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3 Results

We measured the spiking activity of populations of neurons in V1 of two awake, fixating rhesus macaques
using a 32-channel linear array spanning all cortical layers (Fig. 2A). We isolated 307 neurons in 23
sessions. Our stimuli consisted of synthesized images that capture different levels of high order correlations
present in natural images (see Methods). Each stimulus was shown for 60ms, with no in-between blanks,
and was centered on the mapped population receptive field of the neurons. The images were scaled to
have the same contrast.

The entire set of stimuli has 7250 unique images and was shown one to four times for each session. We
used only sessions with two or more repetitions, and applied a selection criterion to the neurons based
on how much of their variability was induced by the stimulus. We estimated the observation noise by
averaging the variance of responses to repeated presentations of the images. By subtracting the average
trial-to-trial variance to repeated presentations from the total variance of the responses for every neuron,
we obtain an estimate of the explainable variance. We discarded neurons with a ratio of explainable-to-total
variance smaller than 0.15, yielding 166 isolated neurons recorded in 17 sessions. 51 neurons belonged to

sessions with two repetitions and 115 to those with four.

A Figure 1. Stimulus paradigm A.
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We used grayscale natural images (labeled
‘original’) from the ImageNet dataset (Rus-
sakovsky et al., 2015) along with textures
synthesized from these images using the
texture synthesis algorithm described by
Gatys et al. 2015. Each row shows four
synthesized versions of three example orig-
inal images using different convolutional
layers (see Materials and Methods for de-
tails). Lower convolutional layers capture
more local statistics compared to higher
ones. B. Stimulus sequence. In each trial,
we showed a randomized sequence of im-
ages (each displayed for 60 ms covering 2
B degrees of visual angle) centered on the re-
ceptive fields of the recorded neurons while
the monkey sustained fixation on a target.
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3.1 Generalized linear model with pre-trained CNN features

We used the network VGG-19 (Simonyan and Zisserman, 2014) to extract a nonlinear feature space for a
generalized linear model (GLM). VGG-19 is a CNN trained on the large image classification task ImageNet
(ILSVRC2012) that takes an RGB image as input and infers the class of the dominant object in the image

(among 1000 possible classes). Its architecture consists of a hierarchy of linear-nonlinear transformations
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A Autocorrelograms Figure 2. V1 electrophysiolog-
vi2Eige A Ab A ng o 0ninnnd L an 0 DAL hlww il an ik dhoan b o ical responses. A. Isolated single-
unit activity. We performed acute
recordings with a 32-channel, lin-
ear array (NeuroNexus V1x32-Edge-
10mm-60-177, layout shown in the
left) to record in primary visual cor-
tex of two awake, fixating macaques.
The channel mean-waveform foot-
prints of the spiking activity of 23
well-isolated neurons in one exam-
ple session are shown in the cen-
tral larger panel. The upper panel
shows color-matched autocorrelo-
grams. B. Peri-stimulus time his-
tograms (PSTH) of four example
neurons from A. Spike counts where
binned with t = 1 ms, aligned to
the onset of each stimulus image,
and averaged over trials. The 60 ms
interval where the image was dis-
played is shown in red. We ignored
xtractes the temporal profile of the response
responses and extracted spike counts for each
image on the 40-100 ms interval af-
ter image onset (shown in light gray).
. C. The Response Triggered Average
peseniaton  (RTA) calculated by reverse correla-
tion of the extracted responses.
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nonlinearity (Fig. 3). The output of such layers produces a number of feature maps that serve as input for
the next layer. Additionally, the network has pooling layers where the feature maps are down-sampled by
taking the local maximum values of neighboring pixels. There are 16 convolutional layers that can be
grouped into five groups with 2, 2, 4, 4, 4 convolutional layers and 64, 128, 256, 512, 512 output feature
maps, respectively, and a pooling layer in between each group.

