function of
dopamine concentrations. The curves are shifted between each other due to the different
affinities of the receptors. The arrows represent 3-fold increase (“burst”) and decrease (“pause)”
in dopamine concentrations, which causes left-ward or right-ward shifts of the same magnitudes

in the log-scale.

c. Schematic of the plasticity rules of VTA-NAC circuitry®*35, Transient increases in dopamine,
caused by bursts in firing rate of dopamine neurons, generates increases in PKA activity in D1R-
expressing SPNs, leading to LTP in the cortico-striatal synapses. Transient decreases in
dopamine, caused by pauses in firing rate of dopamine neurons, generates increases in PKA
activity in D2R-expressing SPNs, leading to LTP in the cortico-striatal synapses.

d. Schematic and equations of biologically inspired reinforcement learning model®2

VTA, ventral tegmental area; NAc, nucleus accumbens; SPN, spiny projection neurons; D1R,
D1-type dopamine receptor; D2R, D2-type dopamine receptor; PKA, protein kinase A; LTP,

long-term potentiation.
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1741  Figure 3| Potential mechanisms for asymmetric learning.
1742  a. Schematic of the mechanism by which increases or decreases in baseline dopamine modulates
1743  the degree to which bursts and pauses in dopamine causes changes in D1R and D2R occupancy.
1744  Increases in baseline dopamine makes dopamine pauses to cause greater decreases in D2R
1745  occupancy than the increases in D1R occupancy caused by dopamine bursts. Conversely,
1746  decreases in dopamine, makes dopamine bursts to cause smaller increases in D1R occupancy
1747  than the decreases in D2R occupancy caused by dopamine pauses.
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b. Schematic of the change in receptor occupancies in D1R and D2R, for a given transient
increase (‘burst’) or decrease (“pause’) in dopamine, receptively. A pause and a burst in
dopamine correspond to § < 0 and & > 0 in the model. The slope is modulated by the baseline

dopamine (colormap) and corresponds to the receptor’s sensitivity to dopamine transients.

c. Receptor sensitivity for D1R and D2R as a function of baseline dopamine. In Model 1, we
assume that the receptor sensitivity acts as a scaling factor on the PKA activity induced by burst
and pauses. That is, PKAp; < a™ - § - 1550 and PKAp, x a™ - § - 15-.

d. Asymmetric scaling factor (7) as a function of baseline dopamine. Colors depict how

‘optimistic’ or ‘pessimistic’ the convergent value estimate will be when learning with a given 7.

e. Model 2. Left, the relationship between dopamine reward responses (spikes/s) and RPEs. The
slopes of these response functions correspond to the asymmetric learning rates (a*, a™) for
positive and negative RPEs, respectively. Colors depict how ‘optimistic’ or ‘pessimistic’ the

convergent value estimate will be when learning with a given asymmetric scaling factor.
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Figure 4 | Habenula lesions leads to optimistic reward-seeking behavior and cue-evoked
responses in dopamine neurons.

a. Schematic of the experiment performed by Tian and Uchida (2015)%°. Animals were trained in
a classical conditioning task in which 3 odor cues predicted rewards of different probabilities
(10%, 50%, 90%) and one odor cue predicted 80% probability of an air puff. Animals then
underwent habenula (n = 5) or sham (n = 7) lesions and trained on the task again. The neural
recordings were performed from optotagged VTA dopamine neurons once behavior stabilized.

b. Anticipatory licking across sessions after lesions (left,). There was a significant increase in
anticipatory licking to the 10% (U-statistic = —2.895, P = 0.003792, two-sided Mann-Whitney U-
test), 50% (U-statistic = —5.579, P < 1 x 10, two-sided Mann-Whitney U-test) and 90% (U-
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1774  statistic = -3.487, P =0.00048, two-sided Mann-Whitney U-test) cues (n = 31 for control n = 30
1775  for lesion) that results from progressive changes across sessions. The anticipatory licking curves
1776  show a linear scaling with reward probability in the control group, and a convex curve for the
1777  lesion group (mean + s.e.m across animals, U-statistic = —6.444, P< 1 x 10", two-sided Mann-
1778  Whitney U-test for the 50% cue normalized response). These curves are predicted by RL agents
1779  with symmetric and asymmetric (a* > a™) learning rates for the control and lesion groups,
1780  respectively, assuming a linear mapping between anticipatory licking and value prediction.

