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ABSTRACT

8

Intense attentional effort improves performance. Neurons in visual area V4 exhibit changes in

9

spike rates that are correlated with effort, selective attention and absolute reward expectation. How

10

neuronal spikes in V4 encode attentional states and perceptual performance with reference to other

11

task relevant motivational and decision signals is poorly understood. We recorded neuronal spikes

12

from monkey visual area V4, and isolated attentional effort from reward expectancy and motor

13

decisions in a visual orientation detection task using a statistical approach based on generalized

14

linear models. We found that V4 spike responses exhibit hysteresis with reward changes. Single

15

trial spiking activity encodes a combination of temporally overlapping sensory and cognitive

16

signals. Neuronal spikes integrate contextual history of attentional effort on a longer time scale,

17

and task related perceptual detection in a shorter timescale within a single trial. Notably, immediate

18

reward expectation and behavioral choice probability are poor predictors of V4 spikes throughout

19

the trial. Further, detection of task relevant perceptual signal is decoded from single trial

20

population spikes with high accuracy. These results provide a detailed representation of perceptual

21

and cognitive signals in V4 that are crucial for performance.

22
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24

INTRODUCTION

25

The modulation of neuronal responses by spatial or featural attention has been examined

26

extensively in area V4 in monkey visual cortex. When a monkey’s attention is directed towards

27

the receptive field (RF) location of a V4 neuron, improvement in perceptual performance in that

28

region is accompanied by several changes in neuronal activity. Typically, spike rates are greater

29

(Luo and Maunsell, 2015; Moran and Desimone, 1985); individual response variance is reduced;

30

and pairwise spike correlations (noise correlation) decrease (Cohen and Maunsell, 2009; Reynolds

31

and Heeger, 2009). Similarly, responses of V4 neurons can be augmented when an animal

32

increases it attentional effort (the intensive aspect of attention) when faced with a more challenging

33

task (Boudreau et al., 2006; Spitzer et al., 1988).

34

However, interpreting neuronal correlates of attention is challenging because it is so closely

35

intertwined with many cognitive and experimental covariates, such as stimulus features, action

36

planning and reward parameters. Expectation of a potential reward is one of the primary external

37

motivators for an animal engaged in a laboratory task. Information about rewards has been reported

38

to exist in many brain structures, including visual areas that are affected by changes in attentional

39

states. Spike rates of neurons in visual cortical area V4 and the lateral intraparietal cortex (LIP)

40

can follow absolute reward size associated with a visual target inside their RFs in a manner

41

independent of attentional performance (Baruni et al., 2015; Rorie et al., 2010). Neuronal encoding

42

of expected reward or choice is well studied in the striatum (Schultz et al., 1992; Tremblay et al.,

43

1998) and prefrontal cortex (Donahue and Lee, 2015; Padoa-Schioppa and Assad, 2006; Roesch

44

and Olson, 2004), and is characterized by neuronal activity correlated with the absolute reward

45

contingency associated with a stimulus while being independent of the relative reward value.

46

Because attention and reward are both defined by their action on goal-directed behavior, their high
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47

covariance in relation to performance makes it difficult to isolate the true nature of the

48

representation of attention states within the visual cortex.

49

The contribution of visual cortical neurons in encoding attention is typically examined by

50

instructing the animal to direct attention in one way within a block of trials using different, fixed

51

reward conditions, which vary between blocks. This allows animals to attain a stable cognitive

52

state of reward expectation as well as attention. In studies aimed at understanding neuronal

53

encoding of relative versus absolute reward sizes, different reward conditions are often interleaved

54

across trials and signaled by a cue at the start of each trial. Such task designs effectively rule out

55

contributions due to slowly varying or history-dependent attentional effort that changes over

56

several trials. In this framework, the cognitive state of attentional effort may not settle to a stable

57

level, limiting the animal’s ability to take advantage of perceptual benefits of intense attentional

58

effort (or economic utilization of costly cognitive resources) in the case of large over small rewards

59

(Baruni et al., 2015; Rorie et al., 2010) (but see (Cicmil et al., 2015)). Thus, in order to define

60

attention quantitatively, it is crucial to understand how neurons represent attentional effort and its

61

transitions in relation to global physiological cognitive state. To do so, one must first define and

62

experimentally control the cognitive effort that manifests across neuronal, physiological and

63

perceptual performance levels. It is additionally crucial to identify how both steady-state and

64

transitions in attentional effort (e.g. high-to-low or low-to-high) correlate with neuronal,

65

physiological and behavioral responses. Finally, it is important to isolate the relative contributions

66

of different task-relevant cognitive and experimental covariates to visual cortical spikes within a

67

single trial as the trial progresses.

68

We manipulated the level of monkeys’ attentional effort using a novel task in which their

69

overall attentional effort was switched between high and low levels with no change in attentional

70

selectivity for stimuli at one location over another. We found that attentional effort modulates V4

4
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71

neurons independently of spatial or featural attention. Additionally, by varying reward size on each

72

trial around an average, we could produce a single trial estimates of reward expectation as well as

73

both the transient and stable (slow-varying) attentional effort. Using a generalized linear model

74

(GLM) on single trial spike-counts of individual V4 neurons, we quantitatively described

75

contributions of temporally overlapping neuronal response components associated with attentional

76

effort, reward expectation and perceptual detectability. This framework revealed both steady state

77

and time varying signals encoded in V4, enabling the assessment of a broader spectrum of

78

cognitive functions to which visual cortical areas can contribute dynamically.

79

RESULTS

80

Reward size modulates attentional effort

81

We trained two rhesus monkeys to distribute their visual spatial attention between the left and right

82

hemifields while doing an orientation detection task (Figure 1A). The animal held its gaze on a

83

central fixation spot throughout each trial. Two Gabor sample stimuli appeared briefly (200 ms)

84

after a randomly varying period of fixation and, after a subsequent delay (200-300 ms), a single

85

Gabor test stimulus appeared at one of the two sample locations (selected pseudo-randomly). If

86

the orientation of the test stimulus differed from the sample that had appeared in that location (a

87

target) the monkey had to rapidly make a saccade to the stimulus to earn a juice reward. On a

88

random half of the trials, the orientation of test stimulus was unchanged (a non-target) and the

89

monkey was required to maintain fixation. In that case, a second test stimulus that always had a

90

different orientation was presented after a short delay and monkeys needed to saccade to this

91

stimulus to earn a reward. Reward values for correct responses were always the same on both sides

92

and fixed, either small or large, within alternating blocks of 120 trials. Stimulus parameters

93

remained unchanged throughout all trial blocks within a session except the reward size. The

94

transitions between blocks were unsignaled and sequential (small to large or large to small, Figure
5
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95

1B). The monkey therefore had to estimate reward expectancy based on previous trials to adjust

96

its behavioral strategy in allocating effort between blocks.

97

Varying rewards in different blocks of trials allowed us to behaviorally control the amount

98

of attention the animal directed to each stimulus location. Animals were encouraged to maintain a

Figure 1. Manipulation of attentional effort using differential reward outcomes. (A) Visual spatial
attention task. Monkeys were required to fixate, attend to sample stimuli (Gabors) presented in both
hemifields (inside and outside of recorded neurons’ receptive field (RF)) and report an orientation change
that occurred in one of the two test intervals by making a saccade to the stimulus location. (B) Unsignaled
change in reward size between large and small values over blocks of 120 trials. (C) Attention operating
characteristic (AOC) curve, indicating behavioral sensitivity (d’, circles) and criterion (c, triangles) on
individual sessions and their average (solid markers) for test stimuli inside and outside RF during two
reward conditions, large and small (24. Total sessions: 9 monkey P; 15 monkey S). Dotted colored lines
indicate average d’ in each hemifield. Lines connect two reward conditions within a session. Error bars,
95% confidence intervals. (D) Eye positions (top) and pupil areas (bottom) aligned to trial events in an
example session. Each of 9 blocks, 120 trials/ block. Error bars, 95% confidence intervals. (E) Block
averaged pupil area during pre-stimulus fixation and sample stimulus periods. Pupil area was normalized to
mean of pre-stimulus fixation during small reward trial blocks. Error bars, 95% confidence intervals.

