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Abstract

We examine gradient descent on unregularized logistic regression problems, with homogeneous
linear predictors on linearly separable datasets. We show the predictor converges to the direction
of the max-margin (hard margin SVM) solution. The result also generalizes to other monotone
decreasing loss functions with an infimum at infinity, to multi-class problems, and to training a
weight layer in a deep network in a certain restricted setting. Furthermore, we show this convergence
is very slow, and only logarithmic in the convergence of the loss itself. This can help explain the
benefit of continuing to optimize the logistic or cross-entropy loss even after the training error is
zero and the training loss is extremely small, and, as we show, even if the validation loss increases.
Our methodology can also aid in understanding implicit regularization in more complex models and
with other optimization methods.
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1. Introduction

It is becoming increasingly clear that implicit biases introduced by the optimization algorithm play a
crucial role in deep learning and in the generalization ability of the learned models (Neyshabur et al.,
2014, 2015; Zhang et al., 2017; Keskar et al., 2017; Neyshabur et al., 2017; Wilson et al., 2017).
In particular, minimizing the training error, without explicit regularization, over models with more
parameters and capacity than the number of training examples, often yields good generalization. This
is despite the fact that the empirical optimization problem being highly underdetermined. That is,
there are many global minima of the training objective, most of which will not generalize well, but
the optimization algorithm (e.g. gradient descent) biases us toward a particular minimum that does
generalize well. Unfortunately, we still do not have a good understanding of the biases introduced by
different optimization algorithms in different situations.

We do have an understanding of the implicit regularization introduced by early stopping of
stochastic methods or, at an extreme, of one-pass (no repetition) stochastic gradient descent (Hardt
et al., 2016). However, as discussed above, in deep learning we often benefit from implicit bias even
when optimizing the training error to convergence (without early stopping) using stochastic or batch
methods. For loss functions with attainable, finite minimizers, such as the squared loss, we have some
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understanding of this: in particular, when minimizing an underdetermined least squares problem
using gradient descent starting from the origin, it can be shown that we will converge to the minimum
Euclidean norm solution. However, the logistic loss, and its generalization the cross-entropy loss
which is often used in deep learning, do not admit finite minimizers on separable problems. Instead,
to drive the loss toward zero and thus minimize it, the norm of the predictor must diverge toward
infinity.

Do we still benefit from implicit regularization when minimizing the logistic loss on separable
data? Clearly the norm of the predictor itself is not minimized, since it grows to infinity. However,
for prediction, only the direction of the predictor, i.e. the normalized w(t)/ ||w(¢)]|, is important.
How does w(t)/ ||w(t)|| behave as ¢ — oo when we minimize the logistic (or similar) loss using
gradient descent on separable data, i.e., when it is possible to get zero misclassification error and
thus drive the loss to zero?

In this paper, we show that even without any explicit regularization, for all linearly separa-
ble datasets, when minimizing logistic regression problems using gradient descent, we have that
w(t)/ |[w(t)|| converges to the Lo maximum margin separator, i.e. to the solution of the hard margin
SVM for homogeneous linear predictors. This happens even though neither the norm ||w ||, nor the
margin constraint, are part of the objective or explicitly introduced into optimization. More generally,
we show the same behavior for generalized linear problems with any smooth, monotone strictly
decreasing, lower bounded loss with an exponential tail. Furthermore, we characterize the rate of
this convergence, and show that it is rather slow, wherein for almost all datasets, the distance to the
max-margin predictor decreasing only as O(1/log(t)), and in some degenerate datasets, the rate
further slows down to O(loglog(t)/log(t)). This explains why the predictor continues to improve
even when the training loss is already extremely small. We emphasize that this bias is specific to
gradient descent, and changing the optimization algorithm, e.g. using adaptive learning rate methods
such as ADAM (Kingma and Ba, 2015), changes this implicit bias.

2. Main Results

Consider a dataset {x,,, yn}ﬁle, with x,, € R? and binary labels y,, € {—1, 1}. We analyze learning

by minimizing an empirical loss of the form
N
L(w)= ZE (yanxn) . (D
n=1

where w € R? is the weight vector. To simplify notation, we assume that all the labels are positive:
Vn : y, = 1 — this is true without loss of generality, since we can always re-define y,x,, as X,.

We are particularly interested in problems that are linearly separable, and the loss is smooth
strictly decreasing and non-negative:

Assumption 1 The dataset is linearly separable: 3w, such thatVn : w]x, > 0.

Assumption 2 ¢ (u) is a positive, differentiable, monotonically decreasing to zero', (soVu : £ (u) >
0,¢ (u) < 0, limy—o0 £ (u) = limy—e0 ¢ (u) = 0), a B-smooth function, i.e. its derivative is [3-
Lipshitz and lim,,_, o ¢' (u) # 0.

1. The requirement of non-negativity and that the loss asymptotes to zero is purely for convenience. It is enough to
require the loss is monotone decreasing and bounded from below. Any such loss asymptotes to some constant, and is
thus equivalent to one that satisfies this assumption, up to a shift by that constant.
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Assumption 2 includes many common loss functions, including the logistic, exp-loss? and probit
losses. Assumption 2 implies that £ (w) is a f02,,, (X )-smooth function, where oax (X ) is the
maximal singular value of the data matrix X € RV,

Under these conditions, the infimum of the optimization problem is zero, but it is not attained
at any finite w. Furthermore, no finite critical point w exists. We consider minimizing eq. 1 using

Gradient Descent (GD) with a fixed learning rate 7, i.e., with steps of the form:

N
w(t+1)=w(t)—gVL(w(t) =w(t)—nd ¢ (w O xn> Xp. )
n=1

We do not require convexity. Under Assumptions 1 and 2, gradient descent converges to the global
minimum (i.e. to zero loss) even without it:

Lemma 1 Let w (t) be the iterates of gradient descent (eq. 2) with n < 25 o2 (X ) and

any starting point w(0). Under Assumptions 1 and 2, we have: (1) lim;_,oo £ (w (t)) = 0, (2)
limy o0 |W (£)|| = 00, and (3)Vn : limy oo w (£) " x,, = 00.

Proof Since the data is linearly separable, 3w, which linearly separates the data, and therefore

N
w, VL (w)= Z A (WTXn> w, X,
n=1

For any finite w, this sum cannot be equal to zero, as a sum of negative terms, since Vn : w, x,, > 0

and Vu : ¢’ (u) < 0. Therefore, there are no finite critical points w, for which V£ (w) = 0. But
gradient descent on a smooth loss with an appropriate stepsize is always guaranteed to converge to a
critical point: V.L (w (t)) — O (see, e.g. Lemma 10 in Appendix A.4, slightly adapted from Ganti
(2015), Theorem 2). This necessarily implies that || w (£)|| — oo while Vn : w ()" x,, > 0 for large

enough t—since only then ¢/ <w )" Xn> — 0. Therefore, £ (w) — 0, so GD converges to the
global minimum. n

The main question we ask is: can we characterize the direction in which w(¢) diverges? That is, does
the limit lim;_,o, w (¢) / ||w (t)|| always exist, and if so, what is it?

