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ABSTRACT27

To adapt successfully to our environments, we must use the outcomes of our choices to 28
guide future behavior.  Critically, we must be able to correctly assign credit for any 29
particular outcome to the causal features which preceded it.  In some cases, the causal 30
features may be immediately evident, whereas in others they may be separated in time 31
or intermingled with irrelevant environmental stimuli, creating a potentially nontrivial 32
credit assignment problem.  We examined the neuronal representation of information 33
relevant for credit assignment in the dorsolateral prefrontal cortex (dPFC) of two male 34
rhesus macaques performing a task that elicited key aspects of this problem.  We found 35
that neurons conveyed the information necessary for credit assignment.  Specifically, 36
neuronal activity reflected both the relevant cues and outcomes at the time of feedback 37
and did so in a manner that was stable over time, in contrast to prior reports of 38
representational instability in the dPFC.  Furthermore, these representations were most 39
stable early in learning, when credit assignment was most needed.  When the same 40
features were not needed for credit assignment, these neuronal representations were 41
much weaker or absent.  These results demonstrate that the activity of dPFC neurons 42
conforms to the basic requirements of a system that performs credit assignment, and 43
that spiking activity can serve as a stable mechanism that links causes and effects. 44

45

SIGNIFICANCE 46

Credit assignment is the process by which we infer the causes of our successes and 47
failures.  We found that neuronal activity in the dorsolateral prefrontal cortex conveyed 48
the necessary information for performing credit assignment.  Importantly, while there are 49

al events over time, we 50
observed that spiking activity was sufficiently stable to act as the link between causes 51
and effects, in contrast to prior reports that suggested spiking representations were 52
unstable over time.  In addition, we observed that this stability varied as a function of 53
learning, such that the neural code was more reliable over time during early learning, 54
when it was most needed. 55

56
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INTRODUCTION57

Credit assignment is the process that links the outcomes of our choices with the 58
responsible factors.  For example, many of us have had the experience of using trial-59
and-error to recall which passcode works in a particular circumstance.  Upon 60
discovering the successful entry, we may immediately review or mentally note that 61
information in order to recall it the next time.  This is a critical moment, because 62
appropriately assigning credit for that success to the correct preceding event 63

64
the same search process the next time as well.  More generally, properly assigning 65
credit for specific outcomes underlies our ability to infer causality and make sense of our 66
environment.67

Credit assignment is necessary for any form of associative learning, but it is more 68
challenging when the causal environmental feature is ephemeral and so no longer 69
present when the outcome is revealed (this is the temporal credit assignment problem) 70
or when multiple potentially relevant features are concurrently present (the structural 71
credit assignment problem). 72

The dPFC, whose neurons have been observed to respond selectively to relevant, 73
attended information (Rainer et al., 1998b; Everling et al., 2002; Lebedev et al., 2004) 74
as well as to maintain information over time (Fuster and Alexander, 1971; Funahashi et 75
al., 1993; Miller et al., 1996; Rainer et al., 1998a; Markowitz et al., 2015), would seem 76
likely to have the basic, necessary properties for solving the structural and temporal 77
credit assignment problems.  Likewise, lateral PFC lesions are typically found to impair 78
performance on tasks that have in common the requirement to use information about 79
choice outcomes to guide future behavior (Dias et al., 1997; Parker and Gaffan, 1998; 80
Mansouri et al., 2007; Rossi et al., 2009; Simmons et al., 2010; Rushworth et al., 2011; 81

82
83

Yet, the specific neuronal representations necessary for performing credit assignment, 84
especially in its more challenging forms incorporating temporal or structural problems, 85
have not been directly investigated in the PFC or elsewhere.  Especially in light of 86
growing neurophysiological and lesion evidence that PFC activity may not directly 87
mediate simple working memory (Lara and Wallis, 2014; 2015; Pasternak et al., 2015), 88
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this alternative framework may be useful to understand more precisely how these 89
neuronal representations contribute to behavior.  Therefore, we designed a task that 90
invoked both the structural and temporal credit assignment problems in order to study 91
the responses of individual and populations of dPFC neurons during learning. 92

Importantly, recent data suggest that neuronal activity in the lateral PFC dynamically 93
evolves such as to severely limit the cross-temporal stability of representations (Meyers 94
et al., 2008; Sigala et al., 2008; Barak et al., 2010; Stokes et al., 2013).  This could be 95
particularly problematic for the temporal credit assignment problem, where a stable 96
representation of relevant information over time is necessary so that reinforcement 97
received when an outcome becomes apparent can be applied to the same neural 98
ensemble that earlier signaled the causal features.  However, that previous work 99
involved tasks that did not require active learning or credit assignment at the time 100

-101
neurons considered by a particular cross-temporal decoder or correlation matrix were 102
actually recorded simultaneously).  Therefore, we focused on simultaneously recorded 103
neural activity during a learning task requiring credit assignment, seeking to understand 104
whether dPFC activity can indeed provide the necessary information  including a 105
stable representation over time  for solving the credit assignment problem. 106

107

MATERIALS AND METHODS 108

Subjects and behavior.  Two male rhesus macaques, M1 and M2, performed the credit 109
assignment and spatial tasks in a pseudo-random, block-wise and interleaved fashion, 110
with at least 4 repetitions of any particular block (correct cue or spatial location) in each 111
individual session (Asaad and Eskandar, 2011).  The task required animals to maintain 112
central fixation as four cue objects were presented peripherally (500 ms), continue to 113
hold fixation through a brief (1 second) delay, and then make a choice by saccading to 114
one of the four locations where the correct cue had appeared (FIGURE 1).  Generic 115
visual feedback for correct or incorrect choices (a green c116
presented for 500 ms followed by automated juice reward if correct.  Because, in the 117
main credit assignment task, this feedback did not reveal which cue had been at the 118
selected location, a challenging credit assignment problem needed to be solved for 119
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learning to occur.  Animals learned which cue signaled the correct saccade target by 120
trial and error.  Once the correct cue was learned and the animal had performed an 121
additional ~40-50 trials, a new block was begun in which a different cue was designated 122
correct, without any overt signal to the animal.  In contrast to this cue-learning task, in 123
the spatial version of this task, which the animals played on pair-wise interleaved 124
blocks, the correct choice was determined solely by its spatial position, and not by the 125
identity of the cue that had previously appeared at that location.  In both tasks, the 126
arrangement of the cues varied randomly from trial to trial, but the same four cues were 127
used throughout any individual session.  Unique arrays of four cue pictures were 128
chosen for each session from a pool of ~50 familiar stimuli (in order to limit potential 129
perceptual learning about particular stimuli, but to use session-unique combinations of 130
those stimuli).131

