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ABSTRACT 25 

Animals can categorize the environment into “states,” defined by unique sets of available action-26 

outcome contingencies in different contexts. Doing so helps them choose appropriate actions 27 

and make accurate outcome predictions when in each given state. State maps have been 28 

hypothesized to be held in the orbitofrontal cortex (OFC), an area implicated in decision making 29 

and encoding information about outcome predictions. Here we recorded neural activity in OFC 30 

in six male rats to test state representations. Rats were trained on an odor-guided choice task 31 

consisting of five trial blocks containing distinct sets of action-outcome contingencies, 32 

constituting states, with unsignaled transitions between them. OFC neural ensembles were 33 

analyzed using decoding algorithms. Results indicate that the vast majority of OFC neurons 34 

contributed to representations of the current state at any point in time, independent of odor cues 35 

and reward delivery, even at the level of individual neurons. Across state transitions, these 36 

representations gradually integrated evidence for the new state; the rate at which this 37 

integration happened in the pre-choice part of the trial was related to how quickly the rats’ 38 

choices adapted to the new state. Finally, OFC representations of outcome predictions, often 39 

thought to be the primary function of OFC, were dependent on the accuracy of OFC state 40 

representations.  41 

 42 

 43 

 44 

SIGNIFICANCE STATEMENT 45 

A prominent hypothesis proposes that orbitofrontal cortex (OFC) tracks current location in a 46 

“cognitive map” of state space.  Here we tested this idea in detail by analyzing neural activity 47 

recorded in OFC of rats performing a task consisting of a series of states, each defined by a set 48 

of available action-outcome contingencies.  Results show that most OFC neurons contribute to 49 

state representations and that these representations are related to the rats’ decision making and 50 

OFC reward predictions.  These findings suggest new interpretations of emotional dysregulation 51 

in pathologies such as addiction, which have long been known to be related to OFC dysfunction.       52 
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INTRODUCTION   53 

People are often faced with different contexts in which conflicting actions are appropriate. For 54 

example, using slang or coarse language in a relaxed environment with friends might be 55 

appropriate and lead to a positive outcome, such as building rapport; but using the same words 56 

at home while having dinner with one’s parents might be inappropriate and have bad outcomes, 57 

such as disapproval or misunderstandings. Based on one’s judgment of the situation, one could 58 

categorize social settings into two different “states”– slang-appropriate and slang-inappropriate. 59 

By categorizing the environment into these different states, one could more easily decide at any 60 

point whether to use slang or more formal language. Such a strategy is widespread in human 61 

behavior.       62 

Categorizing the environment into different “states”– defined as unsignaled contexts associated 63 

with different sets of cue- or action-outcome contingencies – is also useful in reversal learning 64 

paradigms where, for instance, actions might lead to the opposite outcomes before versus after 65 

reversal. Separating the environment into a pre-reversal state and a post-reversal state would 66 

be computationally efficient for animals trained in this setting, since it would help them more 67 

easily choose the action leading to their preferred outcome in each state, free of conflict with the 68 

opposing information (Gershman et al., 2010; Niv, 2019). This is true even if the state transition 69 

is unsignaled and can only be inferred from the changed contingencies. But how does the brain 70 

keep track of such inferred states? One proposal is that the orbitofrontal cortex (OFC) keeps a 71 

cognitive map of “state space” – a representation of how the current environment is carved up 72 

into states -- that is used by other areas to keep track of the current state, especially when that 73 

state is partially observable or hidden (Wilson et al., 2014). Although the dominant theory has 74 

long been that the central function of OFC in behavior is to represent the value or sensory 75 

features of expected outcomes (Gottfried et al., 2003; Padoa-Schioppa and Assad, 2006), more 76 

recently it has been noted that many of the characteristic effects of OFC lesions would result 77 

from an inability to keep track of the current state when it is not directly observable (Wilson et 78 

al., 2014).  Under this proposal, the reason the OFC represents expected outcomes and reward 79 

value is that those quantities often help to define the current state space, especially in tasks 80 

commonly used experimentally (Niv, 2019).     81 

Here we examined single-unit activity in 831 lateral OFC neurons recorded in rats performing a 82 

task with four distinct states, each consisting of a unique set of response-outcome 83 

contingencies. We made four broad predictions as to how neural activity should track states and 84 

relate to the rats’ behavior across unsignaled state transitions. The first is that the current state 85 
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should be decodable from the activity of a large proportion of OFC neurons. Secondly, 86 

representations of state in OFC neural activity should change across state transitions as 87 

animals integrate information identifying the new state. The new state information should first 88 

appear after new outcomes are delivered, because new outcomes would be the first evidence in 89 

our task that the action-outcome contingencies that define the state have changed. Third, if 90 

state information carried by OFC neurons is functionally important to behavior, the rate at which 91 

OFC state representations develop across state transitions should be related to the rate at 92 

which animals adapt to the new state. And fourth, other non-state information carried by OFC 93 

neurons should depend on state representations; specifically, we predicted that outcome-94 

predictive information would depend on accurate OFC state representations. We tested these 95 

predictions by examining the information encoded in pseudo-ensembles of OFC single-units 96 

using neural decoding algorithms. The results show that OFC ensembles hold strong state 97 

representations that are widely distributed across the OFC population, develop across state 98 

transitions, and are related to choice behavior and neural representations of expected 99 

outcomes.  100 



 

5 
 

  101 

MATERIALS AND METHODS 102 

Subjects: Six male Long-Evans rats weighing 175-200g (approximately 60 days old on arrival) 103 

were tested at the University of Maryland School of Medicine in accordance with School of 104 

Medicine and NIH guidelines. 105 

Surgical procedures and histology: Driveable electrodes consisting of drivable bundles of eight 106 

25-um diameter FeNiCr wires (Stablohm 675, California Fine Wire, Grover Beach, CA), were 107 

manufactured, electroplated with platinum to an impedance of ~300 kOhms, and implanted in 108 

the left orbitofrontal cortex (3.0 mm anterior to bregma, 3.2 mm laterally, and, to begin, 4.0 mm 109 

ventral to the surface of the brain) in each rat. At the end of the study, the final electrode 110 

position was marked, the rats were euthanized with an overdose of isoflurane and perfused, and 111 

the brains were removed from the skulls and processed using standard techniques. All surgical 112 

procedures followed guidelines for aseptic technique.    113 

Behavioral task: Recording was conducted in aluminum chambers fitted with a house light and a 114 

panel containing an odor port and two fluid wells (see Figure 1a). The odor port was connected 115 

to an air flow dilution olfactometer to allow the rapid delivery of olfactory cues, and the fluid wells 116 

were connected to fluid delivery lines containing flavored milk (Nesquik brand chocolate or 117 

vanilla) diluted 50% with water. A custom C++ program controlled the house light and solenoid 118 

valves that delivered the odors and fluids; the program also recorded photobeam breaks at the 119 

odor port and fluid wells and lick detectors inside each fluid well.   120 

Rats were trained before being implanted with electrodes and then retrained to work with the 121 

recording cable. The initial shaping phase gradually introduced all elements of the task 122 

