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1 Abstract

In natural visual scenes, there is considerable rapidly changing information. The ability to
detect these changes in the environment is crucial. Previous studies suggested that the neural
representation of change detection is based on the fast transient responses of neurons. In
visual area MT, transient responses are demonstrated to be highly informative about motion
direction and stimulus change. Moreover, the transient responses are shown to be correlated
with behaviour performance of change detection tasks. In the current study, we proposed a
model with a simple circuit to investigate the underlying computational mechanisms of tran-
sient responses. We further applied model and mathematical analysis to physiological data
recorded in area MT. After fitting the model to experimental data, the results showed that
the model is capable of reproducing the time courses of transient responses under different
conditions of speed change. To investigate the attentional modulation on transient responses,
visual attention is implemented as a multiplicative modulation on the input to the model.
By mathematical analyses of the model, we predicted that the slopes of transient responses
would be consistently modulated by attention, leading to faster transient responses to stimu-
lus change when attention is on the stimulus. The prediction is supported by the united results
of analysing the data recorded in two different physiological studies. Finally, by comparing
stochastic realization of a simulated transient response trace, we reproduced the correlation
of shorter latencies of transient responses to shorter RTs of change detection tasks. Thus,
through modelling, analyses of the model and comparing it to physiological data, we pro-
vide a potential framework explaining response dynamics of MT neurons. Moreover, we
provided strong evidences showing that the slopes of transient responses are highly corre-
lated with attentional modulation on transient responses and with the attention-induced better
behaviour performance.
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2 Introduction

2.1 Visual system and area MT

Visual perception is one of the most vital abilities of humans to interpret the surrounding
world. This course is realized by the assimilation of visual information in the visual system,
which is a part of the central nervous system.

The processing of visual information starts when light enters the eyes, as the photoreceptor
cells (rods and cones) in the retina absorb light and convert it into neural signals through
phototransduction. These signals are then passed to bipolar cells, which in turn connect
to retinal ganglion cells. Ganglion cells are projection neurons of the retina whose axons
form the optic nerve that extends to the optic chiasm and eventually to the lateral geniculate
nucleus (LGN) of the thalamus (Hudspeth et al., 2013). In particular, two types of retinal
ganglion cells are characterized and linked to parallel pathways that are anatomically segre-
gated in the LGN and in later projected areas (Fig 2.1a) (Hendry and Reid, 2000). These two
types of cells are magnocellular (M-cells) and parvocellular cells (P-cells). When it comes to
processing properties of P and M cells, P cells exhibit color-opponent responses to red/green
signals while M cells typically have fast axonal conduction velocities and sensitivity to high
temporal and low spatial frequencies (Nassi and Callaway, 2009). Note that M cells are able
to make transient responses: they fire action potentials when a stimulus is introduced, which
fade away quickly if the stimulus does not change (Liu et al., 2006). Hence, neural activation
of P cells and M cells code visual information with different properties and the information
of two types of cells is then processed in parallel in the visual system.

The LGN is composed of six layers, each of which is retinotopically organized and receives
input from either the ipsi- or the contralateral eye (Bunt et al., 1975). P cells convey signals
to the P layers (3, 4, 5 and 6) of the LGN while M cells project to the inner two layers (1 and
2, also called M layers) of the LGN (Hudspeth et al., 2013). Afterwards, the LGN neurons
transmit information to the primary visual cortex (area V1) while the retinotopic organization
is retained (Tootell et al., 1988). V1 is divided into six cortical layers. Signals from P layers
are projected to layers 4Cβ and 6 while M layers to layers 4Cα and 6 of V1 (Hudspeth et al.,
2013). After signals from two parallel pathways enter V1, the visual information coded by
the signals are preliminarily extracted and integrated. In V1, the parallel pathways converge
within the first few synapses (Nassi and Callaway, 2009). The extracted attributes (location,
color, orientation etc.) of original visual scenes are organized into functional maps, such as
retinal mapping. Apart from the retinotopy, another feature of the functional organization of
V1 is its columnar organization, i.e. neurons with similar functional properties tend to group
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into columns (Hubel and Wiesel, 1968). This means that neurons with similar orientation
tuning, ocular dominance are columnar organized, while the neurons which are less sensitive
to orientation but have strong color preference are clustered in a pattern called blobs.

The primary visual cortex receives parallel inputs from the LGN and recombines these in-
puts into new parallel outputs based on cell type-specific connectivity (Sincich and Horton,
2003). The output information runs through the interacting dorsal and ventral processing
streams (Fig 2.1a). The ventral (temporal) pathway involves object identification with the
information about form and color. On the other hand, the dorsal (parietal) pathway is rel-
evant to motion perception and is critical to guide movement (Goodale and Milner, 1992).
One important area in the dorsal pathway is the middle temporal area (MT), which contains
neurons that are highly selective for direction and speed of moving stimuli and is regarded
as a prominent part in the cortical analysis of visual motion.

MT receives direct and highly specialised inputs from V1 (Rockland 1989, 1995), as well
as parallel inputs from V2, V3, LGN and the inferior pulvinar (Zeki, 2015). The dominant
V1 inputs to MT are already tuned for direction (Movshon and Newsome, 1996) and speed
(Orban et al., 1986). It is still under discussion to what extent selective inputs from lower ar-
eas, and the internal processing within MT, contribute to the characteristic tuning properties
observed in MT respectively. However, many studies show that neurons in area MT code
much more specific and selective information about motion than V1 (Zeki, 2015). For ex-
ample, one essential distinction of direction- and orientation selective cells between V1 and
MT is that the receptive fields (RF) of MT neurons are much larger. This enlargement of RFs
is probably the result of convergent anatomical input to MT from V1 and V2 (Zeki, 1971),
enabling the neurons in MT to collect signals from the global motion of a stimulus (Huk and
Heeger, 2002). This differs from V1 neurons that detect the direction of components of a
stimulus. Forward connections from MT mainly target to the medial superior temporal area
(MST) and the ventral intraparietal area (VIP), where the signals are involved in the analysis
of optic flow and generation of eye movements (Maunsell and van Essen, 1983).
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CHAPTER 2. INTRODUCTION

(a) Visual pathways and the parallel processing.

(b) Average direction tun-
ing curve for 163 units in
MT.

(c) Speed tuning curve for one
representative unit in MT.

Figure 2.1: Visual pathway and tuning properties of MT neurons (a): Sketch of visual
pathways and main areas in the visual system. Reprinted from Hudspeth et al. (2013). (b):
Population-averaged direction tuning curve of neurons in MT. (c): Responses of a represen-
tative unit in MT to stimuli moving in its preferred direction at different speeds. (b)& (c):
Bars indicate the standard deviation for each point and the dashed lines are the background
rate of firing, reprinted from Maunsell and Van Essen (1983).
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2.2 Response properties of neurons in area MT

Due to the importance of area MT for this project, the following sections will mainly focus on
the specific properties of neural responses in MT and how the neural activation is modulated
by different categories of attention.

Middle temporal area was firstly discovered as a specific visual area by Dubner and Zeki
(1971) who showed the neurons in MT of macaque have highly direction selective responses.
Around the same time, Allman and Kaas (1971) made similar observation in a study of owl
monkeys. In the following years, several studies confirmed the specificity of area MT to
visual motion because of the sharp tuning of MT neurons for the direction and speed of
moving stimuli (Rodman and Albright, 1987; Priebe et al., 2003; Liu and Newsome, 2005).
For example, Maunsell and Van Essen (1983) reported that the responses of MT neurons to
stimuli that are moving in their preferred direction are, on average, roughly 11 times larger
than responses to stimuli moving in the opposite direction. The direction-tuning curves of
MT neurons, which describe the neural response as a function of directions of motion, were
also measured in this study. They were found as symmetric about their peak response in
the direction dimension, and their width was usually broad: for the population-averaged di-
rection tuning curve, the full width of the curve at 50% of the maximum response was 60
degree (Fig. 2.1b). Additionally, the bell-shaped profiles of the direction tuning curves sug-
gest that MT neurons are most sensitive not at the preferred-direction, but at the two flanks
in the vicinity of the peak. Maunsell and Van Essen (1983) also revealed speed selectivity
of MT neurons. That is, the preferred speed elicits the strongest response in the correspond-
ing neuron, while deviation from the preferred speed reduces neural activities, irrespective
whether it is an acceleration or deceleration. The speed-tuning curves are not symmetric
(bell-shaped) in the linear domain of speed (Fig. 2.1c). In a later study from Nover et al.
(2005), the researchers analyzed speed-tuning curves recorded from a large population of
MT neurons and observed that neuron responses rise rapidly when speed increases from the
lower end of the curve and fall much more gradually as speed continues to increase after
reaching the preferred speed (peak). Thus, they proposed that the speed tuning curve of a
single MT neuron can be represented by a Gaussian form of logarithm scaled speed. The
speed-tuning curves of MT population were firstly reported as scale-invariant (Nover et al.,
2005). That it, normalized tuning curves of various MT neurons preserve the same shape
and are simply shifted horizontally along the log-speed axis. However, later study from
Traschütz et al. (2015) suggested that the tuning width varied significantly among units.

Orientation selectivity was observed for most MT neurons (Maunsell and Van Essen, 1983)
when tested with stationary flashed bars, but stationary stimuli generally elicited merely brief
responses. Additionally, MT neurons are also tuned for other features of stimuli, such as their
retinal position, binocular disparity (a difference in the relative position of a stimulus on each
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CHAPTER 2. INTRODUCTION

of the two retinas, Zeki 1974) and the size of stimuli (due to surround suppression).

As for the functional organization of MT, except that the MT neurons are retinotopically
mapping, it is also relevant to the neural tunings. The existence of direction columns was
firstly proposed by Dubner and Zeki (1971) as they observed that nearby cells in MT gen-
erally have a similar preferred direction. Evidence supporting the columnar organization
includes the relatively smooth changes in the preferred directions of neurons through MT,
with direction sequences interrupted occasionally by sudden jumps of 180 degrees more of-
ten than would be predicted by chance (Albright et al., 1984). Besides direction tuning,
it was also observed that neurons clustered according to their speed preference, but their
organization was not strictly columnar (Liu and Newsome, 2003).

Besides the tuning properties, another important topic regarding area MT is how at-
tention modulates MT′s response and its mechanism. It is known that attention enhances
the information that is relevant to current goal and neglects the irrelevant information. Treue
and Maunsell (1996) first reported strong modulation of MT activity when attention was di-
rected inside the neuron′s receptive field (RF). They recorded single neurons in area MT
of macaque monkeys when two moving dot stimuli were presented. One stimulus was lo-
cated inside the RF of the recorded neuron and was moving in its preferred direction with
its preferred velocity, while the other one was located outside the RF. When attention was
directed towards the stimulus within the RF, responses were enhanced. On average, when
attention was guided to the stimulus within the RF, the responses of MT neurons were 19%
stronger than if attention was outside the RF. A later study showed that the tuning curves
of MT neurons were significantly increased when attention was inside the RFs, while the
width of tuning curves remained unaffected (Treue and Trujillo, 1999), indicating a multi-
plicative modulation of attention. The same study also found that attending to a stimulus
outside the RF of recorded neurons also enhanced the firing rates of recorded neurons, if the
stimulus inside the RF shares the same feature(s) with the attended stimulus. In this study,
two random dot patterns (RDP) were displayed, one was inside the RF of recorded cells
and the other was placed into the opposite hemifield. The stimulus inside the RF always
moved in the preferred direction of a given neuron, the other moved in either the same or
the opposite direction. When attention was on the stimulus outside the RF, attending the
stimulus that was moving in the preferred direction with preferred speed induced 13% more
recorded activity than at null speeds (180 degrees from preferred direction). This study pro-
posed the feature similarity gain hypothesis explaining feature-based attentional modulation
on area MT, which indicates that attention on a certain feature (color, speed, etc.) enhances
the processing of this selected feature through the whole visual field.