In order to analyze this limit, we will need to make a further assumption on the tail of the loss
function:

Definition 2 A function f (u) has a “tight exponential tail”, if there exist positive constants
C, a, fiy, i—, Uy and u_ such that

—au

Vu>ug  f (u) <c(l+exp(—psu))e
Vu>u_ :f (u) >c(l —exp(—p_u))e .

Assumption 3 The negative loss derivative —{' (u) has a tight exponential tail (Definition 2).

For example, the exponential loss ¢ (u) = e~ and the commonly used logistic loss ¢ (u) =
log (1 + e~*) both follow this assumption with a = ¢ = 1. We will assume a = ¢ = 1 — without
loss of generality, since these constants can be always absorbed by re-scaling x,, and 7.

We are now ready to state our main result:

2. The exp-loss does not have a global 8 smoothness parameter. However, if we initialize with 7 < 1/£(w(0)) then it is
straightforward to show the gradient descent iterates maintain bounded local smoothness.



SOUDRY, HOFFER, NACSON, GUNASEKAR, AND SREBRO

Theorem 3 For any dataset which is linearly separable (Assumption 1), any -smooth decreas-
ing loss function (Assumption 2) with an exponential tail (Assumption 3), any stepsize n <
287102 (X ) and any starting point w(0), the gradient descent iterates (as in eq. 2) will be-

max
have as:
w(t) = wlogt + p(t) , 3)
where W is the Lo max margin vector (the solution to the hard margin SVM):
W = argmin ||w||? s.t. w'x, > 1, 4)
weRd

and the residual grows at most as ||p (t)|| = O(loglog(t)), and so

w (t) W
t=oo [lw (8)[ (1wl

Furthermore, for almost all data sets (all except measure zero), the residual p(t) is bounded.

Proof Sketch We first understand intuitively why an exponential tail of the loss entail asymptotic
convergence to the max margin vector: Assume for simplicity that ¢ (u) = e~ exactly, and examine
the asymptotic regime of gradient descent in which Vn : w (15)—r X, — 00, as is guaranteed by
Lemma 1. If w (¢) / ||w (t)|| converges to some limit W, then we can write w (t) = g (t) Woo+p (t)
such that g (t) — oo, ¥n X, weo > 0, and lim; o p (t) /g (t) = 0. The gradient can then be
written as:

—VL(w)= i\[: exp (—w O8N xn) Xp = i exp (—g (t) W;Xn> exp (—p O8 xn) Xp . (5)
n=1 n—1

As g(t) — oo and the exponents become more negative, only those samples with the largest (i.e.,
least negative) exponents will contribute to the gradient. These are precisely the samples with the
smallest margin argmin,, w . x,,, aka the “support vectors”. The negative gradient (eq. 5) would then
asymptotically become a non-negative linear combination of support vectors. The limit w, will then
be dominated by these gradients, since any initial conditions become negligible as |w (¢)|| — oo
(from Lemma 1). Therefore, w, will also be a non-negative linear combination of support vectors,
and so will its scaling W = wo/ (minn w;xn). We therefore have:

N
w = Z apXp, Vn (an >0and w'x, = 1) OR (an =0and w'x, > 1> (6)
n=1

These are precisely the KKT conditions for the SVM problem (eq. 4) and we can conclude that w is
indeed its solution and w, is thus proportional to it.

To prove Theorem 3 rigorously, we need to show that w (¢) / ||w (¢)|| has a limit, that g (t) =
log (¢) and to bound the effect of various residual errors, such as gradients of non-support vectors
and the fact that the loss is only approximately exponential. To do so, we substitute eq. 3 into the
gradient descent dynamics (eq. 2), with wo, = W being the max margin vector and ¢(t) = log .
We then show that, except when certain degeneracies occur, the increment in the norm of p (t) is
bounded by C'1¢™" for some C; > 0 and v > 1, which is a converging series. This happens because
the increment in the max margin term, W [log (¢ + 1) — log (¢)] ~ Wt~ 1, cancels out the dominant
t~! term in the gradient —V £ (w (t)) (eq. 5 with g (t) = log () and w . x,, = 1).
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Degenerate and Non-Degenerate Data Sets An earlier conference version of this paper (Soudry
et al., 2018) included a partial version of Theorem 3, which only applies to almost all data sets, in
which case we can ensure the residual p(t) is bounded. This partial statement (for almost all data
sets) is restated and proved as Theorem 9 in Appendix A. It applies, e.g. with probability one for
data sampled from any absolutely continuous distribution. It does not apply in “degenerate” cases
where some of the support vectors x,, (for which w ' x, = 1) are associated with dual variables
that are zero (o, = 0) in the dual optimum of 4. As we show in Appendix B, this only happens
on measure zero data sets. Here, we prove the more general result which applies for all data sets,
including degenerate data sets. To do so, in Theorem 13 in Appendix C we provide a more complete
characterization of the iterates w(¢) that explicitly specifies all unbounded components even in the
degenerate case. We then prove the Theorem by plugging in this more complete characterization and
showing that the residual is bounded, thus also establishing Theorem 3.

Parallel Work on the Degenerate Case Following the publication of our initial version, and while
preparing this revised version for publication, we learned of parallel work by Ziwei Ji and Matus Tel-
garsky that also closes this gap. Ji and Telgarsky (2018) provide an analysis of the degenerate case, es-

tablishing converges to the max margin predictor by showing that H % - ”z” H =0 ( loigtgt).
Our analysis provides a more precise characterization of the iterates, and also shows the convergence
is actually quadratically faster (see Section 3). However, Ji and Telgarsky go even further and provide

a characterization also when the data is non-separable but w(¢) still goes to infinity.