Because all trials within 132
attention to a particular cue was inferred through its correct performance on a trial.133
Although individual trials could occasionally be performed successfully by chance 134
(25%), sustained high performance depended on generally consistent allocation of 135
attention to the correct cue.  Outcomes were sorted into four categories, as in our 136

137
outcome: unexpected correct, expected correct, unexpected incorrect and expected 138

139
from the current one.  Monkeys M1 and M2 performed an average of 1019.1 and 963.5 140
correct trials (out of 1281.1 and 1179.7 attempted trials without technical errors) per 141
session over an average of 23.4 and 22.6 blocks, respectively.  M1 performed 33 142
sessions and M2 performed 21 sessions. 143

The behavioral task was implemented in MonkeyLogic (Asaad and Eskandar, 2008; 144
Asaad et al., 2012) (www.monkeylogic.org).  Eye-position was monitored with an 145
infrared tracking system (Iscan Inc., Burlington, MA) at 120 Hz.  Animals were always 146
handled in accordance with NIH policies and those of the MGH animal care and use 147
committee.148

Anatomy.  To reconstruct recording locations, we relied upon a post-implant MRI of 149
each animal with vitamin E filled fiducial arrays marking specific recording trajectories.150
Each array was partitioned into discrete 3-dimensional volumes using AFNI's '3dclust' 151
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function using a mask over the fiducial signals in the MRI (Cox, 1996).  The resulting 152
volumes were visualized in 3D with SUMA (Saad et al., 2004).  The center coordinate of 153
the array was calculated as the center-of-mass of a manually selected central fiducial 154
volume within the array.  The coordinates of adjacent, parallel trajectories extending in 155
roughly the anterior-posterior (A-P) and dorsomedial-ventrolateral directions (D-V) were 156
determined up to an 8 mm radius to encompass the full recording array span.  These 157
coordinates were then extended along the third (z-axis) dimension using the appropriate 158
linear transformation matrices, then visualized in SUMA as final recording trajectories. 159

The coordinate of intersection between a trajectory axis and dura was calculated by 160

manually selecting where the reconstructed trajectory intersected the monkey's three-161

dimensional MRI brain surface.  Using the same transforms, the resulting coordinate 162

was transformed to the trajectory space.  The normal of the resulting coordinate was 163

used as the z-axis value of the final dura-trajectory intersection coordinate to further 164

align this coordinate along the trajectory axis.  For subsequent electrode coordinate 165

calculations, this point served as turn 0.  Neuronal recording locations were described 166

-P and D-V axes, and the number of 0.125mm turns 167

of the manual electrode microdrive.  All recording locations were determined in the 168

trajectory space, then transformed back to MRI native coordinates. 169

To visualize the anatomical location of each recording site, the monkey MRI brains 170

underwent linear and non-linear registration to the D99 macaque atlas using the script 171

'macaque_align.csh' (Reveley et al., 2016).  All MRI recording coordinates were 172

transformed via this concatenated registration to the D99 atlas space.  We display 173

anatomical locations with a radius of 1 mm from the registered coordinates to account 174

for error introduced throughout the imaging processing steps. 175

Electrophysiology.  Individual dorsolateral PFC neurons were isolated using up to 16 176
acutely-inserted microelectrodes through a permanent recording chamber implant.177
Neurons were selected for recording based solely upon their stability and signal-to-178
noise ratio, irrespective of any behaviorally-related responses.  Signals were sorted into 179
individual units using principal components analysis and individual waveform features 180
(Plexon Offline Sorter, Plexon Inc., Dallas, TX).  Data analysis was performed in 181
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MATLAB (Mathworks Inc., Natick, MA).  Other results from this data set have been 182
previously reported (Asaad and Eskandar, 2011). 183

General Data analysis.  Analyses used a sliding 200 ms time window shifted in 25 ms 184
steps across the trial.  This time window was selected to match the typical dynamics of 185
dPFC neurons, which often show phasic responses of about this duration.  Trials were 186
divided into cue-triggered and feedback-triggered segments of activity because reaction 187
times varied the precise interval between these events;  we were most interested in 188
neuronal activity evoked by these stimuli, and so precise alignment of neuronal activity 189
to them was desirable.  This approach is reflected in the figures containing a split x 190
(time) axis.  For the cross-temporal decoding analysis (Figures 6 & 8), the two trial 191
segments were concatenated for analysis and visualization.  Because multiple 192
comparisons were performed over time bins and/or neurons, all p-values were 193
subjected to the Benjamini-Hochberg procedure to limit the false discovery rate 194
(Benjamini, 1995), using a q level of 0.05. 195

Because cue selectivity is determined by comparing spike rates across blocks of trials, 196
there is the potential for slow changes in baseline activity, whether mechanical or 197
physiological, to influence this measure.  Therefore, although information about the cue 198
objects could persist between trials (because the same cue remained correct across an 199
entire block), we conservatively repeated some analyses (as described in the Results) 200
while excluding any neuron that showed significant cue selectivity during a 500 ms 201
baseline epoch (from -750 to -250 ms prior to cue array onset).  Specifically, if a neuron 202
exhibited cue selectivity during any 200 ms bin within that interval, it was eliminated 203
from the reanalysis.  Assessing spatial selectivity during the cue-learning task was not 204
as susceptible to this concern because the spatial choice varied trial by trial rather than 205
block by block. 206

Neural information.  The amount of information neuronal responses (R) conveyed about 207
task features (S) was quantified using an information theoretic approach.  Specifically, 208