On the other hand, the object-based attention, which indicates the co-selection of irrelevant
features of the attended objects, was also found in area MT. O’Craven et al. (1999) performed
a fMRI study in which participants were viewing superimposed images of a house and a face,
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one of which was moving. The participants were told to attend to either the house, the face,
or the motion. It was found that when attention was guided to one attribute of one object
(e.g. face), both the response to this attribute and to the unattended attributes of the same
object (e.g. the motion of the face) was increased. Even if the motion of the moving object
was the unattended and task-irrelevant feature, activity of MT neurons was still enhanced.

However, some studies found that the spread of attention to task-irrelevant features of the
attended object might be attributed to global effects of feature-based attention (Lustig and
Beck, 2012). That is to say, attending to a certain feature would globally enhance the pro-
cessing of this feature, regardless of the local focus of attention, or even the attributes (e.g.
attended on red or yellow) of the feature (e.g. color). For example, Wegener et al. (2008)
conducted a psychophysical study consisting of two experiments. In both experiments, two
moving gratings were presented on the screen. The participants were required to report ei-
ther a speed change or a color change in one of the two gratings. In experiment 1, a cue was
given in advance to indicate the location and the changing feature (color or speed) while in
experiment 2, the cue indicated only the location. The results show that attending to a certain
feature of an object does not necessarily strengthen the processing of unattended features of
this object, but the enhancement of attended features can be found in objects at unattended
locations. A suppression of non-relevant object features were also found in this study. To-
gether, this study indicates global enhancement of attended features. Similarly, Stoppel et al.
(2012) found a global effect of feature-based attention from EEG and ERMF recordings of
motion-sensitive areas.

Overall, even though there were studies trying to explain the relationship between feature-
and object-based attention (Lustig and Beck, 2012; Kravitz and Behrmann, 2011), the inter-
action between them remains unclear. Wegener et al. (2014) put forward a conceptual model
of one possible mechanism of their interaction which unifies a large amount of experiments
results. This model assumes two dimensions of interactions: features and locations. The
interactions of location dimension of the same features indicates the strengthened processing
of a selected feature at unattended locations. The interaction of feature dimension consists of
a few different features at the same location, representing the co-selection of task-irrelevant
features of an object, which is dependent on the weighted top-down input to each of the fea-
tures determined by task requirements and the characteristics of the stimulus. Once the fea-
tures are selected, they will be processed globally in the location dimension, and the strength
of interaction will determine the degree of attentional spreading. This happens irrespective of
whether the feature was directly selected by the task requirement or indirectly by the object-
specific binding process. Hence, this study suggested a task-dependent top-down signal of
attentional modulation, object-specific feature selection based on task-requirements, and a
global feature-specific facilitation (spreading over locations).
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CHAPTER 2. INTRODUCTION

2.3 Computational models of MT

Given the importance of area MT in motion perception, many models have been proposed
that describe the responses of MT neurons to moving stimuli. One important model of them
is proposed by Simoncelli and Heeger (1998), describing a two-stage model whose output
corresponds to the steady-state response of a population of MT neurons to the moving stim-
ulus. The central mechanism of this model is simulating neural response by a weighted sum
of its input values followed by rectification, squaring and response normalization to its corti-
cal neighborhood. The first stage of the model corresponds to responses of simple cells and
complex cells in V1 to a moving stimulus. The stimulus is described by its local contrast,
i.e. its light intensity distribution (expressed by a function of two spatial dimensions (x,y)
and time t) normalized to the average stimulus intensity. Here, the motion of a stimulus is
considered as an orientation in space-time. Hence, the responses of V1 simple cells are char-
acterized using space-time RFs. The neural response of a simple cell to the stimulus is the
weighted sum of the local contrast over space and time (Eqs. 2.1), with the weights depend-
ing on the excitatory and inhibitory subregions of the spatiotemporal RFs of each neuron.
The linear response acts as an oriented space-time filter:

Ln(t) =

∫ ∫ ∫
sn(x, y, T )A(x, y, t− T )dxdydT + α1, (2.1)

with n denotes the nth simple cells while sn(x, y, t) represents the weighted function. A(x, y, t)

is the local contrast of the stimulus and α1 indicates a constant value.

Afterwards, a form of rectification is imposed on the linear outputs to address potentially
negative output values caused by the negative weights. Finally, the responses are normalized
to a pool neurons within one cortical neibourhood, including cells tuned for the full range
of orientation, direction, and spatio-temporal frequency (Fig 2.2 A). The response of the nth
neuron can be expressed as:

Sn(t) =
k1bLn(t)c2∑

mbLm(t)c2 + σ2
1

, (2.2)

where k1 restricts the maximum attainable response, σ1 is the semi-saturation constant and
b•c denotes half-squaring operation.

Next, the responses of complex cells are expressed as spatially pooled simple cell afferents,
so that the phase dependency of responses is removed. It is computed as a weighted sum
of simple cell responses over a local spatial region with the same space-time orientation and
phase.

In the second stage, the responses of pattern-direction selective cells (PDS cells) are con-
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structed via the combination of V1 complex cell afferents. The mechanism for velocity
computation is based on a intersection-of-constraints calculation. This method uses the local
motions (components of different orientations that comprise motion of an object) to compute
the global motion by finding the intersection of all possible global motions consistent with
the detected local motions (Fig 2.2D) (Adelson and Movshon, 1982). When apply a Fourier
decomposition to the motion of presented stimulus, the local motions of the stimulus can
be detected, which are drifting sinusoidal components (Fig 2.2 B-C). Therefore, summing
responses of V1 complex cells whose RFs are selective for each component yields a pat-
tern MT response that is selective for this stimulus velocity (Fig 2.2E). Responses of PDS
cells are thereby simulated as a weighted sum of afferents of V1 complex cells (Eqs 2.3),
followed by a half-squaring operation and normalization (computation is similar to Eqs 2.2).
The linear velocity-selective response of a MT neuron reads:

Qn(t) =
∑
m

pnmCm(t) + α2, (2.3)

where pnm are weights between MT neuron n and V1 complex cells. Cm is the afferent of a
complex cell and α2 determines the spontaneous response level.

Figure 2.2: Structure and construction of velocity selectivity of Simonceil and Heeger
model A: Model of V1 simple cells, see texts for detailed description. B: A example of ra
andom dot pattern stimulus moving to upward. C: Fourier decomposition of the dot stimulus
presented in B. D: Intersection of constraints (IOC) construction. Each vector corresponds to
the components of velocity for two of the gratings shown in C. Dashed lines indicate the set
of velocities consistent with these local motions. The intersection point is the only velocity
consistent with the motion of all of the components (local motions), indicating the velocity
of the presented stimulus. E: A set of receptive fields of V1 complex cells that are selective
for each of the component. Reprinted from Simoncelli and Heeger (1998)
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CHAPTER 2. INTRODUCTION

The results of this model succeed in reproducing neuronal responses of MT neurons to drift-
ing dot, gratings or plaid stimulus: when the model simulates responses of a population of
MT neurons for a drifting stimulus, the peak of the distribution of responses is corresponding
to the stimulus velocity. In addition, this model is also capable of reproducing direction- and
speed- tuning curves of single neurons.

Following a similar underlying mechanism, Rust et al. (2006) proposed a 2-stage cascade
model of MT neurons operating on the afferent responses of a population of nonlinear V1
cells. A stimulus is expressed by a matrix S(θm, ti) indicating the contrast of each of 12
grating (at orientations θm) at time ti. The stimulus is first passed through a population of
V1 neurons with 12 tuning curves of varying direction preferences. The responses of each
neuron to this stimulus are divisively normalized to responses of other neurons. In the MT
stage, the outputs of V1 cells are linearly combined according to the MT linear weighting
function (weights are corresponding to excitatory or inhibitory influences of V1 neurons’
responses on the MT cell). The output signal is then transformed into firing rates via an
instantaneous nonlinear function. This models succeed in reproducing responses of MT
neurons to moving plaids, the tuning curves of MT neurons, and explaining pattern motion
selectivity found in MT.

However, such models have traditionally focused on sustained responses of MT neurons
to stimuli moving in constant speeds. Recently, some studies have suggested that neural
representation of stimuli change in area MR, which is in the form of large transient response
with complex dynamics, is crucial to detection of stimuli change and is correlated to the
behaviour responses (Price and Born 2010, Galashan et al. 2013. See section 3.1 for details).

Aside from how area MT computes velocities, and tuning properties of MT neurons,
many computational models also focus on the attentional modulation of MT neurons.
One critical model among them is the normalized model of attention, proposed by Reynolds
and Heeger (2009). Three major components comprise the model: stimulus drive, attention
field and suppressive field (Fig 2.3). All these components contain two dimensions: space
(marked location of RF center of the neurons) and features (e.g. preferred orientation of the
neurons). The stimulus drive is a theoretical concept describing how strong each neuron is
activated by the current stimulus. The suppressive field characterizes the spatial positions and
features that contribute to the suppression by pooling over a broader range of spatial locations
and features than the stimulation field. In the attention field, the strength of attentional
modulation on the neurons is dependent on the current attended feature, the center of the
attended location, the RF center and the preferred feature of the specific neurons. Stimulus
drive is first multiplied by the attention drive according to the multiplicative modulation of
attention suggested by previous studies. This manipulation occurs before the normalization
so that attention exerts its effects on both the stimulus and suppressive drive. The production
is then divided by the suppression field, normalizing the neuronal activation to the activities
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of other neurons that respond to the surrounding context. The firing rates (R) of a population
of simulated neurons can be expressed as:

R(x, θ) =| [A(x, θ)E(x, θ)]/[S(x, θ) + σ] |T
S(x, θ) = s(x, θ) ∗ [A(x, θ)E(x, θ)],

(2.4)

where x and θ represent the center of RFs and the feature preference of each neuron, E(x, θ),
S(x, θ), and A(x, θ) denotes the stimulus drive, the suppressive drive and the attention field
respectively. | • | is rectification with respect to the threshold T. s(x, θ) indicates the extent
of pooling over space and orientation and ∗ indicates convolution.

