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The hypothesis that midbrain dopamine (DA) neurons broadcast areward
prediction error (RPE) isamong the great successes of computational
neuroscience. However, recent results contradict a core aspect of this
theory: specifically that the neurons convey ascalar, homogeneous signal.
While the predominant family of extensions to the RPE model replicates the
classic model in multiple parallel circuits, we argue that these models areill
suited to explainreports of heterogeneity in task variable encoding across
DA neurons. Instead, we introduce acomplementary ‘feature-specific RPE’

model, positing that individual ventral tegmental area DA neurons report
RPEs for different aspects of an animal’s moment-to-moment situation.
Further, we show how our framework can be extended to explain patterns
of heterogeneity in action responses reported among substantia nigra
pars compacta DA neurons. This theory reconciles new observations of
DA heterogeneity with classic ideas about RPE coding while also providing
anew perspective of how the brain performs reinforcement learningin
high-dimensional environments.

Among the more prominent hypotheses in computational neurosci-
ence is that phasic responses from midbrain dopamine (DA) neurons
reportareward prediction error (RPE)"2. This account has impressive
range, connecting neural events to behavior viainterpretable compu-
tations over formally defined decision variables (Fig. 1a). Here, we ask
whether and how the strengths of this account canbe reconciled with a
growing body of evidence challenging a core feature of the model: the
assumption of ascalar, globally broadcast RPE signal in DA responses.

This scalar RPE is not a superficial claim of these theories but
instead connects akey computational idea to several empirical obser-
vations. Computationally, scalar decision variables reflect the require-
ment that a decision-maker compare potential outcomes to choose
which to take. Anatomically, the ascending DA projection has been
argued to supportascalar ‘broadcast’ code: arelatively small number
of neuronsinnervate alarge area of forebrain via diffuse projections*.
Physiologically, early reports stressed the homogeneity of responses
of midbrain DA neurons on simple conditioning tasks, especially that
most units respond to unexpected reward”.

However, the physiological argument for a scalar RPE is increas-
ingly untenable, as a body of recent work demonstrates a range of

variation in DA responses. DA neurons can have heterogeneous
and specialized responses to task variables during complex behav-
ior®?**, even while often having relatively homogenous responses to
reward"?'>*>?*, In some areas, the signature response to reward can
itself be absent®'%1¢>%,

How canwereconcile such dopaminergic (DAergic) heterogeneity
with evidence for the RPE theory? The majority of previous compu-
tational approaches to this question shares a common hypothesis,
specifically that a set of different error signals could each serve to
train different target functions. For example, distributional reinforce-
mentlearning (RL) suggests prediction errors (PEs) for different quan-
tiles of reward expectation?, action PE (APE) models envision PEs
for movements®°, and successor representation (SR) models sug-
gest PEs for different sensory stimuli®'. We refer to these models as
‘outcome-specific PEs’ because they typically substitute different pre-
diction targetsin place of the reward outcome in classic RPE (Fig. 1b).

Two implications of these models limit their applicability. First,
substituting different targets for reward means that these models
cannot explain why most DA neurons respond to reward nor how such
uniformity in reward responses can coexist with heterogeneity in other
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Fig.1|Feature-specific PEmodel updates classic TD learning to produce
heterogeneous DA signals that reflect the state representation. a, Classic
mapping between equations of the TD learning model and brain circuitry

for the scalar RPE model'?. b, The same scalar model can be replicated to use
different outcome variables to generate vector values and PEs. These outcomes
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canbe driven by different aspects of reward***"”° (like in distributional RL
models), specific actions (such as nosepoke, left and right action)**° or other
targets®*™*, ¢, Our proposed feature-specific PE model, which remaps the scalar
RPE algorithm onto brain circuitry such that value and PE are vectors but the
overall computations are preserved.

aspects of responding’. Second, this approach amounts to duplicat-
ing the original scalar RPE model (Fig. 1a) for multiple error signals in
parallel circuits (Fig. 1b). That different targets must be associated in
roughly closed-loop fashion with distinct PEs suggests that DA neurons
for different predictions must project to different targets.

We thus propose acomplementary new ‘feature-specific PE' model
that addresses a distinct set of phenomena associated with heteroge-
neity within a projection-defined DA population rather than across
projections (Fig. 1c). Within any PE circuit (Fig. 1a,b, classic RPE and
any outcome-specific siblings, respectively), the predictions depend
on an input variable known as ‘state’, a high-dimensional group of all
sensory and internal variables relevant to the prediction. Because
these are widely distributed throughout the brain, it is implausible
that they converge uniformly on DA neurons to produce a scalar PE.
Inputs to DA neurons are not homogenous but instead arise from cor-
tico-basal-ganglionic circuits that are highly topographic®%, Thus,
inthefeature-specific model, each DA neuron calculates aPEbased on
the subset of inputs thatitreceives, with the full PE signal reconstructed
at the target site (Fig. 1c). In this way, corticostriatal circuits carry a
distributed code for state, which transforms it into corresponding

distributed codes for value and RPE that, in effect, decompose these
scalar variables over state features®. Different striatal and DAergic neu-
ronsreflect the contribution of different state features to valueand RPE,
but the ensemble collectively represents canonical RL computations
over thescalar variables. Inturn, this circuit may be repeated between
different targets, producing distinct aspects of heterogeneity between
versus within projection-defined populations.

Here, we initially investigate the feature-specific PE model by
focusing on a recent study from our labs’, which provides one of the
most detailed examples of variability between single neurons within
the ventral tegmental area (VTA), the nucleus classically most identi-
fied with an RPE. We recorded DA neurons while mice performed an
evidence accumulation task in a virtual reality (VR) T-maze. Although
neurons respond relatively homogeneously to reward, during the
preceding cue period, they respond heterogeneously to many task
features’. Our feature-specific RPE model explains these data, whereas
outcome-specific models cannot. We also demonstrate that our
model can be integrated with the outcome-specific PE framework to
explain aspects of substantia nigra pars compacta (SNc¢) DA neuron
heterogeneity?.
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Our model offers several key insights. First, the contrast between
the outcome- and feature-specific models predicts, testably, that dis-
tinct aspects of DAergic heterogeneity predominate between versus
within projection-defined DA populations. Second, within the canoni-
cal VTARPE circuit, the feature-specific model explains a striking con-
trast, specifically heterogeneous responses to task variables alongside
uniform outcome period responses””. Thisis a key empirical signature
of the distributed value code but is poorly explained by the earlier
theories. Third, the model retains an algebraic mapping to the standard
theory'?, preserving its successes while improving its match to data.
Finally, the theory connects the puzzling empirical phenomena of
DAergic heterogeneity to a major theoretical question in RL models,
specifically the nature of state. The new model suggests that DA popu-
lation heterogeneity provides an empirical window into how the brain
represents task state.

Results

The feature-specific PEmodel

We consider extensions to the classic scalar RPE model (Fig. 1a). The
classic model aims to learn the value function V(s;) = E[r,+
Vree1 + V2repa + - |s¢] (the expected sum of y-discounted rewards r,
startinginstates,). Inneuroscience and artificial intelligence, atypical
assumption for high-dimensional tasksis that the learner approximates
valuelinearly insome feature basis. That s, it represents the state s, by
avector of features ¢(s,) (henceforth ¢,) and approximates value as a
weighted sum of those features, V(s;) ~ (_ﬁ[ - w. Thisreduces the prob-
lem of value learning (for some feature set) to learning the weights w
and formalizes the state representation as a vector of time-varying
features (Z)t. The linearity assumption is not restrictive because the
features may be complex and nonlinear in their inputs. For instance,
this schemeis standard in deep RL models, which first derive features
fromvideo™®.

In a standard temporal difference (TD) learning model, weights
are learned using the RPE 6, = r, + yV(s, 1) — V(s,) (ref. 40). A typical
cartoon of how these are mapped onto brain circuitryisshowninFig. 1a.
A cortical input population vector for state features projects to value
and RPE stages, corresponding, respectively (because both variables
are scalar), to presumed uniform populations of striatal and DA neu-
rons'?. The RPE drives weight learning at corticostriatal synapses via
ascending DA projections. Previous models that account for DA het-
erogeneity oftenreplace the target r,with additional target outcomes,
replicating this scalar prediction model across parallel circuits
(‘outcome-specific PE models’; Fig. 1b)**:474¢,

In contrast, we propose a new ‘feature-specific RPE model’. This
model relaxes the unrealistic anatomical assumption of complete,
uniform convergence from vector state to scalar at the corticostri-
atal stage of this circuit (Fig. 1c). In fact, projections are topographic
at each level of this circuit®?***, If different striatal units i preferen-
tially receive input from particular cortical features ¢, ,, then value
will itself be represented by a distributed feature code’ V;, = w,,.. In
turn, DA neurons preferentially driven by each ‘channel’ will compute
feature-specific RPEs
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where Nis the number of channels. Due to linearity, the aggregate
response (summed over channels i) at both the value and RPE stages
reflects the original scalar variable. Thus, assuming that the ascending
DAergic projection is sufficiently diffuse in order to mix the channels
before the weight update, the model corresponds algebraically to the
classic model but with a more realistic anatomical mapping.

