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5 Abstract:

6 Reward expectations based on internal knowledge of the external environment are a core
7 component of adaptive behavior. However, internal knowledge may be inaccurate or
8 incomplete due to errors in sensory measurements. Some features of the environment
9 may also be encoded inaccurately to minimise representational costs associated with their
10 processing. We investigate how reward expectations are affected by differences in internal
11 representations by studying rodents' behaviour and dopaminergic activity while they make
12 time based decisions. Several possible representations allow a reinforcement learning
13 agent to model animals’ choices during the task. However, only a small subset of highly
14 compressed representations simultaneously reproduce, both, animals’ behaviour and
15 dopaminergic activity. Strikingly, these representations predict an unusual distribution of
16 response times that closely matches animals’ behaviour. These results can inform how
17 constraints of representational efficiency may be expressed in encoding representations of
18 dynamic cognitive variables used for reward based computations.
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19 Introduction:

20 The theory of reinforcement learning (RL) provides a large and growing set of algorithms by
21 which animals may learn to interact with their environment using reward feedback. A key
22 component in many RL algorithms is a reward prediction error (RPE) signal that drives
23 learning via the algorithm of temporal-difference (TD) learning (Dayan & Sejnowski, 1994;
24 Sutton, 1988). Correlates of such TD RPEs have been found in the phasic activity of
25 dopaminergic neurons in the midbrain (Bayer & Glimcher, 2005; Fiorillo et al., 2003; Schultz
26 et al, 1997), and electrical and optogenetic manipulations of midbrain dopamine neurons
27 have demonstrated that dopamine neuron activity can function to teach animals about the
28 value of actions (Reynolds et al., 2001; Stauffer et al., 2014; Steinberg et al., 2013). These
29 data have provided compelling evidence that neural systems function similarly to TD RL
30 algorithms. Indeed, a large body of research on dopaminergic signalling supports the
31 hypothesis that reward-based decision-making implemented in neural circuits is well
32 described by the framework of RL (see Niv & Langdon, 2016; Watabe-Uchida et al., 2017 for
33 reviews).

34 A key problem in explaining dopaminergic activity (DA) in terms of RPEs is that RPEs
35 depend on animals’ expectations that are computed from internal representations of any
36 given environment. However, often, the nature of internal representations used to guide
37 reward based behaviour can not be directly characterised. Understanding how animals
38 construct internal representations of the environment to guide adaptive behavior is, in
39 general, a key outstanding goal of cognitive and systems neuroscience. Within the RL
40 framework, the nature of internal representations places constraints on both reward
41 expectations and RPE signals that may be encoded in neural circuits (Daw et al., 2006;
42 Ludvig et al., 2008; Suri & Schultz, 1998). Thus, examining activity of midbrain DA neurons
43 in terms of RPEs during carefully controlled tasks can be a powerful means for discovering
44 the principles that describe internal representations used by animals to guide cognition and
45 behavior (Botvinick, 2008; Gershman, Norman, & Niv, 2015; Russek, Momennejad, Botvinick,
46 Gershman, & Daw, 2017).

47 As an example of such a task, we studied animals making decisions based on internal
48 estimates of elapsed time. Previous work has shown that population activity in cortical and
49 striatal circuits in time-based tasks show rich sequential activity (Gouvéa et al., 2015; Mello
50 et al, 2015; Remington et al,, 2018; J. Wang et al., 2018). We constructed RL agents that
51 encode internal representations consistent with these observed patterns of activity and
52 trained them on an interval discrimination task on which animals were also trained. We
53 examine how changing different aspects of the representations used can yield different
54 predictions about RPEs and their relation to behavior on a trial-by-trial basis. We find that
55 only agents with internal representations that were inaccurate in encoding the task along a
56 particular dimension showed RPEs that match the profile of dopaminergic activity recorded
57 in mice, and its relation to behavior. Moreover, TD learning using this compressed
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5g representation predicted procrastination of choices for a subset of stimulus estimates that
59 closely matched animals’ behaviour.

60 Representational efficiency has been extensively studied in sensory systems (Atick &
61 Redlich, 1992; Lewicki, 2002; Olshausen & Field, 1996; Rieke, Bodnar, & Bialek, 1995), and
62 has also been shown to be subject to behavioural salience (Machens et al., 2005; Reinagel
63 & Zador, 1999; Salinas, 2006). Based on these results, it has been proposed that constraints
g4 Of representational efficiency are very likely to affect animals’ reward expectations as well
65 (Botvinick, Weinstein, Solway, & Barto, 2015). However, what redundancies in variables
66 Needed for reward based computations are being exploited to achieve efficient
67 representations and how such representations affect reward expectations is still an open
68 Qquestion. Our results provide empirical support for the strategy where representational
6o efficiency is achieved such that only the overall number of rewards obtained is preserved
70 (or temporal-difference reward prediction errors are minimised), a finding with wide
71 reaching implications for the more general problem of understanding the neural
79 mechanisms underlying cognition.

73 Results

74 We analysed behaviour and dopaminergic activity of mice performing a time interval
75 discrimination task (Figure 1a). On each trial, animals indicated whether the interval
76 between two tones was longer or shorter than 1.5 seconds. Animals reported their
77 decisions for ‘long’ or ‘short’ intervals in one of two choice ports. For the longest and
78 shortest intervals, animals almost always chose the correct port, but as intervals
79 approached the decision boundary, choices became more variable as captured by animals’
go psychometric functions (Figure 1b).

g1 Previous work has shown that animals’ estimates of elapsed time vary from trial to trial.
g2 Moreover, neural correlates of such variability have been found in the population activity of
g3 striatal circuits (Gouvéa et al., 2015), and the activity of midbrain dopaminergic neurons in
g4 the SNc (Soares et al,, 2016). However, the structure of internal representations that would
g5 be required to explain dopaminergic RPEs in relation to behavior during this task is
g6 unknown. To address this, we built a number of RL models that vary in the internal
g7 representations of the task environment they use to compute reward expectations. We
gg compared both behavior and RPE's produced by those models to the behavior of mice and
go activity from genetically identified dopaminergic neurons in the substantia nigra pars
oo compacta (SNc) using fiber photometry (see Soares et al., 2016).
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o1 Reward expectations are modulated by internal and external states

92 Reward prediction errors of the form used in TD-learning can arise due to discrepancies
93 between the probability, amount, or timing of expected and actual rewards, or if an
94 unpredictable change in the environment leads to a change in expected future rewards, e.g.,
o5 by observing an unpredictable reward-predicting cue. During the interval discrimination
0p task the timing of trial onset was unpredictable (Soares et al., 2016). Hence the cue at
97 interval/trial onset, which predicts a potentially forthcoming reward, should thereby cause
9g changes in animals’ reward expectations and concomitant RPEs. Consistent with this
99 reasoning, we found that the tone marking interval/trial onset elicits a phasic DA response
100 (Figure 2a). Since the tone at interval onset was identical for all trials, the phasic DA
101 response was not modulated by stimulus identity. We see that the first peak in the average
102 DA response, after the grey tick on the x-axis of figure 2a, is not modulated by interval
103 duration.

104 After interval onset, the task required animals to maintain an ongoing estimate of elapsed
105 time to guide their decisions. This internal estimate may be used not only to guide
106 decisions, but also to encode time-varying expectations of future rewards. During the
107 interval, expectations of future rewards should reflect average rewards expected from all
108 intervals that are still possible. At interval offset, however, animals’ reward expectations
109 should change and reflect an estimate of average rewards only from the estimated interval
110 duration. Hence, when interval offset is presented, the change in reward expectations
111 should cause RPEs. Since reward expectations, both before and after interval offset,
112 depend on interval duration we expected DA responses at interval offset to also vary as a
113 function of the duration of the interval. Indeed, we found that the magnitude of average
114 dopamine response at interval offset was modulated by interval duration (Figure 2a). More
115 Specifically, two trends stood out. First, DA responses are larger for intervals further away
116 from the decision boundary than for those close to the boundary. Second, the overall
117 magnitude of responses is lower for ‘long’ intervals compared to ‘short’ intervals. Moreover,
118 trial-to-trial variability in magnitude of DA responses also has a systematic relationship with
119 animals' reported judgments. For each interval duration presented, if trials are split based
120 on the magnitude of DA response at interval offset into low and high magnitude trials, the
121 Ppsychometric function of trials that correspond to higher response magnitude is shifted
122 right relative to that corresponding to trials with lower response magnitude at interval
123 offset (Figure 2b). In other words, trial-to-trial variability in magnitude of DA response for
124 €ach stimulus is predictive of the 'bias’ in duration judgments. We will now investigate
125 these trends in more detail.

126 At interval offset, since animals have not yet received any reward feedback, differences in
127 RPEs and DA responses must be based only on internal variables. Previous work has
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128 shown that, when the timing of a sensory cue in the a task is variable, animals do estimate
129 the hazard rate of the cue, i.e., the probability of the cue occurring at a given time given that
130 it has not occurred yet (Janssen & Shadlen, 2005). Animals have been shown to encode
131 their own choice accuracy as a function of stimuli presented, i.e., animals’ estimate their
132 own ability to correctly classify different stimuli (Kepecs et al., 2008; Kiani & Shadlen, 2009).
133 Separate studies have also shown that DA activity reflects changes in reward expectations
134 based on the hazard rate of cues and rewards (Fiorillo et al., 2008; Pasquereau & Turner,
135 2014; Starkweather et al., 2017), as well as by animals’ choice accuracy (Lak et al., 2017).
136 Hence, we expect animals’ reward expectations in the interval discrimination task to be
137 influenced by hazard rate of interval offset as well as choice accuracy associated with each
13g interval. To understand their joint influence, we first consider separately how choice
139 accuracy and the hazard rate of interval offset might influence reward expectations and the
140 consequent RPEs in the interval discrimination task.

141 Choice accuracy may modulate RPE

142 Due to trial-to-trial variability in estimates of elapsed time, animals correctly categorize
143 intervals close to the decision boundary less often than intervals far away from the
144 boundary (Figure 1b). If animals keep track of the resulting choice accuracy as a function
145 of interval duration, then they will expect less reward close to the boundary and more
146 reward far away from it. If animals do not have any time-varying reward expectations
147 during the interval, RPEs at interval offset will be modulated only by differences in reward
148 expectation due to differences in choice accuracy as shown in Figure 2¢ (for more details
149 see Supp. Fig. 1a-d). In other words, RPEs should be lower for estimates of interval
150 duration close to the boundary than those further away. If we assume that animals’ reward
151 expectations during the task are driven only by estimates of choice accuracy, then we
152 should expect average DA activity to be modulated as shown in Figure 2d.