This model generates results that reconcile variable physiological results regarding atten-
tional modulation in a uniform manner and succeeds in exhibiting different forms of atten-
tional modulation. For example, when using a purely feature-based attention strategy to
create an attention field that is selective for a feature but not selective for spatial position, the
orientation tuning curves of simulated MT neurons is sharpened by the attentional modula-
tion, which corresponds to the physiological study (Martinez-Trujillo and Treue, 2004)
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CHAPTER 2. INTRODUCTION

Figure 2.3: Structure of normalization model of attention Presented stimulus, three com-
ponents of this model and the simulated population response of the model are shown in this
figure. Left panel depicts the stimuli while the dashed red circle indicates the location of
attention. The attention field was centred on the stimulus on the right. For the other panels,
brightness at each location on the images corresponds to the response strength of one spe-
cific neuron. The neurons in every neural image are organized according to their receptive
field center (horizontal position) and preferred orientation (vertical position). See texts for
the detailed description of three fields. This figure is reprinted from Reynolds and Heeger
(2009)

Another example is a normalization model of attentional modulation in single neurons in
V1 and MT, proposed by Lee and Maunsell (2009). This model is similar to the normal-
ization model mentioned above, except it assumes attention solely affects the normalization
mechanism. Additionally, Wagatsuma et al. (2013) proposed a layered cortical microcircuit
model distinguishing between spatial- and feature- based attentional modulation on V1 and
MT neurons. This model describes multiple orientation-specific microcircuits consisting of
multiple layers. These microcircuits represent hyper-columns with different orientation pref-
erences and are connected with lateral inhibition and excitatory connections. The individual
microcircuit receives bottom-up input of visual stimuli and top-down attentional modulation
in different layers. The feature-based attention activates only microcircuits whose preferred
orientation match the attended feature, whereas spatial attention activates all microcircuits
homogeneously. Attentional modulation is represented as the extra input signal with low
frequencies entering to high levels of the layers in this model (Fig 2.4). Taken together,
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the simulated neuronal activities reproduce the response modulations induced by spatial and
feature-based attention. However, the inputs and the connections of the model are only dis-
tinguished as strong/weak inputs/connections and are quantitatively pre-defined accordingly.
As a consequence, the model is suited for describing neural networks of the V1 that are acti-
vated by oriented bars but not for higher visual areas such as MT. Additionally, these models
are incapable of simulating dynamics of MT responses to stimulus changes and attentional
modulations on the responses.

Figure 2.4: Structure of cortical microcircuit model A: Intra- and inter-laminar synaptic
connections and external inputs of a multi-layered microcircuit. The model has 8 orienta-
tion selective microcircuits in total, each comprises 20,000 integrate-and-fire neurons and
includes multi-layers (L2/3, L4, L5, and L6). Inputs of visual stimuli project to L4 and
L6 while top-down attentional modulation entries to L2/3 and L5. The Inter-microcircuits
synaptic connections include E-E and E-I. B: Top-down and bottom-up inputs to microcir-
cuits. The top image shows the visual inputs of a presented vertical bar to each microcircuits
with different orientation selectivities. The thicknesses of arrows represent the strength of
inputs. The image in the middle describes top-down inputs from spatial attentional modu-
lation. Spatial attention is directed to the location of the model’s receptive field and hence
activates functionally grouped microcircuits. The image at the bottom indicates top-down
inputs from feature-based attentional modulation, whose strength is dependent on the sim-
ilarity of attended feature and neuron preference. This figure is modified from Wagatsuma
et al. (2013)

To sum up, aforementioned models have some deficiencies, particularly in simulating the
dynamics of MT responses. The aim of this work is to develop a model that is able to
reproduce time courses of MT neurons responding to a stimulus change and to investigate
specifically how attention acts on the responses of MT neurons.
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3 Physiological studies of transients

Transient-sustained firing patterns are usually found in the neural response at stimulus onset
(Petersen et al., 1988) but they are also observed in MT neuronal responses to a sudden
stimulus change (Traschütz et al., 2015; Galashan et al., 2013; Lisberger and Movshon, 1999;
Price and Born, 2010, 2013). This pattern describes neurons responding to a stimulus change
with a rapid rise of firing rates (or decline, if the stimulus is changed away from the preferred
feature) which later reaches to a lower sustained level. The transition from a high firing
rate to a lower sustained rate is considered as a form of short-term adaption, which might
be developed from the intracortical circuit within MT (Priebe et al., 2002). The transient
phase has been shown to be highly informative about stimulus changes. Additionally, the
transient phase is more strongly correlated to perceptual decisions (Price and Born, 2010) and
behavioral performance (Galashan et al., 2013) than the usually studied sustained responses.
To have a comprehensive understanding of the transient response pattern to speed changes
and how it is modulated by attention, three physiological studies and their main results will
be introduced below.

3.1 Transient responses to speed change

Although the transient response to a stimulus change was reported by several studies and
proven to be informative, it is not clear how the features of the transient response (e.g. am-
plitude) are related to the tuning of neurons. To approach this question, Traschütz et al.
(2015) recorded and analyzed the neuronal representations of a variety of positive and nega-
tive speed changes in area MT.

The recordings were performed with two rhesus monkeys, who were required to press a lever
after the presentation of a fixation point on the screen and to keep fixating till the dimming
of the fixation point. In the main experiments, a Gabor was presented on the screen, first in a
stationary state for 250ms, then moving in one of the two base speeds. Afterwards, the speed
of the Gabor had an instantaneous acceleration or deceleration by 5%, 10%, 15%, 20%, 25%,
50%, 100%, or 200% and reached to the target speed. Gabors moving with both base-speed
and target speed were shown for 750ms, followed by another stationary state before the end
of each trial.
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Figure 3.1: Transient responses to speed change in two base speeds A and B: Population-
averaged responses to speed change in different magnitudes and signs. A and B showed
speed change with different base speed respectively. The speed change occurred at 1.25s.
See texts for descriptions of the experimental settings. This figure is modified from Traschütz
et al. (2015)

The results show that the positive and negative speed changes are represented by transient
increments and decrements which outreach the sustained response of the new speed. Most
importantly, the signs and magnitudes of transient responses are determined by the position
of pre- and post-change speed on the tuning curves. Specifically, the sign of a transient
response would be positive if the target speed is on a higher response plateau of the tuning
curve than base speed (i.e more close to the preferred speed). For example, an acceleration
would lead to a positive transient response when the speed change is on the rising flank of the
tuning curve. This is also true when the target speed crosses the peak of the tuning curve and
reaches a higher plateau at the falling flank. Similarly, the amplitude of a transient response
is related to the magnitude of the speed change and the position of the speed change on the
tuning curve. For example, the base speed of Fig 3.1B is closer to the peak of its tuning
curve than the speed of Fig 3.1A, which causes the amplitudes of the transients responding
to same magnitude of speed change is smaller in Fig 3.1B. This is because the slope of the
tuning curve is flatter near the peak, leading to a smaller distance between base speed and
target speed when base speed is located close to the peak.

According to this finding, the transient response is most prominent if the base speed is away
from the neuron’s preferred speed, since the same magnitude of speed change leads to larger
distances on the tuning curves of these neurons. When considering this property of transient
responses under attentional modulation, it indicates that the feature similarity gain hypothesis
proposed by Treue and Trujillo (1999) has some deficiency. This is because their hypothesis
suggests that attention modulates the responses of the neurons that are tuned to the current,
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CHAPTER 3. PHYSIOLOGICAL STUDIES OF TRANSIENTS

attended speed (which is the base speed), while the previously mentioned study provides
critical evidence that those neurons whose preferred speed is current base speed would have
the poorest information about the change, as indicated by their flat transients.

Also, note that the study shows that the sustained period after the speed change is less in-
formative, merely reflecting the position of the target speed on the tuning curves, rather than
the transient phase indicating the speed history in terms of the speed change. Taken together
with the dependency of the neural representation of transients to the tuning curve, the results
support the assumption that the transient response in area MT facilitates the detection of
rapid changes in the visual input.

3.2 Attentional modulation on transient responses in MT

Figure 3.2: Attentional modulation on MT responses A: Population-averaged responses
to speed acceleration, with and without attentional modulation. The dark-shaded area at the
bottom indicates the firing rate (FR) difference between attended and non-attended trials. B
and C: Raster plots showing latency and peak amplitude of individual neurons, depending
on whether the attention was directed in receptive fields. D and E: Raster plots showing
peak amplitude and latency from the 20% of fastest and slowest trials of individual neurons.
Modified from Galashan et al. (2013)
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When it comes to the attentional modulation of area MT, although previous researches
demonstrated that attention enhances the firing rates of MT neurons and influences the se-
lectivity of neurons, it is not clear how attention-dependent neuronal modulation improves
behavioral outcome, which is reflected as shorter reaction times and better performance when
attention is given (Wegener et al., 2006, 2008). The following two studies found that tran-
sient responses of MT neurons are modulated by different forms of attention (Galashan et al.,
2013; Schledde et al., 2017) and are highly correlated with behaviour performance (Galashan
et al., 2013).

In the experiment conducted by Galashan et al. (2013), MT neurons of two adult rhesus mon-
keys were recorded when they performed speed discrimination tasks. That is, the animals
were required to attend to one Gabor grating (target) and respond to an instantaneous speed-
up of the pre-cued target while ignoring another simultaneously presented distractor and its
potential speed change. The target stimulus could be located either within the receptive field
(RF) of the recorded neurons or in the opposite hemifield. In the latter case, the recorded
neurons were stimulated by the non-attended Gabor. Thus, the experimental design provided
neuronal responses with or without attentional modulation on the same stimulus. After be-
haviourally responding to the stimulus change, the animals need to gaze at the fixation point
for another 300ms.

The results showed a transient increase of firing rates after the speed change, no matter
whether the stimuli inside the recorded RF were attended or not. However, when attention
was directed inside the RF, transient responses reached significant higher peak amplitudes
with significant shorter latencies. The peak amplitude was defined as the difference between
mean responses of pre-change phase and maximum response of post-change phase (pre-
change phase is referred to a 200ms time window before speed change while post-change
is referred as 50ms-250ms after speed change) while the latency is defined as the point of
time when 75% of the peak is exceeded. Additionally, the results indicated that attention
induces a significant higher mean firing rate during both pre- and post-change phase, which
is consistent with previous studies. Many analyses were further conducted to investigate
whether latencies and peak amplitudes of transient responses are neuronal correlates to the
attention-dependent behaviour improvements. The results suggested that only values of la-
tencies are correlated with the reaction time (RTs). Neither peak amplitudes nor the strongly
modulated mean firing rates before speed change correlated with the behaviour outcome. For
example, in one analysis where all trials in one conditions were sorted based on their RTs
and then 20% trials with the fastest RTs as well as the 20% trials with the slowest RTs were
grouped, the result shows that trials with faster RTs have significant lower latencies, while
the difference of peak amplitudes between fast and slow trials is not consistent. Together,
these results reveal that transient responses modulated by attention can be directly linked to
the behavioral improvements caused by attention.
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Figure 3.3: Task-specific modulation of firing rates A: SDF of one example unit respond
to speed changes in different conditions. B: cumulative distribution of response latencies of
different conditions. Inset: median latencies (error bars, 95% confidence interval). Color
scheme of curves indicates different conditions: in, attend inside RF; out, attend outside RF;
speed, required to detect speed change; color, required to detect color change. The figure is
modified from Schledde et al. (2017)

Schledde et al. (2017) later examined how feature-based attention of different feature dimen-
sions modulates transient responses. The experimental paradigm used in this study is similar
to the previously described tasks in which two Gabors were displayed simultaneously, one
located within the RF while another was located in the opposite hemifield. The stimulus
located inside the RF was moving in the preferred direction of the recorded neuron while the
stimulus outside the RF was moving in the opposite direction. However, in this paradigm, the
animals were required to respond to either the speed change of the target Gabor or the color
change. Both the task requirement and the location where the change was going to occur
was previously cueds. Before the target events, some distractor events could occur pseudo-
randomly which the monkeys had to ignore. These distractor events included changes of
the cued feature at the uncued location and/or changes of the irrelevant feature at the cued
and/or the uncued location. Thus, the behaviour paradigm provides neuronal responses to
speed change when attention is on color, inside or outside the RFs as well as when attention
is on motion, inside or outside the RFs.

