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Exp. 1 Summary

Even in simple perceptual tasks, humans may rely on
heuristics to assign confidence1,2. Yet, in a complex

sensorimotor tracking task we found participants
monitored error (sub-optimally) to judge confidence.

Exp. 2 Summary

A robust recency effect in the weighting of tracking
error was replicated when trial duration was uncertain.
This result could be due to lossy accumulation of the
error signal or use of memory in assigning confidence.
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in temporal averaging and motor constraints, it is not possible to estimate motor noise

just yet and analysis will be restricted to the computational lag.

Results & Discussion

A cross-correlation analysis was performed to determine the lag between the target lo-

cation and the cursor placement for every single trial. The cross-correlation values were

normalised to produce a correlation coe�cient by subtracting the mean and dividing by

the standard deviation for each lag value examined. Cross-correlograms were first av-

eraged within subjects, with the peak used as the estimate of the subject’s preferred

tracking lag, ⌧ , for the model fitting(see Figure 4a). Averaging these cross-correlograms

indicates that normal, healthy adult is expected to have a ⌧ of approximately 400 ms.

Shown in Figure 4b is the distribution of peak lags across trials for each subject. The

histograms are all positively skewed and resemble those observed for reaction times in

traditional psychophysics tasks (Usher & McClelland, 2001). However, a one-sample t-

test on the Pearson moment coe�cient of skewness for each subject’s sample of peak lags

did not reveal a significant e↵ect (t(4)=2.24 , p = 0.09). This result is not unexpected

given the small sample size of this pilot experiment. Subjects are encouraged by the

points system of the experiment to track the target quickly, but doing so may reduce
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Figure 4: A) Mean cross-correlations for individual subjects (black) and averaged across sub-
jects (red). Peak lag for the red trace is 400 ms. B) Individual histograms showing the percent
of traces with a particular peak lag (smoothed with a Gaussian filter with sd= 20 ms).
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Figure 5: A comparison of the lag in tracking for one subject in a task where the target is
inferred from the dot cloud (“cloud”, blue), and a task where the target is visible (“target”,
orange). The dashed lines indicate peak of the mean cross-correlation from each of the tasks.
The distance between these peaks corresponds to the time to compute the centroid, ⌧centroid

(abbr. in figure), assuming that temporal lag due to sensory processing and motor execution
are the same in both tasks.

the accuracy of their tracking for various reasons such as reduced time in estimating the

centroid or planning and executing a movement. Therefore, peak tracking time may be a

useful measure of speed in a speed-accuracy trade-o↵ analysis. Current attempts at this

analysis suggest that more data needs to be collected.

The same cross-correlation analysis was applied to the tracking data from the task

where the target was made visible (see Figure 5). As expected, the peak lag for the ex-

plicit target experiment is lower than for the peak lag for the experiment requiring the

subject to infer target location from the dot cloud. This indicates the subject takes ap-

proximately 70 ms to compute the centroid of the dot cloud and 300 ms to both process

the sensory information and execute a movement. Another noticeable di↵erence between

the two distributions of peak lags is that the target visible distribution has a smaller vari-

ance, indicating that computing the centroid contributes considerably to the variability

in tracking delays. Viewing the results in another way, one could say that decreasing the

di�culty of the task by providing the target’s true location led to faster responses. This is

consistent with traditional decision-making experiments (Gold & Shadlen, 2007). Further

experiments are needed to see if manipulating the quality of the sensory information in

the dot cloud (i.e. the number of dots) will similarly a↵ect tracking lag.

Tracking behaviour was first compared to the standard Kalman filter described in
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Figure 6: Comparison of errors as compared to the true target location for 1) the actual tracking
behaviour of the subject, 2) the unadjusted Kalman filter, and 3) a Kalman filter lagged by the
subject’s peak tracking lag. Error bars and shaded error region represent the 95% confidence
intervals.

