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Abstract

Generalization is a big issue in machine learning. At first we show that classi-
cal notion of U shaped generalization behavior is not true for modern day ML
models. Instead modern day ML models show double descent characteristics
of generalization. To address issue of generalization for different problems we
show different strategies are useful. For information extraction from document
we show that data augmentation using rule based technique is highly effective.
For prediction of different pandemic related government decision, we show that
clustering based feature augmentation improves generalization performance of
models. For disinformation detection we show that graph based information
propagation improves generalization performance. In general we show different
strategies to improve generalization performance for different applications and in
this process we also show new way of looking into bias-variance trade-off of ML
models.
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Chapter 1: Double Descent Behavior : U Shaped Bias Variance
Trade-off Is Not True

1.1 Introduction

Recently Machine Learning has become indispensable to important applications in sci-
ence, technology and commerce. The focus of machine learning is on the problem of pre-
diction: given a sample of training examples (z1,¥1),..., (T, ys) from R? x R, we learn a
predictor h,: R? — R that is used to predict the label y of a new point z, unseen in training.

The predictor h,, is commonly chosen from some function class H, such as neural networks
with a certain architecture, using empirical risk minimization (ERM) and its variants. In
ERM, the predictor is taken to be a function A € H that minimizes the empirical (or training)
risk £ 3 0(h(x;), y;), where £ is a loss function, such as the squared loss ((y/, y) = (y' —y)?
for regression or zero-one loss £(y',y) = 1y, for classification.

The goal of machine learning is to find A, that performs well on new data, unseen in
training. To study performance on new data (known as generalization) we typically assume
the training examples are sampled randomly from a probability distribution P over RY x R,
and evaluate h, on a new test example (z,y) drawn independently from P. The challenge
stems from the mismatch between the goals of minimizing the empirical risk (the explicit goal
of ERM algorithms, optimization) and minimizing the true (or test) risk E y»y~p[l(h(z),y)]

(the goal of machine learning).



Conventional wisdom in machine learning suggests controlling the capacity of the function

class H based on the bias-variance trade-off by balancing under-fitting and over-fitting :

1. If H is too small, all predictors in H may under-fit the training data (i.e., have large

empirical risk) and hence predict poorly on new data.

2. If H is too large, the empirical risk minimizer may over-fit spurious patterns in the
training data resulting in poor accuracy on new examples (small empirical risk but

large true risk).

The classical thinking is concerned with finding the “sweet spot” between under-fitting and
over-fitting. The control of the function class capacity may be explicit, via the choice of ‘H
(e.g., picking the neural network architecture), or it may be implicit, using regularization
(e.g., early stopping). When a suitable balance is achieved, the performance of h,, on the
training data is said to generalize to the population P. This is summarized in the classical
U-shaped risk curve, shown in fig:double-descent(a) that has been widely used to guide model
selection and is even thought to describe aspects of human decision making [9]. The textbook
corollary of this curve is that “a model with zero training error is overfit to the training data
and will typically generalize poorly” [11, page 221], a view still widely accepted.

Yet, practitioners routinely use modern machine learning methods, such as large neural
networks and other non-linear predictors that have very low or zero training risk. In spite of
the high function class capacity and near-perfect fit to training data, these predictors often
give very accurate predictions on new data. Indeed, this behavior has guided a best practice
in deep learning for choosing neural network architectures, specifically that the network
should be large enough to permit effortless zero loss training (called interpolation) of the
training data [21]. Moreover, in direct challenge to the bias-variance trade-off philosophy,

recent empirical evidence indicates that neural networks trained to interpolate the training



under-parameterized over-parameterized

under-fitting over-fitting

. Test risk

% 'Mw “modern”
E C’E N interpolating regime
N . .
>~ o Training risk Training risk:
sweet spot\:. - _ S~ .A/interpolation threshold
Capacity of H Capacity of H

(a) (b)

Figure 1.1: Curves for training risk (dashed line) and test risk (solid line). (a) The
classical U-shaped risk curve arising from the bias-variance trade-off. (b) The double descent
risk curve, which incorporates the U-shaped risk curve (i.e., the “classical” regime) together
with the observed behavior from using high capacity function classes (i.e., the “modern”
interpolating regime), separated by the interpolation threshold. The predictors to the right
of the interpolation threshold have zero training risk.

data obtain near-optimal test results even when the training data are corrupted with high
levels of noise [26, 1].

The main finding of this work is a pattern for how performance on unseen data depends on
model capacity and the mechanism underlying its emergence. This dependence, empirically
witnessed with important model classes including neural networks and a range of datasets, is
summarized in the “double descent” risk curve shown in Figure 1.1(b). The curve subsumes
the classical U-shaped risk curve from Figure 1.1(a) by extending it beyond the point of
interpolation.

When function class capacity is below the “interpolation threshold”, learned predictors
exhibit the classical U-shaped curve from Figure 1.1(a). (In this paper, function class ca-
pacity is identified with the number of parameters needed to specify a function within the
class.) The bottom of the U is achieved at the sweet spot which balances the fit to the
training data and the susceptibility to over-fitting: to the left of the sweet spot, predictors
are under-fit, and immediately to the right, predictors are over-fit. When we increase the

function class capacity high enough (e.g., by increasing the number of features or the size



of the neural network architecture), the learned predictors achieve (near) perfect fits to the
training data—i.e., interpolation. Although the learned predictors obtained at the interpo-
lation threshold typically have high risk, we show that increasing the function class capacity
beyond this point leads to decreasing risk, typically going below the risk achieved at the
sweet spot in the “classical” regime.

All of the learned predictors to the right of the interpolation threshold fit the training
data perfectly and have zero empirical risk. So why should some—in particular, those from
richer functions classes—have lower test risk than others? The answer is that the capacity of
the function class does not necessarily reflect how well the predictor matches the inductive
bias appropriate for the problem at hand. For the learning problems we consider (a range
of real-world datasets as well as synthetic data), the inductive bias that seems appropriate
is the regularity or smoothness of a function as measured by a certain function space norm.
Choosing the smoothest function that perfectly fits observed data is a form of Occam’s razor:
the simplest explanation compatible with the observations should be preferred (cf. [24, 2]).
By considering larger function classes, which contain more candidate predictors compatible
with the data, we are able to find interpolating functions that have smaller norm and are

thus “simpler”. Thus increasing function class capacity improves performance of classifiers.