The results showed that the mean firing rates were consistently higher in the speed-change-
detection tasks than in the color-change-detection tasks. As for the transient responses to the
speed change, the latencies were dependent on the spatial conditions (whether attention was
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located inside the RF) as well as the task requirements, i.e. attended feature is motion or
color (Fig 3.3B).

It is important to note that in the previously mentioned study, the attended Gabor was mov-
ing in the opposite direction of the stimulus inside the RF, so that the motion directions of
the attended and the stimulating Gabor are maximally dissimilar. According to the feature
similarity gain hypothesis, we expected no attentional modulation, or even the existence of
a suppression on the response to the stimulus inside the RF when attention is on the stim-
ulus outside the RF. Because under this condition, the stimulating Gabor is not attended in
terms of both spatial- and feature-based attention. However, the results of this study showed
a significant response modulation between the speed and the color task when attention is on
the stimulus outside the RF, which cannot be explained by feature similarity gain. Taken
together, the results suggested the existence of another mechanism contributing to feature-
based attention.
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4 Modelling and Analysis

4.1 General structure of the model

Figure 4.1: Structure of the Model (a): model circuit, see description in the texts for details.
(b): upper graph: transient activation Ae(t) in response to an input step I(t) (lower graph),
simulated by the model circuit. The red and blue line shows response with and without
attentional modulation, respectively. Model parameters were: Ipre = 1, Ipost = 10, mi =
0.5, me = 60Hz, τe = 0.02s, τi = 0.3s, σ = 3, γ = 3, the initial states of Ai = 3Hz,
Ae = 20Hz.

The model we here propose is a feedforward excitatory-inhibitory (E-I) network, represent-
ing a circuit in a cortical hypercolumn. It consists of an excitatory unit and an inhibitory
unit, both of which receive external input I(t). The excitatory unit receives additional divi-
sive input from the inhibitory unit (Fig 4.1a). The model’s dynamics is given by equations
(4.1), describing how the mean activity Ae of the excitatory unit changes with time t.

τe
dAe(t)
dt

= −Ae(t) + ge(
I(t)

Ai(t)+σ
)

τi
dAi(t)
dt

= −Ai(t) + gi(I(t))
(4.1)

Time constants τe and τi denote how fast the units react to their synaptic activation, while σ
is a constant which prevents the denominator from being 0 if Ai = 0. How the units respond
to their total input is governed by gain functions with threshold-linear rectifications (Eqs.
4.2). g(I) represents that the gain of both units increases linearly with a slope m once the
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input exceeds the firing threshold I0.

ge(I) = me(I − I0e ) for I > I0e , and 0 otherwise
gi(I) = mi(I − I0i ) for I > I0i , and 0 otherwise

(4.2)

The steady state of Eqs. 4.1 (see Eqs. 4.3) is equivalent to a standard divisive normaliza-
tion model (Reynolds and Heeger, 2009), where Ai would represent the normalization from
neighbouring MT columns. However, the differential equations give a supplementary dy-
namics to the divisive normalization, which yields a representation of transient responses by
letting Ae quickly respond to input changes with its smaller time constant, while divisive in-
hibition acts on a longer time scale, eventually drawing the output back towards a sustained
activation level eventually (Fig 4.1b). Furthermore, attentional modulation can be imple-
mented by multiplicatively scaling the input I by a factor γ > 1, I −→ γI (red trace in Fig
4.1b), where γ is set to 1 if there is no attentional modulation inside the RF of the simulated
neuron.

4.2 Model response to stimulus change without attentional
modulation

Eqs. 4.1 and 4.2 fully describe the dynamics of the model in response to arbitrary input
signals I(t). For being able to compare the model simulation to experimental data, we will
consider the response of the model in the specific situation of the experimental setting in the
following (see section 3.2). To realize the direct comparison, the DEQs will be rewritten and
simplified such that the amount of free parameters would be minimized and fitting model to
data would become possible.

Specifically, considering the situation where a speed change occurs at t0 = 0 as the exper-
imental setting, we can assume that the speed change is equal to an instant input change.
Since the speeds of moving stimuli are stable before and after speed change, we further as-
sume that the input is constant before and after t0. Hence, the external input can be expressed
by a step function jumping from I0 (input before stimuli change) to I1 (input after stimuli
change) at t0 = 0. With a constant input, the activation of the model reaches to a steady
phase eventually. In the experiment, the stimuli kept moving in a base speed for 0.66 - 5.5s
before the speed change. Therefore, we assume that the system is in its steady state Apree

with the constant input I0 before the stimulus change, and also in its steady state Aposte with a
constant input I1 after the decay of the transient response. For the sake of simplicity, we also
set the thresholds of both inhibitory and excitatory unit as 0. Thus, the steady-state solutions
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read
Ai(t→∞) = miI

Ae(t→∞) = meI
miI+σ

(4.3)

Under these assumptions, the initial neural activation at t0 = 0 is known for us. Given the
piecewise constant inputs and Ai(t0) = miI0, Ai(t) can be solved analytically, for t > t0

Ai(t) = miI1 −mi(I1 − I0) exp(−(t−t0)
τi

); t ≥ t0 (4.4)

With this solution, it is possible to simplify the system described by two DEQs to just one
DEQ, which, however, cannot be solved analytically in general.

τe
dAe(t)
dt

= −Ae(t) +me

(
I1

miI1 −mi(I1 − I0) exp(−(t−t0)
τi

) + σ

)
; t ≥ t0 (4.5)

Since in the physiological experiments, neither the external input nor the offset constant σ is
directly revealed by the recorded data, it is convenient to express parameters of Eqs. 4.5 in
terms of the sustained activations Apree and Aposte . Hence, variables I0, I1 and the expression
σ

meI1
can be rewritten as

Apree = meI0
miI0+σ

⇒ I0 = −σApree /(Apree mi −me)

Aposte = meI1
miI1+σ

⇒ I1 = −σAposte /(Aposte mi −me)
σ

meI1
= Aposte − mi

me
.

(4.6)

Putting the transitioned forms of variables into Eqs. 4.5 , we can get

τe
dAe(t)
dt

= −Ae(t) +me

(
I1

miI1−mi(I1−I0) exp(
−(t−t0)

τi
)+σ

)
t ≥ t0

= −Ae(t) +
1

mi
me
− mi

me
(1− I0

I1
) exp(−(t−t0)

τi
) + σ

= −Ae(t) +
1

mi
me
− mi

me

(
1− −σ(Aposte mi−me)

−Aposte (Apree mi−me)

)
exp(−(t−t0)

τi
) + Aposte − mi

me

= −Ae(t) +
Aposte

1− Apree −Aposte

Apree −(me/mi) exp(−(t−t0)
τi

)

(4.7)
me
mi

also represents the theoretical maximum sustained activity Ae can achieve. Thus, we can
introduce an extra variable Amax to represent this ratio of the two gain factors. Therefore, in
the final simplified equation, there are only three unknown parameters in the model, i.e. τe,
τi and Amax.
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4.3 Model response to stimulus change under attentional
modulation

The model activation is described by Eqs. 4.7 with minimized free parameters, which en-
ables the fitting of the model to experimental data. On this basis, we will consider the
attentional modulation on the model activation in the following part. It is widely known
that attention would consistently enhance processing of attended information and thereby
improve the corresponding behaviour responses. Thus, in this specific situation of the exper-
imental settings, attention should facilitate the detection of a speed change regardless of the
specific pre- or post-change activation levels. The neural correlate of attention should also
process this property, i.e. attentional modulation on its neural correlate in the transient re-
sponses should correspond to the direction of a stimulus change, but be independent from the
per- and post-change activation. To investigate which feature(s) of the transient responses
matches the hypothesis, the DEQ is further rewritten and simplified, so that it is possible
to examine attention-induced changes of each feature with every possible level of pre- and
post-change activation.

In the current model, attention manifests as multiplicative modulation of the input (repre-
sented by factor γ). Under the same assumptions that I(t) is represented by the step function
and thresholds of gain functions remain 0, the DEQs of the model under attentional modu-
lation can still be expressed as Eqs. 4.7. To investigate how specific features of the neural
response are modulated by attention (i.e. when γ is increased from 1), it is more convenient
to scale the absolute value of the firing rate to a(t) relative to Amax: a(t) = Ae(t)/Amax.
Also, the shape a(t) of the solution of the DEQs only depends on the ratio of the timescales
τ = τi/τe (when the scaling of a(t) to the time axis is consistent). Therefore, we arrive at

τ da(t)
dt

= −a(t) +
apost

1− apre−apost
apost−1 exp (−t)

. (4.8)

With this simplification, the system behaviour is fully described by the three variables apre ∈
[0, 1], apost ∈ [0, 1], and τ ∈ (0,∞). In the following, we examined attentional modulation
on three different response features: (a) the initial slope after the stimulus change s = da

dt
|t=0

(b) the relative amplitude of the peak response arelpeak = apeak − apre, and (c) the relative
change of the sustained rate after the change as arelpost = apost − apre. Each feature is quan-
tified relative to the pre-change activation, assuming that change detection is based on the
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computation on the number of spikes exceeding or undershooting the pre-change activation.
s and arelpost can be expressed as functions of apre, apost and γ. However, the relative change in
peak arelpeak depends distinctly on the ratio of timescales τ and must be evaluated numerically.

Apreatt (t→∞) = meγI0
miγI0+σ

=
γ

mi
me
γ + σ

meI0

=
γ

mi
me
γ + Apree − mi

me

apreatt =
γ

γ + 1
apre
− 1

apostatt =
γ

γ + 1
apost
− 1

(4.9)

arelpost(apre, apost, γ) = apostatt − a
pre
att

=
γ

γ + 1
apost
− 1
−

γ

γ + 1
apre
− 1

(4.10)

s(apre, apost, γ) = da
dt
|t=0 = 1

τ

−apreatt +
apostatt

1−
apostatt − a

pre
att

1− apreatt


= 1

τ

1− apreatt

apostatt

1

apostatt

− 1

= 1
τ

apost − apre

1− apost
γ

apre(γ − 1) + 1

(4.11)
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Figure 4.2: Attention-induced change in different features A: Predicted attentional mod-
ulation dependent on the input change is negative(below identical line) or positive(above
identical ling). B, C: Attention-induced change in slope, ∆s and in relative post-change
sustained activation ∆arelpost dependent on apre, apost when γ change from 1 to 1.5. D, E, F:
Attention-induced change in relative amplitude of peak ∆arelpeak dependent on apre, apost with
varying τ .

The attention-induced changes are represented as ∆F = F (apre, apost, γ) - F (apre, apost, 1)

in dependence on apre and apost for γ > 1, with F representing one of each features. With
the above mentioned scaling, we are able to thoroughly investigate the phase space of apre
and apost numerically, comparing the changes in each feature when γ is larger than 1. The-
oretically, attention modulates the response features consistently with the input change, i.e.
attention would multiplicatively amplify the original feature change independent from the
absolute values of the pre- and post-change activities. Hence, we hypothesize that attention
would enhance the features for positive input changes ( apre < apost, above diagonal in Fig
4.2A) and would always suppress them for negative input changes (apre > apost, below di-
agonal in Fig 4.2A). For example, values of peak amplitude relative to pre-change activation
would be increased for a positive input change and would be more negative for a decelera-
tion.