(described below), and thus rats could learn the associative structure of the task over this 123 

period. Recording began when rats could complete five blocks of trials (at least 260 trials) with 124 

the cable.   125 

Each of the 94 total recording sessions consisted of a series of self-paced trials organized into 126 

five blocks. Rats could initiate a trial by poking into the odor port while the house light was 127 

illuminated (for all analyses and figures, trial onset, or the end of the intertrial interval, was 128 

considered the time the house light was turned on). Beginning 500ms after the odor poke, an 129 

odor would be delivered for 500ms. The cessation of odor delivery served as a go-response 130 

indicating that rats could respond by poking at the left or right fluid well, after which fluid delivery 131 
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would begin following a 500ms delay. Three different instructive odors (which were initially 132 

neutral and then unchanged throughout training and testing) were used: two of these indicated 133 

fluid would only be available at the left well or right well (forced-choice left and forced-choice 134 

right, respectively); a third indicated fluid would be available at either well (free-choice). Trials 135 

were presented in a pseudorandom sequence such that the free-choice odor was presented on 136 

7/20 trials and the left/right odors were presented in equal numbers (±1 over 250 trials).  137 

Rewards were either one drop or three drops of chocolate or vanilla milk, with drop size ~0.05 138 

ml and 500ms between drops. Response-reward contingencies were consistent within blocks of 139 

trials, such that the same reward would be delivered for every correct response, either free- or 140 

forced-choice, according to whether it was at the left or right well. Upon each block transition, 141 

either the number of drops (1 or 3 drops) or flavor (chocolate or vanilla) would change on both 142 

sides while the other variable remained constant. These block transitions were not explicitly 143 

signaled and could not be predicted based on the exact number of trials. The first block, 144 

consisting of on average 43±16 (SD) trials, was used to set the rats’ expectations before the first 145 

transition. The length of the last four blocks varied non-systematically around 65±11 (SD). The 146 

reward schedule was arranged so that the last four blocks always consisted of the same four 147 

sets of action-outcome contingencies (e.g. left-3 drops chocolate, right-1 drop vanilla), although 148 

the order of the blocks varied randomly from session to session. These four blocks defined four 149 

unique “states” of the task.    150 

During testing, rats were limited to 10 minutes of ad lib water each day, in addition to fluid 151 

earned in the task.    152 

Flavor preference testing: In six rats from a separate experiment (same strain, source, and 153 

water restriction regimen), we compared consumption of the chocolate vs. vanilla milk solution 154 

in two-bottle tests. All rats were tested for ten total minutes, with the location of the bottles 155 

swapped every 30 seconds. Two rats were given five 2-minute tests while the other four rats 156 

were given one 10-minute test each.   157 

Single-unit recording: Procedures were the same as described previously (Stalnaker et al., 158 

2010). Wires were screened for activity daily; if no activity was detected, the rat was removed 159 

and the electrode assembly was advanced 40 or 80 um.  Otherwise a session was conducted, 160 

and the electrode was advanced by at least 40 um at the end of the session.  Neural activity 161 

was recorded using Plexon Multichannel Acquisition Processor systems (Dallas, TX), interfaced 162 

with odor discrimination training chambers. Signals from the electrode wires were amplified and 163 
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filtered by standard procedures described in previous studies. Waveforms (>2.5:1 signal-to-164 

noise) were extracted from active channels and recorded with event timestamps sent by the 165 

behavioral program.  166 

Data analysis: Units were sorted using Offline Sorter software from Plexon Inc. (Dallas, TX), 167 

using a template matching algorithm. Sorted files were then processed in Neuroexplorer to 168 

extract unit timestamps and relevant event markers. These data were subsequently analyzed in 169 

Matlab (Natick, MA).   170 

Experimental Design and Statistical Analysis: Behavioral data was analyzed by processing time-171 

stamped events using Matlab. Free-choice rates (Figure 1c) are the average percent of free-172 

choice trials towards a particular side, scaled according to the overall number of rewarded trials 173 

(i.e. the scale includes both free- and forced-choice trials). For example, the free-choice rate in 174 

the last 25 trials before a block switch would take all free-choice trials occurring within the last 175 

25 of any kind of trial and calculate the percentage of those trials towards the side delivering 176 

one drop (or three drops). Reaction time (Figure 1d) is the time from the cessation of odor 177 

delivery to withdrawal from the odor port, and percent correct is the percentage of forced-choice 178 

trials in which the rat chose the rewarded side.   179 

For decoding analyses of neural data, Matlab scripts and functions from the Neural Decoding 180 

Toolbox (www.readout.info) (Meyers, 2013) were modified as needed. Trial-aligned spike trains 181 

were constructed from each neuron by aligning raw spike trains to trial events (house light on, 182 

odor delivery start, odor port withdrawal, reward delivery start, house light off) and then 183 

concatenating them according to the average time between the events in the dataset. Then 184 

spikes were binned into sliding epochs of 500ms or 1000ms across the trial period. All rewarded 185 

trials were labeled according to the state, defined by the set of action-outcome contingencies 186 

available in the block from which the trial occurred (e.g. left-3 drops chocolate milk, right-1 drop 187 

vanilla milk). Then random pseudo-ensembles were repeatedly selected from all OFC neurons.  188 

For each decoding run, trials were randomly split into a test set, with one trial from each neuron 189 

in each state, and a training set, with as many remaining trials as possible such that an equal 190 

number of training trials were selected for each state for each neuron. Training sets were then 191 

averaged across trials for each neuron. Each test trial was classified according to which training 192 

set had the highest correlation coefficient with it across neurons. This test-training split selection 193 

was repeated for each trial, and then the entire process was repeated between 100 and 1000 194 

times, depending on the analysis. The overall percentage correct for each sliding bin is shown in 195 

the figures. Significance was assessed by randomly assigning trial labels 100 times, repeating 196 
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the entire analysis each time, and from these 100 data sets constructing a null distribution of 197 

decoding percentages. For a bin to be defined as significantly greater than chance, it had to be 198 

part of a run of 5 consecutive bins in the upper 1% of the null distribution.   199 

