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Maximizing future reward is one of the most important 
objectives of learning necessary for survival. To achieve 
this, animals learn to predict the outcome associated with 

different objects or environmental cues and optimize their behavior 
based on the predictions. Dopamine neurons play an important role 
in reward-based learning. Dopamine neurons respond to an unex-
pected reward by phasic excitation. When animals learn to asso-
ciate a reward with a preceding cue, dopamine neurons gradually 
decrease responses to the reward itself1,2. Because these dynamics 
resemble the prediction error term in animal learning models, such 
as that in the Rescorla–Wagner model3, it is thought that dopamine 
neurons broadcast reward prediction errors (RPEs), the discrep-
ancy between actual and expected reward value, to support associa-
tive learning1,2.

In machine learning, the TD learning algorithm is one of the 
most influential algorithms, which uses a specific form of teach-
ing signal called TD error4. The aforementioned Rescorla–Wagner 
model treats an entire trial as a single discrete event and does not 
take into account timing within a trial. In contrast, TD learning 
considers timing within a trial and computes moment-by-moment 
prediction errors based on the difference (or change) in values 
between consecutive timepoints in addition to rewards received 
at each moment. TD learning models explain dopamine neurons’ 
responses to reward-predictive cues as a TD error: a cue-evoked 
dopamine response occurs because a reward-predictive cue indi-
cates a sudden increase in value.

Despite these remarkable resemblances between the activity of 
dopamine neurons and TD error signals, a key prediction of TD 
errors—whether the activity of dopamine neurons follows TD learn-
ing models during learning—remains elusive. An important feature 
of TD learning algorithms, as evident in the classic models1,2, is that 
the timing of TD errors gradually moves backward from the tim-
ing of reward to the timing of cue (Fig. 1a)2,5 (hereafter, ‘temporal 
shift’). This temporal shift is distinct from a change in the relative  

amplitudes between the responses time-locked to the cue and 
reward (hereafter, ‘relative amplitude shift’) (Fig. 1b), which has been 
reported by several previous studies6–11. Although a temporal shift 
of dopamine signals has been historically considered as an impor-
tant feature for the TD error account of dopamine responses11–16, 
it has not been observed in dopamine activity, despite previous att
empts7,8,11,17. On one hand, the lack of such a unique signature of 
TD (even if not all TD errors show gradual shifts18), together with 
other observations indicating complexities of dopamine activity, 
has encouraged alternative theories for dopamine12–15,19 that reject a 
comprehensive account of TD learning. On the other hand, recent 
findings reinforce the idea that dopamine activity follows TD errors 
even for non-canonical activity, such as ramping dopamine signals 
observed in dynamic environments20 and the dynamic dopamine 
signal that tracks moment-by-moment changes in the expected 
reward (value) that unfold as the animal goes through different 
mental states within a trial21.

There are multiple possible implementations of TD models, 
some of which predict that TD errors show gradual temporal shifts 
and some of which do not require this to happen, depending on 
the learning strategy used22–24. In other words, TD errors show a 
gradual temporal shift when an agent takes a specific learning strat-
egy. Thus, depending on the task design, a gradual temporal shift 
in dopamine activity might be observed or might be totally absent. 
Here we employed different task conditions and examined temporal 
dynamics of dopamine cue responses that allowed us to observe this 
long-sought gradual shift. We also modeled and explored the condi-
tions necessary for small shifting signals to be enhanced and, thus, 
easily detected using specific experimental approaches.

Results
Dopamine dynamics during first cue–reward association. The 
activity of dopamine neurons during associative learning has typi-
cally been studied using well-trained animals, and observations 
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of dopamine activity during the learning phase where the tempo-
ral shift is predicted to occur have been limited1,6,11,25,26. We previ-
ously recorded population activity of dopamine axons in the ventral 
striatum (VS), a major target area of dopamine projections, using 
fiber-fluorometry (photometry) while naive animals learned, for 
the first time, to associate odor cues and water reward (classical 
conditioning) in a head-fixed preparation8. During learning in naive 
animals, dopamine axons showed an activity change characteristic 
of RPE—that is, increase of cue responses and decrease of reward 
responses—although we could not observe a clear gradual shift 
of the timing of dopamine response (Fig. 1). This was potentially 
caused by insufficient temporal resolution due to the slow kinetics 
of GCaMP6m27, the Ca2+ indicator used in the previous study8. In 
the present study, we simply increased the delay duration between 
the cue and the reward (Fig. 2). To detect dopamine dynamics, we 
injected adeno-associated virus (AAV) in the VS to express the 
dopamine sensor GRABDA2m (DA2m)28 and measured fluorescence 
changes with fiber-fluorometry (Fig. 2a and Extended Data Fig. 1). 
When naive mice were trained to associate a single odor with water 
reward over multiple sessions, they gradually acquired anticipatory 
licking (Fig. 2b). At the same time, as expected, dopamine responses 
to the reward-predicting cue gradually developed, whereas 
responses to reward gradually decreased (Fig. 2c, left and middle, 

Fig. 2d and Extended Data Fig. 2a, left). In contrast, responses to an 
unexpected reward (free reward) stayed high throughout these ses-
sions (Fig. 2c, right, and Extended Data Fig. 2a, right).

Looking at patterns of dopamine activity in each animal closely, 
we noticed some dynamical changes (Fig. 2c–g and Extended Data 
Fig. 2b): over learning, activity during the delay period (after cue 
onset to water delivery) was systematically altered. We observed that 
dopamine excitation was more prominent in the later phase of the 
delay period (Fig. 2c,f, Late) early on training, whereas, after learn-
ing, cue responses were typically observed immediately after the cue 
onset (Fig. 2c,f, Early). To examine the temporal dynamics of dopa-
mine activity in greater detail, we first tested how the peak of activ-
ity during the delay period changed over learning. We plotted the 
timepoint when the dopamine signal reached its maximum before 
water delivery in each trial (Extended Data Fig. 2c). Next, we fitted 
an exponential function to the peak timing plotted as a function of 
trial number because the timing of the peak plateaued after a certain 
number of trials. In each animal, we observed a consistent shift of 
the peak timing (Fig. 2h). In Fig. 2i, we zoomed in on the learning 
phase, by excluding the later phase where the peak timing had pla-
teaued (did not change any more than 1 ms per trial based on the 
exponential fit). The length of the learning phase was variable across 
animals (Fig. 2j). However, we found that the temporal shift of the 
response peak was reliably observed in all animals, with the average 
shift of about 3.5 ms per trial during the learning phase (Fig. 2i,k). 
This temporal shift was also detected when we analyzed the timing 
of the excitation onset instead of the peak (Fig. 2k and Extended Data 
Fig. 2d,e). To exclude the possibility that the shift is artificially gener-
ated from the analysis, we performed the same analysis using the data 
with trials shuffled (Methods). Compared to the shuffled data, the 
correlation coefficient for the original data was significantly larger 
(P <0.05, repeated 500 times) in six of seven animals (Extended Data 
Fig. 2f). Together, we detected a significant gradual shift of the timing 
of dopamine response in all the animals that we examined both in 
terms of the peak and the excitation onset before reward.

To further confirm the temporal shift of responses, we next 
tested monotonic relationship of activity peak location over trials, 
because linear regression analyses do not distinguish a gradual shift 
and one-step development of cue responses (Fig. 2h–k). Monotonic 
shift of activity peak location in more than two trials is predicted 
only in the temporal shift but not in the amplitude shift (Fig. 1). 
When three trials are randomly picked from the beginning of learn-
ing (two trials) and post-learning phase (one trial), we found that 
the peak location exhibited monotonic shift with a higher prob-
ability than chance level in six of seven animals (Extended Data  
Fig. 3a,b and Methods), supporting the temporal shift.

Of note, the amplitude shift (Figs. 1b and 2e, right) does not pre-
dict dynamical changes of the temporal pattern of cue responses, 
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Fig. 1 | Temporal shift of TD error. a, Gradual temporal shift of TD error 
signal. b, Gradual decrease of dopamine responses to reward and gradual 
increase of dopamine responses to the reward-predicting cue during 
associative learning in previous studies. The activity between cue and 
reward was not clear (dotted line). Rew, reward.

Fig. 2 | Dopamine release in the VS during first-time classical conditioning. a, Both dopamine sensor (DA2m) and optical fiber for fluorometry were 
targeted to the VS. b, Lick counts (five trials, mean ± s.e.m.) during the delay period (0–3 s after odor onset). Dotted lines (left, grey) indicate boundaries 
of sessions. c, Dopamine signals for cued water trials (left and middle, mean ± s.e.m.) and for free water trials (right) in an example mouse. Horizontal 
lines (white, middle and right) indicate boundaries of sessions. d, Dopamine responses (normalized with free water responses) to cued water in all animals 
(grey: each animal; blue: mean ± s.e.m.). e, The temporal dynamics of cue responses in temporal shift (left) and amplitude shift (right). In temporal shift 
(left), immediate cue response (‘Early’, green) develops slower than late phase cue response (‘Late’, magenta). In amplitude shift (right), the immediate 
cue response (green) develops without prior development of responses in late phase (magenta). f, Responses to a reward-predicting odor in an example 
animal (left) and in all animals (right, mean ± s.e.m.). Early: 0–1 s from odor onset (green); late: 2–3 s from odor onset (magenta). g, Difference between 
early and late odor responses (grey: each animal; orange: mean ± s.e.m.). Dopamine activity in the late phase was significantly higher than activity in 
the early phase during the first 2–100 trials (t = 3.3, P = 0.017, two-sided t-test). h, Peak timing of dopamine sensor signal during the delay period (grey 
circles) was fitted with exponential curve (black) in two example animals. The learning phase was determined by trials with more than 1 ms per trial of the 
temporal shift of the peak (red). i, Linear regression of peak timing of dopamine sensor signal during learning phase (circles) with trial number. j, Length 
of the learning phase in all animals. k, Regression coefficients for peak timing and onset timing of dopamine sensor signal with trial number. Regression 
coefficients for both peak and onset were significantly positive (t = 9.4, P = 0.80 × 10−5 for peak; t = 6.2, P = 0.77 × 10−3 for onset; two-sided t-test). Red 
circle, significant slopes (P ≤0.05, F-test, no adjustment for multiple comparisons). n = 7 animals. Center of box plot shows median; edges are 25th and 
75th percentiles; and whiskers are the most extreme data points not considered as outliers. *P <0.05 and ***P <0.001. Rew, reward.
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whereas the temporal shift may exhibit the dynamical shift of relative 
activity during the delay periods (Figs. 1a and 2e, left). Consistent 
with the temporal shift, during early learning, activity during the 
late phase of the delay period was significantly higher than activity 
during the early phase of the delay period (Fig. 2f, magenta ver-
sus green, Fig. 2g and Extended Data Fig. 2b). We also examined 
the center of mass of activity during the delay period (Methods). 
Similarly to the relative magnitude between the early and late phase 
of the delay period (Fig. 2e–g), the center of mass can be biased 
toward the later time window at the beginning of learning in tempo-
ral shift (Extended Data Fig. 3c), whereas that is not the case in the 
amplitude shift. Indeed, we found that the center of mass of activity 
was significantly biased toward the later time period in the early 
learning phase (Extended Data Fig. 3c,d). Thus, these results sup-
ported the gradual temporal shift of dopamine responses instead of 
the amplitude shift model.

