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ABSTRACT

Understanding complex relations between neuronal activity and animal behavior
is one of the most crucial questions in neuroscience. Rapid advancements in Machine
Learning (ML) methods offer new powerful tools that can be used to investigate highly
non-linear mapping between motor cortex activity and body movements. Here, by using
explainable convolutional network (ConvNet) and Generative Adversarial Networks
(GAN), we show how neuronal activity can be predicted from raw videos of animal
behavior, and interestingly, we show that detailed videos of behaving animals can be
recreated from activity of just few selected neurons. Those analyses revealed that the
predictability of behavior from neuronal activity (and vice versa) initially increases as an
animal learns a new task. However, after the animal performance on a motor task
achieves the required accuracy, then “coupling” between neuronal activity and behavior
decreases, without degrading task performance. In summary, we aimed to improve the
understanding of skilled reach learning by moving past the need for predefined limb
markers. By using advanced, data-driven machine learning, we were able to recreate
behavioral videos from neural activity and predict neuronal firing patterns from raw
videos, providing new insights into the complex processes involved in skilled reach

behavior.

To provide all the details about our models and analyses we posted our code with
documentation at:
https://github.com/seantanabe/GAN_ConvNet rat reach motor cortex. There are also

included original and generated videos and neuronal data.
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CHAPTER 1: INTRODUCTION

The motor cortex is organized into a 'motor map', where specific motor areas
control each body part, as exemplified by Penfield's motor homunculus (Penfield &
Rasmussen, 1950), yet its precise function remains debated (Purves et al., 2017). Early
experiments demonstrated that electrical stimulation of map regions could activate
individual muscles, whereas more recent findings indicate that prolonged stimulation can
evoke complex actions, such as reaching (Graziano et al., 2002; Brown & Teskey, 2014;
Baldwin et al., 2016). This has sparked a debate over whether cortical maps represent single
muscles or complex action sequences. Complicating matters, regions active during
movement are also implicated in other functions, including planning (Cisek & Kalaska,
2010), perception (e.g., mirror neurons; Fabbri-Destro & Rizzolatti, 2008), and sensory
integration (Scott, 2016). To investigate neuronal activity in the motor cortex, here we
employed the new Machine Learning (ML) tools capable of complex input-output
mappings which are particularly useful for studying highly non-linear relations between
neuronal activity and behavior. Our motivation was to advance the understanding of skilled
reach learning by moving beyond the assumption of predefined limb markers. The
application of these advanced, data-driven machine learning techniques allowed us to
reconstruct behavioral videos directly from neural activity and predict neuronal firing

patterns from raw videos, revealing new insights into the dynamics of skilled reach learning.

Single neuron experiments have significantly advanced our understanding of motor
control, particularly in decoding how the brain represents movement. Georgopoulos et al.
1988 introduced the neuronal population vector, illustrating that a collective of motor

cortical neurons can predict the direction of reaching movements based on their directional



tuning. This foundational work emphasized static movement parameters, such as direction.
Hatsopoulos et al. 2007 further developed this by showing that single neurons encode not
only instantaneous movement details but also temporally evolving trajectories, indicating
their role in encoding more complex movement sequences. Building on these foundational
studies, our research leverages advanced machine learning techniques to explore the
dynamic relationship between neuronal activity and skilled reach behavior. This approach
allows us to move beyond traditional single neuron analyses, offering deeper insights into

the complexities of motor control.

In this study, we apply Generative Adversarial Networks (GAN) and explainable
Convolutional Neural Networks (ConvNets) to investigate the relationship between
behavior and motor cortical activity. GANs produce synthetic data that closely mirrors real
data by leveraging the competition between two neural networks: the Generator, which
replicates the true data distribution, and the Discriminator, a binary classifier that
differentiates between real and fake samples (Goodfellow et al., 2014). GANs, known for
their flexibility and efficacy, have seen widespread application beyond image processing
and computer vision, extending into healthcare, biology, astronomy, remote sensing,
material science, and finance (Dash et al. 2023). Conditional GANs (cGANs), which
incorporate additional information, yield more realistic and diverse outputs suited to
specific conditions, enhancing their applicability in areas like image translation, text-to-
image synthesis, and super-resolution (Mirza and Osindero 2014). This paper introduces
an innovative use of cGANSs, employing neural data to create behavioral videos,
demonstrating the unique capabilities of cGANs in producing contextually relevant

synthetic outputs.



The ConvNet has revolutionized image recognition by extracting features from data
using convolution structures, inspired by the neuronal architecture of visual systems in
mammalian brains, notably emulating the complex cell sequences in a cat's visual cortex
(Alzubaidi et al., 2021; Li et al., 2022). This design, influenced by visual perception,
enables ConvNets to autonomously identify relevant features without human supervision,
leading to extensive applications across various fields such as computer vision, speech
processing, and face recognition (Alzubaidi et al., 2021). Despite these advancements,
interpreting the reasons behind the models' predictions remains challenging. The Local
Interpretable Model-Agnostic Explanations (LIME) explain model addresses this by
providing interpretable explanations of which parts of the image were most informative for
model decision (Ribeiro et al., 2016). This study leverages ConvNets and the LIME explain
model to decode complex movements associated with neuronal activity, presenting an
innovative method for extracting receptive fields, thus enhancing our understanding of

neural mechanisms behind motor movements.

Here, we use raw videos for analyses and the ML algorithm is allowed to explore
which movement components are the most related to neuronal activity. This procedure
eliminates experimental bias relating neuron activity with selective body parts and allows
for the derivation from videos of the movements most predictive of neuronal patterns. We
demonstrated that using such a data-driven approach resulted in discovering how the
relation between motor cortex activity and animal behavior is changing during learning a

new motor task.



CHAPTER 2: METHODS

2.1 ANIMAL AND SURGERY

All procedures adhered to the Canadian Council for Animal Care and were
approved by the University of Lethbridge Animal Welfare Committee. Five adult male
Fisher-Brown Norway rats (Rattus norvegicus), aged between four and nine months and
weighing 350 to 450 g, were used. The rats, housed under a reverse light-cycle, underwent
experiments during their dark cycle. They had continuous access to food and water, except
during reaching task training when their diet was limited to 85% of their body weight.
Initial hand preference tests were followed by implanting a hyperdrive with 12 tetrodes and
2 reference electrodes into the primary motor cortex, as described in detail in (Eckert et al.,
2020) (coordinates: 1.0 mm anterior, 2.5 mm lateral to bregma). The reaching area was
confirmed by stimulating the region and observing arm twitches. Post-surgery, rats
received 3 days of analgesics (Metacam) and 5 days of antibiotics (Baytril), with a one-

week recovery before recording.

2.2 RECORDING AND BEHAVIORAL TRAINING

For electrophysiological recordings, we used digital Cheetah SX data acquisition
software (Neuralynx, Boseman, Montana). Signals were bandpass filtered (600-6000 Hz)
and sampled at 32 kHz. A reference electrode in the drive was placed in the white matter
below the cortex. Tetrodes were gradually lowered during a habituation period of one to
two weeks to deep layers of the motor cortex. Adjustments were made during the training

period to optimize cell yield.



The single pellet reaching task requires an animal to use one hand to reach for,
grasp, and bring a single food item to its mouth, similar to a common behavior in both
nonhuman primates and humans (Whishaw and Pellis, 1990). The task uses rectangular,
clear Plexiglas boxes that allow filming from any angle. Their open design enables the
animal to approach and leave the food location freely, choose a hand for reaching, and
exhibit adaptive behavioral changes (Whishaw and Pellis, 1990; Alaverdashvili and
Whishaw, 2013; Klein et al. 2012). The single-pellet reaching task used a box with a 1.5
cm slot from which the rat retrieved a 45 mg sugar pellet (Bio-Serv, Frenchtown, NJ, USA),

placed in a well 1.5 cm from the slot on a 3 cm high shelf.

High-speed infrared cameras recorded the task at 200 fps (Prosilica GigE).
Habituation involved closed shelf doors, with the rat occasionally finding pellets on the
floor. Rats, naive to skill training, underwent reach training with 60 trials per session,
continuing until the asymptotic performance was achieved for three consecutive days (less
than 5% increase in performance across 3 days). A trial was deemed successful if the rat
grabbed, retrieved, and ate the pellet. All other outcomes, like misses or drops, were

classified as unsuccessful.

Spikes were sorted using automated clustering (Rossant et al., 2016) and manually

refined (MClust). Sorted unit quality was evaluated based on inter-spike interval histogram,



cross-correlation with other units, waveform shape consistency, firing rate patterns, and L-

ratio (Eckert et al., 2020). One of the five rats was excluded due to insufficient firing rates.

