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Abstract

Animals exposed to pairings of a neutral stimulus with reward acquire a conditioned response to the
neutral stimulus. A prominent hypothesis, formalized in the Temporal Difference (TD) learning algo-
rithm, is that animals learn to predict the future reward associated with the neutral stimulus (“value”).
Though the TD algorithm does not explicitly specify what drives conditioned responding, a typical as-
sumption is that it reflects the animal’s estimate of value. In TD learning, value estimates are updated
using reward prediction error (RPE, the discrepancy between observed and predicted reward), and are
thought to be signaled by the phasic activity of midbrain dopamine neurons. This hypothesis posits that
dopamine’s effects on conditioned responding are mediated entirely by its effects on learning. However,
recent experimental and theoretical evidence suggests that dopamine may play a more direct role in
modulating conditioned responding. We use a combination of data analysis and computational model-
ing to probe the relationship between dopamine and conditioned responding. Our results suggest that
dopamine directly modulates conditioned responding, in addition to its role in learning. These findings
can be captured by a model in which dopamine RPE acts both indirectly (via learning) and directly on

conditioned responding.


https://doi.org/10.64898/2026.03.25.714259
http://creativecommons.org/licenses/by/4.0/

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.25.714259; this version posted March 25, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Introduction

In Pavlovian conditioning, animals learn to associate a neutral conditioned stimulus (CS) with the delivery
of an appetitive or aversive stimulus (US). For example, when a neutral odor or tone cue is repeatedly
paired with a subsequent water reward, rodents exhibit anticipatory licking of the water spout during cue
presentation. Pavlovian conditioning is often framed through the lens of reinforcement learning theory,
which posits that conditioned responding reflects a learned estimate of the cumulative future reward (value)
following the conditioned stimulus [1, 2, 3]. A leading theory of how animals acquire value estimates is the
Temporal Difference (TD) learning algorithm, which updates value estimates using a reward prediction
error (RPE), the discrepancy between observed and predicted reward. The RPE is thought to be signaled by
the phasic spiking activity of dopamine neurons in the midbrain [4, 5, 6, 7]. This hypothesis is supported by
a quantitative match between RPEs and dopamine neuron activity [8, 9, 10, 11], as well as by perturbation
experiments establishing the causal role of dopamine in Pavlovian conditioning [12, 13, 14, 15].

The dopamine RPE hypothesis holds that dopamine’s role in Pavlovian conditioning is delimited entirely
by its role in learning. Any effects dopamine has on conditioned responding must, according to this
account, be indirect and delayed. We will challenge this account, presenting data showing that dopamine
has a direct, immediate effect on conditioned responding. Several studies already point in this direction
[16, 17, 18], though the evidence is mixed [15]. A direct role has been posited by some computational
models [19, 20, 21, 22, 23], and might be mediated at the cellular level by the effect of dopamine on the
excitability of striatal neurons [24, 25]. However, a systematic empirical investigation of this hypothesis
has yet to be undertaken.

Disentangling the direct and indirect effects of dopamine on conditioned responding is intrinsically
challenging because they cannot be measured separately, and they are often correlated. We address these
challenges by conducting a fine-grained analysis of the trial-by-trial covariation between dopamine neuron
activity and conditioned responding. Using computational models, we show that the patterns of covaria-
tion are most consistent with a model in which dopamine acts both indirectly via learning and directly via
modulation of conditioned responding. This model can also account for the heterogeneous effects of optoge-
netic perturbations on conditioned responding. Taken together, our findings demonstrate that dopamine’s
role in Pavlovian conditioning goes beyond learning, inviting a reconsideration of models positing a direct

role in response generation.

Results

Conditioned responding during contingency degradation covaries with trial-averaged
dopamine, and not value

We start by revisiting TD learning in the context of trace conditioning (see Methods for mathematical
details). In each trace conditioning trial, the animal is presented with a cue (“CS”; e.g., a particular odor),
followed by a delay, and then a reward (“US”; e.g., a drop of water; Fig 1A). In a typical TD learning model
of trace conditioning, animals learn to estimate the moment-by-moment value, or the expected discounted
cumulative reward, using RPEs (Fig 1B). The phasic responses of midbrain dopamine neurons to both the

CS and US are well described by the RPE signal (see [7] for a review), supporting their hypothesized role


https://doi.org/10.64898/2026.03.25.714259
http://creativecommons.org/licenses/by/4.0/

39

40

41

42

43

44

45

46

47

48

49

50

51

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.25.714259; this version posted March 25, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

A Trace Conditioning example trial D Contingency Degradation (Qian & Burrell et al., 2025)
CS ]
Reward (r) | Degradation cohort [ Conditioning | Degradation |
Licking —L 1 1LLL1L Cued Reward cohort |Conditioning |Cued Rewardl
Anticipatory time —» Days: 5 10
,7 lick count (y)
E
B 2/ TD Learning < 2 +
-+ CS Value S11@ @ O 40+ %10_
Value (V) 3 g + 3 ¢
- CS RPE 5 P s
RPE (3) | A @ 3.5 1 O 8-
< ——
® ° ©
2 z g
C E % 3.0 1 g 6
£ E £
O»O~® -
e | o ¢
L e =)
Y "x' 0- N I
© & & O & O & O
\0(\\0 a}(b\\o Q§ © ‘00\(\ b‘bs\o @é ~o(\\(\ 6’0‘90 ®$($
N & & & & L
P ¥ & & S