Fig 4.2B-F displays ∆s, ∆arelpost, and ∆arelpeak with three different timescales when γ is in-
creased to 1.5. It is obvious that attention-induced change of slopes exhibits the most con-
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sistent response pattern: attention increases the initial slopes for positive transients and de-
creases the values of the slopes for negative transient responses. However, for both peak
and post-change activations, the attention-induced changes for a positive input change can
be either enhancement or suppression, depending on the states of the pre- and post-change
activation. Also, note that when τ −→ ∞, i.e. τe is close to 0, indicating that the excita-
tory unit reacts infinitely fast to input changes, the response pattern of ∆arelpeak approaches
∆s, while for τ −→ 0, the response pattern approaches to ∆arelpost. We further examined
the attention-induced change of the absolute values of the features ∆F = |F (apre, apost, γ)|
- |F (apre, apost, 1)|, to directly compare the inclination, the distances of post-change sus-
tained activation and the peak from pre-change activation when attention modulation exists
or not. The results clearly show that attentional modulation consistently rises the slopes of
the transient responses, while the influence on other features changes the polarity (Fig 4.3).

Figure 4.3: Attention-induced change of absolute values in different features A - C:
Same with Fig 4.2 B-D, except that the color indicates the change of the absolute value of
different features
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5 Results

5.1 Modulation of transient response by attention

Based on the analytical methods and numerical investigation, the model predicts that at-
tention consistently induces steeper slopes of the transient responses. To investigate this
hypothesis, two data sets recorded by the team of Dr. Detlef Wegener and Schledde et al.
(2017) were analyzed and compared to the model prediction. In the following, several meth-
ods have been applied on the data sets to extract the initial slopes of the transient response
from the data.

5.1.1 Physiological data

This section provided a detailed description of the experimental settings of the two recorded
data sets that were analyzed in the current study. The first data set from Dr Wegener’s
team recorded activation of MT neurons responding to speed acceleration or deceleration
when attention is directed in or away from the RFs (shorted as ’Dec-Att’, ’Dec-NAtt’, ’Acc-
Att’, ’Acc-NAtt’ conditions respectively). The experiment procedures were similar to the
procedures of Galashan et al. (2013) (see section 3.2). The experiment recorded neural
activation in area MT of two adult monkeys (Monkey Versace and Monkey Freddy) while
they performed speed-change detection tasks. The speed-change detection paradigm went as
follows: each trial began with the presentation of a fixation point on the screen. Afterwards,
animals needed to start fixation and press a lever to initiate the trial. After an interval of
250ms, a spatial cue indicating the target location was displayed for 750ms. Following
another delay of 250ms, two static Gabor gratings were shown on the screen for 200ms,
one located inside the RF of recorded neurons while the other one was at a mirror-inverted
position. Both gratings began moving in the preferred direction with a base speed of 2.17
degree/s. After 0.66 - 5.5s, one of the gratings changed its speed instantaneously. Animals
were required to attend to the cued stimulus and to report the speed change by releasing the
lever. The animals had to keep fixating for another 300ms after the response. In 40%-50% of
all trials, the speed change occurred at the distractor, which had to be ignored. Subsequently,
after an inter-trial interval of 3-4s, another trial started. The deceleration or acceleration of
the speed change was presented in blocks, i.e. the two conditions were presented one after
the other. After excluding neurons according to certain qualifications of recordings and the
corresponding behaviour performance, neuronal activation of 43 units of Monkey V and 21
units of Monkey F were further analyzed by us.
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The second data set we analyzed in the current study is from the study of Schledde et al.
(2017). This study recorded MT neural activation of two adult monkeys when they per-
formed two variants of a feature-change detection task. They were required to detect either
a speed or color change of stimuli inside or outside the RF of the recorded neurons (shorted
as ’Sp-Att’, ’Sp-NAtt’, ’Col-Att’, ’Col-NAtt’ conditions respectively). The experimental
paradigm is similar to the speed-change detection paradigm. After the presentation of the
fixation point and a cue, two Gabor gratings were displayed statically on the screen for
200ms. The color of the fixation point indicated the task requirement to detect the speed or
color change of the target stimulus, while the cue indicated the location of the target stim-
ulus. Afterwards, two gratings started to move. The stimulus located inside the RF was
moving in the preferred direction while the stimulus outside the RF moving in the opposite
direction. The target event (either a speed change or color change) occurred 0.66 - 5s after
motion onset. Before the target event, a few distractor events could occur, which consisted of
a change in a different feature dimension or a change of the stimulus at uncued location. The
speed-change task and the color-change task were presented blockweise while the location
of the attended stimulus was interleaved within each block. The trials in which the speed
change of stimulus inside the RF was the first event were collected and further divided into
four conditions according to the task requirements and the location of the attended stimulus
of each trial. After filtering, data from 117 units of Monkey V and 70 units of Monkey F
were analyzed, each of which consisted of 25 trials in every conditions.

5.1.2 Estimation of initial slope by model fit

In the last chapter, we obtained the expression for the model dynamics depending on the
pre- and post-change activation, the timescales τe, τi and the theoretical maximum activation
Amax (Eqs. 4.7). To extract the initial slopes from the data set of Dr Wegener’s team, the
model was fitted to neuronal activation of MT units responding to the speed change. Under
the previously described experimental setting, i.e. a sufficient interval between motion onset
and speed change, we could assume that in the 200ms time window before stimulus change
(t0) and at the 200ms - 300ms after speed change, the relative steady activation of neurons
can represent the fixed point Ae(t → ∞) of the system with the corresponding inputs. By
averaging spike counts in these two time windows, the sustained activity Apree and Aposte

were obtained (horizontal lines in Fig 5.1). The reason for choosing a 200ms - 300ms time
window after the speed change rather than a later time windows is that the required behaviour
response after the detection of the speed change in each trial might trigger substantial neural
responses, interfering with the recordings of current units.

Fig. 5.2 illustrates how the three unknown parameters act on the simulated response. It can be
seen that a smaller time constant of excitatory unit leads to a transient response shift towards
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Figure 5.1: Example of model fitted to one unit.Red line: PSTH of example unit. Blue
line: Response produced by model, given the Apree and Aposte extracted from time windows
marked by green dashed lines. The model was fitted by reducing the quadratic distance
between estimated and real traces during the transient phase, which is marked by bold lines.
Black dashed line: the slope of fitted trace, calculated from the rhs. of equation. (Eqs. 5.3)

Figure 5.2: How the three fitted parameters regulate the model simulation A - C: How
response traces simulated by model change when value of τe, τi or Amax (from left to right)
is increased (red lines) or decreased (light-red lines), comparing to the baseline values(black
lines). For every simulated traces, Apree = 40Hz, Aposte = 60Hz. Baseline values of parame-
ters are: τe = 0.04s, τi = 0.2s, Amax = 70Hz
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the left with a shorter latency and a higher peak amplitude. Meanwhile, the increment of the
time constant of the inhibitory unit causes a higher peak amplitude of the transient response
because it indicates that the inhibition would reach the excitatory unit in a longer time scale.
Finally, the shape of a transient response is becoming sharper and the peak amplitude is
becoming higher with decreasing Amax. Since manipulating the value of one of the three
unknown parameters would influence a few features of the transient responses, let alone their
interaction, it is difficult to find ideal values of parameters manually. Hence, grid search was
applied in order to find the best fitting values for every single cell. This method ran an
exhaustive search through the space of parameters. It built a grid of a finite set of points in
the domain of dimensions of N unknown parameters (N = 3 for our model). Here we set 15
grid-points in each dimension. In each iteration, we fed the model the sustained activities
extracted from the data and different values of the parameters and obtained the estimated
neuronal activities in the transient phase (bold lines in Fig 5.1). Note that neurons respond
to the speed change with a time delay in reality while the model responses to speed change
immediately. Thus, the simulated traces were shifted along the time-axis by a delay of the
according units’ response, which was manually extracted from the data. By calculating
the mean-squared error between the trial-averaged observed data and the estimated firing
rates, we found an interim solution of three parameters which led to the smallest quadratic
distance. Then the grid was refined around the interim solution by using the length of the
previously defined search intervals. This procedure was repeated for 15 refinements. The
mean quadratic distance of the optimized simulated trace and observed PSTHs is denoted as
Err in the following parts. Furthermore, considering the practical meaning of parameters,
it is necessary to manually specify value spaces for each parameter before applying grid
search. For the time constant τe and τi, the parameter space was limited to [10e-4 s, 1s]. As
for Amax, the lower bound of its parameter space was restricted as the value of the maximum
of averaged PSTHs in the sustained phases.

The model was fitted to 43 units of Monkey V and 21 units of Monkey F. Three examples of
the model traces fitted to the neural responses in different conditions and the corresponding
values of parameters are shown below (Fig 5.3 - 5.5, Table 5.1 ).
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Figure 5.3: Example of model fitted to Unit16 of Monkey F. The model was fitted to the
activities of the neuronal response in 4 conditions, respectively. The observed activation is
shown in colored lines while the model simulations are shown in black lines. Parameters of
each conditions can be found in Table 5.1.

Figure 5.4: Example of model fitted to Unit17 of Monkey V. Same with Fig 5.3. Parame-
ters of every conditions can be found in Table 5.1.
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Figure 5.5: Example of model fitted to Unit37 of Monkey V. Same with Fig 5.3. Parame-
ters of every conditions can be found in Table 5.1.

Table 5.1: Parameters and Err of model fitted to 3 example units
Units Conditions τe [ms] τi [ms] Amax [Hz] Err [Hz2]

Unit16, Monkey F Dec-Att 32 40 54.90 123
Dec-NAtt 15 25 47.14 67
Acc-Att 53 105 81.27 412

Acc-NAtt 52 92 80.76 272
Unit17, Monkey V Dec-Att 42 25 76.76 263

Dec-NAtt 17 58 80.66 121
Acc-Att 35 74 99.46 307

Acc-NAtt 999 1 184.26 2167
Unit37, Monkey V Dec-Att 29 17 133.01 215

Dec-NAtt 25 10 127.88 479
Acc-Att 189 47 134.53 536

Acc-NAtt 999 1 231.5 3573

We can observed that the model is capable of simulating the neuronal response in the tran-
sient phase given the pre- and post-change sustained activation, when the direction of the
transient corresponds to the increment or reduction of the sustained activation after stimulus
change. However, when this premise was violated, the model was unable to simulate such
observed responses, i.e. directions of transient responses and input change are opposite (see
Fig 5.4D, Fig 5.5D). Among 43 units of monkey V, there were 25 units responding to at least
one of the four conditions with this response pattern and could not be simulated, while for
Monkey F there were 8 out of 21 units. The distribution of Err of all units are shown in Fig
5.6 with the arrow indicating the Err of one presented example unit. The outliers might be
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attributed to the units that could not be fit. In total, 232 out of 256 (= 4 conditions multiplied
with 64 units) fits were successful in terms of the following criteria: the mean squared error
of the successfully fitted traces should be smaller than the mean quadratic distance of 1.67
standard deviation (SD) of the observed firing rates. In the physiological data, the variability
of spike trains is often well-described by a Poisson statistics, for which the variance of the
spike counts is equal to the mean (Dayan and Abbott, 2001). Under this assumption, we can
obtain the variability of firing rates as follows:

For each time bin:
〈n〉 =

∫ t+∆t
2

t−∆t
2

∑
k,i δ(t

′ − tki)dt′

σsp =
√
〈n〉

σfr =
σsp

∆tN
,

(5.1)

where N represents the total number of trials and ti is the time point at which each spike
occurred in the kth trial. σsp denotes the standard deviation of the spike counts within the
time bins while σfr denotes the standard deviation of firing rates.