1.2 Models That Shows Double Descent Behavior

We start with simple models at first, and the slowly show result for complex models.
We first consider a popular class of non-linear parametric models called Random Fourier
Features (RFF') [19], which can be viewed as a class of two-layer neural networks with fixed
weights in the first layer. Once we show result for RFF, then we move to more variation of
RFF named Random-RELU feature. This is another random model with sinusoids in RFF

replaced by RELU. Random-RELU is a very shallow version of modern day fully connected



neural network. Once we have result for Random-RELU model, we show result for fully

connected neural network. We also show result for CNN.

1.3 Random Fourier Feature

1.3.1 Model

Sampling from probability distribution : In this section we derive the distribution
from which we can the angular frequencies . For a Gaussian kernel el¥l3/2%*  y ¢ RDx1
where D is number of features in original data and o is the bandwidth is a scalar . So we

need Fourier Transform of Gaussian kernel to find the w’s for making RFF .

Flg(x) = G(f) = — / e = / " g@)e o da

T o o

Fourier Transform of 1-dimensional Gaussian kernel is :

Gilw) =5 [ e

° 2 /9,2
_ e /20 e~ dx




Fourier Transform of D-dimensional Gaussian kernel is :

1\" = |
Gp(w) = (§> / e IIlI3/20% g=iex g (dimensions are independent)
_ (i) / e,%efi(wlmlJr..ﬁkaﬂ?D) dx
2m oo

e w2/2 g e 2w /2

J__ “Vor
(7
— N(0

) e wll3/2

0,diag(1/0*...1/5%)) (diag() € RP*P is covariance matrix)

Since, G1(w) and Gp(w) are Gaussian distributions, they integrate to 1 and are valid prob-

ability distributions. For D dimensional case, we can sample from N(0,1/0?) distribution

D times and get a vector. So the weight matrix we get is W = [wle...wap] where W
€ RP*%/2 and w; € RP*! and a is number of RFF. Xiain = [X1..Xn]” ; Xtrain € R™P
and Xpest = [X1...Xm]? and Xiest € R™P . Training data in RFF domain Zipain =

\/% [0S (Xtrain W).Sin(X¢rain W)] and testing data in RFF domain Zgest :\/g [0S (Xtest W51 (Xtest W)
Zirain € R and Ziest € R™** where n is number of training data and m is number of
test data. According to [19] Random Fourier Feature is defined as : z(x) = \/g [cos(wix +
by)...cos(wXx+b,)]T or z(x) = \/g[cos(w;fx)...cos(w;rmx)sin(w;rx)...Sin(w;r/2x)]T . These
two equations are equivalent to each other provided the fact that bi’s are sampled from

U(0,27). a is number of RFF we want and is a variable parameter in our setting.

Dual solution :  In dual form we get Kiyain = ZirainZtrain . and Kiest = Zitost Ztrain . - SO
once we get Kiyain, we solve for dual form Ky ain ¥ = Yirain. While inverting Kyyain , Kirain
is a matrix with the form ZipainZirain - - Zirain € R and Kipain € R™™ where n is number
of training data points and a is number of RFF . As a increases, the rank of Zgyai, increases.
When a is below number of training data points, the Rank(Zgyain) is at most same as number

of RFF. Since Rank(AB) < min(Rank(A), Rank(B)) , Rank(Kgyain) is at most number of
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RFF. As a increases more, the rank of Kiain increases till RFF becomes same as number
of train data points. After this point the rank of Kiain 18 at most number of training data
point, even if we vary number of RFF as to be as high as 6 times number of training data.
So, when a < (number of train data point), Kirain is rank deficient and when a > (number
of train data point), Kirain is full rank. We need regularization for solving inverse of Kipain
in lower range i.e. (Kgrain + A * Iden(n)) « & = Ygpain. Without regularization Kipainer =
Yirain = ZtrainZtrain' & = Yirain = 0 = (ZtrainZtrainT)_lytrain- Once we have solution,
Kirain® = Yirain—est = ZtrainZtrain' & = Yerain—est = LtrainW = Ytrain—est and similarly

* * T % T T\_1 .
Ztestw = Ytest—est- Here w = Ztrain o = Ztrain (ZtrainZtrain ) Ytrain- When dlfeCtly

” (Ktrainforig_Ktrain) ”F*]-OO%
H (Ktrain—orig) IIF

solving dual form, we compute approximation error for Ky ain as
, where Kirain—orig 15 the original kernel matrix obtained from evaluating kernel function

for pairwise data points and Kipain is the kernel matrix using RFF. Approximation error

K —ori *Ktest)HF*]-OO%
fOI. K . ”( test—orig
test ||(Ktestforig)HF

, Where Kyest—orig 15 the original kernel matrix obtained
from evaluating kernel function for pairwise data points and Kyest is the kernel matrix using
RFF. As #RFF increases, the error between original kernel matrix and RFF approximated

kernel matrix decreases implying good approximation.

Primal solution :

Instead of solving the dual form , this problem can be solved in RFF space. Loss
function is : ||(ZerainW — Ytrain)||2 Where Zipam € R™? and w € R® . Optimal w~ =
(Zirain® Zirain) Ztrain’ Yirain - C = Zirain " Lirain where C € R,

When a is below number of training data points, the Rank(Zgyain) is at most same as
number of RFF and a is above number of training data points, the Rank(Zyain) is at most
same as number of training data . Since Rank(AB) < min(Rank(A), Rank(B)) , for a <
—training data—, Rank(C) is at most number of RFF making C almost full rank . As

a increases more, the rank of C increases till number of RFF becomes same as number of

7



train data points. After this point the rank of C is at most number of training data point,
even if we vary number of RFF as to be as high as 6 times number of training data and
this makes C rank deficient. So, when a < |train data point|, C is almost full rank and
when a > |train data points|, C is rank deficient. We need regularization for solving inverse
of C in higher range i.e. w = (C + X * Iden(a)) 'Z¢rain” Yerain. Once we get solution,
Ytrain—est = ZirainW  and Ytest—est = ZiestW -

In both primal and dual setup, once we get the all predictions, we compute the L2 loss by
S Zézl(y? —y7)2. Here n is the number of data points in training data and 1 is the total
number of options available for labels. We compute classification accuracy by calculating
argmaa:jy;j and matching it against the original label of data. Since we don’t have multi-label

data, the argmax returns just one label.