For each convolutional layer of VGG-19, we fit a GLM that uses this layer’s representation of the
stimulus as a nonlinear feature space. To do so, we fed all images in our stimulus set through the network
and extracted the feature maps of every convolutional layer (Fig. 3). We then learned a set of linear weights
followed by an exponential nonlinearity to predict each neuron’s response (Fig. 3). Since the convolutional
feature spaces are larger than the number of pixels in the image, regularization of the readout weights
is particularly important. We used three regularization terms for the weights. (1) Sparseness, because
receptive fields are localized, we expect most weights to be zero; (2) smoothness, to encourage a regular
spatial continuity of the receptive fields; and (3) group sparsity, which encourages the model to pool
only from a small number of feature maps. We fit this model for each convolutional layer of VGG-19 to
maximize the likelihood of the predicted response under a Poisson noise model and cross-validated over
the three regularization terms for each cell independently.

To measure our model’s performance and compare it to others, we computed the fraction of explain-
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217 able variance explained (F'EV'). This metric, which ranges from 0 to 1, measures what fraction of the
218 stimulus-driven response is explained by the model, ignoring the unexplainable trial-to-trial variability in
210 the neurons’ responses (for details see Methods).

220
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Figure 3. Our proposed model For each of the 16 convolutional layers of VGG-19 (Simonyan and Zisserman,
2014), we extract the output feature maps of the images shown to the monkey. We then train for each neuron a
Generalized Linear Model with Poisson noise and log link on top of this representation to predict the observed
spike counts from monkey V1. The linear readouts have the same size as the feature maps and their resulting
dot product is fed to the exponential nonlinearity. The learning objective was Maximum Likelihood with three
regularization terms on the weights for sparseness, spatial smoothness, and group sparseness (see Methods). This
facilitated identifying a reduced set of feature maps to pool from, as well as the location of each neuron’s receptive
field.

221 3.2 Intermediate layers of VGG best predict V1 responses

222 The model based on the fifth (out of sixteen) layers’ features (called ‘conv3_1’, Fig. 3) best predicted
223 neuronal responses to novel images not seen during training (Fig. 4). This model predicted on average
224 50.1% of the explainable variance. In contrast, performance for the very first layer was poor (31% FEV),
225 but increased monotonically up to conv3_ 1. Afterwards, the performance again decreased continually up
226 the hierarchy (Fig. 4). These results followed our intuition that early to intermediate processing stages in
227 a hierarchical model should match primary visual cortex, given that V1 is the third processing stage in
228 the visual hierarchy after the retina and LGN.

220 One potential concern is that the performance curve may be related more to receptive field size
230 of the units —the size of the input region which a unit depends on— than to actual nonlinear response
231 properties. Each VGG layer convolves its inputs with a 3 x 3 px kernel, leading to growing receptive
232 field sizes along the hierarchy. For example, the receptive field size of units in the first layer (‘convl 1)
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is 3 x 3 px (which covers only 0.08 degrees of visual angle). Because nonlinear features are extracted
at the scale of the units’ receptive field, it may be important to match receptive field sizes between
each VGG layer and V1. To address this concern, we resized the input image for each layer model
such that the receptive field size of units in the layer that provided the feature space roughly matched
2 degrees of visual angle (the field of view that V1 neurons were stimulated with). In this way, the
image patch each VGG unit saw was equivalent across layers. This procedure was done for the first nine
convolutional layers as performance was already steadily decreasing. The resulting performance across

layers agreed with the previous results (conv3 1 was still the best performing layer; Fig 4, dashed gray line).

0.5 — Fixed input size
—== Rescaled input
> 0.4
w
w
©
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=
0.2
0.1 -
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Figure 4. Model performance on test set Average fraction of explainable variance explained (FEV') on test
set. Conv3 1 shows on average the highest predictive performance for both models trained with a fixed input size
for all layers, and rescaled inputs to match units’ receptive field sizes across layers.

3.3 Data-driven CNN model and GLM with pre-trained CNN set state of
the art

We next asked how the predictive performance of our VGG-based model compared to other quantitative
models of monkey V1. We therefore compared it to a classical linear-nonlinear Poisson (LNP) model, a
wavelet-based model and a multi-layer CNN fit directly to the data.