1781  c. RL model fits to the anticipatory licking on a trial-by-trial basis using a risk-sensitive RL
1782  models that allows for separate learning rates of positive and negative RPEs. Each dot represents
1783  asession (n = 35 control, n = 30 lesion) and each color a mouse (n = 7 control, n =5 lesion). The
1784  fits show a significant difference in the learning rates between control and lesion groups (U-
1785  statistic = —4.679, P < 1.0 x 10", pooling sessions across mice in each group).

1786  d. Cue-evoked dopamine responses from opto-tagged VTA dopamine neurons (mean + s.e.m
1787  across neurons, n = 45 control group, n = 44 lesion group). There was a decrease in the absolute
1788  magnitude of responses to the 90% cue (U-statistic = 3.249, P = 0.0011, two-sided Mann-

1789  Whitney U-test) after habenula lesions (left). The normalized cue-evoked responses show the
1790  similar pattern as the normalized anticipatory-licking with a linear and convex function for the
1791  control and lesion groups, respectively, with a significant increase in normalized response to the
1792  50% cue after lesions (U-statistic = -3.824, P = 0.000131, two-sided Mann-Whitney U-test)
1793  These curves are predicted by agents with symmetric and asymmetric learning rates for control
1794  and lesion groups, respectively.

1795 e. Distribution of t-statistics comparing the cue-evoked response to the linear interpolation point
1796  between the 90% and 10% cue-evoked responses for each dopamine neuron. The distribution of
1797  t-statistics for the control and lesion cases was wider than what is expected from random noise
1798  (Monte Carlo test for standard deviation different from zero: P =0.0222 control, P = 0.0217
1799 lesion, 1000 batches). The distribution was shifted to values larger than 0 in the lesion case
1800  (Monte Carlo test for mean larger than zero: P = 1 control, P = 0.022 lesion, 1000 batches)
1801 indicative of an optimistic bias in the distribution. The lesion group distribution was also

1802  significantly shifted to higher values with respect to the control group distribution (U-statistic =
1803  -2.815, P =0.0024, single-sided Mann-Whitney U-test). Arrow heads: the mean of the t-

1804  statistics.
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1805  f. Example of t-statistics calculations for dopamine neurons taken from the control group (mean
1806 £ s.e.m across trials). A t-statistic value close to 0 indicates linear scaling of cue-evoked

1807  responses with reward probability; a t-statistics value lower or greater than 0 indicates a concave
1808  or convex function of cue-evoked responses against reward probability, indicative of a

1809  pessimistic or an optimistic bias, respectively.

1810

1811
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1813  Figure 5| Model 2 cannot explain optimistic biases in behavior and cue-evoked dopamine
1814  responses of habenula lesioned animals.

1815 a. Possible changes in habenula lesion mice that could explain optimistic biases based on Model
1816 2. At the level of the population dopamine responses, an optimistic bias can be caused by an
1817  increase in the slope of the average reward responses to positive RPEs and/or a decrease in the
1818  slope of the average reward responses to negative RPEs.

1819 b. At the level of the distribution of individual dopamine neuron responses, an optimistic bias
1820 can be caused by an overall increase in the mean of the distribution of asymmetric scaling factors

1821  (t;), computed from each individual neuron response function.
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1822  c. Observed reward responses as a function of RPEs, averaged across the population of dopamine
1823  neurons for the control and lesion groups (left, mean £ s.e.m across neurons, n = 45 control

1824  group, n = 44 lesion group). There was a significant decrease in the reward responses for the
1825  50% cue (U-statistic = 3.726, P = 0.000195, two-sided Mann-Whitney U-test) and 90% cue (U-
1826  statistic = 2.987, P = 0.00281, two-sided Mann-Whitney U-test), and for the omission responses
1827  for the 90% cue (U-statistic = -4.940, P <10, two-sided Mann-Whitney U-test). Distribution of
1828  asymmetric scaling factors (t), computed from the average response function over the recorded
1829  neurons for the control and lesion groups (right). The distributions are the result of bootstrapping
1830 by randomly sampling neurons in 5,000 iterations. The distribution of differences between the
1831  obtained asymmetric scaling factors (Tiesion — Tcontror) Was not significantly larger than zero (5%
1832  percentile = -0.1605).

1833  d. Distribution of asymmetric scaling factors (z;), computed from each individual neuron

1834  response function for the control and lesion groups. Each dot represents a single neuron (n = 45
1835  control group, n = 44 lesion group), and the neurons were sorted by asymmetric scaling factors
1836  (t;). The means were not significantly different (right) (t-statistic = 0.3277, P = 0.627, t-test).