Thus, the mean quadratic distance of the transient phase reads:

1

M

tM=0.2s∑
tj=0

(1.67σjfr)
2 (5.2)

where M is the total number of time bins within the transient phase while j represents each
time bin.
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Figure 5.6: Distribution of Err of all units A: Distribution of Err of all the units. B:
Partial zoom in version of original distribution. The arrows indicate the Err of unit 17 from
Monkey V, four different colors represent different conditions: blue: Dec-Att; light blue:
Dec-NAtt; red: Acc-Att; light red: Acc-NAtt

If the model fitting in a single condition of a unit had to be excluded, the other conditions
of this unit were also not considered in the further analyses. Eventually, fittings of 29 units
of Monkey V and 17 units of Monkey F were used to estimated initial slopes. The initial
slopes were then computed by calculating the right-hand-side (rhs.) of Eqs 4.7 when t = t0,
using the best-fitted values of parameters (Eqs. 5.3). We then examined the difference of
estimated slopes between non-attended conditions and attended conditions in acceleration
and deceleration of both monkeys using Wilcoxon rank tests, which is a non-parametric
statistical test used to compare two related samples. The statistical tests showed significantly
steeper slopes for attended stimuli only in the acceleration condition of monkey F (z=2.34,
p=0.019), but no significant results for the acceleration condition of monkey V (p=0.332)
and the deceleration conditions of both monkeys (monkey V: p=0.882; monkey F: p=0.190).

dAe(t)
dt
|t=0 = 1

τe

−Ae(t0) +
Aposte

1− Apree −Aposte

Apree −(me/mi) exp(−(t0−t0)
τi

)


= 1

τe

−Apree +
Aposte

1− Apree −Aposte

Apree −(me/mi)

 (5.3)
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Figure 5.7: Model estimated slopes A. Raster plots showing estimated slopes of transient
responses depending on attention in speed deceleration condition. The downward slopes are
of negative values. B: Raster plots showing estimated slopes in acceleration condition. The
values of upward slopes is positive. A-B: the dash lines are the identical lines, in where the
located dot denotes equal slopes of attended and non-attended conditions.

To sum up, although the model was able to reproduce the transient responses, results of
comparing the estimated slopes based on fitted model between attended and non-attended
conditions are not entirely matched with our hypothesis. The reason of it could be that the
model prediction is based on the averaged PSTHs of sustained activation phases, whose val-
ues vary significantly due to the noise of data. Thus, the estimated slopes that were based on
the best-fitted model might not sketch the initial slopes of the transient responses accurately.
To advance the method of estimating initial slopes, cumulative method was further applied
to data.

5.1.3 Estimation of initial slope by cumulative spike counts

To better extract the slopes of transient responses, the cumulative spike counts normalized
to the pre-change firing rate were calculated and compared in the following. The cumu-
lative spike counts c(t) were obtained by summing the spikes from 400ms before speed
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change(tbegin = -400 ms) until a time t (Eqs. 5.4, n represents the number of trials while k
denotes each trial). Because the cumulative measure integrates over time, the noise of ob-
served data is also integrated and thereby reduced. Specifically, our aim was to quantify how
the neural activation after a speed change deviates from the pre-change sustained activity.
For this purpose c(t) was normalized to the mean firing rate before stimulus change (Eqs.
5.6). The mean firing rates before the change was estimated by dividing the cumulative spike
counts at reference time point tref = 55ms by the time tref − tbegin (Eqs. 5.5). tref was the
point of time at which we assumed the neurons started to response to the stimulus change
occurred at t = 0,

c(t) =
1

n

∫ t

tbegin

∑
k,i

δ(t′ − tki)dt′ (5.4)

Âpres =
c(tref )

tref − tbegin
(5.5)

cnorm(t) = c(t)− c(tref )− Âpres (t− tref ) (5.6)

cnorm(t) quantifies the distance between the observed neural activation and the expected
activation when the underlying firing rate would remain unchanged as Âpres (Fig 5.8B). It
represents the difference between the area under the observed firing rate and the area under
A(t) = Âpres between time tref to time t (Fig 5.8A) because the number of spike counts
within a time window equals to the mean firing rates multiplied by the window size. Hence,
cnorm(t) is directly correlated to the slopes of the neural activation before the decay. In the
acceleration conditions, we hypothesize that the normalized c(t) fluctuates around 0 before
tref and rapidly rises above 0 afterwards. The speed of increment would gradually become
slow and finally reach a saturation because the neural activation also reaches the sustained
level (Fig 5.8C). To the deceleration conditions, the pattern would be similar except the
c(t) would quickly decay below 0 after tref . We further assume that the c(t) of attended
conditions would be significantly larger than of non-attended conditions for acceleration and
significantly smaller for deceleration. Specifically, the significant differences would appear
in a short time window after tref , before the transient response reaches peak amplitude, which
indicates that attentional modulation significantly increases the slopes of transient responses.
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Figure 5.8: Illustration of normalized cumulative spike counts A: Firing rates of an ex-
ample unit (red) and assumed unchanged activation (black). The shaded areas indicate the
integration of observed activation(red) and unchanged activation(black) from tref to time
t. B: cumulative spike counts of observed activation(red) and unchanged activation(black)
with underlying firing rates corresponding to A. The arrow indicated c(t) corresponds to the
shaded area in A. C: normalized cumulative spike counts as a function of time, showing the
distance between red columns and black columns in B.

The SD of cnorm(t) was obtained under the same assumption of the previously mentioned
Poisson statistics (Eqs. 5.7). Additionally, if the firing rates would remain as Âpres after
stimulus change, the SD of firing rates would be symmetrical around the tref . By this means,
we can observe whether the firing rates after stimuli change significantly deviate from pre-
change activation.

σ2(t) = 〈n〉 = c(t)

σnorm.(t) =
√
| c(t)− c(tref ) |

(5.7)

σd(t) =

√
σ2,Att
norm.(t) + σ2,NAtt

norm. (t) (5.8)

In addition, we calculated d(t) representing the difference of normalized c(t) between at-
tended and unattended conditions. The SD of d(t) is expressed by Eqs. 5.8. Thus, if d(t)
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exceeds the confidence interval (0 ± 1.67SD), we can conclude that the neural activation of
the attended condition is significantly different from the unattended condition.

We then applied the cumulative method to the population-averaged activation (Fig 5.9 &
Fig 5.10). The results of both monkeys are confirming the hypothesis, i.e. the normalized
cumulative counts of attended conditions rise/decay significantly quicker, and the difference
already existed on the very early stage after stimulus change. For monkey V, a significant
difference occurs around 10ms after estimated toffset in the acceleration condition while it
occurs around 20-30ms after offset in the deceleration condition. For monkey F, the signifi-
cant difference occurs around 20-30ms after offset in the acceleration condition and around
100ms after offset in the deceleration condition.

Figure 5.9: Population-averaged data, Monkey V. A: Population-averaged PSTH normal-
ized to sustained activation before stimuli change at t=0. Black dashed line indicates estimate
toffset after a delay. Color scheme is used throughout the figures denotes 4 different condi-
tions. B. Normalized cumulative spike counts of population-averaged data. Shaded areas
represent 1.67SD of c(t) in 4 conditions, distinguished by different color. C. Difference of
c(t) between attended and non-attended conditions. Red line is the difference in acceleration
while the blue line represents deceleration condition. Shaded areas represents 1.67SD of
d(t).
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Figure 5.10: Population-averaged data, Monkey F. A-C: Organizations of figures are same
with Fig. 5.9 A-C

The same method was next applied to the single units of the two monkeys (Fig 5.11). This
method enables us to identify whether and when the attention significantly modulates the
neural activation on the single unit level. We can see from the three example units that
in some units, the significant difference occurred around 50ms to 100ms after toffset (Fig.
5.11(b) & (c)). However, there are also units that do not show a significant difference be-
tween attended and non-attended conditions throughout a whole trial.

Finally, we investigated the attention-induced difference of c(t) among all units in depen-
dence of time after the speed change. To compute the score quantifying how well the model
prediction matched the data, the significant higher c(t) in the attended condition was marked
as hit and the significant lower c(t) in the attended condition as false for acceleration. The
marks were reversed for deceleration. Then the ratio of units that showed the attentional
modulation agreeing to our hypothesis (hit) and all the units that were significantly modu-
lated by attention (hit + false) were calculated as a function of time. The results revealed
that among all the units that showed a significant attentional modulation, around 90% of them
already exhibited the assumed effects around 80-90ms after speed change (i.e. 30-40ms af-
ter tref ) (Fig 5.12). Thus, the results provide strong supports that attention strengthens the
slopes of transient responses to stimulus change, which matches the predictions of the model.
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(a) Unit 16, Monkey F

(b) Unit 36, Monkey V.

(c) Unit 38, Monkey V.

Figure 5.11: normalized c(t) and d(t) of three example single units the organization of
figures and color scheme are the same with Fig. 5.9 B-C
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(a) Effect of attentional modulation. A-B: Monkey V. C-D: Monkey F.

(b) Ratio of hit divided by hit+ false. A-B: Monkey V. C-D: Monkey F.

Figure 5.12: Effect of attentional modulation on all the units (a) whether and when the
difference of c(t) between attended and non-attended trials is significant for each units. The
red color representing hit, i.e. attentional modulation corresponds to hypothesis, while white
representing no significant difference and blue representing false. (b): ratio of hit divided
by hit+ false developing with time. Vertical black dashed line marks estimated offset time
point while horizontal black dashed line represents ratio at chance level. Red lines denote
points of time when the traces of population-averaged data in corresponding conditions reach
peak values. Green lines represent points of time when same traces achieve half-peak values.
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Figure 5.13: Population-averaged activation from new data set, Monkey V A:
Population-averaged PSTH normalized to baseline activation before stimuli change at t=0.
Black dashed line indicates estimate toffset after a delay. Color scheme is used throughout
the figures denotes 4 different conditions. . B: normalized c(t). C: Difference of normalized
c(t) dependent on attention. D: Difference of normalized c(t) dependent on task requirement.
B, C and D: shaded envelopes show 1.67SD of corresponding conditions

In the study of Schledde et al. (2017), feature-based attentional modulation was investigated
by recording MT neurons activation when monkeys were required to detect either a speed
change or color change of the same stimuli. To examine the consistency of our previous
findings, the same procedures of calculating the normalized c(t) were executed with the
data recorded in this study. We hypothesize that the normalized c(t) of the attended condi-
tions is significantly larger than non-attended conditions, regardless of the task requirement,
revealing steeper slopes of the transient response induced by attention. The population-
averaged activation of monkey V showed that short after the stimulus change, the increment
of c(t) was significantly quicker when the stimulus was attended, irrespective of the dimen-
sion of attention (Fig 5.13C). To examine whether the attentional modulation on the slopes
of transient responses is task-specific, the normalized c(t) in conditions of different task re-
quirements (detect speed change or color change) was further compared (Fig 5.13D). The
result of the population-averaged data suggested a significant influence of the task require-
ment when attention was outside the RF: the normalized c(t) of the motion-relevant tasks
was significantly larger. This result is corresponding to the findings from the original study
and might indicate a global feature-based attentional modulation when feature attributes are
in the same dimension of attention (different speeds in this case, see Discussion for details).
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However, the model is yet incapable of distinguishing attention of different dimensions and
generating predictions of the neural activation accordingly. Hence, we did not further ana-
lyze the data with respect to different dimensions of attention. For the population-averaged
data of Monkey F, effect of attention modulation is non-significant in most of the time (Fig.
5.14C).

Figure 5.14: Population-averaged activation from new data set, Monkey F A-D: Same
organizations with Fig. 5.13

Figure 5.15: One example unit from new data set A: normalized c(t) of unit 46 of Monkey
V. B: Difference of normalized c(t) dependent on attention. Organizations of the figures are
same with Fig 5.13 B-C
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Next, the method was applied to each unit. The results of one example unit are shown in Fig
5.15. It can be seen that responses of the attended conditions under both task requirements
show larger increments of c(t) on a single unit level. To examine the attentional modulation
of all units, we also marked hit and false when c(t) of single neurons’ activation is sig-
nificantly different between attended and non-attended condition. Because the directions of
transient responses of single cells are dependent on the speed tunings of the specific cells,
the slopes could be either positive or negative. Thus, we marked hit if c(t) of attended con-
ditions is significantly larger when transient responses are positive or significantly smaller
when transients are negative, indicating steeper slopes in both situation. The results of one
monkey support our hypothesis by showing more than 70% of units among all units that
were modulated by attention displayed significantly steeper slopes at 90-100ms after stim-
ulus change (Fig 5.16(b) A,B). This effect was found independent from task requirements.
However, for the other monkey, the ratio of units corresponding to our hypothesis was close
to random level (50%) during the whole period after speed change. Taken together with
the population-averaged data, we concluded that this monkey failed to focus on the stimuli,
leading to the absence of attentional modulation.

44



(a) Effect of attentional modulation. A-B: Monkey V. C-D: Monkey F.

(b) Ratio of hit divided by hit+ false. A-B: Monkey V. C-D: Monkey F.

Figure 5.16: Effect of attentional modulation on all the units of new data set (a) whether
and when the difference of c(t) between attended and non-attended trials is significant for
each units. The red color representing hit, i.e. attentional modulation corresponds to hy-
pothesis, while white representing no significant difference and blue representing false. (b):
ratio of hit divided by hit+false developing with time. Vertical black dashed line marks es-
timated offset time point while horizontal black dashed line represents ratio at chance level.
Red lines denote points of time when the traces of population-averaged data in corresponding
conditions reach peak value. Green lines represent points of time when same traces achieve
half-peak value. 45
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5.1.4 Comparison of two methods of estimating initial slopes

Finally, we compared the cumulative method with estimating slopes by numerically com-
puting the derivative of the best fitting traces at t0 = 0. These two methods were examined
by investigating the variabilities of their results when the trial-averaged PSTHs processed
by these methods varied slightly (data is from the first data set). For this purpose, in every
conditions of a unit, three trials were randomly selected and excluded from original pool-
ings. The fitting procedures and cumulative methods were then applied to the updated trial-
averaged PSTHs and their results were identified as calculated slopes and normalized c(t) at
t = 90ms, respectively. 90 ms after speed change is the point of time where the value of
c(t) is correlated with steepness of slope and where attentional modulation is significant (see
Fig 5.12). These procedures were repeated 50 times. Therefore, we obtained distributions of
calculated slopes and normalized c(t) |t=90ms in each condition of one unit (Fig 5.17).

Ideally, the distributions of results in the attended condition and non-attended condition
should be separable. In addition, values of estimated slopes and c(t) |t=90ms of attended con-
ditions should be larger than values of non-attended conditions in acceleration, and should be
smaller in deceleration condition according to our hypothesis. For testing the distributions
statistically, we computed receiver-operating characteristics (ROC) for results in attended
and non-attended conditions of each method. A positive detection in the deceleration con-
dition was defined as the cases in which the values of attended condition was smaller than
unattended condition, and was defined as larger values in acceleration condition. Their es-
timated ROC performance was also computed, which was defined by the integral under the
ROC curve (AUC, see Fig 5.18). By this means, we compared these two methods by their
ROC performance throughout all units. If ROC performance is close to 1, it suggests that
this method consistently detects the differences between attended and non-attended condi-
tions corresponding to our predictions, regardless of the varying PSTHs. However, in some
units the ROC performance of one method is close to 0. This means that although distribu-
tions of results in attended and non-attended conditions are well separated when the original
PSTHs vary, the relative position of these two distributions is opposite to our prediction (e.g.
values in unattended condition is larger than attended condition for acceleration condition).
For the purpose of testing variability of the methods, we regarded the method well differen-
tiated initial slopes in this situation. Therefore, the ROC performance (AUC) whose value
was lower than 0.5 (representing chance level) was corrected as 1− AUC.

As mentioned in section 5.1.2, the model was unable to be fitted to certain units. In these
cases, the simulated traces were flat and the values of calculated slopes were extremely small
(See Fig 5.4D for example). Therefore, if one condition was not able to be fitted while the
other condition can be fitted, the distributions of attended and non-attended conditions were
well separated. However, the estimated slopes did not reveal the values of real slopes (Fig
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(a) Distributions of estimated slopes and c(t) |t=90ms of Unit 24 of Monkey V. A-B: Deceleration
conditions. C-D: acceleration conditions

(b) Distributions of estimated slopes and c(t) |t=90ms of Unit 16 of Monkey F. A-B: Deceleration con-
ditions. C-D: acceleration conditions

Figure 5.17: Distributions of estimated slopes and c(t) |t=90ms of two example units Both
images: A and C: distributions of estimated slopes in deceleration and acceleration condition
respectively. The red bars indicated results of attended conditions while blue bars are non-
attended conditions. The height of bars indicate the frequency of the groups of values. B and
D: distributions of c(t) |t=90ms in deceleration and acceleration conditions. Color scheme is
the same.
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5.17(b),image C) and these cases did not support the invariability of the method. The un-
fitting units were thereby excluded in further statistical tests. Eventually, ROC performance
of both methods from 19 units of Monkey V and 15 units of Monkey F were compared.
Although the mean ROC performance of cumulative methods was consistently higher than
ROC performance of estimating slopes from fitted model in all conditions, the statistical tests
(Wilcoxon signed rank tests) showed that the difference did not reach significant levels (see
Table 5.2). However, considering the fact that estimating slopes by currently model fit is not
applicable to near half units, the reliability of the cumulative method is regarded as higher.

Figure 5.18: ROC curves of two methods in different conditions, Unit 24 of Monkey 1 A-
B: ROC curves of estimating slopes and cumulative method in deceleration, corresponding
to the distributions in Fig 5.17(a) A-B. Positive detection is defined as the values of attended
condition is smaller than unattended condition. C-D: ROC curves of estimated slopes and
cumulative method in acceleration, corresponding to the distributions in Fig 5.17(a) C-D.
Positive detection is defined as the values of attended condition is larger than unattended
condition. For each images: dashed lines indicate chance performance. ROC performance is
the integral under the ROC curves. ROC performance of A-D is: 0.900, 0.992, 0.996, 1.000.

Table 5.2: Mean ROC performance of two methods in every conditions of two monkeys; P
values of Wilcoxon signed rank tests comparing the mean ROC performance between two
methods

Conditions Mean AUC, cumulative method Mean AUC, fitted model P values
Dec. Monkey V. 0.944 0.890 0.157
Acc. Monkey V. 0.932 0.910 0.524
Dec. Monkey M. 0.899 0.869 0.516
Acc. Monkey M. 0.892 0.826 0.151
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5.2 Correlation of steeper slopes to shorter RTs

After investigating the relation between attentional modulation and steeper slopes of transient
responses, we now focus on the dependencies between features of the transient response
and behaviour. The results from Galashan et al. (2013) demonstrate that shorter latencies
of transient responses correlate with shorter reaction times (RTs). Here the latency was
defined as the point in time when the transient response exceeded 75% of its peak amplitude.
Assuming a linear increase, the latency is directly related to the slope of the transient: the
steeper the slope, the shorter the latency.

In the following, we will explore this relation in our model. For this purpose, we assume that
in order to detect a stimulus change (and subsequently to initiate a behavioural response),
the excess spike count after the stimulus change has to surpass a certain threshold. We hy-
pothesize that steeper slopes in a trial lead to larger excess spike counts and therefore to an
earlier crossing of the decision threshold. As in the corresponding experiment of Galashan
et al. (2013), we investigate different trials from one specific behavioural condition. How-
ever, currently the model generates just one deterministic transient response under these
conditions. To introduce variability as in the experimental data, we thus choose to use the
time-varying rate of the model as an input to a Poisson generator to create multiple instances
of a trial from different random seeds.

We first consider one transient activation trace as a prototypical neural response to a
sudden speed change in a typical trial. The trial begins at -300ms and ends at 400ms rela-
tive to the speed change at t0 = 0, with the simulated unit responding to the speed change with
a 50ms delay. As model parameters, we choose Apre = 40Hz, Apost = 60Hz, τe = 15ms,
τi = 130ms, and Amax = 90Hz. These values were typical for the physiological ranges
observed, and for the results of the model fit. For obtaining spike trains from instantaneous
rates, we employed a Bernoulli process as an approximation for the Poisson statistics, using
a time bin of 1ms width.

In the physiological study, the latency and peak values for individual units were estimated
based on trial-averaged spike density function (SDF) of 20% trials with fastest or slowest
RTs (at least 5 trials per conditions, SDF is computed with a time resolution of 1 ms, using
a Gaussian kernel with σ = 20 ms). To reach the best approximation of the physiological
data, 8 spike trains representing 8 trials were averaged as one sample trace. 1000 samples
were generated in total and their SDFs were calculated using the same time resolution and
Gaussian kernel. To link the neural activation to the behaviour response, we assumed that
the stimulus change was detected when the excess spike count after the stimulus change sur-
passed a certain threshold. According to this study, the mean RTs of all trials is 345ms and
around 60% of RTs is not larger than the mean values. This can be interpreted as 60% of
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units have detected the change at this point of time. However, before the manual response
and after the detection of the MT neurons, there is a fixed delay of motor preparation caused
by neuronal transmission from the MT to motor cortex and the subsequent behaviour move-
ment. The post-detection delay for MT is estimated at the range of 150 and 250 ms in many
cases (Amano et al., 2006). Thus, we defined the discrimination threshold as the normalized
cumulative spike counts value which was exceeded by 60% of the units at time point 145ms
after speed change, which is mean RT 345ms minus 200ms delay(Fig 5.19).

