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Discussion part II
Neuronal mechanisms underlying
stimulus detection and classification
Guido T. Meijer

Chapter 6

In Part I of the discussion I presented a broad framework for multisensory processing. In Part II of this discussion I
will specifically focus on the results from Chapter 4 and 5.
The accurate detection and recognition of entities in our surrounding environment plays an essential role in our everyday lives. Especially for animals of prey, like mice, the accurate detection and
classification of sensory input can be essential to survival. In a split second, an animal must detect
potential hazardous stimuli in the surrounding environment, determine the identity of the stimulus,
and perform the appropriate behavioral response. In this part of the discussion I will lay out the
advances of the studies described in Chapter 4 and 5 of this thesis to the scientific field on cortical
neural mechanisms that underlie stimulus detection and classification.

The neural correlates of stimulus detection
Although the visual acuity of mouse vision is low compared with primates (Wang and Burkhalter,
2007), mice are extremely sensitive to faint visual stimuli because they can detect stimuli of 1-2%
visual contrast (Chapter 3 & 4; Burgess et al., 2017; Histed et al., 2012). This process of visual stimulus detection is mediated by processing in the primary visual cortex, as optogenetic inactivation
of V1 reduced the number of behavioral responses following the presentation of a visual stimulus
compared with control conditions (Glickfeld et al., 2013b). However, primary visual cortex efferents
do not project directly onto motor cortex, where behavioral responses are programmed (Wang et al.,
2011). This indicates that visual information passes through intermediate areas before being relayed
to motor cortex. Indeed, in a visual discrimination task, area AL, which is part of the secondary visual
cortex, was found to be activated after V1 and before motor cortex (Zatka-Haas et al., 2019). This
brings up the question which circuit mechanisms are fundamental to the sensori-motor transformation of visual information by secondary visual areas such as AL.
The response properties of neurons in the secondary visual areas of the mouse have been mapped
in conditions where an animal passively observed visual stimuli meaning that mice observed stimuli
but were not required to execute a behavioral action. These studies found that neurons in area AL
respond to faster moving stimuli with lower spatial resolution compared to V1 (Andermann et al.,
2011; Glickfeld et al., 2014; Marshel et al., 2011). These response characteristics, however, do not shed
light on how area AL is involved in the transformation of sensory information during active behavior. In Chapter 4 we trained mice to actively detect visual stimuli of varying intensities, by making a
licking response. We found that during active stimulus detection, the activity of V1 neurons was a
better predictor of whether a stimulus was going to be detected than AL neural activity (Ch. 4; Fig.
4i). This suggests that during the feed-forward sweep of visual processing during stimulus detection,
activity patterns in V1 determine to a higher degree than AL activity whether visual information will
be passed on to downstream areas, resulting in a behavioral detection. The question is which conditions have to be met by V1 neural activity patterns in order for visual input to result in behavioral
detection. The most obvious neural correlate of whether a stimulus will be detected or not is that
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detected stimuli elicited higher spike rates in V1 neurons. Although this correlate was expressed in our
data (Ch. 4, Fig 4a), other factors might play an equal or even more important role. For example, the
heterogeneity of V1 population activity was shown be a better predictor of whether a stimulus was
going to be detected or not, compared to mean neural activity (Montijn et al., 2015). Furthermore,
synchronization of local field potentials in the gamma-band frequencies (60-80 Hz) between V1 and
higher-order areas (Bosman et al., 2012), the precise temporal sequence in the spiking of multiple V1
neurons (Montijn et al., 2016b), and shared co-fluctuations between V1 and downstream neuronal
populations (Semedo et al., 2019) are all factors which could also contribute to determine whether V1
is in a state to facilitate the behavioral detection of visual stimuli.
We also found that AL neurons respond more strongly to visual stimuli with intensities around the
detection threshold compared to V1 neurons (Ch. 4; Fig. 2). Computational modelling showed that
this effect may arise from the convergent V1-to-AL projection scheme in which a single AL neuron
receives converging input from multiple V1 neurons. This convergent projection scheme is associated with a higher stimulus-related information content per neuron in AL compared to V1, because
the decoding of stimulus presence was better in AL compared with V1 when the same number of
neurons was used (Ch. 4, Fig. 2f). Therefore, stimulus-related information is compressed in area AL
compared with V1, in the sense that the same information is represented by fewer neurons. In practice this compression leads to an amplification of sensory signals along the sensory pathway (Fig. 1a).
What is the involvement of this system in multisensory detection behavior? We have shown in this
thesis, that mice are even more responsive to visual stimuli, when these stimuli are combined with a
faint auditory stimulus (Ch. 3; Fig. 3a, Ch. 4; Fig. 1f). How are V1 and AL involved in this heightened
behavioral sensitivity? Our data show two results; the first main finding is that during multisensory
stimulation the neuronal activity in area AL is a better predictor of whether a stimulus will be detected
or not, compared to that in V1 (Ch. 4; Fig. 4f-k). This suggests that the role of sensory gate which
was performed by V1 in the visual condition, is taken over by AL during multisensory processing.
The second finding is that the information content per neuron in V1 and AL does not increase in the
audiovisual compared to visual-only condition (Ch. 4; Fig. 3c). This suggests that, during multisensory stimulus detection, another, as of yet unknown, area performs further amplification of sensory
information before it reaches motor areas (Fig. 1b). A possible candidate is the thalamus, because the
visual thalamic reticular nucleus was shown to be involved in multisensory segregation and selection
(Wimmer et al., 2015) and the ventral medial and ventral anterior-lateral nuclei were shown to have
bidirectional connectivity with anterior lateral motor cortex to coordinate motor planning (Guo et
al., 2017).
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Figure 1 The different roles of cortical areas in stimulus detection. a, During the detection of visual
stimuli, visual information enters V1 which determines which stimuli will ultimately result in a behavioral response. Subsequently, AL amplifies the sensory signal before it is being relayed to pre-motor
areas (M2) for motor planning. b, When detecting audiovisual stimuli, both V1 and A1 receive sensory input. In this situation, area AL signals the most important determinant whether stimuli will be
detected and as of yet unknown other area of pathway is responsible for further amplification of the
sensory signal before it reaches motor areas. Note that visual information can also bypass area AL to
affect M2 directly. Figure by G.T. Meijer.

