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Animals make predictions to guide their behavior and update those
predictions through experience. Transient increases in dopamine (DA) are
thought to be critical signals for updating predictions. However, it is unclear
how this mechanism handles awide range of behavioral timescales—from
seconds or less (for example, if singing a song) to potentially hours or more
(forexample, if hunting for food). Here we report that DA transients in
distinctrat striatal subregions convey prediction errors based on distinct
time horizons. DA dynamics systematically accelerated from ventral

to dorsomedial to dorsolateral striatum, in the tempo of spontaneous
fluctuations, the temporal integration of prior rewards and the discounting
of future rewards. This spectrum of timescales for evaluative computations
can help achieve efficient learning and adaptive motivation for abroad range

of behaviors.

Animalbehavior is frequently driven by expectations of future rewards.
The nature of these expectations, and how they are updated, isa central
question in behavioral neuroscience. One important source of infor-
mation about future rewards is past rewards. For example, if a course
of action has been producing rewards at a high rate, it may be worth
continuing, rather thanallocating time to alternatives’. Reward rate can
be tracked as rewards received over some window of recent history>>.

Animals also learnthat certain cues and contexts are predictive of
reward. Inreinforcement learning (RL) theory*, agents make a predic-
tion of reward (‘value’) for each situation (‘state’) they encounter. As
they experience events that are better or worse than expected, they
generate a reward prediction error (RPE) that is used to update the
values associated with prior states. RL algorithms have been highly
influential because they can produce effective artificial learning sys-
tems and because RPE signals appear to be encoded by brief fluctua-
tions in the firing of midbrain dopamine (DA) cells®”. DA cells project
widely but especially to the striatum, a key brain node for value-guided
decision-making®’. RPE-scaled striatal DA release'" may engage
synaptic plasticity'*"” to update values and thereby influence
subsequent behavior.

Predicting rewardsinvolves specifying atimescale.In many models,
this timescale is set by a discount factor—how rapidly rewards decline
in value further in the future. It makes sense to discount rewards that
are far away in time—because they are less certain to occur at all and
because working for a distant reward can mean foregoing more imme-
diate opportunities™. Yet some rewards are worth taking considerable
time and effort to acquire. To maintain motivation and avoid choosing
lessfavorable, but faster, gratification, delayed rewards must not be dis-
counted too quickly. Excessive discounting—that s, failure to maintaina
sufficiently long time horizon when making decisions—hasbeenreported
inarange of human psychiatric disorders”, notably drug addiction™.

DA RPEs have been classically considered a uniform, widely broad-
cast scalar signal>”. A single RPE signal implies a single underlying
value, based onasingle discount rate, and so defines asingle timescale
for learning and decision-making. By contrast, animals need to make
decisions, assess outcomes and update their behavior accordingly
over multiple timescales. During rapid production of motor sequences
(for example, birdsong), desirable results are produced by patterns
of muscle activation a small fraction of a second before's; it would
be maladaptive to assign credit to actions performed much earlier.
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Fig.1| DA tempo depends on striatal subregion. a, Rat brain atlas section®®
showing approximate locations of fiber optic tips (circles) within striatal
subregions. Blue circles indicate the locations for the recordings in b. Symbols
indicate recording locations for behavioral tasks as follows: circles indicate
both instrumental and Pavlovian tasks", triangles indicate instrumental

only and diamonds indicate the multiple delay task. For further details, see
Extended Data Fig. 1. b, Example showing simultaneous, raw dLight photometry
from each subregion in an awake unrestrained rat, outside of specific task
performance. Green traces indicate DA signals (470 nm), and gray traces
indicate corresponding control signals (interleaved 415 nm measurements).
Occasional randomly timed sugar pellet deliveries are marked as ‘Click!’ (the
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familiar food hopper activation sound). Scale bars:1s,1% AF/F. c, Left, average
autocorrelogram functions for spontaneous dLight signals in each subregion.
Bands show mean + s.e.m., and darker lines indicate best-fit exponential decay
for the range of 40-200 ms. Data are from n = 13 rats over 15 recording sessions
each; fiber placements n =9 DLS, n=8 DMS, n=9 VS. Right, decay time constant
depends on subregion (one-way ANOVA: F(2,23) =22.9,*P=3.4 x107).d, Left,
average dLight signal change after an unexpected reward click. Right, duration
(at half maximum) of signal increase depends on subregion (one-way ANOVA:
F(2,23) =24.2,*P=2.2 x10°®). To facilitate comparison between rats and regions,
the dLight signal is normalized to the mean peak response (within1s) to uncued
reward delivery. ANOVA, analysis of variance.

By contrast, other behaviors such as hunting can take orders of magni-
tude longer to complete and receive feedback™. Evaluation using mul-
tiple timescales in parallel can better account for animal behavior®!
and also improve the performance of artificial learning systems®>?,

Furthermore, there is now substantial evidence for heterogene-
ity of DA cell firing*** and DA release across distinct striatal subre-
gions™**?, These subregions are components of distinct large-scale
loop circuits®, proposed to serve as distinct levels of a hierarchical RL
architecture®. Specifically, more dorsal/lateral striatal subregions are
concerned with briefer motoric details, whereas more ventral/medial
areas help to organize behavior over longer timescales*. Theoretical
studies have proposed a corresponding gradient of temporal discount
factors across the striatum'. However, the existing evidence for graded
discounting is sparse and inconsistent® >,

Here we report multiple lines of evidence for a gradient across
the striatum of the timescales that determine DA dynamics. We focus
especially on transient (phasic) DA responses to reward-predictive
cues, which we show differ substantially between subregions. We
demonstrate that these differences canbe largely explained by under-
lying predictions that use different timescales to track prior rewards
and discount future rewards. This portfolio of time horizons may
enable animals to make a variety of adaptive decisions within complex
environments.