Model in summary : So in summary, we first consider a popular class of non-linear
parametric models called Random Fourier Features (RFF') [19], which can be viewed as a
class of two-layer neural networks with fixed weights in the first layer. The RFF model

family Hy with N (complex-valued) parameters consists of functions h: R¢ — C of the form
N
h($) = Zak¢(x; Uk) where (ﬁ(x’ 1)) = e\/jl@’@)’
k=1

and the vectors vy, ..., vy are sampled independently from the standard normal distribution
in R, (We consider Hy as a class of real-valued functions with 2NV real-valued parameters
by taking real and imaginary parts separately.) Note that Hy is a randomized function
class, but as N — oo, the function class becomes a closer and closer approximation to the
Reproducing Kernel Hilbert Space (RKHS) corresponding to the Gaussian kernel, denoted
by Heo. While it is possible to directly use Ho, (e.g., as is done with kernel machines [3]),
the random classes H y are computationally attractive to use when the sample size n is large
but the number of parameters N is small compared to n.

8



Our learning procedure using Hy is as follows. Given data (z1,v1),..., (s, y,) from
R? x R, we find the predictor h, y € Hy via ERM with squared loss. That is, we minimize
the empirical risk objective £ 3"  (h(x;) — y;)* over all functions h € Hy. When the
minimizer is not unique (as is always the case when N > n), we choose the minimizer whose
coefficients (aq,...,ay) have the minimum ¢ norm. For problems with multiple outputs

(e.g., multi-class classification), we use functions with vector-valued outputs and sum of the

squared losses for each output.
1.3.2 Experiments

To demonstrate the double descent risk curve, we train a number of representative models

on several widely used datasets that involve images, speech, and text.

Datasets :  Table 1.1 describes the datasets we use in our experiments. These datasets
are for classification problems with more than two classes, so we adopt the one-versus-rest
strategy that maps a multi-class label to a binary label vector (one-hot encoding). For the
image datasets—namely MNIST [15], CIFAR-10 [13], and SVHN [17]—color images are first

transformed to grayscale images, and then the maximum range of each feature is scaled

to the interval [0,1]. For the speech dataset TIMIT [8], we normalize each feature by its

Table 1.1: Descriptions of datasets. In experiments, we use subsets to reduce the computa-
tional cost.

Dataset Size of Feature Number of
full training set | dimension (d) | classes
CIFAR-10 5-10* 1024 10
MNIST 6-10* 784 10
SVHN 7.3-10% 1024 10
TIMIT 1.1-10° 440 48
20-Newsgroups 1.6 -10% 100 20
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Figure 1.2: Double descent risk curve for RFF model on MNIST. Test risks (log
scale), coefficient ¢ norms (log scale), and training risks of the RFF model predictors h,, x
learned on a subset of MNIST (n = 10%, 10 classes). The interpolation threshold is achieved
at N = 10%.
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z-score. For the text dataset 20-Newsgroups [14], we transform each sparse feature vector
(bag of words) into a dense feature vector by summing up its corresponding word embeddings
obtained from [18].

For each dataset, we subsample a training set (of size n) uniformly at random without
replacement. For the 20-Newsgroups dataset, which does not have a test set provided, we

randomly pick 1/8 of the full dataset for use as a test set.

Model training :  For MNIST, each model is trained to minimize the squared loss on
the given training set. Without regularization, such model is able to interpolate the training
set when its capacity surpasses certain threshold (interpolation threshold). For comparison,
we report the test/train risk for zero-one and squared loss. For rest of datasets we use
zero-one loss only and show double descent behavior. The random feature vectors vy, ..., vy
are sampled independently from N'(0, 072 I), the mean-zero normal distribution in R? with
covariance 0~ 2-1. The bandwidth parameter o is set to 5, 5, 5, 0.1, and 16 for MNIST, SVHN,
CIFAR-10, 20-Newsgroup, and TIMIT, respectively. For all the values of o we observe same

double descent behavior.

Results : In Figure 1.2, we show the test risk of the predictors learned using Hy on a
subset of the popular data set of handwritten digits called MNIST. The same figure also
shows the ¢5 norm of the function coefficients, as well as the training risk. We see that
for small values of N, the test risk shows the classical U-shaped curve consistent with the
bias-variance trade-off, with a peak occurring at the interpolation threshold N = n.

The interpolation regime connected with modern practice is shown to the right of the
interpolation threshold, with N > n. The model class that achieves interpolation with fewest
parameters (N = n random features) yields the least accurate predictor. (In fact, it has no

predictive ability for classification.) But as the number of features increases beyond n, the

11
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Figure 1.3: Double descent risk curve for RFF model. Test risks (log scale), coefficient
{5 norms (log scale), and training risks of the RFF model predictors h,, x learned on subsets of
CIFAR-10 and 20Newsgroups (n = 10*). The interpolation threshold is achieved at N = 10%.
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TIMIT, Zero-one loss SVHN, Zero-one loss
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Figure 1.4: Double descent risk curve for RFF model. Test risks (log scale), coefficient
{5 norms (log scale), and training risks of RFF model predictors h,, y learned on subsets of
TIMIT and SVHN (n = 10*). The interpolation threshold is achieved at N = 10%.
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accuracy improves dramatically, exceeding that of the predictor corresponding to the bottom
of the U-shaped curve. The plot also shows that the predictor h,, ~, obtained from H, (the
kernel machine) out-performs the predictors from Hy for any finite N.

What structural mechanisms account for the double descent shape? When the number
of features is much smaller then the sample size, N < n, classical statistical arguments
imply that the training risk is close to the test risk. Thus, for small N, adding more features
yields improvements in both the training and test risks. However, as the number of features
approaches n (the interpolation threshold), features not present or only weakly present in the
data are forced to fit the training data nearly perfectly. This results in classical over-fitting
as predicted by the bias-variance trade-off and prominently manifested at the peak of the
curve, where the fit becomes exact.