Figure 5.19: Threshold of speed change detection Normalized cumulative spike counts of
all samples are shown in this figure. The mean RTs reported in the physiological study is
345ms. Because of the existence of 200ms motion delay, mean detection time of all units
should be 145ms (indicated by a red vertical line). Hence, normalized c(t) of 60% of samples
should have outreach the threshold at t = 145ms. The estimated threshold is computed
accordingly (indicated by a red horizontal line). RTs of each sample is the point of time
when the exceed spike counts after stimulus change outreach the threshold.

By this means, the discrimination threshold referring to the data was extracted and the RTs of
all samples were estimated as the point of time when the exceed spike counts after stimulus
change outreach the threshold. Next, the samples were sorted according to their RTs. 20%
of samples with the fastest RTs and 20% of samples with the slowest RTs were grouped into
RTfast and RTslow respectively. Their latency values and peak amplitude were calculated in
the same manners as in the physiological study and were compared (Fig. 5.20). The statisti-
cal tests reveal a significant decrease in response latency for trials with fast RTs (Wilcoxon
signed rank tests, Z = -10.45, p < 0.001, n = 200), as well as a significant increase in peak am-
plitude (Wilcoxon signed rank tests, Z = 3.44, p < 0.001, n = 200). Finally, we averaged the
traces of trials with fastest and slowest RTs respectively and found that the group-averaged
SDF shows obvious steeper slopes of RTfast before the peak response (Fig. 5.21).
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(a) Scatter of latency values from exper-
iments.

(b) Scatter of latency values from mod-
elling.

(c) Scatter of peak amplitude from ex-
periments

(d) Scatter of peak amplitude from mod-
elling

Figure 5.20: Relation between transient responses and RTs. Raster plots showing peak
amplitude and latency values from the 20% of fastest and slowest trials, from physiological
data and estimated by modelling, respectively.

Figure 5.21: Comparison of averaged-activation between trials with fastest or slowest
RTs

51



CHAPTER 5. RESULTS

The stochastic realization of a specific trial supports the correlation between latencies of
transient responses and RTs of change detection tasks. However, although the correlation
was concluded from multiple cases of a trial creating by a Poisson generator from different
random seeds, the response properties of random realized samples were still dependent on
the fixed trace as the input to the Poisson generator. Hence, the correlation of latencies
and RTs might be attributed to the specific model parameters which determine the in-
put trace. In the following, we investigate how varying model parameters (i.e. τe, τi and
Amax) act on this correlation. For this purpose, we first set the values of model parame-
ters of the aforementioned prototypical transient response trace as baseline values. For each
time, value of one of the three parameters was altered while the values of other parameters
remained as baseline. The Poisson generator then created 1000 samples using the new tran-
sient response trace as input. With same procedures as previously described, the latencies
and peak amplitudes of samples with fastest RTs and slowest RTs were statistically com-
pared using Wilcoxon signed rank test. By repeating the courses, we obtained the z-scores
describing the difference of latencies/peak amplitudes between samples with fastest RTs and
slowest RTs as a function of values of one parameter (Fig 5.22 A-C). We can observe that
the significant difference between groups is not caused by the specific values of parameters.
Rather, the correlation between shorter latencies and shorter RTs can be observed when pa-
rameters are varying. However, when transient responses become flat, i.e. when the values
of τe and τe are getting close or the value ofAmax increase, the difference of latencies as well
as peak amplitudes between samples with fastest and slowest RTs gradually vanished (Fig
5.22 D-F).
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Figure 5.22: Difference of latencies and peak amplitudes between RTfast and RTslow
groups dependent on varying parameters A - C: These images illustrate how z scores
change when values of τe, τi or Amax are altered, respectively. Blue lines indicate z scores of
peak amplitudes between groups while orange lines show z scores of latencies. The vertical
dashed lines denote baseline values of each parameter, corresponding to the black traces in
the images below. D - F: Transient response traces when values of corresponding parameters
are altered. The values of parameters of black traces are the baseline values. Dark red traces
are generated with the smallest values of corresponding parameters, representing the most
left points on the horizontal axis of images A-C, while light red traces are generated with the
largest values and indicating most right points.
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6 Discussion

Detecting changes of complex visual stimuli in the environment is a crucial ability. Pre-
vious studies suggested that the representation of such short events may rely on the fast
and transient change of neuronal activations (Gerstner, 2000). Transient responses have
been demonstrated to be highly informative about motion direction (Osborne et al., 2004) or
motion history in terms of speed changes (Traschütz et al., 2015) and are also shown to be
related to behavioural responses (Price and Born 2010, Galashan et al. 2013). Moreover, cer-
tain feature(s) of transient responses is thought to be correlated to the improved behavioural
performance under attention (Galashan et al., 2013). In this study, we proposed a model
with a simple structure to simulate transient responses as well as the attentional modulation
of transient responses. Based on the analytical solutions, the model predicted that slopes of
transient responses are consistently enhanced by attention. This prediction was supported
by results of analysing physiological data with a cumulative method. Finally, we created
stochastic realization of simulated transient responses to speed change and estimated their
RTs accordingly. The results revealed a notable correlation between shorter RTs and steeper
slopes of transient response. The methods and results in this study will be further discussed
in the following parts.

The presented single-column circuit is aiming at reproducing the complex dynamics of neu-
ral responses to speed change in area MT. The model is capable of modelling transient
responses to instantaneous changed input, which is expressed as step functions. The am-
plitudes of transient responses are shown to be relevant to the magnitudes of speed change,
which correspond to the results from Traschütz et al. (2015). The analytical solutions of orig-
inal DEQs provides basis for the fitting of the model to experimental data. When attention
modulation is implemented in the model, the analytical solutions enable us to investigate how
response features are modulated by attention throughout every combination of pre- and post-
change neural activation. The results showed that although peak amplitudes and sustained
responses after stimulus change are also modulated by attention, the attentional modulation
on slopes is most consistent. These results correspond to the relevant physiological studies,
which observed attentional modulation on latencies, peak amplitudes and sustained activa-
tions. To investigate whether slopes are consistently strengthened by attention, we fitted
model to experimental data to estimate the initial slopes of data.

Under certain assumptions, the DEQs of the model are simplified and some parameters are
substituted by the parameters that can be obtained from physiological data, which enables
the fitting of the model to data. When the direction of a transient response corresponds to
the increment or decrease of post-change activation relative to pre-change activation, the
model can well reproduce the transient responses in terms of shape and amplitude of tran-
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sient responses. However, the prerequisite was violated in almost half of the recorded units,
to which the model was unable to be fitted. The reasons for this could be:
1) The estimations of the sustained activation are not precise. As shown in Fig 6.1, the
observed neuron activation is noisy even in the sustained phases. Thus, the estimations of
sustained activation based on the PSTH also exert considerable variability. Additionally, the
time window to extract post-change activation is restricted to 200ms - 300ms after speed
change because of the potential influence of the behavioural responses. However, the decay
of the transient response might not complete in this period, causing a deviation of estimated
post-change activation from real values. Considering these interferences, one can either pro-
vide a section of post-change activation to the model instead of absolute values, or estimate
the post-change activation based on the fitted tuning curves of each neuron and their pre-
change activation.

Figure 6.1: Recorded activation of all units responding to speed acceleration when attention
is out of RFs, monkey V.

2) The model simulates the circuit of single neurons receiving only external inputs, while
MT neurons are connected to their neighborhood neurons which have different preferred
speeds. Thus, the interactions between MT neurons might suppress the response of recorded
cells. Further studies should replicate the circuit in the current model with specific tuning
preferences and connect these units with lateral interactions (as ring model).
3) The inputs to MT neurons might be already tuned (Movshon and Newsome, 1996; Or-
ban et al., 1986), causing the discrepancy between transient and sustained responses. This
mechanism can be incorporated into the model by assuming two converging feedforward
channels, one of which is delayed with respect to the other (as Reichardt detector) (Egel-
haaf et al., 1989). With delayed feedforward interactions, the stimulus changes would reach
the target unit at different time, generating transient responses already in the input to MT
neurons. Models with the aforementioned mechanisms should be tested to see which com-
bination would provide the best explanation of the data.
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CHAPTER 6. DISCUSSION

In the fitting procedures, we searched for the best-fitting value of parameters in each condi-
tion of a unit respectively, while theoretically the parameters of the same unit should not vary
when responding to different conditions. However, our aim of fitting procedures was to find
a best quantitative fit so that features of fitted model could be next investigated. Given this
purpose and also considering the variability of PSTHs, we chose to not restrict the values of
parameters in the first place to maximize the fitting.

Because of these limitations, the cumulative method was further applied to the experimental
data since noise would be attenuated when the neural activation was integrated over time.
Also, the cumulative counts directly correlate with the slopes of transient responses, when
the activation can be approximated to a linear function. The variability of the results using
these two methods were also compared. By computing the ROC for the results of both
methods in attended and non-attended conditions, the ROC performance showed that the
cumulative method can detect steeper slopes of attended condition with higher consistency
when the origin PSTHs varied slightly, although the difference is not statistically significant.

The results of the cumulative method showed that although the normalized c(t) is consid-
erably influenced by peak amplitudes, the significantly higher values of normalized c(t) in
attended conditions that appeared already at the initial phase of transient responses provide
strong evidence of attention-induced steeper slopes of transient responses. These results cor-
respond to previous studies suggesting that the initial phase of transient responses is highly
informative (Osborne et al., 2004) and detection can be made already in 10ms after speed
change (Price and Born, 2010). These findings were further supported by the consistency of
results between two different data sets. The steeper slopes of attended-in conditions can be
observed even when the task requirement is to detect the change of color rather than motion.
By comparing the population-averaged activation between task requirements, we noticed that
the slopes in the motion-detection condition are significantly higher when attention is out-
side the RF. Note that the attended stimuli outside the RF were moving in the anti-preferred
direction of recorded neuron. Thus, this finding supports the global enhancement of fea-
ture attributes (different moving direction) in the same feature-dimension (motion) and the
spread of the enhancement in space, rather than feature similarity gain hypothesis. To further
understand the interaction between spatial- and feature-based attention, future study can in-
corporate dimension-based attention into the model by a multidimensional function denoting
attention and simulating the 2-D attention fields accordingly, as proposed by Reynolds and
Heeger (2009).

Finally, we investigated the correlation of RTs and and latencies of transient responses by
creating multiple cases of certain response trace with a Poisson generator. The correlation
of smaller RTs and shorter latency of transient response were founded consistently when
the shape and height of transient responses vary. Additionally, we also observed significant
correlation between smaller RTs and higher peak amplitude. The reason for this might be
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that we defined the RTs as the point of time when the normalized c(t) exceeds discrimination
threshold. Since peak amplitude greatly contributes to the value of c(t), the traces with long
latency but also high peak amplitude would have relatively smaller estimated RTs. Hence,
the trials of 20% slowest RTs combine longer latency and lower peak amplitude, leading to a
significant difference of peak amplitude between trials grouped based on their RTs. However,
when the parameters of model were altered, the variability of difference of peak amplitudes
between samples with fastest and slowest RTs is larger than difference of latencies (Fig 5.22).
Taken together, by modelling, analytical study of model and analysing physiological data,
this study supports that slope is a dominant feature of transient responses to stimuli change
and is consistently modulated by attention. Additionally, attention-induced steeper slopes,
which are reflected as shorter latencies of transient responses, directly correlate with better
behaviour performance, i.e. shorter RTs of change detection tasks when attention is on the
target stimulus.
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