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ABSTRACT 

 

 

Responding to changes in our environment is a fundamental component of our humanity. 

On a daily basis we are faced with innumerable decisions based on highly salient 

information: Which bottle is the shampoo? Which fruit should I select for consumption? 

Should I move left or right to avoid hitting the obstacle directly in front of me? To 

accurately make these choices we must gather information through the senses, evaluate 

and integrate it according to our current goals and internal state, and finally use it to 

produce motor responses. Perceptual decision making is a field within systems 

neuroscience that aims to resolve how this process unfolds. In contrast to choice behavior 

and decision making in general, which are closely related concepts traditionally studied 

by psychologists, behavioral ecologists, and economists, perceptual decision making 

emphasizes the role of sensory information in directing behavior (e.g., during a choice). 

While the results from decades of research have greatly increased our understanding of 

the choice process, much still remains unclear regarding how perceptual processing 

guides decisions, and the underlying neural activity. Moreover, even for the simplest of 

choices (i.e., movement toward a single, unambiguous stimulus), how the activity of 

single neurons determines when a movement will occur is still a matter of debate.  

In chapter two, we ask the question, how does the activity of single neurons in the 

frontal eye field, a brain area with a firmly established role in the coordination of eye 

movements, control the timing and variability of saccades to a single, highly salient 

stimulus? The answer we suggest is that variability in saccadic reaction times is 
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determined by the dynamics of motor conflict resolution, even when such conflict is not 

apparent. Next, in chapter three, we investigated the role of the superior colliculus in 

urgent decisions by employing a recently developed choice task that allows for the 

construction of a powerful metric, named the tachometric curve, which demonstrates both 

the speed, and efficiency of the perceptual process. We identify an entirely novel form of 

perceptually driven gain modulation that is directly related to the evolving perceptual 

judgment. Additionally, the level of conflict between potential motor alternatives is 

directly related to the time spent processing the perceptual evidence.  The importance of 

this metric for understanding the manner in which perception influences both behavior 

and neural activity cannot be understated, and is described with great detail in chapter 

four. Based on the results presented in this thesis, we suggest that competition between 

motor alternatives drives behavior, and that this conflict is driven, and resolved, by both 

overt (i.e., perceptual processing) and covert (attentional bias) mechanisms. 
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CHAPTER I: INTRODUCTION 

 

A fundamental goal in studies of perceptual decision making is to reveal how 

single neurons involved in perception and motor execution interact to select a 

behaviorally relevant stimulus in the environment (Heitz and Schall 2012; Salinas et al. 

2014; Gold and Shadlen 2007). Research in nonhuman primates has revealed two general 

computational principles that seem to apply across species, modalities and task 

conditions: one, that perceptual decisions depend on a comparison between pools of 

neurons that are selectively tuned for the sensory features that distinguish each option; 

and two, that the influence of sensory information on the circuits that directly generate 

motor choices is not instantaneous, but rather accumulates gradually over time until 

reaching a fixed threshold, at which point commitment toward a choice has been 

made(Gold and Shadlen 2007; Heekeren et al. 2008). So, consider for instance a tennis 

athlete attempting to return an opponent’s volley with either a forehand or backhand 

strike. First, when the ball comes off the opponent’s racquet, competing motor plans for 

forehand and backhand responses are initiated; once the ball begins making its way 

toward the player groups of motion-sensitive visual neurons are activated; the responses 

of right- and left-selective neurons then bias the competition in favor of the motor plans 

for a forehand or backhand, respectively; over time, one of these plans –hopefully the one 

which is congruent with the actual trajectory of the tennis ball- will increase much more 

than the other, until this activity exceeds a fixed threshold and the corresponding motor 

action is triggered. 
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Several key issues are easy to appreciate from this example: how does the 

decision-making process change when the expected reward is increased/decreased (e.g., 

playing for the Wimbledon cup, or a bag of chips), when the urgency of the decision 

increases (e.g., the ball is moving at 50 mph vs 150 mph), or when the discriminability of 

the stimulus is degraded (e.g., a bright red tennis ball vs a color that blends into the 

background). All of these scenarios have been experimentally tested in the following 

chapters of this thesis. We now discuss experimental results that support this general 

framework, and describe how our novel findings illuminate specific aspects of the 

process whereby sensory information guides a motor choice. 

Studying perceptual decision making in the laboratory  

Much of what is known about the three principles just mentioned derives from single-

neuron recordings in awake monkeys trained to perform perceptual decision-making 

tasks. In such tasks, when the main focus is visual perception, the animal is presented 

with a visual stimulus and must then analyze it according to the rules of the task, and 

report its judgment by making a particular saccadic eye movement (Parker and Newsome 

1988; Shadlen and Newsome 2001; Hanes and Schall 1996). One of the most studied 

tasks with this structure is the random-dot motion (RDM) discrimination task. The 

stimulus in this case is a cloud of flickering dots in which a fraction of the dots move in a 

given, fixed direction and the rest move in random directions. The subject watches the 

cloud for some time and must indicate the overall motion direction, typically either to the 

left or to the right, by making an eye movement either to a left or a right choice target. 

This particular type of stimulus is useful because the difficulty of the perceptual 

judgment can be tightly controlled by varying the coherence, i.e., the fraction of dots that 
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move together. Also, there is a specific area in the brain that specializes in the analysis of 

visual motion, area MT, so a subject’s behavior in this task depends crucially on how MT 

neurons respond; lesioning this area, for instance, greatly compromises a subject's 

capacity to perform motion discrimination tasks (Lauwers et al. 2000). In fact, in a series 

of elegant studies, Newsome and colleagues showed that there is an intimate, quantitative 

relationship between the behavior of a monkey in each trial of the RDM discrimination 

task and the neuronal activity evoked in area MT (Newsome et al. 1989). 

In their initial studies, Newsome and collaborators recorded from MT neurons 

(which respond selectively to motion in specific directions) in monkeys performing the 

RDM discrimination task (Newsome et al. 1989; Britten et al. 1996). They analyzed the 

responses of groups of neurons that preferred movement in one direction (say to the right) 

or the opposite (left), and made two important observations. First, as the dots moved to 

the right or to the left, one group of neurons was more active than the other, and the 

difference in activity varied as a function of coherence similar to that of the monkey’s 

choice report. More specifically, they compared the monkey's psychometric curve, which 

plots the probability of indicating motion to the right as a function of coherence, to an 

equivalent curve based on neuronal responses called the “neurometric curve”, which is 

constructed by comparing the numbers of spikes evoked by a left- and a right-preferring 

neuron in single trials. Interestingly, the neurometric curves from pairs of neurons were 

very similar to the monkey's psychometric curve, indicating that the animal's sensitivity 

to motion could be fully explained by the sensitivity of the neurons.  

The second observation they made referred to a small but statistically reliable 

correlation between the firing of the neurons and the monkey's choices in individual 
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trials, particularly when the motion was completely ambiguous (zero coherence). That is, 

when the RDM stimulus was uninformative, if a rightward-preferring neuron was slightly 

more active than average the monkey was slightly more likely to indicate that the 

movement was to the right; and vice versa, when the neuron fired less vigorously than 

average the monkey was less likely to make a decision in favor of the cell's preferred 

direction. Although modest, the effect was reliable across neurons, and stronger for units 

with higher sensitivities (Britten et al. 1996). These two observations were the basis for 

the first computational principle stated above. 

Deciding is to compare one alternative versus another 

In the case of the RDM discrimination task, area MT provides the sensory evidence on 

which the perceptual judgment is based, but does not represent the decision itself. 

However, because this task typically requires subjects to indicate the net direction of 

motion with a saccade to one of two stationary targets, the corresponding motor plan to 

move the eyes should be indicative of the decision-making process (the alternative is that 

the saccadic plan simply represents the outcome of the decision process as computed in a 

different area, neither MT nor saccade-related). Hence, investigators have recorded in 

areas of the brain responsible for planning eye movements, including the frontal eye field 

(FEF), lateral intraparietal area (LIP), and superior colliculus (SC), where 

microstimulation elicits saccades with precisely defined movement vectors. The idea is to 

understand how perceptual information (conveyed by the responses in MT) influences the 

oculomotor activity associated with a saccade (which conveys the monkey’s decision). 

Note that the same rationale applies to any decision-making task in which the subject’s 

judgment is reported via an eye movement, or any other movement. In this approach, 
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decision making is thus treated essentially as a problem of movement selection (Gold and 

Shadlen 2007; Cisek and Kalaska 2010). 

Indeed, during the RDM task, the sensory information associated with the motion 

of the dots clearly modulates the oculomotor activity preceding a choice. To appreciate 

the specific effects that have been observed, first consider how oculomotor neurons fire 

before a saccade in a simple situation, when there is only one target in the visual field. 

When location x becomes the target of a saccade, the activity of neurons with movement 

fields at x starts increasing above the baseline level at a relatively constant rate (the build-

up rate), and once the overall activity of that population exceeds a particular threshold 

level, then the saccade to location x becomes certain, with the onset of the eye movement 

occurring about 10–20 ms after threshold crossing (Hanes and Schall 1996; Lo and Wang 

2006; Heitz and Schall 2012). This build-up in activity from baseline to threshold is 

precisely what is referred to as a “motor plan”. Importantly, during saccades to single, 

unambiguous visual targets, which in monkeys typically take 100–300 ms, the build-up 

rate of the motor plan is inversely related to the measured saccadic RT: when the neural 

activity rises quickly (high build-up rate) the corresponding RT is short, and vice versa, 

when the neural activity rises more gradually (low build-up rate) the corresponding RT is 

long (Hanes and Schall 1996; Heitz and Schall 2012). From a modeling point of view, 

assuming that the rise in activity is linear (i.e., that the build-up rate is constant) is often a 

convenient simplification (Carpenter and Williams 1995; Brown and Heathcote 2007; 

Stanford et al. 2010).   

Now, during the RDM task, two motor plans representing alternative choices 

compete with each other, and their build-up rates depend on the moving dots. When the 
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coherence is high and the decision is easy, the build-up rate of one motor plan (the one 

congruent with the true motion direction) is much higher than the build-up rate of the 

alternative plan (which is congruent with the opposite direction as that of the dots); thus, 

the threshold for triggering a saccade is reached soon, the RT is typically short, and the 

choice is typically correct. In contrast, when the coherence is low and the decision is 

difficult, the two motor plans ramp up at similar, intermediate rates and it takes longer for 

the motor conflict to be resolved; thus, threshold is reached late, the RT is typically long, 

and the probability that the choice is correct is close to chance. This interaction between 

motion information and oculomotor report via the build-up rates of the saccadic plans is 

very similar in LIP, FEF and SC, is observed whether or not the monkeys have to wait for 

a go cue before responding, and varies only very subtly when four instead of two possible 

directions of motion are used (Shadlen and Newsome 2001; Horwitz and Newsome 

2001a, 2001b; Roitman and Shadlen 2003; Churchland et al. 2008). Thus, the oculomotor 

activity associated with the perceptual decision is neither purely sensory nor purely 

motor. 

This scenario, in which the decision about the moving dots is instantiated as a 

competition between motor alternatives that is influenced by sensory information, has 

been successfully modeled by Wang and colleagues using relatively realistic networks of 

spiking neurons, which reproduce many features of the behavioral and single-unit 

experimental data in the RDM task (Wang 2002; Furman and Wang 2008). Simpler 

models, in which a decision variable rises to a fixed threshold via a biased random walk, 

are surprisingly effective in replicating in quantitative detail much of the psychophysical 

data in this and other two-alternative forced-choice tasks (Smith and Ratcliff 2004; 
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Palmer et al. 2005; Krajbich and Rangel 2011). Such reduced models, however, tend to 

be more difficult to interpret directly in terms of neuronal activity (Brunton et al. 2013; 

Zariwala et al. 2013). Thus, in chapter one of this thesis we sought to identify the circuit 

mechanisms in the FEF that control the timing and variability of saccadic eye 

movements. Additionally, we constructed a model based on our findings that associates 

the variability in saccadic RTs with the level of conflict between competing motor plans 

(see below). 

Linking response variability to motor conflict in the FEF 

Currently, as described above, the majority of studies investigating perceptual choice in 

oculomotor neurons assume that –for highly salient stimuli- the variance of the RT 

distribution is largely determined by the variance of the FEF/SC/LIP build-up rates across 

trials (Hanes and Schall 1996; Fecteau and Munoz 2007; Reddi and Carpenter 2000; 

Heitz and Schall), and that motor activity associated with the impending movement 

reaches a similar level of activity just before saccade onset regardless of saccade latency 

(Heitz and Schall 2012; Lo and Wang 2006; Brown et al. 2008; Stanford et al. 2010; 

Purcell et al. 2012). However, several studies have demonstrated results that contradict 

the assumption regarding a fixed level of activation. For instance, saccade-related activity 

in the FEF/SC is increased for stimulus-driven saccades compared to memory-guided 

saccades or anti-saccades (Jantz et al 2012). Additionally, oculomotor neurons in the 

intermediate and deep layers of the SC can be distinguished based on their functional 

specificity; one population of cells fires more for low reward stimuli while the other 

shows the opposite preference; firing more for high reward stimuli (Ikeda and Hikosaka 

2007). These findings reveal that the threshold is far more variable than generally 
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assumed; they demonstrate that the level of activity reached by oculomotor neurons 

depends on whether the motor plan is internally driven (i.e., antisaccade/memory guide 

saccade) or externally driven (i.e., prosaccade), and that the expected reward value of the 

target stimulus impacts the maximum firing rate achieved. Yet, to date, no study has 

identified the circuit mechanisms responsible for these variations in activity, or whether 

the interaction between internally and externally driven motor plans is linked to RT 

variability.  

Thus, in chapter one, we investigate how the activity of single neurons in the FEF 

relates to the timing of saccades, and identify a potential circuit mechanism that controls 

the variability in RT directly related to the amount of conflict present between two 

competing alternatives. To this end, we employed a simple paradigm (Lauwereyns et al. 

2002; Hikosaka et al 2006) where monkeys made saccades to single, unambiguous 

stimuli, while reward magnitude was manipulated across blocks of trials.  This 

experimental approach produced a large spread in saccadic RT; monkeys moved quickly 

toward a stimulus when the reward expectation was high, and slowly when the expected 

reward was low. Similar to what Ikeda and Hikosaka (2007) observed in the SC, we 

found FEF neurons that fired preferentially for high- or low- reward stimuli. However, in 

addition to the observed reward specificity, we uncovered an entirely novel form of 

functional specificity; a large portion of neurons demonstrated a preference for fast or 

slow saccadic RTs. For these cells, the gain of the presaccadic response varied smoothly 

as a function of RT, and the observed modulation range was considerably large (44% for 

slow- and 42% for fast-preferring groups). Additionally, the build-up rates of these 

neurons were clearly different from one another; fast preferring neurons demonstrated a 
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highly variable ramp in activity across RTs, while slow preferring cells displayed a 

constant one. 

To resolve the manner by which the activity of FEF neurons was related to the 

timing and variability of saccadic RTs, we constructed a model that only considered two 

neural populations with opposing response fields (RFs); one with an RF where the target 

stimulus would be displayed, and the other diametrically opposed to that location. First, 

before describing the model, it is important to note that, as previously reported (Takikawa 

et al. 2002; Sato and Hikosaka 2002; Ikeda and Hikosaka 2003), the baseline firing rate 

of fast- and slow-preferring neurons (measured prior to fixation onset) was predictive of 

the rewarded location and was representative of a internally-driven motor plan to move 

the eyes to this location. Additionally, the baseline firing rate was predictive of the 

maximum firing rate achieved later in the trial and to the final outcome (i.e., correct vs 

incorrect).  

The model was based on two fundamental ideas that emerged from these 

observations; one, that the activity of the population of cells with an RF opposite the 

target location (i.e., where no stimulus ever appears) represents an internally driven, 

developing motor plan that continues to grow even after the fixation point disappears, and 

two, that the baseline firing rates of both populations prior to fixation offset are crucial, 

variable quantities that determine not only the strength with which each motor plan rises 

later in the trial, but also the maximum firing rate attained. Motor conflict is the driving 

force behind the model, and the dynamics of the competition between motor plans is well 

understood using two example scenarios. When the baseline activity is low for the 

populations of cells with an RF opposite the target, as is the case for when the reward 
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location is congruent with the target location, the cue-driven motor plan rises abruptly 

and immediately suppresses the competing plan. The build-up rate is so high that the 

observed RT is very short, independent of the fact that the activity reaches a higher 

threshold level; this is how fast saccades are produced. In contrast, when there is 

considerable conflict between the competing motor plans, as is the case for when the high 

reward location is opposite the target location, the target-driven plan rises slowly and the 

threshold is set much lower than the former example where no conflict is present. This 

results in the production of very long RTs, with low maximum firing rates. The model 

reproduced the psychophysical and neural data with remarkable accuracy, and, taken in 

conjunction with the empirical data, suggests that the observed saccade vector, its timing, 

and the apparent threshold reached before saccade onset are determined by the level of 

competition between motor plans that represent an internally or externally driven (i.e., 

cue driven) response. Additionally, according to the model, the saccadic threshold is not 

constant, but rather fluctuates dramatically both across bias conditions and within each 

one. Thus, variability in saccadic RTs is not simply related to the build-up rate of 

oculomotor activity, but is better described by the overall level of conflict between 

competing motor alternatives. 

Measuring the speed of a perceptual judgment 

Gold and Shadlen (2000, 2003) used an elegantly designed microstimulation experiment 

to investigate the time course with which perceptual information modulates the evolving 

decision-making process in FEF. While monkeys performed the RDM discrimination 

task, some trials were interrupted by applying electrical microstimulation at a 

(suprathreshold) level sufficient to trigger a short-latency saccade. By analyzing the 
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elicited saccade vectors in relation to the directions of the two possible choice targets, the 

authors determined which option was being favored at the moment the saccade was 

triggered; in this way they could read out the state of the oculomotor competition before 

it was naturally resolved. By turning on the stimulator at different times relative to the 

onset of the motion stimulus, they could establish which motor plan was winning at any 

given time, and by how much. The patterns of evoked eye movements that they obtained 

indicated that the perceptual decision evolves gradually, and that it depends on both 

viewing duration and motion strength: larger deviations in favor of the correct motor 

choice were obtained as the coherence increased and as the monkey had more time to 

view the RDM stimulus. There was no temporal discontinuity or sharp transition in the 

data, as would have been expected if the perceptual judgment had evolved rapidly.  

This observation, along with those from numerous studies based on the RDM 

discrimination task, suggests that perceptual information can accumulate slowly over 

time to increase performance. Conceptually, the idea is that although instantaneous 

sensory responses are inevitably noisy, the random fluctuations in this activity can be 

averaged out by combining samples over time. This results in a more informative, 

integrated sensory response that gradually ramps up before approaching a 

discriminability criterion (Gold and Shadlen 2007; Beck et al. 2008). Simple integrator 

(or drift-diffusion) models that instantiate this process (Smith and Ratcliff 2004; Palmer 

et al. 2005) thus account for three general observations: (1) that RTs increase with 

increasing difficulty, (2) that performance increases with stimulus duration, and (3) that 

subjects can internally trade speed for accuracy (Zariwala et al. 2013). A key question is 

whether this is an essential mechanism — or perhaps the essential mechanism — for 
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generating perceptually-guided decisions. The issue is about how the second 

computational principle discussed above should be interpreted: does the rising activity 

associated with decision-making represent primarily integrated sensory information, 

regardless of any movement preparation? 

 To answer this question, the measurement needed is not the RT, since this 

quantity is highly variable and dependent on numerous internal and external factors, such 

as alertness, attentional state, stimulus discriminability, or the emphasis on speed versus 

accuracy (Stanford et al. 2010; Uchida et al. 2006; Heitz and Schall 2012; Gold and 

Shadlen 2007). Instead, the necessary fundamental quantity is the processing time (PT), 

or the amount of time it takes for perceptual information to inform the decision process. 

While a wide variety of experimental manipulations have been employed to try and 

extract PT (Donders 1868; Sternberg 1969;Ratcliff and Rouder 2000), our laboratory has 

designed a choice task, which we call the compelled-saccade (CS) task, that allows for 

the determination of the PT associated with individual trials.  

The key difference between the CS and RDM tasks (along with a multitude of 

other choice paradigms) is that the instruction to move precedes the relevant perceptual 

information. In this way, the subject must begin planning an eye movement toward one of 

two potential stimuli before knowing which stimulus will become the target; hence the 

CS task is described as simulating decisions made under urgent conditions. The time 

between the signal to move (go signal) and the arrival of the perceptual information (cue 

presentation) is referred to as the gap period. As gap length increases, the probability of a 

correct response collapses to chance. Across this same range of gaps, the RT remains 

relatively stable, demonstrating an independence from the speed accuracy tradeoff 
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predicted by drift diffusion models discussed above. This independence is further 

explored in chapter three of this thesis.  

By subtracting the gap from the RT, we are left with the rPT (or the raw PT) since 

this quantity also reflects afferent and efferent delays inherent to sensory and motor 

signals, respectively. This quantity allows for the construction of a powerful metric, 

referred to as the tachometric curve. The tachometric curve identifies the relationship 

between rPT and behavioral success; as rPT increases, decisions go from chance (50% 

for the two target condition), to a high level of success (≤100%). Thus, the tachometric 

curve provides a glimpse at the temporal evolution of a perceptual judgment (Stanford et 

al. 2010; Shankar et al. 2011). 

Armed with this powerful metric, our laboratory was able to identify the amount 

of time necessary for perceptual processing to influence the decision process: we found 

that the time necessary to go from chance to fully informed decisions is around 60 ms 

(Stanford et al. 2010), and that viewing durations beyond 250 ms have little impact on the 

perceptual judgment (Hauser et al. 2013). These results are in stark contrast to the slow, 

gradual accumulation of evidence observed in the majority of RDM studies (Burr and 

Santoro 2001; Palmer et al. 2005), but matches closely with Uchida et al. (2006) who 

argue that for the most common perceptual judgments, such as those associated with 

saccades or sniffs, performance stops increasing beyond a fairly short period of sensory 

evaluation of ~200-300 ms. Thus, to answer the question posed above: RT is not equal to 

the amount of time spent processing the relevant sensory information, instead rPT reflects 

the time course of a perceptual judgment. Therefore, it seems that the accumulation of 
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evidence does not need to be a slow gradual process; instead it would appear that a subset 

of perceptually-driven decisions can be made incredibly fast. 

Neurophysiologically, the responses of oculomotor neurons recorded from FEF 

and oculomotor thalamus (OcTh) during performance of the CS task also changed as 

functions of rPT (Costello et al. 2013; Costello et al. 2016): the build-up rates of the 

target- and distracter-related motor plans increased and decreased, respectively, once the 

cue information became available, and the time course of the modulation was very 

closely tied to the amount of rPT that had elapsed in a particular trial. Moreover, while 

the vast majority of studies investigating the neural basis of perceptual decisions have 

argued that visually responsive neurons in oculomotor structures are responsible for 

discriminating target and distracter stimuli (Heitz and Schall 2012; Purcell et al. 2013), 

during the CS task these neurons demonstrate no such characteristics. In fact, in the FEF 

and OcTh, purely visual neurons respond to a stimulus in their RF, but show no change in 

firing rate when that stimulus changes to either a target or distracter (Costello et al. 2013; 

Costello et al. 2016); instead it is a subset of motor neurons that are linked to 

differentiating between potential saccade targets.  

While the role of the FEF and OcTh in the formation of an urgent perceptual 

judgment has been well studied (see above), how the activity of SC neurons is tied to this 

process remains to be determined. The SC is a midbrain structure with a firmly 

established role in the formation and execution of saccades (Gandhi and Katnani 2011), 

and has been implicated in visual target selection, visuospatial attention, and perceptual 

choice (Krauzlis et al. 2013; Basso and Wurtz 1998; Kim and Basso 2008). Thus, in 

chapter two of this thesis, we investigate the manner in which perceptual information 



15 
 

rapidly modifies developing motor plans in the SC to guide perceptual decisions in the 

CS task.  

Perceptual processing speed impacts the gain of SC motor responses 

The CS task has proven highly useful in understanding the temporal evolution of a 

perceptual judgment, and relating changes in perceptual processing speed to changes in 

the underlying neural activity. Therefore, we recorded from the SC in three monkeys 

performing the CS task. We report an entirely novel form of response modulation in two 

subgroups of motor neurons recorded in the intermediate and deep layers of the SC. One 

population of neurons (G+) increases in firing rate as rPT increases, while the other 

population shows the opposite preference; as rPT increases, these neurons (G-) decrease 

in activity. Moreover, the time course of this perceptually driven gain modulation, as 

indicated by the gain response functions (GRF) computed for each subgroup separately, 

is very similar to the time course of the perceptual judgment, as evidenced by the 

tachometric curve. By comparison, visual neurons do not differentiate between a target or 

distracter in their RF, replicating what was observed in the FEF and OcTh. However, the 

activity of visual neurons was indicative of a spatial bias observed in two of the three 

monkeys, in agreement with prior work exploring the role of the SC in the deployment of 

visuospatial attention (Krauzlis et al. 2013, Ignashchenkova et al. 2004).  Our results 

suggest that perceptual processing influences the gain of SC motor activity to ensure the 

selection of the behaviorally appropriate response. 

For a subset of recording sessions, stimulus discriminability was manipulated so 

that the choice on any particular trial could be easy or difficult. Crucially, subjects had no 

advanced knowledge as to difficulty of the discrimination. We found that this 
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experimental manipulation had profound effects on the time course of a perceptual 

judgment; as the discriminability of the stimulus decreased, the amount of time necessary 

for the perceptual information to influence the choice process increased, and the 

maximum level of success achievable decreased. These psychophysical differences were 

extremely similar to the changes in neural activity observed in G+ and G- neurons. These 

results further support our interpretation that gain modulation is the mechanism for 

flexible control of ongoing movements, whereby incoming perceptual information is 

rapidly incorporated with preparatory motor activity to ensure the selection of the 

appropriate response. 

 

 

Summary 

To summarize, this thesis explores three fundamental questions: one, how the activity of 

single neurons in the frontal eye field (FEF) relates to the timing and variability of 

saccades, two, the impact of perceptual processing on neural activity in the superior 

colliculus (SC), and three, the origin of the speed-accuracy tradeoff. In chapter one, we 

show that the level of conflict between competing motor alternatives is what drives 

variations in response latency, as well as the magnitude of activation in FEF neurons. In 

chapter two, we use a novel choice task recently developed in our laboratory, known as 

the compelled-saccade (CS) task, to infer the temporal evolution of a perceptual 

judgment and relate its time course to changes in the activity of visual, visuomotor, and 

motor neurons in the SC. Finally, in chapter three, we use psychophysical, 
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neurophysiological and modeling results from the CS task to describe the origin of the 

speed-accuracy tradeoff. 
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Abstract 

Directing gaze to a visual stimulus engages attentional and saccade-initiation 

mechanisms that have been amply studied, yet how single neuron responses relate to the 

timing of eye movements is still unclear.  To investigate this, we recorded neuronal 

activity in the frontal eye field (FEF) while monkeys made saccades to single visual 

targets varying in reward magnitude, which produced widely varying reaction time (RT) 

distributions. Neural responses, both before and after target onset, showed strong and 

distinct dependencies on reward location, RT, and trial outcome (correct/incorrect). 

Based on these rich empirical findings, we constructed a model in which the presaccadic 

activity toward the target competes with a weaker, internally-driven motor plan, and the 

model reproduced both the psychophysical and neural data quantitatively. The results 

suggest that the temporal variance of reactive saccades is fundamentally determined by 

the dynamics of motor conflict resolution, even when such conflict is not apparent.   
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Introduction 

The frontal eye field (FEF) is a cortical area with a firmly established role in planning 

and executing rapid saccadic eye movements
1−7

. As in the superior colliculus (SC), 

activation at a given site in the FEF is associated with a saccade of a specific direction 

and amplitude, referred to as a movement vector and the preparation to make an eye 

movement corresponds to a gradual rise in the activity of movement-related neurons: as 

their firing rates increase, the impending saccade becomes more likely to match the 

corresponding movement vector. The rising FEF activity also determines when the eye 

movement occurs. If the motor plan ramps up rapidly, the saccade is produced quickly; if 

the motor plan develops more slowly, the saccade takes longer. Quantitatively, this 

corresponds to a negative correlation between saccadic reaction time (RT) and build-up 

rate
8−12

. Notably, neurons that encode motor plans seem to reach a consistent level of 

activity just before the onset of a saccade
8, 10, 13−15

, which supports the idea that, for 

simple reactive saccades to unambiguous stimuli, the variance of the RT distribution is 

predominantly determined by the variance of the FEF/SC build-up rates across trials
8, 9, 16

. 

These observations have had far-reaching consequences. The current thinking is 

that a voluntary saccade is triggered within 10–20 ms after the population activity in FEF 

exceeds a particular threshold level. Similarly, in models of decision making in which 

multiple alternatives are evaluated over time, the deliberation process ends when a 

“decision variable” crosses a threshold, at which point the system commits to a particular 

choice
15, 17−23

. This is a universal feature of such models, whether they describe 

behavioral data based on saccades, limb movements, verbal responses, or other types of 

motor action. Yet, possibly the clearest evidence for the existence of such a threshold 
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mechanism is precisely the behavior of oculomotor neurons in FEF (and even there, 

evidence already suggests a certain degree of flexibility
11, 24

). In other related circuits 

either no threshold is apparent 
25

 or its implementation is much less evident
26, 27

.  And so, 

a detailed understanding of saccade initiation mechanisms and the exact nature of the 

threshold is of great significance to a broad range of questions in computational 

neuroscience. For instance, how do functionally distinct neuronal types interact within 

oculomotor networks? What are the fundamental sources of variability of RTs?  How 

does cognitive information, such as that related to current goals, motivation, or reward 

availability, influence the timing of a choice? 