To the right of the interpolation threshold, all function classes are rich enough to achieve
zero training risk. The model continues to improve as function complexity grows.

Figure 1.3 illustrates double descent behavior for CIFAR-10 and 20Newsgroup. Figure 1.4

shows similar curves of zero-one loss for TIMIT and SVHN.

1.4 Random RELU Feature

1.4.1 Model

We show that the double descent risk curve also appears with Random ReLU feature
networks [5]. Such networks are similar to the RFF models, except that they use the ReLU
transfer function. Specifically, the Random ReLU features model family Hy with N param-

eters consists of functions h: R? — R of the form

h(z) = Zak¢(a:;vk) where  ¢(z;v) := max((v, x),0).
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Figure 1.5: Double descent risk curve for Random ReLU model. Test risks (log scale),
coefficient ¢, norms (log scale), and training risks of the Random ReLU Features model
predictors h, x learned on subsets of MNIST and SVHN data (n = 10*). The interpolation
threshold is achieved at N = 10%. Regularization of 4 - 107% is added for SVHN to ensure
numerical stability near interpolation threshold.

The vectors vy,...,vy are sampled independently from uniform distribution over surface
of unit sphere in R?. The coefficients a;, are learned using linear regression. All details in

Random-RELU is same as RFF except the RELU transformation instead of sinusoid.
1.4.2 Experiments

Figure 1.5 illustrates zero-one loss with Random ReLU features for MNIST and SVHN
data. Ridge regularization with parameter A = 4 - 1079 is added in SVHN experiments to

ensure numerical stability near the interpolation threshold. For MNIST experiments, no
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regularization is added. We observe that the resulting risk curves and the norm curves are

very similar to those for RFF.

1.5 Neural Networks and Backpropagation

1.5.1 Model

In our experiments, we use fully connected neural networks with a single hidden layer. To
control the capacity of function class, we vary the number of hidden units. We use stochastic
gradient descent (SGD) to solve the ERM optimization problem in this setting.

In general multilayer neural networks (beyond RFF or ReLLU random feature models), a
learning algorithm will tune all of the weights to fit the training data, typically using versions
of stochastic gradient descent (SGD), with backpropagation to compute partial derivatives.
This flexibility increases the representational power of neural networks, but also makes ERM
generally more difficult to implement. Nevertheless, as shown in Figure 1.6, we observe that
increasing the number of parameters in fully connected two-layer neural networks leads to a
risk curve qualitatively similar to that observed with RFF models.

The computational complexity of ERM with neural networks makes the double descent
risk curve difficult to observe. Indeed, in the classical under-parametrized regime (N < n),
the non-convexity of the ERM optimization problem causes the behavior of local search-based
heuristics, like SGD, to be highly sensitive to their initialization. Thus, if only suboptimal
solutions are found for the ERM optimization problems, increasing the size of a neural
network architecture may not always lead to a corresponding decrease in the training risk.
This suboptimal behavior can lead to high variability in both the training and test risks
that masks the double descent curve. Hence to smooth out this variability, we use weight
reuse scheme. For smaller model, we save the weights and initialize larger model with these

weights.

16



—o Test
g — Train
-
(V)]
o
(0]
C
Q
P
(]
| A .
| T
1
0.6 == Test
— Train
a
2 0.49
©
e \
z 0.2- \ | _ 4'
n - I
Q:<:::::::l& I
0.0 C}G R
T I |
3 10 40 100 300 800

Number of parameters/weights (x103)

Figure 1.6: Double descent risk curve for fully connected neural network on
MNIST. Training and test risks of network with a single layer of H hidden units, learned
on a subset of MNIST (n = 4-103, d = 784, K = 10 classes). The number of parameters
is (d+1)-H+ (H +1) - K. The interpolation threshold (black dotted line) is observed at
n- K.
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1.5.2 Experiments

Model training : The ERM optimization problem in this setting is generally more dif-
ficult than that for RFF and ReLU feature models due to a lack of analytical solutions
and non-convexity of the problem. Consequently, SGD is known to be sensitive to ini-
tialization. To mitigate this sensitivity, we use a “weight reuse” scheme with SGD in the
under-parametrized regime (N < n), where the parameters obtained from training a smaller
neural network are used as initialization for training larger networks. This procedure, de-
tailed below, ensures decreasing training risk as the number of parameters increases. In the
over-parametrized regime (N > n), we use standard (random) initialization, as typically
there is no difficulty in obtaining near-zero training risk.

We now provide specific details below. We use SGD with standard momentum (parameter
value 0.95) implemented in [6] for training. In the weight reuse scheme, we assume that we
have already trained a smaller network with H; hidden units. To train a larger network with
Hy; > H; hidden units, we initialize the first H; hidden units of the larger network to the
weights learned in the smaller network. The remaining weights are initialized with normally
distributed random numbers (mean 0 and variance 0.01). The smallest network is initialized
using standard Glorot-uniform distribution [10]. For networks smaller than the interpolation
threshold, we decay the step size by 10% after each of 500 epochs, where an epoch denotes
a pass through the training data. For these networks, training is stopped after classification
error reached zero or 6000 epochs, whichever happens earlier. For networks larger than

interpolation threshold, fixed step size is used, and training is stopped after 6000 epochs.

Results :  Fully connected neural network results have been shown in Figure 1.6 with
weight reuse scheme in action. This shows double descent behavior for MNIST dataset. More

additional experimental results for fully connected neural networks are shown in Figure 1.7.

18



MNIST (n=4-103,d =784, K=10) CIFAR-10 (n =960, d =64,k =2) MNIST (n=4-103,d =784,K = 10)

404
60 == Test
—4— Test = Train

Train < 304

N
v
1

)

—4— Test
Train

=N
w o
L1

-
o
1

Zero-one loss (%)
Zero-one loss (
Zero-one loss (%)

o u
L1

=
o
1

o
1

—— Test
! Train
1
1.0 !
1
1
1
0.5 ]
1

Squared loss
Squared loss
Squared loss

1
1
)
1
1
1
1
1
!
T

T T T T T T T T
T T T T T T
10 40 100 300 800 50 400 2000 10000 50000 650000 14 40 100 300 800

Number of parameters/weights (x103) Number of parameters/weights Number of parameters/weights (x103)

(a) (b) (c)

w—

Figure 1.7: Double descent risk curve for fully connected neural networks. In each
plot, we use a dataset with n subsamples of d dimension and K classes for training. We
use networks with a single hidden layer. For network with H hidden units, its number of
parameters is (d+1)- H + (H + 1) - K. The interpolation threshold is observed at n - K and
is marked by black dotted line in figures. (a) Weight reuse before interpolation threshold
and random initialization after it on MNIST. (b) Same, on a subset of CIFAR-10 with 2
classes (cat, dog) and downsampled image features (8 x 8). (c) No weight reuse (random
initialization for all ranges of parameters).