1837  e. Value predictions based on a TD learning model trained using the assumptions of Model 2 and
1838  the asymmetric scaling factors derived from the data. The model did not show any optimistic
1839  bias in the value predictors of the model trained with the lesion-derived asymmetric scaling

1840 factors.

1841 . TD errors at cue show no signs of an optimistic bias in the model trained with the lesion-
1842  derived asymmetric scaling factors.

1843  Centre of box plot shows the median; edges are 25th and 75th percentiles; and whiskers are the
1844  most extreme data points not considered as outliers.

1845

1846
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1848  Figure 6 | Model 1 can account for optimistic biases in reward-seeking behavior and cue-
1849  evoked dopamine responses.

1850 a. Schematic of the analysis. A biophysical model was used to predict dopamine concentrations,
1851  receptor occupancies, and value learning based on firing rates of dopamine neurons recorded in
1852  Tian etal. (2015).

1853  b. Average firing rates of dopamine neurons across the population for the control and lesion
1854  groups (left, n=45 control group, n= 44 lesion group). Baseline firing rates were significantly
1855  greater in the lesion compared to the control group (right) (U-statistic = —2.429, P = 0.0151,
1856  single-sided Mann-Whitney U-test).
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1857  c. Dopamine concentrations predicted from the firing rates of dopamine neurons based on the
1858  biophysical model of dopamine. Predictions for 90% reward trials are shown.

1859  d. Receptor occupancies predicted by the same biophysical model. Predictions for rewarded
1860  (left) and reward omission (right) trials in 90% reward trials are shown separately for D1R (left)
1861 and D2R (right), respectively (n = 45 control group, n = 44 lesion group).

1862  e. Mean dopamine concentrations at baseline predicted by the model (U-statistic =—-2.109, P =
1863  0.0175, single-sided Mann-Whitney U-test).

1864  f. Mean receptor occupancies at baseline predicted by the model (n = 45 control group, n = 44
1865 lesion group). There is a significant increase in occupancies for both the D1R and D2R in the
1866  lesion compared to the control group (U-statistic = -2.1664, P = 0.0151, U-statistic = -2.1328, P
1867 =0.0165 for D1R and D2R respectively, single-sided Mann-Whitney U-test).

1868  g. Schematic showing the model predicted changes in dopamine concentrations and receptor
1869  occupancies for the control (black) and lesion (red) groups. The arrows depict the increase or
1870  decrease in occupancy for a positive or negative dopamine transient of a fixed magnitude.

1871  h. Changes in receptor occupancy as a function of dopamine transients predicted by the model.
1872  The slope for the positive and negative domains correspond to the receptor sensitivities of D1R
1873 and D2R (a™,a™), respectively.

1874  i. Asymmetric scaling factors derived from the receptors’ sensitivities for the control and lesion
1875  groups (i.e., T in model 1, n = 45 control group, n = 44 lesion group). There was a significant
1876  increase in the lesion group with respect to controls (U-statistic = —12.205, P < 1.0 x 10°®, single-
1877  sided Mann-Whitney U-test). Note that the increase in the asymmetry was driven mainly due to
1878  decreases in D2R sensitivity (panel h).

1879  J. Value predictions at baseline in a TD learning model trained with the receptor sensitivities
1880  derived from the biophysical. There was a significant increase in the value predictors at baseline
1881  in the model using the lesion group’s derived parameters with respect to control. controls (t-
1882  statistic = —6.417, P < 1.0 x 10°®, t-test).

1883 k. Value predictions at convergence of a TD learning model trained using the assumptions of
1884  Model 1 and the asymmetric scaling factors derived from receptors’ sensitivities predicted by the
1885  biophysical model. The model led to a significant increase in the value predictions for all cues
1886  (U-statistic = —4.690, P < 1.0 x 10, U-statistic = —4.734, P < 1.0 x 10, U-statistic = —4.602, P <
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1887 1.0 x 10, single-sided Mann-Whitney U-test, for the 10%, 50% and 90% reward probability
1888  cues) and an optimistic bias in the normalized value prediction to the 50% reward probability cue
1889  (t-statistic = -5.576, P < 1.0 x 10, t-test) in accordance with the anticipatory licking observed in
1890 the data.