Here we address these questions using an elegant paradigm
28, 29

 that produces a 

large spread in saccadic RT simply by varying the subject's expectation of reward. We 

find strong covariations between the reward-driven activity (observed during fixation), 

the movement-related responses, and the subject's RTs, with distinct patterns for correct 

versus incorrect trials. The results, which were fully accounted for by a model based on 

competitive dynamics, suggest that the baseline levels of activity observed at different 

spatial locations at the start of each trial represent incipient motor plans that have a major, 

crucial influence on the subsequent cue-driven response: the degree to which that 

response is congruent or in conflict with them determines the observed saccade vector, its 

timing, and the apparent threshold reached before saccade onset. This competition 

process explains puzzling features of the behavioral data (RT distributions of correct vs.\ 

incorrect saccades) and neural data (strong variations in presaccadic activity across RTs, 

reward conditions, and outcomes), and suggests that the high variability of saccades to 
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single targets is a consequence of the motor selection mechanisms that allow saccades to 

be both continuously programmed and responsive to novel sensory events. 

Results 

Two rhesus monkeys were trained on the one-direction rewarded (1DR) task (Fig. 1a), in 

which a saccade to a single, unambiguous target must be made but a large liquid reward 

(primary reinforcer) is available only when the target appears in one specific location
28, 

29
. The rewarded location remains constant over a block of trials and then changes. 

Notably, ours is a RT version of the task whereby the go signal meaning ``move now!'' 

(offset of fixation point) is simultaneous with target onset. Also, it involves 4 locations 

and variable block length. This task generates errors and large variability in RT (Fig. 1a-

e) under minimalistic sensory stimulation conditions. We exploit this to investigate how 

variance in saccadic performance relates to variance in FEF activity. 

 

 

 

 

 

 

 

Figure 1. Saccadic tasks used. a, The 1DR task. After a fixation period of 1000 ms, a single eccentric 

stimulus appears at one of four locations and the subject is required to make a saccade to it. Stimulus 

location is chosen randomly in each trial. Fixation offset (go signal) and stimulus onset are simultaneous. In 

each block of trials, only one of the directions yields a large reward; the others yield either no reward 

(monkey G) or a small reward (monkey K). b, The ADR task. Same sequence of events as in a, except that 

saccades in all directions are equally rewarded. White arrows indicate saccades; they are not displayed. 
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When the target and rewarded locations coincided (congruent trials; Fig. 2a, e, red 

traces), the monkeys consistently moved their eyes very quickly (monkey G, 158 ± 33 

ms, mean RT ± 1 SD; monkey K, 146 ± 21 ms), and essentially never missed (monkey G, 

99.8% correct, n = 7234 congruent trials; monkey K, 99.6%, n = 5837). In contrast, when 

the rewarded and target locations were either diametrically opposed or adjacent 

(incongruent trials; Fig. 2b–d, cyan traces), both the mean RT and the spread increased 

dramatically (monkey G, 269± 84 ms; monkey K, 236± 77 ms), along with the 

percentage of incorrect saccades away from the target (monkey G, 18.3% incorrect, n = 

16905 incongruent trials; monkey K, 8.1%, n = 12708). The symmetric condition in 

which all directions were equally rewarded (ADR; Fig. 1b) produced RT distributions 

that were intermediate between those of congruent and incongruent trials (Fig. 2a–e, 

gray; monkey G, 192 ± 40 ms; monkey K, 174 ± 36 ms). Also note that, compared to 

those of correct saccades, the RTs of incorrect saccades were neither consistently fast, as 

might be expected based on strong anticipation, nor consistently slow, as might be 

expected from a protracted conflict resolution process (Fig. 2e). Instead, the RTs during 

errors fell squarely in the middle of the distributions of correct RTs (for correct trials 

90% of RTs were inside [158, 432] and [146, 404] ms for monkeys G and K, 

respectively; for errors, the ranges were [180, 336] and [152, 388] ms). Mechanistically it 

is not obvious how this could be accomplished — but we revisit this conundrum further 

below. 

The saccadic latencies associated with specific spatial locations adapted quickly 

after each block transition (Fig. 2f, g), as reported in prior studies
28, 30, 31

. The temporal 

profiles indicate that, following a block change, the monkeys discovered the new 
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rewarded location after about 4 trials (Fig. 2f). Their RTs also demonstrated slight but 

robust trial history effects (Fig. 2h, i), indicating that the monkeys were sensitive to the 

statistics of the task within blocks, albeit with subtle differences for the two animals. 

With slower RTs overall, monkey G expressed trial history on congruent trials in the 

form of increasingly faster RTs as trial history progressively reinforced the rewarded 

location (Fig. 2h). Conversely, with faster RTs overall, monkey K showed sensitivity 

primarily on incongruent trials as a progressive slowing of RT as history increasingly 

reinforced the rewarded location (Fig. 2i). Thus, the two animals keenly tracked the 

likelihood that the target would appear at the rewarded location. 

 

Figure 2. Asymmetric reward expectation leads to spatial bias. a–d, Distributions of RTs for monkeys 

G (left column) and K (right column). Insets indicate rewarded location (blue drop) and target (red circle). 

When the two are congruent (a, red traces), RTs are shorter and less variable than when they are 

incongruent, i.e., either opposite (b, cyan) or adjacent (c, d, cyan). In unbiased trials (ADR task; gray), 

results are intermediate. e, RT distributions in correct congruent (red, same data as in a), correct 

incongruent (cyan, data in b–d combined), and incorrect incongruent (black) trials. f, g, Time course of 
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spatial bias. Mean RT (± 1 SE) for saccades to a fixed location as a function of the number of trials before 

or after a change in reward status (i.e., block transition). Transitions from unrewarded to rewarded (f, red) 

are faster than from rewarded to unrewarded (g, cyan). Horizontal lines indicate asymptotic RT values. 

Black lines are exponential fits with time constants as indicated (τ; units are trials). h, i, Trial history 

effects. Mean RTs (± 1 SE) to rewarded (h, red) and unrewarded (i, blue) targets are shown conditioned on 

various preceding sequences of rewarded (R) and unrewarded (U) trials. The first 15 trials after each block 

transition were excluded. Except as noted in e, all data are from correct responses. 

 

In addition to being initiated sooner, saccades to rewarded locations were spatially 

more precise (Supplementary Fig. 1a–c) and had higher peak velocities (Supplementary 

Fig. 1d–g) than those to unrewarded locations. Such variations in saccade metrics were 

slight, but robust and consistent with previous reports
28, 30, 31

.  

In short, monkeys are highly sensitive to the spatially asymmetric value 

associated with otherwise identical target stimuli, which suggests that, when a target 

appears at an unrewarded location, a conflict arises that leads to high variability in the 

direction and timing of the elicited saccade. In what follows, we ask: what features of the 

evoked FEF activity may account for such variability? We use the congruence between 

target location and the monkey’s internal bias as a lever to expose the relevant 

dependencies. 

Modulation of peak activity by RT 

We recorded single-unit activity from 135 FEF neurons in the two monkeys (68 in 

monkey G; 67 in monkey K) during performance of the 1DR task. Whereas just 2 distinct 

experimental conditions, congruent and incongruent, are relevant for behavioral analysis, 

neurophysiologically there are 6 relevant conditions to consider, depending on whether 

the target, expected reward, and saccadic movement were inside or outside a recorded 

cell’s response field (RF). Thus, for example, we use the abbreviation IOI to denote the 
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combination in/out/in; that is, trials for which the target was in, the reward was expected 

out, and the saccade was into the RF. Such IOI trials are incongruent, because target and 

reward locations do not match, and correct, because target and saccade locations match. 

Only 6 of the 8 possible combinations are considered because congruent trials were 

virtually devoid of errors, so IIO and OOI conditions are absent. We first analyze the 

relationship between RT and activity during correct saccades into the RF, for which the 

target and the spatial bias were either congruent (III trials) or incongruent (IOI trials). 

Our first, key experimental finding is illustrated with two example cells for which 

the maximum level of activity across trials was clearly dependent on RT (Fig. 3). To 

simultaneously view multiple responses recorded from a given neuron, we created 

activity maps in which color corresponds to firing intensity and trials are ordered 

according to RT (Fig. 3a, f). In this way, it is easy to appreciate that both cells were most 

active shortly before the saccade (white marks on the right) and that their firing rates 

were very different for the slowest versus the fastest responses (Fig. 3a, blue vs. red 

bars). One cell showed a preference for slow trials (i.e., higher firing at long RTs) and the 

other showed the opposite preference, for fast trials (i.e., higher firing at short RTs). The 

contrast is also apparent in standard firing rate traces, or spike density functions (Fig. 3b, 

g). 

To quantify these effects, for each neuron we parametrically determined when it 

fired most intensely and how strong its evoked activity was in each trial. Reponse 

magnitude was measured via the peak response, Rp. This is the cell’s firing rate 

computed in a time window (typically 100 ms wide) centered on the time point Tp, which 

we call the time of peak response. This is simply the time along a trial (with t = 0 
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corresponding to the go signal) during which the cell was most likely to fire at the highest 

rate. Because FEF neurons may respond in relation to stimulus onset (equal to target 

onset) or to saccade onset, Tp is described as a linear function of RT. It is given by 

Tp = β0 + β1 × RT    (1) 

where the coefficients β0 and β1 are specific for each neuron (Methods). For example, 

for a neuron with β0 = 80 and β1 = 0, the maximum rate in a trial is typically observed 80 

ms after the go signal, regardless of RT; in contrast, for a cell with β0 = −30 and β1 = 1, 

the highest discharge occurs 30 ms before the saccade. This latter case applies well to the 

two example cells, both of which fired maximally just before saccade onset (Fig. 3d, β0 = 

−38, β1 = 0.94; Fig. 3i, β0 = −30, β1 = 0.98). 

Having determined the time of peak response for each neuron, we then asked 

whether the magnitude of the peak response also varied systematically across trials; i.e., 

whether Rp also depended on RT. Indeed, in agreement with the impression conveyed by 

the activity maps, the vigor of the peak responses of the example neurons varied 

monotonically with RT, with one neuron showing a positive relationship (Fig. 3c; 

Spearman correlation ρ(Rp, RT) = 0.40, p = 10−9) and the other a negative one (Fig. 3h; 

ρ(Rp, RT) = −0.58, p = 10−12). 

It is important to emphasize that these results apply specifically to activity 

associated with eye movements into the RF, i.e., activity that contributes most directly to 

saccadic choices. Also note that the RT dependencies of the two example cells were 

consistent between III trials (for which target and spatial bias were congruent) and IOI 

trials (for which target and spatial bias were incongruent): the slow-preferring cell fired 



33 
 

weakly in the III condition (Fig. 3a, top), which typically produced short RTs, whereas 

the fast-preferring cell fired strongly (Fig. 3f, top). Regardless of consistency (which was 

not always observed; see below), based on the IOI trials, the opposing RT preferences of 

the two example cells were clear-cut. 

 

Figure 3. Neuronal gain in FEF varies with RT in the 1DR task. a–e, Responses of a single FEF neuron 

that fired preferentially during long RTs. All data are for correct saccades into the RF in III (magenta) and 

IOI (black) conditions. Icons indicate corresponding target (red circle), reward (blue drop), and saccade 

(white cross) locations relative to RF (gray area). a, Activity map. Each row corresponds to one trial, and 

each trial plots firing rate (color) as a function of time (x axis), with responses aligned to the go signal 

(vertical white line). Trials are are grouped by congruence (III above and IOI below the red line) and 

ordered by RT from fastest (top) to slowest (bottom). For this cell, the time of peak activity (Tp, black 

marks) closely tracks saccade onset (white marks). b, Firing rate as a function of time, with spikes aligned 

to the go (left panel) and saccade (right panel). Traces were computed from the slowest (red) and fastest 

(blue) thirds of the RT distribution of the IOI trials (red and blue bars in a). Light shades indicate ±1 SE 

across trials. c, Peak response as a function of RT. Each dot corresponds to one trial. Gray line shows linear 

fit. d, Time of peak response as a function of RT. Each dot indicates the time of maximum activity in one 

trial, where 0 is the go signal. The linear fit (gray line; Equation 1) corresponds to the peak times shown in 

a as black marks. e, RT as a function of peak response according to median-split analysis. Angle brackets 

indicate average across trials (±1 SE). f–j, as in a–e, but for a cell that fired preferentially during short RTs.  
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These results were in agreement with a simpler procedure for relating activity and 

RT
32

 whereby trials are first divided down the median into high- and low-firing rate 

groups and differences in mean RT across those groups are then evaluated (Fig. 3e, j; 

Methods). For both example cells, in IOI trials the mean RTs from low- and high-

response trials differed by about 70 ms (Fig. 3e, j, black points; p < 10−4 for both cells, 

permutation test), with the sign of the difference consistent with the RT preference 

obtained via ρ(Rp, RT). The median-split RT differences based on III trials showed 

weaker but qualitatively similar trends (Fig. 3e, j, magenta points; p = 0.007, p = 0.14, 

respectively). Thus, the modulation of peak activity by RT was evident with different 

quantitative measures. 

RT preference across cell types 

The same analyses were applied to all the recorded neurons to determine the prevalence 

of the observed RT selectivity and whether it was specific to particular cell types in FEF. 

Neurons were classified according to their temporal response profiles in the 1DR task, 

and the accuracy of the classification procedure was verified by comparing the resulting 

categories with those expected on the basis of standard visuomotor criteria (ref. 1; 

Methods). 

First we identified three groups of cells with rather unique characteristics 

(Supplementary Fig. 2): fixation cells (F, n = 12), which fire most strongly before the go 

signal; postsaccadic cells (P, n = 18), which start responding only after saccade onset; and 

“wide activation” cells (W, n = 10), which initiate their response shortly after the go 
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signal but continue firing well past the saccade (Methods). The remaining neurons (n = 

92) responded during the RT interval, had regular sensory-motor properties, and were 

further classified by analyzing when, during performance of the 1DR task, they fired 

maximally relative to target onset and saccade onset. Specifically, for each of those cells, 

the coefficient β1 was used as a visuomotor index (Fig. 4a). Recall that β1 is the slope in 

the linear equation relating the time of peak response to RT (Equation 1). The logic is 

that neurons that respond exclusively to the stimulus (visual, or V) should be insensitive 

to RT 178 and have a slope close to 0 (Fig. 4d, e; note black marks nearly vertically 

aligned); neurons that fire in relation to saccade onset (motor, or M) should closely track 

the RT and have a slope near 1 (Fig. 4h, i; note black marks parallel to saccade onset 

markers); and neurons that are activated in relation to both events (visuomotor, or VM) 

should have intermediate slopes (Fig. 4f, g). 

Based on the slope of Tp, we partitioned these 92 neurons into 3 subgroups and 

examined their activity in the delayed saccade task, which is traditionally used to classify 

FEF cells (Methods). We were able to divide the full range of slopes into 3 segments, 

with the corresponding neurons showing precisely the profiles expected of traditional V, 

VM, and M cells in delayed saccade trials (Fig. 4j–l). This temporal consistency across 

the 1DR and delayed saccade tasks was also verified for the F, P, and W categories 

(Supplementary Fig. 2). 

With this functional classification at hand, we examined the dependence of peak 

response on RT across the population during IOI trials. We that the total number of 

neurons with significant correlation values (Fig. 4a, blue and red points) was much larger 

than expected by chance (43 of 135 had significance better than 0.05, versus 6.8 expected 
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by chance; p = 10−22, binomial test), and that those values were predominantly negative 

(ρ < 0 for 84 of 135 neurons, p = 0.003). However, we found no evidence that particular 

cell types had stronger or weaker RT selectivity (Fig. 4a). Positive and negative 

correlations were distributed across all cell categories (p = 0.22, ANOVA), and each 

category had approximately the expected number of neurons significantly modulated by 

RT (p > 0.18, binomial tests). The modulation by RT is both positive and negative, with 

negative being more common, and in either case seems to be evenly spread throughout 

the diverse functional elements of the FEF circuitry. 

Response gain varies smoothly with RT 

To obtain a more intuitive sense of the dynamics of the evoked, RT-sensitive neural 

activity as it unfolds over time, and of the magnitude of the RT modulation, we created 

average population traces sorted by RT, comparing activity into and away from the RF 

side by side (Fig. 5, a–h). Two sets of responses were generated first, one comprising 5 

neurons that were selective for long RTs (Fig. 5a, b) and another comprising 33 neurons 

that were selective for short RTs (Fig. 5c, d). These populations were chosen based on 

their type (V, VM, and M) and ρ(Rp, RT) correlation values exhibited during IOI trials 

(Methods). To expose their full modulation range, the IOI trials recorded from each cell 

were divided into 20 partially overlapping RT quantiles, and population averages were 

created for each quantile (Methods). 
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Figure 4. RT-dependent modulation of activity across FEF neuronal types. a, Spearman correlation 

between peak response and RT for all classified cells (n = 132). For standard cell types (V, VM, M), values 

on the abscissa correspond to the slopes of Tp (β1 in Equation 1); for other types (F, P, W), values are 

arbitrary. Gray shades demarcate slope ranges defining the V, VM, and M categories. All correlation values 

are from correct, incongruent trials with saccades into the RF (IOI). Colors indicate cells with significant 

correlation (blue, p < 0.05; red p < 0.01). Small dots identify example cells in panels below and Fig. 3. b, 

RT as a function of peak response according to median split. Points are mean values (±1 SE) averaged over 

neurons in a with significant positive correlation (n = 12). Cell responses were normalized before 

averaging. c, As in b, but for all neurons with significant negative correlation (n = 31). d–i, Activity maps 

for example V (d, e), VM (f, g), and M (h, i) neurons with significant correlation. Two cells fire 

preferentially to long RTs (d, f; ρ > 0) and the rest to short (ρ < 0). j–l, Activity in the delayed saccade task 

for all cells classified as V (j), VM (k), and M (l) and recorded in the delayed saccade task. Traces are for 

correct responses into the RF. Light shades indicate ±1 SE across cells. 
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The resulting color-coded firing rate traces show that, for eye movements into the 

RF, the amplitude or gain of the presaccadic activity changes gradually as a function of 

RT (Fig. 5a, c). The modulation range is quite large, the minimum gain being less than 

45% of the maximum (44% for slow- and 42% for fast-preferring groups). In 

comparison, the activity of the same groups of cells during saccades away from the RF 

(Fig. 5b, d) is much less intense, as expected given the spatial selectivity of the FEF. 

The same analysis was repeated for the III condition (Fig. 5e, f; 14 slow-

preferring neurons; Fig. 5g, h; 10 fast-preferring neurons) but, accordingly, the 

populations were chosen based on the RT preferences (i.e., correlation values) exhibited 

during III trials. The resulting RT modulation during inward movements is more modest 

than for IOI trials (minimum gain is 65% and 57% of maximum for slow- and fast-

preferring groups, respectively), but is still quite substantial considering the much 

narrower RT range of the III trials. The evoked activity in this case is again spatially 

specific (Fig. 5f, h). Complementary RT preferences are observed regardless of the 

congruency between the target and the internal spatial bias. 

Another singular feature of these evoked responses is their temporal profile. For 

the fast-preferring groups there is a dramatic increase in the slope of the rising activity as 

it goes from the slowest (dark red) to the fastest (black) responses, and the smooth 

dependence of this build-up rate on RT is most evident with the spikes aligned on the go 

signal (Fig. 5c, g, left). In contrast, the slow-preferring populations show an 

approximately constant build-up rate immediately after the go signal (Fig. 5a, e, left), 

which produces parallel traces shifted in time when the spikes are aligned on saccade 

onset (Fig. 5a, e, right). These effects were quantified for individual cells by calculating 
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the Spearman correlation between build-up rate and RT across trials, ρ(rBU , RT) 

(Methods). And indeed, across the population of V, VM, and M neurons, the correlations 

for the fast-preferring cells were typically negative (indicating higher build-up rates for 

shorter RTs; Fig. 5j, k, gray bars), whereas for the slow-preferring cells they were 

generally close to zero (indicating approximately constant build-up rates; Fig. 5j, k, red 

bars). Thus, the build-up rates of the two groups of neurons had characteristic 

dependencies on RT. 

Stability of RT preferences 

If a neuron were to demonstrate a preference for, say, long RTs in IOI trials, parsimony 

suggests that it should show the same trend, albeit over a different RT range, in III trials, 

so that the respective ρ(Rp, RT) values have at least the same sign (as in Fig. 3). 

However, the correlations calculated from III and IOI trials provided only weak support 

for this intuition (Fig. 5i, linear correlation = 0.27, p = 0.01; probability of same sign = 

0.48, p = 0.7, binomial test; n = 90 V/VM/M cells). Knowing the RT preference of a cell 

in one condition conveyed little information about its preference in the other. 

To verify these findings, we repeated all comparisons using the simpler median-

split analysis, but the results were very similar to those based on correlation coefficients. 

We also considered the possibility that the RT dependence calculated for III trials might 

have been too unreliable, given that III trials were less abundant than the IOI (64 ± 54 IOI 

trials per cell, mean ± SD; 39 ± 28 III trials per cell) and typically involved a narrower 

range of RTs (Fig. 2). However, the number of neurons with significant RT modulation 

in the III condition was still well above the null expectation (Fig. 5i, cyan and orange 
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points; 21 of 90 III correlations were significant, vs. 4.5 expected by chance; p = 10−8, 

binomial test), indicating that the III measurements were not derived from noise alone. 

Additional analyses (Supplementary Fig. 3) led to the same conclusion, that the responses 

in III and IOI conditions differed in their sensitivity to RT for reasons other than mere 

variations in sampling. 

The implication would be that a substantial fraction of FEF neurons are capable of 

reversing their RT preferences depending on the congruence between the target and the 

monkey’s internal bias - which would seem contrived. But there is another important 

consideration here: given the temporal patterns identified earlier (Fig. 5a–h), perhaps the 

key quantity relating the activity of each neuron to RT is not the peak response (Rp) but 

rather the build-up rate (rBU ). The calculation of rBU in single trials is much more prone 

to error, because it involves evaluating a change in firing activity over a short period of 

time, and such error should generally weaken the measured values ρ(rBU , RT), pulling 

them toward zero. Nevertheless, the comparison of ρ(rBU , RT) computed in III versus 

IOI trials showed relatively strong consistency (Fig. 5l, linear correlation = 0.38, p = 

0.0002; n = 90 V/VM/M cells), stronger than that based on Rp (Fig. 5i). Therefore, 

although the association between RT and peak activity can be established more 

accurately, that between RT and build-up rate is likely to reflect a more fundamental 

functional distinction between neurons, as it is more stable across conditions. 
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Figure 5. Activity profiles of RT-sensitive neuronal populations. a–d, Normalized firing rate as a 

function of time for neurons preferring slow (a, b) or fast (c, d) responses in IOI trials. Activity is for 

correct saccades into (a, c) or away from (b, d) the RF (see icons on far right). Each colored trace includes 

20% of the trials of each participating cell around a particular RT quantile, as indicated by the color bar in 

d. Lighter shades behind lines indicate ± 1 SE across cells. Numbers of participating neurons are indicated. 

e–h, As in panels above, but for neurons selective for slow (e, f) or fast (g, h) responses in III trials. i, 

Spearman correlations between peak response and RT in III vs. IOI conditions. Gray line indicates linear 

regression. Points correspond to neurons that were not significant in either condition (black dots), 

significant in IOI trials only (light gray circles), significant in III trials only (cyan circles), or significant in 

both conditions (orange circles). j, k, Spearman correlations between build-up rate and RT for fast- (gray 

bars) and slowpreferring cells (red bars). l, Spearman correlations between build-up rate and RT in III vs. 

IOI conditions. Same color code as in panel i. All data are from 92 V, VM, and M cells. 
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The alignment between baseline and target-driven activity determines saccadic 

conflict 

 As reported in previous studies of the 1DR task
33−36

, we observed that the baseline firing 

level measured during fixation — before the target is presented — tracked the rewarded 

location, and thus the monkey’s spatial bias. We analyzed how this internally-driven 

signal relates to the activity evoked later in the trial and to the eventual behavioral 

outcome, and found that the baseline level is predictive of both (Fig. 6). 

The effect of the spatial bias on the motor selection process can be seen by 

contrasting the activities of two populations of neurons, those that contribute to the actual 

saccadic choice (Fig. 6a–c, reddish traces, saccades into the RF) and those that favor the 

opposite choice (Fig. 6a–c, greenish traces, saccades away from the RF). When the target 

is presented at the rewarded location, the saccade is essentially always correct and no 

evidence of conflict is discernible; the target in the RF evokes the quickest and strongest 

response observed (Fig. 6a, III trials, red trace), and the neurons favoring the opposite 

choice (Fig. 6a, OOO trials, green trace) show little, if any, response before the eye 

movement. Notably, a difference in activity between the two complementary populations 

is already evident before the go signal/target onset. That is the internal — and likely 

attentional
37

— bias signal created by reward expectation, which in this case is spatially 

congruent with both the target and the choice. By contrast, in incongruent trials, when the 

target is presented opposite to the rewarded location, a conflict arises early in the trial in 

the form of a higher baseline favoring the rewarded location (Fig. 6b, note green trace 

above red before go signal). During correct trials this conflict is appropriately resolved as 

the target-driven activity (Fig. 6b, IOI trials, red trace) increases and overtakes the 
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competition, but the rise is slower and ultimately less intense that that observed when the 

bias and the target are congruent (Fig. 6d, IOI vs. III). Finally, the conflict is even more 

extreme during incongruent trials that end in erroneous choices toward the rewarded 

location (Fig. 6c). In that case the initial bias in baseline activity is largest (Fig. 6e, OII), 

and the response associated with the (wrong) saccadic choice not only rises extremely 

slowly (Fig. 6c, magenta trace), but also reaches a modest level that is just slightly above 

that associated with the opposite (correct) motor alternative (Fig. 6d, OII vs. IOO). These 

results were based on recordings from 62 V, VM, and M neurons that had both correct 

and error trials (Fig. 6a–c), but they were qualitatively similar for all neuronal types and 

preferences (see Supplementary Fig. 4a–c). In the incongruent condition, the evoked 

responses were very much as if the monkeys had struggled to make a choice between two 

competing targets, even though only one was displayed. 

That expectation is what drives the variations in baseline is clear: during each 

block, the rewarded location is known to the subject during the fixation period, whereas 

the target location is not. So it is important to underscore that, during incongruent trials, 

the baseline activity Rb (firing rate in a 250 ms window preceding target onset) is 

strongly predictive of outcome. In correct trials, Rb was higher for the rewarded location 

than for the opposite (target) location (Fig. 6e, OIO vs. IOI; p < 10−5, permutation test), 

but such difference was particularly large during incorrect saccades (Fig. 6e, OII vs. IOO; 

p = 10−4). These variations in activity were consistent across a majority of individual 

V/VM/M cells. When the rewarded location coincided with the RF and the target was 

presented outside, most neurons (34 of 53, p = 0.03, binomial test) had a higher baseline 

rate before incorrect as opposed to correct trials (Fig. 6f, left), as if an excessive Rb 
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triggered a (wrong) saccade into the RF. Conversely, when the rewarded location was 

opposite the RF and the target was subsequently presented inside, most neurons (33 of 

42, p = 0.001, binomial test) had a lower Rb preceding incorrect trials (Fig. 6f, right), as 

if the lack of baseline activity precluded a (correct) saccade into the RF. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Baseline activity predicts internal conflict and response gain. a–c, Normalized firing rate as a 

function of time for a population of 62 neurons (V, VM, and M) for which both correct and incorrect 

responses were collected. Icons indicate target (red circle), rewarded location (blue drop), and saccade 

(white cross) relative to the RF (gray area) in each case. Paired reddish and greenish traces correspond to 

activity into and away from the RF, respectively, in the same behavioral condition. For congruent trials (a) 

only correct responses are shown. For incongruent trials both correct (b) and incorrect (c) responses are 

shown. The reference line (dotted) is identical across panels. d, e, Mean peak activity (d) and mean baseline 

activity (e) for each target/reward/saccade (TRS) combination, from the same 62 neurons in a–c. Error bars 

indicate ±1 SE across cells. f, Baseline activity (z-scored) in correct versus incorrect trials. Each pair of 

points corresponds to one neuron. Lines join correct and incorrect responses for identical target/reward 

combinations (left: cue out, reward in; right: cue in, reward out). Colors indicate increases (black) and 

decreases (gray) in activity from correct to incorrect outcomes. 
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In summary, the eventual choice in a trial of the 1DR task seems to depend, at 

least in part, on the initial ‘baseline’ levels of activity at the rewarded and (future) target 

locations, and on the conflict that ensues between baseline and cue-evoked responses. 

The dynamics of this conflict are explored through computational modeling further 

below. 

Dissociating the contributions of internal bias and RT 

In comparing the evoked responses in III versus IOI trials in the 1DR task (Fig. 6a, b), 

note that the two conditions vary not only in terms of congruence, but also in their 

corresponding RT distributions (Fig. 7a). Thus, it is not clear whether the observed 

differences, particularly in baseline and perisaccadic firing level, are related to internal 

bias, RT, or both. This is important because the two variables are fundamentally different 

in terms of causality: variations in expectation produce variations in FEF activity, 

whereas those variations in activity presumably result in different RTs. To isolate the 

internal bias signal, we designed a procedure for comparing the responses in III versus 

IOI conditions with and without the contribution of RT. 

The main idea was to subsample the data to construct smaller but matching III and 

IOI data subsets (Fig. 7b). The fastest IOI and slowest III trials were paired so that, for 

each neuron, the resulting subsets had identical numbers of trials and nearly identical RT 

distributions (Methods). Then we made comparisons across conditions with the original, 

full data sets and with the subsampled sets. 

We considered two groups of V, VM, and M neurons that had sufficient RT-

matched trials. The cells in group 1 (Fig. 7c–e), which was the largest (n = 47), preferred 
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the congruent condition and short RTs; that is, they fired more vigorously (in terms of 

Rp) in III than IOI trials and, at the same time, had negative ρ(Rp, RT) values in the IOI 

condition. These neurons were much more responsive in congruent than incongruent 

trials (Fig. 7c, magenta vs. black bars in NM condition; Fig. 7d, magenta vs. black traces) 

and, as expected, the difference was visibly and significantly attenuated after RT 

matching (Fig. 7c, YM condition; Fig. 7e). Critically, however, the firing rate traces 

revealed a clear residual effect — a pure bias-related modulation — which was 

approximately equivalent to a vertical shift (Fig. 7e). For these cells, the comparable 

changes in the baseline and presaccadic firing levels represented the isolated correlate of 

the internal spatial bias.  