153 Moreover, animals’ errors in estimating elapsed time should also influence RPEs on a trial
154 Dby trial basis. When animals over- or underestimate elapsed time, their internal estimates of
155 reward expectations likewise evolve faster or slower in time (as shown in Fig. 2e). As a
156 consequence, their internal estimate of choice accuracy and probability with which they will
157 choose ‘long’ or ‘short” will shrink and stretch with elapsed time in the interval. For any
158 given interval duration, we should also find that individual trials with high RPE correspond
159 to trials on which animals’ estimates of interval duration are further away from the
160 boundary and hence are associated with high choice accuracy and low choice variability. In
161 turn, trials with low RPE correspond to trials with low choice accuracy and hence high
162 choice variability. Consequently, if we group trials based on the magnitude of RPEs at
163 interval offset and plot the psychometric functions for the two groups of trials, the trials
164 With higher RPEs will have a psychometric function with a steeper slope than those for low
165 RPE trials (Figure 2f, for more details see Supp. Fig. 2a-d).
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166 Predictability of interval offset may modulate RPE

167 Similarly, we can consider the influence of the hazard rate of interval offset. On each trial,
168 the interval is randomly drawn from one of six intervals, with equal probability. The hazard
169 rate is thus a monotonically increasing function. In other words, the probability of
170 encountering an interval offset at any time during the interval increases with time in the
171 interval. If reward expectations are based only on hazard rate of interval offset, they should
172 also increase monotonically with time in interval. When an interval offset is presented, the
173 change in reward expectations will only reflect the fact that the presentation of the interval
174 offset removes the uncertainty in the timing of the reward. As a consequence, the resulting
175 RPEs at interval offsets later in the interval should be lower than those earlier in the interval
176 (as shown in Fig 2g, for more details see Supp Fig Te-h). If animals only encode the
177 distribution of interval durations but not the outcome of their own choices, average RPEs
178 elicited at interval offset will be on average lower for longer intervals than shorter ones, and
179 we should expect the modulation of average DA activity shown in Figure 2h.

180 Due to trial to trial variability in estimating elapsed time, animals’ estimates of the hazard
1g1 rate of interval offset and hence reward expectations will also vary from trial to trial (as
182 shown in Fig. 2i). However, in this case, we will find that for any given interval offset, trials
183 With high RPEs correspond to trials on which animals underestimate elapsed time,
184 irrespective of the time at which interval offsets are presented. Consequently, if we group
185 trials based on the magnitude of RPEs for each interval presented, the psychometric
186 functions of the high and low RPE trials will show a horizontal shift, or, in other words, a
187 change in bias (Figure 2j, for more details see Supp. Fig. 2e-h).

188 Dopamine activity and its relation to choices can not be predicted by directly combining
189 choice accuracy and predictability of interval offset in time

190 Finally, we consider the case when reward expectations are modulated by both choice
191 accuracy as well as the hazard rate of interval offset. Since we assumed that choices are
192 reported as soon as interval offset is presented, reward expectations at interval offset are
193 the same as in the case when reward expectations are modulated only by choice accuracy.
194 However, during the interval, reward expectations should reflect the fact that, both, the
195 timing of interval offset is unpredictable but also that different interval offsets predict
106 reward with different probabilities based on animals’ choice accuracy. Hence RPEs in this
197 case will reflect both choice accuracy as well as the hazard rate of interval offset as shown
198 in Fig. 2k (for more details see Supp. Fig. 1i-l). In this case, we expect that average RPEs at
199 each interval offset may reflect both choice accuracy as well as the hazard rate in a
200 Manner that may be similar to that in the data (as shown in Fig. 2I).
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201 Again, trial to trial variability in estimates of elapsed time will affect the time evolution of
202 reward expectations (as shown in Fig. 2m) and choice probability. In this case, for any given
203 Interval offset, we find that high RPE trials will correspond to trials on which the agent's
204 estimate of the duration is further from the boundary and hence will be associated with
205 higher choice accuracy and low choice variability. Consequently if group trials, for each
206 interval presented, based on the magnitude of RPE on that trial, we see a difference in the
207 slope of the psychometric curve of the two groups of trials (as shown in Fig 2n, for more
208 details see Supp. Fig. 2i).

209 In other words, animals’ choice accuracy, the hazard rate and the combination of the two
210 predict distinct patterns of RPEs at interval offset. The two key experimentally observed
211 trends—the profile of average DA responses at interval offset and the trial to trial
212 relationship between magnitude of DA for any single interval offset and animals’
213 choices--can not be simultaneously explained by either of these three strategies. Average
214 DA responses are best captured by computing reward expectations that take choice
215 accuracy as well as hazard rate of interval offset into account (Figure 2a is consistent with
216 2l). However, the differences in the psychometric functions for high and low DA is captured
217 by computing reward expectations that only take into account the hazard rate of interval
21g offset (Figure 2b is consistent with 2j).

219 Since our simplified considerations of how RPEs (and thereby DA responses) should be
290 affected by temporal predictability and choice accuracy do not match the data fully, we
291 hypothesised that our assumptions regarding how task variables may be encoded by
292 animals, based on which we computed reward expectations, may not be accurate. To gain
293 a more detailed understanding of how differences in the encoding of task variables as well
294 as animals’ own behaviour may influence RPEs, we simulated a reinforcement learning
295 agent that could make choices at any time during the trial and was required to learn from
296 trial and error, just like animals, to take the right action at every timestep to obtain rewards.

227 RL agents were modeled to keep track of time since task events

228 Since animals’ choices are based on variable internal internal estimates of elapsed time, we
299 modelled the reinforcement learning agent using a partially observable Markov decision
230 process (for details see Methods section 1). We assumed that the agent keeps track of the
231 timing of events in the task within each trial and we allowed the agent to make choices at
232 any time during the trial. More specifically, we assumed that the agent can maintain noisy
233 estimates of elapsed time since interval onset and elapsed time since interval offset. With
234 these two estimates, the agent has all the necessary information to estimate the length of
235 the interval presented as well as the task epoch, which in turn should inform the agent's
236 actions at all other time points in the task. The agent needs to learn from experience to
237 Wwithhold choices during the interval and to report choices based on its estimate of interval
23g duration after interval offset. Figure 3 shows the state space encoded by the agent and
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239 how it traverses through the state space on two example trials types. In both examples, the
240 agent encodes elapsed time since interval onset by advancing horizontally in the depicted
2471 State space. After interval offset, the agent additionally encodes elapsed time since interval
249 offset and therefore traverses the state space along diagonals. Since time since interval
243 onset will always be larger than time since interval offset, the agent will only visit states
244 that are below the unity line in this state space. For all states encountered, the agent needs
245 to learn the optimal action to take. During the interval it needs to learn to withhold choice
246 and after interval offset the optimal action depends on the x-intercept of these diagonals,
247 1.e, on the difference between its estimates of elapsed time since interval onset and
248 interval offset.

249 The agent learns using TD-learning within an actor-critic architecture (for more details, see
250 Methods). Actor-critic architectures have been commonly used to model dopamine activity
251 as RPEs in tasks where outcomes depend on actions taken by animals (Joel et al., 2002;
252 Khamassi et al., 2005). In this framework, the agent estimates reward expectations from
253 each state (i.e. state-value function) and a state-action mapping (i.e. policy), that instructs
254 the agent which action to take, for all states it encounters. The agent learns to select
255 actions that result in transitions to higher-value states and hence those transitions become
256 More probable than those that lead to states with low value. Importantly, the state value
257 function and policy must both be learned simultaneously and are both defined as functions
25g Of the location in state space. Since the agent's internal estimates of time are modeled as
259 continuous variables, there are infinitely many locations in state space the agent could be
260 In. This makes the task of learning value functions for each state directly highly impractical.
261 Hence, we use a function approximation scheme to estimate the value function and policy.
262 Both these functions are approximated using a set of basis functions or feature vectors
263 (Figure 4a shows a schematic of the function approximation scheme used). To keep this
264 approximation as simple as possible, we used non-overlapping tile bases. This is equivalent
265 to discretizing the continuous state space for value approximation.

266 Previous experimental findings have shown that animals exhibit trial-to-trial variability in
267 estimating elapsed time and that the standard deviation of variability in timing estimates
268 increases linearly with time, which is known as the scalar property in timing (Gibbon &
269 Church, 1990). Hence, we constructed the agent's internal representation to also have
270 trial-to-trial variability in estimates of elapsed time that obeys this scalar property (for more
271 details see Methods). The amplitude of the noise was adjusted so as to qualitatively match
279 animals’ overall task performance (determined using the psychometric function).

273 RL agent constructed based only on task requirements cannot reproduce relationship
274 between DA response and choices
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275 We first modeled an RL agent that estimates the value function and policy by uniformly
276 tiling the state space along both dimensions of the state space (Figure 4a, 5a). After the
277 agent learns the task, we find that the profile of average RPEs at each interval offset
27g qualitatively captures that of average DA activity (compare Figure 5b with Figure 2a).
279 However, the trial to trial relationship between the magnitude of RPEs and the agent's
2g0 choices is inconsistent with what we see in the data (compare Figure 5¢c with Figure 2b).
281 Rather, the psychometric functions of the high RPE and low RPE groups of trials show a
282 change in bias as well as slope, as seen when we directly computed reward expectations
283 based on choice accuracy and predictability of interval offset in time (see Fig 2n and Supp.
2g4 Fig. 2i4). In other words, the trial-to-trial relationship of the agent's RPEs with its temporal
2g5 judgements is influenced by discrimination accuracy as well as hazard rate of interval
286 Offset. At first sight, these results suggest that there might be some aspect of dopamine
2g7 activity that cannot be captured entirely by RPEs during this task. However, since RPEs are
2gg calculated from the agent's expectations of future rewards, given by the state-value
2go function (Figure 4a), the results could also suggest that animals are calculating
290 expectations of future rewards in a way that does not match the true underlying structure
291 Of the task. Such a mismatch could come about if the representation that the animals are
297 oOperating on are misrepresenting the statistical structure of the task.