More Refined Analysis of the Residual In some non-degenerate cases, we can further characterize
the asymptotic behavior of p (t). To do so, we need to refer to the KKT conditions (eq. 6) of the
SVM problem (eq. 4) and the associated support vectors S = argmin, W ' x,,. We then have the
following Theorem, proved in Appendix A:

Theorem 4 Under the conditions and notation of Theorem 3, for almost all datasets, if in addition
the support vectors span the data (i.e. rank (Xs) = rank (X), where X s is a matrix whose columns
are only those data points X, s.t. W%, = 1), then limy_, o p (t) = W, where W is a solution to

VneS: nexp (—xzva) = ay (7

Analogies with Boosting Perhaps most similar to our study is the line of work on understanding
AdaBoost in terms its implicit bias toward large L-margin solutions, starting with the seminal work
of Schapire et al. (1998). Since AdaBoost can be viewed as coordinate descent on the exponential
loss of a linear model, these results can be interpreted as analyzing the bias of coordinate descent,
rather then gradient descent, on a monotone decreasing loss with an exact exponential tail. Indeed,
with small enough step sizes, such a coordinate descent procedure does converge precisely to the
maximum L1-margin solution (Zhang et al., 2005; Telgarsky, 2013). In fact, Telgarsky (2013) also
generalizes these results to other losses with tight exponential tails, similar to the class of losses we
consider here.

Also related is the work of Rosset et al. (2004). They considered the regularization path wy =
arg min £(w) + A [[w||? for similar loss functions as we do, and showed that lim o wx/ [[w[|,, is
proportional to the maximum L, margin solution. That is, they showed how adding infinitesimal L,
(e.g. L1 and L») regularization to logistic-type losses gives rise to the corresponding max-margin



SOUDRY, HOFFER, NACSON, GUNASEKAR, AND SREBRO

predictor.’ However, Rosset et al. do not consider the effect of the optimization algorithm, and
instead add explicit regularization. Here we are specifically interested in the bias implied by the
algorithm not by adding (even infinitesimal) explicit regularization. We see that coordinate descent
gives rise to the max L; margin predictor, while gradient descent gives rise to the max Lo norm
predictor. In Section 4.3 and in follow-up work (Gunasekar et al., 2018) we discuss also other
optimization algorithms, and their implied biases.

Non-homogeneous linear predictors In this paper we focused on homogeneous linear predictors
of the form w ' x, similarly to previous works (e.g., Rosset et al. (2004); Telgarsky (2013)). Specifi-
cally, we did not have the common intercept term: w ' x -+ b. One may be tempted to introduce the
intercept in the usual way, i.e., by extending all the input vectors x,, with an additional "1’ component.
In this extended input space, naturally, all our results hold. Therefore, we converge in direction to the
L max margin solution (eq. 4) in the extended space. However, if we translate this solution to the
original x space we obtain

argmin |w|® +b% s.t. w'x, +b> 1,
weR? beR

which is not the L, max margin (SVM) solution

argmin |wl|®> s.t. w'x, +b>1,
weR4d beR

where we do not have a b? penalty in the objective.

3. Implications: Rates of convergence

The solution in eq. 3 implies that w (¢) / ||w (¢)|| converges to the normalized max margin vec-
tor w/ |[w|| . Moreover, this convergence is very slow— logarithmic in the number of iterations.
Specifically, our results imply the following tight rates of convergence:

Theorem 5 Under the conditions and notation of Theorem 3, for any linearly separable data set,
the normalized weight vector converges to the normalized max margin vector in Lo norm

H w (t) w H _O<loglogt> 7 ®

lw @l Iw]

with this rate improving to O(1/log(t)) for almost every dataset; and in angle

w(t) W <loglogt>2
l— e =0 _— , 9
[[w (@) W]l ( log t ©)

with this rate improving to O(1/log?(t)) for almost every dataset; and the margin converges as

1 minnx;l;w(t) < 1 >
i =0(—]- 10
W] Iw ()] log t (10)

On the other hand, the loss itself decreases as

cowin=o(3). (an

3. In contrast, with non-vanishing regularization (i.e., A > 0), arg minw £(w) + A [[w||? is generally nor a max margin
solution.
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All the rates in the above Theorem are a direct consequence of Theorem 3, except for avoiding
the log log ¢ factor for the degenerate cases in eq. 10 and eq. 11 (i.e., establishing that the rates
1/logt and 1/t always hold)—this additional improvement is a consequence of the more complete
characterization of Theorem 13. Full details are provided in Appendix D. In this appendix, we also
provide a simple construction showing all the rates in Theorem 5 are tight (except possibly for the
log log t factors).

The sharp contrast between the tight logarithmic and 1/t rates in Theorem 5 implies that the
convergence of w(t) to the max-margin w can be logarithmic in the loss itself, and we might need to
wait until the loss is exponentially small in order to be close to the max-margin solution. This can
help explain why continuing to optimize the training loss, even after the training error is zero and the
training loss is extremely small, still improves generalization performance—our results suggests that
the margin could still be improving significantly in this regime.

A numerical illustration of the convergence is depicted in Figure 1. As predicted by the theory,
the norm ||w(t)|| grows logarithmically (note the semi-log scaling), and w(¢) converges to the
max-margin separator, but only logarithmically, while the loss itself decreases very rapidly (note the
log-log scaling).

An important practical consequence of our theory, is that although the margin of w () keeps
improving, and so we can expect the population (or test) misclassification error of w(¢) to improve
for many datasets, the same cannot be said about the expected population loss (or test loss)! At the
limit, the direction of w(t) will converge toward the max margin predictor w. Although W has zero
training error, it will not generally have zero misclassification error on the population, or on a test or
a validation set. Since the norm of w(¢) will increase, if we use the logistic loss or any other convex
loss, the loss incurred on those misclassified points will also increase. More formally, consider the
logistic loss £(u) = log(14e~") and define also the hinge-at-zero loss h(u) = max(0, —u). Since W
classifies all training points correctly, we have that on the training set 22[21 h(W"x,) = 0. However,
on the population we would expect some errors and so E[h(W " x)] > 0. Since w(t) ~ Wlogt and
l(au) — ah(u) as o — oo, we have:

E[¢(w(t)"x)] = E[¢((logt)w ' x)] =~ (log t)E[h(W 'x)] = Q(logt). (12)

That is, the population loss increases logarithmically while the margin and the population misclassifi-
cation error improve. Roughly speaking, the improvement in misclassification does not out-weight
the increase in the loss of those points still misclassified.