The cells in group 2 (Fig. 7f–h), which was smaller (n = 17), had preferences that 

were opposite to those of group 1: they preferred the incongruent condition (had stronger 

responses in IOI than III trials) and long RTs (had positive ρ(Rp, RT) coefficients). For 

group 2, the difference in activity across conditions was also significantly attenuated after 

RT matching, both in terms of mean Rp (Fig. 7f; compare NM vs. YM) and of 

continuous firing rate (Fig. 7g, h).  

In summary, by creating subsamples with equalized RTs it was possible to isolate 

the effect of the spatial bias on the FEF saccadic response to a target in the RF. In the 

clearest and most common instance, that response was larger when the RF and the 

rewarded location coincided (congruent condition) than when they did not (incongruent 

condition), with the difference being more modest than estimated naively (without RT 

matching) and remaining approximately constant over time. 
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Figure 7. Dissociating the effects of internal bias and RT on FEF activity. a, Original RT distributions 

for III (magenta) and IOI (black) trials (non-matched condition, NM). b, RT distributions for III and IOI 

trials after RT-matching (yes-matched condition, YM). c, Mean normalized peak responses (±1 SE across 

cells) for non-matched (NM) versus RT-matched (YM) conditions. Data are from 47 V, VM, and M 

neurons with RTmatched trials and preferring the III condition and short RTs. Significant differences 

between IOI responses in NM vs. YM conditions are indicated (⋆, p < 0.001, permutation test). d, e, 

Normalized firing rate as a function of time during III (magenta) and IOI (black) trials for the same 

population of cells considered in c. Note much larger difference in the NM (d) vs. the YM (e) condition. f–

h, As in c–e, but for 16 neurons preferring the IOI condition and long RTs. All data are from correct 

saccades into the RF. 

Modeling the dynamics of motor conflict 

In this section we present a model that links the saccade generation process to the 

monkeys’ behavior in the 1DR task and, in doing so, integrates all the FEF results 

described above. For simplicity, the model (Methods) only considers two neural 

populations with saccade vectors toward locations T (where the target stimulus is 

presented) and D (the diametrically opposite location). In each trial, their corresponding 

motor plans, characterized by firing rates RT and RD, race against each other toward a 



48 
 

threshold Θ. If RT wins, i.e., reaches Θ first, the saccade is correct, toward T, and if RD 

wins, the saccade is incorrect, toward D.  

Conceptually, the model hinges on two key ideas. One is that the activity at the D 

location, where no stimulus is ever shown, represents an internally-driven, incipient 

motor plan that, just like its target-driven counterpart, tends to grow once the fixation 

point disappears. The other is that the baseline firing levels measured during fixation at 

the two locations, BT and BD, are crucial, variable quantities that determine not only the 

strength with which each motor plan rises later in the trial, but also the threshold level, Θ. 

These two elements, in conjunction with a few additional rules that describe how RT and 

RD may affect each other (Methods), lead to a comprehensive, mechanistic account of 

the behavioral and neural data (Fig. 8). 

The dynamics of the competition between motor plans can be intuitively 

appreciated with three example trials. The simplest situation is when, during fixation, the 

T plan already has the advantage, so a correct saccade is produced quickly, without an 

overt conflict (Fig. 8a). Here, because BT is larger than BD, the target-driven activity 

(red trace) rises abruptly (Equation 4), immediately suppressing the competing plan. The 

rise is so sharp that the corresponding RT is very short, even though the threshold level 

that RT reaches before saccade onset is high (Equation 3). Of note, despite the simplicity 

of this case, the outcome depends on both baseline terms. 
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Figure 8. A saccadic competition model bridges the neural and behavioral data. a–c, Simulated 

activity in three single trials. Traces show motor plans favoring the target location (T , red) and the 

diametrically opposite location (D, blue). Gray shades mark the period during which the target stimulus 

inhibits the motor plan toward D. The scale on the y axes is the same for all three plots. d–f, Mean firing 

rate traces averaged across correct congruent (d), correct incongruent (e), and incorrect incongruent (f) 

simulated trials. Same format as in Fig. 6a–c. g–i, RT distributions for the same conditions and outcomes as 

in panels d–f, respectively. Colored shades are combined data from the two monkeys; black lines are model 

results. j–m, Firing rate traces sorted by RT for the slow (RS T ; j, k) and fast (RF T ; l, m) components of 

the model target-driven response. Same format as in Fig. 5a–d. n,o, Firing rate as a function of time for the 

target-driven activity simulated in all congruent (magenta) and incongruent (black) trials (n), and in RT-

matched trials (o). Same format as in Fig. 7d, e. 
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The more interesting scenario occurs when the internally-driven D plan starts 

ahead in the race. In that case the outcome can go either way, depending on how big the 

lead is. If BD is much larger than BT (Fig. 8c), then the threshold is set very low and the 

T plan rises very slowly; it cannot catch up. The D plan (blue trace) wins the race from 

wire to wire. This is how incorrect saccades are produced. In contrast, if the baseline BD 

is only moderately higher than BT (Fig. 8b), then the threshold is set at an intermediate 

level and the conflict is strongest; the target-driven plan rises at a rate that allows it to 

overtake the competing plan and win the race coming from behind. Additionally, in this 

case the T plan slows down as it goes past the D plan (note slight change in slope of red 

trace during shaded interval); resolving the conflict takes a toll on the winner T plan, and 

the lower its initial build-up rate, the higher the toll (Equation 7). This is how correct 

saccades with very long RTs are produced. 

Another important ground rule is that the presentation of the target stimulus not 

only triggers the corresponding movement plan toward T, but also transiently interrupts 

the competing D plan (Methods). This is based on psychophysical evidence indicating 

that ongoing saccadic plans are briefly inhibited by distracting stimuli
15, 38−40

. In the 

model, the suppression lasts 115 ms (Fig. 8a–c, gray shades), after which the D plan is 

released — if it was not overtaken in the interim. Because of this temporal handicap, the 

target-driven response is able to advance unimpeded for a short period of time, and thus 

to win most often even when it lags behind initially (Fig. 8b). 

In the model simulations, the resulting mix of the three trial types — and the 

corresponding mix of RTs and outcomes — depends critically on the variance of the 

baselines (determined by a single, constant parameter, σ) and on their mean values, which 
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are set according to a simple prescription: the rewarded location has a higher mean than 

the unrewarded (Equation 2). Therefore, in the congruent case BT is, on average, larger 

than BD (as in Fig. 8a), so the majority of trials are fast and correct. By contrast, in the 

incongruent case the roles are reversed, BT is, on average, lower than BD, (as in Fig. 8b, 

c), which results in a combination of correct and incorrect slower responses. In this way, 

when the simulated firing rate trajectories are sorted by bias and outcome, the average RT 

(t) and RD(t) traces (Fig. 8d–f) reproduce the corresponding experimental data (Fig. 6a–

c). The model captures all the variations in baseline and threshold, and generates correct 

and incorrect saccades in proportions similar to those found experimentally (∼0% and 

∼10% errors in congruent and incongruent conditions). Notably, the simulated 

distributions of RTs (Fig. 8g–i) closely mimic their behavioral counterparts (as assessed 

by mean, median, SD, and skewness). In particular, the RTs in incorrect trials (panel i) 

are neither too fast (because of the stimulus-driven interruption mechanism) nor too slow 

(because the slowest responses occur when RT wins coming from behind). 

After obtaining the results just discussed, we wondered how the simulated neural 

activity would vary across RTs. We then realized that the initial build-up rate of the 

target-driven response was equal to the sum of two terms, one with relatively low 

variability across trials and another with much higher variability (Equation 4). Since our 

slow- and fast-preferring FEF neurons differed so starkly in their build-up rates, we 

decided to recast the simulated T activity as the sum of two contributions, so that RT = 

RS T + RF T , where the initial build-up rates of the RS T and RF T components 

corresponded to the low- and high-variability terms, respectively. RS T and RF T were 

otherwise identical, and the split did not alter the summed RT (t) traces in any way, nor 
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the races, as it involved no parameter changes. However, when these two components 

were sorted by RT (Fig. 8j, l), we found that they matched the responses of the slow- and 

fast-preferring FEF neurons (Fig. 5a, c) extremely well, reproducing even the weak but 

visible RT tuning associated with saccades away from the RF (compare Figs. 8k, m and 

5b, d). 

Finally, we compared the target-driven responses simulated in congruent and 

incongruent trials under standard conditions (Fig. 8n) and after matching their RT 

distributions (Fig. 8o), exactly as done with the recorded data. When the variance 

associated with RT was eliminated, the residual effect on the RT trace was highly similar 

to the dominant effect found in the FEF population (Fig. 7d, e), i.e., the remaining 

internal bias signal was associated with slight increases in baseline and threshold, 

creating an approximate vertical shift of the response trajectory. This result is easy to 

understand in the context of the model: on average, the congruent condition sets a higher 

baseline level at the T location (BT ), and this, in turn, increases the threshold (Θ) and 

produces lower RTs (because the build-up rate also increases); but the coupling between 

baseline and threshold is highly consistent (Equation 3), so although strongly attenuated, 

it is still visible when the RT range is drastically restricted. 

Discussion 

Our single-neuron recordings from FEF revealed a novel type of functional distinction 

based on temporal specificity, with a sizable fraction of neurons demonstrating a 

preference for either fast or slow saccadic latencies. Importantly, this division could also 

be defined as one between neurons with highly variable versus approximately constant 
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build-up rates. This finding raises the possibility that, for any given saccade vector, the 

corresponding motor plan consists of two distinct components
41,42

, perhaps originating in 

different structures, or representing different types of motor drive (e.g., internally 

generated vs. spurred by stimuli). In any case, such temporal selectivity was not 

predictable based on standard visuomotor properties (Fig. 4). 

Beyond the potential significance of this temporal dichotomy, our experiments in 

the 1DR task presented three puzzling findings: (1) a peculiar distribution of response 

latencies, whereby the RTs of incorrect saccades were neither consistently fast nor 

consistently slow compared to those of correct saccades; (2) systematic variations in RT, 

baseline, and presaccadic activity that seemed coupled across bias conditions (congruent 

vs. incongruent) and outcomes (correct vs. incorrect); and (3) large variations in peak 

activity as a function of RT. Rather remarkably, the model subsumed all of these 

elements within a compact framework based on a saccadic competition, and once it was 

tuned to reproduce the experimental results in points 1 and 2 quantitatively, the model 

naturally partitioned the simulated target-driven activity into two components that 

mimicked in detail the responses of the fast- and slow-preferring FEF populations (Fig. 

8). 

The threshold varies — but not as we thought 

According to the model, the saccadic threshold is not constant, but rather fluctuates 

dramatically both across bias conditions and within each one. Characterizing such 

fluctuations from single neuron data is difficult, but they are visible when comparing 

average movement-related activity across distinct experimental conditions
11,24,43,44

 (Figs. 
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6, 7). In the current framework the threshold fluctuations always stem from — or are part 

of — the same conflict resolution mechanism, and although these dynamics remain to be 

directly tested in other saccadic tasks, substantial agreement can already be found with 

extant data. For instance, movement-related activity preceding memory-guided saccades 

or anti-saccades is considerably weaker than for stimulus-driven saccades
43

, consistent 

with a lower threshold for internally-driven motor plans. The presaccadic activity 

measured during visual search is less vigorous for incorrect than for correct responses to 

the same location
44

, presumably because the former involve a stronger internal (and 

erroneous) drive that promotes a lower threshold. And, again in the context of visual 

search, one study
11

 showed multiple differences in FEF activity across task conditions 

similar to those found here; that is, when the mean RT was shorter, the baseline, build-up 

rate, and threshold were all higher. 

These findings place significant constraints on the trigger mechanism that 

converts a saccadic plan into a committed, uncancellable command
8,13,14

, which is the 

closest analog of the hard threshold assumed by virtually all models of decision making. 

For instance, a popular idea is that adjustments in threshold may serve to trade speed 

against accuracy during a choice
11,13,45

 (but see refs. 41, 46, 47). This is simply because, 

everything else being equal, activity that ramps toward a higher threshold should take 

longer to reach it, thus providing more time for deliberation. By exactly the same logic, it 

has also been suggested that control of the baseline could serve the same purpose
16,45

. 

However, the results in the 1DR task are entirely antithetical to these notions: congruent 

trials produce shorter RTs and higher accuracy than incongruent ones, largely because of 

strong modulation of the build-up rates and, if anything, in spite of a longer excursion 
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from baseline to threshold (Figs. 6, 8). This is much more in line with theoretical 

studies
48−51

 showing that, in general, the background activity in recurrent circuits is likely 

to have profound dynamical and amplification effects on evoked responses. The saccadic 

race is nonlinear, and even if the urgency of an action is partially determined by a global 

signal
41,42,47

, saccadic selection mechanisms must be distinct from those that handle 

perceptual or cognitive conflicts in which speed and accuracy are heavily traded. 

It is all about the base 

Notably, the only source of randomness in the model is the variability of the baseline 

values, BT and BD, across trials (Equation 2). Within each bias condition, all other 

quantities are either constant or deterministically related to them. This is a simplification, 

of course, and it is certainly possible to add independent noise to other components of the 

model (e.g., the response latencies) without substantially altering the results; what is 

remarkable, though, is that this is not necessary. In a given bias condition, all the variance 

observed experimentally — in RT, saccadic choice, threshold level, and in the build-up 

rates and peak responses of the neurons — results from the computational amplification 

of the initial fluctuations in baseline. Furthermore, to go from the incongruent to the 

congruent condition, two other parameters of the model need to be adjusted (Equation 4), 

but those adjustments play a comparatively minor role; the essential requirement is that 

the mean baseline levels of the T and D locations (hBT i and hBDi in Equation 2) must 

be interchanged. Thus, most of the variance across conditions is also tied to variations in 

baseline. Arguably, the baselines reflect multiple cognitive elements, including 

expectation, anticipation, and the allocation of attention and other resources
1,37,41,52−54

, in 

agreement with the effects of subthreshold microstimulation
7,55

. In the model, they set the 
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initial spatial priorities, and thereafter the circuit dynamically blends them with the 

incoming sensory signal to produce the next saccade. In this formulation, the resulting 

variance in RT is not the consequence of noisy representations or sloppy computations, 

but rather the signature of a precisely-calibrated machine
56,57

. 

The model proposes a tight relationship between initial state and subsequent 

oculomotor dynamics, and interestingly, mounting evidence demonstrates a similar 

phenomenon in motor cortex whereby the initial neural state is highly predictive of an 

ensuing arm movement and of the trajectories of the underlying neural signals over 

time
26,58−63

. In that case the dynamics have a strong oscillatory component
60

 and develop 

within a very high-dimensional space, such that the preparatory activity is only weakly 

related to specific kinematic parameters
58,59

. Saccades are simpler because they are lower 

dimensional and essentially ballistic, and because the activity of any given cell generally 

corresponds to a fixed movement vector. However, we propose that their dynamical 

behavior is qualitatively similar, in that the initial state of the system — i.e., the 

configuration of baseline levels across RFs during fixation — fundamentally determines 

its subsequent temporal evolution, including its interaction with new incoming sensory 

information
62

 and the eventual outcome
26,58

. 

Resetting temporal and spatial priorities 

Although the model does not say why the ongoing plans, visual input, and saccade 

threshold interact the way they do, it does hint at an enticing possibility: that such 

interactions allow saccadic plans to be efficiently re-prioritized when new visual 

information arrives. 
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Oculomotor circuits display two prominent, somewhat opposing features. One is 

that they are hardly ever idle. Saccades are generated continuously under a wide variety 

of viewing conditions
64−66

, even in the dark
55

, with a median fixation duration of about 

200–250 ms between eye movements in both monkeys and humans. The underlying 

motor plans are typically not contingent on the completion of a target selection 

process
12,15,67−69

, and may even proceed in parallel
12,15,66,68,70

. And crucially, under natural 

conditions, this streaming of motor plans is strongly driven by task (internal, already 

acquired) information
71,72. 

On the other hand, eye movements are — or at least can be — 

rapidly and preferentially drawn to salient or relevant visual stimuli
65,73

, aided by 

dedicated attentional mechanisms
7,44,74−76

. Thus, it must be typically the case that, when a 

stimulus is presented, the visual information arrives at FEF while a motor plan is already 

developing. What should the system do then? Should the ongoing plan be completed, or 

should it be cancelled and replaced with another one toward the stimulus? Clearly, it 

depends. 

If the arriving visual signal is congruent with the ongoing plan, then there is no 

conflict and the plan should continue. However, if the two are incongruent, then, as long 

as the overhead time is short compared to the typical intersaccadic interval, the optimal 

strategy is to momentarily stop the plan and deliberate briefly. This is precisely what the 

interruption mechanism of the model affords, a short period of re-evaluation. The 

variability of the threshold (Equation 3) follows a similar rationale. When no new visual 

information arrives and the saccadic competition is purely internal, the leading plan (i.e., 

the one with the highest baseline) should be executed quickly, in which case lowering the 

threshold in proportion to the magnitude of the lead expedites the process without 
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compromising the outcome. In contrast, if new visual information does arrive, a 

reassessment is necessary, and an increase in threshold prevents a premature saccade that 

would curtail it. In this case, the stimulus-driven suppression and the higher threshold 

work in concert to prolong the competition, with the latter acting as a safeguard in case 

the former does not completely arrest the rise of the ongoing plan (as happens in the 

model). As a result, the incipient motor plan toward the perceived visual signal is either 

strongly boosted, if found relevant (1DR task), or suppressed, if found irrelevant or of 

low priority (as likely happens in the original saccadic inhibition experiments
38−40

). 

In combination, these mechanisms let the oculomotor circuitry generate saccadic 

plans continuously, but with the ability to override them when new information is 

received. So, suppose a driver is going through an intersection with the intention to turn 

left, and the next saccade is planned to the left side of the road; if a red spot is suddenly 

detected, it becomes most important to look directly at its location, to confirm whether it 

was the stoplight that turned red. The mechanistic interactions just described would allow 

this to happen without having to first look at the road (as planned initially) and then re-

orient toward the stoplight. In comparison to a system that always generates fast saccades 

(RT = 150 ms) but does not re-prioritize on the fly, the result is higher RT variance 

overall, but with temporal savings estimated to be on the order of a few tens of 

milliseconds when the stimulus is indeed critical (Methods). Such difference may seem 

modest, but in a competitive world the currency of survival is time itself, and 

mechanisms that enable slightly faster reactions may confer a vital advantage. 
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Methods 

Subjects and setup 

Experimental subjects were two adult male rhesus monkeys (Macaca mulatta). All 

experimental procedures were conducted in accordance with the NIH Guide for the Care 

and Use of Laboratory Animals, USDA regulations, and the polices set forth by the 

Institutional Animal Care and Use Committee (IACUC) of Wake Forest School of 

Medicine. An MRI-compatible post served to stabilize the head during behavioral 

training and recording sessions. Analog eye position signals were collected via scleral 

search coil (Riverbend Electronics) and infrared tracking (EyeLink 1000, SR Research). 

Stimulus presentation, reward delivery, and data acquisition were controlled by a purpose 

designed software/hardware package (Ryklin Software). Target stimuli were displayed 

via a 48×42 array of tri-color light-emitting diodes. Saccade onset was identified as the 

time at which eye velocity exceeded 50◦/s; having detected the start of a saccade, its end 

was identified as the time at which eye velocity fell below 40◦/s. Eye movements were 

scored as correct if the saccade endpoint fell within 5◦ of the target stimulus.  

Neural activity was recorded using single tungsten microelectrodes (FHC, 2–4 

MΩ) driven by a hydraulic microdrive (FHC). Individual neurons were isolated based on 

the amplitude and/or waveform characteristics of the recorded and filtered signals (FHC; 

Plexon, Inc). Putative FEF neurons were selected from areas in which saccade-like 

movements could be evoked by low current microstimulation
1,2,12 

(70 ms stimulus trains 

at 350 Hz, with amplitude equal to 50 µA). Neurons were recorded unilaterally in both 

monkeys. 
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Behavioral tasks 

In the 1DR task (Fig. 1A), all trials began with the appearance of a centrally located 

stimulus. Monkeys had to maintain their gaze on this fixation spot for 1000 ms. The 

disappearance of the fixation spot (go signal) was simultaneous with the appearance of a 

second, target stimulus in one of four possible positions (up, down, left, right in Fig.1a), 

which were chosen based on the RF of each recorded neuron. Subjects were required to 

make a saccade to the peripheral target within 500 ms of the go signal in order to receive 

a liquid reward. Target locations varied pseudorandomly from trial to trial. In each block 

of trials, only one of the four target locations was associated with a large reward; the 

other three were unrewarded (Monkey G), or yielded a much smaller reward (Monkey 

K). For brevity we refer to these simply as the “rewarded” and “unrewarded” locations. 

The rewarded location changed pseudorandomly from one block to another. Block length 

was highly variable (range: 10–140 trials); the average was 70 trials per block. 

In the all-directions-rewarded task (ADR), the events were the same as in the 

1DR, but the four target locations were rewarded equally (Fig. 1b). Blocks of ADR trials 

were run sporadically, interleaved with those of 1DR trials. 

In the delayed-saccade task, each trial began with fixation of a central spot, 

followed by the appearance of a single stimulus at a peripheral location during continued 

fixation. After a variable delay (500, 750, or 1000 ms), the fixation spot was extinguished 

(go signal) and the subject received a liquid reward if a saccade was made to the 

peripheral target. In each experimental session, the delayed-saccade task was run first to 
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locate the RF of the recorded neuron, and subjects performed the 1DR task after the 

initial spatial characterization. 

The RT was always measured from the go signal until the onset of the saccade. 

Trial selection 

For all analyses not specifically examining sequential effects and block transitions, we 

discarded the first 8 trials of each 1DR block, during which the monkeys may have been 

discovering the new 24 rewarded location (Fig. 2f, g). This guaranteed that all behavioral 

and neural metrics reflected a stable expectation, and that erroneous saccades were not 

due to spatial uncertainty. More stringent exclusion criteria produced qualitatively similar 

results. 

Measures of neuronal activity 

Continuous firing rate traces (or spike density functions) were computed by convolving 

evoked spike trains with a Gaussian function (σ = 20 ms for single-neuron analyses; 10 

ms for population averages) with unit area. For each neuron, an activity map was 

assembled by sorting the trials by RT and bias condition (congruent or incongruent), 

putting the sorted firing rate traces into a single matrix, and displaying the matrix as a 

color map. For display purposes (e.g., Fig. 3a, f), activity maps were also smoothed with 

a Gaussian function in the vertical direction, i.e., across trials (σ = 2 trials), but this was 

exclusively for ease of viewing; trials were kept independent in all analyses. Population 

responses (e.g., Fig. 6a–c; 4j–l) were generated by first averaging over trials, to obtain 

continuous mean traces separately for each neuron (e.g., Fig. 3b, g). Those traces were 
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then normalized by each neuron’s overall maximum firing rate and averaged across 

neurons. 

For each cell, determining the time of peak response, Tp, required the coefficients 

β0 and β1 in Equation 1. These were obtained in two steps: (1) finding, from the activity 

map of the cell, the maximum firing rate in each trial and the time, relative to the go 

signal, at which that rate was achieved, Tmax, and (2) fitting Tmax as a linear function of 

RT (see Fig. 3d, i). For these steps, all trials in which a saccade was made into the cell’s 

RF were included, regardless of bias condition. The coefficients resulting from the fit 

(i.e., intercept and the slope) were β0 and β1. In step 1, the search for the maximum rate 

was typically between the go signal and saccade onset, but the search window was 

adjusted according to each neuron’s properties (e.g., fixation cells required an earlier 

window, postsaccadic cells a later one). 

To determine the peak response, Rp, in a given trial, first, the corresponding Tp 

was found by plugging the RT in that trial into Equation 1; then a firing rate was 

calculated by counting the spikes in a time window centered on Tp and dividing by the 

window length. The result was Rp. The window length was 100 ms for most cells 

(∼80%) but was set to 200 ms for a minority that had more prolonged responses (e.g., F 

and W cells). Computing the peak response in this way, rather than directly using the 

maximum firing rate observed in each trial, produced more consistent rate measurements 

that were less prone to bias. 

For any given trial, the build-up rate rBU was calculated as (Rp −Ron)/(Tp −Ton), 

where Ton is the time of response onset, Ron is the firing rate in a time window of 250 
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ms preceding Ton, and Rp is the peak response, as above, except calculated in a shorter 

time window (50 ms) around Tp. The time of response onset, Ton, was determined via a 

two-step procedure similar to that used for Tp. First we estimated the time Ta at which 

the cell’s response first exceeded the baseline level in each trial; then the resulting Ta 

values were fitted to a linear function of RT analogous to Equation 1. For a given trial, 

the onset time Ton was equal to the value obtained from the fit using that trial’s RT. 

Neuronal classification 

Neurons were classified by comparing their activity (mean firing rate in windows of 100 

– 250 ms) during fixation, during the RT interval, and after the saccade. Multiple-

comparison tests were performed via ANOVA. Accordingly, cells that were maximally 

active before the go signal were classified as fixation neurons (F); cells that responded 

significantly above baseline, but only after the saccade, were deemed postsaccadic (P); 

and neurons that started responding shortly after the go signal and that were still 

significantly active after the saccade were deemed wide-profile (W). 

The W cells could conceivably have been included in the visuomotor category 

described below, but we decided to analyze them separately because their peculiar lack of 

sensitivity to the saccade (β1 ≈ 0; see Supplementary Fig. 2e, f, i) made their time of peak 

response wildly variable. The remaining neurons, which responded significantly above 

baseline between the go signal and saccade onset, were classified based on their β1 

coefficients (see Fig. 4) as either visual (V), visuomotor (VM), or motor (M). The 

boundaries separating these functional classes (Fig. 4a) were set to maximize the contrast 

between the corresponding population responses during delayed-saccade trials (Fig. 4j–l). 
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Statistical analyses 

All data analyses were performed using customized scripts in MATLAB (The 

MathWorks, Natick, MA). For comparisons across any two conditions, significance (p < 

0.05) was typically evaluated via permutation tests for paired or unpaired samples
77

, as 

appropriate. Because 100,000 permutations were used, the smallest significance value in 

this case is reported as p = 0.00001. 

The relationship between Rp and RT for each neuron was evaluated separately for 

III and IOI trials (i.e., correct congruent and correct incongruent, both with saccades into 

the RF) using Spearman’s rank correlation coefficient, denoted as ρ(Rp, RT). The 

MATLAB function corr was used for this. This coefficient serves to identify any 

monotonic relationship between two variables. Neurons with ρ < 0 and ρ > 0 in IOI trials 

were designated as fast- and slow-preferring, respectively. 

For each cell, the same data used to compute ρ(Rp, RT) were also used to 

calculate the mean difference in RT obtained by splitting the trials in accordance to the 

cell’s responses. For this median-split analysis
32

 , first, the median Rp was found; second, 

trials were divided into two groups, those with Rp higher than the median and those with 

Rp lower; and third, the mean responses and mean RTs for the corresponding groups 

were calculated (Fig. 3e, j). The resulting difference ∆RT across the two groups (or, more 

precisely, the ratio ∆RT/∆Rp) is also a measure of each cell’s sensitivity to RT. 

Population averages 

Population firing rate traces for different RTs were generated for neurons with similar 

temporal preferences. Only cell types V, VM, and M were considered. Fast-preferring 
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neurons (Fig. 5c, d), which were more abundant, were selected simply based on the 

magnitude of their correlation in the incongruent condition (ρ(Rp, RT) < −0.25 in IOI 

trials, n = 33). Slow-preferring neurons (Fig. 5a, b) were selected based on significance 

(ρ(Rp, RT) > 0, p < 0.05 in IOI trials, n = 5) because they were more rare, and were 

required to have at least weak motor-related activity. The same criteria were used for the 

analysis of congruent (III) trials (Fig. 5e–h). For a given cell bias condition, trials were 

sorted by RT into 20 evenly-spaced, overlapping quantiles, where each quantile 

contained 20% of the trials. Thus, the first quantile included the fastest 20% of the 

recorded trials, the last quantile included the slowest 20% of the recorded trials, and so 

on. A continuous firing rate trace was generated for each neuron and each quantile, 

normalized by each cell’s overall maximum rate, and population traces for each quantile 

were compiled by averaging across neurons. This method reveals more clearly the full 

modulation range of the population and the smooth dependence on RT, because the 

numbers of trials and neurons remain constant across bins. 

RT matching 

To tease apart the effects of RT and spatial bias on FEF activity, we devised a procedure 

for equalizing the RT distributions of the congruent and incongruent conditions. For each 

recorded cell, the observed distributions in III and IOI trials (Fig. 7a) were sub-sampled 

as follows. An III trial was selected randomly and the IOI trial with the most similar RT 

was identified; then, if the RT difference was smaller than 15 ms, the two trials were 

accepted into the respective sub-samples and removed from the original pools, or else the 

III trial was discarded. After probing all the III trials like this, the resulting sub-sampled 

pools (Fig. 7b) contained equal numbers of trials with virtually identical RT sets. In this 
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way, any differences in neural activity in RT-matched III versus RT-matched IOI trials 

(Fig. 7c, e, f, h, YM conditions), however they were quantified, were due exclusively to 

differences in spatial bias. To account for variations due to random resampling, all results 

based on RT matching were repeated 50 times and averaged. 

Saccadic competition model 

The model consists of two populations of FEF neurons that trigger saccades toward 

locations T (where the target stimulus appears) and D (diametrically opposite to T). After 

the go signal is given, their activities, represented by RT and RD, tend to increase as 

dictated by the rules described below, which define the terms of the competition. In each 

trial, the first of the two variables to reach a threshold Θ determines the direction of the 

evoked saccade and the RT. Simulated neural responses are scaled so that the firing 

activity at threshold is around 1.  