1891 I. Predicted cue responses. There is an overall decrease in RPEs in lesioned animals (left) due to
1892  an increase in the baseline (pre-cue) value prediction (U-statistic =4.932, P < 1.0 x 10°°, U-

1893  statistic = —3.658, P = 0.00025, U-statistic = 4.734, P < 1.0 x 10, single-sided Mann-Whitney
1894  U-test for the 10%, 50% and 90% reward probability cues), which is consistent with the

1895  decreases in the absolute magnitudes of dopamine cue-evoked responses in the lesion group (Fig.
1896  4c). The normalized TD errors at for the 50% reward probability cue show signs of an optimistic
1897  bias (U-statistic = —4.624, P < 1.0 x 10, single-sided Mann—Whitney U-test).

1898  Centre of box plot shows the median; edges are 25th and 75th percentiles; and whiskers are the
1899  most extreme data points not considered as outliers.

1900
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1901

1902  Figure 7 | Model 1 predicts asymmetric learning rates in healthy humans given inter-
1903 individual differences in baseline dopamine, and in Parkinson’s disease patients given
1904 inter-individual differences in depressive-like symptoms.

1905 a. Schematic of the events occurring at dopaminergic axon terminal. Pre- and post-synaptic sites

1906  predominantly express D2s (short) and D2l (long) subtypes, respectively.

1907  b. “Relative reversal learning (RRL)” under placebo conditions as a function of dopamine striatal

1908 synthesis capacity measured with PET radio imaging (black dots, left y-axis, bottom x-axis).
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Figure taken from Cools et al. (2009)?*. Positive values of RRL indicate a bias favoring learning
from gains relative to losses, and vice versa for negative values of RRL. There was a positive
relationship between RRL and dopamine synthesis capacity. Model 1 predictions of RRL (27 —
1 in Model 1) as a function of baseline dopamine using the receptors occupancy curve,
recapitulate the positive relationship shown in the results from Cools et al. (2009)?* (gray line,
right y-axis, top x-axis).

c. The change in RRL induced by bromocriptine was negatively correlated with striatal
dopamine synthesis capacity. Figure from Cools et al. (2009)* (black dots, left y-axis, bottom x-
axis). Model 1 recapitulates qualitatively the effect of bromocriptine in RRL, equivalent to

A(2t — 1). The solid light green line represents the A(2t — 1) when considering bromocriptine’s
effect on D2l occupancy only; the dashed line represents the A(2t — 1) when both D2l and D2s
occupancy was considered; and the dark green line represents the A(27 — 1) when both D2I and
D2s activation was considered (this includes the fact that bromocriptine is a partial agonist for
the D2l and D2s receptors). The curves were obtained by imposing a concentration of 10%8 nM
of bromocriptine in the biophysical model.

d. Receptor occupancy curves for the D2l receptors at baseline (grey line) and in the presence of
10°8 nM of bromocriptine: Solid light green line corresponds to considering bromocriptine’s
effects on D2l receptors occupancy alone; dashed line, corresponds to considering
bromocriptine’s effects on both D2l and D2s receptors; solid dark green line corresponds to
considering bromocriptine’s effect on the activation curves of both D21 and D2s receptors. The
binding of the drug to the D2l receptors alone causes an increase in occupancy. This happens to a
larger extent when starting from a low dopamine level at baseline than in high dopamine levels.
The binding of the drug to D2s receptors in addition to D2 receptors causes a rightward shift in
the curves. The activation levels are lower than 1 even at the drug levels where occupancy is
close to 1, due to the lower efficiency of bromocriptine in receptor activation (Methos 4.1). See
Extended Figure 6 and 7 for the effect of changing bromocriptine’s concentration and efficiency

of activation.

e. Same as in panel d. but now reporting (2t — 1) calculated from the D21 receptor’s occupancy
and activation curves. An increase in 2t — 1 happens to a larger extent when starting from a low
dopamine level than from high dopamine level.
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1939  f. Same as in panel d. but now reporting A(27 — 1) calculated from the D21 receptor’s occupancy
1940  and activation curves. Model 1 recapitulates qualitatively the effect of bromocriptine on RRL.

1941  g. The effect of PD medication (L-DOPA) on loss aversion is negatively correlated with their

1942  off-medication depression score. Figure from Timmer et al. (2018)"*.

1943  h. Model 1 recapitulates qualitatively the effect of PD medication in loss aversion. We assumed
1944 that the asymmetry in favor of learning from losses relative to gains (1 — 7),5 scales with the
1945  baseline dopamine levels. Given this, we derived a distribution of off-medication baseline

1946  dopamine levels centered around the mean (1 — 7), 5, derived from the data of Timmer et al.
1947  (2018)" (see methods 0). We then imposed a fixed increase in baseline dopamine to simulate L-
1948 DOPA effects. We derived the new loss-aversion parameter (1 — 7),,, at the shifted baseline
1949  dopamine levels. The y-axis shows the change in loss aversion for each sample of the

1950  distribution of baseline dopamine levels. If the off-medication depression score is correlated with
1951 (1 — 1),z then model would predict the result in Timmer et al. (2018)".