293 To ask how the underlying state representation could be different, we note that the
294 dynamics of the latent variable in the task is not made available to animals and that they
205 need to infer how the task should be represented using only the sparse observations they
296 recieve. Previous work has shown that population dynamics in the striatum during the
297 interval encode elapsed time with high fidelity and that trial to trial variability in how activity
20g evolves is predictive of animals’ temporal judgements (Gouvéa et al., 2015). Hence, we
299 Maintained high-resolution with which time since interval onset was encoded in the model.
300 Other work, in the context of an interval reproduction task, has shown that cortical
301 dynamics encode elapsed time since interval onset and offset in a similar manner
302 (Remington et al, 2018). Based on these findings, we assumed in the model
303 Implementation above, that animals would represent elapsed time since interval onset and
304 Offset in a similar manner, with high fidelity, during an interval discrimination task as well.
305 However, this assumption may not be well aligned with how animals may be representing
306 the interval discrimination task. Drawing on the principles of efficient coding, we reasoned
307 that in addition to maximising the overall number of rewards obtained during the task,
308 animals may want to minimise the computational resources required to estimate the value
309 function and policy over all possible states. In particular, we hypothesised that animals’
310 May encode time-varying value functions with higher resolution during the interval and but
311 not after the interval. Hence, we asked whether and how encoding elapsed time since
312 interval onset and offset with different resolutions would affect task performance as well
313 as reward expectations learnt during the task.
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314 RL agent with efficient representation can reproduce trial-to-trial relationship between
315 DA response and choices

316 Let us consider the function approximation used to estimate the value function described
317 in Figure 4a. The size of each basis function (or tile) will determine how accurately changes
31g in value from one location to another can be estimated. In turn, the number of basis
319 functions (or tiles) will determine the computational cost of estimating the entire value
320 function. Accordingly, more accuracy incurs more costs. An efficient coding scheme might
321 Stipulate that the resolution with which an optimal set of basis functions tile the two
322 dimensions of the state space should depend on the degree to which the readout varies
323 along each of these dimensions (Salinas, 2006). More specifically, value functions along
324 the axis that represents estimates of elapsed time since interval onset may be encoded
325 Wwith high resolution, since doing so is necessary for the agent to accurately report choices.
326 Value functions along the axis that represents estimates of elapsed time since interval
327 Offset, on the other hand, may be encoded with a lower resolution, since lack of accuracy
328 here may not adversely affect the animal’'s ability to make the correct choice (see Figure
3209 4c.e). In the extreme case, when the axis representing time since interval offset is encoded
330 With the lowest possible resolution (while still encoding interval offset), the basis functions
3371 effectively encode only time since interval onset and whether or not interval offset has
332 occurred (Figure 4e). We will refer to the basis functions as described in Figure 4a as the
333 high resolution or full mapping and the other extreme shown in Figure 4e as the low
334 resolution or representationally efficient mapping.

335 When we train the RL agent using the efficient mapping, we find that it is able to obtain
336 Similar numbers of rewards as an agent trained using the full resolution mapping. The
337 efficient model also reproduces the profile of average DA responses at interval offset
33g (compare Figure 5e and Figure 2a). In other words, the compression of the mapping along
339 the second axis did not adversely affect the agent’s choice behavior, nor did it change the
340 predictions for average RPEs at interval offset. Surprisingly, however, the efficient
3471 representation is also able to reproduce the trial to trial relationship between magnitude of
3472 DA and temporal judgements (compare Figure 5f and Figure 2b). This somewhat puzzling
343 result was only obtained for very strong compressions of mappings along the second axis
344 and not for intermediate levels of compression. When we simulated the agent using several
345 intermediate levels of compression in representing elapsed time since interval offset, we
346 Obtained results more similar to the unconstrained agent (see Supplementary Figures 1
347 and 2). Accordingly, only a large difference in the resolution with which elapsed time since
348 interval onset and offset are encoded can explain the observed DA responses and their
349 relation to behavior.

350 We would like to note that we have focused primarily on describing how changing the basis

351 functions, without changing the dynamics of the latent variable, can achieve a more coarse
352 approximation of the value function along the second dimension of the latent variable.
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353 However, we could have achieved the same result by keeping the basis functions the same
354 and changing the dynamics of the latent variable. Since the nature of value approximation
355 only depends only on the relationship between the latent variable and the basis functions,
356 for simplicity we only explain in detail our implementation that changes the basis functions
357 and not dynamics of the latent variable (for more details see Methods section 4). We would
358 also like to note that, although the efficient mapping that we consider in detail is as shown
359 In Figure 4e, there are indeed multiple ways to specify the dynamics of the latent variable or
360 the mapping to approximate value functions in our 2D state space that would be equivalent
361 to the efficient representation we discuss in terms of number of parameters to be
362 estimated for value approximation. However, none of these alternatives allow us to
363 reproduce the data shown in Figures 2a and 2b simultaneously. Only when the relationship
364 between the latent variable and the mapping is kept the same as in the efficient
365 representation we discussed, can the RL model reproduce the observed data. Some of
366 these alternatives are discussed in Methods section 5.

367 Reward expectations at interval offset are markedly different under the different
368 Mappings

369 10 understand why our proposed efficient mapping results in very different RPEs, we look
370 at the value function learned by the agents using the full vs efficient mappings (as shown in
371 the schematics in Figure 4a and 4e respectively). We note that RPEs at interval offset
379 reflect the difference between the agent's reward expectation (given by the corresponding
373 Vvalue function) during the interval and its reward expectation at interval offset, at which
374 point the agent does have an estimate of the interval duration to be classified on that trial.
375 For agents using the full mapping, reward expectations before interval offset reflect the
376 hazard rate of interval offset and choice accuracy, which increase as a function of elapsed
377 time (Figure 6a). After interval offset, the agent has acquired an estimate of the presented
37g interval, and, therefore, its reward expectations only reflect choice accuracy (Figure 6b). At
379 any time, the difference between these two value functions determines the RPE if interval
3g0 Offset was presented at that time (Figure 6¢). Consequently, RPEs at interval offset reflect
381 both the hazard rate of interval offset and the agent's choice accuracy.

382 Similarly, we can look at the value function learned using the efficient mapping. As before,
383 We see that reward expectations during the interval increase with the length of the interval
3g4 (Figure 6d). However, reward expectations after interval offset do not simply reflect the
385 agent’s choice accuracy. Instead, they exhibit a strong asymmetry around the decision
386 boundary (Figure 6e). We see that on the long side of the boundary, reward expectations
387 Increase much more slowly as a function of distance from the boundary than on the short
3gg side of the boundary. Consequently, the resulting RPEs reflect this asymmetry and show a
389 slower rise on the long side of the decision boundary compared to the short side (Figure
390 6f). Before exploring the origin of this asymmetry (discussed in the following section), we
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391 Will show that it substantially changes the trial to trial relationship between the animals’
392 behaviour and dopamine activity.

303 Let us first consider two near-boundary intervals. For each of these intervals, the agent’s
394 estimate of elapsed time will vary from trial to trial as described by the two distributions
395 shown in Figure 7a and Figure 7d. We recall that the agent’s decisions are based entirely on
306 its internal estimates of elapsed time: when the estimate is shorter (or longer) than the
397 boundary, the agent will report choice ‘short’ (or ‘long’) with higher probability. We can
398 therefore split each of the distributions based on the choice of the agent (Figure 7a,d, red
3099 and blue areas). This procedure creates four groups of trials, given by the two
400 near-boundary intervals and the two choices of the agent. Within each group, the variability
401 In time estimates gives rise to associated variability in RPEs. The four resulting
402 distributions of RPEs are shown in Figure 7b,e. Here, the two panels group trials according
403 to the presented interval, and the red and blue RPE distributions in each panel correspond
404 to trials grouped according to the animal’s choice. Using these groupings, we can now
405 study how high or low RPE trials relate to behavior. To do so, we first define high (or low)
406 RPE trials for a given interval as all trials with RPEs greater (or smaller) than the median
407 RPE for that interval (indicated by the dashed line). The fraction of long choices falling into
208 the high (or low) RPE trials shown in Figure 7c,f correspond to points at the near boundary
409 intervals in the psychometric functions for shown in Figure 5c (which are for all interval
410 durations).

411 For the RL agent using the full mapping, RPEs on incorrect trials are on average lower than
412 RPEs on correct trials (Figure 7b,e). In turn, if we split all trials based on the magnitude of
413 RPEs, irrespective of the interval, we find that the agent made more mistakes on low RPE
414 trials compared to high RPE trials. Thus, the psychometric curves for these two groups of
415 trials show a larger difference in slope and cross each other around the decision boundary
216 (Figure 7cf). For the RL agent using the efficient mapping, the picture is very different
417 (Figure 7g-1). Here we find that RPEs are on average lower when the agent reports choices
418 as long, irrespective of the interval (Figure 7h k). Consequently, the psychometric functions
419 for high and low RPEs show a larger change in bias and that the psychometric curves for
420 these groups of trials do not cross each other near the boundary (Figure 7j1).

4771 Efficient mapping predicts procrastination of choices for interval durations estimated as
427 long and close to the decision boundary

423 Finally, we studied the origin of the asymmetry in the value function for the agent using the
224 efficient mapping. We find that the low-resolution along the second axis leads to a
425 Systematic ambiguity in some parts of the state space in estimating value and the optimal
426 action for those locations. For example, let us consider a basis function that spans a region
427 in state space that the agent would visit right after the end of a long interval (marked with
428 the gray rectangle in Figure 8a). While the agent can encounter this region directly after the
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429 end of a long interval, it could also be encountered if the agent was presented with a short
430 interval, but withheld choice for several time steps (purple trajectory in Figure 8a). Hence,
231 the reward expectation associated with this basis will be estimated by averaging over the
432 trials from both categories of interval durations i.e. when the agent's estimate of the
433 interval presented is longer or shorter than the learnt boundary. As a consequence, the
434 agent would be impeded in learning the correct value of these states as well as the optimal
435 action at these locations. Indeed, this is true for all the post-interval basis functions in the
436 efficient mapping. They encode elapsed time since interval onset and whether or not
437 Interval offset had occurred. Accordingly, the basis functions do not allow the agent to
438 disambiguate between trials on which different interval durations were presented if it
439 Withholds choice for several time steps.