Results

DA tempo depends on striatal subregion

We used fiber photometry of the fluorescent DA sensor dLight1.3b" to
observe DA release fluctuations in the striatum of awake, unrestrained

rats. We tested the following three standard subregions (Fig. 1a and
Extended DataFig.1): dorsolateral (DLS), dorsomedial (DMS) and ven-
tral (VS; targeting the core of the nucleus accumbens). These receive
distinct patterns of cortical input®® and are often considered to have
distinct ‘motor, ‘cognitive’ and ‘limbic’ functions, respectively*”*,

We first examined spontaneous DA fluctuations, unconstrained
by task performance. DA dynamics were clearly different in each
subregion (Fig. 1b and Supplementary Video 1). DLS signals showed
near-constant, rapid change, whereas VS signals evolved more spo-
radically and slowly***° (Fig. 1c). When presented with a familiar, but
unexpected, reward cue—the click of a hopper dispensing a sugar
pellet—all three subregions showed a DA transient. This transient was
briefestin DLS and lasted longestin VS (Fig. 1d). Previous voltammetry
studies reported that this same reward cue evoked DA selectively in
VS?, but our use of dLight may have revealed DLS/DMS responses that
are too brief to readily detect with voltammetry. Briefer DA signals in
more dorsal regions are consistent with studies showing faster rates of
DA uptake, across species**?, although this alone appears insufficient
to explainthe highly distinct spontaneous DA events in simultaneous
recordings (Fig. 1b).

Distinct timescales for tracking reward history

As DA transients can signal RPE, we next examined how the response to
this reward click in each area is affected by changing reward expecta-
tion. We took advantage of aninstrumental task that we have described
extensively in previous work™*, Well-trained rats make nose pokes,
whichsometimes produce the reward delivery click; reward probabili-
ties shift without warning between 10% and 90% (see Extended Data
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Fig.2| DA prediction errors depend upon subregion-specific reward history
timescales. a, Mean dLight DA signals aligned on the instrumental task nose
poke that may trigger reward delivery click (red) or not (blue). Signals are
normalized to the peak DA response within 1s of unpredictable reward deliveries
(later in the same recording session) and broken down by recent reward rate (in
terciles), with higher reward rates in brighter colors. Histogram above each plot
shows the fraction of signals that significantly depended on reward rate (linear
regression, P< 0.01), consistent with RPE coding after nose poke. Data are from
12 rats,1-3 sessions each (see Extended Data Fig. 1for targets in each rat). Reward
rates were calculated using a leaky integrator of reward receipts (Methods),
choosing the T parameter for each subregion separately to maximize RPE coding
(alternative models of reward prediction or behavioral fits gave similar results;
Extended Data Fig. 2). The bump before nose poke (most prominent for DLS)

is the DA response to an earlier Go! cue, smeared by variability in reaction and

Time (min) Reward rate T (s)

movement times. b, Portions of example recording sessions, for each subregion.
Top, sequence of trial outcomes (rewarded trials indicated by tall red ticks,
unrewarded by short blue ticks). Middle, corresponding reward rate estimated
with aleaky-integrator model. Graphs are color-coded by the terciles of the
reward rate. The decay parameter T was chosen to maximize the (negative)
correlation between the reward rate and the DA response to the reward clicks
(bottom, peak DA change within1s of reward click). ¢, For each subregion: the top
panel shows the correlation between DA values and reward rate as a function of
the decay parameter 7, for the corresponding reward rate plot in b; the bottom
panel shows best-fit 7 for allindividual sessions. The best-fit decay parameter
varies by subregion (repeated measures ANOVA, F(2,39) =23.6,P=2.0 x107).
The strongest correlations are seen in DLS with a shorter time horizon (small 7)
andin VS with alonger time horizon (large 7).

Fig. 2 for task details). Rats adapt their behavior accordingly; in particu-
lar, they are more motivated to initiate trials when the recent reward
rateis high (Extended DataFig.2b,c). As previously reported, this higher
reward expectation alsoreduces the VS DA response to reward delivery
(Fig. 2a, bottom), consistent with (positive) RPE coding. We observed
this patternin DLS and DMS too (Fig. 2a, top and middle), although the

DA transient was brieferin DMS compared to VS and again remarkably
briefin DLS (mean half-width 121 + 16 ms s.e.m.).

Expectations of future rewards canreflect past reward history over
arange of possible timescales**. Although all subregions showed a DA
transient to the reward cue, this was not a ‘global’ RPE signal—it did not
reflect the same underlying reward history timescale in each subregion.
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Fig. 3 | Subregion-specific DA responses to reward-predictive cues.

a, Top, the Pavlovian task consists of four trial types, selected at random, with
differing reward probabilities. Bottom, after training, cues increase anticipatory
head entriesinto the reward port (fraction of trials with beam breaks at each
instant, mean *s.e.m.), and this scales with reward probability. Data shown

are averages from training days 13-15, for n =13 rats. b, During early training
days, rats increase their behavioral responses to all cues, before progressively
learning to discriminate between cues (error bars, s.e.m.; two-way repeated
measures ANOVA showed a significant CUE x DAY interaction, F(28,336) =12.3,
P=0.0001). Points show average head entry in over a 0.5 s epoch just before cue

Training day

onset (black) or just after cue offset (colors; thatis immediately before the time
that reward could be delivered). c, Average dLight signal change for each trial
type after training (days 13-15; n = 13 rats with fibers in DLS (n = 9), DMS (n = 8)
and VS (n=9)).Solid lines indicate rewarded trials, and dotted lines indicate
unrewarded. d, Time course of DA increases to each cue in each subregion over
training (mean + s.e.m.). By the late stage of training (days 13-15), the mean

DA response depended onboth cue identity and subregion (two-way ANOVA,
significant CUE x AREA interaction, F(4, 66) = 6.4, P=0.0002). For more details
on the development of behavior and DA responses, see Extended Data Fig. 4.