In short, nonuniform convergence from state to value layers,
and fromthere to RPE, implies value and RPE stages that reflect input
feature variation but preserve the scalar RPE computational (Fig. 1a)

due to linearity. This insight holds under more realistic models in
which channels partially mix at each step due to limited conver-
gence (for example, if a feature at any stage is the average of several
input features).

Although still stylized, this account represents a more realistic
picture than the traditional scalar model. Itaccommodates the known
topography in the projections from cortical inputs to medium spiny
neurons (MSNs) and from MSNs to DA units®>***%, as well as physiologi-
cal findings that both input populations show heterogeneous tuning
to similar features as do the DA neurons**$™,

Even before specifying a feature basis, these properties
imply several aspects of the heterogeneous DA response. Consider
times when primary reward is not present, such as during the cue
period in Engelhard et al.’. Here, r,= 0, and equation (1) reduces to
6ir = Wi(¥Pir+1— Pir) s €ach DA unit reports the time-differenced
activity in its feature weighted by w;, its own association with value.
Depending on what the features i)t are, this would explain DAergic
response correlations with different, arbitrary covariates; if some
feature ¢;is task relevant, it will have nonzero w; (with asign determined
by ¢/'s partial correlation with value given the other features), and its
derivative will correlate with a subset of neurons.

Conversely, at outcome time, most modeled RPE units should
respond differentially for reward versus nonreward (due to r,being
shared across channels in equation (1)), as in Engelhard et al.’. This
reward response may also be modulated by its predictability due to
eachchannel’sshare of the temporal difference, w;(y@; 1 — @), but
isunlikely to be perfectly canceled by most individual features. Finally,
because the standard RPE 8, is equal to the sum over all channels ;6 .,
the model explains why neuron-averaged data (or bulk signals as in
photometry or blood oxygen level-dependent signal), as often
reported, resemble TD predictions even potentially in the presence of
interneuron variation.

Deep RL network to simulate the feature-specific PE model

To simulate the feature-specific PE model in a specific task, we must
specify basis functions for the task state. We consider our previously
reported experiment in which mice performed an evidence accumu-
lation task in VR while VTA DA neurons were imaged’ (Fig. 2a). Mice
navigated inavirtual T-maze while viewing towers that appeared tran-
siently to the left and right and were rewarded for turning to the side
with more towers.

To simulate the vector of feature-specific PEs (here, RPEs), we
trained a deep RL agent on the same task that the mice performed
in VR to derive a vector of features and, in turn, a corresponding
distributed code for values and RPEs (Fig. 2b). We used a neural net-
work to map the visual images from the VR task to 64 feature units
(via convolutional layers for vision and then recurrent units for evi-
dence accumulation; see Methods). These features were used as
input for linear value prediction (as described above, producing the
feature-specific RPE that sumsto the traditional scalar RPE) and action
selection (left, right or forward) at each step. We trained the network
to perform the task using the A2C algorithm®. Note that neither A2C
nor our model uses the feature-specific RPEs individually for training
(only their sum).

After training, the agent accumulated evidence along the maze to
choosethe correctside with accuracy similar tomice (Fig. 2c; thisand
later results are consistent in an independent training run; Extended
Data Fig.1). A minimal abstract state space underlying the task is two
dimensional, consisting of the position and the number of towers seen
(left minus right) so far. State features from the network are tuned to
different combinations of these features, implying that they spanarel-
evantstaterepresentation for the task (Extended DataFig. 2). Further,
the scalar value function output by the trained agent is modulated by
trial difficulty, meaning that the trained agent can predict the likeli-
hood of reward (Fig. 2d).
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Fig.2|Feature-specific RPEs derived from a deep RL model trained ona VR
evidence accumulation task are heterogeneously modulated by behavioral
variables during the cue period, similar to DA neurons. a, Schematic of the
VR task. Mice accumulated visual evidence (cues) as they ran down the stem of
aT-maze and were rewarded if they turned to the side with more cues. b, A deep
RL network was trained to play the game by transforming video frame input to
value predictions and anaction choice. The green layer (long short-term memory
(‘LSTM’)) served as a feature set for per-feature value predictions and feature-
specific RPEs. ¢, Psychometric curves showing the performance of the mice and
model after training. The fraction of right choices is plotted as a function of the
difference of the right and left towers presented on the trial. For the mice, the
gray lines denote the average psychometric curves for individual sessions, and

Contra cue onset (s)

Ipsi cue onset (s)

theblack line denotes alogistic fit to the grand mean. Error barsindicate s.e.m.
(mice, N=23sessions; model, N=5,000 trials). d, The deep RL model’s scalar
value (sum over units in vector value) during the cue region decreases with trial
difficulty. No., number. e, Feature-specific RPE unit activity with respect to the
view angle of the agent (minimum-maximum normalization; top, example unit;
bottom, all units). f, Same as e but for position of the agent in the final 15 cm

of the maze. g, Same as e and fbut for left (red) and right (blue) cues; norm.,
normalized. h-j, Same as e-g but for the subset of neurons from Engelhard et al.”
tuned to view angle of the mice (h), position (i) and contralateral (red) and
ipsilateral (blue) cues (j). Fringes represent +1 s.e.m.; Contra, contralateral; Ipsi,
ipsilateral. Inh and i, peak-normalized AF/F signals are plotted, whereas inj, cue
kernels are plotted from an encoding model.
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Heterogeneous cue period responses in feature-specific RPEs
In our prior imaging of DA neurons, our key finding during the cue
period was heterogenous coding of variables such as view angle, posi-
tionand cue side’. This heterogeneity was followed by relatively homo-
geneous responses to reward during the outcome period.

We first sought to determineif the simulated feature-specific RPEs
had similar heterogenous tuning. We first considered the view angle
duringthe central stemof the maze. Feature-specific RPEs displayed idi-
osyncraticselectivity across units for the range of view angles (Fig. 2e),
which qualitatively resembled our previous results from DA neuron
recordings (Fig. 2h). A subset of RPE units showed position selectivity,
including both downward and upward ramps toward the end of the
maze (Fig. 2f), again qualitatively resembling our neural recordings
(Fig. 2i). Finally, asinthe neural data (Fig. 2j), feature-specific units had
idiosyncratic and heterogeneous cue selectivity, including preference
for right versus left cues and diversity in response timing (Fig. 2g).
Similar to the neural data’, we observed clustering of these feature
responses (Extended Data Fig. 3a), with different clusters respond-
ing most strongly to cues, position or choice (Extended Data Fig. 3b).

Reward-irrelevant responses in feature-specific RPEs

In neural data, DA units correlate with task features that appear to be
rewardirrelevant’. In the model, the network’s need to extract relevant
task state from high-dimensional video input implies the possibility
that reward-irrelevant aspects of the input may ‘leak’ into the state
features and then into the feature-specific RPEs, even if they average
outinthescalar RPE. Although we do notintend backpropagationasa
mechanistic account of how the brainlearns features, it illustrates how
ascalar objective (predicting scalar reward) imposes few constraints
onupstream feature representations.

We thus sought to investigate the coding of reward-irrelevant
visualinformationin the feature-specific RPEs of the agent. We focused
onunambiguously reward-irrelevant visual structure in the task, spe-
cifically, the incidental background patterns on the wall in the maze
stem (Fig. 3a). This pattern repeats every 43 cm. This period is visible
as banding in the matrix of similarity between pairs of video frames
and as peaks in the autocorrelation-like function showing the aver-
age similarity as a function of the distance between frames (Fig. 3b).
To investigate whether these irrelevant features are present at the
level of the feature-specific RPEs, we repeated the same analysis on
them. To ensure that the network inputs reflect the structure, for this
analysis, we exposed it toamaze traversal with afixed view angle. The
feature-specific RPEs show the same pattern of enhanced similar-
ity at the 43-cm period, reflecting the irrelevant features (Fig. 3¢,d).
This effect remains a prediction for future neural experiments
because, in the mouse experiment, the patterns cycled too quickly
(more than once per second at typical running speed) for any cor-
relations with DA responses to be resolvable. Note that this patternis
not present in the scalar RPE, indicating that training eliminates task-
irrelevant features from the aggregated, but not the individual, RPEs
(Extended DataFig.4).

Cueresponses are consistent with feature-specific RPEs
Although our modelimpliesidiosyncratic and task-irrelevant tuningin
individual DA neurons, it also makes a fundamental prediction about
the nature of these responses. In general, we expect that units that
appear torespond to some feature (such as contralateral cues) do not
simply reflect sensory responses (the presence of the cue) but rather
should be further modulated by the component of RPE elicited by the
feature. This could be particularly evident in the response averaged
over units selective for a feature.