Cue responses in dopamine axons during reversal tasks. The 
above experiment showed that there is a gradual shift of the timing of 
dopamine response while naive mice learned an association between 
an odor and reward. However, it remains unknown whether a shift 
occurs in other conditions, in particular in well-trained animals 
with which previous experiments did not report a temporal shift6,8,24. 
We, therefore, next examined dopamine dynamics in well-trained 
animals learning new associations. Specifically, we used a reversal 
learning task: mice were first trained in a classical conditioning task 
for more than 12 days, and the odor–outcome contingency was then 
reversed. Once the contingency was reversed, the same contingency 
was kept over multiple days, and we monitored how dopamine axon 
activity or dopamine concentration in VS develops throughout this 
period after reversal (Fig. 3). Here we focused our analysis on the 
odor that was previously associated with no outcome before rever-
sal and became associated with reward after it (Fig. 3a). Notably, 
in all sessions after the reversal, we kept the same odor–out-
come pairs, so that learning about the reversed contingencies was 
well-consolidated over days, and we continued to measure dopa-
mine activity during this process. We specifically avoided the use 
of novel cue, as it could cause a small excitation in some dopamine 
neurons29,30. The well-trained mice developed anticipatory licking 
within the first session of reversal (Fig. 3b), faster than the afore-
mentioned initial learning (Fig. 2b). When we examined dopamine 
axon activity in each animal, the dopamine signal showed the tem-
poral shift during the delay period (Fig. 3c–e), similar to the initial 
learning but at a faster speed. We quantified the timing of the peak 
activity for three consecutive days after a reversal session and found 
that the peak timing of both dopamine axon activity and dopa-
mine concentration in VS showed a positive correlation with the 
trial number (Fig. 3e, Extended Data Fig. 4a,b and Supplementary  
Fig. 1) and monotonic shift at a higher probability than chance level 

in six of seven animals (Extended Data Fig. 4c). We also observed that 
dopamine excitation was more prominent in the late phase than the 
early phase of the delay period immediately after reversal (Fig. 3f),  
and the center of mass localized to the latter half of the delay period 
in the same phase of reversal learning (Extended Data Fig. 5a). The 
temporal shift of dopamine axon activity was also observed in the 
reversal task when we switched an outcome from aversive airpuff to 
water (Fig. 3d,e and Extended Data Figs. 4c and 5).

We next simultaneously recorded activity of dopamine axons 
in the VS and dopamine cell bodies in the ventral tegmental area 
(VTA) using fiber-fluorometry with GCaMP (Extended Data 
Fig. 6). A gradual shift in the timing of dopamine response was 
observed both in dopamine axons in the VS and cell bodies in the 
VTA (Extended Data Fig. 6b,c), although the degree of correlation 
between the peak timing and trial number was higher in dopamine 
axons in the VS than in dopamine cell bodies in the VTA (Extended 
Data Fig. 6d), suggesting potential diversity of dopamine neurons 
in the VTA.

Dopamine neurons decrease their activity below baseline (‘dip’) 
in response to aversive events, such as airpuff and omission of 
expected reward2,31,32. TD model predicts that gradual temporal shift 
of the error signal could occur also for negative TD error1,33. To test 
whether negative responses also exhibit a temporal shift, we next 
examined activity dynamics during reversal from reward to airpuff 
or no outcome (Extended Data Fig. 7). We found that, at reversal 
from reward to negative outcomes, negative responses were first 
observed during late phases of cue periods (2–3 s after cue onset) 
and then gradually observed during early phases (0.75–1.75 s after 
cue onset, to exclude remaining excitation at cue onset) (Extended 
Data Fig. 7b–e). Here we detected the timing of a trough (negative 
peak) of activity instead of a peak (Extended Data Fig. 7c,c’,f). The 
timing of the dopamine activity trough was gradually shifted and 
positively correlated with trial number (t = 2.6, P = 0.021, t-test; 
Extended Data Fig. 7f). Thus, a gradual temporal shift was observed 
in both positive and negative responses in dopamine activity.

Signals recorded using fiber-fluorometry are inevitably con-
taminated by artifacts caused by movement. To exclude possible 
contributions of motion artifacts in our results, we examined the 
relationship between dopamine signals and licking behavior, which 
is a major source of movement artifacts in recording in head-fixed 
animals (Extended Data Fig. 8). We first examined the peak timing 
of anticipatory licking in each trial. The results showed that antici-
patory licks during learning peaked later than dopamine activity 
peaks (877 ± 180 ms slower than dopamine activity peak). Next, 
we analyzed the timing of the initiation of anticipatory licking. The 
first lick also appeared later than dopamine responses in many tri-
als (427 ± 241 ms slower than dopamine activity peak and 989 ± 
154 ms slower than dopamine excitation onset) (Extended Data  
Fig. 8e,g). With learning, animals tended to increase the vigor of 

Fig. 3 | Dopamine axon activity in reversal learning. a, AAV-GCaMP was injected into the VTA, and an optical fiber for fiber-fluorometry was targeted to the 
VS. b, Lick counts during the delay period (0–3 s after odor onset) with reversal training from nothing to reward (n = 6 animals; three animals with GCaMP 
and three animals with dopamine sensor were pooled). Mean ± s.e.m. for each trial. c, Dopamine axon activity in three sessions after reversal from nothing to 
reward in three example animals. Horizontal white lines (top) indicate boundaries of sessions. Middle, mean ± s.e.m. for each day. Arrowhead indicates the 
peak of the delay period. Bottom, dopamine axon activity peak (grey circles) and exponential curve fitted to peak across trials (black). d, Average dopamine 
axon activity (normalized with free water response) in the first day of reversal from nothing to reward (left, n = 7 animals) and from airpuff to reward (n = 9 
animals). Middle, each line shows population neural activity of eight trials across the session (mean ± s.e.m.). Bottom, linear regression of peak timing of 
average activity with trial number during reversal from nothing to reward (regression coefficient 37.5 ms per trial, F = 70, P = 6.4 × 10−10) and from airpuff to 
reward (regression coefficient 35.5 ms per trial, F = 57, P = 1.2 × 10−8). e, Regression coefficients for peak timing of GCaMP signals with trial number. Regression 
coefficients for peak was significantly positive (t = 7.1, P = 0.38 × 10−3 for nothing to reward reversal; t = 5.2, P = 0.18 × 10−2 for airpuff to reward reversal; 
two-sided t-test). Red circle, significant slopes (P ≤0.05, F-test, no adjustment for multiple comparisons). n = 7 animals for each condition. f, Responses to a 
reward-predicting odor in all animals (mean ± s.e.m.). Early: 0–1 s from odor onset (green); late: 2–3 s from odor onset (magenta). Middle, difference between 
early and late odor responses (grey: each animal; orange: mean ± s.e.m.). Dopamine activity in the late phase was significantly higher than activity in the early 
phase during the first 1/3 of learning phase (t = 3.7, P = 0.98 × 10−2, two-sided t-test). n = 7 animals. Center of box plot shows the median; edges are 25th and 
75th percentiles; and whiskers are the most extreme data points not considered as outliers. **P < 0.01 and ***P < 0.001. Rw, reward.
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anticipatory licking (total number of licks per trial) (Extended Data 
Fig. 8b,c). On the other hand, we did not observe consistent tem-
poral changes of the lick timing (Extended Data Fig. 8d,f). As a 
result, we did not see a trial-to-trial correlation between the timing 
of the dopamine activity peak and the timing of initiation or peak of 
anticipatory licking (Extended Data Fig. 8e,h). Thus, licking behav-
iors cannot explain the observed dynamics of dopamine signals in 
our recording. To control for any other potential recording artifacts, 
we also measured fluctuation of signals of the control fluorescence 

(red fluorescent protein, tdTomato) simultaneously with recording 
of GCaMP signals in some animals (Extended Data Fig. 8a,f). tdTo-
mato signals showed a different pattern of fluctuation compared to 
the GCaMP signals and were not consistent across animals, suggest-
ing that the recording artifacts cannot explain the dopamine activity 
pattern observed in this experiment. Notably, although a significant 
temporal shift was observed in the dopamine activity peak, neither 
tdTomato signal peaks nor the peaks or initiation of anticipatory 
licks showed a significant shift in time (Extended Data Fig. 8f).
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Dopamine dynamics during repeated associative learning. Our 
observation indicates that not only initial learning in naive animals 
but also reward learning with a familiar odor in well-trained ani-
mals exhibit a backward temporal shift of dopamine activity. What 
about learning from a novel cue, which has traditionally been used 
in previous studies6,34? We examined dopamine axon activity dur-
ing learning of a novel odor–water association in well-trained ani-
mals (Fig. 4). As we mentioned above, multiple studies found that 
some dopamine neurons respond to a novel stimulus with excita-
tion, especially when using a cue with the same modality as a previ-
ously learned rewarding cue, likely due to generalization29,35,36. We 
also observed small excitation to a novel odor in dopamine axon 
activity in well-trained animals, which presumably corresponds to 
generalization of initial value (Fig. 4a and Supplementary Fig. 2).  
In addition to the transient excitation at the onset of a cue, we 
found that there was another excitation during the later phase of 
the delay period (Fig. 4a). If we focused only on the later phase of 
dopamine activity, the excitation appeared to be shifting backward 
in time. Hence, we quantified the peak timing. Because there were 
two peaks in some trials, in this case we detected up to two peaks 
instead of detecting only the maximum (Methods and Fig. 4b). 
When we examined the timing of the later peak (the first peak in 
case of one peak or the second peak in case of two peaks) during 

the delay period, we observed a significant correlation between the 
peak timing and the trial number (Fig. 4c), indicating a temporal 
shift over time. The existence of two peaks hampered further analy-
ses of the temporal shifts. The later peaks tend to show monotonic 
shift at a higher probability than chance level in three of five ani-
mals, whereas analyses of relative activity and the center of mass 
may not be applied (Extended Data Fig. 9). These observations 
indicated that detection of temporal shift is not straightforward in 
repeated learning in well-trained animals. However, the temporal 
shift is still detectable if we carefully consider excitation with a novel 
odor, which likely reflects novelty and/or generalized value.

Activity of single dopamine neurons during reversal learning. 
So far, we reliably observed a gradual temporal shift of dopamine 
activity at a population level, either in axons in VS or in cell bod-
ies in VTA during associative learning. These temporal shifts could 
be generated in each dopamine neuron. Alternatively, these shifts 
could be apparent only at the population level—for example, with 
each dopamine neuron responding at a specific delay from the 
cue. To distinguish these possibilities, we imaged VTA dopamine 
neurons expressing GCaMP with two-photon microscopy through 
a gradient refractive index (GRIN) lens37 (Fig. 5 and Extended 
Data Fig. 10a,b) while animals performed a reversal learning task. 
We first analyzed the population activity in a whole field of view 
that includes all dopamine neurons and neuropils in the imaging 
window (Fig. 5d–h). Similar to population activity recorded with 
fluorometry, we observed a gradual backward shift of population 
activity while the outcome associated with a particular odor was 
reversed from nothing to reward (Fig. 5d–g). A significant temporal 
shift of activity peak was observed in an example animal (Fig. 5d,e) 
as well as in the average activity over all animals (Fig. 5f,g; n = 4 
animals). The timing of activity peak was positively correlated with 
trial number in most recordings (seven of eight sessions; reversal 
sessions from nothing to reward and from airpuff to reward from 
four animals are pooled) (Fig. 5h). Next, we analyzed single-neuron 
activity (Fig. 5i–l). We found that some neurons showed gradually 
shifting activity (Fig. 5i,j). Quantification of peak timing revealed 
that most neurons showed a positive correlation with trial number 
(26/35 neurons in nothing to reward reversal and 26/36 neurons 
in airpuff to reward reversal) (Fig. 5k,l). Moreover, the peak loca-
tion exhibited monotonic shift at a significantly higher probability 
than chance level in 14/21 neurons for nothing–reward and 11/16 
neurons for airpuff–reward reversal (Extended Data Fig. 10c). 
Consistent with temporal shift, the neural activity was more promi-
nent in the late phase of cue responses relative to the early phase 
during early learning (Extended Data Fig. 10d,e), and the center of 
mass was localized at the late half of cue/delay period in 23/35 neu-
rons for nothing to reward and 22/36 airpuff to reward (Extended 
Data Fig. 10f). Together, most dopamine neurons in the VTA 
showed a temporal shift of activity during associative learning, even 
if the extent and speed of the temporal shift varied across neurons.