Results for MNIST and CIFAR-10 with weight reuse are reported in Figure 1.7(a) and
Figure 1.7(b). Results for MNIST without weight reuse are reported in Figure 1.7(c). In
this setting, all models are randomly initialized. While the variance is significantly larger,
and the training loss is not monotonically decreasing, the double descent behavior is still

clearly discernible.

1.6 Related Literature

Bias variance trade-off for machine learning models goes back to the day of statistical
machine learning. There people used to deal with toy machine learning models. Most of
the statisticians mainly dealt with as parameters increases how the combined effect of bias-
variance vary. The classical work shows that U shaped generalization behavior. This has

effected all models in various ways. Usage of regularization is one of the motivating factor
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for trade-off. In linear regression case one can use p-norm of the solution to constraint the
solution. Same goes true for logistic regression, SVM also. For decision tree and related
algorithm, one can control the depth of trees and number of trees to achieve regularization.
In Bayesian models one can use priors to act as regularizer. However, since the models were
small and datasets were small, mostly there were theoretical works. With the advent of GPU
and deep neural network and internet, comes real dataset and big models. To best of my
knowledge this is first work which shows double descent behavior for modern day machine

learning models.

1.7 Conclusion

It is common to use neural networks with extremely large number of parameters [4]. But
to achieve interpolation for a single output (regression or two class classification) one expects
to need at least as many parameters as there are data points. Moreover, if the prediction
problem has more than one output (as in multi-class classification), then the number of
parameters needed should be multiplied by the number of outputs. This is indeed the case
empirically for neural networks shown in Figure 1.6. Thus, for instance, data sets as large
as ImageNet [20], which has ~10° examples and ~10? classes, may require networks with
~10? parameters to achieve interpolation; this is larger than many neural network models
for ImageNet [4]. In such cases, the classical regime of the U-shaped risk curve is more
appropriate to understand generalization. For smaller data sets, these large neural networks
would be firmly in the over-parametrized regime, and simply training to obtain zero training

risk often results in good test performance [26].
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Chapter 2: Information Extraction from Document

2.1 Introduction

Information extraction from document has been around for many years in research com-
munity. Given a document, we can extract various information like paragraph, triple, QA on
these documents. A document can be in image format or language format. If the document
is in image format, typically, these tasks are solved as joint vision and NLP extraction tasks.
If the document is in text format, the we just extract the language from the document using
standard tools and apply ML on these to perform several downstream jobs. The problem
becomes far more interesting if the document is in image format and there is text inside
them. We try to solve this problem. We assume that the vision part has been given to us.
This is a reasonable assumption given the fact that OCR engine performances are very high
these days. Now given the OCR engine output, we process the text using some algorithm.
The end goal is to do information extraction from these documents.

Let’s look at the overall flow. A data can be given as (x,y) where x is the document and
y are the label(in our case information to be extracted). But we have plethora of documents,
and do not have labels for them. This is typical data generation task that modern machine
learning/Al systems face, and try to solve this. For example, in NLP community, given
a paragraph, we can generate QA pair for solving question answer task. Researchers have

tried to generate artificial QA pair to augment the original job of QA on NL. In vision, given
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an image we can generate rules/heuristics to generate instance segmentation in an image.
Label /data generation is a research problem in ML, and here we are facing same problem.
Hence, we try to generate fields given an invoice/structured document.

At first we write rule based solution to extract labels with high precision. Since these
rules have high precision, if they return empty for certain documents, we manually annotate
them. At the end of this stage, 70% documents were labeled automatically by the rules,
and rest 30% we manually annotated. This reduces the expensive, and time consuming
manual annotation part of documents, and useful for business: they have lower yield time
to deliver to the customer, lower cost because we need less manual annotation. Also, from
research point of view, label generation for any data is an important task. This way we can
generate data in unsupervised fashion. Once we have the data ready, i.e., both x and y are
ready, we can train our favorite ML algorithm: deep neural network, support vector machine,
BERT, Bayesian models etc. This model, given a document, rolls out the information to be
extracted. For example, information like vendor name, invoice number, invoice date, total
amount, tax amount, final date, address etc. are extracted by the model given a financial

document.

2.2 Problem Statement

In this work we focus on financial documents. The financial documents are in image
format, and there are texts inside them. Given a financial document, we want to extract
invoice number, invoice date, total amount, tax amount, final date, address etc. In Figure 2.1,
we show an example of a document and the information to be extracted from it; invoice
number is INV02081, invoice date is 11/11/18, etc. We train a machine learning model
on these documents. However, there is data annotation problem as data annotation is

expensive. The basic pipeline is: we apply OCR on the document followed by machine
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lStanford Plumbing & Heating INVOICE
Vendor name S ’

www.plumbi com
990-120-4560 7
BILLTO Invoice Ne #INVO2081
0: .
Allen Smith [ Invoice Date: 11/11/18 ] Invoice number and date
s
87 Private st, Seattle, WA Due Date: 12/01/18
allen@gmail.com
990-302-1898
DESCRIPTION QTY/HR UNIT PRICE TOTAL
Installed new kitchen sink (hours) 3 50.00 150.00
Toto sink 1 500.00 500.00
Worcester greenstar magnetic system filter 1 150.00 190.00
Nest smart thermostat 1 250.00 250.00
Worcester Greenstar 30 1 1500.00 1500.00
SUBTOTAL 2590.00
DISCOUNT 50.00
SUBTOTAL LESS DISCOUNT 2540.00
Tank you for your business!
TAX RATE 12.00%
TOTAL TAX 304,80

G [1owt amoun

Terms & Instructions.
Please pay within 20 days by PeyPel (oob@stanfordplumbing com)
Installed products have 5 year warranty.