2.3 PREDICTING CORTICAL ACTIVITY FROM BEHAVIORAL VIDEO

Our objective was to reconstruct motor cortical activity using information from
behavioral videos. We focused on reconstructing cortical neuron activity from -400ms to
600ms around the time of reach initiation, in increments of 50ms, applying a Gaussian
filter (500ms length, 2.5 alpha). A pre-trained Inception-V3 deep convolutional neural
network (ConvNet) (Szegedy et al., 2016) extracted 2,048 high-level features from each
frame. Originally trained on the ImageNet dataset, which includes images from 1,000

nn

classes such as "dog," "car," and "make-up," this network demonstrated strong performance
on behavioral datasets (Ryait et al., 2019, Torabi et al. 2021). Each neuron was predicted
separately (the median number of neurons per rat per session was 20 with a range from 6
to 51). Neurons with spike firing rates below 1Hz were excluded. In the Inception-V3
ConvNet, we retrained a fully connected (FC) last layer with a single unit to reconstruct

the activity of a single actual neuron. For those analyses, we used a leave-one-out cross-

validation.

Additionally, the LIME explain model was used to analyze the receptive field of
neural activity as predicted by ConvNet using leave-one-out cross-validation. The LIME
explanation model simplifies understanding neural network predictions, like ConvNet, by
altering inputs slightly and observing the impact on the network's predictions (Ribeiro et
al. 2016). This involves making small changes to the data that the network processes, and
then comparing these adjusted predictions to the original ones. The difference between the

new prediction and the original, the explain value, tells us how important that specific piece
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of information was for the prediction. Through this comparison, the model learns about the
network's behavior. To quicken this learning process, we modified specific segments of the

input, such as altering a 4x4 pixel section within a larger 150x150 pixel frame.

2.4 RECONSTRUCTION OF BEHAVIORAL VIDEO FROM CORTICAL

ACTIVITY

We generated behavioral videos from motor cortical activity with conditional
Generative Adversarial Networks (cGAN). GANSs train a model using two competing parts:
a generator that creates data mimicking the real data distribution, and a discriminator that
tries to tell apart real data from the generated data. GANSs can be adapted into a conditional
model where both parts are influenced by additional information (Mirza and Osindero,
2014). Here, we used GAN conditioned by the neural activity of six neurons with the
highest predictability from our ConvNet analysis, to create 128x128 pixel images of a rat
reaching, using leave-one-out trial cross-validation. The neural activity is Gaussian-filtered
(500ms length, SD: 100ms) -400ms to 600ms around reaching movement initiation, with

20ms interval steps.

To compare the accuracy of movement reconstruction we applied DeepLabCut
neural network (Mathis et al., 2018) to track the position of selected body parts in actual
and generated videos. Specifically, we traced the position of both hands and the nose (Suppl
Figure 1). DeepLabCut combines object recognition and semantic segmentation, using pre-
trained ResNets and deconvolutional layers. Specifically, it is a variation of ResNets
trained on the ImageNet database, that replaces its classification layer with deconvolutional
layers to enhance visual information and generate spatial probability maps. These maps

predict the likelihood of body part locations. For specific tasks, the network is fine-tuned
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with labeled images, adjusting its weights to accurately locate body parts. We threshold the
position likelihood at 0.4 for the nose and hands. The DeepLabCut model was trained
solely on actual video and then applied location prediction to both actual and GAN videos.
This approach enabled us to quantify the precision of reconstructing behaviors from motor

cortical activities by comparing the alignment of actual and GAN-produced limb positions.

2.5 DATA AVAILABILITY

To provide all the details about our models and analyses we posted our code with

documentation at: https://github.com/seantanabe/GAN_ConvNet_rat reach motor_cortex.

There are also included original and generated videos and neuronal data.



CHAPTER 3: RESULTS

To investigate the relation between behavior and neuronal activity, we used data
recorded from 4 rats learning a skilled reaching task for a food pellet (Methods) (Whishaw
and Pellis, 1990). In the single-pellet reaching task, rats are individually placed in a
Plexiglas chamber and are trained to reach through an opening to retrieve sucrose pellets
located in an indentation on a shelf attached to the front of the chamber (Fig. 1A) (Whishaw
and Pellis, 1990; Ryait et al., 2019). A rat uses a single limb to reach through the opening
and grasp a food pellet for eating (Methods). The video is recorded from a frontal view.
Simultaneously, the single-unit activity of multiple neurons in the motor cortex was
recorded using a head stage with 12 tetrodes (Gothard et al., 1996; Eckert et al., 2020)
(Methods). A sample activity of 5 neurons across 65 reaching trials during a single
recording session (1 day) is illustrated in Fig. 1B. Animals were trained daily until
asymptotic performance was achieved for three consecutive days (less than 5% increase in
performance across 3 days; between 10-20 days). To compare the performance of rats
across different duration of training periods, for each rat we defined Early, Mid, and Late
training days, representing the average data of the first, middle, and last three days of
training days, respectively. This is illustrated in Fig. 1C, which shows the improvement in
the pellet reaching task from the Early to the Late stage of training (Friedman’s test, x> = 8§,

p=0.0183).
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Figure 1. A rat performing a reach in the single-pellet reaching task. (A) Three
sample video frames illustrating the task. Red squares denote the area in the video frame
used for neural network analysis, and red lines indicate times of neuronal activity
corresponding to those frames. (B) Representative activity of 5 neurons in the motor cortex
across 65 reach trials. Time 0 indicates the beginning of reach movement. (C) The reach

accuracy increases across training days, categorized as Early, Mid, and Late training phases.
3.1 PREDICTING NEURAL ACTIVITY FROM BEHAVIORAL VIDEOS

To investigate the relation between skilled reaching and neuronal activity, we first
asked how well neuronal firing patterns can be predicted from videos of skilled reaching.
For that, each video frame was processed by ConvNet to extract 2048 image features

(Figure 2A). This is analogous to how the visual system in the brain decomposes retinal
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images in a set of features (e.g. neurons responding to specific line orientation, edges, etc.)
(Hubel and Wiesel, 1959; Yamins et al., 2014). For computational efficiency we restricted
analyses to 150 x 150 pixel window (denoted with a red rectangle in Fig. 1A). Next, we
trained a shallow neural network to predict from extracted features, the activity of
individual neurons (Methods). For those analyses, the spiking activity of each neuron was
smothered with a Gaussian kernel (¢ = 100 ms), as described in Saleh et al., 2010. From
each recording day, 6 to 51 neurons (median 20) from each animal. Examples of actual and
predicted activity during a single reaching trial are shown in Figure 2B. To quantify the
similarity between actual and predicted activity patterns we used Euclidean distance. The
distribution of distances during each behavioral training phase is shown in Figure 2C. For
comparison, we also calculated distances between the predicted activity of one neuron and
the actual activity of a different neuron during the same trial. The distribution of distances
for shuffled data has a significantly larger median distance as compared to original data
(Wilcoxon signed-rank test, Early/Mid/Late all p <0.00001, the median is 1.30/1.08/1.22,
N = 660/720/600). Interestingly, we observed that the distance values were the lowest
during the Mid training days, a finding consistently observed in the results of all four rats
(Figure 2D, Friedman’s test, y> = 6, p = 0.0498). This indicates that the predictability of
neuronal activity from behavior is not continuously increasing as animals are learning the
task, but rather the predictability peaks in Mid days (see Discussion how this may suggest

a change in allocation of neuronal resources during learning phases).