Each simulated trial starts with the baseline firing levels for the target and 

distracter locations, BT and BD, being randomly drawn according to the following 

expressions, 

 BT = <BT> [1 + σ εT]+ 

 BD = <BD> [1 + σ εD]+     (2) 

where the square brackets indicate rectification, that is, [x]+ =max{x, 0}; the variability 

across trials is determined by σ = 0.28; and ǫT and ǫD are random Gaussian samples 

(different for each trial) with negative correlation equal to −0.5, zero mean, and unit 

variance. The mean baseline levels, hBT i and hBDi, are set to be consistent with the 
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spatial bias: in incongruent trials hBT i = 0.16 and hBDi = 0.34, so the target side has the 

lower baseline on average, whereas in congruent trials these numbers are reversed, with 

the target side taking the higher value.  

Once the baselines are drawn, all other relevant quantities can be set for the trial. 

The threshold is given by  

 ϴ = 1.185 + 1.2 (BT – BD)    (3) 

where the expression is valid once the target is detected by the model circuit. The initial 

build-up rates (or gains) of the motor plans are 

     
  

       
  

     

       
    (4) 

                  (5) 

where b1 = 0.001 and b2 = 0.0033, and with the constant terms for the target side varying 

according to the bias condition: in the incongruent case, a1 = 0.0024, a2 = 0.0232, and a3 

= 1.3, and in the congruent case, a1 = 0.00475, a2 = 0.009, and a3 = 1.3. These 

expressions implement two  notions, (1) that the build-up rates of the two motor plans 

vary in proportion to their respective baseline levels (via a2 and b2), and (2) that the 

initial target-driven activity is attenuated according to the baseline on the opposite side 

(via a3). Finally, each motor plan has an afferent delay, i.e., a latency between the go 

signal and the actual onset of ramping activity. For simplicity, the delays are considered 

constant at AT = 35 and AD = 50 ms. Adding a modest amount of variability (∼10%) 

across trials to these latencies has a minimal impact on the results. 
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Initially (i.e., during fixation), the firing rates of the competing populations are 

equal to their baseline values, so RT = BT and RD = BD. Then, once the target/go signal 

is presented (at t = 0), the race is on, and in each time step Δt the firing rates are updated 

according to 

                        

                          (6) 

where VT and VD are the corresponding build-up rates. The dynamics of the race hinge 

on the values that the build-up rates can take over the course of the trial, and these are 

determined by 4 interaction rules. 

Rule 1 (initial values): before the corresponding afferent delays have elapsed, the 

build-up rates are equal to zero (if t < AT , then VT = 0; if t < AD, then VD = 0). Then, at 

t equal to the respective afferent delay, each build-up rate acquires the initial value given 

by Equations 4–5 (if t ≥ AT , then VT = GT ; if t ≥ AD, then VD = GD). Without any 

further interaction between the racers, the two build-up rates would thereafter remain 

constant until the end of the trial. 

Rule 2 (stimulus-driven suppression): the target stimulus transiently interrupts the 

motor plan opposite to it, at location D. During the interruption, which occurs between 

Ion = 40 and Ioff = 155 ms, the motor plan toward D rises very slowly, at a rate VI = 

0.0004 (if t ∈ [Ion, Ioff ], then 905 VD = VI ). This rule is based on behavioral evidence 

indicating that the appearance of visual stimuli interrupts ongoing saccadic plans
15,38−40

 . 

Adding moderate variability (e.g., SD of 4 ms) to Ion and Ioff across trials has a small but 

appreciable impact on the results. 
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Rule 3 (T wins): if the target-driven firing rate RT exceeds the competing one at 

any point after its afferent delay has elapsed, then the build-up rate of the T plan is 

adjusted so that 

       V win T = −0.008 + 2.7 VT                                 (7) 

and the D plan is fully suppressed (if t > AT and RT > RD, then VT = V win T 

and VD = 0). In this case, RT wins the race and the evoked saccade is toward the target, 

i.e., correct. The change in VT represents the difficulty, or cost, of resolving the conflict 

for the winner; the lower the initial VT , the more the winner motor plan slows down as it 

overtakes the competition. 

Rule 4 (D wins): if the internally-driven firing rate RD exceeds the competing one 

at any point after its afferent delay has elapsed and outside of the interruption interval, 

then the T plan is suppressed, such that V loss T = min {VT , 0.95 VD}, and the D motor 

plan continues its rise toward threshold (if t > AD and t /∈ [Ion, Ioff] and RD > RT , then 

VT = V loss T 917 ). In this case, RD wins the race without any change in its build-up 

rate, and the evoked saccade is away from the target, i.e., incorrect. The target-driven 

motor plan also keeps rising, but may suffer a moderate amount of suppression consistent 

with its losing role. 

In each trial, after the winner reaches threshold, both motor plans decay 

exponentially toward a firing level of 0.2 with a time constant of 120 ms. Comparisons 

with fast-and slow-preferring neurons were generated by setting the target activity equal 

to the sum RT (t) = RS T (t)+RF T (t), with the initial build-up rates of the slow (RS T ) 

and fast (RF T) components given by the first and second terms in Equation 4, 
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respectively. In all other respects (baseline levels, afferent delays, evolution equations), 

RS T and RF T behaved identically. This split did not alter RT (t) nor the outcomes of the 

races in any way. 

RT advantage during re-prioritization 

Consider two simplified scenarios. In the first one, saccades are produced every Q ms, 

and when a new visual stimulus is detected, the ongoing plan needs to be completed first 

(generating saccade 1) before a saccade to the stimulus can be programmed (saccade 2). 

Assuming that the visual signal is detected at a time αQ from the start of the original plan 

(for saccade 1) and that no additional time is required to process it, a saccade to the 

stimulus is generated Q (2 − α) ms after detection. 

In the second scenario, saccades are also programmed every Q ms, but when a 

new visual stimulus is detected, again at time αQ, the ongoing plan is interrupted for q 

ms. After the interruption the plan may continue or may be cancelled. In the former case, 

the RT to the original target expands from Q to Q + q ms. In the latter case, assume that, 

during the pause, the new candidate plan may rise but only up to the level of the first plan 

(same build-up rate), not further. Then, the additional time required to reach threshold 

after the end of the interruption is Q − min{αQ, q}, so relative to the moment of 

detection, a direct saccade to the stimulus can be triggered in that amount of time plus q. 

Under these conditions, re-prioritizing on the fly is always beneficial, with the 

advantage depending on the duration of the interruption relative to the typical RT. 

Assuming that the intersaccadic interval is as fast as in the congruent condition (Q ≈ 150 

ms) and that the interruption is as in the model (q = 115 ms), the average saving 
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according to the above expression is 31 ms. The cost, of course, is that when the stimulus 

turns out to be irrelevant, then the original RT is lengthened by q ms. This is a back-of-

the-envelope estimation, but it shows that the known physiological measurements are 

roughly consistent with the idea that re-prioritizing on the fly enables a faster saccadic 

response toward a recently detected stimulus. 
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SUPPLEMENTARY FIGURES 

 

 

Supplementary Figure 1. Impact of spatial bias on saccade metrics. a, Endpoints of saccades to a 

stimulus located at (10◦ , 0◦) in congruent (left, red; target location same as rewarded location) and 

incongruent (right, cyan; target location different from rewarded location) conditions, collected during a 

single session from monkey G. The origin corresponds to the average saccade endpoint. For each data 

point, the displacement is the distance to the origin. Yellow circles indicate 1 and 2 SDs in displacement 

from the congruent data. b, Normalized displacement in congruent versus incongruent conditions. For each 

experimental session (n = 135), all displacement values were z-scored, and then congruent and incongruent 

trials were averaged separately. Each point in the plot corresponds to the resulting means for one session. 

Colors indicate monkeys (G, gray; K, white). The session shown in a is marked by the green cross. c, Mean 

normalized displacement for each monkey, averaged across sessions. Error bars indicate ± 1 SE. d, Average 

time course of eye velocity for saccades to stimuli at (8◦ , 4◦), collected during a single session from 

monkey K. Inset zooms in on the change in peak velocity of ∼ 40◦/s between congruent (red, n = 104 trials) 

and incongruent (blue, n = 427 trials) conditions. Shades indicate ± 1 SE across trials. e, Mean peak 

velocity for congruent versus incongruent conditions. Each point corresponds to one session. Colors 

indicate monkeys (G, gray; K, white). The session shown in d is marked by the green cross. f, As in e, but 

for saccade amplitude. g, Average velocity (top) and amplitude (bottom) values averaged across sessions 

and monkeys. Error bars indicate ± 1 SE. All significance values are for differences in means across bias 

conditions, from permutation tests for paired data. 
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Supplementary Figure 2. RT-dependent modulation in fixation (F), postsaccadic (P) and wide-profile 

(W) cells. a–f, Activity maps for example F (a, b), P (c, d), and W (e, f) neurons with significant correlation 

between RT and peak activity (Rp). Same format as in Fig. 3a, f. Cells on the left fire preferentially to long 

RTs (ρ > 0) and those on the right fire preferentially to short (ρ < 0). As for other activity maps, all data are 

for correct responses into the RF during III (above red line) and IOI trials (below red line). g–i, Activity in 

the delayed saccade task for all cells classified as F (g), P (h), and W (i) and recorded in the delayed 

saccade task. Traces are for correct responses into the RF, with spikes aligned to stimulus onset (left) and 

saccade onset (right). Light shades indicate ±1 SE across cells. 
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Supplementary Figure 3. Changes in correlation between RT and response when trials are 

aggregated across bias conditions. a, Spearman correlations in III vs. IOI conditions. Data are as in Fig. 

5i, but including all neurons. Colors distinguish consistent neurons (red, n = 64), defined as those near the 

diagonal (|ρ(III) − ρ(IOI)| < 0.27), and inconsistent neurons (gray, n = 67), defined as those further away 

from it. b, Spearman correlations in IAI vs. IOI trials. Colors label the same groups of neurons as in a. The 

set IAI denotes the union of IOI and III trials. Had the observed differences between IOI and III trials been 

due to sampling noise alone, the points in this graph would have fallen, on average, along the diagonal. 

However, the best linear fit to the full data set (blue line) is significantly below the diagonal (slope = 0.69, 

[0.63, 0.75] 95% CI). For the consistent neurons alone (red line), the best fit is statistically 

indistinguishable from the diagonal (slope = 0.93, with [0.84, 1.01] 95% CI), whereas for the inconsistent 

neurons alone (black line), the difference is highly significant (slope = 0.60, with [0.52, 0.68] 95% CI). c, 

Numbers of neurons with significant (p < 0.05) correlation coefficient in each condition. If neuronal 

properties stayed perfectly constant between bias conditions, then the correlations computed with the 

aggregate data set IAI (i.e., with more trials) should be more accurate and have higher significance. For the 

consistent group (red) the number of significant neurons was higher in the IAI versus the IOI condition (20 

vs. 12 cells, p = 0.011, binomial test). For the inconsistent group (gray) the number was lower in the IAI 

versus the IOI condition (23 vs. 31 cells, p = 0.018, binomial test). d, Difference in correlations, ∆ρ = 

ρ(IAI) − ρ(IOI), as a function of the correlation in IOI trials. Colors identify consistent (red) and 

inconsistent (black) neurons, as in other panels. Note smaller, more symmetric changes for the former, 

versus larger, highly asymmetric changes for the latter. These results suggest that the FEF sample can be 

divided into two subpopulations of roughly equal size, one with RT sensitivity that does, indeed, remain 

consistent between III and IOI conditions and another with RT sensitivity that changes. 
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Supplementary Figure 4. Variations in M activity near saccade onset. a–c, Normalized firing rate as a 

function of time for different combinations of target (red circle), reward (blue drop), and saccade (white 

cross) locations relative to the RF (gray area), as indicated by the icons. Same format as in Fig. 6a–c. Data 

are from 14 neurons classified as M that had errors trials into the RF, 7 preferring fast responses (ρ < 0) and 

7 preferring slow (ρ > 0). Note similar firing levels around saccade onset during correct congruent (panel a, 

III) and correct incongruent (panel b, IOI) conditions, but diminished activity during erroneous saccades 

into the RF (panel c, OII). In terms of Rp, there was no statistical difference between IOI and III conditions 

(p = 0.49, permutation test), but a highly significant one between IOI and OII (p = 0.0008, permutation 

test). d, Activity profiles of 15 fast-preferring M neurons. Same format as in Fig. 5c. In this group, ρ(Rp, 

RT) values were individually significant (p < 0.05) for 5 of the cells. These results suggest that individual 

M  neurons in FEF lack a fixed saccadic threshold. 
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Abstract 

In tennis, a typical service takes ~300 ms to reach the opposing side’s service line, 

leaving only a fraction of a second for the receiving player to rapidly modify the ongoing 

motion of the racquet in order to successfully strike the target (i.e., tennis ball). While 

numerous studies have investigated the oculomotor system’s role in the perceptual choice 

process, few have done so when the response must be initiated in advance of relevant 

sensory information, similar to the aforementioned example. Thus, the temporal 

dynamics of perceptual influences on saccadic choices remain largely unresolved. To 

identify the manner in which perception informs ongoing motor plans, we recorded the 

activity of single neurons in the superior colliculus (SC) while monkeys performed a task 

in which motor planning always precedes the identification of the target stimulus; 

consequently revealing the temporal evolution of a perceptual judgment with millisecond 

resolution. We find that perceptual processing influences the gain of SC motor activity, 

and that the magnitude and onset of this perceptually-driven gain modulation exquisitely 

tracks psychophysical performance, tightly reflecting trial outcome (correct vs incorrect), 

daily variations in behavior, and the dependence on the quality of the perceptual 

information. Our results suggest gain modulation as a mechanism for flexible control of 

ongoing movements, whereby incoming perceptual information is rapidly integrated with 

preparatory motor activity to ensure the selection of the appropriate response.  These 

findings provide critical insight into the temporal dynamics underlying the transformation 

of sensory evidence into oculomotor choice. 
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Introduction 

Current empirical findings suggest that for simple perceptual decisions involving 

saccades, neural activity in sensorimotor brain regions -particularly the frontal eye field 

(FEF) (Schall & Hanes, 1993; Sato et al., 2003; Ding & Gold, 2012) and superior 

colliculus (SC) (Ding & Gold, 2012; Kim & Basso, 2008; McPeek & Keller, 2002)- is 

necessary for successful performance; inactivating a subset of SC neurons substantially 

decreases the probability of selecting a visual target stimulus in the affected response 

field (RF) (Nummela & Krauzlis, 2010). It is theorized that visually-responsive neurons 

in the FEF and SC select a behaviorally relevant stimulus in their RF (Schall & Hanes, 

1993; Sato et al., 2003; Kim & Basso, 2008), and identify the quality of the perceptually 

relevant information by the magnitude of separation between target and distractor activity 

(4). In contrast, motor neurons reflect the accumulation of evidence (Schall et al., 2011), 

and when activity reaches a fixed threshold a saccade is generated (Schall & Hanes, 

1993; Sato et al., 2003; Ding & Gold, 2012; Ding & Gold, 2012; Kim & Basso, 2008; 

McPeek & Keller, 2002; Schall et al., 2011). Thus, it is well accepted that the perceptual 

evidence is represented by the activity of visual neurons (Heitz & Schall, 2012), while 

motor activity reflects the accumulation of this evidence, and is related to the timing, and 

execution of the saccade (Hanes & Schall, 1996). 

These results are demonstrated in studies that, by and large, present the perceptual 

evidence in advance of –or simultaneously with- the signal to move, obscuring the 

temporal dynamics of perceptual influences on ongoing motor planning. Moreover, 

recent evidence suggests that when a decision must be signaled in advance of the 

perceptual information (i.e., urgent conditions), FEF visual neurons do not differentiate 
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between a target or distracter in the RF, and that it is the activity of motor neurons that 

reflects the degree to which perceptual information informed the choice  on any particular 

trial (Stanford et al., 2010; Costello et al., 2013).  Thus, during urgent decisions, whether 

SC visual activity is dependent on the identity (target vs distracter) of  the stimulus in the 

RF remains unknown; furthermore, the established role of the SC in the planning and 

control of eye movements makes it a prime candidate for investigating the impact of 

perceptual processing on motor activity. 

To examine  these issues, we recorded from single neurons in the SC while monkeys 

performed the compelled-saccade (CS) task, which simulates a decision made under 

urgent conditions (Stanford et al., 2010; Shankar et al., 2011). CS performance allows for 

the construction of a powerful metric, the tachometric curve, which identifies the 

temporal evolution of a perceptual judgment (Stanford et al., 2010; Shankar et al., 2011). 

We compared the time course of a perceptual judgment, with the time course of 

visuomotor activity in the SC, and present two main findings: first, SC visual neurons do 

not differentiate between a target or distractor in the RF, and are only weakly impacted 

by perceptual information; second, SC motor activity is directly modulated in proportion 

to the time available to view the perceptual evidence. Furthermore, the time course of this 

perceptually driven gain modulation perfectly tracks the time course of a perceptual 

judgment, even when other factors with known influences on SC motor activity are 

accounted for in  the analysis. These results identify an entirely novel method by which 

perception can influence ongoing motor activity to ensure behavioral success. 
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Results 

Three rhesus monkeys were trained on the CS task (Fig. 1a), where the key variable is the 

raw processing time (rPT). rPT represents the maximum time available for viewing the 

perceptual evidence on any particular trial and is tightly linked with the probability of 

success: this is visualized by the tachometric curve, a function that tracks the  the time 

course of a perceptual judgment.  

 

Figure 1. CS task and psychophysical performance. (a) Schematic outlining the order of events during 

the CS task. The fixation point informs the subject of the target for the current trial (red square in this 

example). Following the Go signal, a saccade must be made to one of two visual stimuli. If the target 

selected happens to be identical to the fixation stimulus, the trial is scored correct and a juice reward is 

dispersed. RT is determined as the time when the eye velocity crosses a threshold (50 deg/s) at any point 

beyond the Go. The Cue, which reveals target and distracter locations, is not presented until a variable 

length of time following the Go signal, which we refer to as the Gap (0−225 ms). rPT is the length of time 

available to view the Cue information prior to saccade. (b) Psychometric curve demonstrating performance 

as a function of Gap for two monkeys trained on the CS task. (c) The chronometric curve shows mean RT 

(± 1 SD) as a function of Gap. (d) The tachometric curve demonstrates the relationship between rPT and 

success rate across all Gaps. In b−d, data correspond to behavior during the recording sessions of 134 SC 

neurons in Monkey C (86 neurons, 43,451 trials) and Monkey N (44 neurons, 14,849 trials). 

 



87 
 

At low rPTs, subject performance is chance, but as viewing duration increases, 

there is an abrupt rise (~100 ms of rPT) in performance curve which asymptotes at a high 

level of success for long rPTs; within this range, choices are informed by the perceptual 

evidence. In contrast to rPT, variations in reaction time (RT) are not related to changes in 

performance (Fig. 1c), and the temporal relationship between RT and success rate does 

not reflect how the decision process is affected by incoming perceptual evidence (Supp. 

Fig. 3a). Thus, we exploited the temporal sensitivity of the tachometric curve to correlate 

variations in perceptual performance with those in SC neuronal activity over time. 

Perceptual influences on neuronal activity in the SC 

Single unit activity was recorded from 141 neurons (86 in monkey C, 48 in monkey N, 

and 7 in monkey R) in the superficial, intermediate, and deep layers of the SC. The SC 

contains a diverse population of cell types (Everling et al., 1999; McPeek & Keller, 

2002;Gandhi & Katnani, 2011; Krauzlis et al., 2013), however in perceptual decision-

making tasks, neurons with visual and/or motor activation have been generally linked to 

decision formation and subsequent action initiation (McPeek & Keller, 2002; Horowitz & 

Newsome, 1999). As such, we classified each neuron according to the strength of their 

visually-driven activity to a stimulus appearing in the receptive field (targets on period), 

and their movement-related responses prior to saccade onset (see Methods). We assessed 

the validity of our classification methodology by comparing each individual cell’s 

visuomotor properties during performance on the CS task, with those demonstrated 

during performance on a delayed-saccade task (DST) (Supp Fig 1a-c); this revealed 

consistent patterns of activation 
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Our main objective was to uncover the temporal interactions between perceptual 

processing, and SC neuronal activity within our three main cell types (V, VM, and M). 

First, we investigated the participation of each cell class in the formation of uninformed 

guesses, and informed choices (Fig. 2). Trials were split into low- or high rPT categories, 

based on the speed of the perceptual judgment, and spike density functions were 

constructed using trials where a correct response was made into (red) or away from 

(green) the RF, within each subset.  

 

Figure 2. SC neuronal responses during guesses and informed choices. (a) Tachometric curve with gray 

shading depicting trials selected as “guesses”. (b−d) Average neuronal responses during trials falling within 

the shaded region of (a) for visual− (b), visualmotor− (c), and motor− (d) populations aligned to Targets on 

(left), Cue (middle), or saccade (right). All data are from correct responses. Separate averages were 

calculated for correct responses in the preferred (red) and antipreferred (green) direction of the SC neurons. 

(e) Tachometric curve with gray shading depicting trials selected as “informed choices”. (f−h) As in b−d, 

but during informed choices. 
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During uninformed guesses, V neurons respond strongly to a stimulus appearing 

in the RF (targets on, Fig. 2b left column), and display a large postsaccadic response, 

regardless of saccade direction. The population trace for inward movements (red) 

displays an elevation in the baseline activity compared to outward responses (green), 

particularly evident aligned to cue onset (Fig 2b middle column); this differentiation is 

driven by motor biases observed in two of the monkeys during short rPTs (Supp. Fig. 4b, 

h; see below). VM neurons also respond to a stimulus in the RF (Figure 2c left column), 

however ~50 ms before saccade, they differentiate between inward and outward 

responses (Figure 2c right column). M neurons also display this saccade-target 

differentiation, but lack any visual response (Figure 2d). Notably, for VM and M cells, 

motor plans representing an eye movement into (red), or away from (green), the RF 

separate prior to cue onset (Fig. 2c,d middle column), reflecting an increase in the level 

of commitment toward a choice into the RF before the perceptual evidence has been 

revealed. 

Neuronal activity during informed trials (rPT>170 ms) reveals that V cells fire 

vigorously when the cue appears in the RF, and that the pattern of activation is identical 

when either the target, or distracter, appears in this location (Fig. 2f, right panel). M 

neurons respond similarly during guesses and informed choices, but population traces for 

the latter differentiate only after the cue is revealed (Fig. 2h, middle panel). The timing of 

differentiation is similar in VM neurons; however in comparison with their activation 

during uninformed guesses, the activity for inward and outward responses begins rising at 

the same time. A race-to-threshold model (Stanford et al. 2010, Shankar et al., 2011) 

identifies this as motor conflict that is resolved shortly before saccade. Indeed, we see 
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that ~60 ms before saccade onset, the motor plan representing a response toward the 

distracter decreases while the target-related plan increases (Fig. 2g, right panel). Thus, 

neuronal activity is subtly different during guesses and informed choices, manifesting as 

a change in the amount of conflict, and the time of differentiation; this is consistent with 

what was previously reported in the FEF and oculomotor thalamus (OcTh) (Costello et 

al., 2013; Costello et al., 2016). 

 

Figure 3. Perceptual processing modulates SC motor activity. (a−c) Responses of a single SC visual 

neuron. (a) Activity map where each row corresponds to a single trial, and each trial plots firing rate (color) 
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as a function of time (x axis), with responses aligned to Cue onset (vertical white line).Trials are ordered by 

rPT from longest (top) to shortest (bottom). Green line is onset of tachometric curve. For this visual cell, 

the time of peak activity (Tpeak, black line) is locked to Cue onset. (b) Time of peak response (Tpeak) as a 

function of rPT. Each dot indicates the time of maximum activity in one trial. For visual neurons, only trials 

that occurred after the onset of the tachometric curve were used for further analysis (solid black points; see 

Methods). The linear fit (red line; Equation 1) corresponds to the peak times shown in a as a black line. (c) 

Peak response as a function of rPT. Each dot represents one trial, and red line shows the linear fit calculated 

using only black points. (d−i) As in a−c, but for a motor cell that fires preferentially during long rPTs (d−f), 

and a visualmotor cell that fires preferentially during short rPTs (g−i). (j) Spearman correlation between 

peak response and rPT for all V (n = 29; white dots), VM (n = 75; gray dots), and M (n = 32; black dots) 

neurons. Values on the abscissa correspond to the slopes of Tp. Gray shade indicates slope ranges for 

neurons with primarily motor related activation. Red dots indicate cells with significant correlation (p < 

0.05). (k) Same convention as j, but the y−axis shows the difference in activation between target (Rin) and 

distractor (Rout) appearing in the preferred direction of the neuron. (l−o) Normalized firing rate as a 

function of time, aligned to Cue (left panels) or Saccade (right panels), for populations of primarily visually 

activated neurons (m; points outside of gray shade in j and k), and cells which show a significant preference 

for long (n; G+) or short (o; G−) rPTs. Each colored trace was obtained by selecting trials from each 

participating cells around a particular rPT bin, as indicated in l. 

 

Next, to examine the relationship between neuronal activity and rPT in a 

continuous fashion, for each recorded neuron, we considered all the correct responses 

into the RF and created an activity map in which color corresponds to firing intensity and 

trials are ordered by rPT (Fig. 3a,d,g). An example V neuron (Fig. 3a) illustrates how the 

activity of V cells comprises two components; one cue-driven, and the other 

postsaccadic. Moreover, the cue-driven response first occurs before the saccade at around 

the same rPT as the onset of the tachometric curve (green line). We used this point as a 

cutoff for selecting trials for further analysis; here the peak activity could be causally 

related to the choice, since it occurs prior to the motor response. In contrast with V cells, 

VM and M neurons showed peak activation clearly tied to saccade onset. The main 

experimental result is captured by two example neurons for which peak activation across 

trials was unmistakably modulated by rPT (Fig. 3d,g). An increase in the motor related 

activity for one cell indicates a preference for informed choices, with the response rising 
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immediately following the tachometric curve (Fig. 3d); whereas the other cell shows the 

opposite preference, with activity decreasing as rPT increases (Fig. 3g). 

To quantify the dependence of the timing and strength of peak activation on rPT, 

first, for each neuron we determined when the maximum firing rate was reached on 

individual trials (see Methods). This was computed using equation 1, where Bo is the 

time when the cell fired most in relation to cue onset, and B1 represents the cells 

dependency on rPT; here, because trials were aligned to cue, rPT indicated the timing of 

the saccade.  

 Tpeak = Bo + B1*rPT   

 (1) 

The timing of peak activation (Tp) reflects the visuomotor properties of a given 

cell; for example, a neuron with Bo = -11, and B1 = 1 typically reaches its peak firing 

rate 11 ms before saccade onset, and is tightly linked with the timing of saccade across 

trials. Conversely, a cell with Bo = 70, and B1 = 0 fired most 70 ms following cue onset, 

and showed no saccade related dependency. The former example would be consistent 

with M and VM neurons (Fig. 3d-i), while the latter is a close approximation of V cells 

(Fig. 3b). The response magnitude for individual trials (Rpeak) was calculated in a 

temporal window, generally 100 ms, centered on Tp. Once Rp and Tp were computed 

across individual trials for each cell, we identified whether Rp depended on rPT. Indeed, 

as evident in the heat maps, V cell Rp values showed no relationship with rPT (Figure 

3.c), while peak responses in M and VM cells varied monotonically with rPT. The 

activity of this example M cell displays a positive relationship with rPT (Figure. 3f; 
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Spearman correlation ρ(Rp,rPT) = 0.53, p < .001), while the VM cell shows a negative 

one (Fig. 3i; Spearman correlation ρ(Rp,rPT) = -0.47, p  < .001). 

With the analyses developed for these three example neurons, we identified the 

frequency of rPT modulations in our population of V, VM and M cells, and whether the 

interaction between Rp and rPT is dependent on visuomotor properties. For each cell, the 

slope of Tp (as a function of rPT) was used as a quantitative measure of visuomotor 

activity (see above). A subset of SC neurons (37 of 135 tested; Fig. 3j dots with red 

outline) exhibited a significant correlation between Rp and rPT, and this relationship was 

generally positive (26 of 37). Considering the visuomotor properties of each neuron 

limited the effect to VM and M subtypes. Given these functional distinctions, from here 

onward we will refer to neurons with a slope below 0.5 as visually-dominant (VD). 

Additionally, we subdivided cells with significant rPT dependencies into positively- 

(G+), and negatively-modulated (G-) groups. To visualize differences in neuronal 

activation driven by increases in rPT, average normalized response traces were calculated 

in 19 partially overlapping, color-coded, rPT bins (Fig.3l, see Methods) for these G+ and 

G- neurons, as well as the VD group described above (Fig. 3 l-o).  

The activity traces for G+ and G- neurons (Fig. 3n,o) illustrate the manner in 

which perceptual processing directly impacts the response gain of motor activity in the 

SC. Aligned to saccade (right panels), the response magnitude is clearly tied to the 

amount of time spent viewing the perceptual information; the modulation range from 

guesses (black) to fully informed decisions (dark red) is substantial for both subgroups 

(49% in G+; 40 % in G-). The effect is also visible when neuronal responses are aligned 

to cue; here –since rPT reflects saccade onset (see above) - the timing of peak activity 
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shifts as the timing of the saccade, in relation to cue onset, increases. Regardless of the 

alignment, the results highlight a complementary relationship between G+ and G- 

neurons; the response gain of G+ neurons exhibit a positive relationship with rPT, while 

G- neurons a negative one.  

In contrast, VD neurons showed no significant rPT dependence (Fig. 3m). 

Initially, it appeared that the gain of these neurons was positively correlated with rPT, 

however we determined this to be an artifact of the cue-driven, and postsaccadic 

responses being more or less separated at different rPTs. As we discussed earlier for V 

neurons, the onset of the tachometric curve (rPT => 100 ms) is a good approximation of 

when the peak response first occurred prior to saccade. This is further corroborated by 

VD activity aligned to saccade onset (right panel), where traces representing rPTs greater 

than 100 ms (transitioning from yellow to dark red) reach their peak activation before the 

onset of the saccade; here it is important to note that rPT tracks when the cue was 

presented, therefore the activity is shifted in time relative to saccade. The lack of 

perceptually driven modulation is most apparent in the cue aligned data, where traces 

representing rPTs are weakly modulated by rPT.  

Notably, the VD cells were not only insensitive to rPT, but also responded in the 

same way to target and distracter stimuli inside their RFs (Fig. 3m; Supp. Fig. 2m). 