The increase in the test loss is practically important because the loss on a validation set is
frequently used to monitor progress and decide on stopping. Similar to the population loss, the
validation loss will increase logarithmically with ¢, if there is at least one sample in the validation set
which is classified incorrectly by the max margin vector (since we would not expect zero validation
error). More precisely, as a direct consequence of Theorem 3 (as shown on Appendix D):

Corollary 6 Let ¢ be the logistic loss, and V be an independent validation set, for which I3x € V
such that x "W < 0. Then the validation loss increases as

Loa (w (1) = - ¢ (W) x) = Q0g(1)):
xeV

This behavior might cause us to think we are over-fitting or otherwise encourage us to stop the
optimization. However, this increase does not actually represent the model getting worse, merely
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Figure 1: Visualization of or main results on a synthetic dataset in which the Lo max margin vector
w is precisely known. (A) The dataset (positive and negatives samples (y = +1) are
respectively denoted by '+’ and ’o), max margin separating hyperplane (black line), and
the asymptotic solution of GD (dashed blue). For both GD and GD with momentum
(GDMO), we show: (B) The norm of w (¢), normalized so it would equal to 1 at the last
iteration, to facilitate comparison. As expected (eq. 3), the norm increases logarithmically;
(C) the training loss. As expected, it decreases as t—1 (eq. 11); and (D&E) the angle
and margin gap of w (¢) from w (egs. 9 and 10). As expected, these are logarithmically
decreasing to zero. Implementation details: The dataset includes four support vectors:
x1 = (0.5,1.5) ,x9 = (1.5,0.5) with y; = y2 = 1, and x3 = —x1, X4 = —xg with
y3 = ys = —1 (the Lo normalized max margin vector is then w = (1,1) /v/2 with
margin equal to v/2 ), and 12 other random datapoints (6 from each class), that are not on
the margin. We used a learning rate n = 1/02,,. (X), where o2, (X) is the maximal

max max
singular value of X, momentum v = 0.9 for GDMO, and initialized at the origin.

|lw(t)|| getting larger, and in fact the model might be getting better (increasing the margin and
possibly decreasing the error rate).

4. Extensions

4.1. Multi-Class Classification with Cross-Entropy Loss

So far, we have discussed the problem of binary classification, but in many practical situations
we have more then two classes. For multi-class problems, the labels are the class indices y,, €
[K] £ {1,..., K} and we learn a predictor wy, for each class k € [K]. A common loss function
in multi-class classification is the following cross-entropy loss with a softmax output, which is a
generalization of the logistic loss:

Zszl €xp (WII Xn)

N exp (W;— xn)
L ({wi}reix)) = — D _ log - (13)
n=1

What do the linear predictors wy(t) converge to if we minimize the cross-entropy loss by gradient
descent on the predictors? In Appendix E we analyze this problem for separable data, and show that



GRADIENT DESCENT ON SEPARABLE DATA

Objective loss Classification error L2 norm of final layer
80+

L2 norm

— training

— training

— validation — validation

1010 10 102 1043 1070 10M 1072 1043 1070 10 1002 1013
Epochs Epochs Epochs

Figure 2: Training of a convolutional neural network on CIFAR10 using stochastic gradient descent
with constant learning rate and momentum, softmax output and a cross entropy loss, where
we achieve 8.3% final validation error. We observe that, approximately: (1) The training
loss decays as a t !, (2) the Ly norm of last weight layer increases logarithmically, (3)
after a while, the validation loss starts to increase, and (4) in contrast, the validation
(classification) error slowly improves.

again, the predictors diverge to infinity and the loss converges to zero. Furthermore, we prove the
following Theorem:

Theorem 7 For almost all multiclass datasets (i.e., except for a measure zero) which are linearly
separable (i.e. the constraints in eq. 15 below are feasible), any starting point w(0) and any small
enough stepsize, the iterates of gradient descent on 13 will behave as:

wi(t) = Wy log(t) + oy, (1), (14)
where the residual p,,(t) is bounded and Wy, is the solution of the K-class SVM:

K
argming, o Z |[w||? 5.t.Yn, Yk # yp, : WyTan > wyx, + 1. (15)
k=1

4.2. Deep networks

So far we have only considered linear prediction. Naturally, it is desirable to generalize our results
also to non-linear models and especially multi-layer neural networks.

Even without a formal extension and description of the precise bias, our results already shed light
on how minimizing the cross-entropy loss with gradient descent can have a margin maximizing effect,
how the margin might improve only logarithmically slow, and why it might continue to improve
even as the validation loss increases. These effects are demonstrated in Figure 2 and Table 1 which
portray typical training of a convolutional neural network using unregularized gradient descent*. As
can be seen, the norm of the weight increases, but the validation error continues decreasing, albeit
very slowly (as predicted by the theory), even after the training error is zero and the training loss is
extremely small. We can now understand how even though the loss is already extremely small, some
sort of margin might be gradually improving as we continue optimizing. We can also observe how
the validation loss increases despite the validation error decreasing, as discussed in Section 3.

4. Code available here: https://github.com/paper-submissions/MaxMargin
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Epoch | 50 | 100 | 200 | 400 [ 2000 [ 4000
Ly norm 13.6 | 165 | 196 [ 203 [ 259 [ 27.54
Train loss 01 [ 003 | 002 [ 0002 ] 107* [3-10°°

Train error 4% | 12% [ 0.6% [ 0.07% [ 0% 0%

Validation loss | 0.52 0.55 0.77 0.77 1.01 1.18
Validation error | 12.4% | 10.4% | 11.1% | 9.1% | 892% | 8.9%

Table 1: Sample values from various epochs in the experiment depicted in Fig. 2.

As an initial advance toward tackling deep network, we can point out that for several special
cases, our results may be directly applied to multi-layered networks. First, somewhat trivially, our
results may be applied directly to the last weight layer of a neural network if the last hidden layer
becomes fixed and linearly separable after a certain number of iterations. This can become true,
either approximately, if the input to the last hidden layer is normalized (e.g., using batch norm), or
exactly, if the last hidden layer is quantized (Hubara et al., 2018).

Second, as we show next, our results may be applied exactly on deep networks if only a single
weight layer is being optimized, and, furthermore, after a sufficient number of iterations, the activation
units stop switching and the training error goes to zero.

Corollary 8 We examine a multilayer neural network with component-wise ReLU functions f (z) =
max [z, 0], and weights {Wl}lel- Given input x,, and target y, € {—1,1}, the DNN produces a
scalar output

Uy, = Wrf (Wr1f (- Waf (Wixy,)))

and has loss £ (ynuy,), where £ obeys assumptions 2 and 3.
If we optimize a single weight layer w; = vec (WlT) using gradient descent, so that L (w;) =

Zév:lﬁ (Ynun(W;)) converges to zero, and 3ty such that ¥t > to the ReLU inputs do not switch
signs, then wi(t)/ ||w;(t)|| converges to

W; = argmin ||WZH2 s.t. ypup(wy) > 1.
wy

Proof We examine the output of the network given a single input x,,, for ¢ > ¢y. Since the ReLU
inputs do not switch signs, we can write v;, the output of layer [, as

l
Vin = H Am,nWmX’n7

m=1

where we defined A, ,, for [ < L as a diagonal 0-1 matrix, which diagonal is the ReL.U slopes at
layer [, sample n, and A, ,, = 1. Additionally, we define

I+1
6l7n = Al,n H W;Amm; il,n = 517n Qui_1p-
m=L
Using this notation we can write
L
un (W) =vpn = [ AmnWimxn =6, Wiai_1, =%/, w;. (16)
m=1

10
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Figure 3: Same as Fig. 1, except we multiplied all z values in the dastaset by 20, and also train
using ADAM. The final weight vector produced after 2 - 10% epochs of optimization using
ADAM (red dashed line) does not converge to L2 max margin solution (black line), in
contrast to GD (blue dashed line), or GDMO.