440 The ambiguity in this efficient mapping can be avoided if the agent reports choices
447 immediately after interval offset, especially for intervals estimated to be shorter than the
447 decision boundary. Once the choice is made, the agent transitions into the inter-trial interval
443 State, and thereby avoids visiting other post-interval states. With this strategy, states that
244 fall into the region indicated by the grey rectangle in Figure 8a are only encountered when
445 the agent estimates the interval to be longer than the decision boundary. In turn, the agent
446 Can learn that the correct choice associated with those states is ‘long’. Indeed, we find that
447 When agents use the efficient mapping and when they estimate the interval to be shorter
448 than the decision boundary, they report choices with very short response times (Figure 8b).
449 For intervals longer than the decision boundary, however, there is no urgency to respond
450 after interval offset. In this case, if the agent waits after the interval offset, the correct
451 action associated with the post-interval offset states will not change with the passage of
452 time. Hence, delaying choice will not have any detrimental effect on choice behaviour.
453 Curiously, however, the efficient mapping not only allows delaying near boundary long
454 choices, but incentivises it.

455 To understand why, let's consider the value function of an agent using the efficient
456 Mapping, but where the agent is forced to report a choice immediately after interval offset.
457 In this case, the value function estimated for the post-interval offset states using the
458 efficient model is the same as that of the states immediately after interval offset using the
459 full-mapping. After interval offset, states further from the boundary have higher value than
460 those close to the boundary. Now, let's say, the agent is permitted to have variable response
461 times. Let's first consider the value of the sequence of states the agent would encounter if
462 it received a ‘short’ interval and withheld choice after interval offset (shown by the purple
463 trajectory in Supp. Fig. 5a and 5b). In this case, if the agent waits after interval offset, the
464 Value of the sequence of states encountered decreases with time (shown by the red arrow
465 in Supp. Fig. 5b). Hence, if the agent withholds choices, it will encounter negative RPEs as
466 €lapsed time advances i.e. it moves to states that have lower value than the preceding
467 States. However, if it reports it's choice immediately, it will, on average, get zero RPEs since
468 choices lead the agent to transition to the terminal state and obtain rewards which are on
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469 average equal to the value of the state just preceding the choice. Since, the policy of the RL
470 agent is to choose actions that lead to states with the highest value, the optimal strategy to
471 report choices immediately. On the other hand, if the agent receives a ‘long’ interval (shown
472 by the brown trajectory in Supp. Fig. 5a and 5c), especially one close to the decision
473 boundary, we see that the value of the sequence of states after interval offset increases
474 With time (shown by the red arrow in Supp. Fig. 5c). Hence, if the agent withholds choices,
475 it will encounter positive RPEs as elapsed time advances i.e. it moves to states that have
476 higher value than the preceding states. This is what drives procrastination of choices in the
477 model when the presented interval is estimated to be long and close to the boundary. In
478 turn, these transitions between states after interval offset flatten the value function of
479 those states on the long side of the boundary and hence causes the asymmetry we see in
280 the value function when using the efficient mapping. The interaction between the efficient
481 mapping and the policy learned when using it, causes the RL agent to learn reward
482 expectations that generate RPEs similar to the dopamine activity recorded in animals
483 performing the task.

484 In several two-alternative decision making paradigms, animals generally take longer to
485 respond when the decision variable is close to the decision boundary (Roitman & Shadlen,
486 2002). Several tasks in which response times are longer for harder stimuli are tasks which
487 require integration of noisy evidence, where the noise is uncorrelated over time. In these
488 contexts, longer response times allow animals to integrate over more samples of noisy
489 evidence and have a better estimate of the stimulus by averaging out the noise. In other
490 words, longer response times result from increased deliberation when the stimulus
497 category is more ambiguous. However, the response times of the RL agent using the
497 efficient mapping in our task are markedly different, as they predict long responses only for
493 difficult ‘long’ choices, but not for difficult 'short’ choices. In other words, the RL agent
494 generates a highly non-trivial prediction that can be tested against data. The long RTs we
495 see for intervals that are perceived by the agent to be near-boundary ‘long’ appear to be a
496 result of procrastination of difficult ‘long’ choices. Surprisingly, we find that animals also
497 procrastinated as predicted by the model. The predicted pattern of response times from
208 the model closely resembles that of animals during the task (Figure 8c). We also find that
299 this pattern of response times is not reproduced by the agent when using the full mapping.
500 Moreover, the profile of response times is observed only for highly compressed mappings
501 (Supplementary Figure 4) and not for intermediate levels of compression such as the one
502 Shown in Figure 4b

503 Furthermore, if we force the agent to not have variable response times, the profile of
504 Psychometric curves of trials grouped by magnitude of RPEs at interval offset in the agent
505 Matches those resulting from the full mapping and do not match those in the data. Thus,
506 animals’ pattern of response times provides further evidence to suggest that animals may
507 indeed be using a representation similar to that captured by the efficient mapping while
508 Solving this task.
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509 Discussion:

510 Understanding the nature of representations used by animals for value-based decision
511 making is crucial to further our understanding of how neural circuits subserve adaptive
512 behavioral control. Characterising what reward expectations animals learn can inform us
513 about how and what variables they are representing, which in turn can reveal the
514 constraints and strategies with which animals might be inferring statistical regularities in
515 their environments. Here we studied the computations underlying a rigorously controlled
516 time dependent behavior in rodents. We focused on two aspects of experimental data
517 collected during this behavior, the recorded activity of dopamine neurons and its trial to trial
51g relation to animals’ choices. Using an RL framework, we investigated how varying internal
519 representations, with which the agent was able to solve the task, varied RPEs encountered
500 Dy the agent. By comparing such RPEs with recorded DA responses, we were able to infer
5021 the nature of internal representations animals might be using during this task.

592 In several sensory systems, the principle of representational efficiency has been used to
593 characterise neural coding. In many of these systems, the nature of the variable that is to
504 be represented, and hence subject to efficiency constraints, is usually well defined.
505 However, in the case of RL, it is unclear which variables used for value based choices might
506 be subject to constraints of representational efficiency in the brain (Botvinick, et. al., 2015).
507 For example, we may want to enforce efficiency constraints in how the structure of the
5728 environment is represented (Botvinick, Niv, & Barto, 2009; Wimmer, Daw, & Shohamy, 2012).
529 This approach may be considered to be the closest to that used for efficient coding in
530 Sensory systems. In this case, the problem can be stated as that of identifying statistical
531 regularities or redundancies in the environment that can be leveraged to balance
537 representational cost against the accuracy with which the statistics of the environment can
533 be encoded. However, this is not the only approach that can be used for representational
534 efficiency in RL. Representation constraints may be used to directly approximate optimal
535 value functions (Foster & Dayan, 2002) or action spaces (Solway et al., 2014). In each of
536 these cases, one has to define a space within which representations are subject to
537 resource constraints as well as the quantity of interest that needs to be preserved, i.e. a
53g loss function which needs to be optimised. A key challenge in understanding how
539 principles of efficient coding are applicable to the reward system is to identify the space
540 Within which representational constraints may be expressed as well as the loss function
541 that may be optimised.

542 The interval discrimination task requires animals to generate and operate upon structured,
543 time-evolving internal estimates to guide decisions. By training a RL agent on this task to
544 generate dynamically evolving patterned behaviour, just as is required of animals, we were
545 able to test how differences in task representation affect behaviour, which in turn affect
546 reward expectations during the task. We found that animals seem to encode the task using
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547 a representation that is compromised in accurately capturing the statistical regularities of
54g the task environment. This suggests that although our results are consistent with
549 representational constraints being expressed in the space of how environmental states
550 May be represented, the quantity being preserved is not the accuracy with which the
551 Statistics of the environment can be best captured. Nor does this representation allow the
552 agent to well approximate the optimal value function that would be found using an
553 Unambiguous representation of the environment. This suggests that neither is the optimal
554 Value function the quantity that is being preserved. However, the representation used
555 allows the agent to learn actions that result in equivalent number overall rewards while
556 being more compact than one that would allow an unambiguous representation of all
557 States in the task. Importantly, we find that the behavioural strategy the RL agent uses
558 While using the efficient representation is crucial to prevent ambiguities in the
559 representation from affecting the accuracy of choices and hence the overall number of
560 rewards that can be obtained. Furthermore, only when the behavioural strategy of the agent
561 IS allowed to be influenced entirely by maximizing RPEs using the efficient representation is
562 the model able to capture the key features in the data. This suggests that the
563 representations used by the agent may be found by maximising the same quantity used by
564 the agent to select actions i.e. overall number of rewards (or by minising TD reward
565 prediction errors) and that doing so may lead to unexpected interactions between how the
566 €nvironment is represented and what policy is learnt.

567 1he recent success of deep networks trained end-to-end with TD-learning at playing
568 various games has provided a demonstration of how effective this form of learning can be
569 (Mnih et al,, 2015; Silver et al.,, 2016). Moreover, previous work has shown that dopamine
570 Neurons project widely to a large number of neural circuits in the brain and end to end
571 learning has been shown to reproduce neural activity in PFC in a wide range of tasks (Song
577 etal, 2017, Wang et al., 2018). This success underscores the importance of understanding
573 how representations learnt directly to maximise overall rewards (or minimise reward
574 prediction errors) may be different than those obtained by maximising other quantities
575 such as reconstruction error. In the context of a rigorously controlled task, our work shows
576 how representations that are inaccurate in encoding several aspects of the task but allow
577 the agent to preserve overall rewards obtained while being representationally efficient can
57g lead to behaviour and reward expectations that are qualitatively different than those that
579 would result from using representations that may best summarise the statistics of the
580 environment or features of the optimal value function and policy.