Consequently, they essentially provided no information about the choice. This is in 

contrast to the G+ and G- groups, which strongly differentiated between target and 

distracter (Fig. 3n,o; Supp. Fig. 2n,o). Therefore, the responses of these cells signaled 

each saccadic choice, and the degree to which it was perceptually informed. 
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Perceptually driven gain modulation correlates with multiple behavioral measures 

The population traces for G+ and G- neurons (Fig. 3n,o) identify a novel mechanism 

whereby perceptual information can directly influence a saccadic choice. To resolve the 

temporal evolution of the observed perceptual modulation, we computed gain response 

functions (GRFs) where the average, normalized spike count (calculated in a window 100 

ms before saccade) was determined within equally sized, partially overlapping bins 

spanning the entire range of observed rPTs (see Methods).The resulting curves show that 

half of the overall gain change (G+ = .8202 to .9958, G- = 1.072 to .9512) takes place in 

32.5 ms and 30 ms for G+ and G- cells, respectively. These changes almost perfectly 

parallel the speed with which perceptual information acts on the decision process, 

quantified by the tachometric curve for each subgroup; half of the performance range 

(from 50% to 71% correct) is covered within 37.5 +- 2 ms for G+  and 36 +- 2 ms for G- 

neurons. These time courses are in striking contrast to the gradual accumulation of 

evidence that prior work has identified as the basis for forming perceptual decisions. 

Here, where choices are made under urgent conditions, incoming perceptual information 

acts on both neural and behavioral responses with a similar, rapid time course. 

Next, we examined the extent to which fluctuations in gain correlated with 

changes in behavioral performance. First, for each cell, we split trials into low- and high 

firing rate conditions based on the median activity (see Methods), and computed 

tachometric curves based on the resulting groups of trials (Fig. 4c,d; high = colored, low 

= black). When G+ neurons fire higher than their median, the perceptual process begins 

earlier as evidenced by a leftward shift in the tachometric curve; for G- neurons, higher 

firing rates lead to a decrease in the maximum level of success. This identifies that the 
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monkey’s behavior was tied to the activity of these two groups of neurons: when G+ 

neurons fired more vigorously performance was better, but the opposite was true for G- 

cells; better performance was observed when their activity was lower than usual.  

Another way to examine the relationship between behavioral and neuronal 

activity in single trials is by directly comparing correct versus incorrect responses (Fig. 

4e,f). First note that, for G+ and G- neurons, the responses are indistinguishable for 

correct and incorrect guesses (rPT < 100 ms). However, for longer rPTs corresponding to 

informed choices, the maximum level of activation for correct trials is significantly larger 

than during errors (correct trials = 1.20, incorrect = 1.12, p < 0.0001). GRFs constructed 

using RT in place of rPT show a shift in firing rate for correct trials, compared to errors, 

across the full range of RTs (Supp. Fig. 3b); however the response modulation here does 

not show the same temporal dependence on RT as when plotted as a function of rPT, 

mirroring the correspondence between RT and performance (Supp. Fig. 3a). Therefore, 

for trials in which the cue information was available, but the magnitude of the 

perceptually driven modulation was weaker (i.e., weaker G+ responses and stronger G- 

responses), the monkey was more likely to make an incorrect choice. In contrast, when 

the same analysis was performed on the VD neurons, we found that the GRFs 

representing correct and error conditions were statistically identical (p = NS). Thus, in 

agreement with their lack of choice and rPT sensitivity, this population showed no 

distinction between correct and incorrect outcomes.  
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Figure 4. Behavioral correlates of perceptually driven gain modulation. (a,b) Neurometric function, 

calculated from the average normalized spike rate occurring within 100 ms of Saccade during correct 

responses, as a function of rPT for populations of G+ (a; n = 25) and G− (b; n = 11) neurons. Neurometric 

curves from individual cells are depicted by lighter colors in background. (c,d) Tachometric curves 

constructed from trials where spike count was higher (colored) or lower (black) than the median rate. Data 

were obtained from the same neurons shown in a (c) and b (d). (e,f) Average normalized spike rate as a 

function of rPT for correct (purple in e, orange in f), and incorrect (cyan in both) trials. (g) Overall gain 

modulation, calculated as the absolute difference in spike rate during correct high and low rPT trials, as a 

function of maximum success rate (PCmax). Each point corresponds to one session. G+ (purple), G− 

(orange), and all remaining VM and M cells (gray) are shown. SC neurons with a significant preference for 

rPT show a significant correlation (red line, p < 0.05), while the remaining cells do not (black line, ns). 

Neuronal data are from trials with a response into the RF. 

 

A third way in which neural activity was correlated with behavioral performance 

focused on analyzing the data on a session-by-session basis. In this case, for a given day, 

we compared the average success rate of the monkey during informed choices to the 
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magnitude of the neural modulation of the neuron recorded that day (see Methods). The 

results were clear; for motor neurons with significant rPT selectivities (Fig. 4g, G+ purple 

dots and G- orange dots), as overall success rate increased, modulation strength increased 

significantly (Fig. 4g, red line; Spearman correlation ρ(Gmax, PCmax) = 0.58, p < .01), 

albeit weakly. Unmodulated motor neurons (gray points, n = 68) did not demonstrate this 

relationship (Fig. 4g, black line; Spearman correlation ρ(Gmax, PCmax) = 0.013, p = ns). 

These results indicate that, on days in which the monkey performed well, neurons with 

significant rPT dependencies had a higher chance of being strongly modulated. 

Response modulation is tied to perception, independent of alternative factors with 

known influence on neural activity in the SC 

The activity of motor neurons in the SC has been linked to the velocity and amplitude of 

saccadic eye movements. This is important to consider for two reasons: first, because one 

might expect that variations in SC activity should have an impact on one –or both- of 

these parameters, and second, because it is possible to conceive scenarios in which both 

saccade metrics and SC activity depend on rPT without the SC changes being directly 

driven by perceptual modulation (i.e., saccades depend on rPT and SC tracks that 

dependence, but does not directly receive the perceptual information).  

To resolve these issues, first, we investigated whether saccade metrics varied with 

rPT. Indeed, as previously reported (Seideman, 2016), and consistent with a causal role 

of the SC in determining saccade velocity, peak velocities during correct responses 

increase as rPT increases, while those during error trials decrease (Supp. Fig. 4a,b). Peak 

amplitudes for correct trials remain relatively stable across rPT, while amplitudes during 
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errors show a slow decay. The velocity and amplitude traces for correct and error 

conditions split almost exactly at the onset of the tachometric curve (Supp. Fig. 4ab, 

green line). Although these effects are small (i.e., the difference between the red and blue 

traces for velocity and amplitudes corresponds to a change of 34 deg/s, and 0.4 deg, 

respectively), they are nonetheless significant, and are clearly tied to the evolving 

perceptual judgment. 

Next, we determined whether the observed SC dependence on rPT can be fully 

accounted for by changes in saccade metrics alone. In this case, we found that it could 

not. G+ and G- neurons are modulated by increases in both amplitude (Supp. Fig. 4c,d 

left panel) and rPT (Supp. Fig. 4c,d right panel), but when we narrowed the range of 

amplitudes (see Methods), the difference in firing rate was largely attenuated for 

variations in amplitude (Supp. Fig 4g,h left panel), without impacting the dependence on 

rPT (Supp. Fig. 4g,h right panel): note that GRFs for correct and error responses (Supp. 

Fig. 4i,j) show similar time courses with the previously described curves representing the 

full distribution of amplitudes. Furthermore, accounting for the dependence of activity on 

amplitude (see Methods) does not eliminate the rPT dependency (Supp. Fig. 4e,f). The 

results indicate that SC responses are directly modulated by the relevant perceptual 

information, and that this in turn, has an impact on the observed saccade metrics.  

Another important consideration is whether the observed variations in gain could 

be related to the deployment of spatial attention. The SC has been strongly implicated in 

this process (Krauzliz, 2013 for review), and although spatial attention was not directly 

manipulated in the current study, serendipitously the two main subjects (monkeys C and 

N) displayed strong motor biases in opposite directions (Supp. Fig. 5b,h). When 
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guessing, monkey C almost exclusively produced rightward eye movements (90% right 

saccades for rPT < 90 ms), and as rPT increased, his choices became informed, and thus 

more even. The opposite pattern was seen in monkey N, who was much more likely to 

guess to the left (86% left saccades for rPT< 100 ms). For each monkey, we observed a 

bias in the baseline activity of V neurons (monkey C, n = 19; monkey N, n = 9) that 

closely tracked the choice preference (Supp. Fig. 5c,d,i,j),  consistent with the 

interpretation that spatial attention was preferentially deployed to one location at low 

rPTs (Ikeda, 2003; Ignaschenkova, 2004; Fecteau, 2004; Fecteau, 2006). Therefore, if the 

gain modulation observed in SC activity reflected the realignment of spatial attention as a 

function of rPT, one would expect the effects to go in different directions for the two 

monkeys, or at least have different magnitudes. However, the gain curves for both G+ 

and G- neurons were remarkably similar for the two monkeys. Thus, it seems unlikely 

that the observed modulations in activity were related to systematic shifts of attention. 

Impact of discriminability on perceptual judgments and gain modulation 

For a subset of recording sessions (85 out 141), task difficulty was manipulated by 

interleaving trials where the discriminada were of a single feature dimension (i.e., shape, 

or color), or multiple feature dimensions (i.e., shape and color); these stimuli were 

presented with equal probability (Fig. 5a). Crucially, for any given trial the subject had 

no advanced knowledge, based on the fixation stimulus, what stimulus condition the 

discrimination would be based on. This manipulation had profound effects on perceptual 

performance as evidenced by changes in the tachometric curve (Fig. 5b) in all three 

monkeys tested. Conversely, the speed of the motor choice shows no dependence on the 
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cue; RT remains identical across conditions (Fig. 5d) demonstrating independence from 

the speed-accuracy tradeoff (35).  

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Stimulus saliency affects psychophysical performance during urgent choices. (a) Schematic 

of the compelled saccade task, identifying the relevant epochs, same as Fig. 1a. (b) Icons identify the three 

possible cue scenarios subjects encountered for a subset of recording sessions. For any particular trial, the 

discrimination was based on either a combination of features (multifeature, shape and color) or a single 

feature dimension (color or shape). (c) Psychometric curves constructed for three separate subjects. As 

previously described in Fig. 1b, as gap increases, performance on the CS task collapses to chance. Here we 

find that all three monkeys perform better in the multifeature condition than in either single feature 

condition. 

 

First, using behavioral data from the population of G+ neurons, we quantified 

changes in the tachometric curves across the three experimental conditions using a 
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bootstrapping procedure (Fig. 6b, see Methods for a description of the analysis); the 

features of the tachometric curve we tested were the center point, rise time, and 

maximum height (see Shankar et. al 2011). Focusing on the data associated with the 

shape condition, we find that the perceptual evaluation begins later (Fig. 6c, top panel; 

center point values: shape = 112, color = 93, multifeature = 92), and takes longer to 

unfold (Fig. 6c, middle panel; rise time values: shape = 56, color = 42, multifeature = 30). 

The maximum success achieved in the multifeature condition is higher than either 

unifeature condition (Fig. 6c, bottom panel; max success values: shape = 88%, color = 

89%, multifeature = 98%). The center points and rise times for the multifeature and color 

conditions were not significantly different from one another, although there is a trend in 

the correct direction (i.e., the center point is earliest, and the rise time fastest for the 

multifeature condition). 

We exploited these sizeable changes in perceptual processing to determine 

whether GRFs for G+ neurons exhibited similar differences across experimental 

conditions (Fig. 6d-f). The time course of perceptually driven gain modulation, as shown 

by the GRFs for multifeature, color, and shape discriminations (Fig. 6d) appears 

strikingly similar to the time course of perceptual processing identified by the 

tachometric curves (Fig. 6a). Therefore, we applied the same bootstrapping procedure to 

the GRFs associated with the three manipulations (Fig. 6e) to quantify their similarity. 

Notably, we found that the differences in the center points, rise times, and max firing rate 

for the gain curves was nearly identical to those observed in the tachometric curves. 

 Conversely, when the same analyses were performed using GRFs constructed 

from G- neurons (Fig. 7), only the max firing rate showed a similar trend to the 
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behavioral data: here multifeature stimuli causes the max firing rate to reach a 

significantly lower level than either unifeature alone. Thus, degrading the quality of the 

perceptual evidence leads to variations in both perceptual performance and response 

modulation, with remarkably similar time courses; further confirmation that the observed 

gain modulation is driven by perception. Moreover, G+ neurons seem particularly well 

tuned to variations in perceptual performance. 

 

Figure 6. Stimulus saliency impacts perceptually driven gain modulation in G+ neurons . (a) 

Tachometric curves from 15 recording sessions where a G+ neuron was isolated (15 neurons). The three 

curves represent multifeature (black, 2884 trials), color (red, 2,485 trials), and shape (blue, 2,726) 

conditions. (b) Distributions of tachometric center points and rise times obtained from bootstrapping the 

experimental data shown in a. 2000 points per set are shown. The crosses mark the center points and rise 

times associated with the curves shown in a. Histograms on the right and at the top show the corresponding 

distributions, based on 2000 shuffles of the data per set. (c) Bar graphs representing the mean values of the 

center point (top), rise time (middle) and maximum success (right) for the three conditions. Error bars are ± 

1SE for all bars. Asterisks indicate a significant difference between experimental conditions (** = p < 

0.001, * = p < 0.05, results from a permutation analysis with 20000 iterations). (d-f) Same as a-c, but for 

gain response functions (GRFs) calculated from the 15 G+ neurons (Methods). 
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Figure 7. Stimulus saliency impacts perceptually driven gain modulation in G- neurons . (a-f) Same 

conventions as Figure 6. 

 

 

Additionally, as previously stated, the GRFs for both G+ and G- cells show 

different levels of modulation for correct and error trials (see above, and Fig. 4e,f). For 

G+ neurons, as rPT increases, the traces for correct and incorrect responses diverge at the 

onset of the tachometric curve; the trace representing correct responses continues to 

increase, while the trace representing incorrect responses decreases. G- neurons show the 

opposite; as rPT increases, the firing rate for correct responses decreases while the firing 

rate for incorrect responses remains elevated. Therefore, we asked whether changes in 

perceptual processing speed affect the time course of the observed error differentiation 

(Fig. 8). For G+ neurons, we found that the traces for correct and incorrect responses 
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diverge significantly earlier during the multifeature condition compared to either single 

feature alone (Fig. 8a; compare leftmost panel to the middle and right panels).  G- 

neurons show no differentiation between correct and error responses during multifeature 

trials; only color and shape traces display an elevation in the firing rate of errors across 

increasing rPT. These results provide a glimpse at the contributions of each cell type in 

the formation of a perceptual decision. When the subject is more informed of the 

impending error –as is the case for multifeature trials (Fig.5, Fig 6a-c), G+ neurons 

receive a signal that causes them to decrease in firing rate rapidly, and the arrival of this 

signal is in line with the start of the perceptual process. G- neurons, in contrast, decrease 

in activity regardless of the forthcoming saccade. For these cells, the discriminability of 

the cue stimulus impacts the overall level of modulation, but does not seem to be 

involved in mediating the imminent error. Thus, our results suggest that while both G+ 

and G- neurons are clearly tied to perceptual processing, G+ neurons in particular are 

most sensitive to changes in perceptual processing speed, and behavioral outcome.  

The impact of stimulus saliency on saccade kinematics 

Our next step was to investigate the relationship between stimulus saliency, and saccade 

amplitude and velocity. As described in detail above, rPT modulates both saccade 

amplitude and velocity (Supp. Fig. 4a,b); as rPT increases, the velocities and amplitudes 

associated with correct movements increase, while those for incorrect movements 

decrease. Moreover, the time that these traces split from one another is closely linked to 

the onset of the tachometric curve. Thus, an important question is whether changes in 

perceptual processing speed, as indicated by differences in the center points of the 

tachometric curves for shape, color, and multifeature discriminations, affect the timing of 
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this split. For instance, one possibility is that the timing of the perceptual judgment is not 

linked to the timing of the changes in saccade kinematics between correct and incorrect 

responses; instead, the changes we observed could be linked to increasing rPT. This 

would indicate that saccade kinematics are more closely related to a growing urgency 

signal (Thura et al. 2012); as rPT increases, the impetus to make the correct movement 

increases, regardless of how informative the cue is. Conversely, it could be that changes 

in perceptual processing are tightly linked with changes in saccade kinematics; the faster 

the target is identified, the faster the motor apparatus responds to that location (and vice 

versa for errors). 

 

Figure 8. GRFs for varying behavioral outcomes across variations in stimulus discriminability. (a-f) 

Same conventions as Fig. 4e,f, but for the multifeature (black), color (red) and shape (blue) conditions 

separately. Cyan represents errors in all panels. (a) All G+ neurons recorded for sessions where the 

stimulus discriminability was manipulated (n = 15). (b) G- neurons (n = 7). 
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Indeed, we find that the velocity traces for multifeature trials split earlier than 

those for color and shape alone (split times calculated using an ROC index: multifeature 

= 108 ms, color = 110 ms, shape = 136 ms). Similarly, amplitude traces for the 

multifeature condition split earlier than either single feature (split times calculated using 

an ROC index: multifeature = 106 ms, color = 111 ms, shape = 134 ms). Moreover, the 

timing of these splits is closely linked with the onset of the tachometric curves for the 

respective conditions. These results indicate that saccade kinematics and perceptual 

processing speed share a tight relationship; as the amount of rPT necessary to make an 

informed judgment increases (i.e., the shape condition), the timing of differentiation 

increases. Alternatively, when the discrimination is easier (i.e., the multifeature 

condition) and the subject is informed of their decision sooner, the motor system 

accelerates the correct movement, or decelerates the incorrect one, with a similar time 

course to the perceptual evaluation, in order to ensure behavioral success and delivery of 

reward. 

Visual neurons do not signal changes in stimulus discriminability 

Next, we sought to identify whether stimulus discriminability impacts the response 

properties of visual neurons in the superficial layers of the SC (n = 16 neurons recorded 

in all three experimental conditions). As previously described, while visual neurons 

respond to a cue appearing inside the RF, they do not differentiate target from distractor 

(Fig. 2,f), and show no significant rPT dependence. However, recent evidence suggests 

that visual neurons in the superficial layers of the SC respond to the saliency of a visual 

stimulus (White et al. 2017). Therefore, we constructed spike density functions for the 

multifeature, color, and shape conditions separately, and compared the activity for either 
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a target, or distractor, appearing in the RF (Fig. 10a-c, left panel). Not surprisingly, there 

is no difference in the amount of differentiation between target and distractor. However, 

we also find no difference in the level of activation across the three experimental 

conditions. Furthermore, spike density functions for errors show no difference in the 

pattern of activation between all three conditions, and do not differentiate correct from 

incorrect trial outcomes (Fig. 10a-c, right panel).  

 

Figure 9. Stimulus saliency impacts saccade kinematics . (a-f) Same conventions as Supp. Fig. 4, but for 

the multifeature (black), color (red) and shape (blue) conditions separately. Cyan represents errors in all 

panels. 

 

Finally, we asked whether visual responses depended on a particular stimulus 

combination appearing on screen. For instance, during the multifeature condition, there 

are four possible stimulus combinations, one being a red triangle and a green square. 

Although prior work has shown that the response properties of visual neurons in the 

superficial SC do not change based on color (White et al. 2009), we hypothesized that 
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combinations of shape and color might alter the discharge rates of these cells. Though we 

found significant differences based on the stimulus combination, no consistent pattern 

emerged (Fig. 10d). Thus, during CS performance, the role of visual neurons is restricted 

to identifying whether a stimulus appears in the RF, and whether any change to the 

stimulus has occurred (i.e., targets on to cue).  

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. Stimulus saliency and V neurons. (a) Spike density functions for a population of V neurons 

recorded under varying stimulus saliency (n = 16). The left panel displays the spike density functions for 

correct choices into (black) and away from (green) the RF. The right panel shows spike density functions 

constructed from correct (black) and error (cyan) trials. All neuronal data are aligned to cue onset. (b) Same 

as a, but for color trials only (red = correct into RF). (c) Same as a-b, but for shape trials only (blue = 

correct into RF). (d) Table with values that correspond to the peak firing rate of the population of V 

neurons when different combinations of stimuli are on screen. The x-axis represents the stimulus in the RF, 
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while the y-axis represents the stimulus outside the RF. Numbers following the ± symbol indicate ± 1 SE in 

all cases. NA represents conditions that could not exist given the current experimental manipulation. 

 

Discussion 

Our results provide three lines of evidence which support the interpretation that the gain 

of SC motor activity is directly controlled by the evolving perceptual judgment. First, the 

time course of the observed gain modulation, as revealed by the GRFs (Fig. 4a,b), is 

tightly linked to the time course of the perceptual judgment, as evidenced by the 

tachometric curve (Fig. 1d). Second, behavioral success is tied to the magnitude of the 

gain modulation; an increase in the modulation range for a particular neuron was 

accompanied by an increase in the maximum success rate for behavioral performance 

during that recording session (Fig. 4g). Third, the ease of the discrimination impacted the 

perceptual choice and the gain modulation in similar ways; changes in the onset and 

magnitude of the GRF were significantly correlated with changes in the starting point and 

efficiency of the perceptual judgment across individual sessions (Fig. 6 and Fig. 7). In 

contrast, V neurons did not participate in the formation of a perceptual decision (Fig. 

2a,f), and their activity was not influenced by the evolving perceptual judgment (Fig. 

3m), or the behavioral saliency of the discriminada (Fig. 9). However, the baseline 

activity of VD neurons is dependent on the orientation of spatial attention, as evident in 

two of the monkeys with strong motor biases (Supp. Fig 5b-d,h-j). These results are 

consistent with previous studies which demonstrate that target differentiation in the SC is 

isolated to VM and M neurons in the intermediate and deep layers (McPeek and Keller, 

2002; Basso and Wurtz 1997; Shen and Pare 2007), and that spatial attention has an 

impact on the activity of SC V neurons (Ignaschenkova 2004).  
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On the origin of choice probability 

For nearly 30 years, studies of decision-making have aimed to link trial-to-trial variability 

in neuronal activity to fluctuations in behavioral performance using a metric referred to 

as the choice probability (CP) (Romo and Salinas, 2003; Ding and Gold, 2012; Britten et 

al., 1996). CP relates the firing rate of a neuron –calculated for a particular trial within a 

temporal window- to the subject’s choice in that trial. Currently, fundamental questions 

regarding CP have yet to be resolved: After the perceptual evidence has been revealed, 

what epoch should be used to produce the most robust CP (Celebrini and Newsome 

1994)? Is the origin of the CP due to feedforward or feedback signaling (Niemborg and 

Cumming 2009)? Our results answer the first question, and provide a method for 

addressing the second. Highly salient stimuli –like the ones used here- take no more than 

150 ms to fully inform subject’s decisions; viewing durations beyond this have little 

impact on the perceptual judgment (Stanford et al. 2010, Costello et al. 2013). At the 

level of single neurons, the perceptual modulation of peak activity –measured within a 

100 ms presaccadic window- reaches its asymptote within 110 ms of viewing time. Thus, 

the temporal window used for the calculation of CP should be centered no more than 150 

ms following evidence onset; the activity of sensory neurons beyond this point is likely 

related to internal processes (i.e., attention, motor planning) unrelated to the perceptual 

evaluation.  

Studies investigating the origin of CP are generally carried out using stimulation 

periods greater than 1 second (Niemborg and Cumming 2009, Celebrini and Newsome 

1994, Price and Born 2010); almost 10 times more than the time required to reach an 

informed decision in our case. Since perceptual signals need only 150 ms to fully inform 
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saccadic choices, whatever happens after 1 s of pondering the stimulus must be the result 

of very many feedforward-feedback cycles. Therefore, it would seem that, to identify 

whether fluctuations in the activity of sensory neurons are driving behavioral 

performance, one would need to drastically shrink the timescale of the task to that of a 

single feedforward pass, akin to the design of the current study. Our results highlight the 

importance of task design for investigating the relationship between neuronal activity and 

behavioral responses; for perceptual decisions involving highly salient stimuli, 

stimulation times greater than 150 ms are recruiting internal processes beyond perceptual 

deliberation. 

Differences in G+ and G- neurons 

It is important to note that G+ neurons in particular seem most closely tied to the 

perceptual evaluation and the behavioral outcome of each trial. While the time course of 

perceptually driven gain modulation is similar for both subsets of neurons, the timing of 

differentiation between correct and incorrect response changes as a function of stimulus 

discriminability in only G+ cells. Furthermore, across the three experimental conditions 

(i.e., multifeature, shape, and color) changes in center points, rise times, and the 

maximum firing rate achieved of GRFs constructed from G+ neurons are nearly identical 

to changes in the tachometric curve. In contrast, only the maximum firing rate of G- 

neurons demonstrates a correlation with perceptual behavior. Thus, the same perceptual 

signal that is acting on the subjects’ behavioral performance appears to be acting on G+ 

neurons in particular. While G- neurons are clearly modulated by perceptual processing, 

the time course of gain modulation is not as closely tied to the evolving perceptual 

judgment; therefore it seems that a separate signal is responsible for controlling the 
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activity of these cells. The design of the current study does not allow us to draw a causal 

link; hopefully advances in optogenetics will one day allow us to target G+ and G- cell 

types separately to identify whether the activity of these neurons is necessary to make 

accurate perceptual decisions.  
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Methods 

Subjects and setup 

The experimental subjects were three adult male rhesus monkeys (Macaca mulatta). All 

experimental procedures were conducted in accordance with the NIH Guide for the Care 

and Use of Laboratory Animals, USDA regulations, and the polices set forth by the 

Institutional Animal Care and Use Committee (IACUC) of Wake Forest School of 

Medicine. 

 To stabilize the head during behavioral training and recording, an MRI 

compatible post was secured to the skull. Analog signals of eye position were monitored 

via infrared tracking (EyeLink 1000, SR Research) with a sampling rate of 1000 Hz. 

Stimulus presentation, reward delivery, and data acquisition were controlled using a 

purpose designed software/hardware package (Ryklin Software). Isoluminant gray, red, 

and green stimuli were presented on a monitor (ViewSonic P815) located 60 cm in front 

of all subjects. Saccade onset was defined as the time at which eye velocity exceeded 

50°/s. The end of the saccade was identified as the time at which the eye velocity first fell 

below 30°/s. A saccade was scored correct if the endpoint fell within 4° of the target 

stimulus. 

 Neural activity was recorded using single tungsten microelectrodes (FHC, 2–4 

MΩ) driven by a hydraulic microdrive (FHC). Initially, we determined whether our 

electrode was in the SC by establishing that visual, or motor responses, had a clearly 

defined RF that was contralateral with the SC recording site. Furthermore, neurons with 

purely visual responses that were retinotopically organized in accordance with previously 

described maps (Cynader and Berman 1972) were determined to lie within the superficial 
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layers, whereas neurons with motor activity were identified as lying within the 

intermediate and deep layers of the SC.  

Behavioral tasks 

Three rhesus monkeys were trained on the CS task (Fig. 1a). Each CS trial begins with 

the appearance of a fixation stimulus that identifies the target for the current trial. 

Subsequently, two place holders appear on either side of the fixation point; these stimuli 

indicate the potential locations of the target stimulus. The disappearance of the Fixation 

stimulus signals the Go, at which point a motor response must be executed before the trial 

ends (~425 ms following go). After a variable delay, referred to as the “Gap” period, the 

Cue is presented which identifies the target and distracter locations. RT is recorded as the 

time between the go signal and the onset of the saccade. If a saccade is made within 4° of 

the target, or future target depending on gap length, the trial is scored correct and a drop 

of liquid is delivered as reward. The Gap length on any particular trial is closely tied to 

behavioral success (Fig. 1b); as Gap length increases, performance diminishes from high 

(~92%) to chance (50%). By contrast, mean RTs remained relatively stable over this 

same range of Gaps (Fig. 1c). We computed the raw processing time (rPT) for individual 

trials by subtracting the Gap length from the scored RT (rPT = RT – Gap). In principle 

the rPT is the time available for processing the sensory cue in any particular trial. 

Tachometric curves were constructed by calculating the overall fraction of correct 

responses in equally sized (30 ms), partially overlapping (bin centers were spaced every 2 

ms) rPT bins.   

In the delayed-saccade task (Supp. Fig.1), each trial begins with fixation of a central red 

(or green) dot, and a single red (or green) target appears at a peripheral location during 
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fixation. After a variable delay (300–750 ms) following target onset, the fixation spot is 

extinguished (Go signal) and the subject receives a liquid reward if a saccade to the 

peripheral target is made within 4° of its location. 

Each recording session began with performance of the delayed-saccade task to identify 

the RF of the recorded neuron. Peripheral targets were presented on the monitor at spatial 

locations between 3-20° from the subject, and once this initial spatial characterization 

was completed, CS performance began. For both tasks, one stimulus always appeared in 

the RF and the other was diametrically opposed to this location. The locations and color 

of the target/distractor stimuli were pseudorandomly interleaved across trials. Behavioral 

analyses were identical to those described previously (Stanford et al., 2010; Shankar et 

al., 2011). 

For a subset of recording sessions, cue discriminability was manipulated by changing the 

features associated with the discriminada (Fig. 5); the discrimination could be based on 

shape (red triangle vs red square, green triangle vs green square), color (red square vs 

green square, red triangle vs green triangle), or both shape and color combined, also 

referred to as multifeature, (red square vs green triangle, red triangle vs green square). 

Using this method, the subject had no advanced knowledge –as given by the fixation 

stimulus (green or red triangle, green or red square)- as to what the cue would be on any 

particular trial. All stimuli were isoluminant, and the size of the objects was controlled 

for.  
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Measures of neuronal activity 

Spike density functions were computed by convolving evoked spike trains with a 

Gaussian function (σ = 20 ms for single neurons, 10 ms for population averages) with 

unit area. Neurons were classified as V, VM, or M by evaluating activity recorded during 

CS performance in accordance with methods previously described (Costello et al., 2013). 

