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Motivation

Inspired by the phenomenon catastrophic forgetting:
Phenomenon that neural network forgets previously learned information

when trained for the new task

Applied to this current work:
Catastrophic forgetting can cause a problem with mini batch SGD optimization
since each batch can be regarded similarly to the new task and SGD optimization is a

situation of continuous learning

Hypothesis: shift on input distribution (e.g.: lack of common factors in input
lead to different convergent solutions)
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Background and Definition

Forgetting event
Example 1s misclassified after being correctly classified

Learning event

Example is classified correctly for the first time

Unforgettable examples
Learned at some point and never misclassified
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Related Work

Curriculum Learning
Learning with increased difficulty helps minimize task loss
Safe to remove unforgettable examples

Deep Generalization

Does not depend on complexity of the model

Overparameterized model can reach low test error

Generalization is maintained when removing substantial amount of training
examples o=%
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Claim/Target Task

Goal 1:
Gain insight into the optimization process and the training examples

Goal 2:
Determine if forgetting statistics can be used to identify important samples and outliers
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An Intuitive Figure Showing Why Claim

Unforgettable Forgettable
Clear features Less visible features
High contrast with sky Small contrast with background




Proposed Solution

Empirical Analysis:
Train classifier on dataset when sampled in current mini-batch

Sort dataset examples based on number of forgetting samples

MNIST, permuted MNIST and CIFAR-10
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Implementation

Number of forgetting events
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Histogram of forgetting events of MNIST, permuted MNIST and CIFAR-10

Forgetting by chance
Analyze distribution of forgetting events




Implementation

First learning events
Order of examples during learning

Detection of noisy examples
Atypical characteristics
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Distribution of forgetting events in CIFAR-10 when labels are changed
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Implementation

Removing most forgettable events

~—— selected removed
—— random removed
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test classification accuracy

10 20 30 40 50 0 5 10 15 20
percentage of training set removed average number of forgetting events in removed subset

Generalization performance of ResNet18 Increasing number of elements are removed from training set




Load and train MNIST data

Step 1: Load MNIST

[ 1 ### M: Load data
trainset = datasets.MNIST(
root='/tmp/data’', train=True, download=True, transform=transform)
testset = datasets.MNIST(

root='/tmp/data', train=False, download=True, transform=transform)

Step 2: Train MNIST with parameters below

args dict = {'dataset': 'mnist', 'batch size': 64, 'epochs': 200, 'lr': 0.01,
'momentum’': 0.5, 'no cuda': True, 'seed': 99, 'sorting file': 'none’,
'remove n': 0, 'keep lowest n': 0, 'no dropout': True,
"input dir': 'mnist_results/', 'output dir': 'mnist results'}



Load and train MNIST data

Step 3: Call train() on each epoch

elapsed_time = 0
for epoch in range(args.epochs):
start_time = time.time()

train(args, model, device, trainset, optimizer, epoch, example stats)
test(args, model, device, testset, example stats)

Within train():
Permutate samples;
On each minibatch, get indices of each samples (more on next):

for batch idx, batch start ind in enumerate(
range(0, len(trainset.targets), batch size)):

# Get trainset indices for batch

# M: Get indices for minibatch (a subset of the permutted indices)

batch_inds = trainset_ permutation_inds[batch_start ind:
batch_start ind + batch_size]



Load and train MNIST data

Compute outputs, loss, and get predicted class

# Forward propagation, compute loss, get predictions
optimizer.zero_grad()

# M: outputs is the prediction

outputs = model(inputs)

# M: Calculate cross-entropy loss; will only be stored later
loss = criterion(outputs, targets)

# M: The code below get the index of the max in data (a Tensor)
# along 1 dimension

_, predicted = torch.max(outputs.data, 1)

Get accuracy and for each sample in mini batch and compute statistics (see next):