1952  PD: Parkinson’s disease.

1953
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1955
1956  Extended Data Fig. 1 | Variables of model 1 show convergence irrespective of the value of
1957  the decay factor.
1958 a. Value predictors V (left), P population (middle) and N population (right) across trials of
1959 training for an RL agent of model 1. Color of lines denotes the value of the decay factor (B) in
1960  the update rules for the P and N populations. Colormap is the same for all figures (left). All the
1961  model variables show convergence for every value of the decay factor 3.
1962 Db. Difference in the variables estimates between consecutive trials of training, for the value
1963  predictors V (left, AV), P population (middle, AP) and N population (right, AN). All the variables
1964  show convergence for every value of the decay factor 8 (shown as a AV, AP, AN equal to zero).
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Extended Data Fig. 2 | RL model fits to the trial-by-trial anticipatory licking responses.

a. TD learning fits reveal no significant difference across groups in the learning rate (left, U-
statistic = —4.954, P =0620, two-sided Mann-Whitney U-test) nor in the linear mapping between
value predictions and anticipatory licking responses (U-statistic = —1.445, P = 0.148, two-sided
Mann-Whitney U-test).

b. Model fits of TD learning with reward sensitivity reveal no difference across groups in the
learning rate (left, U-statistic = 0.206, P = 0.836, two-sided Mann-Whitney U-test) nor in the
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1974 linear mapping between value predictions and anticipatory licking responses (middle, U-statistic
1975 =-0.7844, P = 0.4327, two-sided Mann-Whitney U-test), nor in the reward sensitivity (right) (U-
1976  statistic 0.545, P = 0.605, two-sided Mann-Whitney U-test).

1977  c. Model fits of TD learning with asymmetric learning rates for positive vs negative RPEs. This
1978  model reveals a significant difference across groups in the asymmetry between a* and a~ (U-
1979  statistic = —4.678, P < 1.0 x 10, two-sided Mann-Whitney U-test) and a small but significant
1980 difference between the linear mapping between value predictions and anticipatory licking

1981  responses (right, U-statistic = 2.33, P = 0.02, two-sided Mann-Whitney U-test).

1982

1983
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1985  Extended Data Fig. 3 | Signatures of distributional reinforcement learning model are
1986  preserved after habenula lesions.

1987 a. RPE -evoked responses at outcome as a function of the theoretical RPE for each trial type. The

1988  figure shows the average response function across neurons from the control group. The

88


https://doi.org/10.1101/2023.11.10.566580
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.10.566580; this version posted November 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1989  computation of zero-crossing points and asymmetric scaling factors is carried out in the ‘utility
1990  space’(the average response function ) as in *® to account for response nonlinearities.

1991  b. Example of the response function of 3 dopamine neurons from the control group ordered by

1992  their asymmetric scaling factors: pessimistic, neutral and optimistic, from top to bottom.

1993  c. Computation of zero-crossing points for the neurons in B. The reversal points for each cell (Z;)
1994  were defined as the point in utility space that maximized the number of positive responses to
1995  points greater than Z; plus the number of negative responses to points less than Z;. The y-axis
1996  shows the sum of responses below and above each point in the utility space. The zero-crossing
1997  point is shown as the maxima in this function.

1998 d. Computation of asymmetric scaling factors for the neurons in c. Here, the responses functions
1999 in b have been projected to the utility space in A and realigned according to their zero-crossing
2000  points. The asymmetric learning rates (a™, a ™) are taken to be the slopes of these response

2001  functions.
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Extended Data Fig. 4 | Distributional reinforcement learning variables from the Habenula

lesion dataset.
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2007  a. Distribution of asymmetric scaling factors for the dopamine neurons from the control (left)
2008  and lesion (right) groups. The error bars were derived by randomly sampling trials to compute
2009  the asymmetric scaling factors for 1000 iterations.

2010  b. Distribution of zero crossing points for the control (left) and lesion(right) groups. The error
2011  bars were derived as in a.

2012  c. Correlation of asymmetric scaling factors (x-axis) and zero-crossing points (y-axis) computed

2013  on disjoint halves of trials for an example partition.

