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Figure 1: Diagram of the structure of retinal neurons (Redrawn from [3]).

Figure 2: Sample high-contrast Gaussian noise (left), natural scene (right).

REGRESSION RESULTS

Figure 3: LNP Model (left) and GLM (right). (Redrawn from [4]).

Figure 5: Clustering of the neurons by learned space-time receptive field
using hierarchical clustering. Samples of the learned receptive field over
time show the different types of neuronal behavior observed in each cluster.

Figure 6: Statistics across all neurons (upper left); sample predictions for 
the LNP (upper right), GLM (lower left), and deep net (lower right).

LNP: True vs. Predicted

GLM: True vs. Predicted Deep Network: True vs. Predicted

The plots above show sample predicted values from each of our three
models on different trials (thus, the true data is different for each). To
give an idea of the overall performance of the model, we have compiled
the average Pearson correlation coefficient (typical measure in
neuroscience of similarity between time series) across all trials and
neurons. For each trial, 70% of the data is used for training and 30% of
the data for testing. The first column is for models trained and tested on
the white noise and the second column is for models tested and trained on
natural scenes. Note that for the deep network the coefficient was
calculated based on 5 neurons only due to time constraints.
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Surya Ganguli’s lab for many useful discussions and advice.

The immediate next step for the project would be to further examine the
idea of using neural networks to predict spike trains. Because of their
natural application to image processing, we plan to examine the
performance of ConvNets on predicting spike trains based on exciting
results from work in Surya Ganguli’s lab at Stanford [6]. As part of the
project, we coded a basic ConvNet using TensorFlow, but it was too
computationally intensive to run in the time remaining in the project and
often such networks require significant fine-tuning. In addition, it would
be interesting to see how the learned filters generalize from one type of
stimuli to another, i.e. how the learned receptive filters from the white
noise would perform on predicting spike trains from natural scenes.

Figure 4: Deep network architecture designed in TensorFlow. ReLU
neurons were used with dropout between most hidden layers. Weights
initialized to 10−3; optimized using ADAM with a learning rate of 10−4.