11
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Figure 2. Predicting neuronal activity from videos of skilled reaching. (A) Pipeline
of the predicting neural activity from a video. Each frame is processed by ConvNet, and
obtained image features are used by the subsequent network to predict the smoothed
activity of individual neurons. (B) Representative examples of actual and predicted
neuronal activity during a single reaching trial. (C) Distribution of distances between actual
and predicted motor cortex activity for all rats, plotted separately for Early, Mid and Late
training days. Red lines denote the median of those distributions. For comparison, the light
gray color shows the distribution for neuron-shuftled data, representing chance level
predictions. (D) The median distance between actual and predicted activity for each rat
across the learning phases of reaching task. The V-shape of those plots shows that
surprisingly the best predictions of neuronal activity from videos were obtained at Mid

days of training.
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3.2 DERIVING “RECEPTIVE FIELD” OF NEURONS BY USING AN EXPLAIN

MODEL

Having a model predicting neuronal activity from animal behavior can also be used
to study how the activity of the motor neurons are related to the movement components of
skilled reaching. Specifically, we can apply “explain” methods to our model to find which
parts of video frames were the most important for predicting the activity of each neuron.
This is similar to deriving a receptive field of a neuron. However, our approach allows for
finding highly non-linear relations between video frames and neuronal activity. Here we
used the LIME explain method (Ribeiro et al. 2016). The basic idea of the LIME method
is that it slightly perturbs the image, and it quantifies the impact of that alternation on the
accuracy of the predicted neuronal activity (Methods). This shows how important that
specific part of the image was for the prediction. Sample receptive fields obtained with the
explain method for 3 representative neurons are shown in Figure 3A. To check the
reproducibility of receptive fields, we used cross-validation where we trained our model
on different subsets of trials, and applied the explain method to different trials not included
in the training set. Sample explain values (receptive fields) obtained for 3 different trials
are shown in Figure 3A (columns). To quantify the similarity of receptive fields across
trials for each neuron we calculated the Euclidian distance between explain values from
different trials. To estimate a chance level similarity, we calculated the Euclidian distance
between explain values from the same trial but from different neurons (Figure 3B). We
found that the distribution of within-neuron distances was significantly smaller than that of

between-neurons (Wilcoxon rank-sum test, p <0.0001, Nwithin = 720, NBetween = 5600). This

13



shows that the explain model provides a reliable method for identifying non-linear

receptive fields, which are robust and distinctive for each neuron.

A Neuronal receptive fields from
LIME explain model

Video contour

%%&%
%gﬁaﬁ%

Explaln | E— ]
-0.008 0 0.008

B Distance between receptive fields

M within neuron
Between neuron

y
ty ©

Probabilit
density

10 30 50
Distance (a.u.)

Figure 3. Estimating receptive fields of neurons by using an explain model. (A)
Top row; video frames with superimposed contours of a rat during the start of reaching
movement on 3 different trials (columns). Bottom: The same contours as above but color-

coded based on which parts of the frame were the most informative for ConvNet to predict
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the activity of 3 representative neurons. This is analogous to neuronal receptive field
mapping but capable of accounting for non-linear relations. Higher explain values indicate
parts of the frame that are the most related to predicting the high firing rate of a neuron.
(B) Distribution of distances between receptive fields for the same neuron across trials
(“within”), and between different neurons (“between”). Note that smaller “within” neuron
distance indicates that the receptive field for each neuron is unique and reproducible across

trials.

3.3 RECONSTRUCTING BEHAVIORAL VIDEOS FROM NEURAL ACTIVITY

As a proof of concept, we also demonstrate how videos of a behaving animal can
be reconstructed from neuronal activity. Recent advancements in Al allow users to generate
images based on text prompts (Mirza and Osindero 2014). Here, we are using a similar
approach, where instead of text, a neuronal activity is given as a “prompt” to generate a
video frame. A conditional Generative Adversarial Network (GAN) was trained to
reproduce video frames from smoothed neuronal activity (Figure 4A, Methods). Sample
frames from original and generated videos are shown in Figure 4B (full videos are included
in Supplemental Materials: S1). Interestingly, we found that we could generate good-
quality videos of skilled reaching based on the neural activity of only a few neurons which
had activity most predictable from videos (see analyses in Figure 2). For computational
efficiency, all videos were generated using six neurons, selected for their strong
predictability from video features (Methods). This number was chosen because across all
rats and training days, the minimum number of neurons with firing rates above 1 Hz was

six, ensuring comparable GAN predictions.
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To quantify the accuracy of reconstructed movements, we compared trajectories of
selected body parts in videos. For that, we used the DeepLabCut neural network (Mathis
et al., 2018), which was trained to track the position of the hands (forepaws) and nose
(Suppl. Figure 1; Methods). The sample trajectory of the right paw is superimposed on
Figure 4B, and it is illustrated in more detail in Figure 4C which shows how the x and y
position of the right hand changed in time in the actual and generated videos. To quantify
similarity between actual and generated trajectories we calculated the Euclidean distance
between trajectories (Figure 4D). For comparison, we also calculated distance between
actual and generated trajectories shuftled in time. This allowed us to estimate what would
be expected for the distribution of distances if our model would only learn to reproduce
images but without learning how frames are related to neuronal activity. We found that
actual and generated trajectories were significantly more similar to each other as compared
to shuffled data, and this effect was consistent across training phases (Figure 4D, Wilcoxon
signed-rank test, Early/Mid/Late all p < 0.0001). Consistently with analyses in Fig 2D we
also found that for all rats the distance values were the lowest during the Mid training days
(Figure 4E, Friedman’s test, > = 6, p = 0.0498), indicating the strongest relation between

behavior and neuronal activity patterns during that learning phase.
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Figure 4. Reconstruction of videos from neural activity. (A) Illustration of the

method: Generative Adversarial Network (GAN) uses smoothed neuronal activity as a

conditioning signal to generate video frames. (B) Sample frames from the actual and GAN-

generated videos. Green and red lines indicate the trajectory of the right hand in actual and

generated videos, respectively. (C) Illustration of similarity of movement trajectories over

time in actual and generated videos. The left panel shows the x-coordinate, and the right

panel the y-coordinate of the reaching hand trajectory across time. (D) Distribution of

distances between actual and GAN-generated reaching-hand positions across all trials and

rats, calculated for each training phase. For comparison, the distance between trajectories
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expected by chance is calculated by shuffling the order of frames in GAN videos. (E) The
median distance between actual and GAN generated hand position for each animal across
learning phases of reaching task. Consistently with Figure 2D the V-shape of those plots
shows that the strongest relation between neuronal activity and behavior in videos was

obtained for Mid days of training.

18



CHAPTER 4: DISCUSSION

In this study, we leveraged Conditional Generative Adversarial Networks (GAN)
and Convolutional Neural Networks (ConvNet) to explore the intricate relationship
between motor cortical activity and behavior in rats performing the single-pellet reaching
task. The application of these advanced machine learning techniques allowed us to
reconstruct behavioral videos from neural activity and predict neuronal firing patterns from

raw behavioral videos, and so reveal insights into the dynamics of skilled reach learning.

Our findings demonstrate that the predictability of neuronal activity from
behavioral data and vice versa is highest during the middle phase of training. This suggests
a non-linear relationship between learning stages and neural-behavioral coupling (Toni et
al, 1998). Initially, as the rats learn the task, the coupling between neuronal activity and
behavior strengthens, likely due to the increased demand for precise motor control and
coordination. However, once the rats achieve proficiency, this coupling decreases even
though task performance remains stable. This decoupling may indicate a shift in the neural
resources or strategies employed by the motor cortex (Suppl. Figure 2), possibly reflecting
a transition from a highly engaged learning state to a more efficient, automated execution

state (Hwang et al. 2019).

Microelectrode electrical stimulation of the neocortex shows that the laboratory rat
has a large region of frontal neocortex that can be defined as motor cortex, and within this
region the forelimb area comprises its largest part (Hall and Lindholm, 1974; Kleim et al;
1998; Neafsey et al, 1984). The neurons in layer V of the rat forelimb area of motor cortex
project to the spinal cortex and synapse with premotor neurons but not with motor neurons

as occurs in anthropoid primates (Yang and Lemon, 2003). Nevertheless, the rat uses its
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forelimb for a wide variety of skilled motor behaviors including reaching for food items
with a hand for placement in the mouth for eating and these reaching movements are
motorically similar to those used by anthropoid primates including humans (Whishaw et
al, 1992; Sacrey et al, 2009). Both electrophysiological and anatomical evidence suggests
that motor cortex is involved in both the learning and performance of skilled reaching
(Peters et al, 2017; Tennant et al, 2012). To further investigate the contribution of the motor
cortex neurons to skilled reaching for food, we employed new ML tools capable of complex
input - output mappings that are useful for studying highly non-linear relation between

neuronal activity and behavior.

The use of GANs in this context is particularly noteworthy as it marks the first
instance of behavioral videos being reconstructed from motor cortical activity. This
innovative application of GANSs, typically used in image synthesis and enhancement,
underscores their potential for generating contextually relevant synthetic outputs based on
neural data. The ability to create accurate behavioral reconstructions from sparse neural

recordings opens new avenues for understanding and interpreting motor cortex function.