581 In sum, by investigating behaviour and DA activity during a time-based decision making
5go task using RL, we were able to reveal an efficient strategy animals appear to be using to
583 represent task variables. We demonstrate that constraints of representational efficiency
5g4 affect the nature of reward expectations learnt during this task and that the activity of
5g5 dopaminergic neurons could only be explained by the model using this efficient
586 representation. Finally, we show how animals’ behavioural strategy interacts with the
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587 representation used to encode the task in an unexpected way and that this interaction was
5gg central for the RL agent to be able to reproduce animals’ behaviour and DA activity. These
589 findings provide novel insights into the manner in which efficiency constraints might be
500 expressed in the reward system, and more generally provide insights into the principles
591 underlying natural, intelligent behavior.
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747 Figure 1:

742 Rodents were trained to classify interval durations. (a) Schematic illustrating the timeline
743 oOf the main events during the interval discrimination task. Animals are presented with three
744 ports and are required to initiate each trial in the central port. The central nose poke
745 triggers a tone and after a variable interval a second tone is presented. These intervals can
746 either be longer or shorter than the decision boundary. Animals have to report ‘short’ or
747 ‘long’ judgements in the two lateral ports based on their estimate of the time elapsed
748 between the two tones. Correct choices result in water reward and incorrect choices result
749 in a time out. (b) Psychometric curves of animals performing the task. Grey lines indicate
750 sigmoid fits to behaviour of individual animals (n=6), and black line and dots indicate
751 average over all animals. (Panel (b) adapted from Soares et. al. 2016)
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752 Figure 2:

753 Reward prediction errors at interval offset can be modulated by choice accuracy and
754 hazard rate of interval offset. (a) Average dopamine responses for each of the intervals
755 presented during the task. The initial peak occurs at interval onset, and the following six
756 Ppeaks occur at each of the presented interval offsets. The dashed lines highlight the overall
757 profile of the magnitude of responses at interval offset. (b) Psychometric functions for all
75g trials in which high (green) or low (orange) DA responses were measured at interval offset.
759 A clear difference in bias emerges from these two groups of trials. (Adapted from Soares
760 et al 2016.) (c) If we assume that animals do not maintain any prediction of the arrival
761 times of interval offsets, but do encode estimates of choice accuracy for different
762 estimates of elapsed time, the RPEs we would predict would vary as a function of their
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763 internal estimates of elapsed time as shown here (For details see Supp. Fig. 1a-d). (d)
764 Hypothetical modulation of average RPEs at the six interval offsets presented in the task if
765 these were based purely on estimates of an agent’s choice accuracy. The averages in this
766 Case would be over the trial to trial variability in animals’ estimates of elapsed time. The
767 dashed lines highlight that, unlike in the data, the overall profile of magnitude of RPE at
768 interval offset would be symmetric around the decision boundary in this case. (e) Since
769 animals’ reward expectations evolve as a function of their internal estimates of elapsed
770 time, shown here is how their estimates would evolve as a function of real time on two
771 example trial types where the animal may overestimate (red) or underestimate (blue)
777 elapsed time. For any interval, whether interval duration is over or underestimated will
773 Systematically influence the magnitude of RPE at interval offset. Hence, for every time step,
774 the curve that corresponds to low RPE is highlighted in yellow. (f) For every interval offset
775 presented, if trials are split based on the magnitude of RPE, we would find that high RPE
776 would go along with estimates of interval duration that are further than the boundary than
777 those trials on which RPE is lower. Hence, when trials are split into low and high magnitude
778 RPE trials, the slope of the psychometric curves of the two groups would differ. (g-j) Similar
779 to (c-f), but for RPEs that are generated entirely due to temporal predictability of interval
780 offsets. (k-n) Similar to (c-f) and (g-), but for RPEs that would be generated if the agent
781 took into account both choice accuracy and temporal predictability of interval offsets. For
782 more details regarding the shape of the predicted RPEs in (c,g,k), see Sup. Fig. 1 and for
783 more details regarding the predicted relationship between single trial magnitude of RPE
784 and choice shown in (fj,n) see Supp. Fig. 2.
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785 Figure 3:

786 Task variables can be represented unambiguously using a two-dimensional state space.
787 (@) Timeline of an example trial in which an interval shorter than the decision boundary is
788 presented. The color of the axis indicates the optimal action in that period of the trial (grey
789 = wait, blue = short, red = long). (b) Timeline of an example trial in which an interval longer
790 than the decision boundary is presented (c) lllustration showing how the example trial in (a)
7971 IS represented in the agent's state space. The agent’s state is given by its internal estimates
792 of time since interval onset (x-axis) and time since interval offset (y-axis). Because of
793 variability in time estimation, these internal estimates are distinct from real time. The
794 trajectory shows how the two-dimensional state variable changes over time and in
795 response to interval onset and offset. The color of the arrows shows the correspondence
796 between the segments of the trajectory in state space and the associated segments on the
797 timeline of the example trial in (a). Each location in the two-dimensional state space
79g Pprovides an unambiguous representation so that the agent can determine the optimal
799 action. The internal decision boundary that would allow the agent to make optimal choices
800 using this state representation is shown by the dashed line. (d) lllustration showing how
301 the example trial in (b) would be represented in the agent’s state space.
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goo Figure 4:

g03 Resolution of the basis functions used to approximate value function and policy can be
go4 different along different dimensions of state space. (a) Since the state space is
805 continuous, we approximate the value function by a linear combination of basis functions
306 that are non-overlapping tile bases. The agent needs to estimate as many parameters or
go7 Weights as there are basis functions. Here the tiling of the basis functions is equally dense
gog along the two axes shown and hence the number of parameters that need to be estimated
goo are ~N? where N is the number of basis functions tiling each dimension. This arrangement
g10 corresponds to the full mapping used by the model. Shown in purple is an example
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g11 trajectory through the state space. The basis function that would be active at the last time
g12 Step of this trajectory is highlighted. (b) Estimated values learnt over the state space using
g13 the full mapping. (¢) Basis functions used by the agent can tile the second axis with lower
g14 resolution than the first, thereby incurring a lower representational cost than the full
g15 mapping. This example corresponds to an intermediate level of compression. (d)
g16 Estimated value function using the intermediate compressed mapping. (e) The basis
g17 functions used in the most compressed or efficient mapping tile the second axis with the
g1g lowest possible resolution by encoding only whether interval offset has occurred or not.
g19 The number of parameters that need to be estimated using this mapping are ~2N (as
go0 opposed to ~N? parameters that need to be estimated for the full model). (f) Estimated
g1 Vvalue function learnt using the most compressed, i.e. efficient representation.
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goo Figure 5:

g3 Efficient value function approximation can simultaneously reproduce average DA at
go4 interval offset and trial to trial relationship between DA magnitude and choice. (a) Value
g25 function approximation used in the full mapping. Each basis uniquely determines
g26 estimated elapsed time since interval onset and interval offset. (b) Average reward
go7 prediction errors (RPE) elicited at interval offset in an agent that uses the full mapping for
g2g interval discrimination. Compare with Figure 2a. (¢) Psychometric curves of trials grouped
g29 based on the magnitude of RPE at each interval offset for an agent using the full mapping.
g30 Compare with Figure 2b. (d) Value function approximation used in the efficient mapping.
g31 (e) Average reward prediction errors (RPE) elicited at interval offset in an agent that uses
g32 the efficient mapping for interval discrimination. Compare with Figure 2a. (f) Psychometric
g33 curves of trials grouped based on the magnitude of RPE at each interval offset. Compare
g34 Wwith Figure 2b.
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Figure 6:

Reward expectations learnt by the RL agent using the full and efficient mappings differ
most right after the decision boundary. (a-b) Reward expectation during the interval (a)
and after interval offset (b) as a function of internal estimates of elapsed time since interval
onset using the full mapping for value estimation. (¢) Reward prediction error at interval
offset as a function of all estimates of elapsed time since the interval onset using the full
mapping. (d-e) Reward expectation during the interval (d) and after interval offset (e) as a
function of internal estimates of elapsed time since interval onset using the compressed
mapping for value estimation. (f) Reward prediction error at interval offset as a function of
all estimates of elapsed time since the interval onset using the compressed mapping.
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g4e Figure 7:

g47 Distributions of RPEs at interval offset show why compression in the mapping causes
gag psychometric curves split by RPE magnitude to be different. (a) Distributions of the
g49 agent's internal estimates of elapsed time at interval offset for the ‘short’ near-boundary
g50 interval. The distribution is color-coded according to the agents choice (blue=short,
g51 red=long). The dotted line shows RPEs at interval offsets for the corresponding estimates
g5p of elapsed time. (b) Distributions of RPEs at interval offset for the ‘short’ near-boundary
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g53 interval. The distributions are colored according to the agent’s choice on the corresponding
g54 trials. The dotted line indicates median-RPE for that interval presentation and divides RPEs
g55 into a low-RPE group (yellow bar) and a high-RPE group (green bar). (c) Fraction of trials
g56 On which the agent chose ‘long’ on trials with RPEs lower (yellow) or higher (green) than the
g57 median RPE for the two near-boundary intervals. Larger dots indicate the fraction of ‘long’
g5g choices for the ‘'short’ interval. (d-f) As in (a-c), but for a long near-boundary interval. (g-I)
g50 Thesame as in (a-f), using the efficient mapping.
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The efficient mapping predicts an unusual profile of response times that closely matches
animals’ behaviour. (a) Efficient mapping and two example trajectories through the state
space. The grey rectangle indicates a post-interval offset basis. Note that this region of the
state space can be reached following long intervals (yellow) as well as short intervals
(purple) if the agent waits and withholds choice. The basis function is therefore ambiguous
in informing the agent which interval duration was presented when the corresponding
states are encountered on any given trial. (b) Average response times of an RL agent that
uses the efficient mapping, conditioned on whether they indicated the interval to be short
or long with respect to the decision boundary. (¢) Animals’ average response times after
each interval offset split based on choice.
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g71 Supplementary figure 1:

g72 Schematic to illustrate how various task events influence reward expectations. Let's
g73 assume the duration of intervals presented is uniformly distributed between 0 to 3 sec. and
g74 that choices are reported only at interval offset. In this case, the agent needs to estimate
g75 Vvalue functions over two sets of states, one during the interval and the other at interval
g76 Offset. Let's assume the reward amount is 1, in this case the value at interval offset C(z) will
g77 be equal to the probability of reporting the correct choice for that interval estimate. During
g7g the interval, the value function is a weighted sum of the value of interval offset at that time
g79 and the value of being in the interval at later times. The weighting factor is given by the
ggo probability of transitioning to each of these states, i.e. V(z) = p(Z' = interval offset | z).C(z) +
gg1 V.p(Z # interval offset | 2)).V(Z'), where 7' is the successor state.

gg2 (a-d) If we assume that the agent does not explicitly encode the distribution of interval
gg3 durations, but does encode an estimate of choice accuracy at interval offset, the hazard
gg4 rate encoded by the agent is zero for all internal estimates of time (shown in panel a), and
ggs5 its estimate of value during the interval will always be zero (shown in panel ). Its estimate
gge Of value at interval offset is equal to the probability with which it will correctly report interval
gg7 duration (shown in panel b) and the resulting RPEs at interval offset will reflect only choice
ggg accuracy (shown in panel d).
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ggo (e-h) Let's now assume that the agent encodes the distribution of interval durations, but
gop does not encode choice accuracy. The probability of detecting interval offset at any
go1 estimated time z given that no interval offset was detected for all z' < z is given by the
go2 hazard rate of interval offset, H(z). In the case of uniformly distributed interval durations,
893 H(z) is shown in panel e. In this case the value function during the interval is monotonically
go4 increasing. If there was no time discounting (i.e. y = 1), this value function would be 1 for
go5 the entire interval. For time discounted rewards (i.e. 0 « y < 1), the value function simply
gop reflects the fact that early in the interval the agent expects rewards to be, on average,
go7 further in the future and hence more time-discounted than later in the interval (as shown in
gog panel g). Since we assumed here that the agent does not encode choice accuracy, reward
gog expectations from interval offset states are constant (panel f). Consequently, RPEs at
opo interval offset will be monotonically decreasing with elapsed time (as shown in panel h).