Part 2. This model is equivalent to a human that has no temporal averaging or internal

sensory noise and can instantaneously place the cursor on the estimated target location

without any motor noise. Figure 6a shows that the human performance is approximately

three times worse than this model when assessed in terms of the Root Mean Square Error

(RMSE). If, however, the output of this Kalman filter is shifted by ⌧ estimate of the

corresponding subject, the performance is indistinguishable from that of the human4. It

is unlikely that more tracking trial will reduce the spread of errors as Subject 1 in the plot

completed 2.5 times more trials than the other subjects. Figure 6b plots the di↵erence

between the subject’s tracking and the two models on a per trial basis. Again, it is not

possible to di↵erentiate the lagged Kalman filter and human performance. This suggests

adding in the additional components of the model may be tricky if RMSE is used as the

metric of fit.

To conclude, a lagged version of the standard Kalman filter did very well at fitting

human performance. The average tracking lag was very consistent across subjects, and

the distributions of peak tracking lag tended to follow the pattern observed for reaction

times in non-tracking experiments.

4Do you think it is a problem I am using the same sequences to estimate tracking lag and assess the
fit of the model?
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Part 2. Modelling Approach

This section outlines the development of a Bayesian ideal observer model for a tracking

task where subjects track a moving cloud of dots as moves along a one-dimensional ran-

dom walk trajectory (see Figure 1). We selected the Kalman filter, which is the optimal

recursive linear estimator suited to dynamic environments assuming all noise in the sys-

tem is Gaussian. This is the “decision” component of the model. The Kalman filter is

biologically plausible is because it does not require infinite memory, yet considers every

piece of sensory evidence given.

The decision, “where to move next?”, is answered by this model, but requires realistic

inputs and outputs. We consider several human perception factors that act on the sensory

input and motor outputs, as well as modify variables in the decision-making machinery. A

schematic diagram of the final model is shown at the end of this section (Figure 3). This

model gives, for a particular sensory input, the ideal tracking performance achievable.
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Figure 1: A) Example of a single display frame. White dots are sampled from a 2D Gaussian
distribution (red dot indicates mean and dashed line shows 1 SD, both not visible to subjects).
Black dot is the cursor position as set by the subject. B) An example horizontal random-walk
trajectory of the target.
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Mean cross-correlograms 
of target and cursor: 

subject’s appear to lag 
behind the stimulus by 400 

ms (add legend). Human error versus 
model error:  

Applying temporal lag to 
a Kalman filter Oh look, 
simple Kalman filter with 

temporal lag does a 
good job at explaining 

error (difference is 
between human and 

model). (make fill versus 
no fill)Control experiment (tracking 

visible target): Tracking lag not just 
motor response time, reflects 
something about computation 
(CCG). Include tracking lag 

distribution for standard non-
lagged model (simulations), this 

shows the contribution of the 
exponential decay weighting 

function to lag.

Result 1: ROC 
curves: show all Ss 
on plot, mean area 
(SEM) AUROC. Oh 

look, there appears to 
be meta-cognitive 

sensitivity going on!
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Figure 2.4: Metacognitive ROC curves were computed non-parametrically (i.e. using the raw data)
for each observer in each condition. The area under the curve was also computed non-parametrically
using the trapezoidal method detailed in Macmillan and Creelman (2005) on pg. 64. An area of 0.5,
or a curve that falls along the dashed line, indicates no metacognitive sensitivity. An area of 1, or a
curve that follows the left and top border, indicates the upper limit of metacognitive sensitivity.
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the Kalman filter is supplied with a prior estimate x̂0 = 0 and the associated error

covariance P0 = 0, which will be updated as measurements are made.