Discussion
Our results demonstrate that a gradual backward shift of the tim-
ing of dopamine activity can be detected in various simple learning 
paradigms. These shifts were observed not only in the population 
dopamine activity (axons in VS, cell bodies in VTA and dopamine 
release in the VS) but also at the single-neuron level. Although such 
a shift has been regarded as one of the hallmarks of TD error signals, 
it has not been reported in previous studies involving recording of 
dopaminergic activity. The shifts observed in the present study thus 
provide a strong piece of evidence supporting a TD error account of 
dopamine signals in the VS and constrain the mechanisms by which 
these signals are computed.

Dopamine responses during learning have been investigated in 
several studies. Hollerman and Schultz6 demonstrated a gradual 
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NATURe NeURoScieNce | www.nature.com/natureneuroscience

http://www.nature.com/natureneuroscience


ArticlesNATurE NEurOSciENcE

decrease in reward response, and many other studies showed a grad-
ual shift in the relative amplitude of cue-evoked and reward-evoked 
responses7–10 (but see ref. 25). Although the concurrent increase and 
decrease of the amplitudes of cue and reward responses (amplitude 
shift) is consistent with TD models, this can be explained by many 
alternative models12–15 or even much simpler learning models, such 
as the Rescorla–Wagner model that does not have the notion of 
time within a trial. One critical feature that is unique to TD learning 
models is a gradual shift in the timing of TD error. In these models, 
there can be multiple ‘states’ that tile the time between salient events 
(for example, cue and reward). As an agent traverses (or as the time 
elapses) from one state to the next (St to St+1), TD error (δ) is com-
puted over the adjacent two states,

δ = rt+1 + γV (St+1)− V (St)

where rt+1 is the reward the animal has just received; V(St) is the 
value of the state at time t; and γ is a temporal discount factor (0 ≤ 
γ ≤ 1). Based on TD error, the value of the previous state V(St) is 
updated using a local learning rule defined by

V (St) ← V (St) + αδ

where α is a learning rate (0 ≤ α ≤ 1). Because of the local nature 
of value updating in simple TD learning models, such as TD(0)5, 
learning is incremental: the value of reward must gradually propa-
gate over multiple states backward in time over multiple trials until 
it reaches the time of cue onset. As the ‘frontline’ of value moves 
backward in time, TD error also moves backward in time as TD 
error reflects a ‘change’ in value that occurs at the frontline of value. 
In short, the timing of TD error gradually shifts backwards because 
of incremental learning over multiple states. Thus, our observation 
of gradual shift of timing of dopamine responses indicates multiple 
states between cue and reward and is consistent with the basic prin-
ciple upon which TD learning algorithms operate.

It should be noted that the present data do not allow us to deter-
mine how many states exist between the cue and reward. The pres-
ence of shift depends on the existence of intermediate state(s) rather 
than the number (or size) of states. For example, Schultz et al.2 used 
50 states, but similar models that contain at least one or two states, 
or more, between cue and reward would all produce a ‘gradual’ 
temporal shift between cue and reward (Supplementary Fig. 3). 
The state representation in the brain could be also more continu-
ous (for example, using recurrent dynamics) rather than discrete 
states assumed in many of these models and also contain some 
trial-by-trial stochasticity, which would make the estimation of the 
number of states difficult. Notably, our analysis did not assume a 
particular number of states. Thus, our conclusions do not depend 
on how many states are there. Our results support a continuous 
gradual shift, at least in some cases, but cannot resolve exactly how 

many states are present. We hope that future studies can address the 
exact nature of state representation.

Although many forms of TD learning models predict a tem-
poral shift of the TD error signal, previous studies have failed to 
detect such a shift in dopamine activity during learning. What 
could prevent the detection of a temporal shift? First, we consider 
various differences in recording methods. Fluorometry signals 
using Ca2+ indicator and dopamine sensor show slower kinetics 
than spike data and can be approximated by a slowly convolved 
version of the underlying spiking activity20. To qualitatively exam-
ine whether this slower kinetics contributes to detection of tem-
poral shift, we simulated TD errors with different parameters 
and then convolved the TD errors with GCaMP’s response to 
mimic the slow sensor signals (Methods). Our simulation analy-
sis indicated that the mere convolution of TD errors with a filter 
mimicking fluorometry signals20 exaggerates small signals dur-
ing the temporal shift (Fig. 6a–d). Of note, the temporal shift is 
not observed by convolution when the original model does not 
exhibit a temporal shift, such as a learning model involving a 
Monte Carlo update (Fig. 6e,f). In contrast, TD models (TD(0) 
and TD-λ in this example; Methods) show a clear (TD(0)) or a 
very small (TD-λ) ‘bump’ shifting backward in time in the origi-
nal model (Fig. 6a–d). Because these bumps, even if small, spread 
over some time windows, the convolution with a slow filter  
(kernel)20 accumulates these signals over time and ‘amplifies’ 
them, making a bump more visible (Fig. 6a–d, Convolved). The 
use of a slow measurement such as fluorometry can, thus, facili-
tate the detection of a temporal shift even when the amplitude of 
each bump is very small. To compensate for the slowness, it was 
also necessary for us to increase the delay between cue and reward 
compared to previous studies8. Moreover, fluorometry records 
population activity from a large number of neurons of a specific 
cell type, which could make detection of common activity features 
across neurons easier by averaging. These two factors, slow signals 
and averaging across the population, can increase the likelihood 
of detecting a temporal shift.

Second, it is important to consider heterogeneity of dopamine 
neurons. In the present study, we focused on the dopamine axon 
activity or dopamine concentration in VS, because dopamine sig-
nals in VS show canonical RPE signals in a relatively consistent 
manner8,38. Although we detected the shift in dopamine cell bod-
ies in the VTA, the shift was clearer in the VS than in the VTA. 
Considering that dopamine neurons in the VTA project to various 
projection targets including the VS, subpopulations of dopamine 
neurons with different projection targets potentially use a slightly 
different learning strategy, which would result in different levels of 
temporal shift. Indeed, in our observation with two-photon micros-
copy in the VTA, we found different levels and speeds of shift across 
single dopamine neurons. Notably, diversity of dopamine neuron 
activity could be also functional, such as population coding of value 

Fig. 5 | Two-photon imaging of dopamine activity in reversal learning. a, Either GCaMP6f or GCaMP7s was expressed in the VTA dopamine neurons, 
and GRIN lens was targeted to the VTA. b, Lick counts during the delay period (0–3 s after odor onset) with reversal training from nothing to reward (n = 4 
animals). Mean ± s.e.m. for each trial. c, Example GCaMP responses to unexpected water (every three trials) in a whole field of view (right top) and in 
three example cells (right bottom three), marked with color (left bottom). d, GCaMP signals in reversal trials in a whole field of view in an example animal. 
Left, each blue line shows seven trials mean activity (light blue: each trial). e, Dopamine activity peak (grey circle) and linear regression with trial number 
(regression coefficient 32 ms per trial, P = 4.2 × 10−3, F-test). f, Average GCaMP signals in reversal trials in a whole field of view (n = 4 animals). Left, each 
blue line shows seven trials mean activity (light blue: each trial). g, Dopamine activity peak (grey circle) and linear regression with trial number (regression 
coefficient 39 ms per trial, P = 2.1 × 10−8, F-test). h, Histogram for linear regression coefficients. Both reversals (from nothing to reward and from airpuff 
to reward) are pooled (n = 4 animals each). Grey bars show significant (P ≤0.05, F-test, no adjustment for multiple comparisons) correlation. i,i’, GCaMP 
signals in cell bodies of example neurons in VTA. Left, each blue line shows seven trials mean activity (light blue: each trial). Right, heat map for a session. 
j,j’, Dopamine activity peak (grey circle) and linear regression with trial number (j, regression coefficient 45 ms per trial, P = 6.5 × 10−3, F-test; j’, regression 
coefficient 38 ms per trial, P = 1.3 × 10−2, F-test). k,l, Histogram for regression coefficients for reversal from nothing to reward (k, n = 35 neurons from four 
animals) and for reversal from airpuff to reward (l, n = 36 neurons from four animals). Grey bars, significant slopes (P ≤0.05, F-test, no adjustment for 
multiple comparisons). CS, conditioned stimuli (odors). US, unconditioned stimuli (water, airpuff or nothing).
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distribution39. It is important to examine in the future whether these 
differences correspond to different projection targets.

Third, training history affects dopamine dynamics. We found 
that detecting a shift in a novel odor–reward association (repeated 
associative learning) in well-trained animals was not straightforward 

partly due to excitation with a novel odor caused by generaliza-
tion29,35. If animals are trained further, their strategy for learning can 
improve by changing a parameter in learning, such as ‘λ’ (lambda, 
a parameter for attention or eligibility trace11,40 in TD models), by 
suppressing behaviorally irrelevant distinctions between states (state 
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abstraction22,23) during delay periods and/or by inferring states from 
past learning experiences (belief state24,41). In the case of over-training, 
the predicted value may not slowly shift but shift immediately to the 
cue onset. Accordingly, dopamine neurons in animals with differ-
ent training histories may show a varying extent of temporal shift. 
In the future, detection of a temporal shift in dopamine activity may 
be used to estimate the learning strategy of different animals and of 
different brain areas.

Of note, in most cases, dopamine responses to water decreased 
gradually over learning but did not totally disappear, similarly to 
many previous studies, likely due to the temporal uncertainty 
because of the delay between cue and reward42. Although our find-
ings support TD learning for dopamine RPE computation, multiple 
studies reported more complexity in dopamine activity than previ-
ously thought. Recent studies found that some complex dynamics in 
dopamine activity are also explained by TD errors20,21, even if not all 
activity is explained by TD errors21,43. Future studies should address 
how TD learning and these modulations interact.

The fact that these characteristics of TD error, including the 
temporal shift, are observed in single dopamine neurons indicates 
that the computation of TD error is likely performed in dopamine 
neurons and/or inherited from upstream neurons, rather than being 
generated as the population activity or computed at their axon ter-
minals1,2,44,45. Because a previous study found that RPE signals were 
distributed in the activity of neurons pre-synaptic to dopamine neu-
rons across various brain areas, TD errors are likely computed at 
multiple nodes46. Compared to the RPE signals in dopamine neu-
rons, signals in those pre-synaptic neurons are more diverse, com-
plicated and can often be considered ‘partially computed’ RPEs46. 
Thus, TD error computation could be distributed over the network 
rather than performed at one specific type of neuron. The experi-
mental conditions used in this study can offer an interesting para-
digm to examine circuit mechanisms for TD error computation.