001 (i-1) Finally, if we assume that the agent encodes, both, choice accuracy as well as the
9p2 distribution of interval durations, we see that the estimated value at interval offset is the
003 Same as when the agent only encodes choice accuracy (shown in panel j). However, the
904 Value function during the interval now reflects a combination of choice accuracy and the
0p5 hazard rate of interval offsets, i.e. V(z) = H(z).C(z) + v.(1-H(2)).V(Z) (shown in panel k).
006 Consequently, the RPEs will also reflect, both, choice accuracy as well as the hazard rate of
007 interval offset (as shown in panel ).
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00g Supplementary figure 2:

009 Schematic to illustrate how the overall profile of RPEs at interval offset determines
910 differences between psychometric functions for low and high RPEs trials. Each row
911 Shows how over or underestimating elapsed time (shown in column 1) changes RPEs at
912 any possible interval duration (column 2), the probability of reporting choice ‘long’ (column
913 3) and how magnitude of RPEs relate to the probability of choice ‘long’ (column 4). The top
914 row shows the case when reward expectations are estimated only based on choice
915 accuracy (as shown in Supp Fig T1a-d), the middle row shows the case when reward
916 expectations only reflect the hazard rate of interval offset (as shown in Supp Fig 1e-h) and
917 the bottom row shows the case when reward expectations are estimated based on choice
01g accuracy as well as hazard rate of interval offset (as shown in Supp Fig 1i-I).

919 (Column 1) Let's consider two example types of trials (shown in panels a,e,i), one in which
020 elapsed time is underestimated (z < t, shown by the blue line) and the other overestimates
071 elapsed time (z > t, shown by the red line).

922 (Column 2) For these two types of trials, RPEs at interval offsets for all possible interval
993 durations are shown in the second column (each row corresponds to each of the three
924 possibilities for how the agent might estimate reward expectations as a function of task
025 events shown in Supp Fig 1d,h,l). In each panel, for every time step, the trial on which RPE
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026 is lower than the other is highlighted in yellow. In panel (b), when RPEs result from reward
9927 expectations that only take into account choice accuracy, for all time points before the
928 decision boundary, trials on which elapsed time is overestimated will have lower RPEs than
929 trials on which elapsed time is underestimated. On the other hand, for all time points after
930 the decision boundary, trials on which elapsed time is underestimated will have lower RPEs.
031 In panel (f), when RPEs are driven only due to the hazard rate of interval offset, for all time
932 points trials on which elapsed time is overestimated will have lower RPEs. Finally, in panel
033 (§), when RPEs reflect both choice accuracy and hazard rate of interval offset, RPEs are
034 lower on trials on which elapsed time is overestimated on the short side of the boundary.
935 On the long side of the boundary, close to the boundary, trials on which elapsed time is
936 underestimated have lower RPEs. However, for estimates much longer than the boundary,
937 We see trials on which elapsed time is overestimated have lower RPEs.

03g (Column 3) If the agent's choices change as a function of it's internal estimates of elapsed
039 time, for the two example trial types shown here, the psychometric function of the agent
940 Will also be different. When the agent underestimates elapsed time (blue curve), the
041 psychometric curve will be biased towards ‘short’ choices (i.e. it will show a rightward
049 shift). Similarly, if the agent overestimates time (red curve), the psychometric curve will be
943 biased towards ‘long’ choices (i.e. will be shifted left). To establish the relationship between
0944 magnitude of RPE at any given estimated time of interval offset and the probability of
945 choices the agent will report, for each of the trial types, all time points at which RPE was
046 lower on that trial type (shown by the yellow highlights in the second column) are also
947 highlighted in yellow. In panel (c), we see that for all time points before the boundary, the
04g probability of choosing long is higher for most segments highlighted yellow. For all time
049 points after the decision boundary, we see that the probability of choosing short is higher
950 for all segments highlighted in yellow. In panel (g), we see that for all interval durations,
051 trials that had lower RPEs have a higher probability of reporting the interval as ‘long’. Finally,
052 in panel (k), we see that for all interval durations before the boundary, low RPE trials have a
053 higher probability of reporting choice ‘long’ and the opposite is true after the decision
954 boundary.

955 (Column 4) For each of the panels c,g and k, for all time points on either side of the
056 boundary we ask: what is the average of the psychometric curves highlighted in yellow. (d)
957 In panel c, we see that on the short side of the boundary, for most time points the red
058 Psychometric curve is highlighted and the average of the highlighted segments of the curve
059 Is shown by the solid yellow marker in the top panel in column d. For time points longer
060 than the boundary, we see in panel ¢ that for most time points, the blue curve is highlighted
061 and the average of that segment of the psychometric curve is shown by the yellow marker
062 On the long side if the boundary in panel d. The green points in panel d show the averages
063 Of the curves in panel c on either side of the boundary that are not highlighted and
064 correspond to time points at which the RPEs (shown in panel b) are higher. In other words,
065 When RPEs are driven only due to choice accuracy, lower RPE in general are associated
066 With low choice variability and hence, we would predict the psychometric curves for low
067 and high RPE trials, in this case, to show a difference in slope. (h) Following the same steps
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0gg for the middle row (panels e-h), we find that when RPEs are driven only by the hazard rate
09 Of interval offset, low RPEs correlate with higher probability of reporting long irrespective of
970 Which side of the boundary the interval offset lies. Thus, in this case we would predict a
971 change in bias in psychometric functions for low and high RPE trials. (I) Finally, when RPEs
972 reflect both choice accuracy as well as the hazard rate of interval offset, following the same
973 steps we find that the psychometric curves for low and high RPE trials show a change in

974 Slope.
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975 Supplementary figure 3:

976 Average reward prediction errors at interval offset for varying degrees of compression in
977 mapping. We see that the profile of average RPEs does not vary considerably for the
o7g different degrees of compression in the basis functions used to estimate value functions.
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979 Supplementary figure 4:

ogo Difference in psychometric functions of trials grouped based on the magnitude of RPEs,
og1 for varying degrees of compression in mapping. We see that for the most compressed
0g2 mapping (DoC = 0), the difference in the psychometric curve has the same sign of all the
0g3 Stimuli presented. This corresponds to a change in bias between the two psychometric
oga functions. On the other hand, for the full mapping (DoC = 1), the difference in the
0g5 psychometric function changes sign for stimuli on different sides of the boundary. This
0ge corresponds to a change in slope between the two psychometric functions. We see that
0g7 only for mappings that are very close to the most compressed case do the psychometric
ogg functions show a difference in bias as is observed in the data.
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0go Supplementary figure 5:

99p The efficient mapping incentivises procrastination of choices for long interval estimates
091 close to the decision boundary. (a) The heat map shows the value function learnt using
992 the efficient mapping when the agent is required to report choices immediately after
993 interval offset. The purple and yellow lines show example trajectories the agent would take
094 through the state space if it withheld choice for the entire trial for an example ‘short’
995 (purple) and ‘long’ (yellow) interval. (b-c) The sequence of state values that the agent will
09g encounter when it follows the purple and yellow trajectories, respectively, shown in (a). The
997 triangle markers indicate the timesteps at which the agent encountered interval offset
9gg during these trials. Let's denote the interval offset states as z, and the subsequent state
999 that the agent transitions to as z,. The red arrows show the transition between z, and z, for
1000 the example trajectories shown in (b-c). (b) We see that after an estimated ‘short’ interval,
1001 withholding choice would result in the value function to decrease and hence incur negative
1002 RPEs. However, the average reward obtained from reporting a choice immediately would be
1003 €qual to the value of the interval offset state z, and will, on average, incur zero RPEs. Hence
1004 the agent is discouraged from withholding choice when estimating an interval to be ‘short’.
1005 (€) On the other hand, for intervals estimated as near-boundary ‘long’, withholding choices
1006 results in incurring positive RPEs. If the agent reported a choice immediately, it would on
1007 average receive rewards equal to the value function at z, and incur zero RPEs in doing so.
1008 Hence the agent is incentivised to withhold choices for long near-boundary interval

1009 estimates. On these trials, when the agent transitions from z, to z, by withholding choice

1010
10171 update equation V(z,) « V(z,) + a(yV(z,) - V(z,)). Moreover, when the agent reports a choice

1012 action at z, after transitioning from z, to z,, the average reward it will receive from z, will be
1013 lower than if the interval offset had been presented at z,. Trial to trial variability in the latent
1074 variable z will lead to incorrect estimates of the category (‘short’ vs ‘long’) of intervals

actions, the value of z, will be updated closer to the value of state z, based on the TD