For the analysis in Figure 3, an ANOVA on state was run for each neuron across all correct 200 

trials using firing rate during light on to odor on (or, for the analysis in Figure 3b, other epochs), 201 

and neurons were ranked according to the resulting F-value. Then decoding was run for 202 

repeatedly selected pseudo-ensembles from each segment of the ranked population (>90%, 81-203 

90%, etc.).  For the analysis in Figure 3b, F-values were calculated for different epochs across 204 

the trial (last 1.5s of intertrial interval, 1.5s before odor delivery, odor delivery to choice 205 

response, first 1.5s of reward delivery, and 1.5s after reward delivery to 1.0 s after house light 206 

off), and Pearson correlations were run between sets of F-values from each pair of epochs.  207 

For the multiple linear regression models of trial event factors, we used the matlab function 208 

“fitlm” to create the odor+direction+outcome model and “step” to add state as an additional 209 

predictor.  We corrected for multiple comparisons in the odor+direction+outcome model by 210 

requiring 5 consecutive sliding bins with p<0.01 and disregarding bins with fewer significant 211 

neurons than chance by chi-square test.  Because state and outcome are partially correlated 212 

(only two of the four possible outcomes occur in each state), state was considered to add 213 

significantly to the model when it had p<0.05 and had a lower p-value than outcome when each 214 

was added to the model, or when it had p<0.05 when added after outcome to the model.      215 

For the analysis shown in Figures 4 and 5, we constructed sets of training trials consisting of the 216 

last 20 trials of all blocks before transitions in the number of drops, and the last 20 trials of all 217 

blocks after transitions in the number of drops.  Then we selected test trials in sliding 5-trial 218 

segments for Figure 4 (or 10-trial segments for Figure 5b and c) from the end of the “before” 219 

training set to the beginning of the “after” training set. The decoding percentage was then the 220 

percentage of test trials classified as “before” vs. “after.” The heat plots were constructed by 221 

smoothing and converting the decoding percentages into a color scale. The significance levels 222 

shown on the scale (dotted lines) were calculated based on the null distribution constructed 223 

from the first set of test trials by randomly assigning trial labels 100 times, each time running the 224 

entire decoding analysis.  For the analysis in Figure 5, we ranked drop-number transitions 225 

according to the proportion of free-choices towards the 3-drop side in the first 10 trials after the 226 

transition. We took the top quartile of such transitions (highest choice rate towards the new 3-227 

drop side) and the bottom quartile (lowest choice rate towards the new 3-drop side).  Then we 228 

separately analyzed the neuronal ensembles recorded in each, matching the ensemble sizes 229 
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used by the decoder in each condition. Because there were fewer neurons in these sets, we 230 

used 10-trial test sets and 1000ms sliding epochs for this analysis to better smooth the data. For 231 

the analyses in Figure 5c and 5d, we included only forced-choice trials in the test-sets in order 232 

to avoid any bias in the rewards received in the top quartile vs. bottom quartile test sets 233 

(because by definition, free-choice trials were more often towards the 3-drop side in the top 234 

quartile sets).   235 

For the analysis shown in Figure 6, we constructed training sets for each state consisting of all 236 

rewarded forced-choice trials, excluding those occurring in the first 10 trials after drop-number 237 

transitions. Test sets consisted of free-choice trials towards the 1-drop side or the 3-drop side, 238 

labeled according to the state, again excluding those occurring in the first 10 trials after drop-239 

number transitions. Ensemble sizes were again matched between the two conditions.  This 240 

analysis tested whether a choice of the less preferred outcome (the 1-drop side) was associated 241 

with worse state representations, compared to state representations when the more preferred 242 

outcome was chosen.  Forced-choice trials were chosen to construct the training sets because 243 

those trials were unbiased as to whether the preferred outcome was chosen. Significance levels 244 

were again assessed by randomly assigning state labels 100 times, each time repeating the 245 

entire analysis, in order to construct null distributions for each test set and each bin.    246 

For the analysis shown in Figure 7, we first ran for each neuron an ANOVA on state using firing 247 

rate in the post-reward epoch (1500ms beginning 1500ms after reward delivery) during the first 248 

20 trials after block switches. The purpose of this was to find the neurons that were best at 249 

decoding state post-reward right after switches, because neurons that were normally good at 250 

decoding state could provide a reliable readout of the trials on which state information was 251 

degraded in OFC as a whole. The 200 best-ranked neurons were then used to decode state.  252 

Then a yoked set of neurons was selected, consisting of all other neurons recorded in the same 253 

sessions as the state decoding neurons. These neurons were used to decode the expected 254 

outcome.  In order to ensure that this ensemble was as good at decoding expected outcome as 255 

possible, the worst 200 ranked neurons on an ANOVA on outcome pre-reward were excluded 256 

from this yoked set. Then we separated test trials into those on which the state had been 257 

decoded correctly by the first ensemble (the vast majority) and those on which the state had 258 

been decoded incorrectly by that ensemble, and separately calculated expected outcome 259 

decoding percentages across sliding sets of epochs for each set of test trials.  Significance was 260 

determined in the same way as in the other analyses. Because of how the yoking of the two 261 

ensembles worked, the final average ensemble size was 92 for state and 184 for outcome. We 262 
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found that the qualitative pattern of results did not depend on exactly which neurons were 263 

selected for the state-decoding ensemble and the outcome-decoding ensemble, except that the 264 

state decoding ensemble had to decode at a high percentage (>90%). For the decoding 265 

percentage as a function of ensemble size (shown in Figures 7c and d), we calculated best fit 266 

parameters for a log function for each curve, and then calculated whether the parameters were 267 

significantly different using the nlinfit and nlparci Matlab functions.    268 

 269 

RESULTS 270 

We recorded 831 units from the lateral OFC (Figure 1a) as rats performed an odor-guided 271 

choice task in which blocks of trials defined states that required the recall and application of 272 

conflicting associative information. A differently focused analysis of these units was previously 273 

published (Stalnaker et al., 2014), but here we sought to test whether OFC units held 274 

information about the current task “state.” The task, illustrated in Figure 1b, consisted of a series 275 

of five blocks of trials presented across each of the 94 recording sessions. Each block was 276 

made up of a series of trials in which a particular milk reward (defined by the number of drops 277 

and the flavor) was delivered for a correct left response and a different milk reward for a correct 278 

right response.  Unsignaled block switches resulted in changes to either the number of drops 279 