We thus performed a new analysis and subdivided cue-related
responses (which are largely side selective in both the model and
neural data; Fig. 2g,j) to determine whether they were addition-
ally sensitive to the RPE associated with a cue on the preferred side.
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Fig. 3 | Feature-specific RPEs reflect incidental high-dimensional visual
inputs. a, Similarity matrices of the video frames, which measure the similarity
between pairs of video frames (quantified by the cosine of the angle between
them when flattened to vectors) across different position combinations. The off-
diagonal bands correspond to the wall pattern repetitions (see video frames for
positions 0 cmand 43 cm at the insets above). b, Average similarity as a function
of distance between frames, indicating that the average similarity peaked at the
same position lag (43 cm) for video frames; Avg., average. The dataincand d are
the same asinaand b but with feature-specific RPEs.

For this, we distinguished confirmatory cues, those which appear
whentheir side has already had more cues than the other and therefore
(due to the monotonic psychometric curve; Fig. 2c) imply anincrease
in the probability that the final choice will be correct and rewarded
(that is, positive RPE), from disconfirmatory cues, whose side has
had fewer towers so far and therefore imply decreased probability of
reward (Fig. 4a). As expected, responses from the population of cue
onset-responding feature-specific RPE units were stronger, on average,
for confirmatory cues thanfor disconfirmatory cues (Fig. 4b), reflect-
ingthe component of RPE associated with the cue. We next reanalyzed
our previous DA recordings based on this same insight. Consistent
with a contralateral cue-specific RPE, the responses of cue-selective
DA neurons were stronger for confirmatory contralateral cues than
for disconfirmatory contralateral cues (Fig. 4c). Importantly, the fact
that these cue-responsive neurons are overwhelmingly selective for
contralateral cues implies that these responses, combined across
hemispheres, simultaneously represent two separate components of
avector of feature-specific RPEs (as opposed to a classic scalar RPE).
We confirmed this by further separating the neural response between
neuronsrecorded fromeach hemisphere (Extended DataFig. 5a,b). As
inthe model (Extended DataFig. 5¢,d), responses to cues contralateral
to each side both distinguish confirmatory from disconfirmatory cues.

Uniformresponses to reward at outcome period

In addition to explaining heterogeneity during the cue period, the
feature-specific RPE model also explained the homogeneity of the
neural responses to reward during the outcome period. Reflecting the
standard properties of an RPE, the simulated scalar RPE (averaged over
units) responded more for rewarded trials than for unrewarded trials
(Fig.5a). Because thisaspect of the response arises (equation (1)) from
ascalar reward input, it is consistent across units (Fig. 5b), matching
the neural datafrom our experiment (Fig. 5c) and the widely reported
reward sensitivity of DAergic units.
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toreward but show heterogeneous modulation by reward expectation.

a, Scalar RPE (sum of feature-specific RPE units) time locked at reward

time for rewarded (magenta) and unrewarded trials (gray). b, Histogram of
feature-specific RPE units’ responses to reward minus omission at reward time
(P=4.47 x10™2for a two-sided Wilcoxon signed rank test; N = 64). The yellow
line indicates the median. ¢, Same as b but with allimaged DA neurons’, using
averaged activity for the first 2 s after reward delivery baseline corrected by
subtracting the average activity 1 s before reward delivery (P=1.43 x 10 for
atwo-sided Wilcoxon signed rank test; N=303).d, Scalar RPE time locked at
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reward time for rewarded trials split by hard (light blue) and easy (dark blue)
trials, defined as trials in the bottom or top tercile of trial difficulty and measured
by the absolute value of the difference between towers presented on either side.
e, Histogram of feature-specific RPE units’ responses to difficult minus easy
rewarded trials at reward time (P = 0.033 for a two-sided Wilcoxon signed rank
test; N=64), with the medianindicated by the yellow line. There are two outlier
data points at 0.12 and 0.29 for a feature-specific RPE unit, showing strong
reward expectation modulation. f, Same as e but with the averaged activity

of DA neurons’ corrected by their baseline activity 1 s before reward delivery
(P=2.95x107for atwo-sided Wilcoxon signed rank test; N=303).

Equation (1) also implies a subtler prediction about the feature-
specific RPEs, which is that the modulation of this outcome response
by thereward’s predictability should be more variable. This is because

it arises from the feature-specific value terms in equation (1). In this
task, reward expectation can be operationalized using the absolute
difference in tower counts (trial difficulty; Fig. 2c); that is, reward is
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of the SRmodel to produce sensory PEs. The model was trained on the same state
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c,d, Same asin b but for position (c) and left (red) and right (blue) cues (d).
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Outcome period

-

— Rewarded 9
Unrewarded

Averaged
sensory PE
o

1
o
o

Time steps from reward

. P=0.97 . P=059
I
I

10 :

0

| P
I
|
1
I
I
|
|
0.2 0 0.2 -0.2 0 0.2
Outcome response

(Rewarded trials - (Hard trials -
unrewarded trials) easy trials)

Number of units

disconfirmatory (gray) cues shows a stronger response for disconfirmatory cues.
Error barsindicate +1s.e.m. (N = 64).f,Sensory PE averaged across units split by
rewarded (magenta) and unrewarded (gray) trials (at the time of reward). g, Same
asfbut for easy trials (dark blue) and hard trials (light blue), defined as in Fig. 5d.
h, Histogram of the difference in sensory PE units’ responses at reward time for
rewarded minus unrewarded trials, with the yellow line indicating the median
(P=0.97 for atwo-sided Wilcoxon signed rank test; N = 64). i, Same as h but for
easy versus hard trials. Only rewarded trials are included (P = 0.59 for a two-sided
Wilcoxon signed rank test; N = 64).

more unexpected following a more difficult discrimination (Fig. 2d).
Accordingly, the simulated scalar RPE was larger for rewards on hard tri-
alsthanoneasytrials (Fig. 5d and Extended DataFig. 6). However, when
broken down over individual units, the effect varied widely (Fig. 5e),
although the median of individual units was consistent with the scalar
RPE (P < 0.05, two-sided Wilcoxon signed rank test). A similar find-
ing emerged from the neural data; although, on average, the reward
response was modulated by expectation, this effect varied across
units (Fig. 5f).

SR cannot explain VTA DA heterogeneity

Another candidate account of VTA DA heterogeneity is the SR model
(Fig. 6a)*, which is an example of an outcome-specific PE model
(Fig. 1b). This model posits that DA heterogeneity can arise from the
prediction of different sensory features in parallel circuits, inaddition
to acircuit-predicting reward. We simulated a set of SR error signals
by training an SR model to predict the features produced by the deep
RL network trained on the task and computing their sensory PEs. Like
the neural dataand the feature-specific RPEs, the SR model produced
heterogeneousresponses during the cue period (Fig. 6b—d). However,
these modulations were purely sensory rather than value driven and
thus did not replicate the neural data. For example, responses to dis-
confirmatory cues were stronger than responses to confirmatory cues

(Fig. 6e; opposite to the data and the feature-specific RPEs; Fig. 4b,c)
because disconfirmatory cues are, on average, more surprising. Simi-
larly, the SR model’s outcome period responses are not consistently
modulated by reward (Fig. 6f,h) or reward expectation (Fig. 6g,i), con-
trary to the hallmark feature of VTA DA neurons.

Distributional RL cannot explain VTA DA heterogeneity

Another prominent outcome-specific PE model is distributional RL
(Fig. 7a)”, which posits that parallel channels predict different expec-
tiles of expected future reward. This model captures subtle variabil-
ity in cue and outcome DA responses in classical conditioning?, but
itis unclear if it might explain broader variability in more complex
tasks. We simulated expectile PEs using the features produced by the
deep RL network trained on the task. Because distributional RL uses
acommon reward outcome across all channels, it was able to capture
reward-related aspects of the neural data, including stronger responses
to confirmatory over disconfirmatory cues (Fig. 7e), uniformresponse
toreward (Fig. 7f,h) and modulation by reward expectation (Fig. 7g,i).
Distributional RL was also able to produce some heterogeneity over
responses during the cue period (Fig. 7b-d). Specifically, units varied
intheir response to features like cues or view angle because these are
associated with different outcome distributions. However, because
it combines all features for each PE, the model predicts invariant,
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cue period heterogeneity. a, Schematic for the distributional reinforcement
learning model, which produces expectile PEs. The model uses the same state
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symmetric responses to features that are equivalent with respect to
outcomes, for example, cues or view angles on either side. The promi-
nentside selectivity of DA responsesin the data (for example, Fig. 2h,j)
thus suggests additional variability across neuronsrelated to individual
feature inputs over that accounted for by outcome statistics.