1015 presented closer to the decision boundary (such as z;) than those further away from it
1016 (such as z,). Consequently, trial to trial variability in choices at z, will be lower if those
1017 Cchoices are from trials where the agent's estimate at interval offset is z, than if choices at
1018 Z, are reported on trials on which agent's estimate at interval offset is either z, or z,. Thus,
1019 TD-updates on the long side of the decision boundary lead to a flattening of the value
1020 function in the efficient model due to procrastination of choices.
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1021 Supplementary figure 6:

1022 Average response times grouped based on the agent's choice for varying degrees of
1023 compression in mapping. The agent has short response times for all stimuli when
1024 choosing short. The profile is very similar for all degrees of compression in the mapping
1025 used. However, the profile of average response times when the agent chooses long
1026 Changes greatly with the degree of compression in the mapping. Only when using very
1027 compressed mappings do we see response times decrease with interval duration on trials
1028 Wwith ‘long’ choices as seen in the data.
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Methods

1 Here we describe how we modelled reinforcement learning (RL) agents on the interval
» discrimination task and obtained reward prediction error signals that we compared against
s observed dopamine activity recorded in animals behaving in a similar task. We will organ-
4+ ise the following section into: (1) how we define the state representation for the agent and
s what is the set of permitted actions the agent can choose from; (2) how, given the state
6 representation, the agent estimates reward expectations and an appropriate mapping be-
7 tween states and actions; (3) parameters with which we simulated our RL agents; (4) an
s equivalent way in which the compression of the efficient representation could be imple-
s mented.

o 1 Staterepresentation encodes elapsed time since observed task
11 events

12 During the interval discrimination task (IDT), animals and agents are provided with a very
13 sparse set of cues or observations. Interval onset and offset are both signalled by identi-
1 cal tones, and animals have to infer from context the start, end and duration of intervals
15 presented to them. Animals also observe whether or not their choices result in rewards or
16 No rewards, based on which they need to learn to make appropriate choices. Hence, the
7 RLagent needs to have an internal representation that allows it to use the above described
18 Observations to infer the correct epoch in the task (i.e. to infer at any given time if the agent
19 is in the stimulus interval, after the interval or in the inter-trial-interval) as well as estimate
20 interval duration presented. The interval duration presented on each trial is randomly sam-
21 pled uniformly from a set of six intervals and this reflects the stimulus distribution used
22 in task for the animals. Finally we model all times during inter-trial intervals with a single
23 terminal state i.e. a state that always has zero reward expectations. In other words, we
24 model the task as episodes and each trial is a new episode for the agent.

25 Animals trained on the task are not restrained during the interval and any report of
2 choice during the interval results in a premature termination of the trial, accompanied with
27 no reward and a time-out to keep the trial-rate constant. Hence animals need learn to not
28 only classify the presented interval with the appropriate choice, but they need to learn to
20 withhold reporting any choice until after the end of the interval. Similar to animals, the RL
0 agent is permitted to make one of three actions at any time during the task: report choice
31 Short, report choice long and withhold both choices i.e. wait. Like animals, the agent needs
32 1o learn not only report which choice to make, but when to make it. The agent need to
a3 learn to withhold choices during the interval and report a short or long choice based on its
s« estimate of interval duration, after interval offset. We model the task such that episodes al-
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35 ways begin atinterval onset and terminate when the agent reports either of the two choices
3 or until the trial time-out.

37 Specifying a RL agent that encodes reward expectations as a function of internal rep-
33 resentations that evolve both based on internal variables as well as observations from the
30 environment (i.e. task) can be formally described as partially-observed Markov decision
w0 process (POMDP). In a POMDRP, at any time, the agent combines a likelihood based on
s the observations it gets from the environment with a prior that it computes from earlier
«2 estimates of its internal variables. This results in a posterior estimate or belief over the
.3 agent’s internal variable using which the agent can then estimate reward expectations.
2 Since POMDPs provide a probabilistic framework with which an agent can combine in-
45 ternal variables and observations from the environment, its resulting beliefs are also in
s the form of probability distributions. Exactly computing reward expectations as based on
47 distributions of internal states is, in general, an extremely challenging problem. There are
s several algorithms that use different types of approximations to solve POMDPs, but it is un-
4 clear how computations on POMDPs might be implemented in neural circuits. Our model
so can be described as one in which the agent does not maintain an explicit distribution over
st its internal variables, but one in which its internal variables evolve such that the agent’s
52 states are samples from the posterior distribution or belief over these states. These inter-
ss  nal variables are often referred to as latent variables or states.

s« 1.1 Dynamics of the latent variable

55 Thetask requires the latent variable dynamics to have two key features: (1) when receiving
s6 NO observations from the environment, the latent variable needs to evolve, as time elapses,
57 inanon-repeating manner, such that the latent variable can provide an internal estimate of
s elapsedtime; (2) the latent variable must change as a function of interval onset and offset,
5o as well as agent’s actions, such that it reflects the task epoch at any point. Accordingly, the
0 agent encodes a continuous two-dimensional latent variable z € R?, where each dimen-
61 Sion represents an estimate of elapsed time since interval onset and offset, respectively.

62 Additionally, we know that animals’ estimates of elapsed time vary from trial-to-trial,
63 and that variability in their choices is driven by variability in how far their neural activity
e« evolves during the interval [4]. Hence, we modelled the evolution of the latent variable to
65 also have trial-to-trial variability in its dynamics. There is a large class of stochastic dy-
e Namical systems that can fulfil these requirements. One simple way of fulfilling (1) and
&7 (2), and introducing variability into the state representation is to define a linearly accumu-
¢ lating two-dimensional stochastic system. When the agent withholds choices (i.e., when
¢ the agent waits), the evolution of the latent variable is, thus, governed by two factors: (1)
70 Observations in the task: accumulation along the first dimension only begins after inter-
7 val onset and during the interval the latent variable along the second dimension remains
72 zero. At interval offset, accumulation begins along the second dimension as well; (2) Inter-
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73 nal noise: the accumulation along each of the dimensions after interval onset and offset,
74 respectively, is noisy and has trial to trial variability.

75 More specifically, episodes always begin at interval onset, and the initial state is given
76 by zg = [0,0]T. Whenever the agent makes a choice (left or right), the latent variable tran-
77 sitions to the terminal state zt = [0o, 0]T, which marks the end of the current episode.
78 During the interval, dynamics are defined as:

s
0

+ Et (1)

Zi11 = Z¢ +

7o where zg = [0,0]T, &, ~ N(0,1), and s controls the standard deviation of the additive
g0 noise. Previous work has shown that trial to trial variability in estimates of elapsed time
g1 also follow Weber's law and in the time domain, this is referred to as the scalar property,
&2 i.e. the standard deviation of estimates of elapsed time increase linearly with elapsed time
g2 [3]. In order for the latent variable encoded by the RL agent to exhibit scalar variability, we
s« specify the standard deviation of additive noise to be s = ov/t, where o = .25. Thus, the
ss standard deviation of the latent variable along the first dimension zt(l), at time t during the
g interval, will be ot. The value of parameter o was chosen to allow the psychometric function
&7 of choices reported by the RL agent to qualitatively match those of animals trained on this
g task.

89 At interval offset (when the tone occurs), we increment the latent variable along the
o0 second dimension with anincrement of fixed size to allow the observation of interval offset
o1 to be reliable encoded by the latent variable. Thus, we have:

S

0 2)

Zix41 = Zgr + + et +

1

92 where t* indicates the time step at which interval offset occurred. After which, the latent
93 variable evolve as follows:

Ziyl = Zt + Et, t >t 3)

« 2 Learning

o5 In the simulated task, the agent receives a large positive reward for correctly reporting the
% interval category after interval offset. Incorrect choices after interval offset and any choice
o7 during the interval incur a small negative reward. The goal of an agent is to estimate, for
¢ each state, (i) a state-value function, which is an estimate of expected discounted future
% rewards from that state, and (ii) a policy, which is a probabilistic mapping between state
100 and actions that maximise overall future rewards. We model the agent to learn value func-
11 tions using TD-learning within an actor-critic architecture since they have been commonly
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102 used to model dopamine activity as RPEs. The state-value function is referred to as the
103 critic since it evaluates the value of each state. And the actor encodes the policy with which
s the agent makes actions during the task.

s 2.1 State value estimation

s When the state of the environment can be observed and is discrete, the expectation of
107 discounted future rewards, referred to as value, is defined for each state the agent can
e encounter in its environment, and can be written recursively in terms of value of future
100 States [9].

T—t—1

Vi(zt) =E Z ’Ykrt+k+1’Zt] (4)
k=0

=E[ri1 +9V(2e41) 2 ] (5)

1o Where the expectation is with respect to, both, the dynamics of the environment and the
m agent’s policy w, which the agent samples as it interacts with the environment. However,
2 since the latent variable in our RL agent is continuous, we cannot innumerate a value for
ns each possible instance of the latent variable and require an approximation scheme to es-
na timate value. Hence, we map the latent variable at any given time z; into a D-dimensional
ns feature space, such that linear combinations of the features can be used to approximate
16 the value function for all instances of z;.

Vi(z) = w'x(z) (6)
D

=) wiri(z) )
=1

w7 where the components of the feature vectors or basis functions x = [z, ...,z p] are con-
ne  structed using tile basis. The parameters of the basis functions 6; = {b;, b; v, ¢i 1, ¢i .} de-
1o termine the range of z over which each component of the bases x; is non-zero, as shown

o below:
1 ifby; <2M<p, and
zi(z) = iy < 2@ < ey (8)
0 else
121 To estimate w, that best approximates the state value function, we make updates to

12 reduce the loss function given by
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E =06 = (rey1 + 7V (2e1) = V(z))? ©)

123 where d; is referred to as the temporal-difference (TD) error. The updates are proportional
w4 to the gradient of this loss function, where we treat the target (ry41 + vV (z:11)) as a con-
1s  stant with respect to the parameters w;, as shown below:

987 OV(z)
Aw; < o 5t ow, 8 (z¢) (10)
126 Hence, we can write the update rule for each component of the weights vector w as
w; 4— w; + adixi(z). (1)

w7 2.2 Policy learning

s The ultimate goal of a RL agent is to learn a policy that maximises its future expected
19 rewards. To allow our agent to appropriate learn state-actions mappings, we model the
w0 actor to estimate the advantage function for every action A(z, a) [1].