To reveal this, we first estimated the reward rate using a simple ‘leaky
integrator’ of rewards?. This model has a single parameter 7—larger t
correspondstoalonger timescale, allowing rewards to better summate
over multiple trials (Fig. 2b). For each recording site, we determined
the 7 that produced the strongest correlation between DA transients
and RPE (Fig. 2c, upper plots). We observed a systematic relationship to
location—best-fit Twas shortestin DLS, intermediatein DMS and long-
estinVS (Fig. 2¢c, lower plots), consistent with aspectrum of timescales
for reward rate estimation. This relationship to location was observed
despite similar behavioral measures of reward expectationin the cor-
responding recording sessions (Extended DataFig. 2).

As an alternative measure of the extent of recent history used to
estimate upcoming reward, we considered how muchreward estimates
are updated by the outcome of each trial***, Smaller updates (lower
‘learning rate’) produce dependence on outcomes over alonger history
of trials**. We determined the learning rate a that maximized DA—RPE
correlations at the reward click (Extended Data Fig. 3). Best-fit a was
highestinDLS and lowestin VS (Extended DataFig.3c), againindicating
that VSis concerned with reward rates estimated over more prolonged
timescales.

Region-specific responses to reward-predictive cues
Beyond simply tracking past reward rate, animals can also learn that
specific cues are predictive of future rewards. The RPE theory of DA
function was developed based largely on DA cell responses to Pavlovian
conditioned cues that predict individual future rewards®’. We therefore
examined DA cue responses during acquisition and performance of a
Pavlovian approach task (Fig.3a). Auditory cues (trains of 2,50r 9 kHz
tone pips) predicted the reward delivery click afew seconds later, with
distinct probabilities (75%, 25% and 0%; Methods). Each trial presented
oneofthe cues, oranuncued reward delivery,inrandom order, witha
15-30 s delay between trials. Rats were trained for 15 d, with 60 trials
of each type per day. Early on, all cues increased the likelihood that
rats would approach and enter the food hopper (Fig. 3b), consistent
with generalization between cues”. Over the course of training (3,600
trials total), rats showed increasing discrimination, entering the food
hopperinproportionto cued reward probability (Fig. 3b and Extended
DataFig. 4).

These Pavlovian cues evoked strikingly different DA responses
in each subregion (Fig. 3c,d). By the end of training, DMS DA showed
strong RPE coding—the 75% cue produced a strong DA transient, the
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25% cue a much smaller increase and the 0% cue a transient dip in DA
(Fig.3c). VSDA cueresponses also scaled with RPE, but showed worse
discrimination between cues, particularly on early training days, and
remained positive for all cues throughout the 15 d of training (Fig. 3d
and Extended Data Fig. 4). Concordant results of VS DA increases to a
learned 0% cue (CS-) have been previously observed and attributed
togeneralization between cues*®. Finally, in DLS all cues evoked much
smaller DA responses (relative to unpredicted reward delivery). This did
notsimply reflect afailure of DLS-related circuitsto learn—the DLS DA
transient at reward delivery was substantially diminished if preceded
by the 75% cue (Fig. 3¢), consistent with an acquired reward prediction.

Weak DLS cue responses reflect very fast discounting
Wereasoned that these distinct subregional patterns could also reflect
distinct time horizons for value computations. If future rewards are
discounted especially fast in DLS-related circuits, even a brief delay
would substantially diminish the value indicated by cues (Fig. 4a). To
assess this potential explanation for our results, we turned to compu-
tational models that address the evolution of value within trials. We
firstapplied astandard, simple modelin which the cue-reward interval
is divided into a regular sequence of sub-states (the complete serial
compound (CSC)*’; Extended DataFig. 5a). Over the course of learning,
value propagates backward along the sub-state chain®’. As expected,
whenwe compared model versions with distinct discount rates, rapid
discounting reproduced the DLS pattern of smaller cue responses
despite a cue-dependent response to reward delivery (Extended Data
Fig.5b-d). Including overlap between cue representations allowed the
CSCto also reproduce generalization between cues early in training
(Extended Data Fig. 5d).

However, this CSC model of the cue-reward interval could not read-
ily account for the slower, poorer cue discrimination in VS (Extended
Data Fig. 5d) and is incapable of reproducing the negative response
to the 0% cue we saw in DMS. This model is not designed to handle
prolonged time horizons that might span multiple trials® (Fig. 4b).
Furthermore, the splitting of experience into discrete, equally fine
sub-states becomes ever more artificial as intertrial intervals get longer
and more variable***,

Slow discountingimpedes cue discrimination by VS DA

We therefore turned to an alternative approach for estimating the
evolution of values, using recurrent neural networks (RNNs)***. In
our composite RNN model (Fig. 4c; Methods), three subnetworks use
RL to generate distinct valuesin tandem®®, each based upon a distinct
discountrate. The model has no discrete states and timeis not explicitly
represented, but rather isimplicit within network population dynam-
ics”. With the sole assumption that discounting is fastest in ‘DLS’ and
slowest in ‘VS, the RPEs generated by the model recapitulated key
distinct features of striatal DA transients (Fig. 4e-g). These include
the diminutive DLS responses as before, but also the negative DMS
response to the 0% cue, and poor VS cue discrimination compared to
DMS (especially earlier in training).

With extended RNN training, the ‘DLS’ and ‘DMS’ responses to
cuesremained relatively stable, but ‘VS’ cue discrimination continued
to improve, eventually also acquiring negative RPE responses to the
0% cue (Extended Data Fig. 6). In other words, a long time horizon
made learning slow, consistent with prior observationsin RL models*®.
With hindsight, this made intuitive sense. If the effective time horizon
encompasses many trials, it will include multiple rewards regardless
of which cueis presented on agiven trial (Fig. 4b). Correctly assigning
value to particular cues is therefore harder, and the discrimination is
slower to learn. By contrast, if the time horizon is comparable to the
durationof asingle trial (as we suggest for DMS), the average outcomes
following distinct cues are very different (closer to the nominal 75%,
25% and 0%) and so learning the distinct associated values canbe more
quickly accomplished.