# Update statistics and loss

# M: Get list of True and False

acc = predicted == targets

# M: iterate over each index in the mini-batch
for j, index in enumerate(batch_ inds):

# Get index in original dataset (not sorted by forgetting)
index_in_original_ dataset = train_indx[index]

# Compute missclassification margin
# M: Get the output (log probability) for the correct expected class
output_correct_class = outputs.data[

j, targets[j].item()]



Load and train MNIST data

Append statistics (loss, accuracy and margin) to example stats and write to pkl file

# Add the statistics of the current training example to dictionary
# M: the get below defaults to [[],[1,[1]
index_ stats = example stats.get(index in original_ dataset,
(t1., 1. [11)
index stats[0].append(loss[j].item())
# M: each element will be either 1 or 0
index stats[l].append(acc[j].sum().item())
index stats[2].append(margin)
example stats[index in original dataset] = index stats



Load and train CIFAR10 data

Step 1: CIFAR10 was first trained with no sorting, no sample removal, no data augmentation and no cutout

args_dict = {'dataset': 'cifarl0', 'data_augmentation': False, 'cutout': False,
'sorting file': 'none', 'input_dir': 'cifarl0_results', 'output_dir': 'cifarl0_results',
'seed': 1, 'remove n': 0, 'keep_lowest n': 0, 'remove_ subsample': 0, 'noise_percent_labels': 0,

'noise_percent_pixels': 0, 'noise_std_pixels': 0, 'no_cuda': False, 'model': 'resnetl8', 'optimizer':'adam', 'epochs': 100,
'batch_size':128}

For each event, calculate loss and predict output

model_optimizer.zero_grad()

inputs = inputs.cuda()

outputs = model(inputs)

#print (outputs)

loss = criterion(outputs, targets)
#print(loss)

_, predicted = torch.max(outputs.data, 1)

Updata accuracy, loss stats of each event and save it in example_stats

# Add the statistics of the current training example to dictionary
index_ stats = example_stats.get(index_in original_dataset,

ey, 01, [11)
#print (index_stats)

index_stats[0].append(loss[j].item())
index_stats[1l].append(acc[j].sum().item())
index_stats[2].append(margin)

example stats[index_in original dataset] = index_ stats




Sort dataset based on forgettable events

Step 1: Use accuracy value after training the CIFAR data to compute whether event is learned or
unlearned or forgettable

- Learned event: event with accuracy of 1

- Unlearned event: event with accuracy of 0

-  Forgettable event: event with accuracy dropping from 1 to 0

def compute_ forgetting statistics(diag_stats, npresentations): # Find all presentations when forgetting occurs
if len(np.where(transitions == -1)[0]) > 0: #accuracy drops from 1 to 0 indicates forgettable evenq
unlearned_per_ presentation[example_id] = np.where(
presentations_needed_to_learn = {} #event that accuracy is still 0 transitions == -1)[0] + 2

unlearned_per presentation = {} #forgettable event cileze

margins_per_ presentation = {} #misclassified margin for each event unlearned_per_presentationfexample id] = [1
first learned = {} #event that accuracy = 1 indicating learned event # Find number of presentations needed to learn example,
B # e.g. last presentation when acc is 0
if len(np.where(presentation_acc == 0)[0]) > 0:
presentations_needed_to_learn[example_id] = np.where(
presentation_acc == 0)[0][-1] + 1
else:
presentations_needed_to_learn[example_id] = 0

# Find the misclassication margin for each presentation of the example
margins_per_presentation = np.array(
example_stats[Z][:npresentations])

# Find the presentation at which the example was first learned,
# e.g. first presentation when acc is 1
if len(np.where(presentation _acc == 1)[0]) > 0:
first_learned[example_id] = np.where(
presentation_acc == 1)[0][0]
else:
first_ learned[example_id] = np.nan




Sort dataset based on forgettable events

Step 2: Sort the example_stats to rank the sample from the highest forgetting count to the lowest forgetting
count

print( 'Number of unforgettable examples: {}'.format(

len(np.where(np.array(example stats) == 0)[0])))
return np.array(example original order)[np.argsort(
example stats)], np.sort(example_ stats)