Feature-specific APEs explain SNc DA responses

So far, we have shown that the feature-specific PE model captures,
and outcome-specific PE models fail to match, heterogeneity of DA
responses withinthe VTA. Thisis consistent with our expectation that
outcome-specific PEs are more relevant to heterogeneity between,
rather thanwithin, a DA subpopulation. How does each class of model
explain data from other tasks and other DA populations? DA neurons
in the SNc®”'**? and substantia nigra pars lateralis®® can exhibit quali-
tatively different responses than those in the VTA, which mayrelate to
their striatal projectiontarget. Some SN¢/substantia nigra pars lateralis
DA neurons respond to actions, for example, displaying a transient
increase in firing shortly before action onset, followed by a longer
depression throughout execution'®?*****, In general, action selectiv-
ity in DA responses in the SNc tends to be accompanied by reduced
response to reward®'****_ For example, Parker et al.° recorded DA

terminals in the dorsomedial striatum (DMS) (likely arising from the
SNc) during alever choice task (Fig. 8a). They responded robustly to
contralateral movements (for example, press of the lever contralateral
to the recording site) but (in contrast to classic RPEs observed in the
nucleus accumbens (NAc), a VTA target) showed little modulation to
reward or reward-predicting cues.

Can outcome-specific PE or feature-specific RPE models explain
the apparent tradeoff, across regions, between movement and
reward selectivity? One potential explanation is the APE model**™°,
anoutcome-specific PEmodel comprised of parallel circuits that each
predict different movements (for example, left versus right lever press)
instead of reward (Fig. 8b and Methods).

We compared this model to the feature-specific RPE (Fig. 8c)
in simulations of the Parker et al.® lever choice task, using a hand-
designed feature space (Extended Data Fig. 7a and Methods). We
simulated DA responses from both models, specifically focusing
on PE neurons from the left and right subcircuits in the APE model
and RPE neurons associated with the left and right choice features
in the feature-specific RPE model (Fig. 8d). At choice, these behave
similarly; the units fire more for their preferred action. At outcome,
however, their predictions differ. Due to the r,/Ntermin equation (1),

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-024-01689-1

a Action Outcome b
70%/10%
Left press ]—\”‘[ < ¢
cion 30%/90%
ight press c
Ty < X
Left block/Right block
[
Feature-specific RPE Model
d
&
DA
(vector APE)
e 9
Action Outcome
Leftpress "7 7 T 7:/6 /124
sequence O ) 4 .
Right press 1o ]—‘LJ ]—‘L[ 30?’/90%
sequence (4 [ [4 < X
Left block/Right block
f h
Feature-specific APE model
122}
C
S
5
(3]
z
I |
DA 1Tl Tl

(vector APE)

Fig. 8 | Feature-specific APEs provide a potential explanation for movement-
related heterogeneity in SNc DA neurons. a, Schematic for the Parker et al.®
reversal task. Mice chose between two levers. During aleft block (green), the
left lever rewarded with a probability of 0.7, and the right lever rewarded with
aprobability of 0.1. During a right block (blue), this contingency was reversed.
Identity of the current block (left or right) was unsignaled to the mice and
swapped with a pseudorandom schedule. b, Schematic of the scalar APE model.
The model was trained with features encoding a one-hot representation of

the state (green), scalar action value (blue) and scalar APE (purple). The left
schematic displays the left action-preferring subcircuit, and the right schematic
displays the right-preferring subcircuit; L, left; R, right. ¢, Schematic of the
feature-specific RPE. Input features are the same as the scalar APE modelinb.
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predictions from the scalar APE model (purple) and the feature-specific RPE
model (black) during action execution (left) and outcome (right) in the reversal
learning task®. e, Schematic for a simplified version of the Jin and Costa task*.
Mice chose between two levers, each of which provided a probabilistic reward
after being pressed three times. Reward contingencies are the same asin a.

f, Schematic for the left subcircuit of the feature-specific APE model used on the
Jinand Costa® task. g, Activity of the DA neurons in the feature-specific (left)
and scalar (right) APE models during the task. Neurons are sorted by peak onset.
Black horizontal lines separate the neuronal activity profiles. h, Activity of the
state (green) and DA neurons (purple) in the feature-specific APE model before
(top) and after (bottom) chunking. Black horizontal lines separate the neuronal
activity profiles.
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feature-specific RPE neurons respond to reward, whereas APE neurons
do not. Thus, although the feature-specific RPE model can produce
units tuned to different movements, it does not explain the tradeoff
between action selectivity and reward selectivity. The decoupling
betweenreward and action selectivity suggests that for understand-
ing why SNc-DMS responses differ from VTA-NAc responses, the
principles of outcome-specific PE apply.

However, even within the movement-selective populationin the
SN, there is additional heterogeneity. For example, Jin and Costa®
recordedindividual DA neurons duringa taskinwhich mice had to press
alever multiple times for reward. Most DA neurons had specific pre-
ferred presses (for example, the first or last presses withinasequence).
Differential press-specific tuning is difficult to explain with a classic
APE model. Because later presses are predicted by earlier presses,
tuning for astandard APE unit should uniformly transfer to the start of
the sequence the same way it classically does in the scalar RPE model.
However, press-specific heterogeneity could reflect feature-specific
computation within each APE circuit (Fig. 8f).

To assess whether a feature-specific APE model could account
for these results, we augmented the choice task from Fig. 8a with a
requirement of three presses of the lever toreceive the reward (Meth-
ods and Fig. 8e). To create predictions for DA responses on this task,
we compared the standard APE model to afeature-specific APE model
(Fig. 8f) that functions like the feature-specific PE model but uses the
state features to produce a set of PEs for (for example) left presses as
outcomes instead of rewards (Methods). For simplicity, we only analyze
theleft-selective circuits within each of these, but bothinclude parallel
left- and right-selective circuits.

For both models, the state representation encoded the press
count (Extended Data Fig. 7b). In the standard APE model, the result-
ing response peaked at the first press for all neurons (Fig. 8g, right).
By contrast, the feature-specific APE model showed uniform selec-
tivity for press counts across all DA neurons (Fig. 8g, left), with each
neuron reflecting the tuning of its upstream state feature. Thus, the
feature-specific APE recapitulates the experimentally reported press
selectivity?®. Furthermore, each feature-specific DA neuron exhib-
ited a transient decrease in activity after its preferred press due to
the feature-difference term in equation (1). This property has been
observed in SNc DA neurons'®?3%4,

One prediction of our model is that DA heterogeneity should
directly reflect the upstream corticostriatal state features. Jin and
Costa® observed that from day 1to day 12 of training, the proportion
of first- and last-press neurons increased in tandem for both SNc DA
neurons and striatal MSNs. If the population of DA responses is cou-
pled to the upstream code, our model predicts that these changes
imply aremodeling of the upstream population (simulated in Fig. 8h
by changing the state representation in our model so that the first
and last presses are overrepresented; as expected, this induces the
corresponding representational shift at the DA level). This is consist-
entwithevidence that overtrainingis accompanied by a ‘chunking’ of
corticostriatal representations of the action sequence, emphasizing
its starting and concluding actions®.

Discussion

We propose anew theory that reconciles recent empirical reports of DA
response heterogeneity to the classicidea of DA neurons as encoding
RPEs. Most previous work has considered ‘outcome-specific’ PEs that
describe heterogeneity between parallel circuits for predicting differ-
entoutcomes. We introduce acomplementary ‘feature-specific’ model,
where additional heterogeneity arises from the high-dimensional
state input to each such circuit. This model, but not alternative
outcome-specific PE models, produces heterogeneous responses to
task variables but relatively uniform responses to reward, recapitu-
lating empirical results®”. We also test the model’s prediction that
heterogeneous DA responses are not simply responses to sensory

and behavioral features of the task but instead reflect components of
the RPE with respect to the features. Finally, we show how outcome-
and feature-specific PEs combine to explain different aspects of
movement-related heterogeneity in SNc DA neurons.

Feature- versus outcome-specific PEs: physiology

Our central observation is that TD models imply two sources of het-
erogeneity across DA units, specifically heterogeneity arising from the
target outcome (for example, reward) and that arising from the state
input (for example, cues). Most previous theories have explained DAer-
gic heterogeneity by positing multiple distinct error signals, typically
specialized for predicting a different outcome?>#-#345465657 we sug-
gest that within any such circuit, nonuniforminput projectionsfroman
arbitrary population code for state can giverise to diverse responses to
different task events. Collectively, these responses constitute apopula-
tion code over feature-specific PEs for otherwise standard TD learning
to predict (in each circuit) each scalar outcome like reward.