Moreover, the implementation of the LIME model with ConvNet predictions
provided a novel approach to identifying the motor cortex's behavioral receptive fields.
Traditional methods often align spikes with specific stimuli or behaviors (Hubel and Wiesel,
1959; Alonso and Chen 2008; Luczak et al. 2004), which can overlook the broader context
of neural activity. By contrast, our approach, which does not presuppose specific
relationships, offers a more comprehensive view of how neuronal activity relates to
behavior. This method could significantly enhance our understanding of the neural

mechanisms underlying motor control and learning.
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These insights have implications for the development of brain-machine interfaces
(BMls) aimed at restoring movement in individuals with motor impairments. Our findings
challenge the assumption that motor cortical signals remain stable over extended periods,
highlighting the need for adaptive BMI systems that can accommodate changes in neural-

behavioral coupling over time (Toni et al, 1998).

In summary, this study demonstrates the utility of advanced machine learning
techniques in unraveling the complex interplay between neuronal activity and behavior. By
employing GANs and ConvNets, we have provided new perspectives on motor learning

and control, paving the way for future research in neuroprosthetics and neural rehabilitation.
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CHAPTER 5: SUPPLEMENTARY MATERIALS

Behavior video reconstructions from neural activity accurately capture movements
of the right hand, left hand, and nose, as evidenced by their average trajectories (Suppl.
Figure 1). Analysis of these trajectories over time reveals distinct patterns: the rat first sniffs
the food at a lower position (yellow line), then raises its nose to reach for it. Before this, it
frequently repositions its non-dominant hand (green line), and finally, extends its dominant
hand to grasp the food (blue line).
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Suppl. Figure 1. A) Rat limb tracking in both actual and GAN-generated videos
reveals consistent movements of the right hand, left hand, and nose. B) The mean trajectory
over time shows a consistent sequence of limb movements for some rats, progressing from
nose sniffing to left-hand repositioning, and finally to right-hand reaching.

Cross-reach distance
actual neural activity

——Rat 1
0.8 ——Rat 2

~ Rat 3

06 5 ~ ——Rat 4
Early Mid Late
Training days

Distance

Suppl. Figure 2. Cross-reach distance of actual neural activity. This figure shows
that neuronal activity patterns in the motor cortex were the most similar to each other
during Mid training days. This is consistent with the results presented in Figures 2 & 4. In
other words, we found that the distance between neural activities across trials on a single

day was also the smallest at Mid training phase.
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APPENDIX 1: CONVNET_P1: EXAMPLE OF EXTRACTING FEATURE WITH
CONVNET FROM REACH TRIAL VIDEO

#%9% ConvNet P1: V3 CNN
%reset -

import os

import numpy as np

import matplotlib.pyplot as plt

% matplotlib inline

import scipy.io as sio

import cv2

from tensorflow.keras.applications.inception v3 import InceptionV3,
preprocess_input

load path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e dt\\rr5\\input_convnet pl'

save path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e _dt\rr5S\\output convnet pl'

rr_day = [[5,7]] # [rr,day]
frame diff =0 # # frames

for rr_day iin np.arange(len(rr_day)):
#1r day i=0
rr_i=rr_day[rr_day i][0]
day i=rr day[rr day i][1]

os.chdir(load path)
tr_adv_ms = np.load('day' + str(day i) +' adv_ms noHandPin.npy')
N reach =np.size(tr_adv_ms)

base_model = InceptionV3(weights='imagenet', include top=False, pooling='avg')
#for 1 in range(0,N reach):
for iin [0]: #range(0,N_reach):

#i=0
print(rr ' + str(rr_i) + ' day '+ str(day i) + ' reach ' + str(i))
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frame reach_vid =np.load("day" + str(day i) +" frame reach vid zoom reach"
+ str(i) + ".npy")
if frame_diff > 0:
frame reach vid = frame reach vid[:,:,frame diff:] - frame reach vidl:,:,:-
frame_diff]
frame reach vid = cv2.normalize(frame reach vid, None, alpha = 0, beta =
255, norm_type = cv2.NORM MINMAX, dtype =cv2.CV 32F)
frame reach vid = frame reach vid.astype(np.uintlo)
# plt.figure(); plt.imshow(frame reach vid|[:,:,300], cmap='gray', vimin=100,
vmax=200); plt.show()

frame reach_vid pre = np.transpose(np.tile(frame reach vid, (3,1,1,1)), (3, 1, 2,
0))

frame reach_vid prepro = preprocess_input(frame reach vid_pre)

frame reach vid prepro i=np.transpose(frame reach vid prepro|:,:,:,0], (1, 2,
0))

# frame vid 1 plt = frame reach vid prepro[0,:,:,0]

# plt.imshow(frame vid i plt, cmap='gray")

features vid = base model.predict(frame_reach vid prepro)

os.chdir(save path)

np.save(("day" + str(day i) +" frame reach vid zoom reach" + str(i) +
" prepro.npy"),frame reach vid prepro i)

np.save(("day" + str(day i) +" frame reach vid zoom reach" + str(i) +

_cnn.npy"),features_vid)
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APPENDIX 2: CONVNET_P2: EXAMPLE OF TRAINING DENSE UNIT TO
PREDICT NEURAL ACTIVITY FROM CONVNET FEATURES

#%% ConvNet P2: train dense, leave-one-out on 10 reach, plot top predicted neural
activity

Y%reset -f
import os

import pandas as pd
import numpy as np

import matplotlib. as plt

%matplotlib qt

import scipy.io as sio

# import cv2

import tensorflow as tf

from tensorflow. . import Sequential, Model

from tensorflow. . import Dense, InputLayer, Dropout, Flatten, Activation,
Input, Lambda, MaxPooling2D, Flatten

from tensorflow. . import LSTM, Bidirectional, Input, Conv2D, Reshape,
RepeatVector, Permute, GRU, SimpleRNN, BatchNormalization

from tensorflow. . . import InceptionV3,
preprocess_input

from tensorflow. import optimizers

from tensorflow. import backend

from sklearn. import train_test split, GroupKFold, StratifiedKFold
from sklearn. import shuffle

from sklearn. import classification report

from keras import backend as K
from sklearn. import r2_score

load path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e_dt\\rr5\\input convnet p2'

save path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e dt\\rr5\\output convnet p2'

rr_day = [[5,7]] # [rr,day]
N leaveOne = 10
grid shift iPR vid = [0] #np.arange(-1000,1000+1,50,dtype=int) # ms

grid iPRDur =[1000] # ms
grid iPRIncr = [50] # ms
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grid VidDur = [5] # ms
grid VidIner =[15] # ms
grid zoom  =|[I]
N lp=
len(grid_shift iPR vid)*len(grid iPRDur)*len(grid iPRIncr)*len(grid VidDur)*len(
grid_VidIncr)*len(grid zoom)
param_lp = np.zeros((N_Ip,06))
count = 0
for iin grid iPRDur:

for ii in grid iPRIncr:

for iii in grid VidDur:

count +=1

for rr_day i in np. (len(rr_day)):
#rr day 1=1
rr_i=rr day[rr day i][0]
day i=rr day[rr day i][1]

for vid 1 in np. (N _Ip):

#vid i=0

iPRDur = int(param Ip[vid i,0])
iPRIncr = int(param_lp[vid i,1])
VidDur = int(param Ip[vid i,2])
VidIncr = int(param_lIp[vid 1,3])
shift i =int(param lp[vid i,4])
zoom 1 =int(param Ip[vid 1,5])

if zoom 1==1:
zoom_str = 'zoom '
else:
zoom_str ="

0s. (load path)

spk_count = sio. (rat' + str(rr 1) +' day'+ str(day i) +
" iPR incr neuron iPRDur' + str(iPRDur) + 'ms iPRInct' + str(iPRIncr) +
'ms.mat')['iPR tr stack incr']

N reach  =np.size(spk_count,])

N neuron_all = np.size(spk_count,0)
N incr  =np.size(spk_count,?)