In the one-dimensional case of horizontal tracking, the Kalman gain is simply

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud

(2)

where �cloud is the standard deviation of the generating Gaussian distribution for dot

locations and �walk is the standard deviation in the random walk. This Kalman gain term

describes the previous estimate of target location, x̂t�1, is combined with the incoming

measurements to update the estimate of target location x̂t:

x̂t = x̂t�1 + Kt(zt � x̂t�1) (3)

With each iteration of the Kalman filter loop, the error covariance term, Pt, is updated

as follows

Pt = (1 � Kt)(Pt�1 + �2
walk) (4)

Internal Sensory Noise

The dots presented in the task are intentionally high contrast, so the subjects will be

easily able to identify their locations. However, it is still likely that internal sensory noise

is also contributing to tracking behaviour. This can be estimated in a simple 2IFC visual

discrimination task, where two dots are sequentially presented and subjects have to judge

if the second dot was to the left or right of the first. The internal sensory noise estimate

would be calculated from the Just Noticeable Di↵erence (JND)

�internal =
JNDp

2
(5)

We could adjust the Kalman filter modifying equations 1 and 2. The estimate of the
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in the following manner1

ct =

8
>><
>>:

0 + ✏motor, if t � ⌧  0

x̂t�⌧ + ✏motor, otherwise

(9)

We can estimate ⌧ by finding the delay which produces the highest correlation between

target location and mouse cursor in the tracking task. A simple addition to the main

tracking task, however, can reveal more about these temporal delays as well as provide

a way to estimate motor noise. If we place a dot at the true position of the target,

identifiable by its red colour, and ask subjects to track this dot and ignore white dot

cloud, we have removed the centroid computation step. The delay with the highest

target-cursor correlation could be expressed as

⌧visible = ⌧sensory + ⌧motor (10)

Thus, the di↵erence in temporal lag between having the target invisible or not tells us

the time subjects are using to compute the centroid of the dot cloud2

⌧centroid = ⌧invisible � ⌧visible (11)

Additionally, we can computed the RMSE in tracking behaviour in the target visible

experiment, after shifting the cursor trace by ⌧visible, as an estimate of �motor. The corre-

sponding RMSE in the main task would also include error in estimating the target, which

is why we wouldn’t use it to estimate motor noise.

1I haven’t thought of a good way to express the cursor placement prior to acting on sensory information.
Subjects will have to place the cursor at the center of the screen (with some small spatial tolerance) so
it should be around 0, but then they might move it about a bit, and then of course those movements are
not independent of each other...

2I’m not entirely convinced if this is correct. In this version of the task �dot = 0, and so the Kalman
gain will be di↵erent in the sense they will move closer to their estimate than in the version where the
target is invisible. Would this correspond to a di↵erent lag?
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Temporal Averaging

Dot clouds are presented very rapidly in the tracking task. The perceptual consequence

of this is that several dot clouds will appear on the screen together due to the temporal

averaging of the visual system. I can imagine modelling this using a temporal weighting

function which includes the previous dot locations in the computation of the centroid.

Let’s begin by redefining the centroid computation

gt =
1

J

JX

j=1

✓
djt + ✏internal

◆
(12)

zt =

t
�tX

i=0

✓
wigt�i�t

◆
(13)

where �t is the time step of the sampling and wi is the weight from the temporal weighting

function and must be such that
t
�tX

i=0

wi = 1 (14)

The first weighting function we will consider is one where all dots which appear to be

simultaneously presented on the screen are given equal weight (i.e. a step function):

wi =

8
>><
>>:

1
⌧blur�t

, if i�t  ⌧blur

0, otherwise

(15)

where ⌧blur is the length of time over which the stimulus is temporally averaged. Alterna-

tive temporal weighting functions would weight dots according to when they where first

presented. For example, this could be done using a Gaussian function wi ⇠ N(0, �blur).