The idea of distinct timescales thus provides a concise explana-
tion for the subregional differences in cue-evoked DA transients. DLS
responses are weaker because the cuesindicate areward thatis too far
away intime, givenashorttime horizon. VS responses are slower to dis-
criminate, because the rewards that follow each cue are not very differ-
ent, over alongtimehorizon. DMS shows stronger, well-discriminating
responses because its intermediate time horizon best matches the
actual timescale of predictions provided by the Pavlovian cues.

Region-specific discounting in a multiple delay task

To confirm that different striatal subregions discount future rewards
at different rates, we ran another experiment (inanew cohort of rats).
This time, the distinct tone cues indicated distinct delays to potential
reward delivery (0.6,3and 12 s) rather than different probabilities. After
training, rats distinguished between cues in their anticipatory head
entries to the food port (Fig. 5a). Furthermore, in all subregions the
magnitude of the DA response was greater for cues indicating sooner,
rather than later, reward (Fig. 5b), consistent with prior work>**%°,
However, the responses were not identical between subregions—for
example,inVStheresponsetothe cueindicatingabrief delay (0.6 s) was
onlyslightly smaller than to zero delay, whilein DLS it was much smaller
(Fig. 5b). We used these cue responses to estimate a discount rate, by
fitting either exponential (Fig. 5c) or hyperbolic (Fig. 5d) discounting
curves®. Ineach case, we found the fastest discountingin DLS and the
slowestin VS, consistent with our earlier results.

Discussion

Here we have demonstrated a consistent ordering of timescales—DLS
fastest, DMS intermediate and VS slowest—across three very distinct
functional properties of DA transients. This raises the important ques-
tion of how these properties are related to each other. Why should a
more rapid pace of DA fluctuations in DLS accompany faster discount-
ing of future rewards? Why should slower discounting by VS DA accom-
pany more prolonged integration of past rewards?

As noted earlier, one key factor may be the distinct functional
representations across hierarchical levels of cortical-basal ganglia
circuits®****%3 DLS preferentially contributes to briefer, simpler move-
ments that canoccurinrapid successionand requireimmediate feed-
back®*. This faster tempo of information processing is supported by
various features of DLS microcircuitry, including a higher proportion
of fast-spiking interneurons to dictate fine spike timing® and quicker
DA reuptake to ensure error signals are very brief. Changes in DLS
spiking are also typically brief®*®, resulting inarapidly evolving ‘state’
of DLS networks. Such rapid state changes may naturally produce
amore limited time horizon. For example, if a fixed discount factor
were applied at each discrete state transition, a greater frequency of
transitions would produce a faster effective discount rate (Extended
DataFig.7).

This perspective on DLS functionsis complementary to evidence
that DLS is involved in ‘habitual’ stimulus-response (S-R) associa-
tions**®%, The key feature of S-R habits is that they do not take into
consideration the future outcomes produced by actions—butin many
behavioral situations, those outcomes may be simply too remote in
time to be relevant to DLS calculations.

By contrast, VS neurons typically show more prolonged and/or
abstract representations®®’, The more slowly changing state of VS
is likely needed to help maintain a program of behavior over longer
timescales®. Less-frequent transitions between states result in fewer
opportunities for error signals (hence fewer spontaneous DA events)
andlessneedto ensure error signals are briefto avoid overlap with mul-
tiple state transitions. Although some imaging studies have suggested
that VS circuits discount especially rapidly®, our results are instead
consistent with an extensive literature demonstrating a critical role
for VSin avoiding impulsive behavior’, by promoting work to obtain
delayed rewards” ">,
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representation of part of along random sequence of trials within asingle training ~ average over 20 simulations with different seeds. e, Development of RPEs at cue
session, with colors indicating the cue in each trial. At any given moment, an RL onsets across training (mean + s.e.m., average over 20 simulations; see Extended
agent may be estimating the amount of reward that is coming ‘soon’ and updating  DataFig. 6 for extended training). f, Comparison of the pattern of relative sizes of
such estimates based on what happened ‘recently. If the time horizon s long, responses, using RPEs from the RNN model (after 550 training steps) and
‘soon’ can encompass expected rewards across multiple trials, evenif the current observed rat DA responses (averaged across days 13-15). For both model and
trial has a 0% chance of reward. ¢, Schematic representation of RNN model, with dLight data, the largest circle size corresponds to the largest response. Circle
three distinct pools of LSTM units. Each pool receives the same sensory inputs areais proportional to the cue response amplitude with white for positive and
but maintains its own value output based on a distinct timescale (r =2s,10 sor black for negative responses. g, Close-up view of the cue responses shownine.

1,000s; Tis related to discount factor yby y = e~9/7, where dtis the time step
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Fig. 5| Subregion-specific discount rates in amultiple delay task. a, Top, the
task has four trial types (chosen at random), each with a distinct delay to reward.
Colored barsindicate tone pips. Bottom, average pattern of head entries after
training (n =15 sessions, from five rats each recorded on training days 15,20 and
25).b, Left, average dLight signals aligned to the onset of each cue (same sessions
asa;recordinglocations n=15DLS, 8 DMS and 12 VS). Signals are normalized

to the peak response to unpredicted reward delivery (that is zero delay) in the
same session. All subregions show the same ordering of cue response sizes but
differ in their relative sizes. The second peak visible for 0.6 s trials is the response

to thereward delivery cue. Right, quantification of peak dLight DA (within 0.5 s
of cue onset), with circles indicating averages for individual sessions. This peak
depends significantly on both cue identity and subregion (two-way ANOVA,
significant CUE x AREA interaction, F(4,96) =29.3, P=1.3 x1072). ¢, Left, fit of
average responses to different cues, assuming exponential discounting of future
rewards. Right, best-fit exponential decay rate 7 for each session (circles) for each
subregion. rdepends significantly on subregion (one-way ANOVA, F(2,32) =13.6,
*P=5.2x107%).d, Same as ¢, but assuming hyperbolic discounting of future
rewards. rdepends on subregion (one-way ANOVA, F(2,32) =12.8,*P=7.9 x107).