N sample =N reach*N incr
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for i in np. (N _reach):
#1=0
print('load reach '+ str(i))
if shift 1 <0:

str n="n';
else:
str n="}
tmp_fr = sio. (‘rat' + str(rr_1) +' day'+ str(day i) +' vid '+ zoom str

+ 'incr reach "+ str(i) +' iPRDur' + str(iPRDur) + 'ms iPRIncr' + str(iPRIncr) +
'ms '+
'shiftiPRvid" + str_n + str(abs(shift_i)) + 'ms cnn.mat)['frame reach 1']
ifi==0:
N_feature = np.size(tmp_11,2)
N_frame =np.size(tmp_fr,1)
vid_frames_all = np. ((N_reach, N_incr, N_frame, N _feature))
vid_frames_all[i,:,:,:] = tmp_fr

reach_leaveOne = np. (O,N_reach, np. (N _reach/N_leaveOne))
reach _leaveOne = reach_leaveOne[0:10]. (int)

groups_reach =np. ((N_reach,1))

count = 0

for i_lo in np. (1,N_leaveOne+1):

groups_reach[reach leaveOneli lo-1],:] =1 lo

0S. (save path)
np. ((rat' + str(rr 1) +' day'+str(day 1) +' group reach.npy'),groups reach)

r2_neuron = np. ((N_neuron_all))
for i neur in np. (N _neuron all):
#1 neur=3
spk _count i=np. (spk_count[i neur,:,:], axis = 0)

N_neuron = np.size(spk_count 1,0)

vid_frames sample = np. ((N_sample, N_frame, N_feature))
spk count sample = np. ((N_sample, N neuron))
groups_sample =np. ((N_sample, 1))
for i in np. (N reach):
print('rr '+ str(rr_1) + "' day '+ str(day i) + ' prepro reach '+ str(i))
tmp_ind = np. ((@*N_incr),(i*N_incr+N _incr))
groups_sample[tmp_ind,0] = np./z2//(N_incr, groups_reachli])
vid frames sample[tmp ind,:,:] =vid frames all[i,:,:,:]
spk_count sample[tmp ind,:] = spk count i[:,i,:].

X =vid frames sample

y = spk count sample
del vid_frames_sample, spk_count_sample
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def coeff det(y_true, y pred):
SS res = K.sum(K.sguare(y true-y pred))
SS tot = K.sum(K.sqguare(y_true - Konean(y_true) ))
return ( 1 - SS_res/(SS_tot + K.epsilon()))

def coeff det neurons(y_true, y pred):
cd_neur = np.zeros(N_neuron)
for i in np.crange(N_neuron):
#1=0
SS res = Kisum(K.sqguare(y_truel:,i]-y pred[:,i] ))
SS tot = Kisum(K.sqguare(y_truel:,i] - Kanean(K.constani(y_true[:,i]) ) ))
cd neur[i] = (1 - tf.cas«(SS_res, tf.//oar32)/(SS_tot + K.epsilon()))
return cd_neur

class CustomCallback(tf./cras.callbacks.Callback):
def on epoch begin(self, epoch, logs=None):
print("rr {} day {} loop {} of {} fold {} neuron {} shift {} iPRDur {}
iPRIncr {} VidDur {} VidIncr {} zoom {}".format(rr i, day i, vid i, N_Ip, group i,
i_neur, shift_i, iPRDur, iPRIncr, VidDur, VidIncr, zoom 1))
def on epoch end(self, epoch, logs=None):
y_pred = model.predici(X_test)
r2_epoch neurons|:,epoch] = coeff det neurons(y test,y pred)

for group iin np.crange(1,N _leaveOne+1):
# group 1=2
test_index = np.w/ere(groups sample == group 1)[0]
train_index = np.w/ere(groups_sample != group 1)[0]
X train, X test = X[train index,:,:], X[test index,:,:]
y_train, y test=y[train_index,:], y[test index,:]

backend.c/car session()
model = Sequential()

# model.add(Dense(128, activation="relu'"))

# model.add(Dense(16, activation="relu'))
model.cdd(Dense(N_neuron))

model.add(Activation('sigmoid'))
optimizers.Adam(learning_rate=0.001) #01)
model.compile(loss='"MSE',optimizer='Adam’, metrics=[coeff det])
# model.summary()

epochs =400
batch size= 128 # 128 # 256 #512 #1024
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r2_epoch neurons = np.zeros((N_neuron,epochs))
history = model.///(X _train, y train, epochs=epochs,
validation data=(X_test, y test), batch size=batch size,
callbacks=[CustomCallback()]) # batch_size=1024, callbacks=[CustomCallback()])
y_pred = model.predici(X_test)

if group i==1:
y pred lo=y pred
y test lo=y test
else:
y_pred_lo =np.concatenate(ly_pred lo,y pred])
y_test lo =np.concatenate(|y_test lo, y test])

history cat = [np.asarray(history./iistory|'loss']),
np.asarray(history./iistory['coeft det']),
np.asarrayv(history./iistory|'val loss']),
np.asarray(history./iistory['val coeft det'])]

# plt.figure(figsize=(2.7,2.5))

# plt.plot(history.history['val coeff det'])
# plt.ylim(0, 1)

# plt.xlim(0, epochs)

# plt.grid()

if shift 1 <0:
stt n="n';
else:
str n="}

save suffix = (rr' + str(rr 1) +' day' + str(day 1) +' neur' + str(i_neur)
+' shift' + str_n + str(np.abs(shift_i)) + 'ms'
+' iPRDur" + str(iPRDur) + 'ms iPRIncr' + str(iPRIncr) +
‘ms_VidDur' + str(VidDur)
+ 'ms VidIner' + str(Vidlncr) + 'ms fold' + str(group 1) +' zoom'+
str(zoom 1) +' group' + str(group 1))
np.save((save path + \\predict '+ save suffix +'.npy'),y pred)
model.save(save path + "\\model "+ save suffix +'.h5') #, save format='h5")

r2_neuron[i_neur| =12 score(np.sqgueeze(y_test 1o), np.squeeze(y _pred lo))
np.save((save path +"\\'+ 'neur' + str(i_neur) +' y test ol.npy'),y test lo)
np.save((save path +"\\'+ neur' + str(i_neur) +' y pred olnpy'),y pred lo)

np.save((save path +'\\r2 neuron.npy'),r2 neuron)

neuron_ind top6 = np.//ip(np.crgsori(r2_neuron)[-6:])
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HHH

### plotting 1 reach's neural activity prediction of best predicted neuron

t vec =np.arange(-400,600+1,50)

1_neur =neuron_ind top6[0]

y_test lo =np./oad(save path +"\\' + 'neur' + str(i_neur) +' vy test ol.npy')
y_pred lo =np./oad(save path +"\\' + 'neur' + str(i_neur) +' y pred ol.npy')
reach i=2

plt.plon(t_vec,np.squeeze(y_test lo)[reach i*21:(reach i+1)*21], color="black")
plt.ploi(t_vec,np.squeeze(y_pred lo)[reach 1*21:(reach i+1)*21], color="red")
plt.ylabel("neural activity")

plt.x/abel("time from reach (ms)")

plt.nargins(x=0)

plt.iight layvoun()

HiH
### plotting 10 leave-one out reach, for top 6 predicted neurons
count i=0
for i_neur in neuron_ind top6:
count i+=1
axes = plt.subplor(3, 2, count 1)
y_test lo=np./oad(save path +"\'+ 'neur' + str(i_neur) +' vy test ol.npy')
y_pred lo =np./oad(save path +"\\' + 'neur' + str(i_neur) +' y pred ol.npy')
plt.o/on(np.squeeze(y_test lo), color="black")
plt.o/ot(np.squeeze(y _pred lo), color="red")
plt.margins(x=0)
plt.sight layoun()
axes./itleser text('SRM{21$ ="+ str(round(r2_neuron|i_neur],2)) +' (neuron '+
str(i_neur) +')")
if count 1==75:
axes.set ylabel("neural activity")
axes.sel xlabel("time unit")
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APPENDIX 3: GAN_P1: EXAMPLE OF TRAINING CONDITIONAL GAN TO
GENERATE RAT VIDEO WITH CONDITION OF 6 NEURON'S ACTIVITY
(TOP R2 FROM CONVNET ANALYSIS)

#%% GAN P1: conditional GAN and prediction
Y%reset -f

from skimage. import block reduce
import numpy as np

from numpy import zeros

from numpy import ones

from numpy. import randn

from numpy. import randint

from tensorflow. . import Adam

# from tensorflow.keras.optimizers.legacy import Adam
from tensorflow. . import Model

from tensorflow. . import Input

from tensorflow. . import Dense

from tensorflow. . import Reshape

from tensorflow. . import Flatten

from tensorflow. . import Conv2D

from tensorflow. . import Conv2DTranspose
from tensorflow. . import LeakyReLU

from tensorflow. . import Dropout

from tensorflow. . import Embedding

from tensorflow. . import Concatenate

from matplotlib import pyplot as plt
import scipy.io as sio

import os

import gc

import time

from tensorflow. . import load model
import scipy. as ndimage
load path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e dt\\rrS\\input gan pl p2'

save path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e_dt\\rr5\\output gan pl'
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rr_day = [[5,7]] # [rr,day]

t ms_incr =20 # ms
t ms_seg = [-400, 600]