2014  d. Distribution of correlation coefficients between asymmetric scaling factors (x-axis) and zero-
2015  crossing points (y-axis) across disjoint halves of trials for 1000 partitions for the control and
2016  lesion groups.

2017  e. Correlation between zero-crossing points computed on disjoint halves of trials for an example
2018  partition.

2019 f. Distribution of correlation coefficients between zero-crossing points computed on disjoint
2020  halves of trials for 1000 partitions for the control and lesion groups.

2021  g. Correlation between asymmetric scaling factors computed on disjoint halves of trials for an
2022  example partition.

2023  h. Distribution of correlation coefficients between asymmetric scaling factors computed on
2024  disjoint halves of trials for 1000 partitions for the control and lesion groups.

2025

2026
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Extended Data Fig. 5 | Biases in cue-evoked responses in the Habenula lesion data cannot
be explained by asymmetric scaling of RPEs (Model 2).

a. Value predictors derived from model 1 with TD learning for a set of baseline dopamine levels

(colormap). The optimistic and pessimistic biases are present.
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2032  b. Cue responses derived from model 1 with TD learning for a set of baseline dopamine levels
2033  (colormap). The optimistic and pessimistic biases are revealed when the responses are
2034  normalized.

2035 c. Value predictors derived from model 2 with TD learning for a set of baseline dopamine levels
2036  (colormap). The optimistic and pessimistic biases are present.

2037  d. Cue responses derived from model 2 with TD learning for a set of baseline dopamine levels
2038  (colormap). The optimistic and pessimistic biases are absent in both the normalized and the raw
2039  TD errors.

2040  e. Mean across the distribution of value predictors derived from model 1 with distributional TD
2041  learning for a set of baseline dopamine levels (colormap). The optimistic and pessimistic biases
2042  are present.

2043 . Mean across the distribution of cue responses derived from model 1 with distributional TD
2044 learning for a set of baseline dopamine levels (colormap). The optimistic and pessimistic biases
2045  are revealed when the responses are normalized.

2046  g. Mean across the distribution of value predictors derived from model 2 with distributional TD
2047  learning for a set of baseline dopamine levels (colormap). The optimistic and pessimistic biases
2048  are present.

2049  h. Mean across the distribution of cue responses derived from model 2 with distributional TD
2050 learning for a set of baseline dopamine levels (colormap). The optimistic and pessimistic biases
2051  are absent in both the normalized and the raw TD errors.

2052

2053
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Extended Data Fig. 6 | Model 1 predicts asymmetric learning rates and the effect of
bromaocriptine in healthy humans given inter-individual differences in baseline dopamine.

a. Occupancy curves for the D2 receptors at baseline (grey line) and when considering
bromocriptine’s effects in D21 receptors alone. The binding of the drug to the D21 receptors alone
causes an increase in the occupancy. This happens to a larger extent when starting from a low
dopamine level at baseline than in high dopamine levels.

b. Occupancy curves for the D2I receptors at baseline (grey line) and when considering
bromocriptine’s effects in both D21 and D2s receptors. The binding of the drug to D2s receptors

causes a rightwards shifts in the curves.
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2064  c. Activation curves for the D2l receptors at baseline (grey line) and when considering
2065  bromocriptine’s effects in D21 receptors alone, including the partial quality of the agonism of
2066  this drug on the receptor (i.e., efficiency <1).

2067  d. Activation curves for the D2l receptors at baseline (grey line) and when considering
2068  bromocriptine’s effects in both D21 and D2s receptors, including the partial quality of the
2069  agonism.

2070 e. Relative reversal learning (RRL) calculated as 2t — 1 in model 1, as a function of baseline
2071  dopamine (x-axis) and drug concentration (color) using the receptors occupancy curve,

2072  considering only bromocriptine’s effect in D21 receptors.

2073  f. Relative reversal learning (RRL) calculated as 2t — 1 in model 1, as a function of baseline
2074  dopamine (x-axis) and drug concentration (color) using the receptors occupancy curve,

2075  considering bromocriptine’s effect in both D21 and D2s receptors.

2076  g.27 — 1 inmodel 1, as a function of baseline dopamine (x-axis) and drug concentration (color)

2077  using the receptors activation curve, considering only bromocriptine’s effect in D21 receptors.

2078 h. 27 — 1 in model 1, as a function of baseline dopamine (x-axis) and drug concentration (color)
2079  using the receptors activation curve, considering bromocriptine’s effect in both D21 and D2s

2080  receptors.