Both sorts of heterogeneity likely coexist, capturing different
aspects of DA heterogeneity. We can differentiate their contributions
in several ways. First, they imply different relationships between het-
erogeneous responses at outcome (to rewards, omissions or pun-
ishments!0121619252758-63) yersys heterogeneous responses to other
task events, including stimuli and movements®”%1516:18,22.26,52,62°65
Outcome-specific PEs imply that variation between neurons in
responses to stimuli ultimately arises from those neurons special-
izing in different outcomes. Thus, these models fail to capture the
coexistencein VTA DA between heterogeneous responses to task vari-
ables alongside a more uniform effect of reward’. This is a hallmark
of afeature-specific RPE, in which different neurons represent differ-
ent stimulus-specific components of a PE for acommon reward. Our
simulations show that different outcome-specific models can either
produce heterogenous coding of cues and task variables by predicting
many outcomes but then fail torespond toreward (Fig. 6, SR) or instead
maintain the overall reward effect by focusing on predicting anarrower
range of outcomes but with limited variability in cue responses (Fig. 7,
distributional RL).

Arelated prediction of the feature-specific RPE is that DA encod-
ing of task features reflects components of RPE rather than strictly
reporting each feature itself. For instance, in our data and in the
feature-specific RPE, DA neurons are tuned for different cues (left
versusright), but each population further distinguishes confirmatory
from disconfirmatory cues (Fig. 4b,c), which differ in their reward
consequences. By contrast, different SR neurons respond to the cues
themselves (Fig. 6d,e). Inthe data, these responses are tied to individual
features, consistent with the feature-specific model’s unique claim
that different neurons represent RPE components for left and right
cues separately. This stands in contrast to a distributional RL model
(Fig.7a)and to classic scalar TD (Fig. 1a), both of which also predict that
cueresponses should be modulated by their reward associations (for
example, confirmatory versus disconfirmatory; Fig. 7e) but wrongly
predict that all neurons should respond similarly to left versus right
cues, which do not have distinct reward associations (Fig. 7d).

Because both frameworks are so general (different PEs can be
defined for any vector of outcomes and also features), we have empha-
sized qualitative predictions that aim to capture what is common
to each family. We have also, for concreteness, used a deep network
model to learn a high-dimensional feature set with which to simulate
the model. However, this model involves several simplifications (for
instance, it does not vary running speed), which means that it can-
not capture some responses reported in the neural data’ and differs
with respect to others (for example, head direction, which is more
constrained in simulation). Another aspect thatis differentin simula-
tionis position-related ramps. Although these arise in simulation and
demonstrate how feature-specific PEs can capture temporally extended
responses, they tend to occur over shorter distances inthe model than
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in DA recordings. A full explanation of positional ramping in DA likely
involves additional considerations (for example, uncertainty) beyond
the current model®.

Feature-specific versus outcome-specific PEs: anatomy
Feature- and outcome-specific heterogeneity should also relate to
anatomy. DA neurons reporting different outcome-specific PEs should
belinkedtotheirtargetsinaclosed loop, meaning this form of hetero-
geneity should be segregated across projection-defined DA popula-
tions. By contrast, heterogeneity arising from feature-specific inputs
may be nested within each outcome-specific circuit and should exist
even within a projection-defined DA population.

We thus predict that the characteristics of outcome- versus
feature-specific PE variation should predominate, respectively,
between versus within different projection-defined DA populations.
Investigating this prediction (by comparing responding within and
between projection-defined DA populations) is the key open empiri-
cal test of our framework. But existing data generally suggest that
heterogeneity related to outcome-specific differences tends to occur
between distinct DA nuclei or targets®®’®, in contrast to the hallmarks
of feature-specific PEs we study here, which occur within the VTA®®
and SNc¢?. Thus, in SNcand DMS, compared to the VTA and NAc, move-
ment responses tend to emerge, whereas reward responses decline (a
combination consistent with outcome- rather than feature-specific
variation; Fig. 8)*'¢'52°%5_Similarly, DA neurons responding to threat
rather thanreward have beenreported in projections fromthe lateral
SNcto the tail of the striatum?, and the differential responsivity to RPE
magnitudes as in distributional RL emerges across DA projections to
distinct striatal subregions®’.

Although anatomical data remain incomplete, they are also con-
sistent with our framework. Consistent with feature-specific variation,
descending inputs to DA neurons (especially from the striatum) are
topographic®>***"*, These afferent neurons reflect similar heteroge-
neity with respect to task features as seen at the DA level***7', Mean-
while, individual DA neuronsinnervate large areas of the striatum*, and
volumetric propagation of released DA may further blur DA’s effect®®’.
This suggests that a limited number of sufficiently nonoverlapping
outcome-specific PE circuits are possible.

APE

Inextending our framework to SN¢/DMS DA movement signals (Fig. 8),
we used an APE model”®?’ inwhich DA neurons hypothetically represent
PEs for future actions. Fusing this idea with feature-specific RPE vari-
ation can, in a unified framework, explain features of DA movement
sensitivity, both within the SNc and between regions (Fig. 8).

However, evidentiary support for a DA APE in the brainis not yet
definitive. Although action-evoked DA responses can decrease over
time?®, as though modulated by predictability, the full signatures of
TD PEs, as observed for reward responses, have not yet been tested.
For instance, a TD APE should transfer to cues that elicit actions, and
‘omission’ of anaction predicted by a cue (say, following ano-go signal)
should inhibit DA.

Notwithstanding this, evidence is also emerging for other
outcome-specific PEs. Forinstance, recent work on DA neurons project-
ing to the tail of the striatum identifies responses to threat or novelty
(again modeled with an outcome-specific PE for these variables) that
declinewithlearning and are associated with responses such as avoid-
ance”’°, Overall, how large-scale DA circuits are organized remains
amajor open question. Our introduction of a distinction between
outcome- and feature-based heterogeneity, nested at different spatial
scales, offers a starting point for organizing that discourse.

Credit assignment and outcome- versus feature-specific PEs
Outcome-specific PE models have typically been motivated as
enabling enhanced function: additional PEs compute additional

quantities?”***##4-4¢ By contrast, feature-specific PEs arise from two
practicalissues. First, distinct closed-loop circuits are needed for each
outcome PE, constraining the scale of such heterogeneity. Second,
each of these circuits requires converging input information about
many state features. These two issues are related; although it seems
inevitable that inhomogeneous state feature input drives response
variation within a projection-defined DA population, the same overlap-
ping ascending projections that constrain the outcome-specific PEs
also promote convergence across these feature-specific PEs.

Such convergence addresses the following central computational
function: credit assignment over multidimensional feature spaces. A
common RPE enables stimuli to compete to explain observed rewards,
eachlearningto explain what cannot be explained by the others. Thus,
if RPE heterogeneity arises from feature inputs rather than outcome
targets, it can be advantageous that they mix (Fig. 1c) rather than
remain separate (Fig. 1b). In Pavlovian conditioning, such competi-
tion is observable behaviorally in the blocking effect” "2

Credit assignment can also be addressed in separate parallel chan-
nels using an outcome-specific architecture via ‘mixture of expert’
modules that may each simplify the problem by focusing on different
subsets of features. This can offer more individualized control to ‘divide
and conquer’ and focus learning on context-relevant dimensions.
One recent model® uses this architecture to suggest a different set
of mechanisms addressing some aspects of the problems we discuss
here. Overall, to what extent the brainrelies on either credit assignment
mechanism remains a question, but the present framework clarifies
how these issues could be examined viabehavioral, projection-specific
and neurophysiological studies. For instance, to whatever extent dif-
ferent DA subpopulations represent RPEs specific to different features,
but without anatomically overlapping projections, their respective
cues should fail to block one another behaviorally.

Population codes for state

Although much RL modeling in neuroscience assumes a hand-
constructed state representation'?, in general, the brain mustlearn or
construct appropriate state features while solving a task. How it does
thisis amajor open question. There have been several recent theoreti-
cal hypotheses addressing how the brain might build states” ", but
there exist relatively few experimental results to assess these ideas.
For instance, behavior alone is relatively uninformative about state,
whereasinthebrain, itis unclear which neural representations directly
play this role. The feature-specific PE model implies that the hetero-
geneous DAergic population itself gives a new experimental window,
from the RL system’s perspective, into the brain’s population code
over state features. Although the framework is agnostic to the feature
set, the various DA responses should reflect it. This should enable new
experiments and analyses to infer the brain’s state representation from
DArecordings and to testideas about how it changes across tasks and
astasksareacquired.
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Methods

Behavioral task

Simulations. At everytrial, the agent was placed at the start of a virtual
T-maze, with cues randomly appearing on either side of the stem of the
T-maze as the agent moved down the maze. On each trial, one side was
randomly determined to be correct, and the number of cues on each
side was then sampled from a truncated Poisson distribution, with a
mean of 2.29 cues on the correct side and 0.69 cues on the incorrect
side. To prevent the agent from forming a side bias, we used a debias-
ing algorithm to ensure that the identity of the high probability side
changed if the agent kept choosing one side”’. To match the procedure
from the mouse experiment, we also oversampled easy trials (trialsin
which only one side had six total cues, and the other had no cues) by
ensuring that they were 5% of the trials. The agent moved down the
maze at a constant speed of 0.638 cm per time step and could also
modulate its view angle with two discrete actions corresponding to
leftand right rotation. A third discrete action moved forward without
changingthe view angle. The cue region was 85 cm, and the cues were
placed randomly along the cue region under a uniform distribution
but with the restriction that cues on either side had a minimal spatial
distance of 14 cm between them. Each cue first appeared when the
agentwas 10 cmfromthe cuelocation and disappeared once the agent
passed the cue by 4 cm. After the cue region, there was a short 5-cm
delay region before the agent’s final left or right action determined their
choice of entering either arm in the T-maze. If the agent turned to the
armontheside where more cues appeared, they received areward. The
agent was also given a sensory input in the model indicating whether
itmade the correct or wrong turn.