This implies that

N N
Liwr) = 3 (yatn(wi) = 3 € (Xl w)
n=1 n=1

which is the same as the original linear problem. Since the loss converges to zero, the dataset
{X1.n, Y}, must be linearly separable. Applying Theorem 3, and recalling that u(w;) = X, w;
from eq. 16, we prove this corollary. |

Importantly, this case is non-convex, unless we are optimizing the last layer. Note we assumed
ReLU functions for simplicity, but this proof can be easily generalized for any other piecewise linear
constant activation functions (e.g., leaky ReLU, max-pooling).

Lastly, in a follow-up work (Gunasekar et al., 2018b), given a few additional assumptions,
extended our results to linear predictors which can be written as a homogeneous polynomial in the
parameters. These results seem to indicate that, in many cases, GD operating on exp-tailed loss
with positively homogeneous predictors aims to a specific direction. This is the direction of the
max margin predictor minimizing the Lo norm in the parameter space. It is not yet clear how to
generally translate such an implicit bias in the parameter space to the implicit bias in the predictor
space — except in special cases, such as deep linear neural nets, as we have shown in (Gunasekar
et al., 2018b). Moreover, in non-linear neural nets, there are many equivalent max-margin solutions
which minimize the Ly norm of the parameters. Therefore, it is natural to expect that GD would have
additional implicit biases, which select a specific subset of these solutions.

4.3. Other optimization methods

In this paper we examined the implicit bias of gradient descent. Different optimization algorithms
exhibit different biases, and understanding these biases and how they differ is crucial to understanding

11
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and constructing learning methods attuned to the inductive biases we expect. Can we characterize
the implicit bias and convergence rate in other optimization methods?

In Figure 1 we see that adding momentum does not qualitatively affect the bias induced by
gradient descent. In Figure 4 in Appendix F we also repeat the experiment using stochastic gradient
descent, and observe a similar asymptotic bias (this was later proved in Nacson et al. (2018)). This is
consistent with the fact that momentum, acceleration and stochasticity do not change the bias when
using gradient descent to optimize an under determined least squares problem. It would be beneficial,
though, to rigorously understand how much we can generalize our result to gradient descent variants,
and how the convergence rates might change in these cases.

On the other hand, as an example of how changing the optimization algorithm does change the
bias, consider adaptive methods, such as AdaGrad (Duchi et al., 2011) and ADAM (Kingma and Ba,
2015). In Figure 3 we show the predictors obtained by ADAM and by gradient descent on a simple
data set. Both methods converge to zero training error solutions. But although gradient descent
converges to the Ly max margin predictor, as predicted by our theory, ADAM does not. The implicit
bias of adaptive methods has in fact been a recent topic of interest, with Hoffer et al. (2017) and
Wilson et al. (2017) suggesting they lead to worse generalization, and Wilson et al. (2017) providing
examples of the differences in the bias for linear regression problems with the squared loss. Can
we characterize the bias of adaptive methods for logistic regression problems? Can we characterize
the bias of other optimization methods, providing a general understanding linking optimization
algorithms with their biases?

In a follow-up paper (Gunasekar et al., 2018) provided initial answers to these questions. Gu-
nasekar et al. (2018) derived a precise characterization of the limit direction of steepest descent for
general norms when optimizing the exp-loss, and show that for adaptive methods such as Adagrad
the limit direction can depend on the initial point and step size and is thus not as predictable and
robust as with non-adaptive methods.

4.4. Other loss functions

In this work we focused on loss functions with exponential tail and observed a very slow, logarithmic
convergence of the normalized weight vector to the Lo max margin direction. A natural question
that follows is how does this behavior change with types of loss function tails. Specifically, does the
normalized weight vector always converge to the L2 max margin solution? How is the convergence
rate affected? Can we improve the convergence rate beyond the logarithmic rate found in this work?

In a follow-up work Nacson et al. (2018) provided partial answers to these questions. They
proved that the exponential tail has the optimal convergence rate, for tails for which ¢'(u) is of
the form exp(—u”) with v > 0.25. They then conjectured, based on heuristic analysis, that the
exponential tail is optimal among all possible tails. Furthermore, they demonstrated that polynomial
or heavier tails do not converge to the max margin solution. Lastly, for the exponential loss they
proposed a normalized gradient scheme which can significantly improve convergence rate, achieving

O(log(t)/V1).
4.5. Matrix Factorization

With multi-layered neural networks in mind, Gunasekar et al. (2017) recently embarked on a study
of the implicit bias of under-determined matrix factorization problems, where the squared loss of
the linear observation of a matrix is minimized by gradient descent on its factorization. Since a
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matrix factorization can be viewed as a two-layer network with linear activations, this is perhaps the
simplest deep model one can study in full, and can thus provide insight and direction to studying
more complex neural networks. Gunasekar et al. conjectured, and provided theoretical and empirical
evidence, that gradient descent on the factorization for an under-determined problem converges to
the minimum nuclear norm solution, but only if the initialization is infinitesimally close to zero and
the step-sizes are infinitesimally small. With finite step-sizes or finite initialization, Gunasekar et al.
could not characterize the bias.

The follow-up paper (Gunasekar et al., 2018) studied this same problem with exponential loss
instead of squared loss. Under additional assumptions on the asymptotic convergence of update
directions and gradient directions, they were able to relate the direction of gradient descent iterates
on the factorized parameterization asymptotically to the maximum margin solution with unit nuclear
norm. Unlike the case of squared loss, the result for exponential loss are independent of initialization
and with only mild conditions on the step size. Here again, we see the asymptotic nature of
exponential loss on separable data nullifying the initialization effects thereby making the analysis
simpler compared to squared loss.

5. Summary

We characterized the implicit bias induced by gradient descent on homogeneous linear predictors
when minimizing smooth monotone loss functions with an exponential tail. This is the type of loss
commonly being minimized in deep learning. We can now rigorously understand:

1. How gradient descent, without early stopping, induces implicit Lo regularization and converges
to the maximum Ly margin solution, when minimizing for binary classification with logistic
loss, exp-loss, or other exponential tailed monotone decreasing loss, as well as for multi-class
classification with cross-entropy loss. Notably, even though the logistic loss and the exp-
loss behave very different on non-separable problems, they exhibit the same behaviour for
separable problems. This implies that the non-tail part does not affect the bias. The bias is also
independent of the step-size used (as long as it is small enough to ensure convergence) and is
also independent on the initialization (unlike for least square problems).