2081 i. The change in 2t — 1 induced by the drug at different concentrations (color) with respect to
2082  the baseline condition, as a function of baseline dopamine (x-axis). The curves represent the

2083  change when calculating 27 — 1 from the occupancy curves considering only D2l binding.

2084  j. The change in 27 — 1 induced by the drug at different concentrations (color) with respect to
2085  the baseline condition, as a function of baseline dopamine (x-axis). The curves represent the
2086  change when calculating 27 — 1 from the occupancy curves considering both D2l and D2s
2087  binding

2088 k. The change in 2t — 1 induced by the drug at different concentrations (color) with respect to
2089  the baseline condition, as a function of baseline dopamine (x-axis). The curves represent the

2090 change when calculating 27 — 1 from the activation curves considering only D2l activation.

2091 |. The change in 2t — 1 induced by the drug at different concentrations (color) with respect to
2092  the baseline condition, as a function of baseline dopamine (x-axis). The curves represent the
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2093  change when calculating 27 — 1 from the activation curves considering both D21 and D2s
2094  activation.

2095  The parameters of efficiency of activation of D2 receptors by the drug (DZIeff ,DZSeff) used in

2096  each column are reported at the bottom of the figure.
2097

2098
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Extended Data Fig. 7 | Robustness of the effect of bromocriptine in the relative reversal
learning calculated from the occupancy curves to the choice of the drug efficiency
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The qualitative effects on bromocriptine in the change in relative reversal learning A(27 — 1)
calculated from the D2 occupancy curves. Results hold regardless of the choice of the efficiency
of the drug on D2l (rows) or D2s (columns) efficiency.
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2109 Extended Data Fig. 8 | Robustness of the effect of bromocriptine in the relative reversal
2110 learning calculated from the activation curves to the choice of the drug efficiency
2111  parameter.
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The qualitative effects on bromocriptine in the change in relative reversal learning A(27 — 1)
calculated from the D2 activation curves. Results hold regardless of the choice of the efficiency
of the drug on D2l (rows) or D2s (columns) efficiency.
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Extended Data Fig. 9 | The qualitative aspects of Model 1 are preserved irrespective of the
assumption made about the changes in baseline dopamine caused by dopamine transients.

a. Computation of receptor sensitivities (i.e., slope of dose-occupancy curves, a*, @~) assuming
logarithmic (left) or linear (middle) changes in baseline dopamine induced by dopamine
transients (logADA, linADA, respectively). The absolute magnitude of the slopes differs
depending on the assumption made about the changes in baseline dopamine (logarithmic vs
linear) but the asymmetric scaling factor presents only a small shift in the curve as a function of
baseline dopamine (right). The qualitative aspects of the model (i.e., non-monotonic relationship
of the asymmetric scaling factor with baseline dopamine) is preserved regardless on this

assumption.

101


https://doi.org/10.1101/2023.11.10.566580
http://creativecommons.org/licenses/by-nc-nd/4.0/

2129

2130
2131

2132
2133

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.10.566580; this version posted November 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

a ~ Linear scale Logarithmic scale

Positive | I | Positive-|

Negative | F’l Megative_]

1.0 1.0
=1 Positive
1 Negative
2= 0.8 > 0.8
& @
_ 5 G
Firingrate 28 g6 3 064
2 H
g r,f H
= 0.4+ = 0.4
0.24 0.24
Mann-Whitney
p=0031
0 T T 1 T T T 0
1 2 4 03
Slope
Positive |—4| Positive
Negative | I—’-—{ Negative]
10 ol 1.0
=t
2 0.8 2 0.8
. ] z
Dopamine § | . .
level 2 )) 2
5] @
S 0.4 S 04
0.2 024
Mann-!
p=0001
0 0
0 1o 200 ado
Slope
Positive-| H= Positive-| H—
C
Negative }—*—' MNegative-{ |—’-|
1.0 1.0 s
] Positiye [ Positive
1 Negal [CMegative
= 0.8+ = 084
g @
Receptor  § .| . £ oo A
occupancy £ - 2
'E 0.44 % 0.4
© 2] © 02 /
Mann-Whitney Mann-Whitney
p=005 p=0.001 ._’
0-1=5 T T T T 0-Ls T T
01 01 03 05 07 08 04 0 04
Slope Slope

Extended Data Fig. 10 | Change in dopamine firing rates, dopamine concentration and
receptor occupancy as a function of RPEs in the linear scale or logarithmic scale.

a. Distributions of the slopes of the change in firing rate derived as a function of RPEs in the
positive and negative domains, computed in the linear (left) or logarithmic (right) scale,

102


https://doi.org/10.1101/2023.11.10.566580
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.10.566580; this version posted November 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

2134  calculated at a single neuron level. The slopes are asymmetric if considered in the linear scale,
2135  with the negative transients presenting a shallower slope than the positive ones. The slopes are
2136 symmetric if considered in the logarithmic scale.