Fig 1. TD learning and conditioned responding during trace conditioning with contingency degrada-
tion. A. Example trace conditioning trial consisting of a conditioned stimulus (CS), followed by a delay, and then a
reward stimulus. Also depicted is an example of the times the animal licked the reward spout, with anticipatory lick-
ing (the conditioned response) measured during the interval between the CS onset and reward delivery. B. Example
of the estimated value and reward prediction error (RPE) of TD learning during the example trial shown in panel
A. Dashed arrows depict different potential relationships between CS Value, CS RPE, and anticipatory licking. C.
Putative circuit implementation of TD learning, where sensory cortex provides the CS input, ventral striatum (VS)
carries the value estimate, and midbrain dopamine neurons provide the RPE signal, which modulates feedforward
plasticity between cortex and VS. D. Experimental structure of the contingency degradation experiment [26]. Two
cohorts underwent a “Conditioning” phase for five days/sessions, followed by five days of either a “Degradation” or
“Cued Reward” phase for the Degradation and Cued Reward cohorts, respectively. E. Average objective value at
CS onset, anticipatory lick rate, and dopamine activity (z-scored axonal calcium fluorescence) at CS onset, for the
Odor A cue during each of three phases shown in panel D. Black circles and lines denote mean + SE across trials.

in TD learning and the interpretation of dopamine activity as a putative measure of the animal’s RPE.

Mice trained on trace conditioning with an odor CS and a water reward produce anticipatory lick-
ing during the delay period—their conditioned response (I'ig 1A). To link the TD model to conditioned
responding, we require an auxiliary assumption about response generation (Fig 1C). Conditioned respond-
ing typically covaries with the CS value. However, as we’ll see, differences in CS RPEs across cues and
across time are also correlated with conditioned response rates. This raises the possibility that conditioned
responding could additionally reflect CS RPEs, putatively signaled by phasic dopamine.

Recent work using a contingency degradation paradigm supports this possibility [26]. In this study,
there were three distinct experimental phases, presented to two different cohorts of mice (Fig 1D). Briefly,
during the Conditioning phase, each trial consisted of a CS (“Odor A”) followed by a variable reward. Mice
in the Degradation cohort experienced a Degradation phase, where Odor A trials were interleaved with
trials containing uncued rewards. Mice in the Cued Reward cohort experienced a Cued Reward phase,

where Odor A trials were interleaved with reward trials cued by an additional odor CS. Critically, the Odor
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A CS was rewarded similarly across all three phases, meaning its objective value was held constant across
every phase (Fig 1E, left). Notably, animals’ anticipatory licking was decreased in the contingency phase
compared to the conditioning and cued reward phases (Fig 1E, middle), even though the CS value was
constant across phases. This mirrored the CS dopamine response (Fig 11, right), and was well explained by
a TD learning model where CS dopamine reflects the CS RPE. This suggests that differences in conditioned
responding may be driven by CS RPEs and not CS value.

While the possibility that conditioned responding is based on CS RPE and not CS value is suggestive,
the evidence presented in [26] is based on trial-averaged activity and correlations across cues or phases of
trials. If the CS RPE is truly driving conditioned responding, then the correspondence between dopamine

and licking should also manifest on a trial-to-trial basis for a single cue.

Trials with larger CS dopamine have higher conditioned response rates

To look for evidence of a trial-to-trial correspondence between CS dopamine and conditioned responding,
we first compared the number of anticipatory licks with the peak magnitude of dopamine activity following
CS onset. We first carry out this analysis on each trial of an example session at the end of conditioning for
one mouse, and then show the results aggregated across all sessions and mice. For this and all following
analyses of data from [26], we only consider trials with Odor A, which is the CS that was identically
rewarded throughout the experiment (i.e., the objective value of this CS was constant). “Dopamine
activity” here means the z-scored axonal calcium fluorescence (see Methods). We labeled trials where
the peak CS dopamine activity was in the highest quartile across trials as a “High CS dopamine” trial (Fig
2A), and those where the peak in CS dopamine activity was in the lowest quartile as a “Low CS dopamine”
trial (Fig 2B). In this example session (Fig 2C), trials with high CS dopamine had more anticipatory licks
on average than trials with low CS dopamine (Fig 2C; one-sided Wilcoxon rank sum test, W = 2.638,
p = 0.004).

This same general pattern was also evident across sessions from all mice, where we observed that trials
with high CS dopamine had higher anticipatory lick rates than did trials with low CS dopamine (Fig 2D;
one-sided Wilcoxon rank sum test, W = 7.561, p < 1 x 1073). This effect could not be explained by
differences in satiety, as high CS dopamine trials had higher anticipatory lick rates than low CS dopamine
trials even when excluding the last half of trials from each session (one-sided Wilcoxon rank sum test,
W = 3.769, p < 1 x 1073). CS dopamine and anticipatory lick rates had a graded relationship, such that
higher CS dopamine was correlated with larger anticipatory lick rates on the last day of conditioning for
every mouse (Fig 2D; average Pearson correlation was 0.33+£0.05, mean + SE; N = 14 animals). While TD
learning predicts that both CS dopamine and CS value should increase with learning, this correspondence
between anticipatory licking and CS dopamine is unexpected on the last day of conditioning, when animals
have fully learned the reward contingencies. This result is also consistent with empirical results in previous
studies that found anticipatory lick rates were decreased when dopamine neurons were transiently inhibited
during the IST using optogenetics [18, 15], a result we will return to in a later section.

Differences in the average lick rates of rodents may be due to differences in licking latency, intensity, or
duration [27, 28, 29, 30, 31]. We found that trials with high CS dopamine did have slightly shorter latencies
to the time of the first lick than trials with low CS dopamine (Fig 2F; one-sided Wilcoxon rank-sum test,

W = —4.374, p < 1 x 1073). Anticipatory lick rates were also larger on high versus low CS dopamine
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Fig 2. Anticipatory lick rates late in conditioning are larger on trials with larger CS-evoked dopamine.
A-B. Dopamine activity (black trace) and licks (black vertical lines) during an example “High CS dopamine” (panel
A) and “Low CS dopamine” (panel B) trial, on the last day of conditioning from an example mouse. C. Number
of anticipatory licks and dopamine response to the CS on trials from the same example session as panels A and B.
Dashed lines depict lower and upper quartiles of the CS dopamine response, used to define “Low CS dopamine” (light
red) and “High CS dopamine” (dark red) trials, respectively. Dark red and light red circles indicate the example
trials shown in panels A and B, respectively. D. Average lick rate (mean + SE) across all High CS dopamine and
Low CS dopamine trials from the last day of conditioning in all mice. E. Pearson correlation between anticipatory
lick rate and CS dopamine across trials in the last day of conditioning for each mouse (gray dots), and across mice
(black circle). Black line depicts mean + SE. F. Average time of the first anticipatory lick (mean + SE) across the
same trials as in panel D. G. Average lick rate (mean + SE) after aligning lick times within each trial to the time

of the first anticipatory lick.
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Fig 3. Anticipatory lick rates are larger on trials with higher CS dopamine than on trials with low CS
dopamine across multiple studies. For each study, gray dots depict the average difference in the anticipatory
lick rate on trials with High versus Low CS dopamine within a single session. Black circles depict the mean across
sessions, and black lines depict the mean + SE across sessions. Asterisks depict significance of a Wilcoxon signed
rank test at the 0.05 (*), 0.01 (**), and 0.001 (***) level. Black lines on x-axis tick labels indicate the dopamine
signal recording technique used in that study. For [33], results are shown separately for dopamine activity measured

using calcium (GCaMP) and dopamine (DA) sensors.

trials when aligning to the time of the first lick (Fig 2G; one-sided Wilcoxon rank-sum test, W = 12.902,
p < 1x1073). Thus, trials with high CS dopamine had both shorter licking latencies and higher lick rates
than trials with low CS dopamine.

We next asked whether these differences in lick rate as a function of the CS dopamine response were
present in other studies that recorded both dopamine and licking in mice undergoing odor trace conditioning
[10, 32, 11, 33]. While the effect size varied across studies, trials with high CS dopamine all tended to
have higher rates of anticipatory licking than trials with low CS dopamine across a range of studies and
dopamine signals (Fig 3). These results suggest that the magnitude of the CS dopamine response can, on
average, explain variability in the subsequent amount of anticipatory licking. As we will show in a later
section, this finding cannot be explained by the traditional TD learning assumption that CS value solely

drives conditioned responding.

CS dopamine and conditioned responding covary throughout conditioning

We next asked whether the relationship between CS dopamine and anticipatory licking observed at the
end of conditioning was also present throughout the learning process. We visualized the time series of CS
dopamine and anticipatory licking on each trial to the same cue during the conditioning phase of [26]. CS

dopamine and anticipatory lick rates were positively correlated across all animals (Fig 4), with an average
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Fig 4. Trial-by-trial correlations between anticipatory lick rates and CS-evoked dopamine, throughout
conditioning. A. Example time courses of anticipatory lick rate (red) and CS dopamine response (black) to the
same cue on each trial of conditioning, with gaps of 10 trials added between sessions for visualization of session
boundaries. Pearson correlation (p) between anticipatory lick rate and CS dopamine is shown above each subpanel.
B. Pearson correlation between anticipatory lick rate and CS dopamine across conditioning trials for each mouse
(grey dots), and across all mice (black circle). Black line depicts mean + SE.
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Pearson correlation of 0.44+0.04 (mean £ SE; N = 14 animals). While a TD learning agent’s estimate of CS
value and its CS reward prediction error are expected to monotonically increase with learning, empirical
measures of anticipatory licking and CS dopamine (assumed to reflect the CS reward prediction error)
showed substantial non-monotonicity, suggesting this positive correlation may not be solely due to learning.
Overall, our results suggest that trial-to-trial variability in CS dopamine can partially explain trial-to-trial
variability in conditioned responding. As we will show next, this correspondence is not expected from a

TD learning agent whose rates of conditioned responding reflect CS value.

Anticipatory licking is maximally correlated with the immediately prior CS dopamine

respomnse

One caveat in interpreting the correlations between CS dopamine and licking above is that, even if licking
were driven solely by value, TD learning would still predict correlations between the CS RPE (i.e., CS
dopamine) and licking. This is because standard TD learning models predict that the RPE will gradually
backpropagate across trials from the reward to the CS [4], as observed empirically [6]. This has been
described as an ‘indirect’ relationship between the RPE/dopamine and responding [19], because the CS
value on each trial will in general correlate with the RPEs from previous trials. Alternatively, the CS
RPE may have a ‘direct’ (i.e., simultaneous) role in responding, in which case we would expect that
the anticipatory response on trial ¢ will depend maximally on the CS RPE on trial ¢t. Thus, positive
correlations between the CS RPE and anticipatory licking could, in principle, be explained both by the
traditional assumption that licking reflects CS value, or by a model where licking is modulated directly by
CS RPE.

To understand whether both of these hypotheses are indeed consistent with empirical data, we took
a “phenotyping” approach (Fig 5A). First, we simulated thousands of TD learning agents, where each
model had randomly sampled hyperparameters (see Methods). Next, we generated time series of anticipa-
tory licking according to two different hypotheses. Under the indirect dopamine hypothesis (H1), licking
is a readout of CS value. Under the direct dopamine hypothesis (H2), licking is a readout of the CS
RPE/dopamine. For each resulting agent, we then assessed the Pearson correlation between the number
of anticipatory licks on trial ¢ and the magnitude of the CS RPE on trials t — 7 for 7 = 0,1,...,4. We
refer to the set of resulting correlations, 8 € R?, as the agent’s phenotype.

We found that the resulting phenotypes differed based on which agents had licking generated by CS
value or by CS RPEs (Iig 5B). Agents whose licking directly reflected the CS RPE were distinguished by
a positive correlation between anticipatory licking and the CS RPE on the same trial (i.e., 7 = 0) (Fig
5B, green traces). Overall, agents whose licks reflected H2 versus H1 had larger correlations for 7 = 0
(d = 1.751 £ 0.077, mean + s.d. across N = 1,000 bootstraps). Thus, this phenotyping approach could
distinguish between two classes of TD agents where licking was driven either directly or indirectly by the
RPE.

We next applied this same phenotyping approach to empirical data from all of the trace conditioning
studies we considered earlier (see Methods). We found that anticipatory licking on a given trial was
significantly positively correlated with the CS dopamine on the same trial across all previous studies (Fig
5C). This supports the idea that CS RPE/dopamine plays a direct role in driving conditioned responding

during this experiment.
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Fig 5. Phenotyping suggests anticipatory licking depends directly on CS RPEs/dopamine, or CS
value with sensory noise. A. Schematic depicting two hypotheses for how the anticipatory lick count on a
given trial, y(¢), might depend on either CS value (Vog(t); H1) or on the CS RPE (dcs(t); H2). B. Correlation
between anticipatory lick count and CS RPE on previous trials, for simulated TD agents whose licking was generated
according to H1 (blue) or H2 (green). Lines depict mean correlations across N = 500 models, and shading depicts
deciles across models. C. Pearson correlations between anticipatory lick count and CS dopamine on the same trial,
for empirical measurements from previous studies. Black dots indicate correlations across bootstraps, while black
circles and lines indicate mean + SE across N = 1,000 bootstraps. All correlations were statistically significant
compared to correlations calculated using trial-shuffled DA. D. Same as panel B, but for agents with added sensory
noise.

A positive correlation between CS dopamine and licking does not imply that the two are causally
related. We reasoned that positive correlations could also arise if licking reflects CS value, but both CS
value and licking have shared input noise. To implement this idea, we added noise to the CS sensory
representation (e.g., reflecting a noisy sensory response to the odor) on each trial before applying TD
learning, and generated licking according to the indirect model where licking reflects CS value. This
addition of sensory noise produced similar, though weaker correlations between the CS RPE and licking
on the same trial (Fig 5D). Nevertheless, the first regression weight was still consistently larger for agents
whose licks reflected H2 versus H1 (d' = 1.245 £ 0.060, mean =+ s.d. across N = 1,000 bootstraps).
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Overall, our analyses revealed that, across a range of conditioning experiments, licking and CS dopamine
were strongly positively correlated on the same trial, as expected by a TD model where CS RPEs (putatively
signaled by dopamine) directly drive licking. Our phenotyping approach suggests that this correlation
between CS dopamine and anticipatory licking on the same trial may be due either to a direct role for CS
dopamine in licking, or to the presence of substantial noise in the CS sensory representation. Empirical

support of the former possibility will be evaluated in a later section.

Uncued peaks in CS dopamine between trials precede changes in licking

The analyses above revealed a correspondence between the concurrent CS RPE and conditioned responding.
Our modeling suggests that this could be explained either by dopamine having a direct role in modulating
licking, or a value-licking model with substantial noise in the sensory representation of the cue. One reason
that these two possibilities are hard to distinguish is that both the CS RPE and CS value are directly
dependent on the CS sensory representation. We reasoned that, if dopamine can directly modulate licking,
then peaks in dopamine that are not cue-evoked may also yield changes in licking.

We therefore turned to comparing dopamine and licking during the intertrial interval (ITI) of data from
[26], an epoch containing no experimentally-controlled inputs (Fig 6). Dopamine activity often showed
substantial phasic activity during the ITI (Fig 6A), and lick rates were significantly larger in the 250 msec
after versus before each peak (Iig 613; Wilcoxon signed rank test T = 86.0, p < 1 x 1073). We defined a
“peak” in dopamine activity during the I'TI as a time during the I'TI at which the dopamine signal surpassed
more than 3 standard deviations above average background levels across the entire experiment. We then
aligned licking to each of these peaks and averaged across each peak, resulting in a “dopamine-peak-
triggered average” of licking during the ITI. This analysis revealed an abrupt increase in licking following
a dopamine peak during the conditioning phase (Fig 6C). This increase in licking was dose-dependent: the
magnitude of these uncued dopamine peaks was positively correlated with larger subsequent increases in
licking (Fig 6D). Importantly, because these dopamine peaks occurred during the ITI, they were uncued,
and thus had zero objective value (because they were not predictive of reward). Nevertheless, these
dopamine peaks preceded increases in licking, suggestive of a direct role for dopamine in modulating
anticipatory licking.

To quantify this result for each session from each mouse, we compared the number of licks immediately
before versus after the time of each dopamine peak, and summarized this difference using the sensitivity
index (d’; see Methods). We then visualized the d’ of each cohort throughout the conditioning, degradation,
and cued reward phases (Fig 6F-F). Across sessions of both cohorts, d’ was significantly positive throughout
conditioning (Fig 61-F; two-sided Wilcoxon signed rank test 7' = 160.0, p < 1x1073), meaning the number
of licks was consistently larger directly after versus before an uncued peak in dopamine during the ITI.
For mice in the Contingency Degradation phase (i.e., some trials contained uncued rewards), d’ was also
significantly positive (Fig 61; two-sided Wilcoxon signed rank test 7' = 7.0, p < 1 x 1073). However, for
mice in the Cued Reward phase, d’ was no longer positive (Fig 6F; two-sided Wilcoxon signed rank test
T = 98.0, p = 0.083). This result, where uncued peaks in dopamine preceded increases in licking during
the I'TI for some experimental conditions but not others, suggests a nonstationary or dynamic relationship
between uncued peaks in dopamine and licking. While dopamine may directly modulate anticipatory

licking, this relationship may be gated by other signals related to reward expectation, a possibility we will
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Fig 6. Uncued peaks in dopamine during intertrial intervals predict changes in lick rates. A. Licks
and dopamine activity during the intertrial interval (ITI) of an example trial during a conditioning session, aligned
to the time of a dopamine peak. B. Timing of licks relative to a dopamine peak during the ITI, for all ITIs from
an example conditioning session with a dopamine peak. C. Average lick rate and dopamine activity relative to all
ITT dopamine peaks from all conditioning sessions (mean + SE). D. Average lick rate (mean + SE) aligned to ITI
dopamine peaks, grouped by different dopamine peak magnitudes. E. Sensitivity index (d’) in discriminating lick
counts after versus before an ITI dopamine peak, for each mouse in the Degradation cohort on each session (black
dots), and mean + SE across mice (black line and gray shading). F. Same as panel E, but for mice in the Cued
Reward cohort.

explore shortly.

Causal manipulations of dopamine reveal direct roles for both CS RPE and value in
driving conditioned responding

Whether or not the RPE has a direct role in driving conditioned responding can be evaluated empirically via
causal perturbations of dopamine during or after Pavlovian conditioning. Previous perturbations include
chronic dopamine depletion [34], and transient excitation or inhibition of midbrain dopamine neurons
during the cue or reward periods [18, 15, 17]. Here we asked whether TD learning models can explain the
results of these different dopamine perturbations. In particular, we were interested in whether explaining
these results either ruled in or out the possibility of a direct role for CS RPEs/dopamine in driving

conditioned responding.
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We first considered results from a study that used optogenetics to transiently excite dopamine neurons
during cue onset [17] (Fig 7A). The experimenters found that if dopamine neurons were stimulated during
CS delivery, anticipatory licking was high for cues paired with reward (“CS+ Excitation”), but remained
low for cues not paired with reward (“CS— Excitation”). This suggests that dopamine stimulation on its
own was not sufficient to cause licking.

We applied TD learning models to these experiments, modeling dopamine excitation as a constant, b,
added to the RPE, 4, simultaneous with the cue delivery (see Methods). We then simulated anticipatory
licking as a readout of either CS value (Fig 7B) or CS RPE (Fig 7C). These are the same two models we
considered earlier in Fig 5. While the results in [17] could be reproduced by TD learning models where CS
value directly drove licking (Fig 7B), these results were also explained by a model where CS RPEs directly
drove licking (Iig 7C). Notably, though the latter model has a direct link between the CS RPE and licking,
pairing dopamine stimulation with cue presentation did not lead to large lick rates for the unrewarded
CS— cue. This is because the CS RPE itself depends on CS value, which remains low for unrewarded cues.
Thus, even TD models with a direct link between the CS RPE/dopamine and licking can nevertheless
show a “gated” response to dopamine excitation. Because this result from [17] was explainable with both
models of licking, these empirical results do not speak to whether or not the CS RPE has a direct role in
anticipatory licking.

We next considered results from a pair of studies that used optogenetics to phasically inhibit dopamine
activity during the cue or reward onset [15, 18] (Fig 7D). The authors found that dopamine inhibition
during either the cue or the reward onset reduced anticipatory lick rates, with inhibition during the reward
onset having a larger relative impact. We modeled dopamine inhibition as a constant, b, subtracted from
the RPE/dopamine signal, ¢, simultaneous with either the cue or reward delivery. We then applied TD
learning models to these experiments as before (see Methods). We simulated anticipatory licking on each
trial using either the CS value (Fig 7E) or CS RPE (Fig 7F) on each trial. Again we found that both models
could reproduce the empirical results [15, 18], where lick rates were reduced for dopamine inhibition during
either the cue or the reward onset, but with reward inhibition having a larger impact. Thus, these results
do not speak to whether or not the CS RPE directly modulates anticipatory licking.

One reason why exciting or inhibiting dopamine can impact anticipatory licking even if CS RPE does
not directly drive licking is due to the fact that these perturbations were applied in blocks of adjacent trials.
These blockwise perturbations allow perturbed dopamine levels to impact CS value, and therefore licking,
through learning. A more direct way of evaluating whether the CS RPE has an immediate influence on
licking would be excite or inhibit dopamine activity on random trials rather than in blocks. Indeed, for TD
models where licking was determined solely by CS value, randomly inhibiting CS RPE on random trials did
not lead to reduced anticipatory licking compared to trials where CS dopamine was not inhibited (Fig 7G,
top). By contrast, anticipatory licking was reduced during inhibited trials for TD models where licking was
determined by CS RPE (Fig 7G, bottom). In fact, previous work did find that, when inhibiting dopamine
during the cue period of random 50% of trials, anticipatory lick rates were lower on the randomly inhibited
dopamine trials than on the uninhibited dopamine trials [15]. Thus, this empirical result combined with
our simulations supports the idea that CS RPEs/dopamine can directly modulate anticipatory licking on
the same trial, and that this modulation is distinct from the gradual changes in licking expected due to

learning.
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Fig 7. A model where the CS RPE drives anticipatory licking can explain the effects of causal
manipulations of dopamine on licking. A. Top, four distinct conditions from [17], each with a distinct CS.
“CS+” indicates a deterministically rewarded cue, while “CS-" indicates a deterministically unrewarded cue. For
CS+ and CS— Excitation trials, optogenetic excitation of dopamine was modeled as a phasic, additive increase in
the RPE during the CS delivery (see Methods). Anticipatory licking was high for CS+ Excitation and low for
CS— Excitation. Bottom, example trial time course of a CS+ Excitation trial. B. Average lick rate for each trial
type (each simulated separately), for models where lick rate is proportional to CS value (see Methods), across 100
experiments (black circles and lines indicate mean + SE for N=100 experiments). C. Same as panel B, but where
lick rate is proportional to CS dopamine (see Methods). D. Top, three conditions and results from [15] and [18],
each with a distinct CS. Optogenetic inhibition of dopamine was modeled as the opposite of excitation. Anticipatory
licking was lowest in the Reward inhibition condition, but still reduced for Cue inhibition. Bottom, example trial
time course of Cue inhibition versus Reward inhibition trials. E-F. Same conventions as panels B-C, but for the
conditions in panel D. G. In a separate condition of [15], dopamine cue inhibition was either applied (“On”) or not
applied (“Off”) during the delivery of a single CS on a random 50% of trials. Lick rates were reduced on the trials
with cue inhibition. H-I. Same conventions as panels B-C, but for the conditions in panel G.
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Discussion

Using a combination of data analysis and computational modeling, we probed the relationship between
phasic dopamine and anticipatory licking in mice during Pavlovian conditioning. Using data from multiple
previously published studies, we found that the response of dopamine neurons to a reward-predictive cue
(“CS dopamine”) was positively correlated with a higher anticipatory lick rate on the same trial. This
suggests a link between the CS dopamine and the immediate rate of conditioned responding, a relationship
not expected from the standard assumption that responding is proportional to CS value. In addition,
we found that positing a direct link between the CS dopamine and anticipatory licking was necessary to
reproduce previous empirical results showing that optogenetically inhibiting CS dopamine on random trials
led to a decrease in anticipatory licking on those same trials. Taken as a whole, our results suggest that
phasic dopamine directly modulates conditioned responding in addition to its canonical role as a learning
signal. This direct role can be captured by a model in which the CS RPE drives conditioned responding.

The possibility that dopamine plays a role in action selection, and therefore conditioned responding, has
been considered by previous computational models, mostly from the perspective of “incentive salience”—
i.e., the role of dopamine in assigning motivational value to objects or actions [19, 22, 20, 35]. Previous
studies using Pavlovian conditioning in rats have found that some rats develop “sign-tracking” behavior,
where reward-predictive cues develop incentive motivational value, or incentive salience. This sign-tracking
behavior is known to be dependent on dopamine [36, 20, 37, 38]. Incentive salience in tasks such as the
ones we consider here, using odor cues, has not been studied to our knowledge. Previous work has found
that dopamine release in the ventral striatum can initiate sniffing via action on both D1- and D2-expressing
medium spiny neurons (MSNs) [39]. Sniffing could be one way of measuring sign-tracking of odor cues, in
which case it would be interesting to evaluate the connection between trial-by-trial differences in sniffing,
licking, and CS dopamine.

One potential circuit implementation consistent with a direct role for the CS RPE/dopamine in re-
sponding is if phasic dopamine provides feedforward excitation of striatal medium spiny neurons (MSNs).
There is some empirical support of this idea [25], though this remains debated [40]. D1-MSNs are thought
to modulate lick rate [41]. The response of MSNs to reward-predictive cues, putatively encoding CS
value, may be modulated in a feedforward manner by CS dopamine, putatively encoding the CS RPE.
Computational models based on this idea have been considered previously [42, 21].

Our findings add to a growing body of work on the role of phasic dopamine in movement vigor and ini-
tiation in other paradigms, spanning operant conditioning [42, 43, 44, 45], Pavlovian-instrumental transfer
[46], and cue-potentiated feeding [27]. Closely related to our findings is work identifying a role for fast
timescale changes in phasic dopamine activity in self-timed or self-initiated movements [47, 48, 49]. Our
approach complements these studies by considering the relationship between dopamine and responding in
the context of dopamine as the RPE signal in TD learning, which allows us to dissect the contributions
of dopamine on responding that are immediate versus gradual through learning. An important direction
for future work is to develop a unified computational framework that can explain the role of dopamine on
both the timing and vigor of movements across these different paradigms.

Previous studies have considered the possibility that CS dopamine plays a direct role in modulating
responding during Pavlovian conditioning. In [17], the authors dismissed this possibility because “CS

dopamine stimulation in our experiments did not cause licking, per se, but selectively promoted responding
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only to rewarded cues.” As we showed in Fig 7TA-C, however, this result on its own is not sufficient to
discriminate between a TD-based model where licking is directly modulated by CS value or CS RPE. Fully
discriminating between the roles of CS value and CS RPEs in modulating responding is challenging because,
while we can measure putative RPEs using dopamine activity as a proxy, we cannot directly measure CS
value. Another challenge is that causal perturbations to dopamine presented in the literature are typically
applied in blocks rather than on randomly selected trials. This makes it challenging to distinguish between
the learning and feedback-related effects of dopamine expected over the course of multiple trials, versus the
immediate/feedforward effects expected on a single trial. The only study we are aware of that randomly
perturbed dopamine activity during a Pavlovian trace conditioning task is [15], which we have shown here
provides strong evidence that CS dopamine can directly modulate responding.

The slow correlations we observed between CS dopamine and conditioned responding in Fig 4 suggests
that variability in an animal’s motivation or arousal may underlie some of the co-fluctuations in dopamine
and licking. While arousal cannot explain the impacts of random optogenetic dopamine inhibition on licking
(Fig 7G), arousal may nevertheless drive some co-fluctuations in both dopamine and licking. Previous work
suggests a correspondence between conditioned responding and pupil size (an index for arousal) during
trace conditioning tasks [50], but how and whether animals’ arousal differentially modulates CS dopamine
and responding is an interesting, unanswered question.

The relationship between RPE and conditioned responding brings our work into contact with a broader
set of ideas in animal learning theory [51, 52, 53, 54]. These accounts draw an important distinction between
the number of training trials until a response acquisition criterion is met (sometimes called associability)
and terminal response rate (after extensive training). It has been noted that reward expectation on its
own is an inadequate predictor of associability. Rather, it is the difference between ISI (cue) and ITI
(contextual) reward expectations that matters. The example of contingency degradation, discussed above,
illustrates this point well: animals will not learn to produce conditioned responses to reward-predictive
cues if the rate of reward is the same in the ISI and ITI [55]. This contrastive view of associability fits
naturally with the contrastive nature of RPEs. However, here we have focused on the role of dopamine in
driving terminal response rates, not associability, which we leave to future work.

In conclusion, our findings suggest that RPEs, putatively signaled by phasic dopamine activity, may
directly modulate the intensity of conditioned responding on a trial-by-trial basis. This conclusion is
supported by converging correlational evidence across multiple datasets, as well as the effects of random
optogenetic stimulation of dopamine during cue presentation. Future work disentangling the contributions
of sensory noise and arousal, as well as how dopamine could drive responding at the circuit level, will be

important for building a more complete picture.

Methods

Analysis of dopamine activity and anticipatory licking

We analyzed previously collected dopamine and licking activity recorded from multiple trace conditioning
studies conducted with mice [10, 32, 11, 33, 26]. For all studies, dopamine activity was analyzed in 50 msec
bins. CS dopamine activity was defined using the activity within a 500 msec window following CS onset.

For studies that recorded dopamine using electrophysiology [10, 32, 11], we used the average firing rate
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within the window. For studies that used fluorometry [33, 26], we used the maximum dopamine activity
within the window. The anticipatory lick count on each trial was calculated as the number of licks during
the ISI. Anticipatory lick rates were calculated as the anticipatory lick count divided by the ISI duration.

We describe below the trials we analyzed in each study.

e In [26], we analyzed dopamine activity measured using fluorometry with calcium sensors in ventral
striatum (VS). We only analyzed trials to Odor A, the cue that was rewarded identically across all

phases, with a reward probability of 75% and an ISI of 3.5 seconds.

e In [10], dopamine activity was measured using electrophysiology in the ventral tegmental area (VTA).
We only analyzed trials to Odor C in the Variable-Expectation task only, which had a reward prob-
ability of 90% and an ISI of 2.0 seconds.

e In [32], dopamine activity was measured using electrophysiology in VTA. We only analyzed trials to
Odor A in the high reward probability task, which had a reward probability of 90% and an ISI of 2.0

seconds.

e In [11], dopamine activity was measured using electrophysiology in VTA. We only analyzed trials to
Odor B, which had a reward probability of 100% and an IST of 1.5 seconds.

e In [33], dopamine activity was measured with fluorometry using calcium sensors (GCaMP) in VTA
and dopamine sensors in VS. We analyzed these approaches separately. We only analyzed trials to
Odor A, which had a reward probability of 80% and an ISI of 3.0 seconds.

Uncued dopamine peaks

To identify uncued dopamine peaks (Fig (), we identified time steps during the ITI where the z-scored
dopamine activity surpassed 3 standard deviations of its activity. To ensure peaks were defined consistently
for each mouse, z-scoring here involved normalizing across all sessions from the same mouse; results were
similar when z-scoring per session. To summarize the discriminability of the distributions of lick counts
before and after an uncued dopamine peak (Fig 6B.E.F), let the two distributions be indexed by i = 1
and ¢ = 2, with mean p; and standard deviation o;. Then we calculated the sensitivity index (d’) as

d' = (ug — p1)/o1,2, where o7 5 = (0} + 03) is the average of the variances.

TD learning simulations

Here we will describe the TD learning procedure used in Fig 5 and Fig 7. Each simulated experiment
consisted of concatenated trace conditioning trials for a single cue which was either deterministically
rewarded (“CS+”) or unrewarded (“CS—"). The agent’s observations thus consist of the cue, z; € {0,1},
and the reward, r; € {0, 1}, for all time steps ¢ = 1,...,J. For simplicity, below we describe x; and r; for a
single trial ¢, so that J is the total duration of this trial. The experiment itself is then made up of multiple
concatenated trials.

Each trial had an intertrial interval (ITI) duration, and an interstimulus interval (ISI) duration. Each
ITI was sampled from a Geometric distribution with parameter 0.25, plus a fixed duration of 5 time steps.
Each ISI was a constant, I.S51 = 8.
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In a given trial, x; = 1 when ¢« = 1 4+ ITI, and x; = 0 otherwise. For a CS+ cue, ;, = 1 for
i=1+1ITI+ ISI, and r; = 0 otherwise. (For a CS— cue, r; = 0 for all i.) Note that J =1+ ITI + ISI.

To apply TD learning on trace conditioning trials, where the cue and reward delivery are separated
in time, agents must have a sufficient representation of the cue. Following earlier work [1, 4], we used a
complete serial compound representation, z; € RX, where K = 15, with the first 6 entries corresponding
to time steps within the ITI, the next 8 entries corresponding to time steps within the ISI, and the last
entry serves as a bias term, i.e., z;(K) = 1 for all i. At each time step 4, z;(k) = 1 for exactly one k,
ignoring k = K. Thus, z; can be thought of as the agent’s representation of the current time step within
a given trial. To model sensory noise, we added a noise term €; ;, ~ N(0,02) to each z;(k).

TD learning agents used linear value approximation: they learned a weight, w € R¥, such that the

agent’s value estimate at each time step was ‘71 =w'

z;. The agent updated w at each time step using
the reward prediction error (RPE), §;. To summarize, after concatenating all trials, TD learning then

proceeded as follows, for all time steps ¢ in the experiment:

~

Vi =z w
L T T
0i =Ti +7Zipw—Z; w+bite (1)

W < Qpw + ad;z;

where v = 0.9 is a discount factor, b; = 0 except during dopamine perturbations (see below), €; ~ N'(0, 02)
is i.i.d. Gaussian noise, ay, = 1 except when modeling value decay /forgetting, and « is the learning rate.
Note that in general we will use i to index time steps, and ¢ to index trials. Also, ‘7} and §; will be

assumed to be the value and RPE, respectively, at the time of CS onset during trial ¢.

Phenotyping

To generate model phenotypes (Fig 5A.B.D), we first generated blocks of N = 10,000 trace conditioning
trials to a single deterministically rewarded cue. We then trained 500 TD learning agents for both H1 and
H2, where each TD model used different hyperparameters (as defined in Eqn. (1)), sampled uniformly
from the following options: a € {0.001,0.004,0.01,0.02,0.05,0.1}, cy € {1 — 10751 — 10751 — 1074},
o € {0.1,0.2,0.3,0.4}, and o, € {0.1,0.2,...,0.9}. Standard agents without sensory noise (I'ig 5B) used
o, = 0, while agents with sensory noise (Fig 5D) used o, = 0.1.

For each agent, the number of anticipatory licks on a given trial, y;, was given by:

yr = oy f(xe) + (1 — ay)ye—1

where 0 < o, < 1 induces exponential smoothing on y;, x; = 17,5 for agents in H1 (i.e., x; is CS value),
xy = 0 for agents in H2 (i.e., z; is the CS RPE), and for simplicity the function f was set to the identity
function, f(z) = =.

The phenotype of each agent consisted of the Pearson correlation between the number of anticipatory
licks on each trial, y;, and the CS RPE on trial t — 7, §;_,, for each of 7 =0,1,...,4.

For empirical data (Fig 5C), we used the same phenotyping procedure, where y; was the actual number
of anticipatory licks on trial ¢, and §; was the CS dopamine activity. Lick counts and CS dopamine were

combined across sessions from all animals after z-scoring per session to control for across-session variability,
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and padding with NaNs across sessions to ensure that correlations did not compare licking and CS dopamine
from different sessions. Significance of correlations was assessed by comparing to the correlations found
using trial-shuffled CS DA.

Modeling dopamine perturbations

To model the effects of dopamine manipulations on anticipatory licking in Fig 7, for each trial type we
generated 100 random experiments, each consisting of 1,000 trace conditioning trials to a single cue which
was either deterministically rewarded (“CS+") or unrewarded (“CS-"). TD models (Eqn. (1)) were then
fit to each of these experiments (separately for each cue) using learning rate o = 0.1, and sensory noise
o, = 0.01. To model optogenetic excitation of dopamine for [17], we set b; = 0.1 at the time of cue onset.
To model optogenetic inhibition of dopamine for [15, 18], we set b; = —0.1 either at the time of cue or
reward onset, as indicated by the condition. For all other time steps we set b; = 0. When modeling [17],
perturbations were applied during all trials throughout learning, similar to the original experiments. When
modeling [15, 18], perturbations were only applied after first training the TD models on 500 baseline trials.

Each TD model was then used to generate anticipatory lick rates on each trial ¢ based on either the
CS value, V, or CS RPE, ¢, using p = f(V;) or p = f(d;). For simplicity, and to match what we did in

the previous section regarding phenotyping, f was set to the identity function.
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