Conv_unit =128

os.c/idir(load_path)
r2_all = sio./oadmat('t2 neurons all 6N.mat")['r2 allall']
for rr_day iin np.arange(len(rr_day)):
#rr day 1=0
rr_i=rr day[rr day i][0]
day i=rr day[rr day i][1]
ind_tmp =np.where((r2_all[3,:] ==1r 1) & (r2_all[4,:] == day 1))

str_save prefix = (‘rat' + str(rr_i) +' day' + str(day i) +
' reach iPR_conditional generator')

r2top _neur =12_all[2,ind tmp]

r2top_neur[0][0] = r2top neur[0][0][0:6]

os.c/idir(load_path)
iPR = sio./oadmar(rat' + str(rr_1) +' day' + str(day 1) +
_1PR incr neuron iPRDurl000ms iPRIncr' + str(t_ms_incr) + 'ms.mat')
iPR n=1PR["iPR tr stack incr"]
1PR_n =np.squeeze(iPR_n[r2top _neur[0][0]-1,:,:])
N iPR =np.size(iPR_n,2)
N_reach =np.size(iPR_n,1)
N _neur = np.size(iPR_n,0)

t frame = np./oad(rat' + str(rr 1) +' day'+ str(day i) +' frame reach unit.npy')
t fpms =np./oad('rat' + str(rr_1) +' day'+ str(day i) +' frame reach fpms.npy')
ms_per frame = round(1/t fpms)

t ms =t frame*ms per frame

count =0
1iPR_ms = zeros((N_neur,N reach*N _iPR))
for i reach in np.crange(N_reach):

#1 reach =0

print('load reach '+ str(i_reach))

iPR_ms|:,((i_reach)*N iPR):((i_reach+1)*N iPR)] =
np.squeeze(iPR_n[:,1 reach,:])
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vid_reach = np. (rat' + str(rr_i) +' day' + str(day i) +
" frame reach vid zoom reach'+ str(i_reach) +' prepro.npy')

N _pix_tmp =128

shift pix x=10

shift pix_y =20

vid_reach =
vid_reach[shift pix_y:(shift pix y+N pix tmp),shift pix x:(shift pix x+N pix tmp)
|

N pix = 128 #64

tmp_abs = abs(t ms-t ms_seg[0])
ind_start = np. (tmp_abs == min(tmp_abs))[0]
tmp_abs = abs(t ms-t ms_seg[l])
ind end =np. (tmp_abs == min(tmp_abs))[0]

ts_frame = np. (ind_start, ind _end+1,t ms incr/ms_per frame,dtype=int)
for i_ind in np. (len(ts_frame)):
ifi reach==0andi ind==0:

ts_ ms = zeros(len(ts_frame)*(N_reach))
ts_vid = zeros((len(ts_frame)*(N_reach),N pix,N pix))
i fr=ts_framel[i ind]
ts ms[count] =t ms[i fr]
ts_vid[count,:,:] = vid_reach|:,:,1_fr]
count = count + 1

# plt.imshow(vid reach(:,:,400])
if ts_ms. =1:
ts vid = ((ts_vid - ts_vid.min()) * (1/(ts_vid.max() - ts_vid.min()) *
255)). (‘'uint8&'")
ts vid =ts vid][:,:,:,0p. !
ts_vid =np. (ts_vid,3, axis = 3)

ts_ ms = ((ts_ms - ts_ ms.min()) * (1/(ts_ms.max() - ts_ms.min()) *
255)). ('uint8")
ts_ms =ts_ms][:,np. ]

iPR_ms = ((iPR_ms - iPR_ms.min()) * (1/(iPR_ms.max() - iPR_ms.min()) *
255)). (‘'uint8")

iPR_ms =1PR_ms.7 #[:,;np.newaxis]|

#ts cond =ts ms
ts cond =iPR ms
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# fori n in np.arange(N_neur):
# 1PR ms[:,1 n] =np.gradient(iPR_ms[:,i n])

#1iPR_tmp =iPR ms[0:65,0]
#1PR_slope ms = np.gradient(iPR_tmp)
# plt.plot(iPR_tmp)

# plt.plot(iPR_slope ms)

# plt.plot(np.zeros(65))

# plt.imshow()

## models

def define discriminator(in_shape=(N_pix,N pix,3)):

# label input

in_label = Input(shape=(np.size(ts_cond,1),))
n_nodes = in_shape[0] * in_shape[1]

li = Dense(n_nodes)(in_label)

li = Reshape((in_shape[0], in_shape[1], 1))(1i)

# image input

in_image = Input(shape=in_shape)

# concat label as a channel

merge = Concatenate()([in_image, li])

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same')(merge)
fe = LeakyReLU(alpha=0.2)(fe)

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same")(fe)
fe = LeakyReLU(alpha=0.2)(fe)

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same")(fe)
fe = LeakyReLU(alpha=0.2)(fe)

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same")(fe)
fe = LeakyReLU(alpha=0.2)(fe)

# flatten feature maps

fe = Flatten()(fe)

# dropout

fe = Dropout(0.4)(fe)

# output

out layer = Dense(l, activation='sigmoid")(fe) #Shape=1

# define model
model = Model([in_image, in_label], out layer)

opt = Adam(1r=0.0002, beta 1=0.5)
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model.compile(loss='binary crossentropy', optimizer=opt, metrics=['accuracy'])
return model

# define generator model
def define generator(latent dim):

# label input
in_label = Input(shape=(np.size(ts_cond,1),))

n nodes =8 * 8§
li = Dense(n_nodes)(in_label) #1,64
li = Reshape((8, 8, 1))(li)

# image generator input
in_lat = Input(shape=(latent dim,)) #Input of dimension 100

n_nodes = Conv_unit * § * 8
gen = Dense(n_nodes)(in_lat)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Reshape((8, 8, Conv_unit))(gen)

# merge image gen and label input
merge = Concatenate()([gen, li])
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same')(merge)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same')(gen)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same")(gen)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same")(gen)
gen = LeakyReLU(alpha=0.2)(gen)

# output
out layer = Conv2D(3, (8,8), activation='"tanh', padding='same")(gen)
# define model

model = Model([in lat, in label], out layer)
return model

def define gan(g model, d model):
d model. = False #Discriminator is trained separately. So set to not
trainable.

, gen label = g model.input
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# get image output from the generator model
gen output =g model.ouiput

# generator image output and corresponding input label are inputs to discriminator
gan_output =d_model(Jgen_output, gen label])

# define gan model as taking noise and label and outputting a classification

model = Model([gen noise, gen_label], gan_output)

# compile model

opt = Adam(lr=0.0002, beta 1=0.5)

model.compile(loss='binary crossentropy', optimizer=opt)

return model

# load cifar images
def load real samples():
# load dataset
trainX = ts_vid
trainy =ts_cond
# convert to floats and scale
X = trainX.astype('float32")
# scale from [0,255] to [-1,1]
X=(X-127.5)/127.5 #Generator uses tanh activation so rescale
#original images to -1 to 1 to match the output of generator.
return [X, trainy]

def generate real samples(dataset, n_samples):
# split into images and labels
images, labels = dataset
# choose random instances
ix = randint(0, images.s/zpe[0], n_samples)
# select images and labels
X, labels = images]ix], labels[ix]

y =ones((n_samples, 1)) #Label=1 indicating they are real
return [X, labels], y

# generate points in latent space as input for the generator
def generate latent points(latent dim, n_samples):
#n_samples =100
# generate points in the latent space
x_input = randn(latent_dim * n_samples)
# reshape into a batch of inputs for the network
z input = x_input.res/ape(n_samples, latent dim)

ind_rnd = np.arange(np.size(ts_cond,0))

np.random.shuffle(ind rnd)
labels = ts_cond[ind rnd[0:n_samples],:]
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return [z_input, labels]

def generate fake samples(generator, latent dim, n_samples):
# generate points in latent space
z_input, labels input = generate latent points(latent dim, n_samples)
# predict outputs
images = generator. ([z_input, labels_input])
# create class labels
y = zeros((n_samples, 1)) #Label=0 indicating they are fake
return [images, labels_input], y

def train(g_model, d model, gan model, dataset, latent dim, n_epochs=100,
n_batch=32): #128):
bat per epo = int(dataset[0]. [0] / n_batch)
half batch =int(n_batch / 2) #the discriminator model is updated for a half batch
of real samples
#and a half batch of fake samples, combined a single batch.
=0
train_loss = zeros((n_epochs*bat per epo,7))
# manually enumerate epochs
for iin range(n_epochs):
# enumerate batches over the training set
for j in range(bat_per epo):

start _time = time.//m¢()
#1=0
#7=0

[X real, labels real],y real = generate real samples(dataset, half batch)

d loss real, =d model. (IX real, labels real], y real)