209
was calculated as the probability of observing a particular neuronal response, r (number 210
of spikes in the examined time bin) given a particular stimulus, s (individual feature 211
exemplar: cues [A, B, C or D], or [unexpected correct, expected correct, unexpected 212
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incorrect, or expected incorrect] outcomes), summing over neuronal responses (ri R)213

and feature exemplars (sj S):214

The probability of a response given a particular stimulus was normalized by the log ratio 215
comparing the probability of observing that specific neuronal response given a stimulus 216
divided by the probability of observing that response over all trials.  The maximum 217
amount of information that could be conveyed about a feature given 4 exemplars was 2 218
bits.219

The significance of the information conveyed was assessed using a bootstrap method in 220
which spike rates were randomly shuffled across the 4 feature exemplars followed by 221
recalculation of the information metric. This process was repeated 1000 times to obtain 222
a distribution of information values and the p-values of the actual (non-shuffled) data 223
were obtained by comparison of the observed information value to this distribution using 224
a one-tailed test. 225

To understand how much information was conveyed by neurons a as a function of 226
learning, we determined how neural information varied during learning in those neurons 227
that carried significant information about the cue objects or spatial locations.228
Specifically, we re-calculated the information metric in 5-trial segments of data sorted 229
with respect to the achievement of learning criterion (4 trials in-a-row correct, because 230
the probability of observing that number of consecutive correct choices by chance was 231
0.254 < 0.01).  Because differences in the number of trials used for any particular 232
analysis will change the available entropy, the neural information calculated here is not 233
directly comparable to that in other analyses (as above).  More importantly, differences 234
in the number of trials at different stages of learning within this analysis can produce 235
false trends that represent simply the varying entropy.  Therefore, we compared the 236
information obtained in this analysis to shuffled controls in which the assignment of trials 237
to cue objects or spatial locations were randomized, maintaining consistent entropy with 238
respect to the original, non-shuffled calculation, at each stage of learning. 239
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Population decoding.  To determine the amount of information a population of neurons 240
conveyed about the correct cue, we employed a simple linear decoder (Gochin et al., 241
1994; Victor and Purpura, 1996; Samengo, 2002) to classify trials according to the spike 242
rates of simultaneously recorded neurons.  Individual recording sessions contained 243
between 2 and 29 dPFC neurons.  The analytic approach began by creating four mean 244
population activity vectors for the n neurons recorded in a single session in Rn space, 245
with one vector for each of the four cues, considering only correctly performed trials 246
when that cue was designated correct.  These four mean vectors were then compared 247
against neural activity vectors derived from individual trials (not drawn from the training 248
set of trials).  Each trial was classified as belonging to the group represented by the 249
mean vector having the shortest Euclidean distance to it.  Classification accuracy was 250
simply the proportion of trials in which neuronal activity most closely matched the 251
correct cue rather than the other cues, based upon this n-dimensional distance metric.252
Monte-Carlo cross-validation was performed over 100 iterations, each using an 80:20 253
(training:testing) split of the data, yielding 100 accuracy scores.  This procedure was 254
repeated for each time bin.  The stability of neuronal population representations over 255
time was assessed by training and testing the data using different time bins (Meyers et 256
al., 2008; Stokes et al., 2013).  Here, above-chance performance resulted when a 257
classifier trained at one time could successfully be applied to activity observed at a 258
different time within the trial, reflecting some degree of similarity in the neuronal 259
representations.  For this analysis, neuronal spike rates were smoothed with a gaussian 260
(  = 25 ms) prior to taking means over 200 ms bins shifted by 25 ms steps. 261

To determine whether a particular classification accuracy was better than chance, we 262
repeated the decoding procedure using a randomized assignment of cues to trials 263
(thereby shuffling spike rates), also over 100 iterations.  These two distributions of 264
accuracy scores, one for the real (unshuffled) data and one for the randomized data, 265
were then compared using the Receiver Operating Characteristic (ROC) area-under-266
the-curve (AUC), combined with a bootstrap test for significance over 1000 iterations (in 267
which the group membership of a given accuracy score was randomized to create the 268
null distribution).  Because the observed variance of the accuracy scores depends on 269
details such as training:testing ratio and number of Monte-Carlo cross-validations 270
performed, the ROC AUC reflects the adequacy of those chosen parameters to 271
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appropriately estimate decoder classification accuracy, providing additional information 272
regarding its robustness and significance. 273

To understand how multiple behavioral factors may have together influenced feedback-274
epoch neuronal activity, we constructed a linear model for each neuron incorporating 275
several categorical behavioral variables.  Specifically, predictor variables consisted of 276
the Task (cue learning vs. spatial learning), the outcome (reward prediction error, or 277
RPE: Unexpected Positive, Expected Positive, Unexpected Negative, Expected 278
Negative), the identity of the chosen Cue or spatial Location, and whether the animal 279
repeated that choice of cue or location on the next trial (Will Repeat Cue and Will280
Repeat Location).  The RPE was determined as in our prior work (Asaad and 281
Eskandar, 2011), by comparing the outcome of the current trial with that of the 282
immediately preceding trial.  In other words, if the current trial was correct and the prior 283
trial was incorrect, the current trial was deemed to be unexpectedly correct and 284
therefore reflected a positive RPE.  Negative RPEs occurred when the current trial was 285
incorrect whereas the prior trial was correct.  Zero RPEs resulted when the current and 286
prior trial had the same positive or negative outcome.  This approach was feasible 287
because, as we previously observed, the single preceding trial had the strongest 288

-way interactions 289
between these predictors.  The respon290
500 ms feedback period.   291

To determine the similarity between a feedback-related representation of the cue and 292
the earlier representation of that cue (when it was visually present in the cue array) 293
during learning, we compared neuronal population activity in a single 200 ms bin 294
starting 100 ms after feedback onset to that in a corresponding 200 ms bin starting 100 295
ms after cue array onset.  These time bins were chosen because they captured the 296
most common peak phasic response of neurons in this region, but the pattern and 297
significance of results observed were insensitive to the precise time bins chosen.  The 298
similarity of population representations at those times was compared by computing the 299
cosine between the population vectors:300
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For this analysis, trials were sorted according to the trial number relative to achieving 301
the learning criterion of 4 consecutive correct trials.  These values were compared to 302
the vector similarity recalculated for the condition in which spike counts were 303
randomized across trials and neurons t provide a baseline for this metric utilizing the 304
same distribution of neuronal activity within each session. 305