Step 3: Save the sorted file with a stat of sample ID and sample values

# Sort examples by forgetting counts in ascending order, over one or more training runs
ordered_examples, ordered values = sort_examples_by forgetting(
unlearned_per presentation_all, first learned_all, args.epochs)
print (ordered_examples)
print (ordered_values)

# Save sorted output
if args.output name.endswith('.pkl'):
with open(os.path.join(args.output_dir, args.output name),
'wb') as fout:
pickle.dump( {

'indices': ordered_examples,

'forgetting counts': ordered_values
}, fout)




Train CIFAR10 with random data removal

args_dict = {'dataset': 'cifarl0', 'data_augmentation': False, 'cutout': False,

'sorting file': 'none', 'input _dir': 'cifarl0_results', ‘'output dir': 'cifarl0 results',

'seed': 1, 'remove n': 20000, 'keep lowest n': -1, 'remove subsample': 0, 'noise_percent labels': 0,
'noise_percent pixels': 0, 'noise_std pixels': 0, 'no_cuda': False, 'model':

'resnetl8','optimizer':'adam', 'epochs': 50, 'batch_size':]

Random removal: permute the if args.keep_lowest n < 0:

s # Remove remove n number of examples from the train set at random
training data and remove samples . - . P
train_indx = npr.permutation(np.arange(len(
train_dataset.train_labels)))[:len(train_dataset.train_ labels) -
args.remove n]

Call the example_stats for accuracy

test _acc_remove 20000 = max(example stats[ 'test'][1])

print(test _acc _remove 20000)




Train CIFAR10 with sorted data removal

args_dict = {'dataset': 'cifarl0', 'data_ augmentation': False, 'cutout': False,
'sorting file': 'cifarl0_sorted', 'input dir': 'cifarl0_results', 'output dir': 'cifarl0_results',

'seed': 1, 'remove n': 20000, 'keep lowest n': 0, 'remove subsample'

'noise_percent pixels': 0, 'noise_std pixels': 0, 'no_cuda': False,
'batch_size':128}

if args.sorting file == 'none':
#train_indx = np.array(range(len(train_dataset.train labels)))
train_indx = np.array(range(len(train_dataset.targets)))
else:
try:
with open(
os.path.join(args.input dir, args.sorting file) + '.pkl',
'rb') as fin:
ordered_indx = pickle.load(fin)[ 'indices']
except IOError:
with open(os.path.join(args.input dir, args.sorting file),
'rb') as fin:
ordered_indx = pickle.load(fin)[ 'indices']

# Get the indices to remove from training

# 0: number of remove n
elements_to_remove = np.array(
ordered_indx)[args.keep_lowest n:args.keep lowest n + args.remove n]

# Remove the corresponding elements
train_indx = np.setdiffld(
range(len(train_dataset.train labels)), elements_to_remove)

: 0, 'noise percent labels': 0,

'model': 'resnetl8','optimizer':'adam', 'epochs’:

Sorted removal: Used the sorted file
output and remove the samples with
the highest forgettable events by
using ordered_indx

50,



Load and train CIFAR10 data with noisy labels

Compute number of labels to change

# Compute number of labels to change

nlabels = len(train_ dataset.targets)

nlabels to change = int(args.noise percent labels * nlabels / 100)
nclasses = len(np.unique(train_dataset.targets))

print('flipping ' + str(nlabels to change) + ' labels')

For each label, introduce noise by changing to another label

# Flip each of the randomly chosen labels
for 1, label_ind to_change in enumerate(labels_inds_to_change):
# Possible choices for new label
label_choices = np.arange(nclasses)
# Get true label to remove it from the choices
true_label = train_dataset.targets[label ind_to_change]
# Remove true label from choices
label_choices = np.delete(
label choices,
true_label) # the label is the same as the index of the label
# Get new label and relabel the example with it
noisy label = npr.choice(label choices, 1)
train_dataset.targets[label ind to_change] = noisy label[0]