6
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behavioral target/non-target bias (criterion, c) close to zero by providing rewards of different sizes

100

for hits and correct rejections (Figure S1). Because the reward sizes for targets were always the

101

same in both hemifields, animals typically allocated equal attention to both sides within either the

102

high and low reward condition. Figure 1c plots behavioral sensitivity (d’) and response criterion

103

(c) for behavioral performance on the first test stimuli on the left and right side for the large and

104

small reward conditions. Solid lines join average sensitivities from alternating high- and low-

105

reward blocks from a single day. Dashed arcs around the origin mark isopleths of constant total

106

effort across the two stimulus locations. Movements perpendicular to these lines correspond to

107

changes in attentional effort; movements along these lines correspond to changes in attentional

108

selectivity. Sensitivities on both locations are well balanced (no net attentional selectivity) during

109

most individual sessions. Larger rewards strongly motivated the animals to increase their

110

attentional effort compared to small reward trial blocks. A four-fold increase in reward size

111

(median small reward 131 µl, quartiles 108 and 150 µl; median large reward 522 µl, quartiles 469

112

and 570 µl) increased overall behavioral d’ (Methods) by 71% (mean small 2.03, SEM 0.07; mean

113

large 3.48, SEM 0.08, p < 10-17, paired t-test; Figure 1C, Table S1). Behavioral response criterion

114

remained near zero regardless of reward size (Figure 1C, Table S1).

115

Non-luminance mediated task-evoked modulation of pupil size is commonly considered a

116

proxy for mental effort across species (Beatty, 1982; Piquado et al., 2010) (for review (Laeng et

117

al., 2012)). Throughout the task, animals maintained a stable fixation (example session in Figure

118

1D, top), during which pupil area remain elevated for large reward trials relative to small reward

119

trials (example session in Figure 1D, bottom). Large reward increased pupil area during fixation

120

by 9% (all values normalized to fixation on small reward trials, mean large 1.09, SEM 0.02) and

121

during sample stimuli by 24% (mean small 1.05, SEM 0.02, mean large 1.31, SEM 0.02) (repeated

122

measures ANOVA, F(1, 415) = 45.5, p < 10-10; Figure 1E). While the within block trial-averaged

7
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123

behavioral d’ was strongly positively correlated with both reward size and pupil area during sample

124

stimuli, pupil area failed to exhibit any correlation with reward size (partial correlation, reward -

125

d', r = 0.68, p < 10–55; pupil area - d', r = 0.23, p = 10–5; reward - pupil area, r = 0.08; p = 0.09; N

126

= 417 blocks of trials).

127

Responses of V4 neurons increase with increasing attentional effort

128

Some previous studies have shown that attention-related modulation of the responses of V4

129

neurons increases when tasks demand more cognitive effort (Boudreau et al., 2006; Spitzer et al.,

130

1988). However, in those studies increases in task difficulty always covaried with increases in

131

behavioral selectivity for one visual field location over another. A more recent study similarly

132

showed that the neurons in V4 respond more strongly when monkeys shift their attention to

133

increase their behavioral d’ at the recorded neurons’ receptive field location relative to another

134

location in the opposite hemifield (Luo and Maunsell, 2015), a manipulation that also covaried

135

selectivity and sensitivity. Our task design allowed us to change attentional effort with no

136

appreciable change in the selectivity for one spatial location over the other (Figure 1C).

137

We recorded 970 single units and small multi-unit clusters during 24 recording sessions

138

from the two monkeys (monkey P, 9 sessions, 407 units; monkey S, 15 sessions, 563 units) using

139

96 channel multielectrode arrays chronically implanted in V4 in the superficial prelunate gyrus of

140

one hemisphere. Trial averaged population spike rates during the sample stimuli period for

141

correctly completed trials (hits and correct rejections) increased in large reward trial-blocks when

142

the monkeys’ attentional effort was higher (Figure 2A-C). Average responses were low because

143

the stimulus was patently suboptimal for most of the simultaneously recorded neurons. The peak-

144

normalized population spike rates in one monkey (animal S) show greater sustained activity than

145

the other (animals P, Figure 2B, C). This difference arose from differences in average absolute

146

peak firing rate (monkey P mean 28.7 SEM 1.1 spikes/s, monkey S mean 24.6 SEM 0.9 spikes/s,

8
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Figure 2. Higher attentional effort increased spiking of
neurons in area V4. (A) Peri-stimulus time histograms (PSTH)
of spike rates of correct trials in large and small reward blocks for
an example neuron in V4. Single trial spike counts were binned
at 2 ms, smoothed with s = 15 ms half-Gaussian and then aligned
at the onset of sample stimulus. Horizontal bar, sample stimulus
presentation. (B-C) Population PSTHs for monkey P (B) and
monkey S (C). For population average, spike rates of each neuron
were normalized to its peak response within 60 - 260 ms from
sample stimulus onset (monkey P, n = 407; monkey-S, n = 563).
Error bars, 95% confidence intervals (bootstrap, n = 104). (D)
Distribution of neuronal modulation indices (MI) of all units from
both monkey P and S (n = 970). Red bars, neurons with MI values
significantly different from 0 (n = 603/ 970, p < 0.05). White bars,
non-significant MI. Solid triangle, population MI averaged across
all units (n = 970, p < 10–105, t-test).

147
148

p < 0.01, ranksum test) and average absolute sustained rates (monkey P mean 16.2 SEM 0.7

149

spikes/s, monkey S mean 18.5 SEM 0.6 spikes/s, p < 0.01, ranksum test). Principal component

9
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150

(PC) analysis of spike peri-stimulus histograms of all neurons revealed that monkey P has higher

151

principal component scores associated with third PC, which captured transient peak response

152

(Figure S2). To quantify neuronal modulation by attentional effort, we computed a modulation

153

index (MI) as the difference of firing rates (60-260 ms from sample onset) between high effort

154

(large reward) and low effort (small reward) conditions divided by their sum. The mean MI was

155

significantly greater than zero, indicating higher firing rates during high effort condition (mean =

156

0.05, p < 10–105, n = 970, t-test; Figure 2D or ~11.6% increase in firing rate). The attentional effort

157

effect was also significant for individual monkeys (monkey P, mean = 0.08, p < 10–70; monkey S,

158

mean = 0.03, p < 10–52; Figure S3). In addition, of 970 units recorded in V4 in the two monkeys,

159

significant effort modulations (p < 0.05) were observed in 603 (62%) units. Thus, an isolated

160

change in attentional effort affects responses in V4 in absence of behavioral selectivity or response

161

criterion changes.