Figure 2.1:  Information to be extracted from document.
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learning algorithm to extract the information. OCR output is word with bounding box of
coordinate information. We are trying to learn patterns on top of OCR output. One problem
with OCR is that the output of this does not have any structure information that is present
in the document. However, we can detect the structure information using some technique.
Also another observation is that the vocabulary of the information to be extracted is not as
varied as natural language. We have variations here, but they are pretty limited.

We believe a hybrid system with machine learning model and high precision rules is
suitable for this job. But we don’t have annotated data for ML model. Hence we need to
collect data. But data collection is expensive, and in long run that is not a viable option.
Hence can we develop high precision method for doing data annotation. This leads to the
methods in next sections. Once we have the data, a large fraction of data is covered by
these high precision rules, and rest documents where the high precision rules can not have
a prediction, we annotate manually. Once the entire data is ready, we train any machine
learning model and obtain desired result. As a by product of these high precision rules is
that we can have a hybrid system of rule and machine learning model. But this is not our

focus. We focus on data generation part for the document information extraction.

2.3 Proposed Solution

We now explain in details the proposed solution for the hybrid system. We construct high
precision rules based upon spatial and language patterns in the data. These high precision
rules help in efficient data augmentation and act as a first stage in the hybrid system. Once

we obtain the data, we train a deep learning system on the overall data.
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— Invoice

Find phrase from thaln .phras.e to the Return phrase with number
. immediate right and L
Seed set [—)] document matching invoice number =
. down of matched
with seed set data type

phrase NULL

Figure 2.2: Invoice number extraction pipeline.

2.3.1 Invoice Number and Date

We now describe data generation for invoice number and date. As we mentioned before
since the vocabulary variability for information is smaller compared to natural language, we
have the flexibility to write high precision rules through which we can generate data.

In Figure 2.2 we show the overall diagram of the data generation of invoice number and
date. We at forst obtain a good seed set of phrases that correspond to invoice number and
date. Then we find the phrase (RBP) to the immediate right or down of this seed matched
phrase. To make it high precision, we do a data type match of the RBP. For invoice number
RBP should be a number, for date it should be of date data type. Here we use three aspects
- the vocabulary variability for phrases is less, the structural information of phrases, data

type of the information. These helps us to write high precision data generation.
2.3.2 Amount Detection

We now describe data generation for amount detection. As we mentioned before since
the vocabulary variability for information is smaller compared to natural language, we have
the flexibility to write high precision rules through which we can generate data.

Like the previous section, we at first obtain a good seed set of phrases that correspond
to total amount. Then we find the phrase (RBP) to the immediate right, left or down of
this seed matched phrase. To make it high precision, we do a data type match of the RBP.
Here the data type will be money. If we don’t have result out of this rule, we do partial
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table column detection. For table column detection we start with highly occurring phrases
in table and based upon that we detect the table rightmost column. Once we have found the
rightmost column, maximum element out of this is the amount we are interested in. Similar
to the date and number, here we use three aspects - the vocabulary variability for phrases
is less, the structural information of phrases, data type of the information. In addition to
these, we use partial table detection to arrive at the result. These helps us to write high
precision data generation. These rules described above is very high precision, that is if they
can say it they say with very high confidence. If they can not say, then they simply return

null. Detecting vendor name is similar to detecting amount detection.

2.4 Experimental Results

We use data that consists of several thousands of documents from which we extract these
information. We pass the documents through OCR engine and rule modules.

At first we manually annotate 500 documents, and then we pass these documents thor-
ough the data generation rules to observe precision and coverage of these rule modules. The
result is shown in In Figure 2.3 where we observe that with very high precision, we can gen-
erate the data for the information to be extracted. For example for the invoice number let’s
assume there are 1000 documents. Then for 870 documents the rules are able to generate
the number, and for rest 130 document it returns empty string. For the 130 documents we
do human annotation for obtaining the labels. Same arguments hold true for the rest of the
information to be extracted.

Once we obtain all the data collected from the documents, we can train deep learning
model (variant of BERT or so) on this data. Some advantages of this approach are : cost of
expensive human annotation decreases, time to annotate decreases, yield time to customer

decreases, and we can augment data to a ML/DL model to obtain better performance.
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Precision Coverage

Figure 2.3: Precision and coverage for the rule modules on different fields.

2.5 Related Literature

There are variety of literature for this job. One line of research says that we can obtain
a joint vision and language detection model on these. The advantage of this is that since
model is trained joint, the error rate goes down. A downside of this approach is that we now
need a very big model since vision and language part has to be handled at the same time.
This is not good for maintainability and interpretibility. Another approach has started it’s
way into research community is optical character recognition based method. Since computer
vision, especially OCR is a evolved and mature technology, with accuracy nearing more
than 95%, it is easier for industrial settings to do detection on top of OCR output. Now
one advantage if this method is that the developer or researcher need not focus on vision
part of the model. Just machine learning on language part will suffice. However, a major
drawback of this approach is that there is no structure information in the OCR output.

All these leads to added complexity. Another few approaches are - fixed template-based
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information extraction,and feature based Conditional Random Field (CRF) where we extract

string features and do ML on top this [16, 23].

2.6 Conclusion

Information is an important task to solve, and data augmentation in this scenario is
an important issue for machine learning models. Using the rules mentioned above one can
generate labeled data to be augmented with original data for training machine learning
model. In this way we can do better training of ML models. Also as a byproduct of this
process, the high precision rules also act as an integral part of hybrid system (rule+ML
based solution). We show on real dataset that the rule based system performs well although

coverage is an issue.
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Chapter 3: Mandates from Government Prediction Using COVID
Data