Graph examples with noisy labels

noisy labels = []
with open('/Users/marcoazevedo/Documents/UVa/Fa.
) as label file:
for line in label file:
number = int(line.split()[0])
noisy labels.append(number)

Get indices of examples with noisy labels from file

new_indices = np.array([])

for n in noisy_labels: # for each noisy index
new_index = np.where(ordered_examples == n) # get index of noisy index in prdered examples
new_indices = np.append(new_indices, new_index) # append index to list

new_indices = new_indices.astype(int) # cast as int

labels, values = zip(*Counter (ordered_values[new_indices]).items())

width = 1
arr = np.zeros(20)

Get index of noisy sample from ordered example . | i inerate (1abers):

arr[labels[i]] = values[i]

Re-sort elements in from statistics indexes = np.arange(len(arr))

# FOR MNIST
#plt.bar(indexes, values, width)
#plt.xticks(indexes + width * 0.5, labels)

#FOR CIFAR

plt.bar(indexes, arr.tolist(), width)
plt.xticks(indexes + width * 0.5, indexes)
plt.xlabel('number of forgetting events')
plt.ylabel('samples in training data')

plt.show()



Experimental Results
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Experimental Results

TRAINING DETAILS

CIFAR10 dataset trained with ResNet18

Z

Training iteration was reduced from 200

epochs in the paper to 50 epochs due to
computational cost.
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—— Selected removed After 50 iterations, highest test accuracy
Random removed was 77.45%
— None removed

20 30 40 50 ]
percentage of training set removed

Selected removed: samples were sorted based on forgettable events and most forgettable events were removed first
Random removed: randomly selected samples to be removed

Note: removing most forgettable examples first does not hurt performance as much as randomly removed samples



Experimental Results

©
&
@©
©
[o)]
£
£
©
—
=
£
wn
R}
Q.
IS
@©
w

012 3456 7 8 910111213141516171819
number of forgetting events

Examples with noisy labels are more likely to be forgotten

TRAINING DETAILS

CIFAR10 dataset trained with
REWEIES

Training with 100 epochs
(~1 hour on Colab)

Randomly selected 20% of examples
to change labels



Experimental Analysis and Conclusion and Future Work

There exists a large set of unforgettable examples
Examples with noisy labels and uncommon features are the most forgettable

Removing a large fraction of forgettable examples does not compromise
performance of the neural network

Future work:
The theory behind forgetting is needed to be further investigated

Understand forgetting phenomena within other forms of learning (e.g speech or T
text) ).
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Work Split

Marco

Oom

Loaded MNIST data

Trained CIFAR10 data to generate figure that compare forgettable events
between normal CIFAR10 and noisy CIFAR10

Made slides for paper review

Used the loaded MNIST data to generate figure showing forgettable events of
cach sample in the data
Loaded and trained CIFAR10 dataset

Generated the figure showing test accuracy with and without forgettable samples

ngSI?}‘

removed *@
P\

Made slides for the result section &G



References

Madhu S. Advani and Andrew M. Saxe. High-dimensional dynamics of generalization error in neural networks. CoRR, abs/1710.03667, 2017.

Yoshua Bengio and Yann LeCun. Scaling learning algorithms towards Al In Large Scale Kernel Machines. MIT Press, 2007.

Yoshua Bengio, Je to’me Louradour, Ronan Collobert, and Jason Weston. Curriculum learning. In Proceedings of the 26th annual international conference on machine learning, pp. 41-48. ACM, 2009.
Carla E Brodley and Mark A Friedl. Identifying mislabeled training data. Journal of artificial intelligence research, 11:131-167, 1999.

Haw-Shiuan Chang, Erik Learned-Miller, and Andrew McCallum. Active Bias: Training More Accurate Neural Networks by Emphasizing High Variance Samples. In Advances in Neural In- formation Processing Systems, pp. 1002—
1012,2017.