2. The convergence of the direction of gradient descent updates to the maximum Lo margin
solution, however is very slow compared to the convergence of training loss, which explains
why it is worthwhile continuing to optimize long after we have zero training error, and even
when the loss itself is already extremely small.

3. We should not rely on plateauing of the training loss or on the loss (logistic or exp or cross-
entropy) evaluated on a validation data, as measures to decide when to stop. Instead, we should
look at the 0—1 error on the validation dataset. We might improve the validation and test errors
even when when the decrease in the training loss is tiny and even when the validation loss
itself increases.

Perhaps that gradient descent leads to a max Lo margin solution is not a big surprise to those for
whom the connection between Lo regularization and gradient descent is natural. Nevertheless, we
are not familiar with any prior study or mention of this fact, let alone a rigorous analysis and study of
how this bias is exact and independent of the initial point and the step-size. Furthermore, we also
analyze the rate at which this happens, leading to the novel observations discussed above. Even more
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importantly, we hope that our analysis can open the door to further analysis of different optimization
methods or in different models, including deep networks, where implicit regularization is not well
understood even for least square problems, or where we do not have such a natural guess as for
gradient descent on linear problems. Analyzing gradient descent on logistic/cross-entropy loss is not
only arguably more relevant than the least square loss, but might also be technically easier.
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Appendix

Appendix A. Proof of Theorems 3 and 4 for almost every dataset

In the following sub-sections we first prove Theorem 9 below, which is a version of Theorem 3,
specialized for almost every dataset. We then prove Theorem 4 (which is already stated for almost
every dataset).

Theorem 9 For almost every dataset which is linearly separable (Assumption 1), any [-smooth
decreasing loss function (Assumption 2) with an exponential tail (Assumption 3), any stepsize

n < 28 Yo%, (X)) and any starting point w(0), the gradient descent iterates (as in eq. 2) will
behave as:

w(t) =wlogt+p(t), (17)

where W is the Lo max margin vector

W = argmin |w||? s.t. Vo : w'x, > 1,
weRd

the residual p(t) is bounded, and so

w(t) W

im = —.
t=oo [[w (t)[|  [[w]|

In the following proofs, for any solution w (¢), we define
r(t)=w(t) —wlogt — w,

where w and w follow the conditions of Theorems 3 and 4, i.e. W is the Lo is the max margin vector
defined above, and W is a vector which satisfies eq. 7:

VneS: nexp (fx;l;\?v) =y, (18)

where we recall that we denoted X g € R?*IS| as the matrix whose columns are the support vectors,
asubset S C {1,..., N} of the columns of X = [x1,...,xy] € RV,

In Lemma 12 (Appendix B) we prove that for almost every dataset « is uniquely defined, there
are no more then d support vectors and o, # 0, Vn € S. Therefore, eq. 18 is well-defined in those
cases. If the support vectors do not span the data, then the solution w to eq. 18 might not be unique.
In this case, we can use any such solution in the proof.

We furthermore denote the minimum margin to a non-support vector as:

0 =minx, w>1, (19)

n¢S
and by Cj,¢;,t; (¢ € N) various positive constants which are independent of ¢. Lastly, we define
P, € R%¥4 a5 the orthogonal projection matrix’ to the subspace spanned by the support vectors (the
columns of Xs), and P; = I — P; as the complementary projection (to the left nullspace of Xgs).

5. This matrix can be written as P1 = XsX &, where M is the Moore-Penrose pseudoinverse of M.
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A.1. Simple proof of Theorem 9

In this section we first examine the special case that £ (u) = e~ and take the continuous time limit
of gradient descent: n — 0, so
w(t) =—-VL(wW(t)) .

The proof in this case is rather short and self-contained (i.e., does not rely on any previous results),
and so it helps to clarify the main ideas of the general (more complicated) proof which we will give
in the next sections.
Recall we defined
r(t)=w(t)—log(t)w —w. (20)

Our goal is to show that ||r ()| is bounded, and therefore p (¢) = r (t) + W is bounded. Eq. 20
implies that

B (1) = W (t) — %w _ _VL(w (b)) - %w 1)
and therefore
1d s T
L@ = (r ()
al 1
=3 exp <_X,I w (t)) Xt (t) — ~w'r(t)
n:l
= Zexp (—log W x, —W'x, —x r(t)) X, r(t) — E ATr(t)]
neS
+ Z exp ( log (t) W' x, — W X, — X, T (t)) x'r(t)|, (22)
| n¢S

where in the last equality we used eq. 20 and decomposed the sum over support vectors S and
non-support vectors. We examine both bracketed terms. Recall that w ' x,, = 1 for n € S, and that
we defined (in eq. 18) W so that ) s exp (—v~vTxn) X, = W. Thus, the first bracketed term in eq.
22 can be written as

¢ nes nes
1
=12 oxXp <—v~v—rxn) (exp (—X,II‘ (t)) - 1) x, r(t) <0, (23)
nes
since V2, z(e”* — 1) < 0. Furthermore, since Vz e™*2 < 1 and § = argmin,,¢ SX W > 1 (eq.
19), the second bracketed term in eq. 22 can be upper bounded by
Z exp (— log (t) W' x,, — VNVTXn) exp (—X;ll—r(t)) Z exp ( w xn) . (24)

n¢S

Substituting eq. 23 and 24 into eq. 22 and integrating, we obtain, that 3C, C’ such that

tat
Vi, Vt >t : Hr(t)||2 — Hr(tl)H2 < C’/ 0 < (' < o0,
t1
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since § > 1 (eq. 19). Thus, we showed that r(¢) is bounded, which completes the proof for the
special case. B

A.2. Complete proof of Theorem 9

Next, we give the proof for the general case (non-infinitesimal step size, and exponentially-tailed
functions). Though it is based on a similar analysis as in the special case we examined in the previous
section, it is somewhat more involved since we have to bound additional terms.

First, we state two auxiliary lemmata, that are proven below in appendix sections A.4 and A.5:

Lemma 10 Let L (w) be a -smooth non-negative objective. If n < 2371, then, for any w(0), with
the GD sequence
w(t+1)=w(t) —nVL(w(t)) (25)

we have that 20 |V L (w (w))||? < 0o and therefore lim;_,, | VL (w (t))||* = 0.