During multisensory stimulation some neurons show a response enhancement whereas other neurons
are suppressed in their response compared to the unisensory condition (Ch. 2, Fig. 2; Ch. 4, Fig. 4).
The behavioral relevance of this effect is unclear, it may be an important aspect of multisensory
integration which happens irrespective of whether a behavioral task is performed. Two arguments
can be made for this claim: first, cross-modal modulation also occurs in conditions where the animal
is not actively engaged in behavior (Chapter 2; Deneux et al., 2018; Kayser et al., 2008), or even in
anaesthetized conditions (Ibrahim et al., 2016). Secondly, during multisensory stimulus detection, the
number of neurons showing cross-modal modulation and the strength of this modulation was similar
irrespective of whether the presented stimulus resulted in a behavioral detection or not (Ch. 4, data
not shown). This suggests that the cross-modal modulation (‘Modulation’ in Fig. 1b) occurs in any
multisensory context and does not specifically pertain to the behavioral processing of multisensory
stimuli.
In conclusion, during unisensory stimulus detection, visual information arrives in V1 which has to
be in a particular state for stimulus information to ultimately result in a behavioral response. Visual
information is subsequently amplified by AL and relayed to pre-motor areas for motor planning (Fig.
1a). During multisensory stimulus detection, neural activity in AL instead of V1 is more important
in determining whether stimuli will be detected or not, possibly because V1 is already primed by A1
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that a stimulus will arrive (Ibrahim et al., 2016; Iurilli et al., 2012). However, the mouse was better at
detecting cross-modal stimuli than could be predicted from AL population activity (Ch. 4, Fig. 3c).
Therefore, I hypothesize that there is an area or pathway which performs additional amplification of
sensory information before it reaches motor areas (Fig. 1b). Further research is needed to elucidate
what area or which pathway is involved in this function.