# generate 'fake' examples

[X fake, labels], y fake = generate fake samples(g model, latent dim,
half batch)

# update discriminator model weights

d loss fake, =d model. ([X fake, labels], y fake)

[z input, labels_input] = generate latent points(latent dim, n_batch)

y_gan = ones((n_batch, 1))

g loss = gan model. ([z_input, labels input], y gan)

# Print losses on this batch
t epoch = (time.r/me() - start_time)
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print('rr%d, day%d, Epoch>%d, Batch%d/%d, d1=%.3f, d2=%.3f
o=%.31, %.3fs/batch' %(rr_i, day i, i+1, j+1, bat_per _epo, d loss real, d loss fake,
g loss, t_epoch))

train_loss[count,:] = [i+1, j+1, bat per epo, d loss real, d loss fake, g loss,
t_epoch]

count = count + |

del X real, X fake, labels real, d loss real, labels, d loss fake, z input,
labels_input, y gan, g loss
gc.colleci()
# save the generator model
g model.save(str_save prefix +' '+ str(len(ts_ms)) + 'sample '+ str(N_pix) +
pix "+ str(n_epochs) + 'epochs.h5')
np.save(str_save prefix +' '+ str(len(ts_ms)) + 'sample '+ str(N_pix) + 'pix '+
str(n_epochs) + 'epochs loss.npy', train_loss)
#Train the GAN

# size of the latent space

latent dim =100

# create the discriminator

d model = define discriminator()

# create the generator

g model = define generator(latent dim)

# create the gan

gan model = define gan(g model, d model)
# load image data

dataset = load real samples()

# train model

os.c/idir(save path)

train(g_model, d model, gan model, dataset, latent dim, n_epochs=100)

### save model

n_epochs = 100
model =load model(str save prefix +' '+ str(len(ts ms)) + 'sample '+ str(N pix)
+ 'pix "+ str(n_epochs) + 'epochs.h5")

###Ht save generated image

labels =ts _cond

latent points, labels tmp = generate latent points(100, len(labels))
X gan =model.predici([latent points, labels])

# scale from [-1,1] to [0,1]

X gan=(X gan+1)/2.0

X gan = (X gan*255).astype(np.uints)
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os.c/idir(save_path)

np.save(rat' + str(rr_1) +' day'+ str(day 1) +' GAN iPR images '+ str(N_pix) +
pix "+ str(t_ms_incr) + 'msincr.npy’y, X_gan)

# plt.imshow(X gan[100,:,:,:])

HHHIHIHEHHHHHHEHEHEHHAH plot single reach

HiHHIHIHEH R plot GAN reach
labels =ts cond[0:N_iPR,:]
latent points, labels tmp = generate latent points(100, len(labels))
X =model.predici([latent_points, labels])
# scale from [-1,1] to [0,1]
X=X+1)/2.0
X = (X*255).astype(np.uints)
t ms_vec =np.arange(t_ ms_seg[0],t ms seg[l]+1,t ms_incr)
for iin range(N iPR-1):
axes = plt.subplon(5, 10, i+1)
axes.cxis('off")
X tmp = X]i, :, 3, 0]
axes./mshow(X_tmp, cmap='gray')
axes.sel title(str(t_ms_vecli]) + 'ms')

HIHHIHIHEHEHHRHHIHE plot real reach
X real =ts vid[0:N iPR,:,:,:]
t ms vec =np.arange(t_ ms_seg[0],t ms seg[l]+1,t ms_incr)
for iin range(N iPR-1):
axes = plt.subplor(5, 10, 1+1)
axes.axis('oft")
X tmp =X realli, :, 3, 0]
axes./mshow(X_tmp, cmap='gray')
axes.sel title(str(t_ms_vecl[i]) + 'ms')
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APPENDIX 4: GAN_P2: GENERATING GAN IMAGE, SAVE VIDEO, EXAMPLE
PLOT

#%% GAN P2: generating GAN image, save video, example plot

%reset -

from skimage. import block reduce
import numpy as np

from numpy import zeros

from numpy import ones

from numpy. import randn

from numpy. import randint

from tensorflow. . import Adam

# from tensorflow.keras.optimizers.legacy import Adam
from tensorflow. . import Model

from tensorflow. . import Input

from tensorflow. . import Dense

from tensorflow. . import Reshape

from tensorflow. . import Flatten

from tensorflow. . import Conv2D

from tensorflow. . import Conv2DTranspose
from tensorflow. . import LeakyReLU

from tensorflow. . import Dropout

from tensorflow. . import Embedding

from tensorflow. . import Concatenate

from matplotlib import pyplot as plt
import scipy.io as sio

import os

import gc

import time

from tensorflow. . import load model
import scipy. as ndimage

import cv2

load path =

'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e dt\\rr5S\\input gan pl p2'
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save path =
'D:\\20220624 Lethbridge\\20230111 rat unit EckertTatsuno\\20240324 sample cod
e _dt\\rr5\\output_gan p2'

rr_day = [[5,7]] # [rr,day]

t ms_incr =20 # ms
t ms_seg = [-400, 600]

Conv_unit =128

os.c/idir(load_path)
r2_all = sio./oadmar('r2 neurons all 6N.mat")['r2 allall']
for rr_day iin np.arange(len(rr_day)):
#rr day 1=0
rr_i=rr day[rr day i][0]
day i=rr day[rr day i][1]
ind_tmp =np.where((r2_all[3,:] ==1r 1) & (r2_all[4,:] == day 1))

r2top_neur =r2_all[2,ind tmp]
r2top_neur[0][0] = r2top_neur[0][0][0:6]

os.c/idir(load_path)
iPR = sio./oadmar(rat' + str(rr_1) +' day' + str(day 1) +
" iPR incr neuron iPRDurl000ms iPRIncr' + str(t ms incr) + 'ms.mat’)
iPR_n=1PR["iPR tr stack incr"]
iPR n =np.squeeze(iPR_n[r2top neur[0][0]-1,:,:])
N_iPR =np.size(iPR_n,2)
N _reach =np.size(iPR_n,1)
N _neur =np.size(iPR_n,0)

t frame = np./oad('rat' + str(rr_1) +' day'+ str(day i) +' frame reach unit.npy')
t fpms =np./oad('rat' + str(rr 1) +' day'+ str(day i) +' frame reach fpms.npy')
ms_per frame = round(1/t fpms)

t ms =t frame*ms per frame

count = 0
iPR_ms = zeros((N_neur,N reach*N iPR))
for i_reach in np.crange(N_reach):

#1 reach=0

print('load reach '+ str(i_reach))

1iPR_ms[:,((i_reach)*N iPR):((i_reach+1)*N _iPR)] =
np.squeeze(iPR_n[:,i reach,:])
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vid_reach = np. (rat' + str(rr 1) +' day' + str(day i) +
' frame reach vid zoom reach'+ str(i_reach) +' prepro.npy')

N _pix_tmp =128

shift pix x =10

shift pix y =20

vid_reach =
vid_reach[shift pix y:(shift pix y+N pix tmp),shift pix x:(shift pix x+N_pix_tmp)
5]

N_pix = 128 #64

tmp_abs = abs(t ms -t ms_seg[0])
ind_start = np. (tmp_abs == min(tmp_abs))[0]
tmp _abs = abs(t ms-t ms _seg[1])
ind end =np. (tmp_abs == min(tmp_abs))[0]

ts_frame = np. (ind_start, ind _end+1,t ms_incr/ms_per frame,dtype=int)
for i_ind in np. (len(ts_frame)):
ifi reach==0andi ind==0:

ts ms = zeros(len(ts_frame)*(N_reach))
ts_vid = zeros((len(ts_frame)*(N_reach),N pix,N pix))
1 fr=ts frame[i ind]
ts_ ms[count] =t ms[i_fr]
ts vid[count,:,:] = vid reach]:,:,i fr]
count = count + |

# plt.imshow(vid_reach[:,:,400])
if ts ms. == 1:

ts_vid = ((ts_vid - ts_vid.min()) * (1/(ts_vid.max() - ts_vid.min()) *
255)). ('uint8")

ts_vid =ts_vid][:,:,:,np. |

ts vid =np. (ts vid,3, axis = 3)

ts ms = ((ts_ms - ts_ms.min()) * (1/(ts_ms.max() - ts_ms.min()) *
255)). ('uint8')

ts ms =ts ms[:,np. 1

iPR_ms = ((iPR_ms - iPR_ms.min()) * (1/(iPR_ms.max() - iPR_ms.min()) *
255)). ('uint8")

iPR ms =1PR ms.7 #[:,np.newaxis]|

#ts cond =ts ms
ts cond =1PR_ms

n_epochs =100
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str_load prefix = (‘rat' + str(rr_i) +' day' + str(day i) +
_reach iPR conditional generator')

model =load model(str load prefix +' '+ str(len(ts_ms)) + 'sample '+ str(N_pix)
+ 'pix_ '+ str(n_epochs) + 'epochs.h5")