162

Trial-by-trial physiological and behavioral dynamics in response to reward modulation

163

Many experimental covariates might closely follow the timing of changes in reward size. We

164

therefore examined the dynamics of neuronal, physiological and behavioral responses associated

165

with reward changes. Trial-by-trial values of behavioral d’, sample-stimuli-evoked pupil area and

166

spike counts were aligned to the first correct trial after block transitions, and then averaged across

167

blocks (Figure 3). The first reward in a block unambiguously signaled a block transition, which

168

was otherwise unannounced. Block-averaged single trial reward values received by the animals

169

approximated step functions (single exponential fit: t = 0.2 and 0.5 trials respectively for

170

transitions from small-to-large (n = 212 blocks) and from large-to-small (n = 205 blocks), Figure

171

3A). Behavioral d’ closely tracked reward changes for the transition from large-to-small (t = 1).

10
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Figure 3. Directions of reward change have differential delayed effects on behavior and physiology. (AD) Block averaged single received rewards (A), behavioral sensitivity (d’) (B), normalized mean pupil area
during sample stimulus period (C) and normalized V4 spike counts across all neurons (n = 970; d) in large (N
= 212) and small (N = 205) reward blocks. Circles, observed data. Lines, single exponential fits. t, decay or
rise constants. Trials are aligned with respect to the first correct trial following block transition. Dashed lines,
95% confidence intervals. (E-G) Hysteresis with transition of attentional effort. Behavioral d’ (E), pupil area
(F) and V4 spike counts (G) in response to reward changes from large to small and reverse. Horizontal error
bars, mean ± SEM of reward size across blocks at the center value of y-axis variable. (H) V4 spike counts as
a function of d’ changes. Vertical lines, mean d’ across blocks at the half-value of spike counts. (I) Top,
Analysis widows for reward matched V4 spike counts in large and small reward blocks within first 10 trials
at the beginning (middle, cyan) and last 60 trials at the end of blocks (bottom, purple). Bars, mean received
rewards across trials binned between 0-1 (bin size = 0.2, overlap = 0.1; within session normalized) for two
reward-block conditions. Error bars, 95% confidence intervals (bootstrap, n = 104). Circles, mean normalized
spike counts (n = 970) on immediate next trial. (J) Left, Linear regression between mean pupil area (0 - 400
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ms), spike counts (60 - 260 ms) and reward conditions (high and low efforts) across all trials were fit
separately for each neuron. Population mean ± SEM of fitted coefficients (effort and spike counts) for neurons
with significant fit (p < 0.05, n = 625). Right, Two separate linear regression fits between pupil area and spike
counts for large and small reward trials. Mean ± SEM of fitted coefficients of spike counts in for the two
reward conditions for neurons with significant fit (p < 0.05, n = 334).

173

However, the d’ was much slower (t = 12.2) for transitions from small to large (Figure 3B). As

174

expected, trial constants of percent-correct followed a time course similar to d’ (large-to-small, t

175

= 1; small to large, t = 9.0; Figure S4). In contrast to task performance, pupil area and population

176

mean V4 spike responses (60-260 ms from sample onset) had the same slow decays for large to

177

small transitions (t = 9 for both) and similar, faster rises for small to large transitions (t = 4 and 2

178

respectively for pupil area and spikes, Figure 3C-D).

179

The dynamics of the effects of reward transitions on neuronal firing, pupil area and

180

behavior can be clearly seen in hysteresis plots (Figure 3E-G). Behavioral d’ tracks transitions

181

from small-to-large reward size more slowly than transitions from large-to-small reward size

182

(Figure 3E). In contrast, pupil area and neuronal responses track transitions from small-to-large

183

reward size more quickly than transitions from large-to-small. The normalized reward value at

184

which the values reach their mid-point differ significantly for high-to-low and low-to-high

185

transitions for all three measures (horizontal bars in Figure 3E-G, mean ± SEM, p < 10-31, t-test).

186

Similar neuronal hysteresis is also seen in motion perception and contrast detection in humans

187

where stimulus history affects perceptual detection threshold (Kleinschmidt et al., 2002; Williams

188

et al., 1986). The different dynamics between d’ and spike rate were almost complementary

189

(Figure 3H), with spike rate leading for low-to-high transitions and lagging for high-to-low

190

transitions of d’.

191

While the average spike rate in area V4 changed slowly following block transitions, the

192

averages might obscure trial-to-trial changes in neuronal activity that tracked the reward received

12
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on the previous trial. Because rewards for hits and correct rejections (CR) typically differed

194

(Figure S1), we could measure of dependency of spike counts on the previous reward. We sorted

195

trials into different bins depending on the normalized reward size on the preceding trial and

196

measured spike counts of each neuron (Methods). We further separated the trials based on whether

197

they occurred immediately after block transitions (within first 1-10 trials from the first correct

198

response after the reward switch) or during steady-state within a block (final 60 trials, 61-120)

199

(top, Figure 3I). Reward value on the previous trial did not affect spike counts [F(8, 12801) = 1.46, p

200

= 0.164 for repeated measured factor reward value (9 levels); F(1, 12801) = 3.72, p = 0.0537 for

201

between group factor, block-reward condition (large and small)] (middle, Figure 3I). The lack of

202

reward dependency of spike responses remained unchanged even during the late, steady state

203

portion of blocks (late trials), when a large effect of block-reward size was seen [F(8, 10752) = 1.18,

204

p = 0.307 for reward value; F(1, 10752) = 7.78, p = 0.005 for block-reward condition] (bottom, Figure

205

3I). Thus, the strong V4 response modulations we saw were dominated by slow effects.

206

The similar dynamics of pupil area (Figure 3C) and spike rate (Figure 3D) suggest that a

207

larger pupil area associated with high effort might enhance effective retinal illumination, which

208

might elevate V4 neuronal spiking. To test this possibility, we quantified how well pupil area

209

correlates with V4 spike rates and effort states (‘high’ or ‘low’) for all neurons using linear

210

regression (Methods). Regression coefficients for effort were more than eight-fold higher than the

211

coefficients for spike rate (mean ± SEM, spike rate, 0.08 ± 0.005; effort, 0.68 ± 0.01; Wilcoxon

212

rank sum test, (WRS) n = 625, p = 10–196; Figure 3J, left). Weak relationship between pupil area

213

and spike rate was similar for the two reward conditions, when mean pupil area was fit separately

214

for small and large reward trials (mean ± SEM, small reward, 0.094 ± 0.008; large reward, 0.097

215

± 0.01; WRS test, n = 334, p = 0.13; Figure 3J, right). We additionally measured the temporal

216

relationship between single trial V4 spike trains and pupil area dynamics using cross-correlation

13
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and spike triggered averaged (STA) pupil area for each neuron (Methods). None of the neurons

218

show any significant correlation between PSTHs of pupil area and spike rates (binned at 10 ms)

219

over the analysis window from -350 ms to 350 ms from sample on (Figure S6). Similarly, STA-

220

pupil area that measured the extent to which individual spikes were aligned with pupil area did not

221

show any significant relationship between single spikes of individual neurons and pupil area

222

(absent of STA-pupil area >0 at negative lags; Figure S7). Together, these results suggest that V4

223

spike activity and the autonomic sympathetic system that regulates pupil dilation are both strongly

224

modulated by common top-down cognitive states rather than a direct influence of changing retinal

225

illumination on V4 spike activity within the limit of observed pupil area change.

