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The utilization of One-vs-One binary classifiers in Spiking Neural Networks (SNN) would allow them to address more complex real-life scenarios. Furthermore, implementing SNN architecture would allow encoding the spike evolution through time, thus offering the benefit of encoding more information. These richer dynamics would raise the accuracy and definition between classes, especially when  lower qualities of the input Image are present. For our experiment, we tried resizing the images to 10 by 10 pixels using 2 output neurons for the two classes of each binary classifier. At each simulation step, we implemented a fully connected input layer and two output neurons, where we accumulated the spike responses for the final classification. We used Snntorch [77] and Leaky-Integrate and fire [78]approach. The added complexity of SNNs would make it difficult to effectively tune the weights through light so its not as viable as traditional Neural Networks. The weights are learned using backpropagation and the Adam optimizer. For this approach, we didn't constraint the SNN to only positive weights, but we are able to achieve accuracies up to 90% using the OvO approach with a similar architecture of around 200 synapses. Although these two examples are very different, thus a direct comparison cannot be applied,  these results still motivate approaches that can be also implemented with SNN, which with the right tweaking during their implementations could increase the accuracy despite their complexity.
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https://github.com/psaltakis/Spiking
For the OvO utilisation in Spiking Neural Networks without learning constraints .
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The training process of the binary classifiers for verification.  
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Outcome Driven One vs One Result. [image: ]
Random Sample from the test to verify the ODOvO Algorithm. 
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The accuracy of the binary classifiers using the traditional voting system of One-vs-One.
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The accuracies of the One-vs-Rest

https://github.com/psaltakis/ODOvA
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ONE-VS-ONE

models = []
for i in range(10):
for j in range(i+l, 10):
model = Net().to(device)
model.load_state_dict (torch.load (£ weights{i}{3}.pth"))
model.eval()
models .append( (model, i, 3))

confusion matrix = torch.zeros(10, 10)

test_data = torch.utils.data.Subset (test_dataset, range(-2000, 0))
test_loader = torch.utils.data.Dataloader (test_data, batch_size-batch_size)

# Tost
with torch.no_grad():
for images, labels in test_loader:
images = images.to(device)
labels = labels.to(device)

votes = torch.zeros (images.shape(0], 10).to(device)

for model, i, j in models:
outputs = model(images)
outputs_sum = outputs.sun(dim=0)
_, predicted = torch.max(outputs_sum, dim=1)

for idx, pred in enumerate(predicted):
if pred == 0:
votes[idx, i] += 1
else: # pred == 1
votes[idx, j] 4= 1

_, predicted = torch.max(votes, 1)

for t, p in zip(labels.view(-1), predicted.view(-1)):
confusion_matrix[t.long(), p-long()] += 1

correct = torch.trace(confusion matrix)
total = torch.sun(confusion_matrix)
accuracy = 100 * correct / total

print (£'Accuracy of the network on the test images: {accuracy:.2f}t')

Accuracy of the network on the test images: 89.95%
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Classification accuracy on 10 random samples using weight map: 90.00%
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ODOVO Outcome Driven One vs One

num_correct = 0
for i in range(len(x_test) - 2000, len(x_test)):
x_sample = x_test(i]
y_sample = y_test(i]

x_sample_resized = cv2.resize(x_sample, (14, 14))
x_sample_spikes = temporal encoding(x_sample resized, dt, threshold)
x_sample_flat = x_sample_spikes.reshape(1, -1)

weight_map_name = Nonme
previous_weight_map_name = Nome
weight_map = None
predicted_label = 0

while True:
previous_weight_map_name = weight_map_name
weight_map_name = get_weight map(weight_map name, predicted_label)

if weight map name is None:
break

weight map = globals()[weight map name]

prediction = np.dot (x_sample_flat, weight map)

prediction normalized = prediction / (1 + prediction)

predicted label = 1 if prediction normalized(0, 0] >= 0.5 else 0

£inal_digit = int(previous_weight_map name[-2]) if predicted_label == 1 else int(previous_weight_map_name(-
predicted _label = final digit

if predicted label == y_sample:
num_correct += 1

accuracy = num_correct / 2000
print("Accuracy: {:.2%}".format(accuracy))

Accuracy: 62.65%
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Traditional One Vs One

num_correct = 0
for i in range(len(x_test) - 2000, len(x_test)
x_sample = x_test(i]
y_sample = y_test(i]

x_sample_resized = cv2.resize(x_sample, (14, 14))
x_sample_spikes = temporal encoding(x_sample resized, dt, threshold)
x_sample_flat = x_sample_spikes.reshape(1, -1)

votes = [0] * 10
for i in range(9):
for j in range(itl, 10):

weight_map_name = 'np_weights' + str(i) + str(j)

weight map = globals()[weight map_name]

prediction = np.dot (x_sample_flat, weight_map)

prediction normalized = prediction / (1 + prediction)

prodicted label = i if prediction_normalized[0, 0] >= 0.5 else j

votes(predicted label] += 1

final digit = votes.index(max(votes))
if final digit == y_sample:

num_correct += 1

accuracy = num_correct / 2000
print("Accuracy: {:.2%}".format(accuracy))

Accuracy: 63.20%
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ONE-VS-REST

num_correct = 0
for i in range(len(x_test) - 2000, len(x_test)):
x_sample = x_test(i]
y_sample = y_test(i]

x_sample_resized = cv2.resize(x_sample, (14, 14))
x_sample_spikes = temporal encoding(x_sample resized, dt, threshold)
x_sample_flat = x_sample_spikes.reshape(1, -1)

predictions = []
for i in range(10
weight map_name = 'np weights' + str(i)
weight map = globals() [weight map_name]
prediction = np.dot (x_sample flat, weight_map)
prediction normalized = prediction / (1 + prediction)
predictions.append(prediction_normalized(0, 0])

£inal digit = predictions.index(max(predictions))
if final digit == y_sample:
num_correct += 1

accuracy = num_correct / 2000
print("Accuracy: {:.2%}".format(accuracy))

Accuracy: 56.15%
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