Another possibility is an exponential function, but this seems like it would be hard to

disentangle from the operation of the Kalman filter itself.
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target via computing the centroid would be corrupted by Gaussian noise as follows

zt =
1

J

JX

j=1

✓
djt + ✏internal

◆
(6)

where ✏internal ⇠ N(0, �internal), and the Kalman gain would also include the internal noise

in addition to the external noise from the dot cloud

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud + �2
internal

(7)

Motor Noise

In addition to the spatial blurring of the input caused by internal noise, there will also

be spatial blurring of the output due to motor noise. That is, the cursor ct is placed

at the target’s estimated location, but the movement is corrupted by Gaussian noise

✏motor ⇠ N(0, �motor):

ct = x̂t + ✏motor (8)

An experiment that would provide an estimate of �motor is described in the next section.

Temporal Delays

It should be obvious that the cursor is not placed instantaneously on the target estimate

as soon as the dot cloud is displayed but after some time has elapsed. This temporal

lag, ⌧ , is likely the sum of several delays relating to the sensory acquisition of the display,

⌧sensory; computing the centroid of the dot cloud, ⌧centroid; and the delay in formulating,

sending, and executing a motor plan, ⌧motor. We can update equation 8 to reflect this lag
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the Kalman filter is supplied with a prior estimate x̂0 = 0 and the associated error

covariance P0 = 0, which will be updated as measurements are made.

In the one-dimensional case of horizontal tracking, the Kalman gain is simply

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud

(2)

where �cloud is the standard deviation of the generating Gaussian distribution for dot

locations and �walk is the standard deviation in the random walk. This Kalman gain term

describes the previous estimate of target location, x̂t�1, is combined with the incoming

measurements to update the estimate of target location x̂t:

x̂t = x̂t�1 + Kt(zt � x̂t�1) (3)

With each iteration of the Kalman filter loop, the error covariance term, Pt, is updated

as follows

Pt = (1 � Kt)(Pt�1 + �2
walk) (4)

Internal Sensory Noise

The dots presented in the task are intentionally high contrast, so the subjects will be

easily able to identify their locations. However, it is still likely that internal sensory noise

is also contributing to tracking behaviour. This can be estimated in a simple 2IFC visual

discrimination task, where two dots are sequentially presented and subjects have to judge

if the second dot was to the left or right of the first. The internal sensory noise estimate

would be calculated from the Just Noticeable Di↵erence (JND)

�internal =
JNDp

2
(5)

We could adjust the Kalman filter modifying equations 1 and 2. The estimate of the
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Figure 3: A schematic of the proposed Kalman filter model for tracking. The three components are: 1) gathering sensory evidence to estimate
target location; 2) deciding where to move next; and finally, 3) executing the movement of the computer mouse to the intended location.
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the Kalman filter is supplied with a prior estimate x̂0 = 0 and the associated error

covariance P0 = 0, which will be updated as measurements are made.
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in the following manner1

ct =

8
>><
>>:

0 + ✏motor, if t � ⌧  0

x̂t�⌧ + ✏motor, otherwise

(9)

We can estimate ⌧ by finding the delay which produces the highest correlation between

target location and mouse cursor in the tracking task. A simple addition to the main

tracking task, however, can reveal more about these temporal delays as well as provide

a way to estimate motor noise. If we place a dot at the true position of the target,

identifiable by its red colour, and ask subjects to track this dot and ignore white dot

cloud, we have removed the centroid computation step. The delay with the highest

target-cursor correlation could be expressed as

⌧visible = ⌧sensory + ⌧motor (10)

Thus, the di↵erence in temporal lag between having the target invisible or not tells us

the time subjects are using to compute the centroid of the dot cloud2

⌧centroid = ⌧invisible � ⌧visible (11)

Additionally, we can computed the RMSE in tracking behaviour in the target visible

experiment, after shifting the cursor trace by ⌧visible, as an estimate of �motor. The corre-

sponding RMSE in the main task would also include error in estimating the target, which

is why we wouldn’t use it to estimate motor noise.

1I haven’t thought of a good way to express the cursor placement prior to acting on sensory information.
Subjects will have to place the cursor at the center of the screen (with some small spatial tolerance) so
it should be around 0, but then they might move it about a bit, and then of course those movements are
not independent of each other...

2I’m not entirely convinced if this is correct. In this version of the task �dot = 0, and so the Kalman
gain will be di↵erent in the sense they will move closer to their estimate than in the version where the
target is invisible. Would this correspond to a di↵erent lag?
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Temporal Averaging

Dot clouds are presented very rapidly in the tracking task. The perceptual consequence

of this is that several dot clouds will appear on the screen together due to the temporal

averaging of the visual system. I can imagine modelling this using a temporal weighting

function which includes the previous dot locations in the computation of the centroid.

Let’s begin by redefining the centroid computation

gt =
1

J

JX

j=1

✓
djt + ✏internal

◆
(12)

zt =

t
�tX

i=0

✓
wigt�i�t

◆
(13)

where �t is the time step of the sampling and wi is the weight from the temporal weighting

function and must be such that
t
�tX

i=0

wi = 1 (14)

The first weighting function we will consider is one where all dots which appear to be

simultaneously presented on the screen are given equal weight (i.e. a step function):

wi =

8
>><
>>:

1
⌧blur�t

, if i�t  ⌧blur

0, otherwise

(15)

where ⌧blur is the length of time over which the stimulus is temporally averaged. Alterna-

tive temporal weighting functions would weight dots according to when they where first

presented. For example, this could be done using a Gaussian function wi ⇠ N(0, �blur).

Another possibility is an exponential function, but this seems like it would be hard to

disentangle from the operation of the Kalman filter itself.
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target via computing the centroid would be corrupted by Gaussian noise as follows

zt =
1

J

JX

j=1

✓
djt + ✏internal

◆
(6)

where ✏internal ⇠ N(0, �internal), and the Kalman gain would also include the internal noise

in addition to the external noise from the dot cloud

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud + �2
internal

(7)

Motor Noise

In addition to the spatial blurring of the input caused by internal noise, there will also

be spatial blurring of the output due to motor noise. That is, the cursor ct is placed

at the target’s estimated location, but the movement is corrupted by Gaussian noise

✏motor ⇠ N(0, �motor):

ct = x̂t + ✏motor (8)

An experiment that would provide an estimate of �motor is described in the next section.

Temporal Delays

It should be obvious that the cursor is not placed instantaneously on the target estimate

as soon as the dot cloud is displayed but after some time has elapsed. This temporal

lag, ⌧ , is likely the sum of several delays relating to the sensory acquisition of the display,

⌧sensory; computing the centroid of the dot cloud, ⌧centroid; and the delay in formulating,

sending, and executing a motor plan, ⌧motor. We can update equation 8 to reflect this lag
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the Kalman filter is supplied with a prior estimate x̂0 = 0 and the associated error

covariance P0 = 0, which will be updated as measurements are made.

In the one-dimensional case of horizontal tracking, the Kalman gain is simply

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud

(2)

where �cloud is the standard deviation of the generating Gaussian distribution for dot

locations and �walk is the standard deviation in the random walk. This Kalman gain term

describes the previous estimate of target location, x̂t�1, is combined with the incoming

measurements to update the estimate of target location x̂t:

x̂t = x̂t�1 + Kt(zt � x̂t�1) (3)

With each iteration of the Kalman filter loop, the error covariance term, Pt, is updated

as follows

Pt = (1 � Kt)(Pt�1 + �2
walk) (4)

Internal Sensory Noise

The dots presented in the task are intentionally high contrast, so the subjects will be

easily able to identify their locations. However, it is still likely that internal sensory noise

is also contributing to tracking behaviour. This can be estimated in a simple 2IFC visual

discrimination task, where two dots are sequentially presented and subjects have to judge

if the second dot was to the left or right of the first. The internal sensory noise estimate

would be calculated from the Just Noticeable Di↵erence (JND)

�internal =
JNDp

2
(5)

We could adjust the Kalman filter modifying equations 1 and 2. The estimate of the
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Figure 3: A schematic of the proposed Kalman filter model for tracking. The three components are: 1) gathering sensory evidence to estimate
target location; 2) deciding where to move next; and finally, 3) executing the movement of the computer mouse to the intended location.
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the Kalman filter is supplied with a prior estimate x̂0 = 0 and the associated error

covariance P0 = 0, which will be updated as measurements are made.