The neural correlates of stimulus classification
Stimulus detection is only the start of the process, after stimuli have been successfully detected, they
have to be accurately classified. Is what I see something which can be safely approached, or should
I run away? This classification process has to happen fast and without error but the neural process
mediating this is seemingly confined by the fact that single neuron responses to identical stimuli vary
greatly over repeated presentation (Faisal et al., 2008), and this variability is correlated between neuron
pairs (Chapter 5; Averbeck et al., 2006). It is still a matter of debate what the influence of correlated
trial-to-trial variability is on the efficacy of the population code. In this section I will argue, using
the results from Chapter 5, that noise correlations actually allow stimulus classification to happen
efficiently and faultless.
First, we must discern between two types of correlation structures that may exist between (pairs of)
neurons: correlations that favor population coding (Franke et al., 2016), and detrimental correlations
which are information-limiting (Moreno-Bote et al., 2014). In general, a correlation is considered
detrimental if it causes the overlap between stimulus representations to increase compared to when
the correlation would not have existed. I will explain this principle using an example situation: consider a certain stimulus feature which is encoded by neurons with Gaussian shaped tuning curves, for
example stimulus orientation (Fig. 2a). When discriminating between two stimuli with a very similar
orientation (close together on the x-axis of Fig. 2a), the tuning curves of these neurons will overlap.
Plotting the activity of these two neurons for every possible orientation results in a trajectory through
two-dimensional neural space (Fig. 2b). Now consider that the brain is tasked to accurately classify
two stimuli with very similar orientations, these stimuli will be close together on the neural trajectory.
The mean activity elicited by these two stimuli is indicated with two grey dots on the trajectory line in
Fig. 2b. However, there will also be variability around the mean upon repeated presentation of these
stimuli due to trial-to-trial variability. If there is no correlation between the variability of neuron 1
and 2 this variability will result in circular cloud of points around the mean, but if their responses are
correlated the cloud will be ellipse shaped. In the situation depicted in Fig. 2b, these ellipse-shaped
noise correlations are beneficial to the classification of these stimuli because the overlap between
their neural representations is less compared to a situation in which their responses are uncorrelated.
Conversely, if the correlations are shaped such as in Fig. 2c, they are detrimental to stimulus classification because they increase the overlap between the stimulus representations. Therefore, a detrimental
correlation will be a correlation along the tangent of the trajectory (red arrow in Fig. 2d): a tangential
change in neural activity cannot be distinguished from a change in the stimulus feature. A beneficial
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correlation is a correlation that is orthogonal to the tangent (green arrow in Fig. 2d), because these
correlations help to separate neighboring points on the trajectory by reducing the variability along the
tangent (Montijn, 2016; Moreno-Bote et al., 2014).
The elegance of this coding scheme is that it can be extended to any number of dimensions. Consider
adding a third neuron with a tuning curve overlapping both other neurons (Neuron 3 in Fig. 2e), the
activity of this neuron triplet produces a trajectory through three-dimensional space (Fig. 2f). In this
three-dimensional space the detrimental correlations still lie on the tangential plane of the trajectory
and the beneficial correlations are on the orthogonal plane. The brain consists of an extremely large
number of neurons, it is reasonable to assume that together the tuning curves of these neurons span
the entire range of a stimulus feature (Fig. 2g). In this perfect example case, the conjunctive activity of
these neurons traces a circular trajectory through n-dimensional space where n is defined by the number of neurons in the population (Fig. 2h). In this high-dimensional space, detrimental correlations
lie on a hyperplane which is tangential to the trajectory and beneficial correlations exist in a subspace
which is orthogonal to this hyperplane.
Our data in Chapter 5 provide experimental evidence for this coding scheme, we showed that variability of population responses in high-dimensional space is mostly confined to the ‘beneficial’ subspace (~10% more variability). Therefore, the noise correlations aided the separation of the neural
representations of similar stimuli by confining the trial-to-trial variability to a subspace which does
not interfere with the accurate classification of these stimuli. This does not entail that detrimental correlations do not exist, it merely shows that correlations are predominantly beneficial. In conclusion,
the instantaneous classification of stimuli is aided by what was until recently regarded as an adverse
element of single neuron activity: correlated trial-to-trial variability (Cafaro and Rieke, 2010; Ecker
et al., 2011; Franke et al., 2016; Zylberberg et al., 2016). Only when taking into account the neural
activity of the entire circuit can we truly start to understand its functioning at the circuit level.
Advances in technology have enabled scientists over the last couple of decades to record from increasing numbers of neurons at the same time (Allen et al., 2017; Pachitariu et al., 2016; Steinmetz et
al., 2018). This opened up the possibility to not only investigate the single-neuron code, but uncover
the functioning of the neural code on the level of neural networks (Harris, 2005; Yuste, 2015). The
acquisition of datasets which are increasingly complex and high-dimensional also requires an increase
in complexity of the analysis tools (Cunningham and Yu, 2014). Together with the availability of an
increasing array of specialized behavioral tasks these technical and analytical advances provide a powerful tool to study the neural substrate of perceptual processes (Carandini and Churchland, 2013).
The work presented in this thesis contributes to a transition of our understanding of multisensory
integration from the single neuron level to neural mechanisms operating at the population level within
and between cortical areas. I utilized technical, analytical and behavioral advances to make an important step in the increase of our understanding of multisensory integration during passive observing
and active behavior.
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Figure 2 Stimulus coding and higher-order correlations in n-dimensional space. a, The tuning curves
of two example neurons to a certain stimulus feature. The feature space is indicated by the colorbar
under the x-axis. The colors of the tuning curves indicate the preferred feature of the two neurons.
b, The activity of the two neurons plotted against one another for the entire range of the stimulus
feature, as indicated by the color of the line. The two grey dots on the neural trajectory indicate the
mean response of the two neurons to two stimuli with similar features. The oval around the dots indicates the variability around the mean upon repeated presentation of the same stimuli. In this example
the correlations between neuron 1 and 2 are beneficial to the classification of these stimuli. c, When
correlations are along the neural trajectory they are detrimental to stimulus classification because they
increase the overlap in the neural representations of these stimuli. d, Detrimental correlations lie on
the tangent of the neural trajectory (red arrow) whereas beneficial correlations are orthogonal to
the tangent (green arrow). e, Same as a but with three neurons. f, The activity of the three neurons
in e for all values of the stimulus feature, as indicated by the color, results in a trajectory through
three-dimensional state space (not involving a temporal dimension). Detrimental correlations exist in
the tangential plane to the trajectory and beneficial correlations in the orthogonal plane. g, Graphic
depiction of a population of neurons whose tuning curves span the whole range of the stimulus feature. h, The population activity of the neurons in g forms a circular trajectory through n-dimensional
neural space in which n is defined by the number of neurons in the population. In this high-dimensional space, detrimental correlations exist in the tangential subspace to the trajectory and beneficial
correlations are in the orthogonal subspace relative to the neural trajectory. Figure by G.T. Meijer.
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