226

Encoding of attentional states in area V4

227

To understand better how V4 neurons encode a cognitive state associated with enhanced

228

attentional effort, we fitted single trial spike counts of every neuron using a generalized linear

229

model (GLM) as a function of experimental predictor variables (Methods). In a detailed GLM

230

(complete model; Figure 4A), we used 13 predictor variables: orientation of sample stimuli inside

231

RF; mean pupil area during the sample period; the saccadic choice; and a reward history that

232

consisted of reward outcomes in each of the previous 10 trials. We also compared the performance

233

of this complete model with two reduced GLMs (Figure S10) that included either reward history

234

(reward model) or the pupil area (pupil model) alone (Figure 4A). Fitted single trial spike counts

235

in small and large reward conditions of an example neuron are shown in Figure 4C. Model

236

performance was measured by pseudo-R2 values (Methods). Most neurons (78%, 757/970) were

237

significantly fit (p < 0.05, F test) with the complete model. Fewer neurons had significant fits for

238

the reduced models (reward model, 12%, 114/970; pupil model, 50%, 483/970; Figure 4B).

239

Figure 4D shows population averaged spike counts of all fitted neurons estimated from the

240

complete GLM with overlying observed responses. We next compared the relative contributions

14
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Figure 4. Encoding of cognitive states by single trial spike counts. (A) Top, Generalized linear models
(GLM) on single trial spike counts during sample stimuli period (60 - 260 ms from sample onset). Spike
counts were fit with three different GLMs. Two were reduced models, based on either reward history (10
immediate past received rewards; reward model) or mean pupil area over 400 ms following stimulus onset
(pupil model). A more detailed model contained multiple experimental and cognitive state variables that
included reward history (past 10 trials), pupil area, saccade response and Gabor stimulus orientation
(complete model). (B) Left, Cumulative probability densities of pseudo R2 values (Methods) of single
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bioRxiv preprint doi: https://doi.org/10.1101/584409; this version posted March 21, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

neurons measure goodness of fit for different GLMs. Right, fraction of the neuron population that were
fitted significantly better (p < 0.05, F test) compared to a null model (a constant) [reward model, 114/ 970
(12%); pupil model, 483/ 970 (50%); complete, 757/ 970 (78%)]. (C) Observed and model predicted spike
counts on single trials from cross-validation test-dataset for an example neuron in two representative reward
blocks. (D) Population averaged observed and fitted (complete model) spike counts. Gray, observed; blue,
complete model. (E) Comparing predictor importance (PI) that measures contributions of different predictor
variables estimated by absolute standardized predictor coefficient values. Colormap represents PIs of all
neurons that were fitted with the complete model (n = 757). Neurons were sorted based on the pseudo R2
values. (F) Population averaged PIs. Error bars, 95% confidence intervals (bootstrap, n = 104).

242

of the experimental variables on spike responses for each neuron as measured by predictor

243

importance (PI), which is the normalized magnitude of fitted coefficients (Methods). Stimulus

244

orientation has the strongest contribution to the spike counts, which is expected because most V4

245

neurons are orientation selective (PIs of individual neurons, Figure 4E; mean PI across neurons,

246

Figure 4F). More interestingly, single trial pupil area (a physiological proxy of attentional effort)

247

also strongly predicts spike response compared to reward history and saccade choice.

248

Instantaneous pupil area remained a strong predictor when we compared with constant effort levels

249

(‘high’ and ‘low’) as well as block-averaged single trial pupil area in two alternate models (PI,

250

mean ± SEM, constant effort, 2.3 ± 0.07; blocked-averaged pupil area, 2.7 ± 0.09, instantaneous

251

pupil area, 5.37 ± 0.19; ANOVA, F(2, 2195) = 166.31, p < 10-67; Figure S11). Together, these suggest

252

that even though reward history is the primary external motivator for the monkeys, V4 spike

253

responses to the sample stimuli encode instantaneous attentional effort more strongly than recent

254

reward outcome value or saccade choices.

255

It is possible that reward history has more weight around the time of block transitions, when

256

expectations change rapidly (Baruni et al., 2015). Because most of the trials within blocks in our

257

task occur long after a transition (steady-state), this weight would be diluted. To address this, we

258

also fit spike counts from only the first 20 trials after block transitions with the same complete-

259

GLM as shown in Figure 4A. (Figure S12). As with the complete data set, stimulus orientation

260

and pupil area contribute much more strongly to V4 spike counts than does reward history.
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261

Although both the pupil area and spike counts are not directly related, they are linked to the top-

262

down attentional effort in a similar way. Thus, the attentional state as represented by pupil area is

263

encoded on single trial spike counts during the sample stimuli period.

264

Dynamic encoding of stimulus change-detection in area V4

265

Although reward representation in V4 is weak during the sample stimuli interval, stronger signals

266

might emerge closer to the behavioral response. We therefore separately fit spike counts during

267

the choice interval (test 1 interval) using a similar complete GLM. We used only those trials for

268

which test 1 stimulus appeared inside RFs and the animal did not initiate a saccade until after the

269

analysis period (which was 60-260 ms from test 1 stimulus onset; 44.4% (22238/50038) of the

270

trials) (Figure S13). The stimulus feature variable in this model was the product of orientation

271

tuning filter and test 1 stimulus orientation, as there were four different orientations of test 1

272

stimulus. The remaining variables were mean pupil area during the test 1 presentation, reward

273

outcomes in each of the previous 10 trials and the saccadic choice.

274

Reward history remained a poor predictor of single trial spike counts compared to pupil

275

area (Figure S13). Notably, the saccade choice variable is also a strong predictor of spike

276

responses for the same neuronal population. Previous reports have shown that spike responses of

277

V4 neurons enhance before initiating a saccade towards the RF location(Burrows et al., 2014;

278

Moore et al., 1998). Among all the saccade sensitive neurons (n = 256, significant saccade

279

coefficient, p < 0.05) about two-thirds were more active before saccades (saccade-preferred

280

neurons; saccade coefficient > 0; n = 149/ 256) and the rest were less active (saccade-anti-preferred

281

neurons, saccade coefficient < 0; n = 107/ 256). Further, based on behavioral outcomes (hit, miss,

282

CR and FA), we sorted observed spike counts on single trials during sample and test 1 stimulus

283

periods for these two neuron types, saccade preferred and saccade anti-preferred (Figure S13). A

284

true encoding of saccade choice by these neurons predicts indistinguishable spike response
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285

between hits and FAs (and between CRs and misses). Instead, spike responses of saccade preferred

286

neurons increase for hits and misses (nonmatch trials) compared to CRs and FAs (match trials).

287

Similarly, responses of saccade anti-preferred neurons increase for CRs and FAs (match trials)

288

compared to hits and misses (nonmatch trials). This suggests that saccade choice is not a suitable

289

predictor variable in accounting single trial spike counts during the test 1 interval; rather ‘stimulus

290

orientation-change’ can be a better predictor parameter.