RESULTS 306

We trained two nonhuman primates (M1 and M2) to perform a learning task which 307
invoked both the structural and temporal credit assignment problems.  The task required 308
the animals to learn (and subsequently re-learn many times) which cue among four, 309
presented earlier in a trial, signaled the correct spatial choice at the end of the trial 310
(FIGURE 1).  We recorded 635 neurons (395 in M1 and 240 in M2) from the dPFC while 311
animals performed this task to determine if the activity of these neurons provided the 312
necessary information for performing credit assignment.   313

Behavior 314

A detailed analysis of the a315
(Asaad and Eskandar, 2011).  Three key observations are relevant here.  First, animals 316
tended to learn more from correct responses than from incorrect responses.  In other 317
words, they did not rely heavily on counterfactual reasoning (accumulated information 318
about which choices are not correct from prior negative outcomes); rather, negative 319
outcomes led to random or nearly-random guessing.  Second, their strategies were 320
driven in large part by the imm321
superimposed on this, animals relied on a default spatial strategy; that is, they typically 322
re-selected a chosen spatial location on a subsequent trial in response to a positive 323
outcome.  They converted to a cue-based strategy (re-selecting the location marked by 324
a particular cue object) once the spatial strategy failed.  This dynamic is shown in 325
FIGURE 1C, which plots the probability of re-selecting a particular cue or spatial 326
location as a function of trial number within a block. 327

Lastly, because blocks were chosen in a pseudo-random fashion, we confirmed that 328
animals did not use information from prior blocks to narrow their choices and accelerate 329
learning in subsequent blocks.  Specifically, examining the first cycle of four blocks in 330
which animals learned to designate each of the 4 cue objects as correct, there was no 331
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significant difference in the average initial performance in each block (average percent 332
correct in the first 5 trials ranged from 28.0% to 30.9%, p = 0.93 by one-way ANOVA).  333
So, although animals could have deduced by the fourth block the identity of the correct 334
cue with 100% accuracy, they did not appear to use such a strategy, consistent with 335
their more local lack of reliance on negative feedback to narrow choices within a block. 336

Neuronal Representations at the Time of Feedback 337

Credit assignment first requires a representation of the relevant feature  here, the cue 338
object that correctly signaled the rewarded saccade target  when the success or 339
failure of a particular choice became evident.  Critically, the generic feedback provided 340
to the animals in this task to indicate a correct choice was identical across all conditions 341
and so revealed nothing about the identity of the relevant cue; rather, information about 342
the cue at the time of feedback must be internally generated by the animals to solve the 343
task.  Indeed, we observed that information about the correct cue was available 344
throughout the trial (because the identity of the correct cue remained stable throughout 345
a block), including during feedback (FIGURE 2).  More specifically, 161/635 individual 346
prefrontal neurons (25.4% overall; 96/395 and 65/240 in each animal) conveyed 347
significant information about the identity of the correct cue at at some point during 348
feedback about the outcome.349

Because the calculation of information about the correct cue depended upon comparing 350
spike rates across blocks of trials, slow changes in baseline neuronal activity (e.g., due 351
to mechanical or physiological 352
of neurons observed to carry information about this feature.  Therefore, we repeated the 353
information calculation after eliminating neurons observed to show significant 354
information during a 500 m355
This eliminated 35.1% of neurons (138/395 in M1 and 85/240 in M2).  Of the remaining 356
neurons, 18.0% (74/412; 42/257 in M1 and 32/155 in M2) continued to convey 357
significant information about the cues during feedback (71% of the proportion observed 358
across all neurons).  Note that this is a conservative estimate, because the design of the 359
task allowed that information about the cues could persist between trials, and so some 360
of the excluded neurons could in principle have been conveying useful information even 361
during the baseline epoch. 362
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The importance of the cue-representation during the feedback epoch was evident in 363
examining the time course of information about the cues across a trial.  When 364
considering just those neurons with significant cue selectivity during the feedback 365
period, a prominent second peak of information was evident during that epoch (FIGURE366
2C, 2D).  Similarly, the feedback period exhibited a local maximum in the number of 367
neurons that conveyed their maximal information about the cues during that time 368
(FIGURE 3).  Specifically, the incidence of neurons that were maximally selective for the 369
cues during feedback (52/635, 8.2% overall) was about half the incidence of neurons 370
conveying maximal cue-related information during the cue interval itself (101/635, 371
15.9% overall).  In other words, for a notable subgroup of neurons, the feedback period 372
was most potent task epoch to elicit cue-related information.  This second peak in cue 373
encoding at the time of feedback was consistent with amplification or reactivation of the 374
required information when the contingent outcome became apparent. 375

While the presence of information about the correct cue at the time of feedback 376
suggests neurons in the dPFC could contribute information necessary for credit 377
assignment, implicating them more directly in the credit assignment process requires a 378
concurrent representation of the outcome.  We previously observed that dPFC neurons 379
were highly engaged by trial outcomes in this task, such as whether a trial was correct 380
or incorrect, and whether that outcome was surprising.  In particular most PFC neurons 381
responded to unexpected outcomes, with about equal numbers activated by positive or 382
negative reward prediction errors (Asaad and Eskandar, 2011).  Extending this, here we 383
find that some neurons (123/635 or 19.4% overall; 71/395 and 52/240 in each animal) 384
conveyed information about both the outcome and the correct cue during feedback 385
(FIGURE 4).   In fact, the magnitude of information for cues and outcomes was 386
correlated such that neurons that conveyed more information about the outcome tended 387
also to convey greater information about the cue object (M1: r = 0.55, p < 0.001; M2: r = 388
0.38, p < 0.001).  This combined representation of outcome and relevant antecedent 389
information is a necessary substrate for linking cause and effect for credit assignment, 390
so neurons that integrate both types of information can participate directly in that 391
function.392