Lemma 11 We have
3Ot VE >ty : (r(t+1) —r(2) r () < Oy PO IF15 14050 (26)
Additionally, Ve > 0, ACo, to, such that V't > to, if
[Pir ()] = e, @7
then the following improved bound holds
(x(t+1)—r®) rt) < —-Cot™' <0. (28)

Our goal is to show that ||r (¢)|| is bounded, and therefore p (t) = r (¢) + W is bounded. To show
this, we will upper bound the following equation

e+ D =lr ¢ +1) —r @ +2(E+1) —r @) v @)+ r @) (29)
First, we note that first term in this equation can be upper-bounded by

e (¢ + 1) —r ()]

g |w (t+1) —wlog (t + 1) — W — w (t) + wlog (t) + W]

2|V (w (£)) — W [log (¢ + 1) — log (1)]

=02 VL (w ()] + W] log? (L + ) + 2nw VL (w () log (1 +¢71)

3)

< 0 |VL(w )+ [1w]* 2 (30)

where in (1) we used eq. 20, in (2) we used eq. 2, and in (3) weused Vo > 0: = > log (1 + ) > 0,
and also that

N
WIVL(w(t) =Y ¢ (w Ol xn) wix, <0, 31)
n=1
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since W ' x,, > 1 (from the definition of W) and ¢ (u) < 0.
Also, from Lemma 10 we know that

IVL(w @) =0(1) and Y [|VL(w (1)]* < co. (32)
t=0

Substituting eq. 32 into eq. 30, and recalling that a t~" power series converges for any v > 1, we
can find Cj such that

lr(t+1) —r@)|°=o0(1) and Y [r(t+1) —r(t)]* = Co < c0. (33)
t=0

Note that this equation also implies that Ve,
3o e >ty < e (¢ 4+ 1) — e (O] < o (34)

Next, we would like to bound the second term in eq. 29. From eq. 26 in Lemma 11, we can find
t1, Cy such that Vt > tq:

(r(t+1)—x (1) r(t) < Cyp~ OIS 14050-). (35)
Thus, by combining eqs. 35 and 33 into eq. 29, we find
e @)1 — I (t)]*
t—1
=3 [l Gt DI = e ()2

u=tq
t—1
< Cy+2 Z Ciu~ min(0,1+1.5u4,1+0.5u_)
u=t1

which is a bounded, since # > 1 (eq. 19) and p_, uy > 0 (Definition 2). Therefore,
bounded. W

r(t)| is

A.3. Proof of Theorem 4

All that remains now is to show that ||r (¢)|| — 0 if rank (Xs) = rank (X), and that W is unique
given w (0). To do so, this proof will continue where the proof of Theorem 3 stopped, using notations
and equations from that proof.

Since r (¢) has a bounded norm, its two orthogonal components r (t) = Pyr (¢) + Pyr (¢) also
have bounded norms (recall that P1, P; were defined in the beginning of appendix section A). From
eq. 2, VL (w) is spanned by the columns of X. If rank (Xs) = rank (X), then it is also spanned
by the columns of X, and so P; VL (w) = 0. Therefore, Pyr (t) is not updated during GD, and
remains constant. Since W in eq. 20 is also bounded, we can absorb this constant P1r (¢) into W
without affecting eq. 7 (since Vn € S : x, P1r (t) = 0). Thus, without loss of generality, we can
assume that r (t) = Pyr (¢).

We define the set

T= {t > max [tQ,to] : HI‘ (t)” < 61} .
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By contradiction, we assume that the complementary set is not finite,
T = {t > max [ta, to] : |r (t)|| > €1} .

Additionally, the set 7 is not finite: if it were finite, it would have had a finite maximal point
tmax € T, and then, combining egs. 28, 29, and 33, we would find that ¥Vt > ¢«

=1 t—1
2 2 2 2 —
e (@7 = lIr () = 3 [l @+ DI = Ir @] < Co -2 Y- w™ = —oc,
U=tmax U=tmax

which is impossible since ||r (¢)||* > 0. Furthermore, eq. 33 implies that

Yo lr(ut1) —r @) =Co—h(t)
u=0

where h (t) is a positive monotone function decreasing to zero. Let ¢3, ¢ be any two points such that
ts <t,{ts,t3+1,...t} C T,and (t3 — 1) € T. For all such ¢3 and ¢, we have

t—1

e @17 < e ()12 + > e (1)) = flr ()
t—1
= e (t)IP” + > [l (et 1) = x ()] + 20 (w4 1) v () T x ()]

t—1
< e ()P +hts) ~h(t-1)—20 3 u™!

u=ts

< |lr (t3)|1* + R (3) - (36)

Also, recall that ¢35 > tp, so from eq. 34, we have that |||r (¢3)|| — ||r (t3 — 1)||| < eo. Since
|r (t3 — 1)|| < €1 (from T definition), we conclude that ||r (¢3)|| < €1 + €o. Moreover, since 7 is an
infinite set, we can choose t3 as large as we want. This implies that Ves > 0 we can find ¢3 such that
€2 > h (t3), since h (t) is a monotonically decreasing function. Therefore, from eq. 36, Veq, €, €2,

Jts € T such that
VE>ts: e ()] < e +eo+ea.

This implies that ||r (¢)|| — 0. B

Lastly, we note that since Pyr () is not updated during GD, we have that P; (W — w (0)) = 0.
This sets w uniquely, together with eq. 7. B
A.4. Proof of Lemma 10

Lemma 10 Let £ (w) be a 3-smooth non-negative objective. If n < 2371, then, for any w(0), with
the GD sequence

w(t+1)=w(t) —nVL(w(t)) (25)
we have that 320 |V L (w ())||? < 0o and therefore limy_,o, | VL (w (t))||* = 0.
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This proof is a slightly modified version of the proof of Theorem 2 in (Ganti, 2015). Recall a
well-known property of 5-smooth functions:

FE—Fy)-VIiy x-y)|<SIx—yl”. (37)

N |

From the 3-smoothness of £ (w)

L(w(t+1)) <L(w(t)) +V£(w(t))T(w(t+1) —w(t))+§\|w(t+1) —w®)?

— L w (1)~ (w ()2 + 2

Cw(®) 7 (1 - ﬁ") VL (w (1))

VL (w ()]

Thus, we have
L(w(t) —L(w(t+1))

> VL (w ()]

which implies

Lwu+1) L(w(0)-L(w(t+1))
ZHVE Z 77(1 gn) 77( 7%>

The right hand side is upper bounded by a finite constant, since L (w (0)) < coand 0 < £ (w (t + 1)).