291

We next fit the same dataset of spike counts during test 1 stimulus with a complete-GLM

292

as mentioned above except, the saccadic choice variable was replaced with stimulus orientation

293

change (Dori) (top, Figure 5A). The variable Dori represents the trial type: match or non-match

294

trial. Covariance between single trial absolute test 1 stimulus orientation and Dori is small (mean

295

partial correlation 0.005) across sessions due to small Dori values (16o-32o). Further, we used only

296

the neurons with very weak correlation coefficients (< 0.2) between model-predicted spike counts

297

due to stimulus feature (product of orientation tuning filter and test 1 orientation) and Dori to rule

298

out stimulus orientation-related effects on estimates of Dori coefficient. V4 spike counts robustly

299

encode information of single trial Dori (Figure 5A-B). Based on significant Dori coefficients (p <

300

0.05), two populations of neurons were classified, Dori-preferred (Dori coefficient > 0, n = 130/

301

521) and Dori anti-preferred (Dori coefficient < 0, n = 109/ 521). As expected, orientation change

302

differentially modulates mean spike counts during the test 1 interval in these two neuron

303

subpopulations in accordance with the change in stimulus orientation [two factor repeated

304

measured ANOVA, F(1, 237) = 15.33, p = 10-4 for neuron types (Dori preferred, Dori anti-preferred);

305

F(3, 711) = 7.83, p < 10-4 for repeated measured factor response choices (hit, miss, CR and FA)]

306

(right, Figure 5C).
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Figure 5. V4 spikes encode change in stimulus orientation immediately prior to response selection.
(A) Top, Dori model: GLM of spike counts during test 1 interval (60-260 ms from test 1 on). Predictor
variables: product of test 1 stimulus orientation and neuron’s orientation tuning filter, pupil area, reward
history and orientation change (match or nonmatch trial). Only the trials when test 1 stimulus appeared
inside RF of recorded neurons and monkey did not initiate any saccade before analysis period (44.4% of
the total trails). Bottom, Contributions of predictor variables to spike counts of single neurons. (B)
Population averaged predictor importance (n = 521). (C) Observed normalized mean V4 spike rates of Dori
responsive neurons during sample and test 1 stimulus presentations for different behavior choice trials. H:
hit, M: miss, R: correct rejection, F: false alarm. Neurons with significant Dori coefficient (p < 0.05) are
classified as Dori-preferred (coefficient < 0, n = 130) or Dori-anti-preferred (coefficient < 0, n = 109) based
on the GLM fits. (D) Decoded task variables on randomly selected pair of trials from cross-validation testdataset in an example session. GLM fitted coefficients and observed single trial V4 spike counts are used
to estimate probability of Dori (Dori model, Figure 5A) and probability of saccade (saccade model, Figure
S11). Open red circle, observed response. Filled black circles, incorrect prediction. Dot, predicted
probability of a response. (E) Decoding accuracy of response choice, saccade and Dori for cross validation
test datasets across all sessions (N = 24) using GLM fits. Triangles, population means. Dashed line, 25%
chance level. (F) Decoding accuracy as a function of number of neurons used for decoding across sessions
(N = 24). Markers, individual session. Solid lines, second order polynomial fits. Dashed lines, 95%
confidence intervals. Error bars, 95% confidence intervals.
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308

Finally, we tested the detection accuracy of stimulus orientation change from observed V4 spiking

309

activity during the test 1 stimulus by using the fitted model on a single trial in a 10-fold cross-

310

validation test dataset (Methods). A random pair of trials, one from non-match (hit or miss) and

311

another from match (CR or FA) without replacement, were selected. For each of these two trials,

312

we evaluated the likelihoods of observed spike counts to be consistent with spike counts under the

313

two possible orientation changes for each fitted neuron within a session. Sum of the log-likelihood

314

ratios across neurons amounts to the predicted probability of a realization of orientation change on

315

that trial. Only if the decoded orientation changes on both trials of the selected pair match with the

316

observed data was the discrimination of an orientation-change from no-change considered correct.

317

Figure 5D shows model-fitted population-averaged spike counts and decoded task variables,

318

orientation change (top, using Dori GLM) and saccadic choice (bottom, using saccade GLM as

319

described in Figure S11) on 20 pairs of randomly selected trials in an example session. Similar to

320

saccade prediction, we also tested accuracy in discriminating response choices i.e. hit from miss

321

or FA from CR from observed spike counts during test 1 using the same saccade-GLM. Prediction

322

accuracy of orientation change (using Dori-GLM) is better than both saccade and choice (hit vs

323

miss or CR vs FA) predictions (using saccade-GLM) across all sessions (mean ± SEM, Dori, 68.5

324

± 2.8%, saccade, 50.0 ± 1.4%, choice, 18.1 ± 1.8%; p = 10-25, F(2,69) = 154.2, ANOVA; Figure

325

5E). Decoding performance of Dori is better compared to saccade irrespective of the number of

326

neurons used for decoding within a session (Figure 5F). Together, these encoding and decoding

327

models offer powerful methods in isolating task relevant variants and reading out perceptual or

328

decision signals from a population of neuronal spikes.
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329

DISCUSSION

330

We found that isolated changes in attentional effort modulate the activity of neurons in V4.

331

Previous reports on effort-related modulation in V4 (Boudreau et al., 2006; Spitzer et al., 1988)

332

conflated changes in effort with changes in attentional selectivity (how much one location is

333

favored over others), which strongly modulates V4 neuronal activity (Cohen and Maunsell, 2009;

334

Luo and Maunsell, 2015; Moran and Desimone, 1985; Reynolds and Heeger, 2009). Compared to

335

previous results, the current data is the first demonstration that V4 neurons are modulated to a

336

comparable degree by either non-selective attentional effort or attentional selectivity. As a result

337

of reward size changes, the block averaged cortical responses covary with physiological pupil area

338

and behavioral performance (d’). However, these three measures dissociate at the block transitions

339

and exhibit differential degrees of dependency on trial history. Stimulus features and pupil area

340

strongly contribute to V4 spike counts throughout the trial duration as revealed by single trial

341

information encoding. V4 spike counts contain very little information about immediate reward

342

history. Additionally, perceptual detection of a task-relevant stimulus emerges as a strong

343

contributor to V4 spiking during the decision period. This perceptual detection is independent of

344

behavioral choice.

345

The rise of d’ following an increase in reward is slow relative to the increase in V4 spike

346

rate and pupil area. This may occur because performance in an attention demanding task depends

347

not only on the state of sensory structures such as V4, but also on that in downstream decision and

348

motor circuits. These downstream circuits could respond to changes in reward with their own

349

dynamics. It remains to be determined how much subjects can control the dynamics of their

350

responses to changes in reward expectation. Our design used no cueing other than reward size

351

itself. It is possible that an explicit cue at the beginning of each trial might produce more coincident

352

changes in neuronal spiking and d’. However, animal subjects typically achieve less pronounced
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353

behavioral changes when trials of different reward contingencies are randomly interleaved on each

354

trial, and spatial cues at the start of the trial indicate the trial type (Baruni et al., 2015). Block-wise

355

control of animals’ effort can be more effective for producing performance changes. Although a

356

limitation of the latter design is that the reward outcome and attentional state covary and make it

357

more challenging to dissociate true representation of neuronal modulation (for review (Maunsell,

358

2004)). Our task design of manipulating attentional states within small block of trials and using

359

single trial analysis was crucial for isolating relative contributions of attentional effort, reward

360

history and perceptual performance.

361

In contrast to reward increase, performance drops quickly with decreased reward even

362

though pupil area and neuronal response remain elevated (i.e. delayed decay, Figure 3). Dissimilar

363

effects of reward change directions on behavior are often seen across species (Kimchi and

364

Laubach, 2009; Saez et al., 2017). Independence of V4 neuronal activity from single trial

365

behavioral performance is consistent with the notion that transitions between states occur with

366

different dynamics in downstream structures that read out perceptual detection and weigh

367

anticipated outcomes against the cost of initiating and executing action (Baruni et al., 2015; Zénon

368

and Krauzlis, 2012).