In order to understand 393
with learning, we calculated the information metric during the feedback period for short 394
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segments of trials organized according to stage of learning (see Materials & Methods).  395
We found that information about the cue formerly at the chosen location and about the 396
spatial location itself peaked very early during learning then rapidly declined once the 397
correct cue object was learned (FIGURE 5).  In general, neurons conveyed more 398
information about the spatial location of the choice during early learning, but the 399
magnitude of information about the cue or spatial location stabilized at about the same 400
low level once learning had occurred.  Interestingly, the time course of information 401
during early learning suggests that cue object information may peak somewhat later 402

403
tended to rely first on repeating a spatial choice but then switched to repeating a cue-404
based choice once that approach failed. 405

The Stability of Neuronal Representations over Time 406

If a representation is to be directly useful for credit assignment, it must be similar to the 407
representation of the relevant feature itself, and not simply an independent, even if 408
informative, representation.  In other words, neuronal activity might discriminate 409
between the visual cues at the time of feedback, but do so in a manner that is 410
independent of the representation that was evident at the time of cue presentation.411
Prior studies have indeed suggested that the representation of stimuli over time is not 412
stable in the PFC, such that the neuronal representation at one time is not related to the 413
neuronal representation of the same stimulus at a different time (Meyers et al., 2008; 414
Sigala et al., 2008; Barak et al., 2010; Stokes et al., 2013).  However, in our task, a 415
stable representation of the cue over time was necessary so that reinforcement 416
mechanisms acting at the time of feedback could ultimately drive attention to that cue 417

418
choice.   419

The activity of single neurons is typically noisy, and so examining their individual 420
responses to the cue during cue array presentation vs. during feedback may yield little 421
apparent similarity (FIGURE 4).  However, applying a simple, linear population decoding 422
method to simultaneously-recorded neurons revealed that there was in fact significant 423
consistency across these representations (FIGURE 6).  Specifically, a decoder trained 424
at the time of feedback could be applied to classify, above chance performance, the 425
identity of a cue using neural activity at the time of cue array presentation and, 426
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conversely, a decoder trained during cue presentation could decode the identity of a 427
cue according to its neural representation at the time of feedback. 428

Decoder performance depended on the number of neurons within each ensemble 429
(Figure 7).  While classification accuracy was only modestly above chance, on average 430
and in absolute terms, larger ensembles yielded more successful decoding.  This 431
suggests the observed results did not reflect ceiling performance, and improved 432
accuracy would likely be achieved with larger populations of neurons.  Note that the 433
information being decoded here is dependent upon inferred covert attention to a 434
particular object that is presented simultaneously with other objects in a cue array, 435
rather than simply upon the identity of a single object that is the subject of direct fixation, 436
and the data comprising this figure include the cross-temporal (off-diagonal) decoding 437
bins.  For comparison, if one considers only the bins on-diagonal, maximal decoding 438
accuracy for a single session reaches ~38%; further limiting the decoding to only the 439
time bins during cue array presentation yields a maximum decoding accuracy of ~46%.  440
These results roughly illustrate the maximum decoding accuracy achievable with this 441
simple linear decoder applied to our data set.442

The Context Specificity of Neuronal Representations for Credit Assignment 443

Next, credit assignment requires a representation that is activated only when necessary 444
in order to avoid misattribution of credit for successful or unsuccessful outcomes to 445
available but irrelevant features.  Therefore, we examined whether the feedback-related 446
representation of the cue was actively engaged only when necessary, or if it reflected 447
simply an automatic process triggered by the visual stimulus at the intended choice 448
location.  To do this, we compared neuronal activity between the credit assignment task 449

450
response.  Both tasks employed the same visual stimuli and required the same motor 451
responses.  However, in the spatial task, the correct choice was determined solely by its 452
spatial location rather than by the cue that had appeared earlier at that location.  We 453
found that neurons no longer conveyed the identity of the cue object when it was not 454
necessary for credit assignment:  Only 10/395 (2.5%) and 6/240 (2.5%) neurons in each 455
animal reflected the correct cue at the time of feedback in the spatial task.   456
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Likewise, application of the same population analysis, used above, to decode the 457
identity of the cue at the chosen location in the spatial task yielded very different results 458
compared to its application in the main credit assignment task.  Decoding accuracy was 459
barely distinguishable from chance performance, and the ROC analysis revealed few 460
significant time bins and few sessions with significant decoding performance (FIGURE 461
8).  These findings demonstrate that feedback-epoch representations of the correct cue 462
were actively engaged only as needed, and are broadly consistent with prior results 463
demonstrating active selection of relevant information for representation in the dPFC 464
(Rainer et al., 1998b; Everling et al., 2002; Lebedev et al., 2004). 465

The Relationships between Feedback-Related Neuronal Activity and Learning 466

To explore the relationship between feedback period activity and behavioral variables, 467
including subsequent choices, we fit a linear model to the spike rates of each neuron 468
during the 500 ms feedback epoch.  We assessed the following predictors:  Task 469
(Object vs. Spatial); Reward prediction error (outcome and expectedness); Cue object 470

471
upper right, lower right or lower left); and whether the animal will repeat the choice of 472
that object or that spatial location on the subsequent trial.  We allowed for one-way 473
interactions between these potential predictors, and counted the number of neurons 474
whose feedback-epoch activity significantly depended on these factors.  We found that 475
reward prediction error, the object formerly at the chosen location and the chosen 476

477
feedback epoch response (FIGURE 9).  More than a third of neurons that conveyed 478
information about the reward prediction error did so in conjunction with a representation 479
of the object (M1: 54/130, 41.5%; M2: 33/83, 39.8%).  Interestingly, about 10-13% of 480
neurons had feedback-related activity that predicted an animal would subsequently re-481
select that cue object or spatial location on the next trial. 482

Finally, we examined whether the fidelity of the feedback representation was related to 483
learning behavior.  Specifically, we hypothesized that neural representations of a 484
particular credit-deserving feature at different times within a trial  specifically, when 485
that feature was actually present vs. when the outcome was revealed  should be most 486
similar during early learning, when credit assignment was needed to forge the link 487
between these events.  Therefore, we quantified the degree to which population activity 488
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at the time of feedback matched activity earlier in the trial, at the time of cue 489
presentation.  Applying a simple cosine vector similarity measure (see Materials & 490
Methods) revealed that similarity was indeed greatest in earlier trials and decremented 491
gradually as learning progressed (FIGURE 10; for a simple linear fit for subject M1: r = -492
0.65, p < .0001; M2: r = -0.44, p = .0012; for both subjects combined: r = -0.6972, p < 493
.0001), consistent with the particular importance of credit assignment during early 494
learning.  No relationship between similarity and learning was observed in the control 495
analysis that recalculated the similarity measure using shuffled spike rates (M1: r = 496
0.05, p = 0.19; M2: r = 0.19, p = 0.72). 497

498

DISCUSSION 499

We found that neuronal activity in the dPFC fulfilled the necessary criteria for enabling a 500
solution to the credit assignment problem: 501

First, many neurons encoded the identity of a relevant cue at the time of feedback, even 502
though it was no longer present.  Information about the cues (and chosen locations) 503
peaked during early learning, and rapidly settled to a lower level once learning was 504
complete.  Importantly, many of these neurons simultaneously encoded the outcome of 505
a choice.  This concurrent representation is necessary in order to link the outcome with 506
the causal cue.  The representation of information in other PFC areas may not share 507
this selectivity.  For example, neurons in the orbitofrontal cortex have been reported to 508
reflect prior actions at the time of feedback, but to do so regardless of the outcome 509
(Tsujimoto et al., 2009), inconsistent with a central role in credit assignment; however, 510
that study and another (Seo et al., 2007) did observe encoding of prior actions with 511
respect to prior or current reward in the dPFC, analogous to our results showing co-512
modulation of neuronal responses by preceding sensory stimuli and outcomes.513
Notably, the types of outcome modulation we observed here were consistent with a 514
reward prediction error, demonstrating that this critical learning signal can interact 515
directly with the neuronal representations of to-be-learned features in the dPFC.516

The observation that neuronal activity represented the cues at the time of feedback is 517
- throughout the 518

prefrontal cortex (Padoa-Schioppa, 2009; Sul et al., 2010; Kennerley et al., 2011; 519
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Padoa-Schioppa, 2013; Donahue and Lee, 2015).  Specifically, all the cues in our 520
experiment were associated with identical reward, so neural activity could differentiate 521
the cues solely by their visual features. The ability to link outcomes with potentially 522
causative stimuli based upon their identity (more than simply reflecting their differential 523
value) is a key requirement for credit assignment. 524

The application of a multivariate linear model to the feedback period activity of dPFC 525
neurons revealed that not only could feedback-related activity reflect the choice 526
outcome and task features such as the relevant cue object or chosen spatial location, 527
but that in some neurons this activity predicted whether animals would re-select those 528
features on the subsequent trial, consistent with the notion that this activity contributes 529
to learning behavior. 530

Second, the neuronal representation of the cues at the time of feedback were 531
sufficiently similar to the representation of the same cues at the time of their actual 532
presentation, earlier in the trial, such that the identity of the correct cue could be 533
determined from ensemble activity using a decoder trained at a different time within the 534
trial.  A stable representation over time can facilitate the linking of a behavioral outcome 535
with an earlier causal feature.  While statistically significant and stable population 536
decoding was found throughout the trial and across broad temporal offsets, the 537
magnitude of this decoding was fairly modest, on the order of 3-5% improvements (in 538
absolute terms) over chance performance, on average.  Some of this was likely due to 539
the relatively small ensembles of simultaneously-recorded neurons considered, and 540
some of this likely results from the use of a very simple linear decoder.  Therefore, 541
decoding performance with larger ensembles and using more sophisticated, 542
biologically-plausible classifiers is likely to be significantly better (Pouget et al., 2000), 543
though this remains to be tested directly in the context of credit assignment.  544

Third, when the same neurons were recorded in a task with identical visual and motor 545
elements, but with a different rule that rendered the identity of the cue object irrelevant 546
for learning, the cues were no longer strongly represented in neuronal activity at the 547
time of feedback, neither within individual neurons nor across simultaneously-recorded 548
populations of neurons, demonstrating that the cue representation was actively 549
engaged when necessary for learning.   550
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Lastly, the fidelity of the feedback representation, as compared to the earlier 551
representation of the cues, was greatest when credit assignment was most critical, in 552
the earlier trials of each block when learning occurred.  These data suggest that stability 553
of the neural code may be dynamically modulated by the needs of the task and state of 554
learning.555

Together, these results are consistent with the notion that neurons in the dPFC provide 556
the necessary, selective and stable representation of relevant features at the time of 557
feedback to enable credit assignment. 558

Previous work found that little or no similarity exists in the dPFC neural representation 559
of particular features across time (Meyers et al., 2008; Sigala et al., 2008; Barak et al., 560
2010; Stokes et al., 2013), in contrast to our current results.  One possible reason for 561

-562
learning and re-learning, and explicitly required difficult credit assignment to achieve this 563
learning; meanwhile, prior work used a well-learned task in which animals had extensive 564
experience with the particular cues, rules and discriminations.  As we previously 565
observed, the magnitude of dPFC neuronal activity related to learning decreases over 566
extended experience (Asaad et al., 1998), and here we observed that the cross-567
temporal representational similarity decrements as well, fairly rapidly over at least a few 568
tens of trials; more dissimilarity may develop gradually over time, perhaps even to the 569
point where no apparent similarity remains.  Therefore, examination of representational 570
similarity during early, on-line learning and the use of a task which required 571
representational stability for credit assignment may have been critical to observe 572
stability in the neural code.  Importantly, our results do not argue for a lack of 573

574
demonstrate that significant information can indeed persist in a stable form. 575

The persistence of some aspect of neuronal activity related to the credit-deserving 576
feature into the time of delayed feedback is known more generally as an eligibility trace 577
(Sutton and Barto, 1998), and reinforcement interacting with this eligibility trace is what 578
confers the selectivity that is necessary for proper credit assignment.  While spiking 579
activity, as we observed here, may provide an overt eligibility trace, additional non-580
spiking aspects of neuronal function may nevertheless contribute to this process (Fiete 581
and Seung, 2006; Izhikevich, 2007; Urbanczik and Senn, 2009).   Our results show, 582
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however, that stable spiking activity is indeed one viable mechanism for solving the 583
temporal credit assignment problem. 584

Credit assignment is undoubtedly a complex process to which a variety of brain regions 585
contribute key components.  For example, previous work has implicated other areas of 586
the prefrontal cortex as well as the parietal cortex.  Specifically, the fMRI BOLD signal in 587
the lateral orbitofrontal cortex of monkeys was observed to correlate with win-stay / 588
lose-shift (contrasted with win-shift / lose-stay) behavior, reflecting successful choices 589
that depended upon proper credit assignment (Chau et al., 2015), and lesions of the 590

591
misattributed to preceding events (Noonan et al., 2010).  In humans, BOLD signals 592
correlated with attribution of credit to attended vs. non-attended cues were observed in 593
the medial and orbitofrontal cortices (Akaishi et al., 2016); our study did not directly 594
assess potential differences in the assignment of credit to attended vs. non-attended 595
options because there was no direct measure of the locus of attention, and these 596
animals generally learned much more from positive than from negative feedback in this 597
task (Asaad and Eskandar, 2011), limiting our ability to examine substrates of 598
counterfactual reasoning. Meanwhile, neurons in the lateral intraparietal sulcus 599
responded more vigorously after a choice that should be assigned credit for a delayed 600
reward, irrespective of the timing of that event within a sequence of choices (Gersch et 601

perhaps602
through the augmentation of an eligibility trace that determines the magnitude of an 603

604

Importantly, credit assignment may not be a unitary process.  There may be both 605
implicit and explicit learning mechanisms that operate in parallel to enable solutions to 606
the credit assignment problem (Fu and Anderson, 2008), and so these dPFC neuronal 607
representations may ultimately contribute to one or multiple processes. 608

Our results show that information necessary to perform credit assignment resides in the 609
dPFC.  To what extent other cortical or subcortical areas contribute inputs to this 610
process, are recipients of information computed here, or interact more dynamically to 611
enable credit assignment across a broader circuit is not yet clear, and should be the 612
subject of future work.613
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751

FIGURE & TABLE LEGENDS 752

Figure 1.  Behavioral task, behavioral performance and recording locations 753

The behavioral task is shown in A.  Animals first acquired then held fixation for 1 754
second.  This was follow by the appearance of a cue array consisting of 4 cue objects, 755

756
Then, the fixation spot disappeared and animals made their choice by saccading to the 757
former location of one of the cues.  Central fixation was maintained throughout the trial 758

the chosen 759
location, generic positive feedback (a green circle) was presented for 0.5 seconds, 760

761
arned which 762

cue marked the rewarded location and performed 40-50 further correct trials, a different 763
cue was designated correct and they were required to relearn the correct cue using trial-764
and- motor responses; 765
however, a particular spatial location determined the correct response regardless of the 766
cue that earlier appeared there.  In that case, no credit assignment to the cues was 767
necessary for learning. 768

Behavioral performance from a typical session for each animal is shown in B.  Blocks, 769
separated by vertical white lines, consisted of one feature (cue picture or spatial 770
location) designated as correct.  The white numbers identify the condition in that block 771
(blocks 1-4 for each of the four cue pictures, blocks 5-8 for each of the spatial locations 772
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that could be designated correct).  Blocks were interleaved in a pseudo-random fashion 773
such that the cue-learning and spatial learning tasks occurred in pairs and no individual 774
block would be repeated within an 8-block cycle.  Behavioral data was smoothed in a 775
10-trial boxcar average:  green = correct choice; red = incorrect choice; pink = broke 776
fixation; blue = early response; gray = no fixation to initiate trial).   777

The behavioral strategy used by the animals is depicted in C.  Here, rather than overall 778
performance, the probabilities of repeating the immediately preceding choice of cue 779
object (red) or spatial location (blue)  whatever those choices happened to be  are 780
plotted as a function of trial number within a block (± standard errors).  Only the cue 781
learning blocks, in which the animals needed to learn which cue object marked the 782
correct spatial location, are included.  Note that these probabilities begin relatively 783
higher due to the presence of preceding cue learning or spatial learning blocks.784
Animals relied relatively more on a spatial strategy (re-selecting a particular spatial 785
location) early during learning, then switched to a cue-based strategy (re-selecting the 786
location indicated by a particular cue) as learning progressed. 787

The locations of neuronal recordings are shown in D.  The density of recording sites 788
from both animals is projected onto a reference macaque brain and shown in the three 789
standard planes (see Methods).  Warmer colors indicate relatively more recordings 790
performed at those locations.  The visualized slices were selected to pass through the 791
highest density region. 792

Figure 2.  Cue- and outcome-related information across neurons 793

The population-averaged information about cues (A & B) and outcomes (E & F) are 794
shown for each subject (M1: A, C & E; M2: B, D & F).  The top panel in each sub-figure 795
shows the information (in bits) at each time point, averaged across all recorded neurons 796
from each subject.  The shaded region around each line encloses the mean ± the 797
standard error.  Note that information about the correct cue can be present throughout 798
the trial because this is stable over an entire block.  The bottom panels show the 799
number of neurons conveying significant information at each time point.  Graphs C & D800
show the time course of information about the cues within just those neurons with 801
significant cue-related information during the feedback period.  Outcome-related 802
information prior to the feedback reflects the prior-803
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described (Asaad and Eskandar, 2011).  Note that the amount of information conveyed 804
about cues or outcomes over the entire population is within the same order of 805
magnitude (top panels), but this information is distributed over many more neurons in 806
the case of outcome representation (bottom panels). 807

Figure 3.  Timing of peak cue-related information 808

The time of maximal information about the cues is plotted for every neuron (blue) or 809
only neurons carrying statistically significant information (red).  For each neuron, the 810
time of peak cue-related information was determined and added to this histogram to 811
depict the number of neurons that conveyed their maximal cue-selective information at 812
each time point.  The shaded areas under the red line were integrated to obtain the 813
numbers of neurons whose cue-related information was maximal in the cue or feedback 814
epochs (see main text).  Note the local peak in the number of neurons whose maximal 815
information about the cues was conveyed during the feedback period. 816