Neural data. The task simulated above was a streamlined version of
thatusedinthe mouse recordingsin Engelhard etal.’. Inparticular, the
rules for spacing and visual appearance of cues were the same, but the
model’s simulated controls were simplified (to discrete actions), and
the maze was shorter (to facilitate neural network training). For the
neural recordings, the mice could control their speed and direction of
movement more continuously by running onatrackball and traversed a
maze thathad a30-cmstart region (withno cues),a220-cmcueregion
and an 80-cmdelay region before the T-maze arms. The mean numbers
of cueswere correspondingly larger: 6.4 onthe correctsideand1.3 on
theincorrectside. At reward time, the mice received a water reward if
they made the correct choice; if amouse made anincorrect choice, it
was given a pulsing 6- to 12-kHz tone for 1s. Before the next trial, the
VRscreen froze for1sduring reward delivery and blacked out for 2 s if
the mouse was rewarded or for 5 sif the mouse failed.

VR system and deep RL model
A deep RL network was trained on the evidence accumulation task.
Asinput, the network tookin 68 x 120 pixel video framesin grayscale.
The model had three convolution layers to analyze the visual input, an
LSTM layer to allow for memory and output to three action units and
one value unit. The first convolutional layer had 64 filters, a filter size
of 8 pixelsand astride of 2 pixels; the second convolutional layer had 32
filters, afilter size of 2 pixels and a stride of 1 pixel; and the third convo-
lutionallayer had 64 filters, afilter size of 3 pixels and astride of 2 pixels.
The convolution layers fed into a fully connected layer of 128 units,
whichfedintothe LSTM layer with 64 units along witha second input,
aone-hot vector of length 2, which flagged whether or not the agent
was rewarded at the end of the trial. The reward input into the LSTM
was meant to replicate the sensory input that the mouse experienced
whenitwas rewarded with water or received a tone for failing the trial.
Thehyperparameters for the convolutional layers were optimized with
agridsearchof various filter numbers and sizes trained on supervised
learning for recognizing towers.

We used the same MATLAB VR program (ViRMEn software
engine’®) from the original neural recordings’, which we altered to

accommodate the agent’s movement choices of forward, left and right.
While in the stem of the T-maze, the agent always moved forward ata
constant rate per time step. The constant speed ensured that at every
trial, the agent always took the same number of time steps to traverse
the stem of the T-maze. The agent could choose to rotate left or right,
which would alter the view angle 0.05 radians up to the limit of -r/6
and /6 radians. The agent could also choose to move forward without
changing their view angle. After the delay region in the T-maze, the
agent’s left and right movement would no longer alter its view angle
butinstead determined which arm the agent chose.

For the deep RL agent to interact with the VIRMEn software, we
created a custom gym environment using OpenAl Gym’®. Our custom
VR gym environment defined the forward, left and right movements
the agent could make and sentin the movement choices to the VIRMEn
software, whichin turnreturned updated video frames.

We trained the network to maximize obtained reward using the
Stable Baselines® (version 2.10.1, with Tensorflow 1.14.0) implementa-
tion of the Advantage Actor Critic (A2C) algorithm®. The loss function
fortraining using the A2C algorithm with weight parameters 8, action
attimeta, states,and reward r,is given as

Loss(8) = log m(ay|s;, O)[A(s;, ar|0)] + BIV(s:|0) — G(s¢|0)] — nH[m(:|s;. 0)].

The first term is the actor loss, given as the log of the policy
multiplied by a sample of the advantage A(s;, a;|0) = G(s,|6) — V(s:0) ,
where G(s;|0) = Zf;‘g’s_l[y"rtJr,-] + Vs V(Sp 4 g, |0) 18 @n n-step (defined
as Ny, in the model) Bellman estimator for the return and Vis the
value (critic) function. The second termis the critic loss or the squared
error of the value function estimate with respect to the return G. The
final termis an entropy term, which regularized the policy toincrease
exploration. 8 and n are hyperparameters (listed below) to trade off
the effects of the regularization and losses.

All hyperparameters used for the deep RL agent can be found in
Supplementary Table 1. We trained the model until it reached a perfor-
mance of 80% or higher correct choices, which took 140.8 million time
steps or approximately 900,000 trials. To show that the results were
consistent across multiple starting weights, we retrained the agent with
fresh random weights and found that the new features replicated the
mainresults of the paper (Extended Data Fig.1).

We also ran a few additional simulations to learn more about the
training process. First, pretraining the convolutional layers of the
network to recognize towers and shortening the delay region from
the final tower appearance to the final tower location substantially
reduced training time. The agent was also sensitive to the n.,; hyper-
parameter, which determined the batch gradient size; specifically, a
shorter ng.,, early in training helped with the agent learning the task
above chance, butalonger ng.,, was needed to master the task toreach
the performance we seein the paper. We also trained the network with
only eight LSTM units, but the agent could not learn the task even after
200 million time steps. A larger and overparameterized network was
evidently needed for the agent to understand the task and keep track
of the towers seen, even though the theoretical state space sufficient
for the task is three dimensional (left tower count, right tower count
and position of the agent).

After training, we froze the weights and took the final output
layer of the network before the action and value units (that is, the
LSTM output) as the features for vector value and feature-specific RPE
(equation (1) and Fig. 2b). Note that this just corresponds to decompos-
ing the scalar value and RPE unitsin the original A2C network into vec-
tors, with one value component for every LSTM-to-value weight,and a
corresponding RPE component; that s, the feature-specific RPE model,
being algebraically equivalent to TD, is just amore detailed view of the
A2C critic. In this way, we calculated the feature-specific RPE at every
point in the trial, for a total of 5,000 simulated trials. We defined the
outcome period to be the five time steps before and after the reward.
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We defined the cue period as the first 140 time steps of the maze, which
occurred at the same positions on every trial because the agent always
moved forward the same amount at each time step.

Neural data

All experimental procedures were conducted in accordance with the
National Institutes of Health guidelines and were reviewed by the
Princeton University Institutional Animal Care and Use Committee.
Thisarticlereanalyzes dataoriginally reported in Engelhard et al.’, the
methods of which we briefly summarize here and below’. We primarily
reanalyzed the neural recordings during the VR experiments, in which
we used male DAT::cre mice (N =14;Jackson Laboratory, 006660) and
male mice that were a cross between DAT::cre mice and the GCaMP6f
reporter line Ail48 (N = 6; Ail48 x DAT::cre; Jackson Laboratory,
030328). Allmice were 2-6 months old during their use in the study.

VTA DA neurons were imaged at 30 Hz using a custom-built,
VR-compatible two-photon microscope equipped with a pulsed
Ti:sapphire laser (Chameleon Vision, Coherent) that was tuned to
920 nm. After imaging, we removed trials in which mice were not
engaged in the task, primarily those found close to the end of the
session when animal performance typically decreased. Average per-
formance across sessions on all retained trials was 77.6 + 0.9% after
removingtrials (comparedto 73.3 + 1.1% including all trials). Ultimately,
we used 23 sessions from 20 mice (1session perimaging field, each ses-
sionwithatleast 100 trials and minimal performance of 65%).

After preprocessing the imaging data, we performed motion
correction procedures to eliminate spatially uniform motion and
spatially nonuniform slow drifts. The AF/F was derived by subtracting
the scaled version of the annulus fluorescence from the raw trace (cor-
rection factor of 0.58) and smoothing using a zero-phased filter with
25-point center Gaussian with 1.5-sample point standard deviation.
We then divided AF/F by the eighth percentile of the smoothed and
neuropil-corrected trace based on the preceding 60 s of recording.
After examining AF/F, we only included neurons that were stable for at
least 50 trials. The full dataset we used for reanalysis has 303 neurons
spread across 23 sessions from 20 mice.