In the one-dimensional case of horizontal tracking, the Kalman gain is simply

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud

(2)

where �cloud is the standard deviation of the generating Gaussian distribution for dot

locations and �walk is the standard deviation in the random walk. This Kalman gain term

describes the previous estimate of target location, x̂t�1, is combined with the incoming

measurements to update the estimate of target location x̂t:

x̂t = x̂t�1 + Kt(zt � x̂t�1) (3)

With each iteration of the Kalman filter loop, the error covariance term, Pt, is updated

as follows

Pt = (1 � Kt)(Pt�1 + �2
walk) (4)

Internal Sensory Noise

The dots presented in the task are intentionally high contrast, so the subjects will be

easily able to identify their locations. However, it is still likely that internal sensory noise

is also contributing to tracking behaviour. This can be estimated in a simple 2IFC visual

discrimination task, where two dots are sequentially presented and subjects have to judge

if the second dot was to the left or right of the first. The internal sensory noise estimate

would be calculated from the Just Noticeable Di↵erence (JND)

�internal =
JNDp

2
(5)

We could adjust the Kalman filter modifying equations 1 and 2. The estimate of the
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in the following manner1

ct =

8
>><
>>:

0 + ✏motor, if t � ⌧  0

x̂t�⌧ + ✏motor, otherwise

(9)

We can estimate ⌧ by finding the delay which produces the highest correlation between

target location and mouse cursor in the tracking task. A simple addition to the main

tracking task, however, can reveal more about these temporal delays as well as provide

a way to estimate motor noise. If we place a dot at the true position of the target,

identifiable by its red colour, and ask subjects to track this dot and ignore white dot

cloud, we have removed the centroid computation step. The delay with the highest

target-cursor correlation could be expressed as

⌧visible = ⌧sensory + ⌧motor (10)

Thus, the di↵erence in temporal lag between having the target invisible or not tells us

the time subjects are using to compute the centroid of the dot cloud2

⌧centroid = ⌧invisible � ⌧visible (11)

Additionally, we can computed the RMSE in tracking behaviour in the target visible

experiment, after shifting the cursor trace by ⌧visible, as an estimate of �motor. The corre-

sponding RMSE in the main task would also include error in estimating the target, which

is why we wouldn’t use it to estimate motor noise.

1I haven’t thought of a good way to express the cursor placement prior to acting on sensory information.
Subjects will have to place the cursor at the center of the screen (with some small spatial tolerance) so
it should be around 0, but then they might move it about a bit, and then of course those movements are
not independent of each other...

2I’m not entirely convinced if this is correct. In this version of the task �dot = 0, and so the Kalman
gain will be di↵erent in the sense they will move closer to their estimate than in the version where the
target is invisible. Would this correspond to a di↵erent lag?
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Temporal Averaging

Dot clouds are presented very rapidly in the tracking task. The perceptual consequence

of this is that several dot clouds will appear on the screen together due to the temporal

averaging of the visual system. I can imagine modelling this using a temporal weighting

function which includes the previous dot locations in the computation of the centroid.

Let’s begin by redefining the centroid computation

gt =
1

J

JX

j=1

✓
djt + ✏internal

◆
(12)

zt =

t
�tX

i=0

✓
wigt�i�t

◆
(13)

where �t is the time step of the sampling and wi is the weight from the temporal weighting

function and must be such that
t
�tX

i=0

wi = 1 (14)

The first weighting function we will consider is one where all dots which appear to be

simultaneously presented on the screen are given equal weight (i.e. a step function):

wi =

8
>><
>>:

1
⌧blur�t

, if i�t  ⌧blur

0, otherwise

(15)

where ⌧blur is the length of time over which the stimulus is temporally averaged. Alterna-

tive temporal weighting functions would weight dots according to when they where first

presented. For example, this could be done using a Gaussian function wi ⇠ N(0, �blur).