369

The observed hysteresis in V4 spike responses with reward changes represents a form of

370

memory. Hysteresis at the input-output level of a single neuron can improve memory capacity and

371

retrieval properties in the presence of noise in a synchronous network of neurons with nonlinear

372

threshold (Wang and Ross, 1990). Indirect evidence of hysteresis in single cortical neurons comes

373

from the fact that spike train history is an important predictor of individual spikes (Park et al.,

374

2014; Pillow et al., 2008). Spike counts on reward-matched trials are indistinguishable between

375

the two reward conditions immediately after the reward switch and become different only in later

376

trials when the animal’s effort attains a steady level (Figure 3I). These results together with
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377

reward-spike hysteresis (Figure 3G) strongly support a dependency of V4 neuronal activity on

378

history of attentional effort state. Previous trial history of task relevant signals has also been

379

reported to strongly modulate PFC neurons (Donahue and Lee, 2015). Neuronal hysteresis during

380

visual perception has been suggested to arise from cooperativity between interconnected neurons

381

(Williams et al., 1986; You et al., 2011). Future experiments are required to dissociate the role of

382

single cell excitability and connectivity among neurons on neuronal hysteresis in V4. Absence of

383

reward modulation (immediate past trial outcome) of spike counts on reward-matched trials in

384

trials immediately after block transitions is inconsistent with immediate reward representation as

385

reported in previous studies (Baruni et al., 2015; Cicmil et al., 2015). Like V4, many other brain

386

areas show correlated spike activity with pupil area, including structures implicated in

387

attention(Joshi et al., 2016). A noradrenergic neuromodulation of V4 neurons might mediate such

388

brain-wide attentional state representation.

389

The relationships between reward expectation, behavioral d’ and V4 spiking have also been

390

examined in a previous study (Baruni et al., 2015) that found the expectation of a large reward

391

increases spike rates of V4 neurons relative to expectation of a low reward, even when d’ is the

392

same across those conditions. Consistent with this previous finding, we found that the d’ was

393

slower to respond to changes in reward schedule than was V4 spiking. The early study randomly

394

interleaved different rewards conditions on a trial-by-trial basis, while our task contingencies were

395

entirely predictable over blocks of 120 trials. We would expect to see results qualitatively similar

396

to the previous report (Baruni et al., 2015) if we randomly interleaved trials. Unlike previously

397

observed positive correlation between absolute reward size expectation and V4 spiking (Baruni et

398

al., 2015), we found very weak representation of reward history in single-trial V4 spike counts

399

using both reward-matched spike count analysis and GLM-based encoding model, even

400

immediately after block transitions when the knowledge of reward expectancy was crucial for
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401

guiding behavior. In our study, the reward on each trial varied around a mean within each reward

402

schedule (Figure S1), whereas a fixed reward was used for a given reward-schedule in the earlier

403

study. Our additional reward-variance provided negligible covariances between reward size and

404

other task variables, and was crucial for reliable isolation of multiplexed information on single-

405

trials using GLM. Prior application of GLM-based encoding in primate cortical areas has identified

406

dependencies of correlated spikes on multiplexed sensory, cognitive and motor signals (McGinty

407

et al., 2016; Park et al., 2014). Performance of our model fit can be further improved by taking

408

into account of spike history or interaction with other units within the network (Park et al., 2014).

409

Previous studies have described that V4 spiking increased when an animal intends to make

410

a saccade towards the neuron’s RF (Burrows et al., 2014; Fischer and Boch, 1981a, b; Moore et

411

al., 1998). However, single trial encoding shows that the observed correlation between V4 spike

412

counts and saccade initiation is primarily due to perceptual signal detection and not saccade

413

preference. Spike rate (Shiozaki et al., 2012) and pairwise noise correlation (Cohen and Maunsell,

414

2009) between spike counts of V4 neurons have been suggested to represent a detection threshold

415

and predict choice probability in perceptual discrimination tasks. Ablation of V4 has revealed no

416

effects on saccade amplitude or latency to visual targets (Schiller and Lee, 1994). In partial

417

agreement with some of these findings, our results confirm the role of V4 in single trial perceptual

418

detection but rejects a direct contribution to saccade choice. High covariance between perceptual

419

detection and behavioral choice in previous tasks may have limited the detailed isolation of

420

information coding of perception from decision. In the present study, we identified two types of

421

response populations in V4 that are differentially modulated with perceptual signal changes. Future

422

work at the microcircuitry level is required for detailed characterization of these two cell

423

populations with respect to their inputs and recurrent connections. Understanding the finer

424

dynamics of cognitive task variants within a single trial would require modeling at the time scales
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425

of single spikes (Park et al., 2014). A perceptual task with a continuous stream of visual stimuli

426

would be ideal to evoke a sufficient number of spikes throughout the task period for studying

427

visual areas like V4 that have low activity in the absence of visual stimulation. Overall, our

428

experimental framework provides new evidence revealing information encoding of higher brain

429

function that can be extended to other brain areas.

430

METHODS

431

Subjects and surgery

432

All experimental procedures were approved by the Institutional Animal Care and Use Committee

433

at the University of Chicago and were in compliance with US National Institutes of Health

434

guidelines. Two adult male rhesus monkeys (Macaca mulatta, 13 and 9 kg) were implanted with

435

a titanium head post using aseptic surgical techniques before training began. After the completion

436

of behavioral training (3 to 5 months), we implanted an 10x10 array microelectrodes with 400 µm

437

spacing (Blackrock Microsystems) into dorsal visual area V4 of one hemisphere, between lunate

438

and superior temporal sulci.

439

Behavioral task

440

During training and neurophysiological recording, the monkey was seated in a primate chair facing

441

a calibrated CRT display (1024 x 768 pixels, 100 Hz refresh rate) at 57 cm viewing distance inside

442

a darkened room. Binocular eye position and pupil area were recorded at 500 Hz using an infrared

443

camera (Eyelink 1000, SR Research). Trials started once the animal fixated within 1.5° of a central

444

white spot (0.1o square) presented on a mid-level gray background (Figure 1A). The animal had

445

to maintain fixation until its response at the end of the trial. After a fixation period of 400-800 ms,

446

two achromatic Gabor sample stimuli appeared for 200 ms, one in each visual hemifield. After a

447

variable delay of 200-300 ms, a Gabor test stimulus (test 1) appeared for 200 ms at one of the two
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448

target locations, randomly selected with equal probability. The test stimulus was identical to the

449

preceding sample stimulus, except for its orientation. On half of the trials, the test 1 stimulus had

450

a different orientation (nonmatch trial) and the monkey had to make a saccade to that target

451

location to receive an apple juice reward. On the remaining half of the trials, the test 1 stimulus

452

had the same orientation as the corresponding sample stimulus (match trial), and the monkey had

453

to maintain fixation until a second test stimulus with a different orientation (test 2, 200 ms)

454

appeared in the same location after an additional delay interval of 200-300 ms. The monkey then

455

had to saccade to that target to get a reward. Inter-trial intervals varied from 2-3 s. Stimuli were

456

presented always in the lower hemifields at 2o-4o eccentricity. Gabors were odd-symmetric with

457

the same average luminance as the background. Spatial frequency, size and base orientation of

458

Gabor stimuli were optimized for one neuron recorded each day, and remained unchanged

459

throughout each session (left, azimuth –2.5o to –5.3o, elevation 0.0o to –3.5o, sigma, 0.35o to 0.60o,

460

spatial frequency 0.6 to 3.5 cycles/o; right, azimuth 2.8o to 5.5o, elevation 0.0o to –2.5o, sigma,

461

0.40o to 0.65o, spatial frequency 0.7 to 3.0 cycles/o). On every trial, the orientation of the sample

462

stimuli randomly took one of two values, base orientation or orthogonal. Orientation change

463

(difficulty) remained fixed within a session and varied across sessions between 24o-32o for monkey

464

S and 16o-20o for monkey P.