3.1 Introduction

COVID 19 has affected all of us. It has led to many effects which are beyond our imagi-
nation. Due to different death rate, different state governments have closed the state/issued
stay at home order/partial or full closing of state at different time. This decision can be
taken by simply observing COVID confirmed/death/recovered cases or it can be taken in
more complex way such as projection of possible cases in future and possible economic dam-
age this closure order may cause. It is an optimization between death and financial damage.
In this complex decision making part, demographic information from USA census data can
be useful since different age group gets affected differently by this pandemic. Since now we
know that this pandemic has social and economic consequences, here are some points. At
first, let’s look at some economic aspect of it. Economic aspect of pandemic: e Throughout
the world different places have different industries, different businesses, different sources of
income. Some places thrive on agriculture, while some other on technology industry. With
in technology industry also there are differences — core sector (like mechanical, electrical,
civil) and software/computer science sector. So, it is obvious that different industries are
going to be affected differently by pandemic. Since different states have different major in-

dustries, they are going to be affected differently. For example, California or Washington in
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USA is mostly dominated by software/internet companies while Michigan is dominated by
car industry. So due to stay home order Michigan is going to be affected more by pandemic,
and contrary to that California/Washington is not going to be that affected by pandemic
money wise. Now coming to the question of which state should enforce stay at home order
and when, depends on the job people do there. So different states might have different
time frame to implement stay at home order. e Another part government should possibly
consider is shut down different businesses at different time. We have different categories of
business — high priority(medical/grocery), medium priority, and low priority. As a result,
low priority businesses are going to be shut down first, gradually followed by medium prior-
ity businesses. What are the possible reasons for this gradual shutting down of businesses
to ensure containment of disease and overall less financial loss. Since different states have
different proportion of medium and low priority businesses, they will have different shutting
down time. As a result, how people there are getting affected? Once pandemic is over
how exactly governments are going to reopen the businesses? Social aspect of pandemic: e
People, mostly above 60, have been affected by this pandemic. As in different states the
number of infected people is on the rise, we have to be attentive to the primary health care
worker’s condition. Due to the outbreak and implementing public health measures, health
workers often are getting infected which in return makes more pressure on health system.
So, the governments should be more careful about the health workers. One way to ensure
is give more proper PPE, hand sanitizer and other precautionary and protective agents to
them. But initially, since different states have different rate of increase of pandemic, and
there was shortage of precautionary and protective equipments, governments took different
measures at different time. How did these different timing affect the overall health of health
care workers is an social aspect we can possibly look into. e Another important aspect of

this pandemic is the underlying drivers of fear, anxiety and stigma that fuel misinformation,
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particularly through social media. Social media and internet are now a day one of the ma-
jor sources of information. Due to fear, stigma people have been spreading misinformation
regarding various aspects of pandemic. For example, there was a rumor that Coronavirus is
not going to survive in hot and humid climate condition which neither does has any scientific
basis nor empirical basis. So, such a misinformation must be addressed since it gives false
hope to the people. Did governments take care of this misinformation? One way to know
that it did is by reading the official statements or public briefing. Some selected group of
persons also have been heckled as a source/originator of pandemic with out any valid reason.
Did governments address this? If it did not what was the possible social implications. We
can possibly get these information from crawling social media, news articles, and websites
in general, make models to identify these misinformation, take a note of government policy
on addressing these issues, if not addressed what were the implications. e Another social
aspect can be unfortunate more death of the poor in society because they live in crowded
space, don’t have blue collar job where they can work from home, and inadequate money
to survive cover health cost in case they gets infected. I think demography of states plays
huge role in this. Governments should be extra careful where the per capita income is less,
and people also live in crowded place. So how did governments handled this situation, what
measures did they take to address this, and if there was delay in this procedure what was

the effects on poor?

3.2 Problem Statement and Results

The task here is given any day’s features for a state and day can we decide whether
the government should have ‘STAY AT HOME’, ‘OTHERBUSINESSCLOSE’ , ‘GATHRE-
STRICT10’, ‘GATHRESTRICTANY’ order in that place or not. So, we have supervised

binary classification task where the classification model is Logistic Regression, SVM with
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RBF, and Random Forest. Once we have the result with full features, we remove one feature
at a time, retrain the model, predict performance, and find difference of this performance
with that of full feature. This is how we find feature importance. For Random Feature we
also can have feature importance based upon contribution to entropy decrease — but we do
not use this to consistently evaluate all kinds of classifiers. The features that was used are
1CUbed — mean, democrat, republican — vote — prct, newlICU — mean, admis — mean,
allbed — mean, ticuover — mean, InvVen —mean, bedover — mean, total — claims, initial —
claims, and total — claims — rate. We also show that proactivity or reactivity of a state is

important to predict the different decision we are trying to predict.

STAY AT HOME Government encouraged stay at home so that the pandemic does not
spread. Table 3.2 shows stay at home order prediction from government of different US

states for different models.

OTHER BUSINESS CLOSE Government form different states took precautionary
measure so that essential business remains open like hospital, groceries, petrol pumps etc. On
the other hand non essential business mostly restaurant, show business, and different other
kinds should be shut down. Table 3.2 shows non essential business close orders prediction

from government of different US states for different models.

’ Method H Precision \ Recall \ F1l-score ‘
Random forest 0.96 0.96 0.96
Logistic regression 0.75 0.75 0.75
SVM with RBF 0.97 0.97 0.97

Table 3.1: Stay at home order prediction for all states on each day.
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GATHRESTRICT 10 There are states where government thought that may be gather-
ing of 10 people won’t be serious. Hence Table 3.2 shows no more than 10 people gather

restriction orders prediction from government of different US states for different models.

GATHRESTRICTANY The states with very serious surge of COVID, government de-
cided to shut down all movements of people. Hence Table 3.2 shows any number of people
gather restriction orders prediction from government of different US states for different mod-

els.
3.2.1 Proactive and Reactive Nature of States

We have to decide some of the states as proactive and rest as reactive. Since we don’t
have ground truth, we have to do it in unsupervised way. The following algorithm shows
how we defined proactive or reactiveness of a state. Few definitions: Digpercent — the day
when 10 percent of total death has happened, D,, — the day when stay at home order has

been issued . Algorithm:

1. Find difference (D) of 2 days (Diopercent, Dsan) from people dying curve for each state.

Final output is in number of days. So, for each state we have delay days (D).

2. We define a threshold (T) on top of D to define a state as proactive or reactive. If

D < T then that state is proactive, else reactive. However, we don’t know optimal T.

’ Method H Precision \ Recall \ F1l-score ‘
Random forest 0.95 0.95 0.95
Logistic regression 0.7 0.7 0.7
SVM with RBF 0.96 0.96 0.96

Table 3.2: Other business close prediction for all states on each day.
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3. To find reasonable T we vary T and observe effect of it.
ter the states in 2 clusters using Gaussian Mixture Model (GMM). To do cluster we
need features for state. The features for each state will be - summary statistics from

(Diopercent+1) day to (Digpercent+1+30) day for total-death , total-hospitalization , total-

unemploy and many more.

4. Since with each T, dataset of clustering is different, we get different clustering scores

(for GMM we use AIC/BIC). For each T we get a clustering score. We take the T,,p1ima

= T where clustering score is minimum.

5. Since we got Toptimar, We assign proactive or reactive status for all states as 1/0 status.

6. Append this proactive/reactive status as feature. Run random forest model for several

downstream classification tasks we hope to improve.

Final result comparison with and without proactive and reactive features
states with proactive and reactive feature shows improvement on the four decisions we are
trying to make. Hence Table 3.2.1 shows results for stay at home, business close, any gather

10 and any gather decision from government of different US states for Random Forest model

with and without proactive/reactive feature.

’ Method H Precision \ Recall \ F1l-score ‘
Random forest 0.95 0.95 0.95
Logistic regression 0.6 0.6 0.6
SVM with RBF 0.96 0.96 0.96

Table 3.3: Gathering of more than 10 people restriction prediction for all states on each day.
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’ Method H Precision ‘ Recall ‘ F1-score

Random forest 0.96 0.96 0.96
Logistic regression 0.85 0.85 0.85
SVM with RBF 0.97 0.97 0.97

Table 3.4: Gathering of any people restriction prediction for all states on each day.

| Classification task || With proactive/reactive feature | Without proactive/reactive feature |

Stay at home 96.5 96.0
Business close 95.0 94.5
Any gather of 10 95.3 95.0
Any gather 96.5 96.0

Table 3.5: F1 score using Random forest with and without proactive and reactive feature.
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Chapter 4: Misinformation Detection from Social Media

4.1 Introduction

With the advent of internet, initially there were very few people o the internet and mostly
it was used for social good and used to portray nice side of people. It was mostly dominated
by rich people doing nice things to connect the world. But then came information age.
With the democratization of internet, and rapidly decreasing technological advancement
to give almost free internet gave people access to the wonderful world of internet. It is a
parallel universe where people can do almost anything these days. Our world has always
revolved around good and bad deeds. With democratization came evil actors in the internet
whose purpose is to spread rumor and fake news thereby corrupting the niceness of internet.
Political propaganda, social unrest, maligning somebody, fake review of products to name a
few of the misinformation types. These misinformation has both social and economic aspects
associated to them. Propagating misinformation about a person can do social harm to the
point of maligning and physical harm. Misinformation about a product can ruin a companies
personal brand and do financial damage. Since these are detrimental to various aspects
of society, they need to be curbed. Hence there has been proliferation of misinformation
detection tasks on social media platforms like Facebook, Google, Twitter to name a few.
These companies invest billions of dollars into making their platform misinformation free so

that balance is maintained.
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There has been different types of misinformation detection. Initially people just took
raw tweet or social media post and classify it. One of the main modalities we can augment
with text is graph of the internet. Graph is an essential part of internet based upon which
internet was made. Hence misinformation detection on social media is very much dependant
upon graph and text part. With the proliferation of image and text research one can imagine
that image will be also a part of the misinformation where a corrupted text is added to right
image or a corrupted image is added to a right text. Hence multimodal misinformation
detection is slowly getting popular.

Given a misinformation dataset which is mainly natural language, we can classify a
Transformer type model to arrive at a decent performance. However, if the graph component
can be augmented wit this text based part, we can get better result. Hence we can pass the
graph component to Graph Convolution Network (GCN) and get the embeddings out of it.
Then we can augment BERT embeddings for the text with the GCN embeddings and obtain
better result for misinformation detection (DD) job. However a very serious concern in this
kind of research is that since multimodal components are getting added, how to do effective
augmentation. A recent work has shown that the graph component can augmented to the
self attention layer to find better model for graph+text type classification job. This work
has been shown to have good performance for semantic parsing job where the relations from
the database and NL to table mapping relations form graph relation and the classification
job is to predict right first order logic form detection.

Misinformation detection also can be formulated as graph information with natural lan-
guage information. The BERT with relational embedding mentioned above can be used as

a new way of detecting disinformation.
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4.2 Problem Statement

Misinformation in social media platform as Twitter is very concerning these days. In
Twitter there is main user, followers of that main user and the tweet/main text/post that
main user created or shared. Hence form social graph or relation point of view there are
edge types - ‘create’ edge between main user and tweet, ‘follow’ edge between main user
and followers, ‘share’ edge between followers of the main user and tweet. Since this relation
information is available, we can pass this social graph through graph convolution network and
get embeddings for the tweet nodes. This propagates the neighborhood graph information
from few hops away and as a result of this the tweet node has information from the main user
node and followers node. But a main disadvantage of this approach is that GCN [12] depends
only on graph node embeddings - it does not take into consideration the relation types. Also
if the nodes has some other context embedding, it does not know how to propagate that
information through graph. Once we obtain the tweet node embeddings, we concatenate
with BERT [7] embeddings and classify - which leads to the general question of merging
embeddings together effectively.

A recent work Ralational BERT [25, 22] tries to the relation embedding along with natural
language embeddings, and merge then together inside BERT. This model has flexibility to do
natural language modeling, graph /relation information propagation, merging them together
inside BERT model in one go. This type of model has shown improved performance on
text to SQL job [25, 22]. In this work we investigate the efficacy of relational-BERT for

disinformation detection job.

4.3 Experimental Results

For misinformation detection form social media, we test two different kinds data on

different models. We test the misinformation detection performance using LSTM, BERT,
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GCN+BERT and Relational BERT model. We expect that Relational BERT model should

have the best result.

4.4 Future Direction

In the context of social media, different types of approaches has been adopted - text based,
separate graph based. In this work we do model graph and text in same model. However,
how to effectively integrate graph inside a language model is still an unsolved problem. In
future we wish to investigate more on this. Multimodal disinformation detection is getting

more prominence day by day. In future we also plan to investigate on this.
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