Another possibility is an exponential function, but this seems like it would be hard to

disentangle from the operation of the Kalman filter itself.
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simultaneously presented on the screen are given equal weight (i.e. a step function):

wi =

8
>><
>>:

1
⌧blur�t

, if i�t  ⌧blur

0, otherwise

(15)

where ⌧blur is the length of time over which the stimulus is temporally averaged. Alterna-

tive temporal weighting functions would weight dots according to when they where first

presented. For example, this could be done using a Gaussian function wi ⇠ N(0, �blur).

Another possibility is an exponential function, but this seems like it would be hard to

disentangle from the operation of the Kalman filter itself.
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target via computing the centroid would be corrupted by Gaussian noise as follows

zt =
1

J

JX

j=1

✓
djt + ✏internal

◆
(6)

where ✏internal ⇠ N(0, �internal), and the Kalman gain would also include the internal noise

in addition to the external noise from the dot cloud

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud + �2
internal

(7)

Motor Noise

In addition to the spatial blurring of the input caused by internal noise, there will also

be spatial blurring of the output due to motor noise. That is, the cursor ct is placed

at the target’s estimated location, but the movement is corrupted by Gaussian noise

✏motor ⇠ N(0, �motor):

ct = x̂t + ✏motor (8)

An experiment that would provide an estimate of �motor is described in the next section.

Temporal Delays

It should be obvious that the cursor is not placed instantaneously on the target estimate

as soon as the dot cloud is displayed but after some time has elapsed. This temporal

lag, ⌧ , is likely the sum of several delays relating to the sensory acquisition of the display,

⌧sensory; computing the centroid of the dot cloud, ⌧centroid; and the delay in formulating,

sending, and executing a motor plan, ⌧motor. We can update equation 8 to reflect this lag
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the Kalman filter is supplied with a prior estimate x̂0 = 0 and the associated error

covariance P0 = 0, which will be updated as measurements are made.

In the one-dimensional case of horizontal tracking, the Kalman gain is simply

Kt =
Pt�1 + �2

walk

Pt�1 + �2
walk + �2

cloud

(2)

where �cloud is the standard deviation of the generating Gaussian distribution for dot

locations and �walk is the standard deviation in the random walk. This Kalman gain term

describes the previous estimate of target location, x̂t�1, is combined with the incoming

measurements to update the estimate of target location x̂t:

x̂t = x̂t�1 + Kt(zt � x̂t�1) (3)

With each iteration of the Kalman filter loop, the error covariance term, Pt, is updated

as follows

Pt = (1 � Kt)(Pt�1 + �2
walk) (4)

Internal Sensory Noise

The dots presented in the task are intentionally high contrast, so the subjects will be

easily able to identify their locations. However, it is still likely that internal sensory noise

is also contributing to tracking behaviour. This can be estimated in a simple 2IFC visual

discrimination task, where two dots are sequentially presented and subjects have to judge

if the second dot was to the left or right of the first. The internal sensory noise estimate

would be calculated from the Just Noticeable Di↵erence (JND)

�internal =
JNDp

2
(5)

We could adjust the Kalman filter modifying equations 1 and 2. The estimate of the
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SENSORY: DECISION MAKING: MOTOR:

compute centroid
execute movement

compute Kalman gain
update error term

update estimate

priors

Figure 3: A schematic of the proposed Kalman filter model for tracking. The three components are: 1) gathering sensory evidence to estimate
target location; 2) deciding where to move next; and finally, 3) executing the movement of the computer mouse to the intended location.
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