OurPavloviantaskusedastandardsystemsneuroscienceapproach—
cues that convey information about individual trials, with many trials
in each session. However, our results emphasize that animals, as well
astheir neural sub-circuits, do not necessarily processinformationina
corresponding trial-based manner™. Slower discounting in VS may be
important to motivate prolonged work but can retard learning about
cues that only provide information about the next few seconds. AVS
time horizon that can span multiple trials may also explain puzzling
observations of a large VS DA transient as each session begins”. If
the onset of the first trial indicates that the animal is likely to receive
multiple rewards ‘soon, fromthe VS perspective, this should generate
acorrespondingly large RPE.

Alonger time horizon for future rewards in VS was matched by
alonger horizon for tracking past rewards. A relationship between
past and future reward estimation has been previously proposed by
some theories of decision-making and time perception®. However,
this relationship is not obvious within standard RL theory, for which
thediscountrate (y) for future rewards isindependent of the learning
rate (a) that determines the timescale over which past rewards affect
current reward expectations. One possibility is that the past horizon
scales with the future horizon simply due to the need for adequate
data sampling. For example, predicting the rewards to come over the
next minute is likely to be more accurate given multiple samples of
recent 1-min epochs. Obtaining sufficient data may explain why, for
each subregion, the estimated past horizon can be longer than the
estimated future horizon. Furthermore, estimating further into the

futurerequires tracking rewards proportionately further backinto the
past, to achieve an equivalent number of past samples.

We used the fact that phasic DA responses to cue onsets can encode
RPEto probe underlying reward expectations. However, there are other
aspects of DA release dynamics that appear separate to RPE coding and
are thus not accounted for by the RPE-focused models we used here. In
particular, overall VS DA release may be lower during prolonged epochs of
lower reward availability*>’®, even when the spiking of midbrain DA cells
is unchanged™””. Conversely, VS DA can ramp up as animals approach
rewards®’®, directly reflecting the increasing expectation of reward”.
These relationships to reward expectation appear to be VS-specific",
despite our incorporating distinct subregional timescales for reward
rate calculation (Fig. 2a). This aspect of VS DA signaling is likely related
toongoing motivation and vigor and may involve local striatal control of
DArelease®*®', Further investigation of the mechanisms and timescales
supporting motivation-related DA release across striatal subregions is
beyondthe scope of the present work but will be the focus of later studies.

Furthermore, while making multiple reward predictions may be
necessary to supportabroad range of adaptive behaviors?**, we do not
address how the brain may arbitrate between them®. Cortical-basal
ganglia circuits are not strictly segregated but rather show conver-
gence and connection® consistent with overlapping contributions to
behavioral control. A multiplicity of discount rates hasbeen previously
proposed” toberesponsible for choices that are inconsistent over time,
awell-established feature of animal and human economic behavior®*®,
An important question for future research is whether our increasing
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impatience as rewards draw near reflects the progressive engagement
of more myopic DA-dependent valuation systems.
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maries, source data, extended data, supplementary information,
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Methods

Animals and behavior

All animal procedures were approved by the University of California,
San Francisco Animal Care Committee (protocol AN196232). Twenty
adult wild-type Long-Evans rats (15 males) were bred in-house, main-
tained on a reverse 12-h light/12-h dark cycle and tested during the
dark phase. All recordings were performed in an operant chamber
(Med Associates) controlled using custom software in LabVIEW 2017.
Details on instrumental and Pavlovian behavioral tasks have been
published previously™*. For the Pavlovian task, each cue tone (2, 5 or
9 kHz) was presented as a train of pips (100 ms on and 50 ms off) for a
total duration of 2.6 s followed by a delay period of 500 ms. Trials with
oneofthethree cues, or anunpredicted reward delivery (sugar pellet,
with an audible food hopper click), were delivered in pseudorandom
orderwithavariableintertrialinterval (15-30 s, uniform distribution).
Instrumental task sessions used the following parameters: left-right
reward probabilities were (independently varying, randomly selected)
10%,50% or 90% for blocks of 35-45 trials; the hold period before the Go
cuewas 500-1,500 ms (uniformdistribution). Forincluded recording
sessions, the mean number of trials was 300 (range: 164-407).

For the multiple delay task, we again used cues 2, 5or 9 kHz tone
pips (100 ms duration, 50 ms between pips), with each pitch corre-
spondingto adifferent delay period (selected at random for eachrat).
The shortest delay was signaled by a single pip, the intermediate delay
by 17 pips and the longest delay comprised 76 pips (totaling 11.4 s).
Each pip train was followed by a fixed 0.5 s trace period and then the
same sugar pellet reward delivery (at 75% reward probability for all
three cues). Sixty trials of each type were randomly intermixed with
unpredictable reward delivery. Intertrial intervals were randomly
chosen froma uniformdistribution between15and 30 s.

Virus and photometry

Under isoflurane anesthesia, 1l of adeno-associated virus
AAV-DJ-CAG-dLight1.3b (2 x 10" viral genomes per ml; Vigene Bio-
sciences) was slowly (100 nl min™) injected (Nanoject I1l; Drummond)
through a glass micropipette targeting multiple striatal subregions—
ventral (anterior-posterior, AP:1.7, medial-lateral, ML:1.7, dorsal-ven-
tral, DV: 7.0 mmrelative to bregma), dorsomedial (AP: 1.5, ML: 1.8, DV:
—4.3) and dorsolateral (AP: 0.84, ML: 3.8, DV: -4.0). During the same sur-
gery, opticalfibers (400 pm core and 430 pmtotal diameter) attached
to a metal ferrule (Doric) were inserted (target depth 200 um higher
than AAV) and cemented in place. Data were collected >3 weeks later,
to allow for dLight expression. For dLight excitation, blue (470 nm)
and violet (405 nm; isosbestic control) light-emitting diodes were
alternately switched onand offin 10 ms frames (4 ms onand 6 ms off)*".
Excitation power at the fiber tip was set to 30 pW for each wavelength.
Bothexcitation and emission signals passed through Mini Cube filters
(Doric),and bulk fluorescence was measured with a Femtowatt detector
(Newport, Model 2151) sampling at 10 kHz. Time-division multiplex-
ing produced separate 470 nm (DA) and 405 nm (control) signals,
which were then rescaled to each other via a least-square fit®. For the
simultaneous recording of three areas, we used aNeurophotometrics
system®; technical details were very similar except that the control
wavelength was 415 nm and detection was camera-based, sampling at
100 Hz. The fractional fluorescence signal (dF/F) was then defined as
(470-control fit)/control fit.

DA fluctuations alter dLight fluorescence, but absolute fluores-
cencelevelsarealsoinfluenced by several factors that cannot be readily
accounted for (such as the extent of viral expression and the precise
placement of the fiber). Consequently, raw photometry signals are
not directly comparable between subjects (or areas within subjects).
We therefore chose to normalize evoked dLight responses withineach
subjectand subregion before calculating averages. In the case of Pavlo-
vian and multiple delay tasks, the dLight signal was normalized to the
mean peak response (within1s) tounpredictable reward delivery (that

is, zerodelay trials). For the instrumental task, normalization was done
using the peak DA magnitude (within 1s) following reward delivery
(attheSide-Innose poke). The DA response to cues was then estimated
asthe maximumor the minimum normalized response within 0.5 s after
cueonset, whichever had thelarger absolute value (using alswindow
instead did not change results).

Histological confirmation

To verify probe placements, animals were perfused transcardially
with PBS and then 4% PFA. Brains were postfixed in 4% PFA for 24 h,
then placed in30% sucrose in PBS for >48 h and sectioned ata100 pm
thickness withamicrotome. We used immunofluorescence staining to
visualize dLight expression. Brain sections with probe placement were
identified and thenblockedina 0.4% Triton X-100 solution with 5% nor-
malgoatserum for1hatroomtemperature, followed by overnightincu-
bationinarabbit anti-green fluorescent protein (GFP) primary antibody
solution (Abcam, ab290;1:1,000) in PBSinacold room. Sections were
washed three times in PBS for 10 min at room temperature and incu-
batedinan Alexa488-conjugated goat anti-rabbit secondary antibody
solution (1:250) in PBS for 1 h at room temperature. Finally, sections
were washed six times in PBS for 5 min at room temperature and then
mounted onto glass slides and coverslipped using Fluoromount-GTM
Mounting Medium, with DAPI. Fluorescent images were taken using a
fluorescence microscope (Keyence BZ-X810) with a x2 objective lens.
Fiber tip locations from both hemispheres were projected onto the
same side in the atlas space.

Computational models

Trial-level models. For the time-based leaky integrator, the reward
rate was incremented by 1 at each time the rat received a reward and
exponentially decayed with time constant 7 using dV,/dt = -7 + r(¢),
where r(¢) equalsone whenatrial isrewarded and zero otherwise. Twas
varied betweenland 2,500 s, to find the strongest negative correlation
between reward rate and the DA peak after Side-In (within 0-1s, on
rewarded trials; that is positive RPE coding). To estimate the learning
rate, weinstead used atrial-based deltarule. This model tracks a value
that is updated once per trial by V(t) = V(¢ - 1) + a (r— V(t - 1)), where
V(t)isthetrial value attrial ¢, aisthelearningrateandris the outcome
ofeachtrial (O orl). Tofind the best fit, we varied a between O and 1 (in
0.01steps).

To estimate the discounting time constant (7) inthe multiple delay
task, we fit either an exponential (f=b+Ae™") or a hyperbolic
(f=b+A/1+t/1)) curveto the peak DA response evoked by each cue.
For simplicity, in Fig. 5 weignore the 75% probability of reward. However,
the ordering of subregions was preserved if we adjusted for probability
by scaling the cue responses or if we omitted the baseline term b.

Real-time models. The CSC model is a standard temporal-difference
model of conditioning®. Values are defined as a linear function of fea-
turesxandweights w,V, (x) = wx = Zf’zlwt(i)x(i) wherenisthetimesteps
inatrial. The vector x is nonzero only at the t-th element at time step ¢
after cue onset, that s, x (i) = 6;,, where & is the Kronecker & function.
In addition to activating a single distinct feature for each cue, we also
included one shared feature activated by any of the three cues, to allow
for generalization. The weights wupdate accordingto w,,; = w; + ad.e,,
where a is the learning rate (we used a = 0.01), &, is the RPE and e, is an
eligibility trace. The RPEisdefined as 6, = r, + yV; (X;) — V:(X,_1), wherey
is the discount factor. The eligibility trace e, is included to accelerate
learningandupdatedby e, = yAe; + x, where Aisadecay factor (we used
A1=0.98). The CSC model was run separately for each discount factor.
The RNN model, based on an advantage actor-critic architecture,
is composed of LSTM (long short-term memory) units’’. These are
organized as three subnetworks (‘DLS’,'DMS’and ‘VS’) of 32 nodes each,
with internal recurrent connections but without direct connections
between subnetworks. Each subnetwork receives the same copy of the
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sensory inputs at each time point and generatesits own value estimate
using a distinct discount factor. All three subnetworks project to the
same policy component, together generating the probability for taking
anaction (either ‘poke’ or ‘no-poke’). These probabilities are sampled
todeterminethe actionat each time step. We used a time step of 50 ms.

The vector of sensory inputs to the RNN includes the food deliv-
ery click (0 for no-click or 5 for click), auditory cues and background
dimensions. Background dimensions (n =3, all set constantly to 1)
are included to mimic the background or contextual inputs to the
network. The auditory cues consist of 20 dimensions, of which three
are the distinctive one-hot features of the three cues and the remain-
der are set to 1 during all cue presentations to produce similarity
between cues.

Ateachtimestep, the RNN model receives reward feedback. Before
reward delivery, the reward is O for taking the action ‘no-poke’ and
-0.003 for taking the action ‘poke’; that is, there is a small poking cost
to discourage constant poking. If the poke output is maintained on
consecutive time steps, the cost is reduced to 10% of that for the first
poke.Inarewardedtrial, the reward (with value 1) is collected by the first
‘poke’ action after the reward delivery click. We adopted the convention*
that the reward associated with an action a, at time tis denoted as r,, ;.

The network was trained to perform the conditioning task by
minimizing aloss function with three terms,

Lppo = ElL7 (6) + BuL{ (6) = BeL{ ()],

where the expectation was over asequence of time steps withlength T.
We used T=10,000 steps, whichencompasses multiple (-20) trials. We
took the proximal policy optimization (PPO) for estimating the policy
loss, which has the following form®*

LP(6) = min(p,A,, clip (0, 1— €,1+ €) Ay),

mo(als,)
Mo, (aclse)

with a parameter e. The advantage A, includes three components,

where p, = is the probability ratio, whose value is clipped

A = ATRE (1) + ACRE (0) + ASAE (1),
where each termis the generalized advantage estimator (GAE)** from
one of the three subnetworks. Take the VS term as an example and
define 6Y° = r..y + ysV)3, — V/*astheRPEattimet, then

ACRE () = 6, + (WysA) Opr + -+ + (VVS/I)T_[(ST!
where Tis the sequence length and Ais a GAE parameter, analogous to
the A in the TD(A) algorithm??. The RPE to be compared with the DA
signalsis defined as RPE™ (&) = r, + pysV)® — VY5,

The value loss was given by

LYO) = (7S~ VSO) + ("~ Vovs@)) + (' - vos(6))’,
where 7, PMSand P are the accumulated discounted rewards within
the sequence, given the corresponding discount factor for each sub-
network. We used the value right after Tto bootstrap the contribution
fromrewards beyond this sequence. Forinstance, the expected reward
for VS has the following expression:

2vs 7-1 T
P> =T+ Vsl + -+ Vg Tear + Vys Ve

Because yys is very close to 1, the accumulated reward for ‘VS’
subnetwork reflects contributions from multiple trials. Faster discount-
ing for ‘DMS’ and (especially) ‘DLS’ subnetworks results in minimal
contributions from subsequent trials. The entropy term L°represents
the entropy of the probability distribution of taking the two actions
and was added to encourage exploration®®. The parameters used were

asfollows: 8, = 0.8, B, = 0.001and A = 0.98. The discount factor y and
time constant t are related by y = e~9¢7, where dt is the time step and
7 forthe three areas ('DLS’,'DMS’, 'VS') was setto 25,10 sand 1,000s,
respectively. The weights of the network were updated using the Adam
method®, withalearning rate of 0.0005.

Statistics and reproducibility
No statistical methods were used to predetermine sample sizes, but our
samplesizes aresimilar to those reportedin previous publications™?57°,
We removed from analyses six fiber placements that produced
consistently weak DA signals (3 DMS and 3 VS), and we also excluded
all other individual sessions for which the mean peak DA response
to unexpected reward cues was less than 1s.d. (z<1; 20 of 435
fiber-sessions excluded, 2 DLS, 16 DMS, 2 VS). Data collection and
analysis were not performed blind to the conditions of the experi-
ments. Stimulus presentations and trial outcomes were randomized
by computer. Data distribution was assumed to be normal, but this was
not formally tested.

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

Data availability
The datahave beenmade publicly available at https://doi.org/10.5061/
dryad.00000008m.

Code availability
The custom code used for simulation and data analysis is available on
the Berke Lab GitHub page: https://github.com/Berke-lab.
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Instrumental Pavlovian Multiple Delay
Rat # DMS| VS DMS| VS DMS| VS
1065 2L
1066 1L,1R
1088 1L,3R
1089 1R
1105 2R
1106 3L,2R
1107 2R
1277 3L
1278 3L
1299 3L
1300 2L
1301 3L
1358 L,R
1359 L,R
1366 L
1381
1382 R
1413
1414 R
1415 R
1553 3L
1554 3R
1556 3L
1557 2R | 3L
1558 3R 3L

Rat 1278
DMS

rirrrr

Rat 1300
DMS,

| /| ro

Rat 1366
VS

Extended Data Fig.1| Photometry recordinglocations. a, Histology examples hemisphere, and “R” indicates right hemisphere. For the instrumental task,
showing optic fiber tip locations (circled) and dLight1.3b expression (green), numbers (1-3) indicate that multiple sessions were included for that fiber
inDLS, DMS, VS. Scale bar: 1 mm. For all fiber placements, see Fig. 1a. b, Table placement. A subset of data from rats 1065-1107 were previously reported".
showingincluded fiber subregions for each rat and task. “L” indicates left
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Extended Data Fig. 2| See next page for caption.
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Extended Data Fig. 2| Instrumental behavior and alternative RPE fits.