Cue period responses

For the heat maps in Fig. 2e-j, each row represents a feature-specific
RPE unit or neuron’sresponse to the behavioral variable rescaled so that
their maximum value is at 1 and minimum value is at 0. The example
plots above show the unnormalized response. For the neural data, we
used the same encoding model from our previous work’ to predict
neural activity with alinear regression based on predictors—including
cues, accuracy, previous reward, position and kinematics—to isolate
temporal kernels that reflect the response to each cue. The code for
this encoding model can be found at https://github.com/benengx/
encodingmodel. To determine which neurons are displayed for the
heat mapsin Fig. 2h-j, we used the same criterionasin Engelhard et al.’.
Specifically, weincluded neurons with a statistically significant contri-
bution of that behavioral variable in the full encoding model relative
to areduced model based on an F-test (P=0.01), with comparison to
null distributions produced by randomly shifted data to account for
slow driftin the data.

Encoding model and clustering analysis

For Extended Data Fig. 3, we adapted the encoding and clustering
models from Engelhard et al.’ to estimate the relative contributions of
behavioral variables to the model’s simulated DA responses and then
clustered themusing a Gaussian mixture model. First, we used multiple
linear regression to model cue period activity, per simulated neuron, as
afunction of three behavioral features: cues, position and the agent’s
choice. Each feature was coded with a group of regressors; we used
the regression to measure the relative contribution (defined in terms
of variance explained) of each group to each neuron’s responses for

clustering (below). Coding of the variables followed that used for DA
neuronsin Engelhard et al.’. Specifically, the cue variables were coded
as event-locked timeseries, with the appearance of left and right cues
convolved with an 8-d.f. regression spline basis across ten time steps of
duration. Position was entered as a third degree polynomial series on
the continuous variable (thatis, weincluded the first, second and third
powers of position). We then chose the optimal number of predictors
using afivefold cross-validation over trials. The agent’s final choice was
coded withthree variables as one-hot vectors, indicating the decision
time foraleft choice, and one and two steps before that. There were no
separate variables for choosing the right arm because we also included
abias variableinthe regression.

For the outcome period, we modeled time steps following reward
using two sets of regressors, representing (by one-hot event-triggered
lagged indicators) the time of reward (onrewarded trials only) and time
of outcome (comprising the time of either nonreward or reward). Each
comprised seven one-hot vectors indicating the event time (reward
and/or nonreward) and the six time steps following. No bias variable
wasincluded.

After regressing cue and outcome period activity, the relative
contribution and Gaussian mixture model clustering procedures were
performedasinEngelhard etal.’. Following Engelhard et al., we defined
the relative contribution for each group of regressors by the reduc-
tioninvariance explained when setting their betas to O (referred toin
Engelhard et al.” asthe ‘norefitting’ method) and then taking the ratio
of these relative to the sum over all features.

Clustering was performed using MATLAB’s ‘fitgmdist’ function on
the matrix of neuron x feature contributions, using 1,000 maximum
iterations, aregularization value of 0.30,100 replicates and the covari-
ance matrix constrained to diagonal. To select the number of clusters,
we used the fitgmdist function to calculate the AIC score for models
with varying numbers of clusters and chose the model with the lowest
AIC score. The AIC score served as a measure of model fit given the
number of parameters calculated by taking the difference between
two times the number of parameters and two times the log likelihood
of the model. After taking the cluster with the lowest AIC scores, we
ordered the relative contribution by those clusters.

Wall texture analysis

In Fig. 3, we identified a repeating wall texture pattern in the maze
by analyzing video frames of a maze with the view angle fixed at 0°
(N=5,000 trials). We calculated the similarity matrix for the video
frames; specifically, given the video frames, we flattened the video
frame ateach time pointinto vectors, mean corrected and normalized
the vectorsand measured similarity for all pairs of frames as the cosine
of the angle between these vectors (concretely, the ith—jth entry of
the similarity matrix gives the cosine of the angle between the video
frames at timesiandj). We also visualized the average, over positions,
of each frame’s similarity to those ahead of it and behind it as a func-
tion of distance. We repeated the same analyses on the feature-specific
RPEs, calculating the similarity in the feature-specific RPEs at each
time point. The feature-specific RPEs here were derived by running
the agent with the trained weights from the normal maze described
above but not allowing the agent to change its view angle in the stem
ofthe maze (always fixed at 0°). For Extended Data Fig. 4, we repeated
the same analysis but calculated the similarity with the position-lagged
scalar RPE instead.

Confirmatory versus disconfirmatory cue responses

We defined confirmatory cues as cues that appeared on the side with
more evidence so far and disconfirmatory cues as cues that appeared
on the side with less evidence so far. If the agent or mouse had seen
an equal number of cues on both sides, the next cue was defined as a
neutral cue. For the neural data, we isolated cue kernels as in Engelhard
et al.” with some modifications. Instead of using contralateral and
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ipsilateral cues, we used predictors, including contralateral and ipsilat-
eral cues with contralateral evidence, neutral evidence and ipsilateral
evidence so far. For Fig. 4b, we selected those feature-specific RPE
unitsthat were modulated by cue onset and the ten time steps after cue
onset, regardless of left or right cues. For Fig. 4c, we selected among
the neurons modulated by cues from the encoding model (N =77/303),
plotting only the units modulated by cues (N = 62/303).

For Extended Data Fig. 5a,b, we applied the same regression for
Fig. 4c to the original data split to recordings from the left and right
hemispheres. For the feature-specific RPE model responses in Extended
DataFig. 5c,d, we split the units to left cue- versus right cue-responsive
units based on the heat maps in Fig. 2g. The units were sorted by eye,
choosing the units that responded to the left and right cues, respec-
tively, at cue onset and throughout the ten time steps after cue onset
and excluding units that responded at cue offset.

Outcome period responses

In Fig. 5a,d, the scalar RPE was calculated by summing the feature-
specific RPE units. For the model responses at outcome time for
Fig. 5b,e, we normalized each unit’s activity five time steps before
and five time steps after reward across 5,000 trials, so the minimum
is 0 and the maximumis 1. We then averaged across trials and took the
response at reward time. For the neural responses at outcome time for
Fig. 5c,f, we matched the original empirical paper® and calculated the
average activity in the first 2 s after the onset of the outcome period
and baseline corrected by subtracting the average activity from the
1-s period preceding the outcome. For the histogramsin Fig.5b,c,e,f,a
two-sided Wilcoxon signed rank test was performed to determine the
Pvalue for the median (yellow line).

SR modeling

We modeled a family of DA responses using a vector of PEs for an SR,
based on Gardner et al.”. For comparability with the feature-specific
RPE model, we used the same network-derived features ¢ from the
feature-specific RPE model (LSTM units from Fig. 2b) as targets for
these successor predictions. Thus, we have a successor feature model
whose weights we learned using Algorithm 3 of Barreto et al.*". Given
the input state ¢ (s,), we trained a set of weights Wto learn a vector of
successor features SF with each SF, trained with its own sensory PE 6,
(Fig. 6a). We z-scored the target features ¢ (s;) before training the suc-
cessor feature model. To calculate the sensory PEs (to match with the
feature-specific PEsin Fig.1c), we trained a weight matrix Wwith rows
w,, such that each successor feature

SFi =@, W 2

Each w;foreach successor feature SF;was then updated using the clas-
sicscalar RPE recursive step; thatis, each has its own sensory PE §;

i = Pic + VSFics1— SFip. 3

We updated each w; accordingly using

Wi —;+ab; P, )

In total, 64 successor features were trained to match with the vector
of 64 input features 43t. We trained using this recursive update for
15,000 trials until the weights converged, using discount factor y = 0.99
andalearning rate a = 0.001.

After training our weight matrix W, we reran the algorithm with
the learned weights frozen to calculate the 64 sensory PEs for the
64 features. In Fig. 6b-d, we generated the heat maps with the same
methods as with the feature-specific RPE model’s results in Fig. 2e-g.
InouranalysesinFig. 6e, we compare the feature-specific RPE model’s
scalar RPE withthe averaged sensory PE, whichis the average over the

64 sensory PEs. The outcome period plots in Fig. 6f-i were generated
the same way asin Fig. 5a,b,d e.

Distributional reinforcement learning modeling

To model the features with a distributional reinforcement learning
model, we adapted a TD-1algorithmto train weights for 31 distribution
channels based on algorithms specified in refs. 27,82 and briefly sum-
marized below. Each channel has two learning rates, a;* for positive
PEs and o;~ for negative PEs, chosen so that the expectiles 7; = ai#
evenlytile therange between O and 1 (exclusive) with a;* + a;~ = 0.001.

The input features for the model were (again, for comparability
with the feature-specific RPE) the z-scored features ¢ from the deep
RL network. We trained weights that mapped the features to distribu-
tional value channels, including a bias term. We trained a set of linear
feature weights for each channel by, at each time step, directly predict-
ing the (y = 0.99 discounted) final outcome of the trial (effectively,
expectile regression or TD-1; this avoids distributional imputation in
abootstrapped TD-0 update).