The incremental temporal shift of value is the hallmark of TD 
learning algorithms, which provides a solution to credit assignment 
problems through bootstrapping of value updates40. Despite the 
powerfulness of TD learning algorithms in machine learning47,48, the 
signature of the temporal shift had not been observed in the brain. 
This has often been taken as evidence against dopamine activity as a 
TD error signal and has hampered understanding of how dopamine 
regulates learning in the brain. Here we observed temporal shifts of 
dopamine responses during learning both in naive and well-trained 
animals. These observations provide a foundation for understand-
ing how dopamine functions in the brain and ultimately deeper 
understanding of computational algorithms underlying reinforce-
ment learning in the brain.

online content
Any methods, additional references, Nature Research report-
ing summaries, source data, extended data, supplementary infor-
mation, acknowledgements, peer review information; details of 
author contributions and competing interests; and statements of 
data and code availability are available at https://doi.org/10.1038/
s41593-022-01109-2.

Received: 4 October 2020; Accepted: 24 May 2022;  
Published: xx xx xxxx

References
 1. Montague, P. R., Dayan, P. & Sejnowski, T. J. A framework for mesencephalic 

dopamine systems based on predictive Hebbian learning. J. Neurosci. 16, 
1936–1947 (1996).

 2. Schultz, W., Dayan, P. & Montague, P. R. A neural substrate of prediction and 
reward. Science 275, 1593–1599 (1997).

 3. Rescorla, R. A. & Wagner, A. R. A theory of Pavlovian conditioning: 
variations in the effectiveness of reinforcement and nonreinforcement. Class. 
Cond. II Curr. Res. Theory 2, 64–99 (1972).

 4. Sutton, R. S. & Barto, A. G. A temporal-difference model of classical 
conditioning. In: Proceedings of the Ninth Annual Conference of the Cognitive 
Science Society. 355–378 (1987).

 5. Sutton, R. S. & Barto, A. G. Reinforcement Learning: An Introduction  
(MIT Press, 1998).

 6. Hollerman, J. R. & Schultz, W. Dopamine neurons report an error in the 
temporal prediction of reward during learning. Nat. Neurosci. 1,  
304–309 (1998).

 7. Flagel, S. B. et al. A selective role for dopamine in stimulus–reward learning. 
Nature 469, 53–57 (2011).

 8. Menegas, W., Babayan, B. M., Uchida, N. & Watabe-Uchida, M. Opposite 
initialization to novel cues in dopamine signaling in ventral and posterior 
striatum in mice. eLife 6, e21886 (2017).

 9. Day, J. J., Roitman, M. F., Wightman, R. M. & Carelli, R. M. Associative 
learning mediates dynamic shifts in dopamine signaling in the nucleus 
accumbens. Nat. Neurosci. 10, 1020–1028 (2007).

 10. Clark, J. J., Collins, A. L., Sanford, C. A. & Phillips, P. E. M. Dopamine 
encoding of Pavlovian incentive stimuli diminishes with extended training.  
J. Neurosci. 33, 3526–3532 (2013).

 11. Pan, W.-X., Schmidt, R., Wickens, J. R. & Hyland, B. I. Dopamine cells 
respond to predicted events during classical conditioning: evidence for 
eligibility traces in the reward–learning network. J. Neurosci. 25,  
6235–6242 (2005).

 12. Brown, J., Bullock, D. & Grossberg, S. How the basal ganglia use parallel 
excitatory and inhibitory learning pathways to selectively respond to 
unexpected rewarding cues. J. Neurosci. 19, 10502–10511 (1999).

 13. Mollick, J. A. et al. A systems-neuroscience model of phasic dopamine. 
Psychol. Rev. 127, 972–1021 (2020).

 14. O’Reilly, R. C., Frank, M. J., Hazy, T. E. & Watz, B. PVLV: the primary value 
and learned value Pavlovian learning algorithm. Behav. Neurosci. 121,  
31–49 (2007).

 15. Tan, C. O. & Bullock, D. A local circuit model of learned striatal and 
dopamine cell responses under probabilistic schedules of reward. J. Neurosci. 
28, 10062–10074 (2008).

 16. Maes, E. J. P. et al. Causal evidence supporting the proposal that dopamine 
transients function as temporal difference prediction errors. Nat. Neurosci. 23, 
176–178 (2020).

 17. Roesch, M. R., Calu, D. J. & Schoenbaum, G. Dopamine neurons encode the 
better option in rats deciding between differently delayed or sized rewards. 
Nat. Neurosci. 10, 1615–1624 (2007).

 18. Sutton, R. S., Precup, D. & Singh, S. Between MDPs and semi-MDPs: a 
framework for temporal abstraction in reinforcement learning. Artif. Intell. 
112, 181–211 (1999).

 19. Mohebi, A. et al. Dissociable dopamine dynamics for learning and 
motivation. Nature 570, 65–70 (2019).

 20. Kim, H. R. et al. A unified framework for dopamine signals across timescales. 
Cell 183, 1600–1616 (2020).

 21. Tsutsui-Kimura, I. et al. Distinct temporal difference error signals in 
dopamine axons in three regions of the striatum in a decision-making task. 
eLife 9, e62390 (2020).

 22. Li, L., Walsh, T. J. & Littman, M. L. Towards a unified theory of state 
abstraction for MDPs. In: Proceedings of the Ninth International Symposium 
on Artificial Intelligence and Mathematics. http://citeseerx.ist.psu.edu/viewdoc/
summary?doi=10.1.1.60.1229 (2006).

 23. Botvinick, M. M., Niv, Y. & Barto, A. G. Hierarchically organized behavior 
and its neural foundations: a reinforcement learning perspective. Cognition 
113, 262–280 (2009).

 24. Bromberg-Martin, E. S., Matsumoto, M., Hong, S. & Hikosaka, O. A 
pallidus-habenula-dopamine pathway signals inferred stimulus values.  
J. Neurophysiol. 104, 1068–1076 (2010).

 25. Coddington, L. T. & Dudman, J. T. The timing of action determines reward 
prediction signals in identified midbrain dopamine neurons. Nat. Neurosci. 
21, 1563–1573 (2018).

 26. Zhong, W., Li, Y., Feng, Q. & Luo, M. Learning and stress shape the reward 
response patterns of serotonin neurons. J. Neurosci. 37, 8863–8875 (2017).

 27. Chen, T.-W. et al. Ultrasensitive fluorescent proteins for imaging neuronal 
activity. Nature 499, 295–300 (2013).

 28. Sun, F. et al. Next-generation GRAB sensors for monitoring dopaminergic 
activity in vivo. Nat. Methods 17, 1156–1166 (2020).

 29. Kakade, S. & Dayan, P. Dopamine: generalization and bonuses. Neural Netw. 
15, 549–559 (2002).

 30. Morrens, J., Aydin, Ç., Janse van Rensburg, A., Esquivelzeta Rabell, J. & 
Haesler, S. Cue-evoked dopamine promotes conditioned responding during 
learning. Neuron 106, 142–153 (2020).

 31. Cohen, J. Y., Haesler, S., Vong, L., Lowell, B. B. & Uchida, N. 
Neuron-type-specific signals for reward and punishment in the ventral 
tegmental area. Nature 482, 85–88 (2012).

 32. Tian, J. & Uchida, N. Habenula lesions reveal that multiple mechanisms 
underlie dopamine prediction errors. Neuron 87, 1304–1316 (2015).

NATURe NeURoScieNce | www.nature.com/natureneuroscience

https://doi.org/10.1038/s41593-022-01109-2
https://doi.org/10.1038/s41593-022-01109-2
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.60.1229
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.60.1229
http://www.nature.com/natureneuroscience


ArticlesNATurE NEurOSciENcE

 33. Niv, Y., Duff, M. O. & Dayan, P. Dopamine, uncertainty and TD learning. 
Behav. Brain Funct. 1, 6 (2005).

 34. Schultz, W., Apicella, P. & Ljungberg, T. Responses of monkey  
dopamine neurons to reward and conditioned stimuli during successive  
steps of learning a delayed response task. J. Neurosci. 13, 900–913  
(1993).

 35. Kobayashi, S. & Schultz, W. Reward contexts extend dopamine signals to 
unrewarded stimuli. Curr. Biol. 24, 56–62 (2014).

 36. Matsumoto, H., Tian, J., Uchida, N. & Watabe-Uchida, M. Midbrain 
dopamine neurons signal aversion in a reward-context-dependent manner. 
eLife 5, e17328 (2016).

 37. Engelhard, B. et al. Specialized coding of sensory, motor and cognitive 
variables in VTA dopamine neurons. Nature 570, 509–513 (2019).

 38. Menegas, W. et al. Dopamine neurons projecting to the posterior striatum 
form an anatomically distinct subclass. eLife 4, e10032 (2015).

 39. Dabney, W. et al. A distributional code for value in dopamine-based 
reinforcement learning. Nature 577, 671–675 (2020).

 40. Sutton, R. S. & Barto, A. G. Reinforcement Learning, Second Edition: An 
Introduction (MIT Press, 2018).

 41. Babayan, B. M., Uchida, N. & Gershman, S. J. Belief state representation in 
the dopamine system. Nat. Commun. 9, 1891 (2018).

 42. Kobayashi, S. & Schultz, W. Influence of reward delays on responses of 
dopamine neurons. J. Neurosci. 28, 7837–7846 (2008).

 43. Lee, R. S., Mattar, M. G., Parker, N. F., Witten, I. B. & Daw, N. D. Reward 
prediction error does not explain movement selectivity in DMS-projecting 
dopamine neurons. eLife 8, e42992 (2019).

 44. Watabe-Uchida, M., Eshel, N. & Uchida, N. Neural circuitry of reward 
prediction error. Annu. Rev. Neurosci. 40, 373–394 (2017).

 45. Kawato, M. & Samejima, K. Efficient reinforcement learning: computational 
theories, neuroscience and robotics. Curr. Opin. Neurobiol. 17,  
205–212 (2007).

 46. Tian, J. et al. Distributed and mixed information in monosynaptic inputs to 
dopamine neurons. Neuron 91, 1374–1389 (2016).

 47. Mnih, V. et al. Human-level control through deep reinforcement learning. 
Nature 518, 529–533 (2015).

 48. Botvinick, M., Wang, J. X., Dabney, W., Miller, K. J. & Kurth-Nelson, Z. Deep 
reinforcement learning and its neuroscientific implications. Neuron 107, 
603–616 (2020).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

© The Author(s), under exclusive licence to Springer Nature America, Inc. 2022

NATURe NeURoScieNce | www.nature.com/natureneuroscience

http://www.nature.com/natureneuroscience


Articles NATurE NEurOSciENcE

Methods
Animals. In total, 20 both female and male mice, 2–14 months old, were used 
in this study. We used heterozygote for DAT-Cre (Slc6a3tm1.1(cre)Bkmn; Jackson 
Laboratory, 006660)49, DAT-tTA (Tg(Slc6a3-tTA)2Kftnk; this study), VGluT3-Cre 
(Slc17a8tm1.1(cre)Hze; Jackson Laboratory, 028534)50, LSL-tdTomato (Gt(ROSA)26S
ortm14(CAG-tdTomato)Hze; Jackson Laboratory, 007914)51 and Ai148D (B6.Cg-Igs7tm148.

1(tetO-GCaMP6f,CAG-tTA2)Hze/J; Jackson Laboratory, 030328)52 transgenic lines. VGluT3-Cre 
lines crossed with LSL-tdTomato were used for experiments with dopamine sensor, 
without use of Cre recombinase. Seven mice (five males and two females) were 
used for first-time learning; 12 mice (nine males and three females) were used for 
reversal learning; and five mice (four males and one female) were used for repeated 
learning. Mice were housed on a 12-h dark (7:00–19:00) and 12-h light (19:00–
7:00) cycle. Experiments were performed in the dark period. Ambient temperature 
was kept at 75 ± 5 °F, and humidity was kept below 50%. All procedures were 
performed in accordance with the National Institutes of Health Guide for the  
Care and Use of Laboratory Animals and approved by the Harvard Animal Care 
and Use Committee.

Generation of Slc6a3-tTA BAC transgenic mice. Mouse BAC DNA (clone RP24-
158J12, containing the Slc6a3 gene, also known as the dopamine transporter gene) 
was modified by BAC recombination. A cassette containing the mammalianized 
tTA-SV40 polyadenylation signal53 was inserted into the translation initiation site 
of the Slc6a3 gene. The modified BAC DNA was linearized by PI-SceI enzyme 
digestion (New England Biolabs) and injected into fertilized eggs from CBA/
C57BL6 mice. We obtained three founders (lines 2, 10 and 15) and selected line 2 
for the Slc6a3-tTA mouse line due to higher transgene penetrance in the  
dopamine neurons.

Plasmid and virus. To make pAAV-TetO(3G)-GCaMP6f-WPRE, we first made 
pAAV-TetO(3G)-WPRE by inserting WPRE from pAAV-EF1a-DIO-hChR2(H13
4R)-EYFP-WPRE54 (gift from Karl Deisseroth; Addgene, 20298), cleaved with ClaI 
and blunted, into pAAV-TetO(3G)-GCaMP6 (ref. 55), cleaved with EcoRI and BglII 
and blunted to remove GCaMP6 site. Then, GCaMP6f from pGP-CMV-GCaMP6f 
(gift from Douglas Kim and the GENIE Project; Addgene, 40755)56, cleaved 
with BglII and NotI and blunted, was inserted into pAAV-TetO(3G)-WPRE, 
cleaved with ApaI and SalI and blunted to remove extra loxP site. Plasmids of 
pAAV-TetO(3G)-GCaMP6f-WPRE and pGP-AAV-CAG-FLEX-jGCaMP7f-WPRE 
(gift from Douglas Kim and the GENIE Project; Addgene, 104496)57 were 
amplified and purified with Endofree Preparation Kit (QIAGEN) and packaged 
into AAV at the UNC Vector Core.

Surgery for virus injection, head plate installation and fiber implantation. 
The surgeries were performed under aseptic conditions. Mice were anesthetized 
with isoflurane (1–2% at 0.5–1 L min−1), and local anesthetic (lidocaine (2%)/
bupivacaine (0.5%) 1:1 mixture, subcutaneous (s.c.)) was applied at the 
incision site. Analgesia (ketoprofen for post-operative treatment, 5 mg kg−1, 
intraperitoneal (i.p.); buprenorphine for pre-operative treatment, 0.1 mg kg−1, 
i.p.) was administered for 3 days after surgery. A custom-made head plate was 
placed on the well-cleaned and dried skull with adhesive cement (C&B Metabond, 
Parkell) containing a small amount of charcoal powder. To express GCaMP in the 
dopamine neurons, AAV5-CAG-FLEX-GCaMP7f (1.8 × 1013 particles per ml) and 
AAV5-TetO(3 G)-GCaMP6f (8 × 1012 particles per ml) were injected unilaterally 
in the VTA (500 nl, bregma −3.1 mm AP, 0.5 mm ML, 4.35 mm DV from dura) 
in three DAT-Cre mice and two DAT-tTA mice, respectively. In experiments of 
reversal learning and repeated learning, AAV5-CAG-FLEX-tdTomato (7.8 × 1012 
particles per ml; UNC Vector Core) and AAV5-CAG-FLEX-GCaMP7f were 
co-injected (1:1) in three DAT-cre mice, and AAV5-CAG-tdTomato (4.3 × 1012 
particles per ml; UNC Vector Core) and AAV5-TetO(3G)-GCaMP6f were 
co-injected (1:1) in two DAT-tTA mice. For expression of dopamine sensor in the 
VS, AAV9-hSyn-DA2m (1.01 × 1013 particles per ml; Vigene Biosciences)28 was 
injected unilaterally in the VS (300 nl, bregma +1.45 AP, 1.4 ML, 4.35 DV from 
dura) in seven VGluT3-Cre/LDL-tdTomato mice. These mice with dopamine 
sensor were used for experiments of initial learning, and three of them were also 
used for reversal learning. A glass pipette containing AAV was slowly moved down 
to the target over the course of a few minutes and kept for 2 min to make it stable. 
AAV solution was slowly injected (~15 min), and the pipette was left for 10–20 min. 
Then, the pipette was slowly removed over the course of several minutes to prevent 
the leak of virus and damage to the tissue. An optical fiber (400-μm core diameter, 
0.48 NA; Doric) was implanted in the VS (bregma +1.45 mm AP, 1.4 mm ML, 
4.15 mm DV from dura) or the VTA (bregma −3.05 mm AP, 0.55 mm ML, 4.15 mm 
DV from dura). The fiber was slowly lowered to the target and fixed  
with adhesive cement (C&B Metabond, Parkell) containing charcoal powder to 
prevent contamination of environmental light and leak of laser light. A small 
amount of rapid-curing epoxy (Devcon, A00254) was applied on the cement to 
glue the fiber better.

Fiber-fluorometry (photometry). To effectively collect the fluorescence signal 
from the deep brain structure, we used custom-made fiber-fluorometry as 
described38. Blue light from a 473-nm DPSS laser (Opto Engine) and green light 

from a 561-nm DPSS laser (Opto Engine) were attenuated through a neutral 
density filter (4.0 optical density, Thorlabs) and coupled into an optical fiber patch 
cord (400 μm, Doric) using a 0.65 NA ×20 objective lens (Olympus). This patch 
cord was connected to the implanted fiber to deliver excitation light to the brain 
and collect the fluorescence emission signals from the brain simultaneously. The 
green and red fluorescence signals from the brain were spectrally separated from 
the excitation lights using a dichroic mirror (FF01-493/574-Di01, Semrock). 
The fluorescence signals were separated into green and red signals using another 
dichroic mirror (T556lpxr, Chroma), passed through a bandpass filter (ET500/×40 
for green, Chroma; FF01-661/20 for red, Semrock), focused onto a photodetector 
(FDS10X10, Thorlabs) and connected to a current amplifier (SR570, Stanford 
Research Systems). The pre-amplifier outputs (voltage signals) were digitized 
through a NIDAQ board (PCI-e6321, National Instruments) and stored on a 
computer using custom software written in LabVIEW (National Instruments). 
Light intensity at the tip of the patch cord was adjusted to 200 μW and 50 μW for 
GCaMP and DA2m, respectively.

Histology. All mice used in the experiments were examined for histology to 
confirm the fiber position. The mice were deeply anesthetized by an overdose 
of ketamine–medetomidine, exsanguinated with PBS and perfused with 
4% paraformaldehyde (PFA) in PBS. The brain was dissected from the skull 
and immersed in the 4% PFA for 12–24 h at 4 °C. The brain was rinsed with 
PBS and sectioned (100 μm) with a vibrating microtome (VT1000S, Leica). 
Immunohistochemistry with TH antibody (AB152, Millipore Sigma, 1/750) was 
performed to identify dopamine neurons, with DsRed antibody (632496, Takara, 
1/1,000) to localize tdTomato-expressing areas when tdTomato raw signals were 
not strong enough, and with GFP antibody (GFP-1010, Aves Labs, 1/3,000) to 
localize GCaMP-expressing areas when GCaMP raw signals were not strong 
enough. The sections were mounted on a slide-glass with a mounting medium 
containing DAPI (VECTASHIELD, Vector Laboratories) and imaged with Axio 
Scan.Z1 (Zeiss) or LSM880 with FLIM (Zeiss).

Behavior. After 5 days of recovery from surgery, mice were water-restricted 
in their cages. All conditioning tasks were controlled by a NIDAQ board and 
LabVIEW. Mice were handled for 2 days, acclimated to the experimental setup 
for 1–2 days, including consumption of water from the tube, and head-fixed with 
random interval water for 1–3 days until mice show reliable water consumption. 
For odor-based classical conditioning, all mice were head-fixed, and the volume 
of water reward was constant for all reward trials (predicted or unpredicted) in 
all conditions (6 μl). Some conditions contained a mild airpuff to an eye, and the 
intensity of the airpuff was constant for all airpuff trials (predicted or unpredicted, 
2.5 p.s.i.). Each association trial began with an odor cue (last for 1 s), followed by 
a 2-s delay, and then an outcome (water, nothing or airpuff) was delivered. Odors 
were delivered using a custom olfactometer58. Each odor was dissolved in mineral 
oil at 1:10 dilution, and 30 μl of diluted odor solution was applied to the syringe 
filter (2.7-μm pore, 13 mm; Whatman, 6823-1327). Odorized air was further 
diluted with filtered air by 1:8 to produce a 900 ml min−1 total flow rate. Different 
sets of odors (ethyl butyrate, p-cymene, isoamyl acetate, isobutyl propionate, 
1-butanol, 4-methylanisole, (S)-(+)-carvone, caproic acid, eugenol and 1-hexanol) 
were selected for four groups: group 1 (four animals for initial learning, two of 
which were used for reversal learning); group 2 (three animals for initial learning, 
one of which was used for reversal learning); group 3 (two animals for reversal 
learning (airpuff to reward), followed by repeated learning); and group 4 (seven 
animals for reversal learning (both nothing to reward and airpuff to reward), three 
of which were used for repeated learning). A variable inter-trial interval of flat 
hazard function (minimum 10 s, mean 13 s, truncated at 20 s) was placed between 
trials. Each session was composed of multiple blocks (17–24 trials per block), 
and all trial types were pseudo-randomized in each block. Each day, the mice did 
120–350 trials over the course of 25–75 minuntes, with constant excitation from 
the laser and continuous recording.

Training for initial learning (Fig. 1) started with an exposure to an odor 
chemical for the first time, using four types of trials: odor cue predicting 100% 
water; odor cue predicting 40% water/60% no outcome (nothing); odor cue 
predicting nothing (29.4% of all trials for each odor) and water without cue (free 
water) (11.8%) from day 1 to day 8; and odor cue predicting 80% water/20% 
nothing, odor cue predicting 40% water/60% nothing, odor cue predicting nothing 
(29.4% each) and free water (11.8%) on days 9 and 10. Neural activity was recorded 
in all ten sessions.

For reversal learning (Fig. 2), mice were trained with classical conditioning 
for 12–24 days, and, then, a nothing-predicting odor and/or airpuff-predicting 
odor were switched with an odor-predicting high probability (80–100%) of 
water reward. More specifically, for reversal from both nothing-predicting and 
puff-predicting odors to reward-predicting odors, seven mice with GCaMP7f were 
first trained with odors A and B predicting 100% water, odor C predicting nothing, 
odor D predicting 100% airpuff (21.7% each) and free water (13.0%), from day 
1 to day 12. On reversal day, odors A and B were switched with odors C and D, 
respectively. For reversal from nothing to reward with dopamine-sensor-based 
recording, three mice used in the initial learning with dopamine sensor were 
trained for 9–13 more days (total 19–23 days), and then an 80% reward-predicting 
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odor and a nothing-predicting odor were switched. For reversal of airpuff to 
reward, two mice with GCaMP6f were first trained with odor A predicting 100% 
water, odor B predicting 40% water, odor C predicting nothing, odor D predicting 
100% airpuff (20.8% each), free airpuff (8.3%) and free water (8.3%), from day 
1 to day 8, and then with odor A predicting 80% water, odor B predicting 40% 
water, odor C predicting nothing, odor D predicting 80% airpuff (20.8% each), free 
airpuff (8.3%) and free water (8.3%), from day 9 to day 23. On a reversal session, 
odor A was switched with odor D.

After three sessions of reversal learning, three mice with GCaMP7f were 
trained with five sessions of original conditioning (re-reversal; switching odor 
A and odor C, odor B and odor D again), before repeated learning (Fig. 3). For 
repeated learning, an odor associated with 100% reward on re-reversal sessions 
(odor A) was replaced with a new odor, and the rest of trial types were kept exactly 
the same as re-reversal sessions. Two mice with GCaMP6f were trained with 
repeated learning after one session of reversal learning. For repeated learning, an 
odor associated with high-probability reward during a reversal session (odor C) 
was replaced with a new odor, and airpuff and free water trials were removed—
new odor predicting 100% reward, odor B predicting 40% reward and odor C 
predicting nothing (33.3% each).

Two-photon imaging from deep brain structure. Stereotaxic viral injections and 
GRIN lens implantation. Surgery was performed under the same conditions as 
described above. A craniotomy was made over either side of the VTA, and a head 
plate was fixed to the skull for head-fixation experiments. In DAT-Cre mice, a glass 
pipette was targeted to the VTA (bregma −3.0 AP, 0.5 ML, −4.6 DV from dura), 
and the viral solution, AAV5-CAG-FLEX-GCaMP7f, was injected using a manual 
plunger injector (Narishige) at a rate of approximately 20 nl min−1 for a total of 
300–400 nl. For both DAT-Cre and DAT-Cre;Ai148 double transgenic mice, a 
GRIN lens (0.6 mm in diameter, 7.3 mm length; 1050-004597, Inscopix) was slowly 
inserted above the VTA after insertion and removal of a 25-gauge needle. The 
implants were secured with C&B Metabond adhesive cement (Parkell) and dental 
acrylic (Lang Dental).

Behavioral training and testing protocol. Mice were water-deprived in their home 
cage 2–3 days before the start of behavioral training, two or more weeks after 
surgery. All mice used in the two-photon imaging experiments had previous 
exposure to a different odor association task, using different odors. During water 
deprivation, each mouse’s weight was maintained above 85% of its original value. 
Mice were habituated to the head-fixed setup by receiving water every 4 s  
(6-µl drops) for 3 days, after which association between odors and outcomes 
started. A mouse lickometer (1020, Sanworks) was used to measure licking as 
infrared beam breaks. To deliver 10-p.s.i. airpuffs, a pulse of air was delivered 
through a tube to the left eye of the mouse. Water valves (LHDA1233115H, The 
Lee Company) were calibrated, and a custom-made olfactometer based on a valve 
driver module (1015, Sanworks) and a valve mount manifold (LFMX0510528B 
and LHDA1221111H valves, The Lee Company) was used for odor delivery. All 
components were controlled through a Bpod state machine (1027, Sanworks). 
Odors were diluted in mineral oil (Sigma-Aldrich) at 1:10, and 30 µl of each 
diluted odor was placed inside a syringe filter (2.7-µm pore size, 6823-1327, GE 
Healthcare). Odorized air was further diluted at 1:2 and delivered at 1,500 ml min−1. 
Odors used were 1-butanol, caproic acid, eugenol and 1-hexanol. Four odors were 
associated, respectively, with reward (6-µl water drop), reward, nothing and airpuff 
to the eye before reversal. After the reversal of the cue–outcome associations, these 
odors were associated with airpuff, nothing, reward, and reward, respectively. In 
each trial, a randomly selected odor was presented for 1 s. After a 2-s trace period, 
the corresponding outcome was available. Non-cued rewards were also delivered 
throughout the sessions. Mice completed one session per day.

Two-photon imaging. Imaging was performed using a custom-built two-photon 
microscope. The microscope was equipped with a diode-pumped, mode-locked 
Ti:sapphire laser (Mai-Tai, Spectra-Physics). All imaging was done with the laser 
tuned to 920 nm. Scanning was achieved using a galvanometer and an 8-kHz 
resonant scanning mirror (adapted confocal microscopy head, Thorlabs). Laser 
power was controlled using a Pockels Cell (ConOptics 305 with M302RM driver). 
Average beam power used for imaging was 40–120 mW at the tip of the objective 
(Plan Fluorite ×20, 0.5 NA, Nikon). Fluorescence photons were reflected using two 
dichroic beamsplitters (FF757-Di01-55×60 and FF568-Di01-55×73, Semrock), 
were filtered using a bandpass filter (FF01-525/50-50, Semrock) and were collected 
using GaAsP photomultiplier tubes (H7422PA-40, Hamamatsu), whose signal was 
amplified using transimpedance amplifiers (TIA60, Thorlabs). Microscope control 
and image acquisition was done using ScanImage 4.0 (Vidrio Technologies). 
Frames with 512 × 512 pixels were acquired at 15 Hz. Synchronization between 
behavioral and imaging acquisitions was achieved by triggering microscope 
acquisition in each trial to minimize photobleaching using a mechanical shutter 
(SC10, Thorlabs).

Data analysis. Fiber-fluorometry. The noise from the power line in the voltage 
signal was cleaned by removing 58–62-Hz signals through a band stop filter. 
Z-score was calculated from signals in an entire session smoothed with moving 

average of 50 ms. To average data using different sessions, signals were normalized 
as follows. The global change of signals within a session was corrected by linear 
fitting of signals and time and subtracting the fitted line from signals. The baseline 
activity for each trial (F0each) was calculated by averaging activity between −1  
and 0 s before a trial start (odor onset for odor trials and water onset for free  
water trials), and the average baseline activity for a session was calculated by 
averaging F0each of all trials (F0average). ΔF/F was calculated as (F − F0each)/F0average. 
ΔF/F was then normalized by dividing by average responses to free water  
(0–1 s from water onset).

The activity peak during a cue/delay period was detected by finding a 
maximum response in moving windows of 20 ms that exceeds 2 × standard 
deviation of baseline activity (moving windows of 20 ms during −2 to 0 s from 
an odor onset). The activity trough during a cue/delay period was detected by 
finding a minimum response in moving windows of 20 ms that is below 1.5 × 
standard deviation of baseline activity. The excitation onset during a delay period 
was detected by finding the first timepoint that exceeds 2 × standard deviation of 
baseline activity.

To test the temporal shift of dopamine activity of single animals in first-time 
learning, we fitted the timing of activity peak (or trough) or excitation onset to a 
trial number using a generalized linear model with exponential link function  
(Fig. 2h and Extended Data Fig. 2). The learning phase was defined as the duration 
until the timing of the activity peak shifts no more than 1 ms per trial in the fitted 
exponential curve (Fig. 2j). Linear regression was performed using the timing of 
activity peak (or trough) or excitation onset in trials of the learning phase with 
the trial number, and regression coefficients (beta coefficients) and correlation 
coefficients were calculated (Fig. 2i,k). As controls, we shuffled the order of all the 
trials of the entire initial learning sessions. The peaks were detected, and temporal 
shift was tested as described above. This process was repeated for 500 times for 
each animal, and the temporal shifts were compared with original data (Extended 
Data Fig. 2f). We used the same process of analysis for reversal learning (Fig. 3c,d), 
except that the first 40 trials in the first session were used for linear fitting to the 
peaks of average activity of different animals (Fig. 3f and Extended Data Fig. 4b). 
To detect activity peaks in the repeated learning, multiple local maximums of 
the activity with prominence of more than 2 × standard deviation of the baseline 
activity, more than 100 ms apart, were detected. If the detected peaks were more 
than two, the two peaks with the largest amplitude of activity were chosen. Then, 
the last peak (or the detected peak if only one peak was detected) was used for the 
regression analysis to test for a temporal shift (Fig. 4).

To test the monotonic shift of peak location, we sampled 100 sets of three trials 
from the data. For first-time learning and reversal learning, the first two trials were 
randomly sampled from the first 1/3 of trials in the learning phase, and the third 
trial was randomly sampled from the learned phase. For the animals that we could 
not determine the learning phase (see above), the first and last 1/3 of all trials were 
used. For the repeated conditioning, we used the first ten trials and the last 1/3 
of trials in the session because of quick learning. Then, monotonic relationship 
between the peak location and the trial number was tested. This process was 
repeated for 500 times. Control was performed in a similar manner except that the 
peak location of the first trial was replaced with a random value between 1 and 
3,000 (ms). We chose this control condition rather than a normal shuffling method 
because trial shuffling would cause less monotonicity than actual data in case of 
both temporal shift and amplitude shift, due to cue responses at the early time 
window in later trials for both cases.

The center of mass of activity (0–3 s after cue onset) was obtained for each 
trial, and the center of mass at the beginning of learning (the first 1/3 of trials in 
the learning phase for first-time and reversal learning, first ten trials for repeated 
learning) was compared with half timepoint (1.5 s), which would be the center of 
mass if activity is random.

Licking. Licking from a water spout was detected by a photoelectric sensor that 
produces a change in voltage when the light path is broken. The timing of each 
lick was detected at the peak of the voltage signal above a threshold. To plot the 
time course of licking patterns, the lick rate was calculated by a moving average of 
300-ms window. The peak of anticipatory licking was detected at the maximum 
of lick rate during 0–3 s after odor onset. To detect anticipatory lick onset, the first 
and second licks were detected from 500 ms after odor onset because the onset 
of anticipatory licking is later than this period in well-trained animals. To binary 
score trials with or without anticipatory licking, trials with more than four licks 
during delay periods were defined as trials with anticipatory licking.

Two-photon imaging. Acquired images were pre-processed in the following 
manner. (1) Movement correction was performed using phase correlation image 
registration implemented in Suite2P59. (2) Region-of-interest (ROI) selection was 
performed manually from the mean and standard deviation projections of a subset 
of frames from the entire acquisition as well as a movie of the frames used to build 
those projections. (3) Neuropil decontamination was performed with FISSA60 using 
four regions around each ROI. The decontaminated signal extracted from these 
regions was then flattened (to correct for drifts caused by photobleaching) and 
Z-scored across the entire session. The pre-processed and Z-scored fluorescence 
was resampled to 30 Hz and used for further analysis. The first one was used to 
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calculate ΔF/F0, in which F0 was the mean fluorescence before odor delivery. 
When the Z-scored fluorescence was used for analysis, the mean Z-score value 
before odor delivery was subtracted.

The activity peak during a cue/delay period was detected by finding a 
maximum response in moving windows of 200 ms that exceeds 2 × standard 
deviation of baseline activity (calculated by averaging a moving window of 200 ms 
during −2 to 0 s from an odor onset) for whole view data and 3.5 × standard 
deviation of baseline activity for each cell to compensate for noise. To test the 
temporal shift of dopamine activity, we fitted the timing of activity peak to a trial 
number using a generalized linear model. Learning phase was determined as 
described above. The first 30 trials after reversal were used for fitting when the 
learning phase could not be determined. A neuron that did not have multiple 
significant peaks in the cue/delay period was removed from the analysis  
(1/36 for nothing to reward, 0/36 for airpuff to reward). Tests for center  
of mass were performed with each neuron with the same procedure as  
photometry data. Monotonic shift was tested with each neuron with the similar 
procedure as photometry data if the learning phase was able to be determined  
and if there was a sufficient number of peaks detected for the analysis (>2 peaks 
for beginning of learning, >1 peak for learned phase). Otherwise, the first 1/3  
and the last 1/3 of trials in a session were used for the analysis if there was a 
sufficient number of peaks (>2 peaks for the first 1/3, >1 peak for last 1/3). If the 
peak number was not sufficient, we excluded those neurons from the analysis 
(15/36 for nothing to reward, 20/36 for airpuff to reward). We sampled 100 sets of 
three trials, or all combination of three trials, whichever is smaller, from the period 
defined as above.

Estimation of TD errors using simulations. To examine how the value and 
RPE may change within a trial and across trials, we employed a ‘complete serial 
compounds’ approach to simulate an animal’s learning2. We used eligibility traces 
to apply a TD(λ) learning method to learn state values (predicted reward value)40.

We considered three learning models: a TD(λ) model where 0 < λ < 1 and 
eligibility traces are used; a TD(0) model (or a TD(λ) model where λ = 0); and a 
model with Monte Carlo updates (or a TD(λ) model where λ = 1). These models 
tiled a trial with 100 ms of serial different states. Each state from cue onset at time 
0 to reward delivery at time 3 s has a weight to learn state value. Weights for all the 
states were initialized with 0.

In each trial, eligibility traces for all the states were initialized with 0. At each 
time step, state value was calculated by

v (t) =
(

sum
(

w.∗x (:, t)
))

;

v (t + 1) =
(

sum
(

w.∗x (:, t + 1)
))

;

where v is a state value; w is a weight; and x is a square matrix with a size of time 
steps, indicating states from cue to reward as 1 and otherwise 0. TD error was 
calculated by

d = r (t) + g∗v (t + 1) − v (t)

where d is TD error; r is reward; and v is state value. Next, eligibility traces were 
updated by

et = γ∗λ∗et + α∗

(x (:, t))

where et is eligibility traces for all the states; γ is a discounting factor from 0 to 1; λ 
is a constant to determine an updating rule; and α is a learning rate. Then, weights 
are updated by

w = w + d∗et

We used γ = 0.98, λ = 0.75, α = 0.06 or λ = 0, α = 0.2 or λ = 1, α = 0.06 in Fig. 6.
To mimic GCaMP signals recorded by fluorometry, obtained models were 

convolved with a filter of average GCaMP responses to water in dopamine axons20.

Statistics and reproducibility. All analyses were performed using custom software 
written in MATLAB (MathWorks). All statistical tests were two-sided. A box plot 
indicates 25th and 75th percentiles as the bottom and top edges, respectively. 
The center line indicates the median. The whiskers extend to the most extreme 
data that are not considered outliers. In other graphs, an error bar shows the 
standard error. To test significance of the model fitting, P values for the F-test on 
the model were calculated. One-sample t-test was performed to test if the mean 
of a dataset is not equal to zero. To compare difference of the mean between two 
groups, two-sample t-test was performed. P values less than or equal to 0.05 were 
considered significant for all tests. Data distribution was assumed to be normal, but 
this was not formally tested.

No formal statistical analysis was carried out to pre-determine sample sizes, 
but our samples sizes are similar to those reported in previous publications8,20,21. 
Order of trial types in conditioning tasks was pseudo-randomized, and odor set 
was randomized between batches of experiments. Data collection and analysis were 
not performed in a manner blinded to the condition of the experiment. No animals 

were excluded from the study. All analyses include data from all animals except for 
one session in Extended Data Fig. 7f where we could not detect a sufficient number 
of troughs for analysis. Similarly, the neurons that do not have a sufficient number 
of peaks for the analysis were excluded from analysis in two-photon imaging  
(Fig. 5 and Extended Data Fig. 10).

Material availability. Original vectors pAAV-TetO(3G)-WPRE and 
pAAV-TetO(3G)-GCaMP6f-WPRE were deposited at Addgene (186205 and 
186206). Mouse line Tg(Slc6a3-tTA)2Kftnk was deposited at the RIKEN 
BioResource Research Center and will be deposited in more sources.

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

Data availability
The fluorometry and two-photon imaging data have been shared at a public deposit 
source (https://datadryad.org/stash/dataset/doi:10.5061/dryad.hhmgqnkjw). 
Source data are provided with this paper.

code availability
The model code is attached as Supplemetary Data. All other conventional codes 
used to obtain the results are available from a public deposit source (https://github.
com/VTA-SNc/Amo2022).
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Recording sites for fiber-fluorometry and example of fiber-fluorometry signals. a, Recording site for each animal is shown in 
coronal views (Paxinos and Franklin61). b, Example coronal section of a recording site and DA2m (green) expression in the VS. c, Example coronal section 
of a recording site and GCaMP7f (green) and tdTomato (red) expression in the VS. d, Example coronal section of a recording site and GCaMP7f (green) 
and tdTomato (red) expression in the VTA. Asterisks indicate fiber tip locations. Other animals (n = 7 for DA2m, n = 9 for GCaMP in VS, and n = 4 for 
GCaMP in VTA) showed similar result as summarized in (a). Scale bars, 1 mm. e, Raw GCaMP7f (upper panel) and DA2m (GrabDA; lower panel) signals 
in VS. f, Comparison of free reward response between electrophysiology and fiber-fluorometry. Electrophysiology of opto-tagged dopamine neurons 
(upper; data from Matsumoto et al., 2016), fiber-fluorometry of GCaMP signals in dopamine axons in the VS (middle), fiber-fluorometry of DA2m signals 
in the VS (bottom).
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Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | Dopamine release in the ventral striatum during first-time classical conditioning. a, The time-course of dopamine sensor 
responses to cued water (left) and to free water (right) in an example mouse. Each dot represents responses in each trial, and a line shows moving 
averages of 20 trials. b, Dopamine response to reward-associated cue in the late phase (2–3 s after cue onset) was significantly higher than activity 
in the early phase (0–1 s after cue onset) during the first 1/3 of learning phase (t = 5.0, p = 0.22 × 10−2; two-sided t-test). c, Dopamine sensor signal 
peaks during delay periods (red) overlaid on a heatmap of dopamine sensor signals in cued water trials. n = 7 animals. d, Dopamine sensor response 
onset (purple) overlaid on a heatmap of dopamine sensor signals. e, Linear regression of dopamine excitation onset with trial number. f, Each panel 
shows correlation coefficients between activity peak and trial number for trial order shuffled data (n = 500) in each animal (7 animals). 95 percentile 
area is marked with red and the correlation coefficient of original data is shown as blue line. Center of boxplot showing median, edges are 25th and 75th 
percentile, and whiskers are most extreme data points. **p<0.01.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3 | Test for monotonic shift of dopamine activity and activity center of mass during first-time learning. a, Schematic drawing of 
dopamine activity peaks of randomly sampled 3 trials (see Methods). In temporal shift (left), the probability of monotonic relationship is higher than 
chance level, while that is not the case in amplitude shift (right). b, Probability of having monotonic shift in randomly sampled 3 activity peaks. 100 sets of 
sampling were repeated for 500 times for each animal (see Methods). Each panel shows the result from a single animal (7 animals). Blue, actual data; red, 
control. The data showed significantly higher probability (p<0.05; two-sided t-test, no adjustment for multiple comparison) of monotonic shift in 6 out 
of 7 animals, which is significantly higher than chance level (p = 0.78 × 10−2; binomial cumulative function). c, Contour plot of activity pattern (left) and 
the time-course of the center of mass (0–3 s after cue onset) over training (right) in an example animal. d, Left, Time-course of the center of mass over 
training. Right, average centers of mass during the first 1/3 of learning period in all animals were significantly later than half time point (1.5s) (t = −2.8, 
p = 0.029; two-sided t-test). n = 7 animals. Center of boxplot showing median, edges are 25th and 75th percentile, and whiskers are most extreme data 
points. *p<0.05, ***p<0.001.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | Temporal shift of activity during reversal learning. a, The regression coefficients ±95% confidence intervals between activity 
peak timing and trial number in each animal under different experimental conditions (n = 2 animals for GCaMP6f, n = 3 animals for DA2m; mean ± 95% 
confidence intervals). Red circles, significant (p-value ≤0.05; two-sided F-test, no adjustment for multiple comparison) slopes. b, Average dopamine 
activity (normalized to free water response) in response to a reward-predicting cue in the first session of reversal from nothing to reward (left and right 
top; n = 3 animals with DA sensor). Each line shows 8 trials mean of population neural activity across the session (mean ± sem). Right bottom, linear 
regression of peak timing of average activity with trial number during reversal from nothing to reward with dopamine sensor (right; n = 3 animals; 
regression coefficient 31.8 ms/trial, F = 22, p = 1.3 × 10−4). c, Probability of having monotonic shift in randomly sampled 3 activity peaks in actual data 
(blue) and control (red) (7 animals, see Methods). The data showed significantly higher probability (p<0.05; two-sided t-test, no adjustment for multiple 
comparison) of monotonic shift in 6 out of 7 animals in nothing to reward reversal (p = 0.78 × 10−2; binomial cumulative function) and 6 out of 7 animals 
in airpuff to reward reversal (p = 0.78 × 10−2; binomial cumulative function). ***p<0.001.
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Extended Data Fig. 5 | center of mass and time-course of cue responses during reversal learning. a, Time-course of center of mass of activity (0–3 
s after cue onset) over training, and average center of mass during the first 1/3 of learning period in all animals. The average centers of mass were 
significantly later than half time point (1.5 s) (left, nothing to reward, t = −4.8, p = 0.28 × 10−2; right, airpuff to reward, t = −5.2, p = 0.18 × 10−2; two-sided 
t-test). b, Responses to a reward-predicting odor in all animals (mean ± sem). early: 0–1 s from odor onset (green); late: 2–3 s from odor onset (magenta). 
Middle, difference between early and late odor responses (grey: each animal; orange: mean ± sem). Dopamine activity in the late phase was significantly 
higher than activity in the early phase during the first 1/3 of learning phase (t = 3.8, p = 0.85 × 10−2; two-sided t-test). Center of boxplot showing median, 
edges are 25th and 75th percentile, and whiskers are most extreme data points. **p<0.01.
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Extended Data Fig. 6 | Simultaneous fiber fluorometry recording of dopamine neuron activity in the VTA and VS. a, GCaMP7f was expressed in VTA 
dopamine neurons and fibers were targeted at both VTA and VS. b, GCaMP signal of dopamine axons in the VS of an example animal (left; mean ± sem, 
and right top), and activity peak for each trial (right bottom; grey circle). Activity peaks were fitted with linear regression with trial number and the fitted 
line was shown with red line. c, GCaMP activity of dopamine neurons in the VTA in an example animal simultaneously recorded with (b) (left; mean ± 
sem, and right top). Activity peaks (right bottom; grey circle) were fitted with linear regression with trial number and the fitted line was shown with red 
line. d, Comparison of Pearson’s correlation coefficients of activity peaks and trial number between VS recording (p = 8.6 × 10−6, two-sided t-test) and 
VTA recording (p = 1.2 × 10−2, two-sided t-test) (p = 5.2 × 10−3, two-sided t-test after Fisher’s Z-transformation). Filled circles, reversal from nothing to 
reward. Open circle, reversal from airpuff to reward. Red circles, significant (p-value ≤0.05, F-test, no adjustment for multiple comparison). n = 8 sessions 
(airpuff-reward sessions and nothing-reward sessions from 4 animals). Center of boxplot showing median, edges are 25th and 75th percentile, and 
whiskers are most extreme data points. *p<0.05, **p<0.01, ***p<0.001.
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Extended Data Fig. 7 | Temporal shift of dopamine inhibitory activity in reversal learning. a, Lick counts during the delay period (0–3 s after odor 
onset) in reversal training from reward to airpuff (n = 7 animals). Mean ± sem for each trial. b,b’, GCaMP signals from example animals during reversal. 
Left, session mean ± sem. The white horizontal lines (top) show session boundaries. c,c’, Dopamine activity trough (grey circle) and linear regression 
with trial number ((c) regression coefficient 7.6 ms/trial, p = 5.9 × 10−13: (c’) regression coefficient 7.9 ms/trial, p = 3.8 × 10−3). d, Responses to the 
airpuff-predicting odor in an example animal (left) and in all animals (right, mean ± sem). Early: 0.75–1.75 s from odor onset (green). First 0.75 s was 
excluded to minimize contamination of remaining positive cue response. Late: 2–3 s from odor onset (magenta). e, Difference between early and late odor 
responses (grey: each animal; orange: mean ± sem). Dopamine activity in the late phase was significantly higher than activity in the early phase during the 
first 2–20 trials (t = −3.0, p = 2.3 × 10−3; two-sided t-test). f, Regression coefficient ±95% confidence intervals between activity peak and trial number in 
each animal in different experimental conditions (mean ± 95% confidence intervals). Red circles, significant (p ≤0.05; F-test, no adjustment for multiple 
comparison) slopes. n = 7 animals for each condition. Data of one animal in reversal from reward to nothing was removed because of insufficient number 
of trials with detected troughs. *p<0.05.
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Extended Data Fig. 8 | comparison of dopamine axon GcaMP signal, control fluorescence signal, and licking. a, GCaMP signals (top; green), 
tdTomato signals (middle; red), and lick counts (bottom; blue) recorded simultaneously in the first reversal session from airpuff to reward (mean ± 
sem). b, Percentage of animals that show anticipatory licking during delay periods vs trial number. Regression coefficient 1.3%/trial, F = 33, p = 1.2 × 
10−6, F-test. c, Average lick counts during delay periods vs trial number. Regression coefficient 0.11 lick/trial, F = 35, p = 7.8 × 10−7, F-test. d, First lick 
timings vs trial number. Regression coefficient −2.3 ms/trial, F = 0.19, p = 0.66, F-test. e, Relation between the first lick and GCaMP signals during 
the delay period in an example animal. Right, comparison between timing of GCaMP peak and timing of the first lick. f, Linear regression coefficients 
for timing of GCaMP peak, tdTomato peak, lick peak and first lick with trial number (t = 8.9, p = 8.8 × 10−4 for GCaMP peak; t = −0.058, p = 0.96 for 
tdTomato peak; t = 0.038, p = 0.97 for lick peak; and t = 0.98, p = 0.38 for first lick, two-sided t-test). Red circles, significant (p-value ≤0.05, F-test, no 
adjustment for multiple comparison). g, Latency of GCaMP response and first lick (GCaMP peak to first lick, 427 ± 241 ms; and GCaMP response onset 
to first lick, 989 ± 154 ms, mean ± sem). h, Correlation coefficients between timing of GCaMP response peak and lick peak (t = 1.3, p = 0.27, two-sided 
t-test) and lick onset (first lick, t = 0.53, p = 0.62, two-sided t-test, and second lick, t = 1.6, p = 0.19, two-sided t-test). Red circles, significant (p-value 
≤0.05, F-test, no adjustment for multiple comparison). n=5 animals. Center of boxplot showing median, edges are 25th and 75th percentile, and 
whiskers are most extreme data points. **p<0.01.
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Extended Data Fig. 9 | Dopamine cue responses during repeated learning in well-trained animals. a, Probability of having monotonic shift in randomly 
sampled 3 activity peaks in the actual data (blue) and control (red) (5 animals). The data showed significantly higher probability (p<0.05; two-sided 
t-test, no adjustment for multiple comparison) of monotonic shift in 3 out of 5 animals (p = 0.18; binomial cumulative function). b, Responses to a 
reward-predicting odor in all animals (center, mean ± sem). early: 0–1 s from odor onset (green); late: 2–3 s from odor onset (magenta). Middle, difference 
between early and late odor responses (grey: each animal; orange: mean ± sem). Right, dopamine activity in the late phase was not significantly higher 
than activity in the early phase during the first 2–10 trials (t = −1.3, p = 0.25; two-sided t-test). n = 5 animals. c, Left, time-course of center of mass during 
delay periods (0–3 s after cue onset) over training. Right, average centers of mass during 2–10 trial in all animals were not significantly later than half 
time point (1.5 s) (left, nothing to reward, t = 1.6, p = 0.17; two-sided t-test). n = 5 animals. Center of boxplot showing median, edges are 25th and 75th 
percentile, and whiskers are most extreme data points. ***p<0.001.
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Extended Data Fig. 10 | See next page for caption.