This implies
Do IVL(w (W) < oo,
u=0

and therefore | V£ (w (¢))[|* — 0. &

A.5. Proof of Lemma 11

Recall that we defined r (¢) = w (t) — wlogt — w, with w and w follow the conditions of the
Theorems 3 and 4, i.e, W is the Lo max margin vector and (eq. 4), and eq. 7 holds

Vn € S: nexp (—XIVV) =y,
Lemma 11 We have
3Ot VE> b : (e (t41) —r(8) 1 () < Cpt~ ™mO Lo 140.50-) (26)
Additionally, Ve > 0, AC9, to, such that V't > to, if
[Pir ()] = e, @7
then the following improved bound holds

(r(t+1)—r) rt) < -Cot™' <0. (28)
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From Lemma 1, Vn : lim;_yoo W (t)T x, = oo. In addition, from assumption 3 the negative
loss derivative —¢' (u) has an exponential tail e~* (recall we assume a = ¢ = 1 without loss of
generality). Combining both facts, we have positive constants p—, p, t— and ¢4 such that Vn

YVt >ty =t (W O8N xn) < (1 + exp (—,u+W O8N xn)) exp (—W O8N xn) (38)
Vt>to ot (W 0N xn) > (1 — exp (—,u_w )" xn>) exp (—W 0N xn) (39)
Next, we examine the expression we wish to bound, recalling that r (t) = w (t) — wlogt — w

(e(t+1) —x (1) r (1)
= (=nVL (w () — W [log (t + 1) = log (1)]) " (¢)

N
== 30 (W) ) % () =T () log (1+£71)
n=1

=w'r(t) [t —log (1 +t )] -5 ¢ <w ON xn) X r (t) (40)

ng¢S

—nZ[ exp( A4 Xn>+€'( ()Txnﬂxzr(t)
where in last line we used eqs. 6 and 7 to obtain
W = Zaan —nZexp< w xn> Xy
nes nes

We examine the three terms in eq. 40. The first term can be upper bounded by
) [t —log (14+¢1)]
< max [WTr (£),0] [~ log (1+¢71)]

S T -2
< max [w Pir(t) ,O] t

® {Hqut 2 i Pir ()] < e

41
(t1) if |Pir ()] > e “h

where in (1) we used that Pyw = P1Xsa = 0 from eq. 6, and in (2) we used that W 'r (t) = o (¢),
since

wir(t)=w'" <w (0)=n> VL (w(u) - Wwlog (t) — w>
u=0

w ' (w(0) — W — wlog (t)) — nt m11<1tWTV/J( w(u)) =o(t)

IN

where in the last line we used that VL (w (¢)) = o (1), from Lemma 10.
Next, we upper bound the second term in eq. 40. From eq. 38 3¢/, , such that V > tg > ¢/,

C(w(t) x,) < 2exp(—w(t) " x,). (42)
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Therefore, Vt > ', :

-7 Z A <w )" xn> X r(t)
n¢S
<-—-n Z A (W )" xn> X r (1)
ngS:x,) r(t)>0

%)77 Z 2 exp (—W " Xn> X, 1 (t)

ngS:x,) r(t)>0

(2)
<n Z 2t Xn Wexp( A4 Xn—XTI‘(t)> X r(t)
ngS:x,) r(t)>0

<n Z 2t~ Wexp( w xn)

ng¢S:x,} r(t)>0

4) T o
<nNexp|—minw X, )t (43)

where in (1) we used eq. 42, in (2) we used w (f) = wlogt + W + r (¢), in (3) we used
re™® < landx, r(t) > 0,and in (4) we used > 1, from eq. 19.
Lastly, we will bound the sum in the third term in eq. 40

—172 [ exp( W Xn) —}—5/( (t )Txn)] x;zrr (t) . (44)
nes

We examine each term 7 in this sum, and divide into two cases, depending on the sign of x| r (¢).
First, if x,) r () > 0, then term n in eq. 44 can be upper bounded V¢ > ., using eq. 38, by

nt~exp <—\7VTxn> [(1 +t M+ exp (—,quvN&ITxn)) exp (—X,II‘ (t)) - 1} X, r(t) (45)
We further divide into cases:

1 If %) r(t)| < Cot~ %5+, then we can upper bound eq. 45 with

1 exp (- (1+ py) mgn V~VTXn> Cot~1 150+ 46)

2. If [x, r(t } > Cot =054+ then we can find ¢/| > ¢/, to upper bound eq. 45 Vt > ¢/} :

nt_le_ﬁ’Tx" (1 + t_“+e_“+‘7VTX7L) exp (—Cot_0'5“+) — 1} er (t)

o) - - -
§nt_le_wa” (1 + t_’“fe_“*wa”) (1 — Cot 051+ ¢ C’gt_”+) - 1} xr(t)

n

§nt_le_®Tx" (1 — Cot 051+ 4 C’gt_’“f) e

— 4+ min w ' xp,
n

) ,
<0, Vt > 1" A7)

where in (1) we used the fact that e < 1 — z + z? for z > 0 and in (2) we defined /] so
that the previous expression is negative — since ¢ ~"-5*+ decreases slower than ¢+,
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3. If |xzr(t)‘ > €, then we define ¢/’ > #/] such that ¢ > exp (minn V~VTXn) [60'562 — 1] ~Lns

and therefore V¢ > 1/, we have (1 + ¢t "+ exp (—pu W' x,)) €72 < e 052,

’

This implies that V¢ > " we can upper bound eq. 45 by

—nexp (— max v~vTxn) (1 — 6_0'562) eat L. (48)
n

Second, if x,' r(t) < 0, we again further divide into cases:

1. If ’x r(t ‘ < Cot =05~ then, since —¢' ( (15)T Xn) > (, we can upper bound term 7 in eq.
44 with

it~ exp (*VVTXn> X, T (t)‘ < nexp (— min v"vTxn> Cot~17050- (49)
n

2. If ‘x r( ‘ > Cot =921~ | then, using eq. 39 we upper bound term 7 in eq. 44 with
0 [ e X0 _ g/ ( Ol xn)} X r (t)
<n [—t_le_WTx" + (1 — exp (—u_w ON Xn>> exp <—w )" xn>] X r(t)
:nt_le_‘x’Tx” {1 — exp (—r )" xn> (1 — [t_le_wa” exp (—r O8N Xn)} #_)}

0 ‘
(50)

Next, we will show that 3¢ > ¢_ such that the last expression is strictly negative V¢ > t’_.
~ MH—
Let M > 1 be some arbitrary constant. Then, since [tile*WTxn exp (—r (t)T xn>] =

exp (—u_w (t)—r Xn> — 0 from Lemma 1, 3¢5, > max(t_, Me*"ﬂx”) such that V¢ > 37,
if exp <—r )" xn> > M > 1 then
exp (—r )" x ) (1 - [t Le™W " %n exp (—r (t)Txn)ri) >M >1. (51)

Furthermore, if 3¢ > ¢5s such that exp (r " xn> < M, then

exp (—r OB xn> (1 - [tile*vﬂx" exp (—r )" Xn>] Mi)
> exp (—r " Xn> (1 — [t_le_WTX"M} