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The theory of reinforcement learning (RL) provides a set of 
algorithms that may inform how animals learn to interact 
with their environment using reward feedback. A key compo-

nent in many RL algorithms is a reward prediction error (RPE) that 
updates representations of value via temporal differences1,2 (TDs). 
Correlates of TD RPEs have been found in the phasic activity of 
midbrain dopaminergic (DA) neurons3–5, and electrical and opto-
genetic manipulations of these neurons can produce learning about 
the value of actions6–8. These data have provided compelling evi-
dence that neural systems function similarly to TD RL algorithms. 
Indeed, a large body of research on DA signaling supports the 
hypothesis that reward-based decision-making in neural circuits is 
well-described by the framework of RL (see refs. 9,10 for reviews).

A key challenge in explaining DA activity in terms of RPEs is 
that RPEs depend on internal representations of the environment. 
However, these internal representations often cannot be directly 
characterized. More generally, understanding how animals con-
struct internal representations to guide adaptive behavior is a key 
outstanding goal of cognitive and systems neuroscience. Within the 
RL framework, the nature of internal representations places con-
straints on both reward expectations and RPE signals that may be 
encoded in neural circuits11–13. Thus, examining activity of midbrain 
DA neurons in terms of RPEs during carefully controlled tasks can 
be a powerful means for describing the principles of internal repre-
sentations that guide cognition and behavior14–16.

As an example of such a task, we studied mice making deci-
sions based on internal estimates of elapsed time. Previous work 
has shown that population activity in cortical and striatal circuits 
in time-based tasks shows rich time-varying activity17–20. We con-
structed RL agents that encode internal representations consis-
tent with these observed patterns of activity and trained them on 
the interval discrimination task performed by mice. We exam-
ined how changing different aspects of the representations used 
by model agents can yield different predictions about RPEs and 

their relation to behavior on a trial-by-trial basis. We found that 
only agents with internal representations that were efficient in 
terms of representational cost at the expense of being inaccurate in 
encoding certain aspects of the task showed RPEs that match the 
profile of DA activity recorded in mice and its relation to behav-
ior. Moreover, TD learning using this efficient representation pre-
dicted a pattern in procrastination of choices that closely matched  
animals’ behavior.

Representational efficiency has been extensively studied in sen-
sory systems where reconstruction accuracy of sensory variables 
is balanced with representation cost21–24. In many of these studies, 
representational resources are allocated based on the statistics of 
the sensory inputs. Other studies have shown that allocating rep-
resentational resources based on behavioral salience can repro-
duce representations in some systems25–27. Based on these results, 
it has been proposed that constraints of representational effi-
ciency are likely to affect animals’ reward expectations as well28–30. 
However, it is unclear which redundancies in variables needed for 
reward-based computations are being exploited to achieve effi-
cient representations and how such representations affect reward 
expectations. Our results provide empirical support for encoding 
schemes where representational efficiency is achieved such that 
only the overall number of rewards obtained is preserved (or RPEs 
are minimized), a finding with wide-reaching implications for the 
more general problem of understanding the neural mechanisms  
underlying cognition.

Results
We analyzed behavior and DA activity of mice performing a time 
interval discrimination task (Fig. 1a). On each trial, animals indi-
cated whether the interval between two tones was longer or shorter 
than 1.5 seconds. Animals reported their decisions for ‘long’ or 
‘short’ intervals in one of two choice ports. For the longest and short-
est intervals, animals almost always chose the correct port, but, as 
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intervals approached the decision boundary, choices became more 
variable as captured by animals’ psychometric functions (Fig. 1b).

Previous work has shown that animals’ behavioral reports of 
elapsed time vary from trial to trial. Moreover, neural correlates of 
such variability have been found in the population activity of striatal 
circuits17 and the activity of midbrain DA neurons in the substantia 
nigra pars compacta (SNc)31. However, the structure of internal rep-
resentations that would be required to explain DA RPEs in relation 
to behavior during this task is unknown. To address this, we built 
several RL models with various internal representations of the task 
environment. We compared both behavior and RPEs produced by 
those models to the behavior of mice and activity of DA neurons in 
the SNc31.

Reward expectations are modulated by task cues and internal 
estimates. TD RPEs can arise due to discrepancies among the 
probability, amount, or timing of expected and actual rewards or 
if an unpredictable change in the environment leads to a change 
in expected future rewards. During the interval discrimination 
task, the timing of trial onset was unpredictable31. Hence, the cue 
at interval/trial onset, which predicts a potentially forthcoming 
reward, should, thereby, cause changes in animals’ reward expec-
tations and concomitant RPEs. Consistent with this reasoning, we 
found that the tone marking interval/trial onset elicited a phasic DA 
response (Fig. 2a). Because the tone at interval onset was identical 
for all trials, the phasic DA response was not modulated by stimulus  
identity (Fig. 2a).

After interval onset, the task required animals to maintain an 
ongoing estimate of elapsed time to guide their decisions. This 
internal estimate may be used not only to guide decisions but also 
to encode time-varying expectations of future rewards. During 
the interval, expectations of future rewards should reflect aver-
age rewards expected from all intervals longer than the current  

estimate of the interval duration. At interval offset, however, ani-
mals’ reward expectations should reflect an estimate of average 
rewards only from the currently estimated interval duration. Hence, 
at interval offset, the change in reward expectations should generate 
RPEs. Because reward expectations, both before and after interval 
offset, depend on interval duration, we expected DA responses at 
interval offset to also vary as a function of interval duration, and, 
indeed, they did (Fig. 2a). More specifically, two trends stood out. 
First, DA responses were larger for intervals farther from the deci-
sion boundary than for those close to the boundary. Second, the 
overall magnitude of responses was lower for ‘long’ intervals than 
‘short’ intervals. Moreover, trial-to-trial variability in magnitude 
of DA responses also varied systematically with animals’ reported 
judgments. For each interval duration presented, if trials are split 
into two groups based on the magnitude of DA response at inter-
val offset, the psychometric function of trials with larger responses 
is shifted right relative to that corresponding to trials with lower 
responses (Fig. 2b). In other words, trial-to-trial variability in mag-
nitude of DA response for each stimulus is predictive of the ‘bias’ in 
duration judgments.

At interval offset, because animals have not yet received any 
reward feedback, RPEs and DA responses must be based on internal 
variables. These internal variables include the choice accuracy or 
decision confidence, which is represented in cortical areas32,33 and 
which influences DA activity34. The internal variables also include 
the hazard rate—that is, the probability of a cue occurring at a cer-
tain time, given that it has not occurred yet35. The hazard rate like-
wise influences DA activity15,36,37.

Dopamine activity and its relation to choices cannot be predicted 
by directly combining choice accuracy and predictability of inter-
val offset in time. If RPEs were influenced only by choice accuracy, 
we would expect RPEs to be lower for estimates of interval duration 
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Fig. 1 | Rodents were trained to classify interval durations. a, Schematic illustrating the timeline of the main events during the interval discrimination 
task. Animals are presented with three ports and are required to initiate each trial in the central port. The central nose poke triggers a tone, and, after a 
variable interval, a second tone is presented. These intervals can be either longer or shorter than the decision boundary. Animals have to report ‘short’ 
or ‘long’ judgments in the two lateral ports based on their estimate of the time elapsed between the two tones. Correct choices result in a water reward 
and incorrect choices result in a timeout. b, Psychometric curves of animals performing the task. Gray lines indicate sigmoid fits to behavior of individual 
animals (n = 6), and black line and dots indicate average over all animals.
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close to the boundary than those farther away (Fig. 2c and Extended 
Data Fig. 1a–d). In turn, the average RPEs predicted in the experi-
ment would reflect this trend (Fig. 2d). Furthermore, for any given 
interval offset, low-RPE trials will correspond to trials wherein the 

agent’s estimate of the duration is closer to the boundary and, hence, 
will be associated with lower choice accuracy and high choice  
variability. Consequently, grouping trials based on the magnitude 
of RPE within each interval, we would see a difference in the slope 
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Fig. 2 | Reward prediction errors at interval offset can be modulated by choice accuracy and hazard rate of interval offset. a, Average dopamine 
responses for each of the intervals presented during the task. The initial peak occurs at interval onset (the time of interval onset is shown by the gray tick), 
and the following six peaks occur at each of the presented interval offsets (the times for each of the interval offsets used in the task are indicated using the 
colored ticks). The dashed lines highlight the overall profile of the magnitude of responses at interval offset. b, Psychometric functions for all trials in which 
high (green) or low (orange) DA responses were measured at interval offset. A clear difference in bias emerges from these two groups of trials.  
c, If we assume that animals do not maintain any prediction of the arrival times of interval offsets, but do encode estimates of choice accuracy for different 
estimates of elapsed time, the RPEs that we would predict would vary as a function of their internal estimates of elapsed time as shown here (for details, 
see Supplementary Fig. 1a–d). d, Hypothetical modulation of average RPEs at the six interval offsets presented in the task if these were based purely on 
estimates of an agent’s choice accuracy. The averages in this case would be over the trial-to-trial variability in animals’ estimates of elapsed time. The 
dashed lines highlight that, unlike in the data, the overall profile of magnitude of RPE at interval offset would be symmetric around the decision boundary 
in this case. e, Because animals’ reward expectations evolve as a function of their internal estimates of elapsed time, shown here is how their estimates 
would evolve as a function of real time on two example trial types where the animal may overestimate (red) or underestimate (blue) elapsed time. For 
any interval, whether interval duration is overestimated or underestimated will systematically influence the magnitude of RPE at interval offset. Hence, 
for every timestep, the curve that corresponds to low RPE is highlighted in yellow. f, For every interval offset presented, if trials are split based on the 
magnitude of RPE, we would find that high RPE would go along with estimates of interval duration that are farther from the boundary than those trials on 
which RPE is lower. Hence, when trials are split into low-magnitude and high-magnitude RPE trials, the slope of the psychometric curves of the two groups 
would differ. g–j, Similar to c–f but for RPEs that are generated entirely due to temporal predictability of interval offsets. k–n, Similar to c–f and g–j but for 
RPEs that would be generated if the agent took into account both choice accuracy and temporal predictability of interval offsets. For more details regarding 
the shape of the predicted RPEs in c,g,k, see Supplementary Fig. 1; for more details regarding the predicted relationship between single-trial magnitude of 
RPE and choice shown in f,j,n, see Supplementary Fig. 2.
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of the psychometric curve between low-RPE and high-RPE trials 
(Fig. 2e,f and Extended Data Fig. 2a–d).

Conversely, if RPEs were influenced only by the hazard rate 
of interval offsets, we would expect average RPEs to monotoni-
cally decrease with interval duration (Fig. 2g,h and Extended Data 
Fig.  1e–h). In this case, trial-to-trial variability in RPEs should 
predict a difference in bias in duration judgements (Fig.  2i,j and 
Extended Data Fig. 2e–h).

Most likely, RPEs are influenced by both choice accuracy and haz-
ard rate. We would then expect that the respective effects combine 
(Fig. 2k and Extended Data Fig. 1i–l). When computed for the actual  
interval duration, rather than its estimate, average RPEs are qualita-
tively similar to DA responses at interval offset recorded in animals 
(as shown in Fig. 2l). However, trial-to-trial variability in RPEs is 
still dominated by effects of choice accuracy (as shown in Fig. 2m,n; 
for more details, see Extended Data Fig. 2i–l).

In other words, animals’ choice accuracy alone, the hazard rate 
of interval offset alone, and the combination of the two predict dis-
tinct patterns of RPEs at interval offset, respectively. Furthermore, 
none of these three scenarios would seem to simultaneously explain 
the two key experimentally observed trends: the profile of average 
DA responses at interval offset and the trial-to-trial relationship 
between magnitude of DA for any single-interval offset and ani-
mals’ choices. Average DA responses are best captured by comput-
ing reward expectations that take choice accuracy as well as hazard 
rate of interval offset into account (Fig. 2a is consistent with Fig. 2l). 
However, the differences in the psychometric functions for high and 
low DA are captured by computing reward expectations that take 
into account only the hazard rate of interval offset (Fig. 2b is con-
sistent with Fig. 2j).

Because these simplified considerations on RPEs (and, thereby, 
DA responses) do not match the data fully, we hypothesized that our 

assumptions regarding how task variables may be encoded by ani-
mals may not be accurate. To gain a more detailed understanding of 
how differences in the encoding of task variables as well as animals’ 
own behavior may influence RPEs, we simulated a reinforcement 
learning agent that could make choices at any time during the trial 
and was required to learn from trial and error, just like animals, to 
take the right action at every timestep to obtain rewards.

RL agents were modeled to keep track of time since task events. 
Because animals’ choices are based on variable internal estimates 
of elapsed time, we modeled the RL agent to also have variable 
estimates of elapsed time (for details, see Methods, section 1). 
Previous experimental findings have shown that animals exhibit 
trial-to-trial variability in estimating elapsed time and that the 
standard deviation of timing estimates increases linearly with 
time, which is known as the scalar property in timing38. Hence, we 
constructed the agent’s internal representation of elapsed time as 
varying from trial to trial in a manner that obeys this scalar prop-
erty (for more details, see Methods, section 1, and Extended Data 
Fig. 3). The amplitude of the noise was adjusted so as to qualitatively 
match animals’ overall task performance (determined using the  
psychometric function).

We assumed that the agent maintains noisy estimates of both 
elapsed time since interval onset and time since interval offset. With 
these two estimates, the agent has all the necessary information to 
estimate the length of the interval presented as well as the task epoch. 
The agent was allowed to report choices at any time during the task. 
Accordingly, it needs to learn to withhold choices during the inter-
val and to report choices, based on its estimate of interval duration, 
after interval offset. Figure 3 shows how the agent traverses through 
the state space on two example trial types. In both examples, the 
agent encodes elapsed time since interval onset by advancing  
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horizontally in the depicted state space. After interval offset, the 
agent additionally encodes elapsed time since interval offset and, 
therefore, traverses the state space along diagonals. Because time 
since interval onset will always be larger than time since interval 
offset, the agent will only visit states that are below the unity line 
in this state space. During the interval, the agent should learn to 
withhold choice, and, after interval offset, the optimal action 
depends on the x intercept of these diagonals—that is, on the differ-
ence between its estimates of elapsed time since interval onset and  
interval offset.

The agent learns using TD learning within an actor–critic archi-
tecture (for more details, see Methods, section 2). Actor–critic 
architectures have been commonly used to model dopamine activ-
ity as RPEs in tasks where outcomes depend on actions39,40. In this 
framework, the agent estimates reward expectations from each state 
(state–value function) and a state–action mapping (policy), that 
instructs the agent on which action to take, for all states it encoun-
ters. The agent learns to select actions that result in transitions to 
higher-value states, which then become more probable than tran-
sitions to lower-value states. Notably, the state–value function and 
policy must both be learned simultaneously and are both defined 
as functions of the location in state space. Because the agent’s inter-
nal estimates of time are modeled as continuous variables, there 
are infinitely many locations in state space that the agent could be 
in. This makes the task of learning value functions for each state 
directly highly impractical. Hence, we use a function approxima-
tion scheme to estimate the value function and policy. Both of these 
functions are approximated using a set of basis functions or feature 
vectors (Fig. 3e shows a schematic of the function approximation 
scheme used). To keep this approximation as simple as possible, we 
used non-overlapping tile bases. This is equivalent to discretizing 
the continuous state space for value approximation.

RL agent based only on task requirements cannot reproduce 
the relationship between DA response and choice. We first mod-
eled an RL agent that estimates the value function and policy by 
constructing a basis set that uniformly tiles both dimensions of 
the state space (Figs.  3e and 4a). After the agent learns the task, 
we found that the profile of average RPEs at each interval offset 
qualitatively captures that of average DA activity (compare Fig. 4b 
and Fig.  2a). However, the trial-to-trial relationship between the 
magnitude of RPEs and the agent’s choices is inconsistent with the 
data (compare Fig. 4c and Fig. 2b). Rather, the psychometric func-
tions of the high-RPE and low-RPE groups of trials show a change 
in bias as well as slope, as seen when we directly computed reward  

expectations based on choice accuracy and predictability of interval 
offset in time (Fig. 2n and Supplementary Fig. 2i,j). At first sight, 
these results suggest that there might be some aspect of dopamine 
activity that cannot be captured entirely by RPEs during this task. 
However, because RPEs are calculated from the agent’s expectations 
of future rewards, given by the state–value function, the results 
could also suggest that animals are calculating expectations of 
future rewards in a way that does not match the true underlying 
structure of the task. Such a mismatch could come about if the rep-
resentations that the animals are operating on are misrepresenting 
the statistical structure of the task.

To ask how the underlying state representation could be differ-
ent, we note that the dynamics of the latent variables in the task are 
not made available to animals and that they need to infer how the 
task should be represented using only the sparse observations that 
they receive. Previous work has shown that population dynamics 
in the striatum during the interval encode elapsed time with high 
fidelity and that trial-to-trial variability in how activity evolves is 
predictive of animals’ temporal judgments17. Hence, the model 
encoded time since interval onset with a high resolution. Other 
work, in the context of an interval reproduction task, has shown 
that cortical dynamics encode elapsed time since interval onset and 
offset in a similar manner19. Based on these findings, we assumed 
in the model implementation above that animals would represent 
elapsed time since interval onset and offset in a similar manner, 
with high fidelity, during an interval discrimination task as well. 
However, this assumption may not be well-aligned with how ani-
mals may be representing the interval discrimination task. Drawing 
on the principles of efficient coding, we reasoned that, in addition to 
maximizing the overall number of rewards obtained, animals may 
want to minimize the computational resources required to estimate 
the value function and policy over all possible states. In particu-
lar, we hypothesized that animals may encode time-varying value 
functions with higher resolution during the interval but not after 
the interval. Hence, we asked whether and how encoding elapsed 
time since interval onset and offset with different resolutions would 
affect task performance as well as reward expectations learned dur-
ing the task.

RL agent with efficient representation can reproduce trial-to-trial 
relationship between DA response and choices. Let us consider 
the function approximation used to estimate the value function 
described in Fig.  4a. The size of each basis function (or tile) will 
determine how accurately changes in value from one location to 
another can be estimated. In turn, the number of basis functions  
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(or tiles) will determine the computational cost of estimating the 
entire value function. Accordingly, more accuracy incurs more 
costs. An efficient coding scheme might stipulate that the resolution 

with which an optimal set of basis functions tile the two dimensions 
of the state space should depend on the degree to which the read-
out varies along each of these dimensions27. More specifically, value 
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functions using the unambiguous representation (λ = 0) and the approximated value and advantage function using representations of varying degrees 
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loss function 2. MSE, mean squared error.
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functions along the axis that represents elapsed time since interval 
onset may be encoded with high resolution, because doing so is nec-
essary for the agent to accurately report choices. Value functions 
along the axis that represents elapsed time since interval offset, on 
the other hand, may be encoded with a lower resolution, because 
lack of accuracy here may not adversely affect the animal’s ability 
to make the correct choice (Fig. 5a–c). In the extreme case, when 
the axis representing time since interval offset is encoded with the 
lowest possible resolution (while still encoding interval offset), the 
basis functions effectively encode only time since interval onset and 
whether or not interval offset has occurred (Fig. 6a). We will refer 
to the basis functions as described in Fig. 4a as the high-resolution 
or unambiguous representation and the other extreme shown in 
Fig. 6a as the low-resolution or efficient representation (efficiency 
quantification shown in Fig. 5f).

When we trained the RL agent using the efficient representation, 
we found that it is able to obtain similar overall rewards as an agent 
trained using the unambiguous representation (Fig. 5e). The effi-
cient model also reproduces the profile of average DA responses at 
interval offset (compare Fig.  6b and Fig.  2a). In other words, the 
compression of the representation along the second axis did not 
adversely affect the agent’s choice behavior, nor did it change the 
predictions for average RPEs at interval offset, even though recon-
struction accuracy of the value function and policy gets worse as 
the degree of compression increases (Fig.  5d). Surprisingly, using 
the efficient representation, the model is also able to reproduce the 
trial-to-trial relationship between magnitude of DA and temporal 
judgments (compare Fig. 6c and Fig. 2b). This somewhat puzzling 
result was obtained only for very strong compressions of representa-
tions along the second axis and not for intermediate levels of com-
pression. When we simulated the agent using several intermediate 
levels of compression in representing elapsed time since interval 
offset, we obtained results more similar to those using the unam-
biguous representation (Extended Data Fig.  4). Accordingly, only 
a large difference in the resolution with which elapsed time since 
interval onset and offset are encoded can explain the observed DA 
responses and their relation to behavior. These results were consis-
tent for a wide range of other parameters with which the RL agent 
was simulated (for details, see Extended Data Figs. 5 and 6).

Although the current work does not focus on explicitly learning 
the task representation under a particular objective or loss func-
tion, we next wondered whether the ability of the efficient repre-
sentation to capture a range of neural data in relation to behavior 
could, nonetheless, provide information about the characteristics of 
the objective used by the brain. Broadly speaking, efficient coding 
posits that neural systems are optimized to best encode meaningful  

information while minimizing cost. In g–i of Fig. 5, we formulate 
two example loss functions, one that combines reconstruction accu-
racy of the optimal value function with representational efficiency 
and one that combines overall rewards obtained with representa-
tional efficiency. We vary the relative weights of the two terms and 
plot the loss as a function of the compression parameter in the 
model to show how these losses vary from the efficient to the unam-
biguous representations. We see for all weightings, other than those 
that nearly ignore reconstruction error of the value function, that 
the efficient model (compression parameter = 1) does not optimize 
a loss that trades reconstruction error against efficiency of repre-
sentation. However, for a loss that uses overall rewards obtained, 
the efficient representation does minimize the loss function, even 
if efficiency is given a relatively low weight. Accordingly, the RL 
agent that simultaneously captures the various trends in the data is 
consistent with a strategy of learning representations that preserves 
overall rewards obtained while penalizing representational cost.

Reward expectations at interval offset are markedly different 
when using representations of varying efficiency. To understand 
why our proposed efficient representation results in very different 
RPEs, we looked at the value function learned by the agents using 
the unambiguous versus efficient representations (as shown in the 
schematics in Figs. 4a and 6a, respectively). We note that RPEs at 
interval offset reflect the difference between the agent’s reward 
expectation (given by the corresponding value function) during the 
interval and its reward expectation at interval offset, at which point 
the agent does have an estimate of the interval duration to be classi-
fied on that trial. For agents using the unambiguous representation, 
reward expectations before interval offset reflect the hazard rate of 
interval offset and choice accuracy, which increase as a function of 
elapsed time (Fig. 7a). After interval offset, the agent has acquired 
an estimate of the presented interval, and, therefore, its reward 
expectations reflect only choice accuracy (Fig. 7b). At any time, the 
difference between these two value functions determines the RPE 
if interval offset was presented at that time (Fig. 7c). Consequently, 
RPEs at interval offset reflect both the hazard rate of interval offset 
and the agent’s choice accuracy.

Similarly, we can look at the value function learned using the 
efficient representation. As before, we see that reward expectations 
during the interval increase with the length of the interval (Fig. 7d). 
However, reward expectations after interval offset do not simply 
reflect the agent’s choice accuracy. Instead, they exhibit a strong 
asymmetry around the decision boundary (Fig. 7e). We see that, on 
the long side of the boundary, reward expectations increase much 
more slowly as a function of distance from the boundary than on 
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the short side of the boundary. Consequently, the resulting RPEs 
reflect this asymmetry and show a slower rise on the long side of the 
decision boundary compared to the short side (Fig. 7f). We found 
that this asymmetry substantially changes the trial-to-trial relation-
ship between the animals’ choice behavior and dopamine activity 
and allows the model to reproduce the change in bias observed in 
the psychometric curves of low and high DA trials in animals (for a 
detailed description of this relationship, see Extended Data Fig. 7).

Efficient representation predicts procrastination of choices for 
interval durations estimated as long and close to the decision 
boundary. We studied the origin of the asymmetry in the value 
function for the agent using the efficient representation. We found 
that the low resolution along the second axis leads to a systematic 
ambiguity in some parts of the state space in estimating value and 
the optimal action for those locations. For example, let us consider a 
basis function that spans a region in state space that the agent would 
visit right after the end of a long interval (marked with the gray 
rectangle in Fig. 8a). Although the agent can encounter this region 
directly after the end of a long interval, it could also be encoun-
tered if the agent was presented with a short interval but withheld 
choice for several timesteps (purple trajectory in Fig.  8a). Hence, 
the reward expectation associated with this basis will be estimated 
by averaging over the trials from both categories of interval dura-
tions—that is, when the agent’s estimate of the interval presented is 
longer or shorter than the learned boundary. As a consequence, the 
agent would be impeded in learning the correct value of these states 
as well as the optimal action at these locations. Indeed, this is true 
for all the post-interval basis functions in the efficient representa-
tion. They encode elapsed time since interval onset and whether or 

not interval offset had occurred. Accordingly, the basis functions 
do not allow the agent to disambiguate between trials on which dif-
ferent interval durations were presented if it withholds choice for 
several timesteps.

The ambiguity in this efficient representation can be avoided if 
the agent reports choices immediately after interval offset, particu-
larly for intervals estimated to be shorter than the decision bound-
ary. Once the choice is made, the agent transitions into the inter-trial 
interval state and, thereby, avoids visiting other post-interval states. 
Indeed, we found that when agents use the efficient representation 
and when they estimate the interval to be shorter than the deci-
sion boundary, they report choices with very short response times 
(Fig. 8b). For intervals longer than the decision boundary, however, 
there is no urgency to respond after interval offset. In this case, if 
the agent waits after the interval offset, the correct action associated 
with the post-interval offset states will not change with the passage 
of time. Hence, delaying choice will not have any detrimental effect 
on choice behavior. Curiously, however, the efficient representation 
not only allows delaying near-boundary long choices but incentiv-
izes it (for detailed discussion of why this is the case, see Extended 
Data Fig. 8).

In several two-alternative decision-making paradigms, animals 
generally take longer to respond when the decision variable is close 
to the decision boundary41. Several tasks in which response times 
are longer for harder stimuli require integration of noisy evidence, 
where the noise is uncorrelated over time. In these contexts, lon-
ger response times allow animals to integrate over more samples of 
noisy evidence and have a better estimate of the stimulus by aver-
aging out the noise. In other words, longer response times result 
from increased deliberation when the stimulus category is more 
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ambiguous. However, the response times of the RL agent using the 
efficient representation in our task are markedly different, as they 
predict long responses only for difficult ‘long’ choices but not for 
difficult ‘short’ choices. In other words, the RL agent generates a 
highly non-trivial prediction that can be tested against data. The 
long response times we see for intervals that are perceived by the 
agent to be near-boundary ‘long’ appear to be a result of procras-
tination of difficult ‘long’ choices. Surprisingly, we found that ani-
mals also procrastinated as predicted by the model. The predicted 
pattern of response times from the model closely resembles that 
of animals during the task (Fig. 8c). We also found that this pat-
tern of response times was not reproduced by the agent when using 
the unambiguous representation. Moreover, the profile of response 
times was observed only for highly compressed representations 
(Extended Data Fig. 9) and not for intermediate levels of compres-
sion, such as the one shown in Fig. 5b. These results are consistent 
over a wide range of model parameters with which the agent is sim-
ulated (Extended Data Fig. 10).

Furthermore, if we force the agent to not have variable response 
times, the profile of psychometric curves of trials grouped by mag-
nitude of RPEs at interval offset in the agent matches those result-
ing from the unambiguous representation and do not match those 
in the data (Supplementary Fig.  1a,g,j). Thus, animals’ pattern of 
response times provides further evidence to suggest that animals 
may, indeed, be using a representation similar to that captured by 
the efficient representation while solving this task.

Discussion
Understanding the principles that guide RL in value-based 
decision-making is crucial to further understanding of how neu-
ral circuits subserve adaptive behavioral control. Characterizing 
reward expectations that animals learn can inform us what variables 
they are representing, which, in turn, can reveal the constraints and 
strategies with which animals infer statistical regularities in their 
environments. Here, we studied the computations underlying a rig-
orously controlled time-dependent behavior in mice. We focused 
on two aspects of experimental data collected during this task: the 
recorded activity of dopamine neurons and their trial-to-trial rela-
tion to animals’ choices. Using an RL framework, we investigated 
how varying internal representations, with which the agent was able 
to solve the task, changed RPEs at task cues. By comparing such 
RPEs with recorded DA responses, we were able to infer the nature 
of internal representations that animals might be using during this 
task. Our results are consistent with animals encoding a represen-
tationally efficient internal representation that does not accurately 

capture the statistics of the task or the optimal value function and 
policy. However, the efficient representation allows the agent to min-
imize representational costs while still learning the correct actions 
and collecting equivalent amounts of rewards. It also predicted a 
very specific behavioral strategy that matches animals’ behavior 
during the task. Notably, we found that the behavioral strategy of 
the efficient RL agent is crucial to prevent ambiguities in the rep-
resentation from affecting the accuracy of choices and, hence, the 
overall number of rewards that can be obtained. Our results also 
show why learning representations that directly maximize overall 
rewards may lead to unexpected interactions between how the envi-
ronment is represented and what policy is learned.