We regularized the LNP model by selecting for smoothness and sparseness of the linear filters via
cross-validation (see Methods). The wavelet-based model uses the Berkeley Wavelet Transform (BWT,
Willmore et al. 2008, 2010), a handcrafted nonlinear feature space based on orthogonal wavelets that
resemble Gabor functions. This model is the current state of the art in the neural prediction challenge
for monkey V1 responses to natural images (http://neuralprediction.berkeley.edu). Because recent
work has shown that multi-layer convolutional neural networks can be fit directly to neural data on natural
image datasets (Antolik et al., 2016; Kindel et al., 2017; Klindt et al., 2017), we also fit a three-layer CNN
identical to that of Klindt et al. 2017. This model is illustrated in Fig. 5. For more details on the models,
see Methods.

We compared the models for a number of cells from a representative recording (Fig. 6A) and found a

diversity of cells. For simple-like cells — cells for which the LNP had a high predictive power — all models
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Figure 5. Convolutional neural network architecture. Following the approach of Klindt et al. 2017, we
trained a three-layer convolutional neural network to produce a feature space fed to a GLM-like model. In contrast
to the VGG-based model, both feature space and readout weights are trained only on the neural data.

250 performed approximately equally. However, the nonlinear feature spaces were able to better represent
260 nonlinear (e.g. complex) cells, for which the BWT had a much larger performance than LNP (Fig. 6A).
261 The two deep learning approaches outperformed the other models of V1 (Fig. 6B, D). The LNP
262 model achieved 17% FEV, the Berkeley Wavelet Transform model 39% FEV. The performance of the
263 VGG-based model was comparable to that of the CNN trained directly on the data (Fig. 6C, D). On
264 average, the VGG-based model yielded on average a slightly higher performance (50.1% FEV) than
265 the data-driven CNN (46% FEV'), but this difference was not significant (p = 0.09, t-test). In addition,
266 a more extensive search of hyperparameters of the data-driven CNN architecture might lead to better
207 performance.

4 Discussion

260 We fit two models based on convolutional neural networks to V1 responses to natural stimuli in awake,
270 fixating monkeys: a goal-driven model, which uses the representations learned by a CNN trained on
271 object recognition (VGG), and a data-driven model, which learns both the convolutional and readout
272 parameters using stimulus-response pairs with multiple neurons simultaneously. Both approaches yielded
273 comparable performance and outperformed the widely used LNP (Simoncelli et al., 2004) and the wavelet-
274 decomposition model (BWT; Willmore et al. 2008), which held the previous state of the art in prediction
275 of V1 responses to natural images. For the goal-driven model, we found that features of intermediate
276 layers of VGG (layer conv3 1) explain V1 best.

277 The most successful system identification approaches to date all build on feature spaces shared by all
278 neurons. There are three main ways in which this feature space can be chosen. First, handcrafted features
279 have been used, which are based on existing neural encoding theories (e.g. BWT, Willmore et al. 2008; or
280 HMAX, Riesenhuber and Poggio 1999). Second, more recent studies have learned shared feature spaces by
281 jointly fitting the stimulus-response of all neurons in the dataset (Antolik et al., 2016; Batty et al., 2016;
282 Kindel et al., 2017; Klindt et al., 2017; McIntosh et al., 2016). Third, inspired by the success of transfer
283 learning in the machine learning community, researchers have borrowed representations optimized to solve
284 a visual task like object recognition and used them to predict responses in high-level areas of the ventral
285 stream (Yamins et al., 2014). We compared these three approaches quantitatively and showed that the
286 last two have comparable and the highest predictive performance on our monkey V1 dataset.

287 This result has two important implications that we want to briefly discuss. First, the fact that deep
288 models substantially outperformed the handcrafted feature spaces (BWT) shows that we still do not fully
280 understand the computations performed by V1 — or at least that there still does not exist an explicit model
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Figure 6. Deep models are the new state of the art. A Randomly selected cells. The normalized explainable
variance (oracle) per cell is shown in gray. For each cell from left to right, the variance explained of: regularized
LNP (Simoncelli et al., 2004), BWT (Willmore et al., 2008), three-layer CNN trained on neural responses, and
VGG conv3_ 1 model (ours). B CNN and VGG conv3_ 1 models outperform for most cells LNP and BWT. Black
line denotes the identity. The performance is given in FEV (see Methods). C. VGG conv3_ 1 features perform
slightly better than the three-layer CNN. D. Average performance of the four models given in mean fraction of
explainable variance explained (FEV).

200 applicable to natural images. Second, an architecture optimized for fitting the neural data (CNN model)
201 did not outperform a feature space trained on a different task (object recognition). On the one hand, this
202 result underscores the power of transfer learning and stresses the relevance of nonlinearities learned by
203 VGG for predicting neural responses along the ventral visual stream. On the other hand, the fact that
204 the data-driven model reached comparable performance with a shallower and less complex architecture,
208 shows that the VGG feature space is not identical to that of V1. If it was, the VGG-based model should
206 have outperformed the data-driven approach. Note, though, that these two approaches are each at one
207 end of a spectrum: a hybrid approach, where a pre-trained feature space is used as initialization and
208 subsequently fine-tuned may provide the right balance of inductive bias and flexibility, perhaps leading to
200 even higher performance than either the data-driven or transfer-learning-based approaches. Moreover, it is
300 possible that increasing the entropy of the stimulus set or the number of neurons (or both) could improve
301 performance of purely data-driven models. We leave these questions for future work.

302 Our work contributes to a growing body of research where goal-driven deep learning models (Yamins
303 and DiCarlo, 2016) have shown unprecedented predictive performance of higher areas of the visual stream
308 (Cadieu et al., 2014; Yamins et al., 2014), and a hierarchical correspondence between deep networks
305 and the ventral stream (Giiglii and van Gerven, 2015; Cichy et al., 2016). Studies based on fMRI have
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established a correspondence between early layers of CNNs trained on object recognition and V1 (Giigli
and van Gerven, 2015; Kriegeskorte, 2015), somewhat in contrast to our findings that intermediate layers
performed best. However, these studies are based on fMRI data, which is an average of many neurons’
responses and therefore possibly more linear than individual neurons’ responses. Moreover, they used a
shallower and less well performing CNN (AlexNet, Krizhevsky et al. 2012), which has larger, Gabor-shaped
receptive fields in its early layers.

Interestingly, the features of multiple VGG layers performed similarly well, with only a shallow peak
at layer conv3 1 (Fig. 4). This result is to be expected, as it has been observed that in deep neural
networks the features of subsequent convolutional layers are highly redundant. That is, one can predict
the feature maps in any given layer very well by those of a previous layer. More recent state-of-the-art
architectures for object recognition avoid this type of redundancy by enabling ‘shortcut’ connections that
skip layers. These skip connections encourage each layer to extract ‘new’ information instead of mainly
carrying along information that has already been extracted. Recent examples for such architectures are
Densely Connected CNNs (Huang et al., 2016), and the residual paths of Residual Networks (He et al.,
2016). Some of these novel architectures hold more similarities with known cortical circuitry. They may
be exploited in the future to extract features for neural system identification in the same way and could
potentially be more interpretable.

Although deep models capture nonlinearities that go beyond complex cells, they lack a minimalistic
description that could be meaningfully linked to biology. However, their success over other models makes
them good candidates for an in-silico investigation. The advantage of having a good predictive in-silico
model is that, unlike a real brain, one can probe it with completely arbitrary stimuli and run unlimited
experiments. Thus, we argue that the chances of finding simple descriptions of the nonlinear computations
performed by the brain are much larger when probing a highly predictive model than when measuring

activity in the brain directly without a predictive model.
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