After training for 15,000 trials, we froze the converged weights to
calculate the 31 expectile PEs for the distribution channels. We then
computed TD-0 Bellman errors at each step with an imputation algo-
rithm® to sample the one-step bootstrap backup value for each of the
31channels fromthe ensemble. Each unit’s per trial positive and nega-
tive PEs were weighted by its a;* and a;~, respectively.

To generate plots for Fig. 7b-i, we repeated the same methods as
inFig. 6b-i, withone difference for the heat maps in Fig. 7b-d; specifi-
cally,inthe heat maps, we used the original ordering of the distribution
channels because the channels themselves already have anatural order
from pessimistic to optimistic channels.

APE models

The APE framework may be formally thought of as the standard RL
setup, but the reward team is replaced with the execution of actions.
Although previous work*?* implemented APE in the manner of the
Rescorla-Wagner rule (that is, without a future-predictive term), we
extended these models to a full TD formulation analogous to Schultz
etal.’. It is worth noting that Rescorla-Wagner is a special case of this
with maximal temporal discounting.

The scalar APE model used to describe the Parker et al.® results
correspondingly used a variant of the typical Q-learning approach.
For a hypothetical DA population with some preferred action a (for
example, left lever press), that s,

8" = lay=a + YV(St01) = V(5D ®)

Va(sy) < Va(s) +n6,". (6)

Here, 6, is the PE at time t and corresponds to the DAergic response.
I, - .is anindicator for the population’s preferred action and is equal
tolifa,=aand O otherwise.y €[0,1]is atemporal discounting factor.
I“(s) denotes the value of state s, which is equal to the expected cumula-
tive discounted number of times a will be executed during the remain-
der ofthe trial. nis alearning rate parameter.

The feature-based APE model used to describe Jin and Costa®® is
similar.Indeed, the approach used to derive it wasidentical; we treated
theactions as being the source of the rewards,

//

a=a

N

Ia,:a

6% = N T W~ )

YV = Vi =

W« w +nd?Pe,. (8)

Here, 6, is the PE at time ¢ for feature channel i and corresponds to
the DAergic response of that DA neuron. N is the total number of
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channels. w?; . is the ith entry in the value weight vector at time ¢. ¢,
isthe ith entryin the state vector at time ¢.

Our models of the Parker et al.° task and the Jin and Costa? task
were essentially the same with some slight differences in their param-
eters,sowe will firstdescribe their shared abstract structure and then
elaborate separately on the parameters. Both tasks began at a ‘start’
state in which levers were presented. To randomize the timing of sub-
sequentactions, the start state had a probabilistic self-transition. After
exitingthe start state, the agent needed to press alever afixed number
times to progress to the outcome states; they chose which lever to
press at each time point according to a softmax policy over the true
reward values for each lever. For each press, they first progressed to
a‘premotor’ state that preceded the chosen lever press state (that is,
led toit with probability 1onthe next time step) and then to the ‘press’
state itself (where the agent that preferred the corresponding action
earned areward of 1). The final choice state similarly had a probabilis-
tic self-transition, after which the agent entered a reward state or an
omission state depending ontheleversit had pulled. Anabstract state
diagram may be found in Extended Data Fig. 7.

In the Parker et al.® task, the agent only needed to press a lever
once to reach the outcome states. The softmax policy has an inverse
temperature 7= 0.25, the start state self-transition has probability
0.8, the preoutcome self-transition has probability 0.95, the temporal
discount factor for the reward model is ygpe = 0.95, and the temporal
discount factor for the APE model s yp = 0.5. Discounting is harsher for
the APE model to match the value used in modeling the Jinand Costa*
task (described below), but we note that the specific values used do not
change the qualitative pattern of the results but only affect the scale of
theresponsesin Fig. 8d (left).

In our simplification of the Jin and Costa® task, the agent needed
topressalever threetimestoreachthe outcomestates. Torandomize
the within-sequence press timing, each of the choice states also has
a self-transition with probability 0.1. The start state self-transition
has probability 0.8. The softmax policy has an inverse temperature
7=0.25, and the temporal discount factor for both the scalar and
feature-specific models is y = 0.5. In general, we believe that harsher
discounting is appropriate for the APE models because the compu-
tational goal of action prediction is presumably preparing a single
upcomingresponse rather than computing along-run average. How-
ever, we note, as described above, that the specific value of ydoes not
affect the qualitative pattern of the results (there are DA neurons with
specific preferred presses that emit a biphasic response and those
neurons will change their tuning in response to changes in tuning
upstream), only the relative magnitudes of the peaks and troughs in
the DA response.

Statistics and reproducibility

We verified reproducibility of the modeling by replicating our analy-
ses on a second independent network run starting from the publicly
posted code. Results from aretrained network are shown in Extended
DataFig.1, which used the same hyperparameters as the original run
and took 162 million time steps to learn. One minor difference was
the scheduling of the hyperparameter ng.,, which we lowered to
20 early in training and increased to 50 for the last 28 million time
steps. The lower ng.,; helped improve performancein partbecauseit
meant that the A2C algorithm had fewer trajectories than it needed
tosample and explore and therefore could more easily learn the task.
After performance was above chance, ahigher ng.,, value was needed
to match the original performance to allow the agent to integrate the
cues across the entire trial to maintain the correct tower difference
count. The plots for Extended Data Fig. 1 were generated the same as
their counterpartsin Figs. 2c-g, 4b and 5a,b,d,e. Most of our statisti-
cal tests were nonparametric and do not make data distributional
assumptions; for some tests, we assumed the data distribution to be
normal, but this was not formally tested.

We also report reanalysis of a previously reported neural dataset’.
Because the data were previously obtained, we did not use statistical
methods to determine the sample size ahead of time, but the number
of recorded neurons (N =303) was at the time of original publication
the largest ever reported number of identified DA neurons in a single
study. Because the original data contained only a single experimental
group, randomization and blinding were not used.

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

Data availability

Both the model and neural data that support the findings of
this study are available on Figshare at https://doi.org/10.6084/
m9.figshare.25752450 (ref. 83). A description of the data canbe found
withthe code at https://github.com/ndawlab/vectorRPE/.Source data
are provided with this paper.

Code availability

Code used for the deep RL model, VR environment and analysis of
thedatatoreproducethe figures canbe found at https://github.com/
ndawlab/vectorRPE/.
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Extended Data Fig.1| Deep RL network retrained with the same task

and adifferent seed. (a) Psychometric curve showing the retrained agent’s
performance, with error bars showing +1s.e.m. (N=1000 trials) (b) Retrained
agent’s scalar value during the cue period decreased as a function of trial
difficulty (defined as the absolute tower difference, blue gradient). (c) Retrained
agent’s feature-specific RPE units’ response to confirmatory (purple) and
disconfirmatory (gray) cues. Response is averaged across cue-sensitive units only
(N=47/64), with error bars indicating +1s.e.m. (d) Retrained agent’s feature-
specific RPE units averaged across trials plotted with respect to view angle. Each
row represents one unit’s peak normalized response to the view angle. (e-f) Same

as (d) but for the agent’s (e) position and (f) left (red) and right (blue) cues.

(g) Retrained agent’s scalar RPE time-locked at reward time for rewarded
(magenta) and unrewarded trials (gray). (h) Same as (g) but for rewarded trials
with different trial difficulties, with hard trials (light blue) and easy trials (dark
blue) defined like in Fig. 5d. (i) Histogram of retrained agent’s feature-specific
RPE units’ response to reward minus omission at reward time (P =4.06e-12 for two
sided Wilcoxon signed rank test, N = 64). Yellow line indicates median. (j) Same as
(i) but for rewarded trials plotted against trial difficulty (P =0.028 for two sided
Wilcoxon signed rank test, N=64).In (j), there is an outlier data point at 0.16 for a
feature-specific RPE unit showing strong reward expectation modulation.
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position in the maze and the cumulative tower difference at that position.
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Extended Data Fig. 3| Feature-specific RPEs clustered to behavioral
features of the task to match Engelhard et al* clustering analysis. (a) Optimal
number of clusters was 3, selected by minimizing the AIC scores for models
with different numbers of clusters. (b) Relative contribution of the behavioral
features including cues, position, choice and reward response for the 64 units
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sorted based on the highest probability belonging to the cluster, with colored
lines on top indicating the cluster identity. Relative contribution is defined as
the percentage of the explained variance for the partial model not including the
variable versus the full model.
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defined as the cosine of position-lagged scalar RPE responses) does not show peaks at position lag 43 cm for the wall-pattern repetition location.
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Laboratory animals All neural data used in this study was previously published data from Engelhard et al Nature 2019.
2 strains of mice were used: either male DAT::IRES-Cre mice (n=14, The Jackson Laboratory strain 006660) or male mice resulting
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