In several sensory systems, the principle of representational 
efficiency has been used to characterize neural coding. In many 
of these systems, the variables that are to be represented, and, 
hence, subject to efficiency constraints, are usually well-defined. 
However, in the case of RL, it is unclear which variables used for 
value-based choices might be subject to constraints of representa-
tional efficiency in the brain28. For example, we may want to enforce 
efficiency constraints in how the structure of the environment is 
represented14,42. This approach may be considered to be the closest 
to that used for efficient coding in sensory systems. In this case, 
the problem can be stated as that of identifying statistical regulari-
ties or redundancies in the environment that can be leveraged to 
balance representational cost against the accuracy with which the 
statistics of the environment can be encoded. However, this is not 
the only approach that can be used for representational efficiency in 
RL. Representation constraints may be used to directly approximate 
optimal value functions43 or action spaces44. In each of these cases, 
one has to define a space within which representations are subject to 
resource constraints as well as the quantity of interest that needs to 
be preserved—that is, the loss function that needs to be optimized. 
A key challenge in understanding how principles of efficient coding 
are applicable to the reward system is to identify the space within 
which representational constraints may be expressed as well as the 
loss function that may be optimized.

The interval discrimination task requires animals to generate and 
operate upon structured, time-evolving internal estimates to guide 
decisions. Hence, the representations that need to be learned in a task 
such as interval discrimination must be dynamic or time-varying in 
the absence of time-varying inputs or changes in the agent’s envi-
ronment. The problem of learning dynamics that maximize rewards 
under representational cost is, indeed, a more challenging learning 
problem than learning efficient static representations. Several lines 
of research may converge to this goal. A growing body of work asks 
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how dynamics in recurrent networks may be learned under different 
types of constraints, such as rank and energy constraints, and the 
consequences of these constraints on the computations performed 
by those networks45,46. In parallel, end-to-end RL using deep and 
recurrent neural networks that are optimized to maximize rewards 
directly have proven powerful in training agents on a range of tasks. 
The recent success of deep networks trained end to end with TD 
learning at playing various games has provided a demonstration 
of how effective this form of learning can be47. Moreover, previous 
work has shown that dopamine neurons project widely to a large 
number of neural circuits in the brain, and end-to-end learning has 
been shown to reproduce neural activity in prefrontal cortex in a 
wide range of tasks48,49. This success underscores the importance of 
understanding how representations learned directly to maximize 
overall rewards (or minimize reward prediction errors) may be dif-
ferent than those obtained by maximizing other quantities, such 
as reconstruction error. By combining the understanding of how 
time-varying representations can be learned to maximize rewards 
with various constraints on the parameters that describe dynamics, 
future work may allow for understanding how these representations 
may be learned from first principles. In the context of a rigorously 
controlled task, our work shows how representations that are inac-
curate in encoding several aspects of the task, but allow the agent 
to preserve overall rewards obtained while being representationally 
efficient, can lead to behavior and reward expectations that are qual-
itatively different than those that would result from using represen-
tations that may best summarize the statistics of the environment or 
features of the optimal value function and policy.

In sum, by investigating behavior and DA activity during a 
time-based decision-making task using RL, we were able to reveal 
an efficient strategy that animals appear to be using to represent 
task variables. We demonstrate that constraints of representational 
efficiency affect the nature of reward expectations learned during 
this task and that the activity of DA neurons could be explained by 
the model using only this efficient representation. Finally, we show 
how animals’ behavioral strategy interacts with the representation 
used to encode the task in an unexpected way and that this interac-
tion was central for the RL agent to be able to reproduce animals’ 
behavior and DA activity. These findings provide novel insights into 
the manner in which efficiency constraints might be expressed in 
the reward system and, more generally, provide insights into the 
principles underlying natural, intelligent behavior.
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