Based on responses evoked during performance of the CS task, 136 of 141 recorded 

neurons (86 in monkey C, 48 in monkey N, and 7 in monkey R) were activated during 

either the visual, presaccadic, or both visual and presaccadic epochs. These 136 neurons 

were also tested with the single-target delayed-saccade task for verification of response 

properties. 

Population responses (Fig. 2; Supp. Fig. 1, Fig. 3m-o) were computed by initially 

averaging all trials to obtain continuous mean traces separately for each neuron. We then 

normalized each trace by each cell’s maximum firing rate and averaged these traces 

across neurons. For each of the 136 visuomotor neurons, an activity map was constructed 

by sorting the trials by rPT, placing the firing rate traces into a single matrix, and 

displaying the matrix as a color map. These maps were smoothed with a Gaussian 

function across trials (σ = 2 trials) for display purposes only; trials were kept independent 

for all analyses. All trials in which a saccade was made into the cell’s RF were included. 

Tp was determined for each cell using the coefficients β0 and β1 in Equation 1. These 

coefficients were obtained by identifying –from the activity map of the cell- the timing 

and strength of the peak response, relative to Cue onset, in each trial and fitting these 

points as a linear function of rPT (Fig. 3b,e,h). The intercept and slope of this fit were β0 

and β1, respectively. The search for the peak response was different depending on the 
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visuomotor properties of the respective neuron. For primarily visual neurons, only trials 

that occurred following the onset of the tachometric curve (Fig. 3a-c) were used, and the 

search was performed between Cue onset and the onset of the saccade. For neurons with 

observable motor activity, all trials were used and the timing of the search spanned 100 

ms before Cue onset to the time of the saccade (Fig. 3d-i). Once Tp was determined for 

each trial, the peak response (Rp) was calculated by counting the spikes in a 100 ms 

temporal window with center point Tp.  

The visuomotor properties of the 136 SC neurons were further classified based on their 

β1 coefficients (Fig. 3jk, Slope of Tp). This functional classification was compared to the 

magnitude of target discrimination (Fig. 3k, Tdisc) which was determined using equation 

2: 

Tdisc = abs(Rin – Rout)/(Rin+Rout) 

Rin was defined as the maximum response during Cue (visually evoked) or saccade onset 

(motor-related activation), when the target appeared in the RF. Rout was the activity 

when the distracter was located in the RF. Based on these two measures, we placed a 

boundary at β1 = 0.5, as this value maximized the contrast between the VD and motor 

populations during CS trials.  

Population averages 

Population firing rate traces across varying rPTs were computed for neurons with similar 

rPT dependencies and visuomotor properties (Fig. 3m-o). G+ and G- neurons were 

selected based on the sign of the correlation (p(Rp,rPT)>0 for G+, p(Rp,rPT)<0 for G-) 

and significance (p < 0.05). VD neurons were selected as the population of cells with 
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values of β1 below the established boundary (β1<0.5). Within each group, trials were 

sorted by rPT into 21 evenly-spaced (15 ms), partially overlapping bins (60 ms): the first 

bin contained the shortest rPTs and the last bin contained the largest. A spike density 

function was generated for each cell within each bin, normalized by the cell’s peak 

response, and the population traces for each bin were compiled by averaging across 

neurons.  

Calculating the gain response function  

In order to fully appreciate the time course of perceptual modulation in our population of 

SC neurons, we computed GRFs based on subtype (G+, G-), behavioral outcome (correct, 

error), and condition (easy vs. difficult Cue). For each cell, first, across individual trials 

we counted the spikes within a temporal window 100 ms before saccade onset, and 

normalized this activity to the mean spike count across all trials. Next, the GRF for each 

neuron was computed by determining the mean spike rate within evenly-spaced (5 ms), 

partially overlapping bins (50 ms) spanning the full range of rPTs (Fig. 4a,b, light colored 

traces in background). Finally, we constructed population GRFs for G+ (Fig. 4a, thick 

dark line), and G- (Fig. 4b, thick dark line) neurons by averaging all individual curves for 

each subgroup, outcome, and condition separately. 

Determining the relationship between gain modulation and behavioral performance 

Four methods were used to investigate the relationship between perceptually driven gain 

modulation, and behavioral performance. First, for G+ and G- neurons separately, we 

determined the median firing rate across all trials and then split them, based on the firing 

rate in individual trials, into the lowest and highest third. Tachometric curves were 
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constructed using the data within each of these categories to determine if the firing rate 

on individual trials influences perceptual performance (Fig. 4c,d). The second method 

involved comparing the population GRFs for G+ and G- subgroups during correct and 

error trials (Fig. 4e,f). We split the GRFs based on the center points of the corresponding 

tachometric curves, and used a permutation analysis to determine whether the distribution 

of firing rates within these subgroups were statistically different from one another. Third, 

we computed the absolute gain change for each individual session by simply subtracting 

the maximum- from the minimum peak firing rates obtained from the GRFs. This 

analysis was performed using only neurons with values of β1 above the established 

boundary (β1>0.5), and trials where a correct response was made into the RF; the 

rationale being that these neurons were more closely tied to subject performance as these 

cells in particular participate in target discrimination. These values were plotted as a 

function of Pmax, which was the maximum success rate achieved during the 

corresponding recording session (Fig. 4g).   

The final method consisted of comparing changes in behavioral and neural responses 

when the quality of the perceptual information was manipulated (Fig. 5b,e,f). We fit 

GRFs and tachometric curves for individual sessions with a Weibull cumulative function 

(shown below) to precisely quantify their temporal characteristics. 

F(t) = Fmin + (Fmax – Fmin) (1-e 
–(t-t0/a)b

) 

Here, t is rPT, Fmin and Fmax are the minimum and maximum values of the 

corresponding curves, and a, b, and t0 are free parameters. We determined the optimal 

free parameters by nonlinear least-squares regression using the Matlab function nlinfit. 
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The center point is defined as the time at which the curve is halfway between Fmin and 

Fmax (Fig. 5b,e, Tcntr and Ncntr). This methodology has been described in greater detail 

previously (Shankar et al. 2011). Fmax was used as the maximum percent correct and the 

absolute level of modulation for the tachometric curve and GRF, respectively (Fig. 5b,e, 

Tmax and Nmax), and we examined the relationship between these two variables across 

sessions (Fig. 5h). Additionally, we plotted the absolute difference in the center points of 

the tachometric curve, from those of the GRF on a session-by-session basis for G+, G-, 

and unmodulated motor neurons (Fig. 5g).  

Statistical analyses 

All data analyses were performed using customized scripts in Matlab (The MathWorks, 

Natick, MA). To make comparisons across any two conditions, the significance (p<0.05) 

was generally determined using permutation tests for paired or unpaired samples (Siegel 

and Castellan 1998).  

We used Spearman’s rank correlation coefficient, denoted as p(Rp, rPT) to evaluate the 

relationship between Rp and rPT for each neuron; accomplished by using the Matlab 

function corr. This coefficient reveals whether a monotonic relationship between any two 

variables exists. The Spearman’s rank correlation coefficient was also used to determine 

the relationship between changes in the neural and behavioral curves described in detail 

above (Fig. 5g,h). 
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SUPPLEMENTARY FIGURES 

 

 

 

 

Supplementary Figure 1. SC visuomotor activity during the delayed−saccade task. At the start of each 

recording session, neuronal activity was recorded while monkeys performed a single target 

delayed−saccade task. Spike density functions were computed using trials where a saccade was made into 

(red) or away from (green) the RF. (a) Normalized firing rate of 29 V neurons. (b) Normalized firing rate of 

76 VM neurons. (c) Normalized firing rate of 32 M neurons. (d) DST VM index was determined as the 

difference between motor (aligned to saccade) and visual (aligned to Target on) activity for all correct 

inward responses (see Methods). Each point corresponds to a single cell, and the color of the dot indicates 

the visuomotor preference determined from CS performance (white = V, gray = VM, black = M). (e−f) 

Same convention as a−c, but for 25 G+ (e) and 11 G− (f) cells.  
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Supplementary Figure 2. SC perceptual modulation when a distracter appears in the RF. (a−i) 

Activity maps for a single V (a−c), VM (d−f), and M (g−i) cell are depicted for correct trials where a 

saccade was made diametrically opposed from the RF. These are the same neurons shown in Figure. 3a−i. 

(j−k) Gain modulation (j) and magnitude of target differentiation (k) as a function of visuomotor activation 

during CS performance. Data represents correct responses where a saccade was made into the RF, as in 

Figure. 3j−k. (l−o) Activity traces aligned to Cue (left panels) or Saccade (right traces), for VD (m), G+ 

(n), and G− (o) subgroups. Neural traces were constructed using the same method described in Figure. 

3l−o, but for outward responses only. 

 

 

 

  



126 
 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Supplementary Figure 3. Impact of RT variability on behavioral and neuronal responses. (a) 

Behavioral performance as a function of RT constructed using data from 25 sessions where a G+ (left 

panel) cell was recorded, or 11 sessions where a G− (right panel) cell was recorded. (b) Neuronal activity 

as a function of RT for trials where a correct (red) or incorrect (cyan) response was made into the RF. G+ 

(left panel) and G− (right panel) subgroups are shown separately. 
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Supplementary Figure 4. Perceptually driven gain modulation is independent from changes in 

saccade kinematics. (a) Normalized peak velocity as a function of rPT for correct (red) and incorrect 

(cyan) inward responses. (b) Normalized peak amplitude as a function of rPT for correct (red) and incorrect 

(cyan) inward responses. Data in a−b were taken from sessions where either a G+ or G− neuron was 

recorded (36 sessions, 5,217 trials). (c) Trials were split into low (gray) or high (black) groups by the 

median amplitude (left panel) or the median rPT (right panel), and the average peak firing rate was 

determined within each subgroup. Data are from 25 G+ cells, and only correct trials where a response was 

made into the RF were used. (d) Same as in c, but for 11 G− cells. (e,f) A regression analysis was used to 

determine the best fitting line for the relationship between peak firing rate and peak amplitude during 

uninformed trials (Methods). Deviations in peak firing rate around this line –the residuals− represent 

amplitude independent changes in peak response. These residuals are plotted as a function of rPT for G+ 

(e) and G− (f) cells during correct (red) and error (cyan) trials. (g−h) Same convention as c−d, but here the 

range of saccade amplitudes has been narrowed to within ± ½ SD of the mean.(i−j) Gain response functions 

(GRFs) for G+ (i) and G− (j) subgroups using data from this narrowed range of saccade amplitudes. Data 

are in the same format as Figure 4e−f. 
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Supplementary Figure 5. Motor bias impacts behavior and V activity independent of gain 

modulation. (a) Tachometric curve constructed using data from Monkey C (19 sessions, 8,129 trials). (b) 

The probability of making a rightward choice as a function of rPT, same data used in a. (c) The average 

firing rate of 19 V neurons was determined within a temporal window spanning 150 ms before the Go 

signal, and plotted as a function of rPT. All data are from correct, inward responses. (d) Normalized 

activity as a function of time aligned to the Go signal (0 ms) for 19 V cells. Each colored trace represents 

neuronal activity within an equally sized rPT bin, depicted by the color bar. (e−f) Normalized peak firing 

rate as a function of rPT for G+ (e) and G− (f) cells recorded in Monkey C. (g−l) Same as in a−f, but for 

Monkey N. 
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Abstract 

A key goal in the study of decision making is determining how neural networks 

involved in perception and motor planning interact to generate a given choice, but this is 

complicated due to the internal trade-off between speed and accuracy, which confounds 

their individual contributions. Urgent decisions, however, are special: they may range 

between random and fully informed, depending on the amount of processing time (or 

stimulus viewing time) available in each trial, but regardless, movement preparation 

always starts early on. As a consequence, under time pressure it is possible to produce a 

psychophysical curve that characterizes perceptual performance independently of 

reaction time, and this, in turn, makes it possible to pinpoint how perceptual information 

(which requires sensory input) modulates motor planning (which does not) to guide a 

choice. Here we review experiments in which, on the basis of this approach, the origin of 

the speed-accuracy trade-off becomes particularly transparent. Psychophysical, 

neurophysiological, and modeling results in the “compelled-saccade” task indicate that, 

during urgent decision making, perceptual information—if and whenever it becomes 

available—accelerates or decelerates competing motor plans that are already ongoing. 

This interaction affects both the reaction time and the probability of success in any given 

trial. In two experiments with reward asymmetries, we find that speed and accuracy can 

be traded in different amounts and for different reasons, depending on how the particular 

task contingencies affect specific neural mechanisms related to perception and motor 

planning. Therefore, from the vantage point of urgent decisions, the speed-accuracy 

trade-off is not a unique phenomenon tied to a single underlying mechanism, but rather a 
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typical outcome of many possible combinations of internal adjustments within sensory-

motor neural circuits. 

 

1. THE PROBLEM OF PARSING THE REACTION TIME  

In daily life, some decisions are rather abstract (should I trust the financial adviser?) 

whereas others require a specific action (should I press the brake or the accelerator?). 

Within the latter category, speed and accuracy are inversely related in virtually every task 

(Woodworth, 1899; Hick, 1952; Wickelgren, 1977; Chittka et al., 2009); the faster the 

decision, the less accurate the outcome. This means that the traditional, key quantities 

that are used to measure cognitive performance, the reaction time (RT) and the 

percentage of correct responses are fundamentally intertwined. What is the underlying 

cause of this interdependence? How does it emerge from the structure and dynamics of 

neural circuits? We consider these questions in the context of decisions that are coupled 

to immediate actions.  

Intuitive models of the speed-accuracy trade-off have been formulated (Reddi and 

Carpenter, 2000; Bogacz et al., 2010; Standage et al., 2013), but the empirical 

investigation of these questions reveals further complexity (Cook and Maunsell, 2002; 

DiCarlo and Maunsell, 2005; Battaglia and Schrater, 2007; Cohen et al., 2009; Heitz and 

Schall, 2012). Part of the problem is that the RT reflects the total amount of time 

consumed by all the subsystems that contribute to a choice or decision process. Thus, 

when a subject executes an action in response to a sensory scene, the RT must comprise, 

at the very least, the time necessary for analyzing the sensory information plus the 
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amount of time required to plan the motor action that is congruent with that information. 

Discerning just these two components has been challenging because the underlying 

neural networks are themselves strongly interrelated: neurons that encode a subject’s 

perceptual decision, that participate in motor planning, or that do both, are typically 

found within the same, local microcircuits (Horwitz and Newsome, 1999; Shadlen and 

Newsome, 2001; Hernández et al., 2010; Costello et al., 2013; Mante et al., 2013). 

Furthermore, other distinct cognitive processes may contribute to the RT too; for 

instance, deploying visuospatial attention or accessing information stored in memory 

could represent separate processing steps requiring a certain amount of time to unfold 

independently of the perceptual and motor-planning stages (Sternberg, 1966; Monsell, 

2003; Horowitz et al., 2004; Busse et al., 2008). As such, the RT must reflect a total sum 

over the times consumed by multiple covert processes (Sternberg, 1969), each of which 

could conceivably constrain or be traded against the others.  

Broadly speaking, three techniques have been used to distinguish the two major 

components of the RT during relatively fast perceptual decision-making tasks, i.e., the 

contributions of perceptual and motor-planning processes. (1) A common approach is to 

introduce a delay between the perceptual evaluation and the motor report required in each 

trial. This strategy is widely used to characterize neuronal activity as sensory-, memory-, 

or movement-related neurons (Shadlen and Newsome, 2001; Sommer and Wurtz, 2001; 

Lemus et al., 2007). (2) Another possibility is to limit the amount of cue viewing time 

(Bergen and Julesz, 1983; Ratcliff and Rouder, 2000; Bodelón et al., 2007; Kiani et al., 

2008). The idea is that neurons, or any processing component in general, whose 

responses vary systematically as functions of cue viewing time may be strongly involved 
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in the analysis of perceptual information. This manipulation is not as straightforward as it 

may seem, though, because controlling very short stimulus durations is difficult and 

typically requires additional masking stimuli to prevent stimulus persistence, and such 

masking introduces other potential problems (Breitmeyer and Ogmen, 2000, 2006). (3) 

An alternative that is not quite as intuitive is to do the reverse of 1: inform choices on the 

basis of urgent perceptual decisions. That is, start preparing a motor response first, before 

the relevant cue information becomes available (Ghez et al., 1989; Chapman et al., 2010). 

That way, the initial motor planning stage stays relatively constant.  

That is the approach we have taken (Stanford et al., 2010; Shankar et al., 2011; 

Costello et al., 2013). It provides a simple and highly effective way to dissociate motor 

and perceptual performance, and thus a different set of tools with which to characterize 

and quantify perceptual decision-making mechanisms. Here we review previously 

published results of experiments in which urgent decisions inform rapid choices 

(Stanford et al., 2010; Shankar et al., 2011; Costello et al., 2013), but focus specifically 

on their implications for understanding the origin of the speed-accuracy trade-off. As 

discussed below, under this light it is possible to see not only how perceptual capacity 

and motor execution interact to determine the response speed and success rate of a 

subject, but also how additional factors such as motivation or internal preference may 

alter that interaction. In this way, it becomes quite clear that the speed-accuracy trade-off 

is not a unitary phenomenon derived from a unique, underlying mechanism, but is instead 

the result of multiple, semi-independent moving parts that interact with each other within 

sensory-motor neural circuits.  
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2. PERCEPTUAL DECISIONS UNDER TIME PRESSURE  

As a means to disambiguate perceptual and motor processes, we designed a 

compelled-response task wherein participants are given the instruction to respond before 

the relevant perceptual information appears (Stanford et al., 2010). In the oculomotor 

version, the compelled-saccade task (Figure 1A), the response is an eye movement. First, 

the observer fixates on a central spot, the color of which indicates the color of the 

eventual target. Then two yellow (neutral) dots appear in the periphery; these are simply 

placeholders indicating the possible response locations. Next, the central fixation point 

disappears, and this is the “go” signal that tells the observer “respond now!” Note that, 

when the go is given, the identities of the target and distracter are still unknown, but the 

observer must begin planning a movement to one of the two potential targets nonetheless. 

Then, after a variable time gap (from 50 to 250 ms) the peripheral dots change color, 

revealing one to be the target and the other the distracter. The onset of the subject’s 

response occurs when the eyes just start moving, and marks the end of the RT period that 

started at the go signal (Figure 1A). 

The logic behind this design is that, by telling the subject when to respond, the 

motor choice process is initiated early, and so perceptual information, once presented, 

influences a motor plan that is already developing. By unpredictably varying the time 

delay between the go signal and the appearance of the color cue (i.e., the gap), the subject 

generates responses that range between fully informed choices (for gaps that are much 

shorter than the typical saccadic RT) and fully uninformed choices, or guesses (for gaps 

that are comparable to the typical saccadic RT), all with the same underlying distribution 
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of motor plans. So, it becomes possible to dissociate the effect of motor preparation from 

the perceptual decision-making process in an otherwise standard saccadic choice task. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 1 | Dissociating perceptual and motor performance in the compelled-saccade task. (A) 

Sequence of events in the task. The subject is required to make a saccade when the fixation point 

disappears (go). If the chosen target matches the color of the fixation point (red, in this example), the 

choice is correct and a reward is obtained. The go instruction is given first, before the relevant sensory 

information is revealed (cue). The gap (50—250 ms) is the time interval between the go and the cue. The 

rPT is the amount of time during which the color information can potentially inform the saccadic choice. 

(B) Percentage of correct responses as a function of gap, or psychometric curve. (C) Mean RT (±1 SD) as a 

function of gap, or chronometric curve. Both correct and incorrect trials are included. (D) Percentage of 

correct responses as a function of rPT (equal to RT − gap), or tachometric curve. In (B–D), blue and black 

lines/symbols correspond to psychophysical and simulation results, respectively. See Shankar et al. (2011) 

for details about the experimental data and modeling methods. 
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The crucial event in the task is the go instruction, which compels the subject to 

respond before the target and distracter are revealed. But, why is it that subjects do not 

simply wait for the color cue to appear before making a choice? In essence, there are 

three reasons. First, because responding is natural; with the fixation point gone and two 

salient objects present, it takes effort not to look at one of them. Second, because 

throughout training, the subjects learn two separate rules, (1) that the offset of the fixation 

point means “respond now!” and (2) that the correct choice is the one matching the color 

of the fixation point. Rule 1 is learned first, and if necessary, which is not always the 

case, it is practiced independently of rule 2. And third, during the compelled-saccade task 

subjects have a limited time window for making a valid response, so a trial is scored as 

incorrect—and no reward is given—if the RT is too long, regardless of the choice. It 

should be noted, however, that consistent with the first two points, such trials in which 

the RT limit is exceeded are extremely rare (<2%). For a detailed analysis of possible 

waiting strategies see Salinas et al. (2010). 

Performance in the task is expected to decline toward chance as a function of the 

gap, and indeed this is what happens, as illustrated with representative data from two 

monkeys (Figure 1B). In contrast, RTs are expected to remain approximately—but not 

exactly—constant, and this is also the case: mean RTs change by less than 30 ms, or 

approximately 10%, while performance varies between chance and near 100% correct 

(Figure 1C). In other perceptual decision-making tasks, RTs often show comparable 

variations of a few tens of milliseconds, although the difference over the full performance 

range sometimes reaches hundreds of milliseconds, or several fold (Wolfe, 1998; Ratcliff 

and Smith, 2004; Palmer et al., 2005; Reinagel, 2013a,b). The variation of ∼30 ms in 
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mean RT seen in the compelled-saccade task is modest, but more importantly, it and the 

systematic increase in the spread of the RTs with gap (error bars in Figure 1C) can be 

fully accounted for by a simple model; the key notion is that even though the initial motor 

planning process is statistically the same for all the gaps, the motor conflict is resolved 

sooner or later depending on when the perceptual information arrives (more on this 

below). 

2.1. THE TACHOMETRIC CURVE  

Although the gap is the main control parameter in the task, the variable that 

fundamentally determines the probability of success in each trial is the raw processing 

time, or rPT (Figure 1A), which is the amount of time before the onset of the motor 

response during which the color information is available to inform the choice. It is 

important to stress that this theoretical limit to the maximum amount of cue viewing time 

is a trial-specific quantity, which can be easily computed via  

                                       rPT = RT – gap                                                   (1) 

based on the gap and the RT recorded in each trial. Using this equation we can determine 

how long the perceptual information was available for guiding each saccadic choice. 

Furthermore, by plotting the percentage of correct responses versus rPT we obtain a 

“tachometric curve,” a curve that characterizes the perceptual performance of a subject 

(Figure 1D).  

This curve has a sigmoidal shape with parameters that are readily interpretable in terms 

of psychophysical capacity. For the data in Figure 1D, the saturation values are very near 

100% correct, so the color information is fully exploited by the subjects when they have 
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enough time to view the cue. The center point of the curve is the rPT at which the percent 

correct is halfway between chance and the saturation value. It is an indication of how 

much viewing time is necessary for perceptual information to have a significant impact 

on performance. For the curves in Figure 1D, the center points are 134 ± 2 ms for 

monkey S and 157 ± 2 ms for monkey G. Trials to the left of the center point are mostly 

near chance performance and correspond predominantly to uninformed choices, or 

guesses, whereas trials to the right of the center point correspond mostly to fully 

informed choices. Finally, the steepness of the curve near the center point provides a 

measure of the speed with which perceptual information influences the choice once this 

information has begun having an impact. For monkeys S and G, half of the performance 

range (from 62.5% to 87.5% correct) is covered within 24 ± 2 ms and 40 ± 2 ms, 

respectively, so the color discrimination unfolds extremely rapidly once it gets going. 

2.2. MULTIPLE MECHANISMS FOR GENERATING TRADE-OFFS  

In principle, simultaneous variations in RT and percent correct may result from changes 

in motor planning alone, in perception alone, or in both, and to distinguish these options 

it is essential to have independent, quantifiable measures of their impact on choice 

behavior. That is the key advantage of the compelled-response approach, it provides 

independent assessments of perceptual and motor performance in the tachometric and 

chronometric (RT versus gap) curves, respectively. This is illustrated in detail further 

below with data from two experiments, but before discussing those, it is useful, first, to 

consider some simplified examples, and second, to gain some mechanistic intuition, via a 

heuristic model, about the ways in which perceptual and motor-planning processes 

interact when decisions are made under time pressure. The three scenarios that follow are 
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meant simply to illustrate, based on the model, how variations in the three 

psychophysical curves obtained in the compelled-saccade task (Figures 1B–D) may relate 

to each other. 

The speed-accuracy trade-off is often explained in terms of a change in threshold 

(Reddi and Carpenter, 2000; Bogacz et al., 2010; Hanks et al., 2011). That is, a motor 

response is triggered after a “decision variable” reaches a particular value (Figure 2A), 

and increasing that value produces both higher RTs and a higher proportion of correct 

responses. This is because it takes longer for the variable to go from baseline to threshold 

in each trial, and a longer RT means more time during which the perceptual information 

can advance the decision variable in the correct direction. Although our theoretical 

framework is somewhat different (and considers the threshold to be fixed; see below), in 

the compelled-saccade task a change in threshold would have precisely the expected 

effects associated with a standard trade-off (Figures 2B,C), but notably, it would have 

absolutely no impact on the tachometric curve (Figure 2D). This is because, in contrast to 

the psychometric and chronometric curves, the tachometric curve is highly insensitive to 

the dynamics of the motor planning process. In essence, it reflects how soon (after the 

cue is revealed) and how strongly the perceptual information modulates motor activity 

that is already rising. In the context of this urgent decision-making task, both the rising 

activity—which specifically represents a motor plan—and the threshold are properties 

intrinsic to the motor circuitry, in agreement with neurophysiological evidence (Costello 

et al., 2013 see also Hanes and Schall, 1996; Heitz and Schall, 2012). So, variations in 

threshold could produce a standard trade-off between speed and accuracy in the 

compelled-saccade task, but this mechanism would leave the tachometric curve intact.  
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The response threshold is not the only quantity that may be altered to produce a 

trade-off. In theory, varying the baseline level of activity would be essentially equivalent 

(see Bogacz et al., 2010). But beyond that, in the context of urgent-decision tasks in 

which motor planning starts before perceptual analysis, changes in the mean build-up rate 

of the developing motor activity (Figure 2E) would produce qualitatively similar effects 

(Figures 2F–H). The intuition is simple: when motor plans rise more quickly, the 

excursion from baseline to threshold takes less time and there is, consequently, less 

opportunity for the perceptual information to influence those ongoing motor plans. This 

case would again correspond to behavioral changes driven exclusively by modulations in 

the dynamics of the motor circuitry. 

Finally, consider another hypothetical scenario in which the only difference 

between three conditions is in the latency with which the visual stimuli, i.e., the go signal 

(Figure 2I) and the cue, may start informing the motor plans. This latency could depend 

on multiple factors, such as contrast or alertness, for instance, but regardless of the cause, 

everything else being equal, a decrease in visual latency would manifest in a very specific 

way: it would decrease the mean RTs (Figure 2K), because effectively all afferent delays 

would be shorter; it would produce a leftward shift of the tachometric curve (Figure 2L), 

indicating that perception starts guiding performance sooner relative to cue onset; and it 

would have no effect on the observed percentage of correct responses (Figure 2J), 

because the motor plans would still have the same amount of time to rise before the 

arrival of the cue information (stated differently, from the point of view of the motor 

planning circuit, the time elapsed between the arrival of the go signal and the arrival of 
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the color cue would not change). So, in this case the RT would drop without a trade-off, 

and the underlying mechanism would be purely sensory/perceptual. 

 

FIGURE 2 | Changes in speed and accuracy generated by three distinct mechanisms. All results are 

expectations based on model simulations of the compelled-saccade task. (A) Schematic of a developing 

oculomotor plan. A saccade is triggered shortly after motor-related activity (blue trace) reaches a threshold 

(dotted lines). The threshold-crossing time, and thus the RT, varies with the threshold value. (B–D) Model 

results. Variations in threshold produce a standard speed-accuracy trade-off. As the threshold increases, 

both performance (B) and mean RT (C) increase, but the tachometric curve (D) does not change. (E) 

Schematic illustrating how threshold-crossing time varies with the build-up rate of the motor plan. (F–H) 

Model results. Variations in mean build-up rate also produce a trade-off. As the mean build-up rate 

decreases, both performance (F) and mean RT (G) increase, whereas the tachometric curve (H) changes 

minimally. (I) Schematic illustrating how threshold-crossing time varies with the latency of the go signal. 

(J–L) Model results. Variations in visual latency alone do not produce a trade-off. When the latency of the 

visual stimuli (go signal and color cue) decreases, performance does not change (E), but mean RT (F) 

decreases and the tachometric curve (G) shifts to the left, indicating that perception informs the subject’s 

choices systematically sooner. Results are from model simulations either with identical parameters as in 

Figure 1 (for monkey S), or with a 25% increase or a 25% decrease in the value of one parameter, either the 

threshold (B–D), the mean build-up rate of the motor plans (F–H), or the latency of the visual information 

(J–L). 
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Now, if the mechanisms illustrated in Figure 2 could be combined arbitrarily, it 

would be possible to produce a range of trade-offs with widely different magnitudes in 

terms of the ratio of change in percent correct to change in RT. Also keep in mind that, 

for simplicity, these effects were illustrated based on just three parameters, saccade 

threshold, mean build-up rate, and visual latency, but various other parameters of the 

motor and perceptual circuits could serve to modulate performance. So, more generally, 

different combinations of alterations in the intrinsic dynamics of the motor plans and in 

the perceptual discrimination process could lead to large or small changes in RT coupled 

to large or small changes in accuracy.  

In conclusion, while overall it may still be true that increases in performance are 

accompanied by increases in RT, and vice versa, a trade-off may occur for very different 

reasons, and its magnitude may vary enormously. As will be shown below, this is 

precisely what appears to be happening under realistic experimental conditions. 

3. A HEURISTIC MODELING FRAMEWORK FOR DESCRIBING URGENT 

DECISIONS  

This section presents a model that replicates the performance of subjects in the 

compelled-saccade task and is consistent with the neurophysiology of the underlying 

neural circuits. Although the model and associated theoretical framework have been 

described before (for details and parameter values see Salinas et al., 2010; Shankar et al., 

2011), they are important for interpreting the experimental data relevant to the speed-

accuracy trade-off that are discussed below. We review key findings that establish the 

model’s credibility. 
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The preparation for action in the context of the compelledsaccade task can be 

viewed as a competition between two opposing motor plans that develop concurrently, 

racing to a threshold for triggering a movement to one of the two potential target 

locations. The direction in which the eyes move is determined by whichever plan reaches 

the threshold first, but crucially, when perceptual information is available, it modulates 

the ongoing plans to favor the correct choice. That is the essence of the “accelerated race-

to-threshold” model (Salinas et al., 2010; Stanford et al., 2010; Shankar et al., 2011). 

Such a model is useful because it provides a quantitative, yet intuitive, link between the 

measured psychophysical behavior and its neural basis. 

The dynamics of the model are determined by two key assumptions. (1) That the 

cue information accelerates the motor plan developing toward the target and decelerates 

the plan developing toward the distracter. And (2), that in each trial, the competing motor 

plans begin rising toward threshold shortly after the go signal, with initial build-up rates 

drawn randomly from a distribution. In this way, the outcome of any given trial depends 

on when the cue information becomes available relative to how advanced each of the 

developing oculomotor plans is at that time, and notably, this interaction can take just 

five distinct forms (Figures 3A–E). 

In these examples (Figures 3A–E), a correct choice is produced when the cyan 

motor plan wins the race. In all trials, the initial build-up rates randomly favor one of the 

two potential targets, and reflect the subject’s initial predisposition. So, when a saccade is 

triggered before the cue information arrives (Figures 3D,E), the result is an uninformed 

choice, i.e., a guess. Note that the probability of such a random outcome increases both 

for longer gap durations and for higher initial build-up rates. In contrast, when the cue 
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information arrives early enough to guide the ongoing motor plans, the result is an 

informed choice (Figures 3A–C). However, the initial build-up rates still play an 

important role: when the motor plan that is congruent with the target starts as the leader, 

it curves upward slightly and triggers a correct saccade with a short RT (Figure 3A), but 

when this target-related plan lags behind, it starts out slowly and has more ground to 

cover once the acceleration kicks in, so it takes longer to reach threshold (Figure 3B). On 

such trials success also requires that the distracter-related plan be decelerated, but if this 

leading plan is sufficiently advanced, the influence of the cue information may be 

insufficient to prevent it from reaching threshold and producing an incorrect saccade 

(Figure 3C). 

Thus, the mechanistic signature of the model is this: when the motor activity 

evoked shortly after the go signal is intense and strongly committed to one of the 

potential targets, the result is typically an uninformed choice (with a short or negative 

rPT), whereas when the initial motor activity is more moderate and less biased, the later 

arriving perceptual information is more likely to resolve the motor conflict in favor of the 

correct choice (with a long rPT). We think that similar dynamics are, in general, the 

underlying substrate of rapid perceptual decisions lasting just a fraction of the RT (see 

Discussion; Cisek and Kalaska, 2010). The accelerated race-to-threshold model, which 

instantiates these interactions quantitatively, is consistent with both psychophysical and 

neurophysiological data, as discussed next. 
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3.1. ACCOUNTING FOR THE MICROSTRUCTURE OF BEHAVIOR  

With the correct parameter values, the model can replicate a monkey’s psychometric, 

chronometric and tachometric curves very accurately (Figures 1B–D, compare Data 

versus Model), but each point in these curves aggregates many trials with motor 

competitions (races) of different types (Figures 3A–E), so the three curves provide a 

relatively coarse summary of the subject’s behavior. Matching the full RT distributions 

for correct and error trials at each individual gap (Figure 3F) is a much more stringent 

benchmark for any model (Salinas et al., 2010), because the shapes of these distributions 

are directly related to the more limited mixtures of race trajectories that occur at each 

gap. 

For example, the distribution of RTs for correct responses, or hits (Figure 3F, 

cyan histograms), clearly transitions from unimodal to bimodal. According to the 

accelerated race-to-threshold model, this is because short gaps contain a large proportion 

of fast informed decisions (Figure 3A), whereas long gaps contain a mixture of correct 

guesses (Figure 3E) and slow informed decisions (Figure 3B). Similarly, the distribution 

of RTs for incorrect responses (Figure 3F, magenta histograms) contains mostly wrong 

guesses (Figure 3D) and a small proportion of informed choices that were nonetheless 

incorrect (Figure 3C), which occupy the rightward tail of the histograms. 
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FIGURE 3 | The accelerated race-to-threshold model closely reproduces psychophysical data in the 

compelled-saccade task. (A–E) Simulated trials illustrating the five essential types of interaction between 

competing motor plans. In each panel, two competing variables represent oculomotor activity that triggers 

an eye movement either to the right (cyan) or to the left (magenta). In these examples the target is on the 

right, so races in which the cyan trace reaches threshold first correspond to correct choices. The two 

variables start racing 75 ms (afferent delay) after the go signal and a saccade is triggered 15 ms (efferent 

delay) after threshold is crossed. Initial build-up rates are drawn randomly in each trial. Gray shades 

indicate the time during which the cue information is available to modulate the motor activity. During 

informed choices (A–C, gap = 100 ms), the motor plan toward the target accelerates (its build-up rate 

increases) and the plan toward the distracter decelerates (its build-up rate decreases), whereas during 

guesses (D,E, gap = 250 ms) the build-up rates do not change. (F) Reaction time distributions in correct 

(cyan) and incorrect (magenta) trials at specific gaps (indicated on upper left corners). Results are shown 

for two monkeys, S (left) and G (right). In each plot, the black curves correspond to model simulations. 

Vertical lines indicate the center point of the tachometric curve of the corresponding monkey. Results are 

based on the same experimental and simulated data as in Figure 1. 

 

These combinations are easy to distinguish by noticing that the rPT that 

corresponds to the center point of the tachometric curve can be marked as a line in each 
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plot (vertical lines in Figure 3F), and that this line divides each RT distribution into two 

parts: the trials to the right are all informed choices, whereas the trials to the left are, 

except for those very near the line, uninformed choices. With this in mind, it becomes 

immediately obvious that correct trials at short gaps are almost always informed (cyan 

histograms in Figure 3F, top; RTs are predominantly to the right of the line), whereas 

correct trials at long gaps are almost always lucky guesses (cyan histograms in Figure 3F, 

bottom; RTs are predominantly to the left of the line). This also explains why, when 

looking at the correct responses going from long to short gaps, the peak to the right of the 

line moves progressively to the left: as the perceptual information arrives earlier and 

earlier, more and more trials that would have otherwise ended up on the rightward tail of 

the distribution are accelerated, resulting instead in short RTs. The position of the line 

itself shifts to the left as the gap decreases because rPT and RT differ precisely by the gap 

value (Equation 1), but the center point of the tachometric curve remains a fixed number 

for each monkey—a number that, as mentioned earlier and illustrated in Figure 3, is 

crucial for assessing the degree to which perceptual information determines the outcome 

of each trial. 

3.2. MODEL PARAMETERS AND THEIR INTERPRETATION  

As implemented here, the accelerated race-to-threshold model has 11 parameters that can 

be adjusted to fit the psychophysical data of individual monkeys, as in Figure 3F (Salinas 

et al., 2010; Shankar et al., 2011; Costello et al., 2013). Although this number may seem 

large, the effect of any given parameter is quite limited; each one affects the dynamics of 

the two competing motor plans in a very specific way and has a well-defined 

neurophysiological interpretation. 
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Three parameters describe the distribution from which the initial build-up rates of 

the two motor plans are drawn in each trial. A description based on three numbers, 

corresponding to the mean, variance, and correlation of the build-up rates, is quite 

minimal for a two-dimensional (joint) distribution. 

Two parameters, one for the mean and another for the variance, determine the 

visual latency in each trial. This latency is agnostic about the underlying causes (afferent 

delay, additional visual processing stages, etc.); it simply describes when the relevant 

visual information (go and cue) reaches the model circuit. For the results presented here, 

we assume that the mean latencies of the go signal and the color cue are the same, but 

this is not necessarily the case in general. 

Three parameters describe how perception alters the trajectories of the ongoing 

motor plans (as in Figures 3A,B); they specify the magnitude of the acceleration and 

deceleration and how long they last. Using fixed acceleration and deceleration 

coefficients is the simplest possible way to describe motor plans that are not perfectly 

straight, i.e., for which the build-up rates are not constant. 

One other parameter, the probability of confusion or lapse rate, accounts for 

incorrect responses that occur at long processing times and cannot be attributed to 

insufficient cue viewing time. There are many possible reasons for such lapses; here they 

are simply considered random events. 

Finally, two additional parameters are included to replicate a subtle but systematic 

feature seen in distributions of RTs that are bimodal (as in Figure 3F, for 175–225 ms 

gap), a dip that is slightly more pronounced than expected. This corresponds closely to a 
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phenomenon known as “saccadic inhibition” that occurs when a distracting stimulus 

appears while a saccade is already being programmed (Reingold and Stampe, 2002; 

Buonocore and McIntosh, 2008, 2012; Bompas and Sumner, 2011). The race model 

accounts for this deviation via a brief interruption in the rise of the motor activity linked 

to the detection of the cue. The two corresponding parameters determine the onset and 

offset of the brief pause, and have a relatively minor impact on other aspects of the data. 

Thus, the model starts with a simple description of the motor choice process and 

is augmented with a mechanism whereby perception can guide it. So, is the model 

activity comparable to saccade-related neural responses evoked during perceptually 

driven choices? 

3.3. LINKING BEHAVIOR AND NEUROPHYSIOLOGY 

The accelerated race-to-threshold model provides excellent fits to the RT distributions at 

fixed gaps for all the monkeys we have trained in the compelled-saccade task (Shankar et 

al., 2011). Although this is certainly reassuring, psychophysical data alone cannot fully 

constrain or validate such a mechanistic model, even if the fits were perfect; this is true 

not only for our model (Salinas et al., 2010) but also in general (e.g., Ratcliff and Smith, 

2004; Brunton et al., 2013; Miller and Katz, 2013). However, the activity of single 

neurons recorded in the frontal eye field (FEF) of behaving monkeys is consistent with 

key, non-trivial predictions of the model (Salinas et al., 2010; Stanford et al., 2010; 

Costello et al., 2013), suggesting that, indeed, its basic layout is correct. 

To generate specific predictions directly comparable to neurophysiological data, 

the model was run with parameter values that fitted the behavioral data of monkey S, and 
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expected neural responses (Figures 4B,C) were computed by averaging separately the 

simulated motor plans obtained in short- and long-rPT trials. The short- and long-rPT 

intervals were defined according to the tachometric curve so that they would include 

chiefly guesses and informed choices, respectively (Figure 4A, shaded areas). In this way 

we could ask: how should the mean neural responses differ between correct, uninformed 

guesses and correct, informed discriminations? 

The answer to this question comprises essentially two predictions about the 

relative amounts of activity for saccades in the preferred (red) versus the antipreferred 

(green) direction of oculomotor neurons. First, during uninformed choices (short rPTs), 

the motor plan into the movement field should demonstrate a strong advantage shortly 

after the go signal (Figure 4B; arrows on left column). This preference should be evident 

before the cue is even presented (Figure 4B; middle column), and corresponds to a 

heavily biased motor competition that is decided well in advance of saccade onset (Figure 

4B; right column). Second, during informed choices (long rPTs), the two motor plans 

should start building up more slowly and without a strong bias (Figure 4C; arrow on left 

column). In fact, in this case the expectation is somewhat counterintuitive: during the 

prolonged period of motor ambivalence, the motor plan in the direction of the target 

should, on average, lag behind the plan favoring the distracter (red traces below green), 

but ultimately the conflict must be resolved in favor of the correct choice. The reason for 

this effect is that, as discussed earlier, correct choices with long rPTs often correspond to 

trials in which the target-related motor plan is initially weak (Figure 3B), so a similar 

pattern emerges when averaging over multiple trials (Figure 4C). 
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FIGURE 4 | Comparison between model and FEF neuronal responses. The accelerated race-to-

threshold model was simulated with parameters that fitted the behavioral data of Money S, as in Figure 3, 

and the simulated activity averaged across trials was compared to that recorded from motor-related neurons 

in FEF. (A) Simulated tachometric curve. Gray shades indicate ranges used to sort the simulated trials into 

short- (left shade, guesses) and long-rPT (right shade, informed choices) groups. (B,C) Average model 

responses for short- (B) and long-rPT (C) trials aligned either on the go signal (left column), the cue 

(middle column), or saccade onset (right column). All data are from correct responses. Separate averages 

were calculated for choices in the preferred (red traces) and antipreferred (green traces) direction of the 

model neurons. (D–F) As in A–C, but for 45 FEF neurons (motor and visuomotor) that differentiated 

significantly between movements into and away from the movement field before the saccade. Shaded areas 

indicate ±1 SE across neurons. In all plots, the y axis corresponds to normalized firing rate. Blue arrows 

mark key differences in evoked activity during guesses versus informed choices. See Costello et al. (2013) 

for details about the experimental data and modeling methods. 

 

 

The mean evoked responses of FEF neurons (motor and visuomotor) with 

significant movement-related activity were generally in excellent agreement with the 

expectations based on the model (Stanford et al., 2010; Costello et al., 2013). In 

particular, during informed choices, there was, indeed, a prolonged period of motor 

conflict during which the plan in favor of the distracter showed a slight initial advantage 

(Figure 4F), whereas no ambiguity was seen during correct guesses (Figure 4E). 

Observed differences between correct and incorrect responses were also in agreement 

with the model (Costello et al., 2013). Finally, to compare the model and recorded 

responses quantitatively, mean traces were calculated and analyzed as continuous 
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functions of rPT via a sliding window, and the ensuing results led to two additional 

conclusions: (1) that the motor plans favoring the target and the distracter do accelerate 

and decelerate, respectively, and (2) that the acceleration and deceleration vary as 

functions of cue viewing time (rPT) as expected given the center point of the tachometric 

curve (Stanford et al., 2010; Costello et al., 2013). 

These results are extremely important because they support the two fundamental 

elements of the accelerated race-to-threshold model. First, that in the compelled-saccade 

task, ongoing motor plans are modulated by perceptual information if and when that 

information becomes available to the motor circuitry, but a motor choice is made either 

with (informed) or without it (uninformed). And second, that in spite of a profound 

impact on behavioral performance, the effect of perception on neural activity is rather 

subtle, particularly for eye movements into the receptive field of the neurons, because 

acceleration manifests as a slight difference in the curvature of the motor plan as it rises 

to threshold (Figures 4E,F, right column; compare red traces). Note that it did not have to 

be this way, as the psychophysical data alone can be replicated very accurately by a 

model based on completely different assumptions and dynamics (Salinas et al., 2010). 

4. A TRADE-OFF DRIVEN BY MOTIVATIONAL BIAS  

The tachometric curve is highly sensitive to task manipulations (Shankar et al., 2011; 

Hauser et al., 2013). Thus, many effects—for instance, subtle changes in performance 

due to perceptual learning (Shankar et al., 2011)—are clearly seen that would normally 

be impossible to resolve from the raw chronometric and psychometric data. In this 
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section and the next we exploit this to discern, from the results of two experiments, the 

possible underlying mechanisms whereby speed and accuracy may be traded. 

The first experiment consisted of a variant of the compelledsaccade task in which 

the monkey knew at the beginning of each trial whether a large or a small reward was at 

stake (all details are described by Shankar et al., 2011). The color of the target conveyed 

this information, and the association between color and reward amount was kept constant 

for blocks of 150–250 trials. So, during a block, correct movements to the red target 

would yield a higher reward than correct movements to the green target, but the high- and 

low-reward colors were reversed in the next block. Here, because the color of the fixation 

spot indicates the color of the target, in each trial the subject knows how much reward 

can be gained, but that is all: given that target color and target location vary randomly 

and independently across trials, this knowledge provides no objective advantage, 

although it should affect the subject’s motivation to perform the task correctly.  

Comparison of responses in the high- and low-reward conditions revealed what 

appeared to be a classic trade-off between speed and accuracy. When working for a large 

reward (high incentive), on average the monkeys performed better (Figures 5A,F) and 

responded more slowly (Figures 5B,G) than when a small reward was at stake (low 

incentive). Both effects were relatively moderate in absolute terms, but the gain of the 

trade-off was high: an increase in performance of roughly 10% was accompanied by an 

increase in RT on the order of 10 ms—a change in RT that is quite small as a fraction of 

its mean value (∼4%). So, based on these data alone, it would seem that the increase in 

performance incurred a very small cost in RT, and that the system is such that a small 

flexibility in RT affords a large benefit in success rate. Interpreted in terms of the two 
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motor mechanisms discussed earlier, this would mean that a tiny increase in threshold 

(Figures 2A–D) or a tiny decrease in the mean build-up rates (Figures 2E–H) would 

allow the sensory information to have a considerably stronger influence on the outcome 

of each trial. 

However, analysis of the data in terms of processing time paints a much more 

nuanced picture in which both motor and perceptual mechanisms vary across conditions. 

In trials in which a high reward was at stake, the tachometric curves of monkeys G and R 

(Figures 5D,I) shifted to the left by about 30 and 20 ms, respectively, relative to when a 

low reward was at stake. This suggests that the decision-making process itself starts 

sooner or advances more rapidly when the incentive to perform accurately is high. By 

fitting the empirical tachometric curves to continuous functions (Figures 5D,I, thin black 

lines) and applying resampling techniques to estimate the likely error in these fits 

(Figures 5E,J), we found that the shifts were very highly significant (Shankar et al., 

2011). A leftward shift, however, does not necessarily imply a higher percentage of 

correct responses, as illustrated earlier (Figure 2J), and would likely be accompanied by 

lower RTs too (Figure 2K), the opposite of the observed effect. So why the discrepancy? 
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Intuitively, the answer is that at least two mechanisms must be at work across 

conditions, given that the chronometric and tachometric curves are highly independent. A 

faster onset of the perceptual process could account for the leftward shift of the 

tachometric curve, a slow-down in motor activity could account for the increase in 

performance, and the net effect on RT could be a combination of both. 

 

 

FIGURE 5 | Psychophysical performance of two monkeys in a motivational bias experiment. At the 

beginning of each trial of the compelled-saccade task, the monkey knew whether a correct response would 

result in a small or a large reward. The shown data were sorted post hoc according to the reward that was at 

stake in each trial, as indicated. (A–C) Summary statistics for monkey G. When a high reward (purple) 

rather than a low reward (orange) was at stake, the overall success rate (A) and mean RT (B) increased, and 

the tachometric curve shifted to the left (C), indicating an earlier onset of the perceptual discrimination. 

Error bars indicate ±1 SE. (D) Tachometric curves from monkey G. Fitted Weibull functions (black curves) 

are shown together with the experimental data (colored traces). A vertical dotted line marks the center point 

of each curve (indicated in C) derived from the fit, i.e., the time point at which the percent correct is 

halfway between chance and the maximum value. (E) Joint distributions of center points and rise times 

obtained from bootstrapping and re-fitting of monkey G’s data, based on 2000 resamplings. The rise time is 

the time that it would take for the curve to go from 50% to 100% correct if its slope were always equal to 

the slope at the center point. Crosses mark the values of the original fits shown in (D). Histograms at the 

top and on the right show the corresponding marginal distributions. (F–J) As in (A–E) but for monkey R. 

See Shankar et al. (2011) for details about experimental and statistical methods. 
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The accelerated race-to-threshold model confirmed this intuition quantitatively. 

The model reproduced all the observed effects very accurately, and although this required 

modifying all of its parameters to various degrees across the two conditions, notably, 

these parameter differences were qualitatively the same for three monkeys. As discussed 

earlier, some of the parameters in the model relate fundamentally to perceptual 

processing and the tachometric curve (e.g., visual latency; magnitude of 

acceleration/deceleration), whereas others impact the initial motor plans only (e.g., mean 

and variance of the initial build-up rates). To tease apart their individual contributions to 

the observed experimental results (Figure 5), we first ran the model that fitted the low-

reward condition and then compared the results to those of additional runs in which only 

selected parameters were modified as required to fit the high-reward condition. 

The results were clear: although all parameters changed across conditions and had 

some impact, the experimental data could be largely explained by the two mechanisms 

illustrated in Figures 2E–L acting simultaneously. Specifically, according to the model, 

motor activity developed considerably more slowly during high- than low-reward trials. 

This slow-down accounted for virtually the full increase in the percentage of correct 

responses, and in the case of monkey G, if acting alone it would have yielded an increase 

in mean RT of ∼35 ms. This tendency, however, was largely offset by a smaller value of 

the visual latency parameter that determines when the go signal and the color cue start 

informing the motor circuit. This change explained most of the shift of the tachometric 

curve and, by itself, would have produced a drop in mean RT of ∼30 ms. So, motor and 

perceptual mechanisms exerted independent effects on accuracy but opposing effects on 
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speed. As a consequence, the net change in RT produced by the model, with the 

contributions of all parameters taken into consideration, was relatively small, ∼10 ms, the 

same as found experimentally. 

This simple computational dissection indicates (1) that multiple, distinct neural 

mechanisms are required to simultaneously explain all the experimental findings in the 

motivation experiment, and (2) that the coincident changes measured in speed (RT) and 

accuracy (percent correct) do not reflect a single, fundamental trade-off, but rather the 

combined action of cognitive factors on separate motor and perceptual processes. 

Additional experimental observations supported these conclusions. For instance, 

note that the maximum percent correct reached by the tachometric curves (Figures 5D,I) 

was not the same in the two conditions. This means that, during trials in which a large 

reward was on offer, the monkeys rarely made a mistake when provided ample time to 

discriminate target from distracter, whereas in trials in which the potential reward was 

small, the monkeys made many more “careless” mistakes, errors that could not be 

attributed to insufficient viewing time. The frequency with which such errors occur is 

captured by one model parameter, the lapse rate, and when target and distracter are easily 

discriminable, as in the experiment, its effect is rather unique—it cannot be reproduced or 

even approximated by other combinations of parameters—which suggests that it involves 

yet another mechanism that is distinct from those discussed above. 

Therefore, to restate the main conclusion of this experiment, motivation affects 

choice behavior by simultaneously altering speed and accuracy, and there is good reason 

to believe that the cognitive signals that mediate these effects are diverse and exert at 
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least partially independent control over motor and perceptual processes (see Discussion). 

This suggests that, in general, one-parameter descriptions of the speed-accuracy trade-off 

are likely to be oversimplifications, and should be interpreted with great caution. 

5. A TRADE-OFF DRIVEN BY SPATIAL BIAS  

Next, we consider a second experiment with asymmetric rewards in the compelled-

saccade task. It provides an interesting counterpoint to that in the previous section 

because it shows that the same motor and perceptual mechanisms may be engaged quite 

differently across tasks, giving rise to stronger or weaker trade-offs. 

In this case, the monkeys received a large reward following correct saccades to 

one side and a small reward following correct saccades to the other (all details are 

described by Stanford et al., 2010). As a consequence, they developed a spatial bias, a 

strong tendency to respond more often to one side than the other. On average, the two 

animals that participated in this experiment chose the high-reward side about 76% of the 

time (but this number understates the strength of the preference; see below). The high-

reward side, left or right, was kept constant during a block of 150–250 trials and was then 

switched. As always, target colors and locations were randomly interleaved. The 

collected data were then sorted according to the subject’s choices; that is, trials were 

partitioned into two groups, those that resulted in movements in the preferred (high-

reward) direction, and those that resulted in movements in the non-preferred (low reward) 

direction. These two data subsets were then analyzed separately. 

The behavior of the animals was strikingly different for the two types of choice. 

Responses in the preferred direction were much more prone to errors than those in the 
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non-preferred direction (Figures 6A,F), and were also initiated much sooner (Figures 

6B,G). In other words, the spatial bias induced a tradeoff between speed and accuracy 

across conditions whereby an increase in performance of approximately 20% was 

accompanied by an increase in RT of 25 or 48 ms, depending on the subject. This 

behavior can be intuitively understood as follows: the high reward side is chosen by 

default, so many choices toward that side are incorrect; in contrast, the low-reward side is 

chosen only if there is little uncertainty that the target is actually there, but this happens 

only when the red and green spots are discriminated accurately, i.e., when the rPT (and 

thus the RT) is long. This can be seen quantitatively by plotting the fraction of choices 

made to the low-reward side as a function of rPT (Figures 6E,J). The resulting choice 

curve rises quite sharply, so the monkey’s preference is indeed dictated by the amount of 

cue viewing time. This curve also shows that, in the absence of sensory evidence (rPT 

100 ms), the monkey’s guess is to the high-reward side between 80% and 90% of the 

time. 

In general, the effects on speed and accuracy (Figures 6A,B,F,G) were 

considerably larger than in the motivational bias experiment (Figures 5A,B,F,G). 

Interestingly, however, although the main effect on the tachometric curve in this case was 

again a leftward shift congruent with the condition with higher overall performance 

(Figures 6C,D,H,I), the magnitude of the shift was smaller than in the motivational bias 

experiment (Figures 5C,D,H,I). This suggests that the perceptual process itself was 

affected less by the spatial bias than by the motivational bias, and therefore, that the 

observed trade-off in the former case may be accounted for almost entirely by an internal 
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adjustment in motor planning alone. Indeed, that is precisely what a more thorough 

analysis of the data showed. 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 6 | Psychophysical performance in a spatial bias experiment. Correct choices to one side 

yielded a higher reward than correct choices to the other side. Data are shown sorted according to the 

subject’s choices, either to the preferred (high-reward, blue) or the non-preferred (low-reward, green) side, 

as indicated. (A–C) Summary statistics for monkey S. When the preferred rather than the non-preferred 

side was chosen, the overall success rate (A) and mean RT (B) decreased substantially, and the tachometric 

curve shifted slightly to the right (C). Error bars indicate ±1 SE. (D) Tachometric curves from monkey S. 

Fitted Weibull functions (black curves) are shown together with the experimental data (colored traces). 

Vertical dotted lines mark the center points of the curves (indicated in C) derived from the fits. (E) 

Percentage of choices to the non-preferred side as a function of rPT. As in (D), dotted lines mark the center 

points of the tachometric curves. Gray shades indicate ±1 SE based on binomial statistics. (F–J) As in (A–

E) but for monkey G. (K–O) As in (A–E) but for simulated responses. Model data were generated with the 

same parameters as in Figure 4, except that the higher of the two initial build-up rates was assigned to the 

preferred side in 90% of the trials (instead of the standard 50%). See Stanford et al. (2010) for experimental 

details. 

 

Again we used the accelerated race-to-threshold model to estimate the 

contributions of different mechanisms to the biases found empirically. However, instead 
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of discussing the full model fits to the psychophysical data, which involve numerous 

parameter differences across conditions, in this case we discuss a much simpler 

manipulation that illustrates the main result more plainly. It goes as follows. First we 

simulated N trials of the model with a fixed set of parameters. This set was exactly the 

same one used earlier to reproduce the behavior of monkey S (Figure 3F); everything was 

balanced, unbiased. Then we divided the simulated trials into two groups with 

approximately N/2 trials each: one group included all the trials in which the motor plan to 

the right had led initially, before the cue information was presented, and the other group 

included all other trials, in which the plan to the left had drawn a higher initial build-up 

rate. For this, trial outcome was irrelevant; only the initial build-up rates were considered. 

Next, we designated the right side as the preferred, highly-rewarded side, and threw away 

89% of the trials in the second group, in which the non-preferred (left) plan had led 

initially. Finally, we merged the remaining simulated trials back into a single data set, 

erased the information about which plan led initially, and analyzed them exactly as if 

they had been collected in the experiment. With this method, we produced a biased data 

set without changing the influence of the perceptual information or the dynamics of the 

motor plans at all; all we did was create a hypothetical subject, just like monkey S, that 

made 90% of its initial guesses toward a preferred side (combining N/2 preferred guesses 

with 0.11 × N/2 non-preferred guesses makes the former 90% of the total). 

When the synthetic trials thus generated were sorted according to choice, as was 

done with the monkey data, the results qualitatively mimicked all the effects found 

experimentally: choices in the preferred direction were less accurate (Figure 6K) and 

faster (Figure 6L), the probability of making a nonpreferred choice varied sharply as a 
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function of rPT (Figure 6O), and the tachometric curves derived from preferred and 

nonpreferred choices were slightly shifted relative to each other (Figures 6M,N). The 

underlying reason why such large differences emerged is that, by selecting trials based on 

the direction of the leading motor plan, the proportions of the five basic types of motor 

competition (Figures 3A–E) became drastically different for the two possible choices. 

Such proportions alone have an enormous impact on the average RT and success rate, 

even when the dynamics remain identical within each type of race. So, all the relevant 

differences between preferred and non-preferred choices—and in particular the bulk of 

the speed-accuracy trade-off—can be explained by a simple asymmetry in the way the 

motor plans are initially deployed. 

This is not to say that other properties of the motor plans or of the perceptual 

process that informs them remained perfectly intact. In fact, there are hints that they did 

not. One is that the maximum percent correct was significantly different for the two 

tachometric curves of monkey G (Figure 6I), and another is that the shifts seen in the real 

data were larger than that in the simulation (Figures 6D,I,N). Additional adjustments to 

the parameters of the model would be required to account for these effects. However, 

these discrepancies are relatively small and do not affect the main conclusion, which is 

that in the spatial bias experiment the trade-off is larger than in the motivational bias 

experiment and depends predominantly on the way the motor plans for the two choices 

are deployed at the beginning of each trial. 

Perhaps somewhat counterintuitively, these results also imply that average RTs 

may decrease in one condition relative to another without any explicit slow-down of the 

motor circuitry. If this circuitry naturally produces a wide distribution of RTs, then the 
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apparent difference in response speed may result simply because one condition samples 

more fast and fewer slow trials than the other. In this sense, a change in response speed 

may not necessarily reflect a change in dynamics. 

Taken together, the results reviewed in this and the previous section indicate that 

the individual contributions of motor and perceptual mechanisms to a given, 

experimentally observed trade-off may vary widely depending on the particular 

circumstances of an experiment. 

6. BROADER IMPLICATIONS 

Here we have reviewed behavioral, neurophysiological and modeling results in an urgent 

decision-making task in which independent, quantitative measures of motor and 

perceptual capacity (chronometric and tachometric curves) can be obtained. Based on this 

unique dissociation, we investigated how motor and perceptual mechanisms interact to 

determine a subject’s response speed (RT) and accuracy (percentage of correct choices). 

In other words, we were able to decouple these quantities and investigate the potential 

sources of their trade-off. 

Based on a combination of behavioral and neurophysiological constraints, the 

accelerated race-to-threshold model provides a parsimonious description of how 

perceptual information may resolve an ongoing motor selection process during relatively 

rapid choices. This heuristic model is key because it lets us evaluate the functional roles 

that meaningful neural elements or features play in the choice process. It shows, for 

instance, that the build-up rates with which competing motor plans are deployed initially, 

before perceptual information arrives, are absolutely critical in determining the fate of 
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any given task trial (Figure 4, see arrows Salinas et al., 2010; Shankar et al., 2011). 

Likewise, the tachometric curve demonstrates that the response latencies—neuronal, not 

behavioral—to the go signal and the cue are much more flexible than one might have 

expected (Figures 5D,I), and the model serves to evaluate quantitatively the 

consequences of this (Figures 2I–L; see also Salinas and Stanford, 2013). Of course, 

other neural parameters may be important too; the point is simply that many specific 

properties of perceptual and motor-planning circuits may be quantitatively related to 

simultaneous changes in speed and accuracy. 

When seen under the light of this framework, the experimental results obtained in 

the two biased versions of the compelled saccade task lead to three conclusions: (1) that 

both motor and perceptual mechanisms may contribute to an observed trade-off, (2) that 

each of these mechanisms may weigh in more or less heavily, depending on the 

particulars of the task, and (3) that, as a consequence, small or large trade-offs may result 

from various combinations of motor and perceptual contributions. 

This would also explain why, under certain circumstances, it is possible to 

observe a decrease in RT and/or an increase in accuracy with no apparent trade-off 

(Bendiksby and Platt, 2006; Takikawa et al., 2002). Other studies are also consistent with 

an intricate, fluid link between perception and action (Battaglia and Schrater, 2007; 

Cardoso-Leite and Gorea, 2010; Simoncini et al., 2012; see below). 

6.1. LIFE WITHOUT THE TACHOMETRIC CURVE 

It is interesting to ponder how the two bias experiments would be interpreted without the 

tachometric curve. In the case of the motivational bias, the trade-off would seem small 
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(Figures 5A,B,F,G), and there would be no reason to think that the perceptual evaluation 

itself would or should change from one condition to another. The results could be 

explained as a small increase in a response criterion leading to slightly better 

performance and slighlty higher RTs. Instead, the tachometric curve reveals significant 

changes in perceptual performance (Figures 5D,I), and it is only because of the model 

that those changes can be reconciled with the relatively small observed trade-off, and that 

a rather substantial adjustment in motor planning can be inferred. 

In the spatial bias experiment the speed-accuracy trade-off is large and evident 

(Figures 6A,B,F,G), but without the tachometric curve it again would be virtually 

impossible to ascertain whether or not changes in perception are involved—such changes 

are there (Figures 6D,I), but are noticeably smaller and less important in proportion to the 

magnitude of the trade-off in this case. Furthermore, the choice curve (Figures 6E,J) and 

the model (Figures 6K–O) provide a clear and parsimonious account of the results: the 

subjects’ strategy is to almost always make an initial guess toward the preferred side, and 

override that initial plan only when the perceptual evidence against it arrives early 

enough and is strong enough. Without this insight, which depends critically on the 

distinction between RT and rPT, it would be very diffi- cult to understand why, at a given 

gap, the subjects choose the low-reward side on some trials but not on others. 

Interestingly, if the goal of the internal circuitry is to implement said strategy, 

then the observed trade-off may be a plain byproduct of the implementation, because the 

results can be largely accounted for simply by appropriately redistributing simulated 

trials across conditions, without altering any parameters or interactions in the model. In 

other words, the internal circuitry may not be directly attempting to find an optimal 
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compromise in the exchange of RT for percent correct; rather, the observed exchange 

may be an inevitable consequence of a different tradeoff, that between the possibility of a 

large reward versus the certainty of a small one. 

6.2. UBIQUITY OF FAST DECISIONS 

A few other tasks used in past studies compel participants to make a response before the 

correct answer is fully specified (Schouten and Bekker, 1967; Becker and Jürgens, 1979; 

Ghez et al., 1989; Hening et al., 1998; Chapman et al., 2010; Wood et al., 2011). In 

particular, the countermanding or stop-signal task is very similar to our compelled-

saccade task, except for two main differences: it is a go/no-go task, and the relevant 

sensory evaluation is a detection rather than a discrimination—but notably, a tachometric 

curve can be constructed in this case too (Salinas and Stanford, 2013). Numerous 

experimental manipulations of the countermanding task have led to simultaneous changes 

in RT and percent correct (Cabel et al., 2000; Cavina-Pratesi et al., 2001; Ramautar et al., 

2004; Emeric et al., 2007; Stevenson et al., 2009; Leotti and Wager, 2010), and modeling 

work indicates that, in different experiments, the observed trade-off may result either 

from adjustments in motor planning alone, in the perceptual detection process alone, or in 

both (Salinas and Stanford, 2013). The parallels with the experiments reviewed here are 

striking. For instance, variations in response latency associated with the detection of the 

saccadic target and the stop signal seem to be major determinants of perceptual 

performance. Overall, the spectrum of potential speed-accuracy trade-offs in the 

countermanding task is just as wide as illustrated here, if not wider, in terms of their 

magnitude and variety of underlying neural mechanisms (Salinas and Stanford, 2013). 
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These results notwithstanding, how general are the conclusions presented here? 

Perhaps compelled-response tasks put subjects in an unnatural setting in which the 

mechanisms that control speed and accuracy are engaged in rather anomalous ways. To 

the contrary, we think that compelled tasks are good models for many real-life situations 

in which choices are made quickly (see Uchida et al., 2006). 

For instance, eye movements (2–3/s) show similar distributions of fixation times 

and intersaccadic intervals under a wide variety of viewing conditions (Berg et al., 2009; 

Castelhano et al., 2009), which suggests that they are normally programmed 

continuously, without waiting for particular perceptual events to happen (McPeek et al., 

2000; Hafed and Ignashchenkova, 2013). Furthermore, the ability to quickly modify 

ongoing motor plans is essential in situations that demand extreme performance, such as 

high-speed chases (Ghose et al., 2006, 2009). Competitive sports provide many familiar 

examples too. To return a tennis serve, hit a curveball, or stop a penalty, movements must 

be prepared early and the corresponding motor plans must take into account relevant 

perceptual information as soon as it becomes available (Abernethy, 1990; Land and 

McLeod, 2000; Yarrow et al., 2009). Interestingly, athletic skill may be thought of as an 

unusually weak speed-accuracy trade-off, in that a professional squash player can strike 

the ball both faster and more accurately than a beginner, and there is evidence that when 

the skill level achieved is exceptional, it is so in both perceptual and motor domains 

(Yarrow et al., 2009). 

In this respect, note that the “urgency” of the compelled saccade task refers to the 

perceptual analysis process rather than to motor execution. The saccadic RTs obtained in 

the task (Figure 1C) are well within the normal range for choice behaviors (e.g., DiCarlo 
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and Maunsell, 2005; Berg et al., 2009); it is the color discrimination that is time-limited. 

For a participant, the decision is urgent in the same way as for a batter trying to hit a 

baseball: there is ample time to perform a required movement (a saccade or a swing), but 

very little time to make the relevant judgment (red/green or curveball/fastball) and inform 

the ongoing motor plan so that the movement is correct. In contrast, by specifically 

requiring that subjects remain still while the critical sensory information is displayed, the 

majority of laboratory tasks used to study perceptual decision making abolish this 

temporal conflict, both in fixed-duration and RT paradigms. This, however, makes it 

extremely difficult to determine when the perceptual discrimination finishes and when 

the motor plans start (e.g., Kiani et al., 2008; Port and Wurtz, 2009; Zariwala et al., 

2013)—and thus to attribute a given change in mean RT to either of these events. 

6.3. URGENT VERSUS NON-URGENT DECISIONS 

The distinction between urgent and non-urgent tasks parallels a broad conceptual division 

in the ways in which sensory, cognitive and motor circuits may interact to carry out goal-

directed actions or choices. In one scenario, they operate in a strictly serial fashion 

whereby perceptual analysis needs to reach a conclusion first, before the motor selection 

process can begin. In the alternative scenario, the simultaneous activation of multiple 

uninformed motor plans marks the start of the choice process, and the competition is 

subsequently guided by perceptual information on the fly, if and whenever it becomes 

available. Each of these possibilities is likely to apply under certain circumstances. Cisek 

and Kalaska (2010), Cisek (2012) and Padoa-Schioppa (2011) discuss this issue at length. 

Here, we make two observations about this distinction in regard to our results. 
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First, we note that the former, serial account is incompatible with the compelled-

saccade task (Salinas et al., 2010), but beyond that, one could argue that, for time scales 

below roughly 1000 ms, the idea of sequentially ordered perceptual and motor stages is 

inconsistent even with results from ostensibly serial decision tasks. This can be 

appreciated in two limit cases in which the trade-off between speed and accuracy 

essentially disappears. At one extreme, performance in many tasks does not benefit from 

prolonged deliberation times beyond 250–300 ms (Uchida et al., 2006), so that the 

optimal behavior is to respond rapidly (within < 300 ms) regardless of difficulty. This is 

precisely what Mainen and colleagues found in an odor categorization task in rats 

(Zariwala et al., 2013). At the other extreme, note that the rise in choice-related firing 

activity is often interpreted as a pure accumulation of sensory evidence (Gold and 

Shadlen, 2001), but the notion that sensory evidence must achieve a critical threshold 

before the effector system is engaged is difficult to reconcile with choices made on the 

basis of little or no sensory evidence. Consider, for instance, the zero-coherence trials in 

the randomdot motion discrimination task (Shadlen and Newsome, 2001); what drives 

choice commitment when the sensory input to be integrated consists exclusively of noise? 

A choice under such condition is typically framed and modeled as the result of a lower 

threshold or collapsed decision bound wherein the evidence criterion is relaxed so that 

less (or no) sensory evidence is required to engage the motor circuitry (Ditterich, 2006; 

Beck et al., 2008; Hanks et al., 2011). But this is essentially a matter of interpretation: a 

collapsing decision bound is functionally equivalent to an increasing motor plan or 

urgency signal (Cisek et al., 2009; Thura et al., 2012). So, viewed from a different 

perspective, the “perceptual threshold” can be interpreted as the point in time at which a 
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commitment to a motor choice curtails the evidence accumulation phase that had been 

informing the emerging motor plan to that point. Importantly, current neurophysiological 

evidence (Hanes and Schall, 1996; Heitz and Schall, 2012; see also Hayden et al., 2011) 

indicates that there is indeed such thing as threshold crossing, at least for saccadic 

choices, but it is a decidedly motor event. Furthermore, as the choice-related activity 

rises, its level relative to threshold is directly related to the degree of motor commitment 

(Gold and Shadlen, 2000). 

Second, several studies within the latter camp, which considers the scheduling of 

motor actions to be independent of perceptual events, resonate particularly well with our 

approach. In particular, Goodale and colleagues studied the hand trajectories that result 

when humans perform a compelled-reaching task (Chapman et al., 2010; Wood et al., 

2011). Participants were obliged to begin execution of a pointing movement toward one 

of various stimuli, but information identifying the true target was released only after the 

onset of the reach. The characteristic spatial patterns that resulted indicated that, initially, 

multiple reaching plans toward various potential targets develop in parallel, with the 

initial movement direction reflecting an underlying vector-averaging operation; the final 

movement direction is disambiguated later, when the true target is revealed. Interestingly, 

they also found that stimuli of greater salience (through greater contrast or pixel density) 

confers greater initial weight to their corresponding motor plans, even when such 

saliency is unlikely to signal the true target location (Wood et al., 2011; see also Schütz et 

al., 2012). Notably, this pop-out effect went away when participants were allowed to 

briefly view the stimulus cue before initiating the reach. This means that motor plans 

associated with salient stimuli are activated more strongly, but unless the observer has 
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reason to believe that a stimulus is important beyond its perceptual salience, this 

increased weight dwindles rapidly. So, perceptual information continuously modulates 

ongoing motor plans, likely via multiple pathways (e.g., bottom-up versus top-down). 

In agreement with the aforementioned findings in FEF (Stanford et al., 2010; 

Costello et al., 2013), this conclusion is highly consistent with analyses of single-neuron 

activity recorded in the parietal reach region of monkeys, which show (1) that competing 

motor plans are initially activated when multiple reach targets are presented and a choice 

needs to be made (Scherberger and Andersen, 2007), and (2) that the motor conflict is 

resolved either spontaneously or once the relevant cue information is provided (Klaes et 

al., 2011). Similar ideas have also been advocated by Cisek and colleagues based on 

recordings from premotor areas (Cisek and Kalaska, 2005; Pastor-Bernier and Cisek, 

2011), giving rise to a powerful modeling framework, the “urgency-gating model” 

(Cisek, 2006; Cisek et al., 2009; Thura et al., 2012), that is similar in spirit to our 

accelerated race-to-threshold model (see Costello et al., 2013). 

These findings demonstrate that, during rapid choices, perceptual and motor 

planning processes overlap extensively in time and are likely to contribute jointly to RT 

and accuracy under many circumstances. Their interaction is evident even in the absence 

of motor competition, when the upcoming movement is certain (Buonocore and 

McIntosh, 2008, 2012; Welchman et al., 2010; Bompas and Sumner, 2011). As a 

consequence, pinpointing the mechanisms that give rise to an observed trade-off is likely 

to be exceedingly difficult in general—unless additional experimental constraints 

independent of RT and percent correct are available. 
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6.4. BACK TO THE FUTURE: A HISTORICAL NOTE 

The existence of a speed-accuracy trade-off has been acknowledged for many years 

(Woodworth, 1899; Hick, 1952), and it once was considered to have “great potential to 

advance all areas of cognitive psychology” (Wickelgren, 1977). 

In 1977, Wickelgren passionately argued that generating speed-accuracy 

functions—the curves obtained by plotting the percentage of correct responses versus 

RT—would be vastly superior to simply evaluating RT and performance in single, 

independent experiments. He reasoned that a prototypical speed-accuracy curve would 

have three essential components: (1) an initial delay period during which performance 

would be at chance, (2) a ceiling value reached at long RTs beyond which performance 

could not increase further, and (3) a steep rise in performance around a short window of 

RTs. All three features would be informative and potentially interpretable in terms of 

separate cognitive mechanisms. Wickelgren (1977) further distinguished two ways to 

create such a curve, both potentially useful. One version used the “macro-trade-off,” 

which is what commonly results when experimental manipulations are introduced (i.e., 

via deadlines, asymmetric payoffs, instructions emphasizing speed or accuracy, etc.); the 

other version used the “micro-trade-off,” which is seen by the post hoc partitioning of 

RTs from a single experiment into small bands for analysis. Building on the work of 

Pachella (1974), Wickelgren suggested that internal variations in response criteria due to 

arousal, attention, and other covert factors creates variability within the RT distribution 

that macro-plots might not account for, but that would manifest in the micro-curves. 
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These ideas faded somewhat (but see, e.g., Giordano et al., 2009), most likely, we 

suspect, because the shapes of the speedaccuracy curves obtained experimentally were 

not stereotypical, as was hoped initially, nor consistent across experiments. For example, 

when the curves are generated from the data in the standard compelled-saccade task 

(Figure 7A), the resulting shapes are essentially meaningless. The framework presented 

here makes it easy, in retrospect, to see the reason for such failure: RT is not the same 

thing as processing time, and it is the relationship between performance and processing 

time that is stereotypical. That relationship—which is none other than the tachometric 

curve—describes precisely how much accuracy is gained for a given amount of time. It 

does this within a given experiment, as the micro-curve was supposed to do, and also 

decouples any true changes in perception from purely motor variations in RT, as may 

occur during a macro-trade-off. For the speed-accuracy curve to work as envisioned, the 

RT would need to correlate very tightly with rPT, but in general it does not, because it 

additionally depends on many cognitive processes such as attention, memory, or motor 

planning, that contribute to its variance (Figure 7B). 

Wickelgren (1977) recognized the enormous utility of a curve that would 

accurately reveal the dependence of performance on time. It could serve as a powerful 

tool for studying the dynamics of information processing across subjects, modalities, and 

task conditions, and by extension, for studying the neural mechanisms underlying 

fundamental cognitive functions. We submit that it is the tachometric curve, not the 

speed-accuracy curve that fulfills this promise. 
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FIGURE 7 | Speed-accuracy curves in the compelled-saccade task. (A) Percentage of correct responses 

as a function of RT for monkeys S (left) and G (right), computed from the same experimental data shown 

in Figure 1. Trials were sorted according to RT, regardless of gap, using bins with a 40 ms width sliding in 

steps of 2 ms. Gray shades indicate ±1 SE based on binomial statistics. (B) RT distributions for correct 

(blue) and incorrect (magenta) choices for each monkey, based on the same bins used in (A). 
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CHAPTER V: DISCUSSION 

 

The work presented in this thesis puts forth three fundamental ideas; one, that the timing, 

and variability of saccadic eye movements is related to the level of competition between 

motor plans representing movements toward either an externally driven (i.e., visual 

stimulus) or an internally driven (i.e., where the high reward most likely is) spatial 

location, two, the length of time spent viewing perceptual information, determined by the 

processing time (PT) on individual trials of the compelled-saccade (CS) task, has a direct 

impact on the gain of motor activity in the superior colliculus (SC), and this perceptually 

driven gain modulation is tied to the quality of the sensory evidence, trial outcome (i.e., 

correct vs. incorrect), and behavioral performance, and three, that the tachometric curve 

largely decouples changes in perceptual performance from those in motor variations in 

RT, and provides critical insight regarding the temporal evolution of a perceptual 

decision. The overarching postulation that arises from these ideas is that competition 

between motor alternatives drives behavior, and the conflict that exists between potential 

actions is driven, and eventually resolved, by both external- (sensory information) and 

internal- (i.e., spatial biases) forces.  

Prepare for conflict: competition between motor alternatives drives behavior 

In our view, successful navigation of the environment is accomplished by continually, 

and rapidly, forming and modifying motor plans -based largely on our perceptions- to 

innumerable stimuli within our immediate surrounding –and beyond. For instance, when 

reading a paper on the computer, one might also contemplate reaching for the glass of 
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soda set to the side of the keyboard, or desire to jot down some important note regarding 

what was just read, or even think about having to run downstairs and grab an item left in 

the car. All of these scenarios have specific motor plans associated with each outcome, 

and the likelihood that one will be chosen for action is directly related to how much 

conflict exists between these potential alternatives: if one is considerably thirsty, 

grabbing the soda takes precedence; alternatively, if the item in the car is Advil and a 

splitting headache suddenly begins, get ready for a stroll out to the parking lot. This 

interpretation of the decision making process differs markedly from the current, generally 

accepted theoretical framework that emerged primarily from studies based on the random 

dot motion (RDM) paradigm. Here, the motor plan begins only after sensory information 

is converted into a “decision variable” (DV) that reflects the integration process, and once 

the DV crosses a fixed bound, the decision process is terminated and the motor plan 

representing the winner can begin (Gold and Ding 2013; Kiani and Shadlen 2013). A 

neural correlate of the DV has been observed in visual activity recorded in the lateral 

intraparietal area (LIP), and the time course of the DV in LIP matches well with the time 

course of a theoretical DV computed using a drift diffusion model. In the above example, 

the interpretation drawn from this framework revolves around three DVs (one for each 

potential action) that are randomly drifting below a set decision boundary. If one was 

considerably thirsty, the DV representing the glass would begin increasing based on 

information related to arousal, and once this DV crosses the boundary, the motor plan to 

grab the glass would be instantiated. We now present several key issues that exist within 

this framework, and why we believe our interpretation is a more realistic account of the 

decision making process when the choice must be made rapidly. 
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 The first issue pertains to where the bound is set, and how it is instantiated. To 

date, no study has found a structure in the brain that controls or instantiates a threshold, 

even though it is strongly postulated to exist (Kiani and Shadlen 2013). Based on our 

results in chapter two, we can say with certainty that a fixed threshold certainly does not 

exist at the level of single neurons. Moreover, results from the 1DR task indicate that the 

threshold reached by single neurons in the FEF is highly variable, and is in part 

controlled by the baseline level of activity prior to the signal that informs the subject to 

move (i.e., go signal). Data from one study in particular corroborates this interpretation 

(Jantz et al 2012); when eye movements must be triggered internally, as is the case for 

anti-saccades and memory guided saccades, the threshold is significantly lower than 

when the saccade is produced toward a visual stimulus (i.e., externally driven). Thus, it 

appears that the threshold is more variable that previously thought, and for reasons other 

than the speed-accuracy tradeoff. 

Next, the time course with which the DV increases is significantly slower than the 

speed of perceptual judgments, as determined by numerous studies of decision making; 

the DV observed in LIP does not begin rising until ~200 ms following stimulus 

presentation (Roitman and Shadlen 2003; Shadlen and Newsome 1996; Huk and Shadlen 

2005; Churchland et al. 2011), whereas perceptual choice accuracy has shown to saturate 

in less than 300 ms (Burr and Santoro 2001; Uchida et al. 2006; Zariwala et al. 2013; 

Stanford et al. 2010). Moreover, our results from the SC -discussed in chapter three- 

demonstrate that perception modulates motor activity in as little as 90 ms. Based on these 

results, it would appear that the DV is largely independent of perceptual processing; 

instead it is comprised of numerous covert and overt factors that have been previously 
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linked with the DV, including prior probabilities (Hanks et al. 2011), confidence (Kiani 

and Shadlen 2009), and the passage of time (Janssen and Shadlen 2005).  

Our rationale for this viewpoint is based largely on what was just discussed, but 

also on a third major issue with the RDM framework; large differences in task demands 

that obscure the temporal dynamics of motor conflict. The RDM paradigm, along with 

many others, is serial in structure; trials begin with the subject viewing the sensory 

information, and following a delay, the subject reports their decision with a movement 

(i.e., reach, saccade). Thus, the subject is forced to withhold the motor report, whether or 

not the perceptual evaluation has most certainly reached its maximum potential (see 

above). Using this experimental approach, perception, cognition, and action are so 

hopelessly intertwined, drawing any specific conclusion about the manner in which 

perception guides the decision process seems impossible. Therefore, under these 

conditions, it is not surprising that the motor plan is thought to occur only after the 

perceptual judgment has been made; the activity of motor neurons which drive the 

movement must be continually suppressed during the delay period to ensure behavioral 

success; moving before the signal is given results in trial termination. The consequences 

of this task methodology cannot be understated. Because the movement obligatorily 

precedes the presentation of the sensory evidence, the current belief is that the perceptual 

decision is determined by neurons with primarily visual activity (Heitz and Schall 2012; 

Kim and Basso 2008; Purcell et al. 2012); as discussed below, this is almost certainly an 

artifact of task demands. 
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The compelled saccade task reveals the time course of a perceptual judgment 

The CS task flips this order of events around, first requiring the subject to plan a 

movement before the reveal of the sensory evidence sometime afterward. This approach 

allows motor plans for any potential actions to develop freely, as opposed to being 

suppressed as in tasks that force subjects to wait. Additionally, it allows for the 

construction of the tachometric curve, which is the probability of success plotted as a 

function of the time spent viewing the perceptual information (PT). PT is a direct 

measurement of how informed, or uniformed, a perceptual decision is. At low PTs, 

performance is chance, but as PT increases there is an abrupt increase in performance that 

reaches a saturated level of accuracy. As mentioned above, results from the CS task 

indicate that perception acts on the decision process in as little as 30 ms (Stanford et al. 

2010; Shankar et al. 2011), and that beyond 250 ms of PT, there is no further benefit to 

performance (Stanford et al. 2010; Costello et al. 2013).  

Neurophysiologically, prior work from our laboratory, recording from the frontal 

eye field (FEF) and oculomotor thalamus (OcTh) while monkeys performed the CS task, 

demonstrated that the difference between uniformed and informed choices boils down to 

the amount of motor conflict between target and distractor stimuli. When subjects guess, 

there is no conflict present between target and distractor; the target plan can increase 

unfettered by the opposing plan; for informed decisions, there is a sizeable increase in the 

motor activity associated with the distracter stimulus. This conflict must be rapidly 

resolved prior to saccade onset, and the magnitude of convexity (i.e., how sharply activity 
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increases or decreases) is directly related to the length of PT; the higher the PT, the larger 

the convexity. Furthermore, whereas numerous studies have linked the activity of visual 

neurons with the perceptual choice, during the CS task visual neurons in FEF and OcTh 

show no preference for target or distractor. In fact, when the perceptual information 

appears inside the RF of visual neurons in these structures, there is no change in neural 

activity. Thus, the role of visual neurons in the formation of a perceptual decision seems 

to be largely related to the choice task employed. 

In chapter three of this thesis, we describe the role of the SC in the formation of 

an urgent decision. Similar to what was just discussed above, the amount of conflict 

between motor plans representing movements toward the target-, or distractor- stimulus is 

directly related to the amount of time spent processing the perceptual information. In 

contrast to what was observed in FEF and OcTh, visual neurons respond to the sensory 

evidence appearing inside their RFs. However, this activity is identical whether the 

stimulus is a target, or distractor. This result further confirms that visual neurons are 

unrelated to the perceptual decision when the choice must be made under urgent 

conditions (i.e. the CS task). Additionally, unlike FEF and OcTh, we observed an entirely 

novel form of perceptually driven gain modulation that was unequivocally tied to the 

perceptual judgment; perception increased the magnitude of activity with the same time 

course as its influence on the choice process, and as the perceptual decision increased in 

difficulty, the time course and magnitude of gain modulation was impacted in a 

remarkably similar manner as the decision process. Perceptually driven gain modulation 

was exclusive to neurons with significant motor activity, lending further support to our 

interpretation that the perceptual decision is linked to these neurons in particular. 



189 
 

Taken as a whole, the results described in chapters two and three (as well as 

results from previous studies out of our laboratory) indicate that it is the activity of motor 

neurons in oculomotor structures, and more crucially, the level of conflict between 

competing motor plans, that determine the timing, and variability of saccadic RTs, and 

reflect the quality of the perceptual evidence as well as the length of time spent 

processing this information. We are certainly not the only laboratory with this outlook on 

the decision making process. Cisek and colleagues also concluded that a fundamental 

characteristic of decision making processes is to resolve conflict between actions that 

may be planned simultaneously (Cisek and Kalaska 2005, 2010; Cisek 2006), but this 

was based on studies involving arm movements and a much slower time scale of 

responding (~500 ms). In one of their tasks, a sensory cue was shown first, followed by 

two choice targets of different colors, and the monkey simply had to reach for the target 

matching the color of the cue. In this case, the activity recorded from premotor cortex 

was associated almost exclusively with the correct target and showed little evidence of a 

conflict. In contrast, in a second task the association rules and required movements were 

the same but the order of events was reversed: the two choice targets appeared first and 

the sensory cue that differentiated target from distracter was shown later. Notably, in this 

case both motor plans were strongly activated initially, and the arrival of perceptual 

information resolved the conflict in favor of the correct one (Cisek and Kalaska 2005). In 

their view, decision making does not follow an intrinsic sequential arrangement of 

perception → cognition → motor selection; rather, perceptual information and other task 

contingencies, such as reward value or motivation, bias a motor selection process that is 

activated whenever multiple actions are possible (Cisek and Kalaska 2010). Motor 
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preparation is informed by relevant cognitive or perceptual events whenever they occur, 

but does not wait for them to unfold. The internal conflict gets resolved with them 

(leading to informed choices) or without them (leading to guesses). Klaes et al. (2011) 

reached similar conclusions too. Evidence of a continuous influence of perceptual input 

on motor representations is seen even when decisions require very high-level cognitive 

processes, such as language (Spivey et al. 2005). 

The tachometric curve is a powerful tool for investigating perceptual judgments 

Finally, it is important to describe how crucial the tachometric curve is for determining 

the manner in which perception guides the decision process, as well as the underlying 

neural activity. Since the dawn of psychophysics, RT has been the quantity of interest, 

thought to reflect the amount of time spent processing sensory evidence (Woodworth, 

1899; Hick, 1952; Wickelgren, 1977). Numerous studies have identified a phenomenon, 

referred to as the speed-accuracy tradeoff, whereby subjects can sacrifice performance for 

speed; the shorter the RT, the lower the accuracy (Reddi and Carpenter, 2000; Bogacz et 

al., 2010; Wickelgren, 1977). Wickelgren (1977) in particular noted the importance of a 

psychophysical curve that could relate behavioral success to processing speed; he argued 

that RT was the crucial quantity. However, the shape of speed-accuracy curves 

constructed using RT are neither stereotypical, nor consistent across experimental 

conditions. Thus, this line of reasoning was largely abandoned. The major issue is that 

RT is extremely variable, not only is made up of perceptual processing time, but also 

numerous cognitive factors, and the time taken to produce the appropriate motor 

response. Therefore, RT does not simply reflect processing speed.  
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The CS task allows for the extraction of PT from the RT in each trial; largely 

dissociating perceptual and motor influences on behavior, and giving the experimenter 

direct access to processing speed. The tachometric curve, which is the visualization of the 

relationship between PT and behavioral success, is highly stereotyped and remarkably 

consistent across experimental conditions. As shown in chapter three, degrading the 

quality of the perceptual evidence leads to enormous changes in psychophysical 

performance, while the speed of the motor response (i.e., RT) remains relatively stable. In 

stark contrast, the time course of the perceptual judgment is profoundly impacted by 

degrading the perceptual evidence; the perceptual evaluation begins later, takes longer to 

resolve, and reaches a significantly lower saturation point when the discrimination 

becomes more difficult. Without the tachometric curve, we would be limited to solely 

describing the psychophysical differences between experimental conditions. Thus, we 

argue that currently, the only method for examining the influence of perception on the 

decision process is through the construction of the tachometric curve: this metric allows 

one to identify the influence of perception -independent of numerous other covert factors- 

on both the decision process and, more importantly, the underlying neural activity. 
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