NATURe NeURoScieNce | www.nature.com/natureneuroscience

http://www.nature.com/natureneuroscience


Articles NATurE NEurOSciENcE

Extended Data Fig. 10 | Recording sites and dopamine cue responses in deep 2-photon imaging. a, Recording site for each animal is shown in coronal 
views (Paxinos and Franklin61). b, Example coronal section of a recording site and GCaMP expression in the VTA. An asterisk indicates fiber tip location. 
Other 4 animal also showed similar result as shown in (a). Scale bar, 1 mm. c, Probability of monotonic shift in randomly sampled 3 activity peaks in actual 
data (blue) and control (red). The neurons with sufficient detected peaks were used (21/36 neurons for nothing to reward, 16/36 neurons for airpuff to 
reward, see Methods). Sampling was repeated for 500 times for each neuron. The pi-chart summarizes the number of neurons with significantly higher 
probability of monotonic shift (p<0.05; two-sided t-test, no adjustment for multiple comparison, Data > Ctrl; blue), significantly lower probability of 
monotonic shift (p<0.05; two-sided t-test, no adjustment for multiple comparison, Data < Ctrl; orange), and not significantly different (n.s.; two-sided 
t-test, no adjustment for multiple comparison; grey) compared to control (left, nothing to reward, p = 0.039; right, airpuff to reward, p = 0.038, binomial 
cumulative function). d,e, Responses to a reward-predicting odor in an example neuron (left column of b) and all neurons (left column of c, n = 36, mean 
± sem). early: 0–1 s from odor onset (green); late: 2–3 s from odor onset (magenta). Right column of b and middle column of c, difference between early 
and late odor responses (mean ± sem for c). Right column of c, dopamine activity in the late phase was significantly higher than activity in the early phase 
during the first 1/3 of learning phase for nothing to reward (t = 2.5, p = 0.015; two-sided t-test), and airpuff to reward (t = 3.1, p = 0.35 × 10−2; two-sided 
t-test). f, Time-course of center of mass (0–3 s after cue onset) over training and average centers of mass during the first 1/3 learning phase in all neurons 
used for linear fitting analysis (left, nothing to reward, n = 35, t = −1.0, p = 0.30; middle, airpuff to reward, n = 36, t = −2.0, p = 0.048; right, both types 
are pooled, t = −2.2, p = 0.030; two-sided t-test). Center of boxplot showing median, edges are 25th and 75th percentile, and whiskers are most extreme 
data points not considered as outlier. *p<0.05, **p<0.01.
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Reporting Summary
Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 

in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 

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

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 Labview 2010 was used to collect data for fiber photometry and lick signals. ScanImage 4.0 was used to collect data for 2-photon microscopy 

imaging

Data analysis MATLAB R2020a and 2015b were used to analyze photometry, 2-photon microscopy imaging and licking data. Suite2p was used for 2-photon 

imaging data analysis. Any codes used in this study are available from public repository (https://github.com/VTA-SNc/Amo2022). The model 

code is attached as a Supplementary Data.

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 

 

The fluorometry data and 2-photon imaging data are shared at a public deposit source (doi:10.5061/dryad.hhmgqnkjw).
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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.

Life sciences 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 formal power analysis was carried out but our samples sizes are similar to those reported in previous publications (Menegas et al., 2017; 

Kim et al., 2020; Tsutsui-Kimura et al., 2020). We mostly analyzed the data by animal (n = number of animals). Some data are analyzed by 

sessions with different conditions. We analyzed data by neuron for cellular analysis of 2-photon imaging data (n = number of neurons).

Data exclusions No animals were excluded from the study: all analysis includes data from all animals except for one session in the Extended Data Figure7f 

where we could not detect enough number of trough for analysis. Similarly, the neurons that do not have enough number of peaks for the 

analysis were excluded from analysis in 2-photon imaging (Figure 5 and Extended Data Figure 10).

Replication Animals were not formally divided into separate groups for "proof of principle" and "replication". Instead, we pooled all data, and displayed 

data from each animal (along with the average and standard error or boxplot) as much as possible. Of note, major experimental data are took 

from more than 2 separate batch of experiments as indicated in the Methods (subsection: Behavior) and the observed tendency was 

conserved among the batches. Moreover, the phenomenon we are reporting was observed across different experiment types in this study.

Randomization The study did not include the experiment requiring randomization as we did not compare the difference between groups.

Blinding The study did not include the experiment requiring blinding as we did not compare the difference between groups.

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

n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Human research participants

Clinical data

Dual use research of concern

Methods

n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Antibodies

Antibodies used anti-TH, rabbit polyclonal, AB152, Millipore Sigma; anti-DsRed, rabbit polyclonal, 632496, Takara; anti-GFP, chicken polyclonal, 

GFP-1010, AvesLabs

Validation The specificity of this antibody has been verified by the company  

anti-TH: https://www.emdmillipore.com/US/en/product/Anti-Tyrosine-Hydroxylase-Antibody,MM_NF-AB152#overview 

anti-DsRed: https://www.takarabio.com/products/antibodies-and-elisa/fluorescent-protein-antibodies/red-fluorescent-protein-

antibodies 

anti-GFP: https://www.aveslabs.com/products/green-fluorescent-protein-gfp-antibody

Animals and other organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals 20 both female and male mice, 2-14 months old were used in this study. We used heterozygote for DAT-Cre (Slc6a3tm1.1(cre)Bkmn; 

The Jackson Laboratory, 006660), DAT-tTA (Tg(Slc6a3-tTA)2Kftnk; this study), VGluT3-Cre (Slc17a8tm1.1(cre)Hze; The Jackson 

Laboratory, 028534), LSL-tdTomato (Gt(ROSA)26Sortm14(CAG-tdTomato)Hze; The Jackson Laboratory, 007914), and Ai148D (B6.Cg-

Igs7tm148.1(tetO-GCaMP6f,CAG-tTA2)Hze/J; The Jackson Laboratory, 030328)51 transgenic lines. All mice were backcrossed with 
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C57BL/6J (Jackson Laboratory) for several generations. Mice are housed on a 12 hr dark (7:00-19:00)/ 12 hr light (19:00-7:00) cycle. 

Experiments were performed in the dark period. Ambient temperature is kept at 75±5 F° and humidity is kept below 50%. 

Wild animals The study did not involve wild animals.

Field-collected samples The study did not involve samples collected from the field.

Ethics oversight The Harvard Animal Care and Use Committee

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