'

# fori n in np.arange(N_neur):
# 1PR ms[:,1 n] =np.gradient(iPR_ms[:,i n])

#1iPR_tmp =iPR ms[0:65,0]
#1PR_slope ms = np.gradient(iPR_tmp)
# plt.plot(iPR_tmp)

# plt.plot(iPR_slope ms)

# plt.plot(np.zeros(65))

# plt.imshow()

## models

def define discriminator(in_shape=(N_pix,N pix,3)):

# label input

in_label = Input(shape=(np.size(ts_cond,1),))
n_nodes = in_shape[0] * in_shape[1]

li = Dense(n_nodes)(in_label)

li = Reshape((in_shape[0], in_shape[1], 1))(l1)

# image input

in_image = Input(shape=in_shape)

# concat label as a channel

merge = Concatenate()([in_image, li])

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same')(merge)
fe = LeakyReLU(alpha=0.2)(fe)

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same")(fe)
fe = LeakyReLU(alpha=0.2)(fe)

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same")(fe)
fe = LeakyReLU(alpha=0.2)(fe)

fe = Conv2D(Conv_unit, (3,3), strides=(2,2), padding='same")(fe)
fe = LeakyReLU(alpha=0.2)(fe)

# flatten feature maps

fe = Flatten()(fe)

# dropout

fe = Dropout(0.4)(fe)

# output

out layer = Dense(l, activation='sigmoid")(fe) #Shape=1
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# define model
model = Model(]in_image, in_label], out_layer)

opt = Adam(1r=0.0002, beta 1=0.5)
model.compile(loss='binary crossentropy', optimizer=opt, metrics=['accuracy'])
return model

# define generator model
def define generator(latent dim):

# label input
in_label = Input(shape=(np.size(ts_cond,1),))

n nodes =8 * 8§
li = Dense(n_nodes)(in_label) #1,64
li = Reshape((8, 8, 1))(l1)

# image generator input
in_lat = Input(shape=(latent dim,)) #Input of dimension 100

n_nodes = Conv_unit * § * 8
gen = Dense(n_nodes)(in_lat)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Reshape((8, 8, Conv_unit))(gen)
# merge image gen and label input
merge = Concatenate()([gen, li])
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same')(merge)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same")(gen)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same")(gen)
gen = LeakyReLU(alpha=0.2)(gen)
gen = Conv2DTranspose(Conv_unit, (4,4), strides=(2,2), padding='same")(gen)
gen = LeakyReLU(alpha=0.2)(gen)
# output
out layer = Conv2D(3, (8,8), activation="tanh', padding='same")(gen)
# define model
model = Model([in lat, in label], out layer)
return model

def define gan(g model, d model):
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d_model.rrainable = False #Discriminator is trained separately. So set to not
trainable.

gen noise, gen_label = g model.input
# get image output from the generator model
gen_output =g model.ou/put

# generator image output and corresponding input label are inputs to discriminator
gan_output =d_model([gen_output, gen label])

# define gan model as taking noise and label and outputting a classification

model = Model(Jgen_noise, gen label], gan_output)

# compile model

opt = Adam(1r=0.0002, beta_1=0.5)

model.compile(loss='binary crossentropy', optimizer=opt)

return model

# load cifar images
def load real samples():
# load dataset
trainX =ts_vid
trainy = ts_cond
# convert to floats and scale
X = trainX.astype('float32")
# scale from [0,255] to [-1,1]
X=(X-127.5)/127.5 #Generator uses tanh activation so rescale
#original images to -1 to 1 to match the output of generator.
return [X, trainy]

def generate real samples(dataset, n_samples):
# split into images and labels
images, labels = dataset
# choose random instances
ix = randint(0, images.s/.zpe[0], n_samples)
# select images and labels
X, labels = images|ix], labels[ix]

y = ones((n_samples, 1)) #Label=1 indicating they are real
return [X, labels], y

# generate points in latent space as input for the generator
def generate latent points(latent dim, n_samples):
#n samples =100
# generate points in the latent space
x_input = randn(latent dim * n_samples)
# reshape into a batch of inputs for the network
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z input = x_input.yes/ape(n_samples, latent dim)

ind_rnd = np.arange(np.size(ts_cond,0))
np.random.shuffle(ind_rnd)

labels = ts_cond[ind rnd[0:n_samples],:]
return [z_input, labels]

def generate fake samples(generator, latent dim, n_samples):
# generate points in latent space
z_input, labels_input = generate latent points(latent dim, n_samples)
# predict outputs
images = generator.predic/([z_input, labels_input])
# create class labels
y = zeros((n_samples, 1)) #Label=0 indicating they are fake
return [images, labels_input], y

labels = ts_cond #[0:N iPR,:]

latent points, labels tmp = generate latent points(100, len(labels))
X _gan =model.predici([latent points, labels])

# scale from [-1,1] to [0,1]

X gan=(X gan+1)/2.0

X gan = (X _gan*255).astype(np.uints)

#i#H#H# save GAN generated video data

os.c/idir(save_path)

np.save(rat' + str(rr 1) +' day'+ str(day 1) +' GAN iPR images '+ str(N pix) +
pix "+ str(t_ms_incr) + 'msincr.npy’y, X _gan)

HHHHHAH A save as avi video

HitHHH## save real video
os.c/idir(save_path)
size = np.size(ts_vid,1),np.size(ts_vid,2)
fps = (1/t_ms_incr)*100%(2/5) # slowed by 10, limit of mp4
duration = np.size(ts vid,0)/fps
out = cv2.VideoWriter((real PR '+ str(rr_1) +' day' + str(day 1) +' incr' +
str(t ms incr) +'ms pix' + str(N_pix) + '.mp4'),
cv2.VideoWriter fource(*'MP42"), fps, (size[1], size[0]))
for i v in range(np.size(ts_vid,0)):
print(‘rat' + str(rr_i) + ' day' + str(day i) + ' save vid frame ' + str(i_v))
data = np.sqgueeze(ts vid[i v,:,:,:])
out.wrire(data)
out.release()
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ts vid g=X gan

HiH#H# save GAN video
os.c/idir(save_path)
size = np.size(ts_vid_g,1),np.size(ts_vid_g,2)
fps = (1/t_ms_incr)*100%(2/5) # slowed by 10, limit of mp4
duration = np.size(ts_vid_g,0)/fps
out = cv2.VideoWriter((GAN 1PR 1"+ str(rr_1) +' day'+ str(day i) +' incr' +
str(t_ ms_incr) + 'ms pix' + str(N_pix) + '".mp4’),
cv2.VideoWriter fourcce(*'MP42"), fps, (size[1], size[0]))
for i vin range(np.size(ts_vid_g,0)):
print(‘rat' + str(rr_i) + ' day' + str(day i) + ' save vid frame ' + str(i_v))
data = np.squeeze(ts_vid_gli v,:,2,:])
out.nwrire(data)
out.release()

HHHHHHHHHRHEHEHAHAAHEA plot single reach

HiHHIHEHEHHHHAHIHEHEE plot GAN reach
labels = ts _cond[0:N_iPR,:]
latent points, labels tmp = generate latent points(100, len(labels))
X =model.predici([latent_points, labels])
# scale from [-1,1] to [0,1]
X=X+1)/2.0
X = (X*255).astype(np.uints)
t ms vec =np.crange(t ms seg[0],t ms seg[l]+1,t ms incr)
for iin range(N iPR-1):
axes = plt.subplor(5, 10, i+1)
axes.cxis('off")
X tmp = X|i, 3, :, 0]
axes./mshow(X_tmp, cmap='gray')
axes.sel fitle(str(t ms_vecl[i]) + 'ms')

HIHHIHIHEHEHHHHIHIHE plot real reach
X real =ts vid[0:N _iPR,:,:,:]
t ms vec =np.crange(t ms seg[0],t ms seg[l]+1,t ms incr)
for iin range(N iPR-1):
axes = plt.subplon(5, 10, i+1)
axes.cxis('off")
X tmp =X realli, :, :, 0]
axes./mshow(X_tmp, cmap='gray')
axes.ser fitle(str(t ms vecl[i]) + 'ms')

52



53