Pratik Chaudhari, Anna Choromanska, Stefano Soatto, Yann LeCun, Carlo Baldassi, Christian Borgs, Jennifer Chayes, Levent Sagun, and Riccardo Zecchina. Entropy-SGD: Biasing Gradi- ent Descent Into Wide Valleys. ICLR *17,
2016.

Terrance DeVries and Graham W Taylor. Improved regularization of convolutional neural networks with cutout. arXiv preprint arXiv:1708.04552, 2017.

Yang Fan, Fei Tian, Tao Qin, and Jiang Bian. Learning What Data to Learn. 2017.
Chelsea Finn, Pieter Abbeel, and Sergey Levine. Model-agnostic meta-learning for fast adaptationof deep networks. In Proc. of ICML, 2017.
S. Hochreiter and J. Schmidhuber. Flat minima. Neural Computation, 9(1):1-42, 1997.

Gao Huang, Zhuang Liu, Laurens van der Maaten, and Kilian Q Weinberger. Densely Connected Convolutional Networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pp. 47004708, 2017.




References

Lu Jiang, Zhengyuan Zhou, Thomas Leung, Li-Jia Li, and Li Fei-Fei. MentorNet: Learning data- driven curriculum for very deep neural networks on corrupted labels. In Proceedings of the 35th International Conference on Machine
Learning. PMLR, 2018.

George H John. Robust decision trees: removing outliers from databases. In Proceedings of the First International Conference on Knowledge Discovery and Data Mining, pp. 174-179. AAAI Press, 1995.

Angelos Katharopoulos and Franois Fleuret. Not all samples are created equal: Deep learning with importance sampling. In Jennifer G. Dy and Andreas Krause (eds.), ICML, volume 80 of JMLR Workshop and Conference
Proceedings, pp. 2530-2539. JMLR.org, 2018. URL http: //dblp.uni-trier.de/db/conf/icml/icml2018.html#KatharopoulosF18.

Nitish Shirish Keskar, Dheevatsa Mudigere, Jorge Nocedal, Mikhail Smelyanskiy, and Ping Tak Pe- ter Tang. On large-batch training for deep learning: Generalization gap and sharp minima. arXiv preprint arXiv:1609.04836, 2016.
Tae-Hoon Kim and Jonghyun Choi. Screenernet: Learning curriculum for neural networks. CoRR, abs/1801.00904, 2018. URL http://dblp.uni-trier.de/db/journals/ corr/corr1801.html#abs-1801-00904.

Diederik Kingma and Jimmy Ba. Adam: A method for stochastic optimization, 2014. URL http: //arxiv.org/abs/1412.6980. cite arxiv:1412.6980Comment: Published as a conference paper at the 3rd International Conference for
Learning Representations, San Diego, 2015.

James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume Desjardins, Andrei A Rusu, Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, and Others. Overcoming catastrophic forgetting in
neural networks. Proceedings of the national academy of sciences, pp. 201611835, 2017.

Robert Kleinberg, Yuanzhi Li, and Yang Yuan. An alternative view: When does sgd escape lo- cal minima? CoRR, abs/1802.06175, 2018. URL http://dblp.uni-trier.de/db/ journals/corr/corr1 802.html#abs-1802-06175.

Pang Wei Koh and Percy Liang. Understanding black-box predictions via influence functions. In Doina Precup and Yee Whye Teh (eds.), ICML, volume 70 of JMLR Workshop and Conference Proceedings, pp. 1885-1894.
JMLR.org, 2017. URL http://dblp.uni-trier.de/db/ conf/icml/icml2017.html#KohL17.

Alex Krizhevsky. Learning multiple layers of features from tiny images. 2009. URL https: //www.cs.toronto.edu/ kriz/learning-features-2009-TR.pdf.
M Pawan Kumar, Benjamin Packer, and Daphne Koller. Self-Paced Learning for Latent Variable Models. In Proc. of NIPS, pp. 1-9, 2010.
Y. LeCun, C. Cortes C., and C. Burges. The mnist database of handwritten digits. 1999. URL http://yann.lecun.com/exdb/mnist/.