465

Attentional effort was controlled over blocks of trials by changing reward volumes for

466

correct responses over a 4-5-fold range. Every 120 trials, reward size alternated between large and

467

small values without any prior cue to the animal. Reward sizes for hits (correct response in

468

nonmatch trial) and CRs (correct rejections in match trial) were adjusted as needed to encourage

469

the animal to maintain a behavioral criterion close to zero(Luo and Maunsell, 2015). Although,

470

trial averaged criterion within a reward condition remained zero, there was a transient change in
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471

criterion immediate after the block transition (reward switch) which then approached zero over a

472

few trials (Figure S5). Distributions of reward sizes are shown in Figure S1.

473

Electrophysiological Recording and Data Collection

474

Extracellular neuronal signals from the chronically implanted multielectrode array were amplified,

475

bandpass filtered (250–7,500 Hz) and sampled at 30 kHz using a Cerebus data acquisition system

476

(Blackrock Microsystems). We simultaneously recorded from multiple single units as well as

477

multiunits (563, monkey S; 407, monkey P) over 24 sessions (15 for monkey S, 9 for monkey P).

478

Before each experimental session, we mapped receptive fields and stimulus preferences of neurons

479

while the animal fixated. These fields were used to optimize the stimulus parameters. Spikes from

480

each electrode were sorted offline (Offline-Sorter, Plexon) by manually defining cluster

481

boundaries using principal component as well as waveform features. Well isolated clusters based

482

on J3 statistics were classified as single units (Nicolelis et al., 2003). J3 measures the ratio of the

483

average distance between points within clusters to the average distance between clusters. It takes

484

a maximum value for compact, well-separated clusters.

485

Data Analysis

486

Behavioral performance

487

All completed trials (120 trial per block) were included in our analysis. Behavioral sensitivity (d’)

488

and criterion (c) were measured from hit rates within nonmatch trials and FA rates within match

489

trials as:

490

𝑑 " = Φ%& (ℎ𝑖𝑡 𝑟𝑎𝑡𝑒) − Φ%& (𝐹𝐴 𝑟𝑎𝑡𝑒)

491

𝑐 = − 4 [Φ%& (ℎ𝑖𝑡 𝑟𝑎𝑡𝑒) + Φ%& (𝐹𝐴 𝑟𝑎𝑡𝑒)]

&

(1)
(2)

492

where F–1 is inverse normal cumulative distribution function. We measured average d’ and c

493

within a session across all trials for large- and small-reward blocks separately. To examine the
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494

dynamics of d’, c, and percent-correct at ith trial (i = 1 to 120), we measured block averaged values

495

for each reward conditions. Overall d’ was measured by,
"
𝑑89:;<==
= >(𝑑 " 4?@AB + 𝑑 " 4CDEAB )

496

(3)

497

"
"
Where, 𝑑?@AB
and 𝑑CDEAB
are the sensitivities in the two hemifields, inside and outside the recorded

498

neurons’ receptive fields.

499

Pupil area

500

All pupil area measurements were measured binocularly at 500 Hz while monkeys maintained

501

fixation in absence of a luminosity change using infrared camera (EyeLink 1000, SR Research).

502

Raw pupil areas were normalized for each session and each eye separately. Mean pupil area was

503

measured by averaging the normalized pupil area over 400 ms from sample appearance.

504

Neuronal response

505

Only neurons with an average spike rate 60-260 ms after sample stimulus onset that was

506

significantly (p < 0.01) greater than the rate 0 to 250 ms before sample onset were used in the

507

analysis. To construct peri-stimulus time histograms (PSTHs) for figures, spike trains were

508

smoothed with a half Gaussian kernel (15 ms SD with only a rightward tail), aligned to sample

509

stimuli onset and averaged across trials. A spike rate modulation index (MI) for each neuron was

510

calculated as the difference in average spike counts (60–260 ms after sample onset) between large

511

and small reward blocks (correct trials) divided by their sum.
〈IJKL: M8D@E

〉%〈IJKL: M8D@E

〉

512

𝑀𝐼 = 〈IJKL: M8D@ENOPQR 〉V〈IJKL: M8D@ETUONN〉

513

For analyzing trial-by-trial dynamics of spike counts and GLM, absolute spike counts within 60 to

514

260 ms from sample stimuli onset (or test 1 onset) were used.

NOPQR

TUONN

(4)

515

Principal component analysis (PCA) was done on spike rates from 0-400 ms separately for

516

each monkey in Matlab. Each neuron had two spike rates, one each for one type of reward block
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517

(small or large reward). For monkey P, there were 407 neurons (814 spike trains) and for monkey

518

S, there were 563 neurons (1126 spike trains). Linear regression was fitted between PC scores of

519

spike histograms in small and large reward blocks for the first three principal components.

520

Pupil area-spike count-effort linear regression

521

Average pupil area over 0-400 ms from sample onset and spike counts from 60-260 ms on each

522

individual trial were used for linear regression analysis for pupil area versus spike count and

523

average effort states (“low” and “high”) (Figure 3J, left). The pupil area was modeled as: pupil

524

area ~ a*(spike count) + b*(effort). Where a and b are the regression coefficients. All the trials

525

across small and large reward conditions that occurred after the first correct response (hit or CR)

526

following the reward switch were included in the analysis. In a second model: pupil area ~

527

a*(spike count), each neuron was fitted separately for two reward conditions, small and large

528

(Figure 3J, right). For this model, we used a subset of trials with matched pupil areas between the

529

two reward conditions. Standardized coefficients were compared across neurons that were fit at

530

significant level of p <0.05 (F-test).

531

Pupil area-spike count cross-correlation

532

We measured cross-correlations between two time series, spike rates and pupil area as a function

533

of time lag over 700 ms period around the sample stimulus on (–350 ms to 350 ms) for each neuron.

534

Single trial spike trains were binned in a 10 ms sliding window (2 ms increments) and converted

535

to spike rates. Pupil area time series was sampled at 500 Hz and directly used for the cross-

536

correlation analysis. Single trial cross-corrrelations were averaged, and trial-shuffled values were

537

subtracted separately for trials with small and large reward conditions.

538

Spike triggered averaged pupil area

539

We measured a spike triggered averaged (STA) pupil area for each neuron within a time window

540

of 0-400 ms from sample stimulus onset, across all trials. The time series of pupil areas were
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541

aligned to individual spikes, and averaged. Finally, trial-shuffled subtracted STA was subtracted

542

from this averaged STA-pupil area for each neuron.

543

Generalized linear model (GLM)

544

Generalized linear model (GLM) regression was used to estimate the relationship between single

545

trial spike responses and reward expectancies, attentional efforts, behavior choices and stimulus

546

parameters. Single trial stimulus evoked spike counts were modeled to follow a negative binomial

547

distribution. The negative binomial distribution is well suited for the purpose, as spike count

548

variances of cortical neurons are most often equal to or greater than their means (Figure S8)

549

(Churchland et al., 2010; Shadlen and Newsome, 1998). Reward expectancy was represented by

550

reward history on 10 trials preceding the trial being considered. Mean pupil area during 400 ms

551

following stimulus onset served as a proxy for attentional effort. A categorical saccade choice

552

variable could take two values: saccade (hit and FA) or no saccade (CR and miss). For fitting of

553

test 1 spike counts, an alternate categorical task variable “stimulus orientation change” (Dori) was

554

used instead (Figure 5A). This perceptual variable had two values: orientation change (nonmatch

555

trial) or no orientation change (match trial). The product of the absolute orientation of Gabor

556

stimulus and neuron’s orientation tuning filter served as a test 1 stimulus feature variable. There

557

were four different orientations of test 1 stimulus. There were no correlations (partial) among