a, Schematic of instrumental task events. Here we focus on DA signals following
the nose poke at Side-In, when the rat discovers if the current trial will be
rewarded (food hopper click) or not (for information about other events, see
refs.11,43). As ameasure of reward expectation, we use “latency” (the time between
initial light on and the rat’s center-in nose poke. b, Example behavioral session
showing fit between latency (log scale, inverted) and recent reward rate. Tick
marks at top show the timing and outcome of each trial (taller red ticks indicate
rewarded trials, shorter black ticks unrewarded). Graphs show latency (5-trial
running average) and reward rate, calculated with a leaky integrator using the T
parameter that produced the strongest (negative) correlation between latency
and reward rate. ¢, Left, best-fit T (to maximize the absolute correlation between
reward rate and latency) for each session in which DLS, DMS and/or VS signals
were recorded. There was no significant behavioral difference between recording

locations (repeated measures ANOVA, F(2,39) =1.72, p=0.197). Middle, the
amount of variance in latency that was explained by best-fit reward rate did

not differ by recording location (repeated measures ANOVA, F(2,39) = 0.180,

p = 0.673). Right, Coefficients of multiple regression examining effects of the
outcome of the preceding 10 trials on (log) latency, separately for each subregion
(same colors as bar charts). d, Alternative estimates of reward expectation
produce similar RPE results. Each column uses the same data and format as
Fig.2a. From left, “reward rate” is also based on a leaky integrator, but using the
tbest-fit tolatency (as in B/C). “#Rewards in the past 10 trials” is a simple count.
“Actor-critic” uses the Critic value from a trial-based actor-critic model, fitting
the critic learning rate to behavioral latency and the actor a, 3 parameters to left
and right choices. Q-learning uses a trial-based Q-value model, fitting the o and
3 parameters to choices and using Q (chosen action) as reward expectation.
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RPE and DA at reward delivery significantly varies by subregion (one-way ANOVA,
F(2,39)=23.2,p=2.2x107%). The strongest correlations are seen in DLS with
alarger learning rate (that is faster forgetting of trial history) and in VS with a
smaller learning rate (thatis tracking a more extended history of outcomes).
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Extended Data Fig. 4 | Development of approach behavior and DA cue

responses in each subregion. a, Head-entry behavior developsin a very similar
way regardless of recording site. Data shown are averaged across days 1-3, 7-9 or
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13-15, respectively. b, Same sessions as a, but showing mean DA responses during
each trial type. In all subregions, discrimination between cues increases with

time, but thisisslowin VS. Data are presented as mean + SEM.
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respectively (y=exp(-dt/1)). Evenif the cued reward probability is high (75%),
RPEs at cue onset are weaker when the discount factor is lower (RPEs at reward
delivery are unchanged). ¢, Close-up of the CSC RPE response to the 75% cue.

d, Development of RPEs at cue onsets with training. Note that cue discrimination
islargerifyis closer to1(plotted in more detail in Extended Data Fig. 6).
Overlapping cue representations cause this CSC model to produce a positive RPE
tothe 0% cue early in training, but this fades to zero with extended training.
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Extended DataFig. 6 | Effects of extended model training on cue
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the CSC model at “early” (600 training steps), “middle” (1000) and “late” (3800)
stages of learning, as a function of the time parameter 1. (y =", where dt is the
time step size, here 100 ms). Green dashed lines mark y = 0.95,0.99 and 0.9999
asused in Extended Data Fig. 5. Note that for lowy, all cue responses are small
even after learning since any potential reward is heavily discounted. This CSC
modelinitially shows a positive response to the 0% cue due to overlapping cue
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negative). Middle row, same for an RNN model (early =100, middle =750, late =
1400 training steps, with dt =50 ms). Toisolate the effect of varying time scale T,
this model variant used just a single network (a single t) rather than three. Note
that atearly and middle stages of learning, if tis large (y is close to1) the RNN
model shows less discrimination between cues compared to intermediate T (y),
consistent with the observed difference between VS and DMS. Bottom row,
same as middle row, but also removing the Actor (poking) component. Dataare
presented as mean + SEM.
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Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Custom LabView 2017 code for behavioral control and data acquisition; Neurophotometrics built-in software for subset of data acquisition

Data analysis Custom code: Matlab R2021 for data processing. Python 3.8 for data analysis. Tensorflow 1.1X for network model.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Data availability: The data has been made publicly available on https://doi.org/10.5061/dryad.00000008m.
Code availability: The custom code used for simulation and data analysis are available on the Berke lab Github page: https://github.com/Berke-lab
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Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences D Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No statistical methods were used to pre-determine sample sizes but our sample sizes are similar to those reported in previous publications
(11,28,76)

Data exclusions  We removed from analyses 6 fiber placements that produced consistently weak DA signals (3 DMS, 3 VS), and we also excluded all other
individual sessions for which the mean peak DA response to unexpected reward cues was less than one standard deviation (Z < 1; 20 of 435
fiber-sessions excluded, 2 DLS, 16 DMS, 2 VS).

Replication No replications were attempted.
Randomization  Animals were not assigned to different groups.

Blinding Investigators were not blinded. The specific random sequences of stimuli presented to each rat were controlled by computer, rather than
investigators.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZI |:| ChlIP-seq
Eukaryotic cell lines IZI |:| Flow cytometry
Palaeontology and archaeology IZI |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Antibodies

Antibodies used

Validation

Rabbit anti-GFP antibody was obtained from Abcam (cat# ab290).
Goat Anti-Rabbit Alexa Fluor 488, Abcam (ab150077)

Information on validation is available at the manufacturer's website: https://www.abcam.com/gfp-antibody-ab290.html

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in

Research
Laboratory animals
Wild animals
Reporting on sex
Field-collected samples

Ethics oversight

Wild-type Long-Evans rats were bred in-house. Ages ranged from 6-12 months.
N/A
Both sexes were used, but the study was not designed to provide adequate statistical power for analysis by sex.

N/A

All animal procedures were approved by the University of California, San Francisco Animal Care Committee (protocol# AN196232).

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks

Novel plant genotypes

Authentication

N/A

N/A

N/A
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