(one or three) or the flavor (vanilla or chocolate) of the rewards available at each well. Block 280 

switches were arranged such that each of the four unique sets of response-outcome 281 

contingencies (defining “states”) were included in every session, although their order varied 282 

between sessions. There were four possible orders, one of which was randomly chosen for 283 

each session, such that the first switch was always a change in drop-numbers, the second a 284 

change in flavors, the third a change in drop-numbers, and the fourth a change in flavors.  Each 285 

trial was initiated by turning on the house light, which signaled that the rat could make a nose 286 

poke.   Nose pokes were followed after 500ms by the delivery of an odor that signaled whether 287 

the trial would be free-choice (35% of trials), meaning that either well would yield reward, or 288 

forced-choice (65% of trials), meaning that only one of the two wells would yield reward. Free-289 

choice trials served as a running index of which well the rats preferred at each point in the block, 290 

while forced-choice trials allowed outcomes at both wells to be experienced and neural data 291 

related to both outcomes to be analyzed.  However, across both free- and forced-choice trials, 292 

the specific reward delivered for a correct left or right response in a particular block, and hence 293 

the state, was the same.     294 
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After initial shaping on the task, electrode bundles were implanted in lateral OFC. Rats’ free 295 

choices tended to favor the 3-drop side.  Across block transitions in which the number of drops 296 

changed, the free-choice rate switched from the 3-drop side on the old block to the 3-drop side 297 

on the new block over ~20-25 trials on average, before reaching an asymptotic rate of about 80-298 

90% (Figure 1c). Rats’ free-choice behavior across flavor transitions indicated no preference for 299 

chocolate- vs. vanilla-flavored milk, as did a preference test run in a separate group of rats 300 

(Figure 1c and 1d). On forced-choice trials, the overall error rate was very low (~5%), but the 301 

preference for the 3-drop side was evident in significant differences in both the error rate and 302 

the latency to respond to the fluid well (Figure 1e).   303 

Do OFC ensembles represent the current state? 304 

To test whether OFC ensembles contained information about the current state of the task, we 305 

constructed a simple decoding algorithm using all correct trials in the last four blocks of the 306 

sessions. Using an ensemble size of 25 OFC neurons, this algorithm decoded the current state 307 

above chance across all parts of the trials, including the intertrial interval (see Figure 2a, left 308 

panel).  When we calculated the state decoding accuracy as a function of ensemble size, 309 

accuracy increased rapidly with more neurons, reaching an asymptote at nearly 100% for 310 

ensembles of ~800 neurons across all parts of the trial (Figure 2b). This shows that OFC 311 

ensembles tended to fire in distinct patterns according to the current state, such that a 312 

downstream recipient of OFC output could easily determine the current state, even when no 313 

external stimuli were being delivered (i.e. when the state was hidden).    314 

We performed two control analyses to test whether state decoding reflected an abstract 315 

representation of the state (Figure 2a, right panels).  In the first (top panel), we trained the 316 

decoder on trials immediately after the outcome at the left well in each block was delivered, and 317 

we tested it on trials immediately after the outcome at the right well was delivered.  Decoding in 318 

this condition was not different than decoding using all trials with matched training set sizes.  319 

Thus, state representations did not reflect a simple memory of which outcome had been 320 

delivered on the previous trial.  Secondly, we trained the decoder on forced-choice trials and 321 

tested on free-choice trials (bottom panel).  Here decoding was not different than training on 322 

forced-choice and testing on held-out forced-choice trials, demonstrating that state 323 

representations generalize across trial-type, consistent with an abstract representation of state.    324 

We next asked how widespread this state information was across the OFC population. We 325 

ranked individual neurons according to each neuron’s F-value from an ANOVA run on firing rate 326 



 

12 
 

using the factor “state” and then formed ensembles from subsets of the ranked population (e.g. 327 

>90%, >80%, etc). The average rank of the neurons making up these ensembles was highly 328 

correlated with the decoding accuracy of the ensembles, with the correlation line crossing the y-329 

axis above the significance line for p=0.001 (by bootstrap distribution with shuffled labels; see 330 

Figure 3).  In addition, when we ran the state decoder with 1000 randomly selected 25-neuron 331 

ensembles, 99.4% had decoding significantly better than chance (p<0.001, data not shown).  332 

Because we recorded neurons indiscriminately (without prescreening for task involvement), 333 

these analyses suggest that the vast majority of all OFC neurons can contribute to state 334 

representations held by small ensembles.   335 

This analysis also revealed something unexpected. Even though we ran the ANOVA to rank the 336 

neurons using a particular part of the trial (an epoch ending before the instructional odor was 337 

delivered to the rat, shaded in Figure 3a), the resulting ensembles were equally good at 338 

decoding the state across all other parts of the trial. This suggests that although the average 339 

neuron held only a small amount of state information, it tended to hold that information across 340 

the whole trial. If, conversely, individual neurons had tended to specialize in one part of the trial 341 

and ensembles aggregated this information, our ranked ensembles would have been biased 342 

towards the epoch used to rank them. To confirm our initial impression, we tested the 343 

correlation between individual F-values derived from different epochs across the trial (Figure 344 

3b). All epoch pairs showed significant correlations (p<0.001) and high R2 values, showing that, 345 

indeed, individual neurons held state information across entire trials. For example, 84% (402 of 346 

480) of all OFC neurons with p<0.01 for the state ANOVA using the pre-odor epoch also had 347 

p<0.01 for the ANOVA using the post-reward epoch, with R2=0.38 for the F-value correlation 348 

between these two epochs. The average R2 value across all epoch pairs was 349 

0.29.  Interestingly, the lowest correlations were observed between the reward period, in which 350 

OFC neurons tend to have strong phasic responsiveness, vs. all other epochs (average R2 = 351 

0.15). 352 

 A related question is whether the OFC state representations seen in ensemble activity 353 

are built from representations of trial events carried by individual neurons, such as odor identity, 354 

choice direction, and outcome identity. We tested this idea by running ANOVAs on all neurons’ 355 

firing rates in all time bins across all three trial event factors.  After correcting for multiple 356 

comparisons, this yielded 434 of 831 neurons that were significant for at least one factor in one 357 

bin.  Then we ran the state decoding algorithm separately for the event-significant population vs. 358 

the remaining event-nonsignificant population.  As shown in Figure 3d, the event-significant 359 
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population was significantly better at decoding state across the entire trial and intertrial interval.  360 

However, the event-non-significant population still decoded state better than chance, showing 361 

that OFC state representation did not require strong event representations.  Furthermore, the 362 

event-significant population decoded state better independently of the proportion of event-363 

selective neurons in a particular bin (represented by the shaded circles at the top of Figure 3d).  364 

Indeed, the event-significant population was better at representing state even during the ITI and 365 

pre-odor-poke period, when there were no more event-selective neurons than chance. This 366 

suggests that state representations were not built from event representations, but rather that 367 

selecting the event-significant population distinguished the part of the OFC population that best 368 

represented both trial events and state.  We further tested this idea by running a multiple linear 369 

regression model with factors odor, direction and outcome, and then adding state to the model.  370 

In bins and neurons for which the model was significant, state added to the model 47% of the 371 

time, whereas in bins and neurons for which the model was not significant, state added to the 372 

model only 19% of the time.  Thus, state as a predictive factor is largely separable from trial 373 

events and is more likely to be a strong predictor when trial events are also strong predictors.     374 

How do OFC ensembles develop state representations when the state changes? 375 

We next examined the development of OFC state representations across state transitions using 376 

a modified decoding algorithm that tested how well ensembles represented the previous vs. the 377 

new state across a transition. This algorithm trained using one set of trials from the end of the 378 

previous block and a second set of trials from the end of the new block. Then it tested whether 379 

activity during sliding sets of trials in between more resembled one or the other of these two trial 380 

sets. The heat plot in Figure 4 illustrates the resulting data. Within a few trials of the state 381 

transition, epochs occurring after reward delivery were significantly more similar to trials 382 

representing the new state, shown by dark blue patches on the heat plot. This suggests that the 383 

pattern of ensemble firing rates after reward almost immediately resembled that seen later in 384 

that same block, as opposed to the pattern occurring just a few trials previously at the end of the 385 

last block. However, in other parts of the trial, the pattern continued to resemble that in the 386 

previous state, as shown by the red and yellow patches in the heat plot. As trials in the new 387 

block proceeded (down the vertical axis), activity gradually came to resemble the new state 388 

pattern, shown by the heat plot changing from red to light blue to dark blue. By about trial 20, 389 

the new state-pattern was represented uniformly across the whole trial. The timing of this 390 

development suggests that initial information about the state change arrives when an outcome 391 

is first observed to be different than in the previous block for that same response. Interestingly, it 392 
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was not during reward delivery itself that the information first appeared in OFC ensembles, but 393 

about one second after the last reward drop delivery. This suggests that information about the 394 

number of drops must be integrated over time in ensemble patterns in order to represent the 395 

new state. Our analysis shows more trials are needed for this information to be integrated in 396 

earlier and later parts of the trial that are more distal from reward delivery.   397 

We next tested whether the development of OFC state representations was correlated with the 398 

rate at which the rats adapted their choices to the new block. To do this, we split the OFC 399 

population into two groups according to whether neurons were recorded when rats switched 400 

quickly (top quartile of free-choice rate towards 3-drop side in the first 10 trials after the switch) 401 

vs. when rats switched slowly (bottom quartile; Figure 5a). This split was possible because there 402 

was considerable spontaneous variability in changes in the choice rate. On lower-quartile 403 

switches, rats perseverated by choosing the 1-drop side (formerly the 3-drop side) on 100% of 404 

free-choice trials in the first 10, whereas in the upper quartile they did so on only 28% of free-405 

choice trials in the first 10. Then we looked separately at the development of state 406 

representations in OFC ensembles recorded in these two conditions (Figure 5b). The overall 407 

pattern of decoding was roughly similar in the two conditions, recapitulating that evident in the 408 

overall population, with the new state pattern appearing first post-reward and only gradually 409 

spreading to earlier and later parts of the trial.  However, a marked difference appeared in the 410 

early parts of the trial, after the intertrial interval ended but before the rat made the go response 411 

that indicated its choice. When choice rates were in the bottom quartile, activity here was 412 

strongly perseverative (dark red), whereas when choice rates were in the top quartile, decoding 413 

more quickly went to chance (green or light blue). We tested this more formally by analyzing 414 

decoding during a pre-choice epoch in the two conditions (for this we restricted our analysis to 415 

forced-choice trials in order to remove any bias in the kinds trials included in the top quartile vs. 416 

bottom quartile datasets; Figure 5c). This analysis confirmed the impression from the heat plots:  417 

When rats switched slowly, decoding for the new block was significantly below chance 418 

(reflecting the previous block) through about trial 12-15, whereas when rats switched quickly, 419 

decoding was significantly above chance. Later in the block, decoding in the two conditions 420 

became indistinguishable. When we ran a similar analysis using a post-reward epoch, the 421 

neurons recorded on slowly switching blocks actually showed better decoding, but the 422 

differences were not significant (Figure 5d). Because we only observed a significant difference 423 

in the pre-choice part of the trial, it suggests the possibility that a failure to integrate new state 424 

information into OFC ensembles when rats are making choices could result in a failure to adapt 425 

choice behavior to the new contingencies.       426 
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Does the above analysis mean that OFC state representations are directly driving choice 427 

behavior? Here we tested this idea by comparing state decoding when rats chose the preferred 428 

outcome (the 3-drop side) vs. the anti-preferred outcome (the 1-drop side).  We excluded trials 429 

right after state transitions, when the preferred side would be ambiguous. If OFC state 430 

representations were directly driving choices, we would expect to see better representations of 431 

state when rats chose the preferred side after this transition period. However, as shown in 432 

Figure 6, state decoding was indistinguishable in the two conditions. In combination with the 433 

previous analysis, this suggests that rather than directly driving choices, OFC state 434 

representations may only be critical to judgement as to the current state right after state 435 

transitions, and other parts of the brain are able drive the choice thereafter.   436 

Do OFC representations of state drive other information held by OFC ensembles? 437 

The theoretical advantage of categorizing the environment into states is that it would allow the 438 

appropriate rules or contingencies to be recalled in conflicting situations. In our task, for 439 

example, knowing the current state would allow the brain to better predict what outcome to 440 

expect based on a chosen action. We tested whether this was true within the OFC network by 441 

selecting OFC ensembles that were usually correct at decoding the current state after reward 442 

delivery immediately after block switches. Because this was the epoch when OFC ensembles 443 

were most accurate (see Figures 4 and 5), we reasoned that in the rare cases when these 444 

ensembles were incorrect, it would mean that state information might be widely degraded in 445 

OFC. If state information was degraded after reward delivery, then that information would have 446 

no opportunity to recover on the following trial until reward was delivered. We predicted, 447 

therefore, that OFC ensembles would be unable to decode the expected outcome on trials 448 

following trials with degraded state information after reward delivery. We tested this idea by 449 

using the remaining OFC ensembles (excluding the neurons used to identify trials with 450 

degraded state information) to decode the expected outcome. As shown in Figure 7, we found 451 

that when the state had been misrepresented previously, these independent ensembles 452 

(matched for the same sessions) were unable to decode the outcome better than chance until 453 

reward delivery started. In contrast, when the state had been represented accurately (which 454 

happened on the majority of trials), these independent ensembles decoded the outcome better 455 

than chance well before reward delivery. This analysis suggests that outcome predictive 456 

information is derived from the correct representation of the state in OFC ensembles.  As a 457 

control, we ran the same analysis using trials later in the block, when the state would be well 458 

established. Here we found equally good outcome decoding regardless of whether the state had 459 
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been misrepresented on the previous trial.  This result suggests that when the current state is 460 

unambiguous, outcome predictions do not depend specifically on the accuracy of OFC state 461 

representations.    462 

   463 

  464 

  465 
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DISCUSSION 466 

Animals can divide the world into “states” that define the rules or associations appropriate for 467 

governing behavior. This strategy is computationally efficient when appropriate behaviors 468 

conflict between different situations, because it allows animals to switch behaviors without 469 

needing to relearn the rules each time they change (Wilson et al., 2014).  Here we trained rats 470 

on a task consisting of four states presented in an order that changed daily. States were not 471 

signaled by any external cue besides the sets of rewards available at the two fluid wells, which 472 

changed at each block transition and continued throughout the following block of trials. We 473 

found that the vast majority of neurons recorded in the lateral OFC held sufficient state 474 

information to contribute to ensemble representations of the current state at any point in time. 475 

State was even well represented during intertrial intervals when rats were not engaged in the 476 

task.  Importantly, these state representations in OFC did not reflect memory traces of what 477 

outcome had been delivered on the previous trial, and they generalized across free- and forced-478 

choice trials.  Further the state representations were largely dissociable from representation of 479 

individual trial events, which were also present as described in a previous publication; state was 480 

represented by portions of the neural population that did not distinguish trial events, and within 481 

individual neurons activity related to state and activity related to trial events coexisted.  Thus the 482 

state representations were not simply an ensemble property secondary to individual neurons 483 

encoding the defining characteristics of trials in a given block (odor, reward availability).  484 

Instead, the state representations are well-positioned to promote the emergence of activity 485 

specific to the trial events in particular blocks, as if setting the stage for neural activity encoding 486 

the proper associations. 487 

Similar representations have been reported previously in rat, non-human primate, and human 488 

orbitofrontal cortex (Wilson et al., 2014; Bradfield et al., 2015; Saez et al., 2015; Schuck et al., 489 

2016; Schuck and Niv, 2019)..  Here we extend these findings by showing that individual OFC 490 

neurons tend to maintain state representations across time. This suggests that an abstract state 491 

representation is not a property that emerges from multiple different representations in different 492 

neurons but is explicitly represented by variance in single unit activity in OFC. Additionally we 493 

show that the state representations in OFC are related to correct behavior, particularly in the 494 

initial trials after a state transition, and that recall of the appropriate state by OFC ensembles at 495 

the end of one trial predicts the recall of appropriate outcome expectations by OFC neurons on 496 

the subsequent trial, as if the state representation is setting the stage for which rules will be 497 

activated.   498 
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It is worth noting that what we have demonstrated is just one type of state that might be 499 

represented even in our simple task; our result does not preclude the representation of other 500 

hierarchically ordered states, either higher or lower in order than the states as we have defined 501 

them.  For example, in our experimental design, because there were only four possible block-502 

orders, there was a higher order state structure consisting of the sequence of the lower-order 503 

states.  Such information might also be represented in OFC; however, because each session 504 

consisted of only a single instance of this higher order “state”, we were unable to test whether 505 

rats or OFC neurons also tracked them.  But regardless, there would be utility in keeping track 506 

of the lower-order states, defined by the available outcomes, in order to know what action to 507 

choose or which well at which to expect the preferred outcome.    508 

Our findings generally support the proposal that OFC is a critical node in the brain’s 509 

representation of a “cognitive map.” A cognitive map is analogous to a spatial map in that it 510 

organizes knowledge about the relationships between stimuli occurring in a particular setting 511 

(Wilson et al., 2014; Behrens et al., 2018; Niv, 2019). In this case, the map would represent that 512 

in one state, when a correct left response yields three drops of chocolate milk, a correct right 513 

response would yield one drop of vanilla milk, and so on for each of the four possible 514 

states. The state would therefore be akin to an implicit context that links the available actions 515 

and their probable outcomes during a particular block of trials. Under this idea, the 516 

representation of state that we observed in OFC neural activity might be conceived of as a 517 

pointer indicating the belief about the current state, facilitating the recall of context-appropriate 518 

contingencies locally and in distal structures.   519 

OFC state representations changed quickly after changes in the reward contingencies. That the 520 

state representation first changes after reward delivery suggests that reward size and flavor, 521 

which in combination with the preceding response define the state, provides sensory evidence 522 

as to the current state that OFC neurons integrate over time. The gradual integrative process 523 

can be interpreted as the confidence in the current state, akin to decision confidence, which is 524 

also represented in OFC (Lak et al., 2014; Hirokawa et al., 2019). As more evidence is 525 

accumulated over repeated trials, the confidence as to the current state spreads to parts of the 526 

trial in which the reward identity must be remembered for longer. The mechanism for this 527 

integrative process is unknown. One speculative hypothesis would be that it depends on 528 

dopamine input.  Dopaminergic prediction errors are known to occur at reward delivery after 529 

block transitions in this task and others like it (Hollerman and Schultz, 1998; Takahashi et al., 530 



 

19 
 

2017), and the magnitudes of prediction errors are theoretically important to distinguish whether 531 

a new state has been entered or the old state is changing (Gershman et al., 2010; Niv, 2019).    532 

OFC state representations were also related to rats’ choice behavior, specifically after changes 533 

in the reward contingencies early in each block. When rats were slow to adapt free-choice 534 

behavior upon a change in the number of drops delivered at both wells, OFC state 535 

representations in the pre-choice period strongly represented the previous state in the first 10-536 

15 trials after the transition, whereas when rats quickly adapted free-choices to the new 537 

contingencies, OFC represented the new state in the pre-choice period during those trials. This 538 

relationship was only true in the pre-choice period; it did not hold later in the trial, where state 539 

representations were unrelated to choices, nor was it true later in blocks, when rats’ behavior 540 

was more stable, suggesting that they were more certain of the current state. In this later period 541 

of the trial blocks, OFC state representations were equally accurate whether rats chose 542 

accurately (i.e. the preferred reward) or inaccurately (i.e. the anti-preferred reward). These 543 

findings suggest that OFC state representations may be most important for accurate decision-544 

making right after state transitions when the state is ambiguous. This contrasts with what we 545 

have previously observed in cholinergic interneurons in dorsomedial striatum, in which the 546 

current state was misrepresented when rats chose inaccurately throughout blocks (Stalnaker et 547 

al., 2016). Interestingly, when the ipsilateral OFC was lesioned, this relationship between striatal 548 

state representations and choice was eliminated (Stalnaker et al., 2016). Together, these results 549 

suggest a circuit in which OFC activity sets the current belief about the state after switches, a 550 

setting which striatal circuitry (Bradfield and Balleine, 2017; Sharpe et al., 2019), or other 551 

interconnected areas, such as amygdala (Saez et al., 2015), are able to maintain thereafter to 552 

directly drive choices. 553 

Knowing the current state would be useful because it would allow outcomes to be better 554 

predicted based on chosen, or potentially chosen, actions. It has long been known that across 555 

species, OFC has prominent representations of the value and sensory features of predicted 556 

outcomes (Gottfried et al., 2003; Padoa-Schioppa and Assad, 2006; Mainen and Kepecs, 2009; 557 

Wallis and Kennerley, 2011; Rudebeck and Murray, 2014; Rich and Wallis, 2016; Rudebeck et 558 

al., 2017). If OFC state representations are being used to generate outcome predictions, 559 

representations of the expected outcome, within OFC or elsewhere in the brain, should depend 560 

on an accurate representation of the current state. We tested this prediction within OFC by 561 

examining encoding of the expected outcome by OFC ensembles when the state had been 562 

accurately or inaccurately decoded after reward delivery on the previous trial. We found that 563 
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when the state had been misrepresented right after state transitions, outcome decoding was 564 

inaccurate (at chance levels) on the next trial until the outcome was delivered, at which time it 565 

quickly rose to match high and significant levels of outcome decoding when the state had been 566 

accurately represented on the previous trial. This relationship provides evidence that OFC has 567 

circuitry that combines knowledge of the current state with knowledge of the chosen action in 568 

order to predict the outcome when the state is ambiguous. However, later in blocks, when the 569 

current state was presumably unambiguous, outcome predictive decoding was independent of 570 

the accuracy of OFC state representations.  This suggests that other parts of the brain are 571 

maintaining state representations at that time, and conversely that OFC state representations 572 

are only necessary when the state is ambiguous.  It has recently been proposed that more 573 

medial parts of OFC represent the expected outcome, while more lateral OFC represents the 574 

state (Bradfield et al., 2015; Bradfield and Hart, 2020). In the current study, we did not record in 575 

medial OFC, but our findings do not negate that possibility, since the neural correlates of 576 

expected outcomes observed might be retrieved from medial areas. More broadly, the current 577 

results are consistent with a recent proposal that representations of expected outcome or 578 

reward value would only be observed in OFC to the extent that they are part of state 579 

representations (Niv, 2019). As such, understanding the mechanisms through which OFC 580 

represents and uses cognitive maps may have important implications for understanding OFC 581 

dysfunctions in addiction and other affective disorders related to mis-evaluating expected 582 

outcomes (Goldstein et al., 2007; Lucantonio et al., 2012; Bernardi and Salzman, 2019).   583 

  584 

  585 
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FIGURE LEGENDS 586 

Figure 1.  Recordings in OFC, odor-guided choice task, and behavioral results.  Shown in 587 
(a) are recording sites in lateral OFC. The black boxes indicate the approximate location from 588 
which recordings were made in each rat (in the left hemisphere). The width represents the 589 
estimated span of the electrode bundle (~1 mm), and the height represents the approximate 590 
extent of recording across all sessions. Bregma + 2.8 to 3.6 mm.   591 

Illustrated in (b) trial events and reward schedule.  Trials started with odor delivery followed by 592 
choice for 1 or 3 drops of chocolate or vanilla milk.  Two odors indicated forced choices, left or 593 
right; a third odor indicated free choice. Reward contingencies were stable across blocks of ~60 594 
trials but switched in number of drops (dashed lines) or flavor (dotted lines) in four unsignaled 595 
transitions.  The last four blocks always had the same four sets of action-outcome 596 
contingencies, but the order differed from day to day.  597 

In (c) are shown results of a ten-minute consumption test run in a separate group of rats  (t10 = 598 
0.1,p=0.93).  In (d) are shown average trial-by-trial choice rates across number block switches 599 
(left panel), separately for 1 drop chocolate->3 drops chocolate compared to 1 drop vanilla->3 600 
drops vanilla, a flavor block switches (right panel). Inset bar graphs compare choice rate in 25 601 
trials before block switches versus 25 trials after.  ANOVA on difference in choice rates across 602 
transitions, with factors transition type and initial flavor; main effect of transition type 603 
(F1,92=195.7,p<0.001), driven by significant changes across number transitions (planned 604 
contrast, F1,92=445.9,p<0.0001), and insignificant changes across flavor transitions (planned 605 
contrast, F1,92=1.3,p=0.27); no effect of initial flavor (F1,92=0.0,p=0.93); no differences between 606 
vanilla-to-chocolate and chocolate-to-vanilla (planned contrast. F1,92=2.3,p=0.13). In (e) are 607 
shown average response latencies and accuracy on forced-choice trials.  Within-subjects 608 
ANOVAs on reaction time and accuracy: main effects of reward number (F1,93=62.2,p<0.001; 609 
F1,93=182.3,p<0.001) but not flavor (F1,93=0.3,p=0.57.; F1,93=5.3,p=0.024†), nor interactions 610 
(F1,93=0.1,p=0.73.; F1,93=5.1,p=0.027†).  611 
 612 

Figure 2.  OFC pseudo-ensembles decode the current state accurately across all parts of 613 
trials. (a) black line on left panel shows the percentage of trials classified to the correct state, 614 
using a 25-neuron pseudo-ensemble and a sliding 500ms epoch aligned to different trial events 615 
and concatenated (the end of the ITI indicates the time the house light was turned on).  Other 616 
lines show misclassification to the other possible states: blue, to the state with opposite flavor 617 
but the same number of drops (at both wells) as the correct state; red, to the state with the 618 
opposite number of drops but same flavor (at both wells) as the correct state; purple, to the 619 
state with the same two outcomes as the correct state, but at the opposite wells.  Thick lines 620 
show significant difference from chance using a bootstrap distribution with shuffled labels (p<.01 621 
for at least 5 consec. bins).  All rewarded trials were included in the decoder.  Smaller panels on 622 
right of (a) show two control analyses: top panel shows training on trials immediately after 623 
outcome at left well, testing on trials immediately after outcome at right well.  This shows that 624 
state representations do not reflect memory traces of the outcome delivered on the previous 625 
trial.  Bottom panel shows training on forced-choice and testing on free-choice trials, showing 626 
that state representations generalize across trial type.  Significant differences in control 627 
analyses were assessed at p<0.01 by comparing decoding percentages as a function of 628 
ensembles sizes as described in Methods (non-significant for both). (b) shows state decoding 629 
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accuracy as a function of ensemble size using three 1000ms epochs, with misclassification 630 
shown as in (a).  Across all epochs decoding accuracy approached 100%, with states differing 631 
only in the flavor of outcomes being the most likely to be misclassified.  Dotted lines in all plots 632 
represents chance level of accuracy (25%).  633 

 634 

 635 

Figure 3.  Individual OFC units maintain information about state across the trial, and 636 
state information is widely distributed across the OFC population.  Shown in (a) is the 637 
average accuracy of block decoding of 25-neuron OFC ensembles taken from ranked 638 
subpopulations.  Neurons were ranked by the F-values from an ANOVA using factor “state” run 639 
on each neuron’s firing rate during the pre-odor period (shaded in purple). Ensembles from 640 
across the entire OFC population decoded state above chance across the whole trial, even 641 
though they were ranked using firing rate only in the pre-odor epoch (thick lines represent 642 
significance vs. chance at p<0.01 by bootstrap for at least five consecutive bins).  This suggests 643 
that individual units tended to maintain state information across the whole trial and that the 644 
majority of OFC neurons contributed to the state information observed in ensembles. The 645 
scatter plot in (b) shows the correlation between the F-values for block ANOVAs run on the pre-646 
choice epoch vs. the post-reward epoch across all OFC neurons. The right panel of (b) shows 647 
the R2 values for other pairs of epochs (ITI is intertrial interval). Panels in (c) show the linear 648 
correlation between mean percentile-rank of the neurons in 200 25-neuron ensembles randomly 649 
selected from a segment of 10% of all the neurons sliding across the population from the top-650 
ranked to the bottom-ranked neurons, vs. their state decoding accuracy for three 500ms epochs 651 
across the trial. The horizontal line on each plot represents the significance level for decoding 652 
accuracy at p<0.001.  Filled circles represent ensembles below the significance line, of which 653 
there were 9/200 for the odor epoch, 3/200 for the post-reward epoch, and 14/200 for the ITI 654 
epoch. Lines in (d) show state decoding by 25-neuron ensembles selected from event-655 
significant neurons (defined by ANOVA for factors odor, direction or outcome in any bin) vs 656 
event-nonsignificant neurons.  Both groups decoded state better than chance and were 657 
significantly different than each other across all bins.  Shaded circles at the top show proportion 658 
of neurons significant for event ANOVAs in each bin, ranging from 0% (white) to 10% (black) of 659 
all possible significance tests across all neuron.   660 

 661 

Figure 4.  After a state transition, new state representations first emerge in OFC 662 
ensembles in the post-reward epoch, after which it propagates to the other parts of the 663 
trial.  Shown are results from a binary block decoder that tests how well OFC ensembles 664 
matched the old block pattern vs. the new block pattern using sliding sets of 5 trials after a 665 
number block transition (see Materials and Methods). Spike-trains were aligned to various 666 
events in the trial (shown with vertical dotted lines) and then concatenated and binned.  667 
Decoding percentages at each bin and set of trials were smoothed and converted into the color 668 
scale as shown for the heat plot, with red indicating previous state decoding and blue indicating 669 
new state decoding.  Vertical dotted lines on the color scale bar show significance levels for 670 
previous state or new state decoding, based on a permutation test (p<0.05, two-tailed).     671 

 672 
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Figure 5.  Faster behavioral adaptation to a state transition is associated with better OFC 673 
state decoding during the pre-choice part of the trial.  As shown in a, number block 674 
transitions were split into the top and bottom quartiles of all transitions based on the free-choice 675 
rate in the first 10 trials after the transition.  In bottom quartile switches, rats perseverated, 676 
choosing what was previously the 3-drop side even thought it had switched to deliver a single 677 
drop. Conversely, in upper quartile switches, rats immediately began switching to choose the 678 
new 3-drop side.  We then ran the binary state decoder using only OFC neurons recorded 679 
across either the top or bottom quartile switches (panels b-d).  The resulting heat plots (b) show 680 
that in the pre-choice part of the trial, neurons recorded during upper quartile switches adapted 681 
quickly to the new state code whereas those recorded in lower quartile switches strongly 682 
encoded the old state for 10-15 trials after the transition. Line figures illustrated this effect for a 683 
pre-choice epoch (c), or a post-reward epoch (d).  These latter analyses only included correct 684 
forced-choice trials, meaning that rewards received were not different in the two conditions.  685 
Thick lines indicate significance relative to chance and asterisks in c indicate significant 686 
differences between the conditions, both by permutation tests (p<0.05 for five consecutive bins).   687 

 688 

Figure 6.  The accuracy of state decoding is not related to whether rats accurately chose 689 
the side with the preferred outcome.   Shown in (a) is state decoding accuracy across the trial 690 
divided into appropriate choices (free-choices of the 3-drop reward; solid line) or inappropriate 691 
choices (free-choices of the 1-drop reward; dotted line), excluding the first 10 trials after 692 
changes in drop-number.  All neurons on which enough inappropriate choices were made were 693 
included (n=535). Line-plots in (b) show decoding accuracy as a function of ensemble size in 694 
both conditions during the intertrial interval (ITI), pre-choice and post-reward epochs.     695 

 696 

Figure 7.  After transitions, OFC ensembles can only predict the outcome to be delivered 697 
when a matched OFC ensemble had decoded the state accurately after reward delivery 698 
on the previous trial.  Panel in a shows outcome decoding accuracy of OFC ensembles when 699 
a matched ensemble recorded in the same sessions accurately (blue) or inaccurately (red) 700 
decoded the state on the previous trial, using the first 20 trials after block transitions.  Panel in b 701 
shows a parallel analysis using trials 21-40 after block transitions.  The state decoding epoch 702 
was always a 1500ms epoch beginning 1500ms after the initial reward delivery timestamp on 703 
the previous trial.  Lower plots in c and d show the same analysis as a function of outcome-704 
decoding ensemble size.  All rewarded trials were included except those in which the previous 705 
trial was itself not rewarded. * p<0.01 comparing the estimated parameter values for the best fit 706 
of the two functions.     707 

  708 
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