2137  b. Distributions of the slopes of the change in dopamine levels derived from the biophysical
2138  model as a function of RPEs in the positive and negative domains, computed in the linear (left)
2139  or logarithmic (right) scale, calculated at a single neuron level. The slopes are again asymmetric
2140  if considered in the linear scale but symmetric if considered in the logarithmic scale.

2141  c. Slope of the change in receptor occupancy derived from the biophysical model for a given
2142  RPE in the positive and negative domains, computed in the linear (left) or logarithmic (right)
2143  scale, calculated at a single neuron level. The slopes are symmetric if considered in the linear
2144 scale but asymmetric if considered in the logarithmic scale.

2145
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Extended Data Fig
dopamine concentration derived from the biophysical model.
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. 11| Relationship between changes in firing rates and changes in

a. Linear fits to the relationship between changes in firing rates and changes in dopamine

concentration evoked by the TD error at outcome in the linear scale for the control group. The

fits are done separately for each trial type.
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b. Same as a, but fits are done in the logarithmic scale.
c. Same as a, but fits are done for the lesion group.
d. Same as c, but fits are done in the logarithmic scale.

e. Distribution of the Pearson correlation coefficients (top) and means squared error (MSE,
bottom) between the predicted change in dopamine concentration by the linear regression and the
ground truth derived from the biophysical model. The coefficients are derived from the fits in
figures a-e, done by pooling all trials for each trial type (each point each trial type, with black for
control and red for lesion group). There was a significant increase in the Pearson correlation
coefficient and a near significant decrease in the MSE if the changes are considered to happen in

the logarithmic scale.

f. Same as E, but the linear regression fits are done for each neuron separately by pooling all
trials. There was a significant increase in the single-cell distribution of Pearson correlation
coefficients (top) and a significant decrease in the MSE distribution (bottom) if the changes are

considered to happen in the logarithmic scale.
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2168

2169  Extended Data Fig. 12 | Model 1 captures signatures of the data irrespective of the choice of
2170  the decay factor and is compatible with distributional RL.

2171  a. Model 1 with standard TD learning. Simulations were run using the receptors sensitivities
2172  from the biophysical models and data-derived asymmetric scaling factors (see Methods 3.3).
2173  The model’s predictions capture the signatures in cue-evoked dopamine responses (left) and
2174  value predictions (right) irrespective of the choice of the decay factor (8).

2175  b. Model 1 within the distributional RL framework (see Methods 3.3). The model’s predictions
2176  also capture the signatures in cue-evoked dopamine responses (left) and value predictions (right)
2177  irrespective of the choice of the decay factor (£). Bottom row shows the distribution of value
2178  predictors for each reward-predictive cue.
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2181 Extended Data Fig. 13 | Distributional reinforcement learning with D1 and D2 populations
2182  (Model 1).

2183  a. Schematic of the distributional RL model with D1 and D2 populations. The schematic

2184  represents three different value predictors (pessimistic, neutral and optimistic from left to right)
2185  with their respective P and N neurons. The level of optimism of each individual value predictor
2186 s determined by the scaling factors of the individual dopamine RPE-evoked responses (a;, a;,
2187  represented by the color in the colormap from purple to pink) and allows the model to encode

2188  information about the distribution of rewards (bottom). The global level of ‘optimism’ or

107


https://doi.org/10.1101/2023.11.10.566580
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.10.566580; this version posted November 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

2189  ‘pessimism’ of the agent is given by the re-scaling of the RPEs by the P and N receptors

2190  sensitivities in the model (¢, ¢ ~, represented with the color saturation).

2191  b. Example of a Bernoulli distribution, equivalent to the reward distribution predicted by the
2192  50% cue.

2193  c. Distribution of expectiles learnt by the distributional RL model with D1 and D2 population for
2194  the reward distribution in b. The expectiles are sorted based on the asymmetric scaling factor of
2195  each individual dopamine neuron. Colormap represents the level of optimistic or pessimism of
2196  each agent.

2197  d. Samples from the decoded distributions for the set of expectiles in c. The probability density is
2198  bimodal, in accordance with the distribution in b. As the agents goes from pessimism to
2199  optimism, the probability density modes change in their relative magnitude.
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