T—-t—1

Az, ar) = E Z vkrt+k+1|zt,at —V(z) (12)
k=0

1 where, the first term i.e. the expected cumulative future rewards for a given state-action
132 pairis referred to as the state-action value function Q(z, a). Hence, the advantage function,
s A(z,a) = Q(z,a) — V(z), quantifies the difference or advantage in expected returns of
14 taking a particular action in a given state as compared to the overall expected returns from

1

w

s that state. For a given state-action pair, the advantage function can be estimated using
1w updates based on the TD-error computed by the critic (Equation[9) as shown below:

A(zy,a) + Az, a0) + (6 — Az, ar)), (13)

137 As in the case of the state value function, we approximate A(z, a) as a linear combina-
s tion of feature vectors and we update the parameters of this function using the TD-error
130 as described below:

Az, ar) = m ' x(z;) (14)
= Z m;(a)x;(ze) (15)

140 The update rule to estimate parameters m, is similarly given by
mi(a) < (1 — a)m;(a) + adiri(z:)1(a; = a) (16)
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141 Finally, at every step, the actor samples an action from the policy distribution 7 (z,a) =
w2 p(alz), which is given by a soft-max of function of the approximation of the advantage
us  function A(z,a), as shown below:

m(z,a) ePA(a) (17)

w 3 Model parameters

us 3.1 Parameters of basis functions for value estimation

1us The tile bases used in the model implementations are fully described by the range over
w7 which they are 1. We keep the width of the basis function along z(!) the same for all versions
ue  of the model and we only vary the width of the basis function along z(). The width of
us basis function along z(1) was chosen to allow an accurate approximation of value along
150 this axis given the trial to trial variability in estimates of elapsed time. Since the tile bases
151 are non-overlapping, we can describe the parameters of all the basis functions in terms of
152 the boundaries along the two dimensions of z.

153 Let the boundaries along the first dimension of the latent variable, which encodes elapsed
4 time since interval onset, (1) be B = {0, by, by, ...bx }. The resolution of the value function
155 approximation the same along the first dimension is not varies for different degrees of
156 compression in the mappings. The tiling along this dimension is also kept uniform and the
157 interval between the boundaries is set to be equal to 100 ms. Let the boundaries along the
158 second dimension of the latent variable, which encodes elapsed time since interval offset,
o 20 be C = {0,cp,c1, ...cx }. Inthe full mapping, the parameters of the tile bases along z(!)
w0 and z(2) are the same. The compression in the mapping only influences the coarseness
161 Of the value function along this second axis and hence the set of boundaries in C. Let the
12 compression factor be A € [0, 1], such that the full mapping corresponds to A = 1 and
13 the efficient mapping (the most compressed representation) corresponds to A = 0. In this
4 case ¢ =0b;/(1—X),Vie{l,2,..K}

s 3.2 Other parameters

16 1he value function estimated by the agent is defined as the estimate of future discounted
17 rewards from any state and we set the temporal discounting parameter v = .95.

168 Since the parameters for estimating the state value function as well as the advantage
1o function are learnt incrementally from the agent's interaction with the environment, we
w0 needed to specify the learning rate for each of these sets of parameters. We implemented
71 an actor-critic framework and the learning rates were chosen such that the updates of
72 the actor occur on a slower timescale than those of the critic. This is to allow for the
w3 critic to have enough updates to evaluate the current policy. We specify the learning rate
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s for the state value function to be o = 1/n; when the number of visits to the state being
s updated n; is less than Ny = 100, and @ = 1/Ny otherwise. The learning rate for the
176 advantage function is similarly set to be « = 1/n; when the number of visits to the state
w7 being updated n; is less than N4 = 1000. Thus, after the first few visits to any state, the
s learning rate for the state-value function is much faster than that of the advantage function.
e Inthe current work, we are interested in relating value-based behaviour and RPEs after the
180 the agent has fully learnt the task to behaviour and neural activity in over-trained animals
1 on the interval discrimination task. Hence, the learning parameters were chosen without
12 any consideration to model the time-course of learning of animals on this task.

183 After learning has converged, there are two sources of trial-to-trial variability in the
14 agent’s behaviour in our implementation: variability in dynamics of the latent variable and
s variability due to stochasticity in the policy. The parameter for the standard deviation of
186 additive noise was set to be o = .25 and the parameter that determines the stochasticity
17 Of the policy was chosen to be a = 3. Both these parameters were held constant over the
s entire duration of learning, for all simulations shown.

w 4 Alternative formulation for the efficient representation consis-
190 tent with observed dopaminergic activity and animals’ behaviour

19 Our use of term ‘representational efficiency’ in estimating the value functions can be de-
102 scribed in one of two equivalent ways. First, representational efficiency corresponds to a
193 reduction in the number of non-zero parameters that need to be estimated to approximate
14 the value function over all possible instances the latent variable can take during a given
1vs task. Alternatively, representational efficiency can be described in terms of the number
196 Of basis functions that will be non zero while representing all possible instances the latent
197 variable can take for the given task. For any linear function approximation scheme such as
198 V(zt) = w ! x(z), this refers to reducing the dimensionality of w and x. This can be done
109 by either changing the dynamics of the latent variable, while maintaining the parameters of
200 the basis functions constant, or by changing the parameters of the basis functions while
201 Maintaining the dynamics of the latent variable constant.

202 In the first case, for a fixed set of basis functions, the dynamics of z can be changed
203 such that p(z) is non-zero in a smaller area of state space. In this case fewer basis func-
204 tions will be needed to estimate the value function over all possible instances of z;. Alter-
205 natively, if the dynamics of the latent variable are kept constant, representational efficiency
206 can be achieved by changing the range over which each basis function is non-zero, such
207 that individual basis functions span larger regions of the state space i.e. the space of z.
208 Moreover, both, the dynamics of the latent variable and well as the parameters of the basis
200 function can be changed simultaneously to achieve compression.

210 The RL agent with the efficient mapping presented in this work can similarly be refor-
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on mulated by specifying modified dynamics of the latent variable as opposed to by the pa-
a1z rameters of the basis functions (as described in the main text), or by changing both. The
213 equivalent formulation can be expressed by introducing the compression factor A € [0, 1]
214 in the dynamics of the second latent dimension as follows:

1 s
Ziy1 = Zt + At + VAL Et, t>t* (18)
A A.s
215 The full or uncompressed representation corresponds to A = 1, while the efficient rep-

216 resentation (where the second latent variable does not perform any accumulation) corre-
a7 spondsto A = 0. Note that changing A does not have any effect on the state representation
218 during the interval. Rather, after the interval offset, as A — 0 the state representation loses
29 the ability to resolve the time of interval offset and is only able to encode time since interval
220 onset and whether or not interval offset has been presented or not.

221 In either formulation, as long as the relationship between the latent variable and the
22 basis functions is maintained, our results are invariant to which of the two sets of variables
23 (the dynamics of the latent variable p(z) or the basis functions for value approximation x)
224 are changed to achieve a reduction in parameters to be estimated. Hence, for simplicity, in
225 the main text we focus on describing our results for the formulation in which the dynamics
26 Of the latent variable are held constant and the density of the basis functions along the
27 second dimension is reduced.

» 5 Alternative ways of obtaining efficient representations that do
29 not reproduce dopaminergic activity and animals’ behaviour

230 Similarly, there are multiple ways in which the dynamics of the latent variable and the basis
231 functions can be changed to yield a function approximation that has equivalent number of
232 parameters as the one discussed above, but would not have the same relationship between
233 the latent variable and the basis functions discussed. However, none of these alternatives
234 were able to simultaneously reproduce the average profile of dopamine activity and the trial
235 1o trial relationship between magnitude of dopamine response and temporal judgements.
23 These alternatives include:

237 (1) Fast reaction times for all estimates of interval offsets: If the policy of the agent is
233 always report choice immediately after interval offset, the latent variable would only span
20 the first couple of basis functions along z() and hence would require similar number of
20 parameters as the efficient mapping. In this case, both the latent variable and the bases
241 for value approximation remain the same. However, by only allowing the agent to choose
242 between actions associated with 'short’ and ‘long’ choice at interval offset, the latent vari-
243 able does not ... The reward expectations obtained in this version are the same as when
244 we directly computed reward expectations based on choice accuracy and predictability
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25 of interval offset in time (shown in Fig 2n and Supp. Fig. 2ij). However it is known that
246 animals will forgo some amount and immediacy of rewards to balance physical effort in
247 Obtaining rewards [7].

248 (2) Latent variable dynamics such that there is no change in the state space after in-
220 terval offset: If the latent variable encoded by the agent does not change with time after
250 interval offset, it can serve as a perfect ‘memory’ of the estimated time of interval offset.
251 In this case, even though the function approximation is the same as that used in the full
252 model, only a small number of bases are needed to encode all possible instances of the
253 latent variable. The reward expectations learnt using this version for all states during the
254 interval and at interval offset are qualitatively the same as those learnt using the full model.
255 This alternative requires the latent variable dynamics to change very abruptly from sequen-
256 tial to attractor dynamics at interval offset. We can speculate that such an abrupt change
257 in dynamics of the latent variable may be hard to achieve if we assume some smoothness
258 constraints in the dynamics neural circuits can generate [8].

250 (3) Latent variable dynamics such that there is no change in the projection of the latent
260 variable on the axis that encodes elapsed time since interval onset after interval offset:
21 Previous work has shown that neural circuits can indeed be configured such that irrelevant
262 activity falls in the null space of the required readout [2,15,16]. This version would leave the
263 function approximation the same as in (1) and would produce the same results and the
264 time evolution of the latent variable during the interval would also remain the same. The
%5 key difference here would be in the dynamics of the latent variable after interval offset and
26 can be described as follows:

0 0
Zii 1 = 7 + At ) + VAL| ey t >t (19)
.S
267 This formulation allow an unambiguous approximation of the state of the task. In the

268 current task, the observations available to the animal may be too sparse to allow neural
260 Circuits to fine tune dynamics after interval offset.

270 (4) Mapping in which the post interval basis functions are oriented to be parallel to
o the directions along which the latent variable evolves after interval offset: This alternative
272 would also require that the basis functions for the mapping are finely tuned based on the
273 dynamics of the latent variable.

-« 6 Resource availability

275 Further information and requests for resources should be directed to and will be fulfilled
276 by the Lead Contact, Asma Motiwala (amotiwala@cmu.edu).
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