Yong Jae Lee and Kristen Grauman. Learning the easy things first: Self-paced visual category discovery. In Computer Vision and Pattern Recognition (CVPR), 2011 IEEE Conference on, pp. 1721-1728. IEEE, 2011.




References

Chunyuan Li, Heerad Farkhoor, Rosanne Liu, and Jason Yosinski. Measuring the intrinsic dimension of objective landscapes. CoRR, abs/1804.08838, 2018. URL http://dblp.uni-trier. de/db/journals/corr/corr1804.html#abs-1804-
08838.

Michael McCloskey and Neal J Cohen. Catastrophic interference in connectionist networks: The sequential learning problem. In Psychology of learning and motivation, volume 24, pp. 109-165. Elsevier, 1989.

Behnam Neyshabur, Ryota Tomioka, and Nathan Srebro. In search of the real inductive bias: On the role of implicit regularization in deep learning. CoRR, abs/1412.6614, 2014. URL http: //dblp.uni-
trier.de/db/journals/corr/corr1412.html#NeyshaburTS14.

Guillermo Valle Perez, Chico Q. Camargo, and Ard A. Louis. Deep learning generalizes be- cause the parameter-function map is biased towards simple functions. CoRR, abs/1805.08522, 2018. URL http://dblp.uni-
trier.de/db/journals/corr/corr1805.html# abs-1805-08522.

Sachin Ravi and Hugo Larochelle. Optimization as a model for few-shot learning. In Proc. of ICLR, 2017.

Hippolyt Ritter, Aleksandar Botev, and David Barber. Online Structured Laplace Approximations For Overcoming Catastrophic Forgetting. 2018. URL http://arxiv.org/abs/1805. 07810.

Tom Schaul, John Quan, loannis Antonoglou, and David Silver. Prioritized experience replay. arXiv preprint arXiv:1511.05952, 2015.

Daniel Soudry, Elad Hoffer, Mor Shpigel Nacson, Suriya Gunasekar, and Nathan Srebro. The Im- plicit Bias of Gradient Descent on Separable Data. 2017. URL http://arxiv.org/abs/ 1710.10345.

Sainbayar Sukhbaatar, Joan Bruna, Manohar Paluri, Lubomir Bourdev, and Rob Fergus. Training convolutional networks with noisy labels. arXiv preprint arXiv:1406.2080, 2014.

R. Tachet, M. Pezeshki, S. Shabanian, A. Courville, and Y. Bengio. On the learning dynamics of deep neural networks. 2018. doi: arXiv:1809.06848v1. URL https://arxiv.org/abs/ 1809.06848.

Huan Wang, Nitish Shirish Keskar, Caiming Xiong, and Richard Socher. Identifying Generalization Properties in Neural Networks. pp. 1-23, 2018. doi: arXiv:1809.07402v1. URL http:// arxiv.org/abs/1809.07402.
Tengyu Xu, Yi Zhou, Kaiyi Ji, and Yingbin Liang. Convergence of sgd in learning relu models with separable data. CoRR, abs/1806.04339, 2018. URL http://dblp.uni-trier.de/db/ journals/corr/corr1806.html#abs-1806-04339.
Sergey Zagoruyko and Nikos Komodakis. Wide residual networks, 2016. URL http://arxiv. org/abs/1605.07146. cite arxiv:1605.07146.

Chiyuan Zhang, Samy Bengio, Moritz Hardt, Benjamin Recht, and Oriol Vinyals. Understanding deep learning requires rethinking generalization. arXiv preprint arXiv:1611.03530, 2016.

Peilin Zhao and Tong Zhang. Stochastic Optimization with Importance Sampling for Regularized Loss Minimization. In Proc. of ICML, 2015.