Figure 4.  Examples of individual neurons with both cue and outcome selectivity 817

Three individual neurons are depicted across A, B and C.  The top row shows each 818
819

  The top 820
panel in each row shows the activity of these neurons in spikes per second, whereas 821
the bottom panels show the information content in bits (assessed across the four cue or 822
outcome exemplars; see Materials & Methods).  The shading in the bottom panels 823
reflects the significance of the information metric based upon a bootstrap reshuffling of 824
the assignment of trials to conditions.  Note that information about the correct cue 825
picture could be present prior to the appearance of the cue array because a single cue 826
was designated correct for an entire block.  Note also that significant information about 827

828
was reflected in the outcome categories used here (as in (Asaad and Eskandar, 2011; 829
Donahue and Lee, 2015)). 830

Figure 5.  Cue and spatial information as a function of learning 831

The information conveyed by neurons during the cue epoch (blue) or feedback epoch 832
(red) about the selected cue (A, B) or spatial location (C, D) is plotted as a function of 833
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correct trial number relative to learning criterion (± standard errors).  The same metric 834
calculated for data in which the assignments of trials to cue objects (A, B) or spatial 835
locations (C, D) were shuffled are shown in yellow and purple, respectively.  Data are 836
shown separately for subjects M1 (A, C) and M2 (B, D).  Note that the information 837
measured here is an order of magnitude higher than observed in FIGURE 2, in large 838
part due to differences in entropy in this calculation which considered fewer trials for 839
each data point.  Note the somewhat delayed peak in cue information relative to spatial 840

841
switching to a cue-based strategy. 842

Figure 6.  Cross-temporal decoding of cue-related neuronal activity 843

Population activity vectors from simultaneously-recorded neurons were used to classify 844
individual trials according to the correct cue (for M1 in A and M2 in B).  The accuracy of 845
classification is depicted in the color scale of the central plot.  The classifier was trained 846
using a particular time bin (x-axis) and then tested against the same or different time 847
bins (y-axis) from separate trials.  Classification employed a linear decoder that relied 848
upon simply the minimum Euclidean distance between trained and tested vectors.  The 849
decoding accuracy when the same time bin was used for training and testing (across 850
separate trials) resides in the main diagonal and is shown in the upper left (black line 851
with grey areas representing standard errors and standard deviations).  A shuffled 852
bootstrap procedure in which trials were randomly reassigned to cues was used to 853
verify chance-level decoding (~25% correct) in that circumstance (black line with red 854
areas for standard errors and standard deviations).  The ROC results comparing actual 855
versus shuffled decoding is shown at the bottom left, and the fraction of recording 856
sessions with significant decoding according to the ROC shuffled bootstrap is shown at 857
the bottom right.  The far upper-left shows the ROC results along the main diagonal, 858
with the shading corresponding to the fraction of significant sessions as in the bottom 859
right.  Cross-temporal decoding accuracy is depicted at the upper right, which is 860
computed by taking the mean over each diagonal.  The standard deviations and 861
standard errors are shown in light and dark grey, respectively (standard errors may be 862
imperceptible due to their small values).  Note that while there is a peak in decoding 863
accuracy when using nearby time-bins (near the center of this plot), decoding accuracy 864
does not return to chance even at large offsets between the training and decoding bins, 865
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necessitating some degree of stability in the neuronal representation across time.866
Exclusion of neurons with potentially unstable baseline activity (see Materials & 867
Methods) did not significantly alter this result.  868

Figure 7.  Decoding accuracy as a function neuronal ensemble size 869

Decoding accuracies are plotted against the size of the corresponding neuronal 870
ensembles for each session.  The dots and lines represent the means across all 871
training-decoding offsets ± the standard deviations (standard errors are too small to be 872
visible).  The lines depict the least- =873
0.518, p = 0.002; M2: r = .673, p = 0.0008).  Note the y-intercept for both animals is 874
appropriately close to chance level (horizontal line, 0.25). 875

Figure 8.  Cross-temporal decoding of cue-related activity in the spatial task 876

Conventions and methods are as in Figure 5.  Here, the population decoding was 877
applied to assess the amount of information conveyed by simultaneously-recorded 878
neurons about the cue during the spatial task, where the identity of the cue was 879
irrelevant to learning.  Data for subjects M1 and M2 are shown in A and B, respectively. 880

Figure 9.  Relationships between behavioral variables and feedback epoch 881
activity882

A linear model was fit to the feedback epoch spike rates of individual neurons to assess 883
nd upcoming choices on neuronal activity (spike 884

rate in the 500ms feedback epoch).  Results are shown for subjects M1 (A) and M2 (B).885
Predictor variables consisted of the Task (cue learning vs. spatial learning), the 886
outcome (reward prediction error, or RPE, as described in the Methods), the identity of 887
the chosen Cue or spatial Location, and whether the animal would repeat that choice 888
of cue or location on the next trial (Will Repeat Cue and Will Repeat Location).  The 889

he number of neurons whose activity was found to be 890
significantly (p < 0.01) dependent upon the factor listed at the left, either singularly or in 891
interaction with another factor; numbers here may not sum to the simple totals taken 892
from the left because neurons were counted only once even if they depended on a 893
particular factor in more than one way (such as in two different interactions).  Repeating 894
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this analysis while excluding neurons with potentially unstable baseline activity (see 895
Methods) did not significantly alter any of these results (all values within ± 4%).896

Figure 10.  Cross-temporal fidelity of cue representations across the cue and 897
feedback epochs during learning 898

The similarity of neuronal representations of the cue across time for subjects M1 (A)899
and M2 (B) was assessed by taking the cosine between population vectors derived from 900
the cue and feedback epochs of correct trials and plotting this according to trial number 901
relative to learning criterion (first of 4 consecutive correct trials).  Shown is the mean 902
vector similarity for each trial (blue) ± the standard error (left axis).  A third-order 903
polynomial fit is overlaid to depict the trend.  The shuffled (control) vector similarity 904
values are plotted in red.  Concurrent behavioral performance is plotted as a bar graph 905
in the background (right axis).  Data are smoothed using a 3-trial sliding average. 906
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