558

predictor variables (Figure S9). For the GLMs on test 1 spikes, in addition to the predictor variable

559

covariances, we also cross checked the correlation between model predicted spike counts due to

560

test 1 stimulus feature and Dori in order to isolate the orientation-tuning related effect on the

561

perceptual variable Dori. We considered only the neurons that showed correlation (Spearman) of

562

<0.2 for further analysis.
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563

For a sample y1, y2,....,yn of independent response variable y from an exponential family, there

564

exists a linear predictor b0 + b1x1 +….+bkxk of the response variable y. The mean response

565

W𝜇Y = 𝐸 [𝑦|𝑥& , . . , 𝑥L ]` depends on the linear predictor through a link function 𝑔(∙):
𝑔 (𝜇Y ) = 𝛽d + 𝛽& 𝑥& + ⋯ + 𝛽L 𝑥L

566

(5)

567

Where, xj (j = 1,2,…,k) is a set of independent predictor variables. Assuming that the spike count

568

responses in non-overlapping time intervals are independent and variance is equal or greater than

569

(over dispersion) the mean, they can be modeled as negative binomial variables. As the mean spike

570

count is always positive, it can be modeled as:
𝜇Y = 𝑒𝑥𝑝 (𝛽d + 𝛽& 𝑥& + ⋯ + 𝛽L 𝑥L )

571

(6)

572

The probability density function for a random variable for which there are y successes of Bernoulli

573

trials until qth failure occurs follows a negative binomial distribution:
𝑃W𝑦; 𝜇Y , 𝜃` =

574
575

j(YVk)

mn n k o

j(k)Y! (mn Vk)npo

(7)

with a mean 𝜇Y and variance V(y):
kJ

576

𝜇Y = &%J

577

𝑉Y = 𝜇Y +

(8)
mn r

(9)

k

578

where, p is probability of success of each Bernoulli trial. 1/q is the dispersion parameter (q is also

579

called as shape parameter). G is gamma distribution. The likelihood for a negative binomial random

580

variable yi (i = 1,2,…,n) that depends on a set of k predictors of xi,j (j = 1,2,…,k):
u(Y Vk)

𝐿(𝑃) = ∏@Ky& u(k)v Y !

581
582
583

v

m n nv k o
v

wmnv Vkx

nv po

(10)

The log-likelihood is:
𝐿𝐿(𝛽d , 𝛽& , … , 𝛽L , 𝜃) = 𝑙𝑜𝑔 W𝐿(𝑃)`
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584

The predictor coefficients bj (j = 1,2,…,k) and shape parameter q are obtained from maximum

585

likelihood estimates by solving:
}~~

586

}•€
}~~

587

}k

= 0, 𝑗 = 1,2, … , 𝑘

(12)

=0

(13)

588

GLM was implemented in Matlab separately for each neuron. In order to compare different

589

predictor coefficients, they were converted post-hoc into standardized coefficients:
ˆ

𝛽† " = 𝛽† ∗ ˆn , 𝑗 = 1,2, … , 𝑘

590

‰

(14)

591

Standardized coefficient corresponds to the log ratios of the mean responses (in units of standard

592

deviation) due to one standard deviation change in the predictor variable, holding all other

593

variables constant.

594

Goodness of GLM fit and model comparison: Goodness of fit for a given GLM was measured by

595

residual deviance (D) and pseudo R-squared (Cragg & Uhler's method) value. Residual deviance

596

measures how close the predicted values from the fitted model match the actual values from the

597

raw data:

598

𝐷 = 2[𝐿𝐿(𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) − 𝐿𝐿(𝑚𝑜𝑑𝑒𝑙)]

(15)

599

The saturated model comprises a model for which the number of parameters equals the number of

600

samples. Thus, the predicted response in the saturated model is same as the observed response.

601

Deviance measures lack of fit in maximum log-likelihood estimations similar to the residual

602

variance in ordinary least square methods. The lower the deviance, better is the model fit. For a

603

large sample size and small deviance, it approximately follows chi-square distribution of n–k–1

604

degrees of freedom. A statistic that indicates value of a proposed model is based on how well the

605

model predicts data compared to a null model having a single predictor b0:

606

𝜒 4 = 𝐷(𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙) − 𝐷(𝑚𝑜𝑑𝑒𝑙)
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= 2[𝐿𝐿(𝑚𝑜𝑑𝑒𝑙) − 𝐿𝐿(𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙)]

607

(17)

608

The test statistic c2 follows an approximate chi-square distribution of degrees freedom n–k. We

609

tested at a level of significance p < 0.05.

610

As the ratio of the likelihoods reflects the improvement of the proposed model over the null model

611

(the smaller the ratio, the greater the improvement), a pseudo R-squared was computed based on

612

Cragg & Uhler's approach that falls between 0 and 1:
𝑅4 =

613

’(“”NN U•–RN) r/“
—
’(U•–RN)
&%~(@D== ™8š:=)r/“

&%‘

(18)

614

where, n is the number of observations in the data set. Different models were compared by their

615

R-squared values.

616

Predictor importance: The absolute value of the z-statistic of each estimated predictor coefficient

617

measures a relative importance of that predictor variable:

618

𝑧† = œI•W•€ `œ , 𝑗 = 1,2, … , 𝑘

•

(19)

€

619

where, SE is the standard error.

620

Cross validation: Predictive performance of the GLMs was measured by cross validation.

621

Observations in each neuron’s dataset were split at random into K partitions. GLM fit on K-1

622

training partitions was repeated and the remaining partition was used for validation. This cross

623

validation was repeated K times at each time one of the partitions served as the validation set.

624

&

@

4

𝐸𝑟𝑟𝑜𝑟 = @ ∑¡
ŸK,L ` 𝑘
Ly& ∑Ky&W𝑦K,L − 𝑦

(20)

625

Decoding of saccade selection, response choice and orientation change detection: Saccade

626

selection between saccade (hit or FA) and no-saccade (miss or CR) was decoded from spike counts

627

during the test 1 stimulus period based on Bayesian inference of maximum posterior probability

628

using saccade-GLM (Figure 5D). According to Bayes’ rule, the posterior probability density of

629

the estimated choice given a spike count response is:
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𝑃(𝑥|𝑌) =

630

£(¤|¥)£(¥)
£(¤)

𝑘

(21)

631

where, P(Y) is a normalization term independent of x. Also, assuming that there is no prior

632

knowledge on x, (P (x) = constant), maximizing the posterior is equivalent to maximizing the log-

633

likelihood function used in the GLM encoding model. A random pair of trials one from saccade

634

trial (hit or FA) and another from no-saccade trial (CR or miss) were selected. For each of these

635

two trials, we evaluated the likelihoods of observed spike counts to be consistent with spike counts

636

under the two possible saccade responses for each fitted neuron within a session. Sum of the log-

637

likelihood ratios across neurons amounts the predicted probability of a realization of saccade

638

choice on that trial. If the decoded saccade commitment on both trials of the selected pair match

639

with the observed data, it is only then considered as correct discrimination of a saccade from no-

640

saccade. For choice selection, a pair of trials were randomly selected either hit and miss

641

(nonmatch) or FA and CR (match trial). Prediction accuracy was measured for correct

642

discrimination of hit from miss or FA from CR using saccade-GLM. Similarly, prediction accuracy

643

for orientation change detection was estimated using Dori-GLM. The chance level of prediction is

644

0.25.

645

Statistical analysis

646

Unless otherwise specified, we used paired t-test and multifactor repeated measured ANOVA for

647

comparing normally distributed datasets. Normality was checked with Kruskal-Wallis test.

648
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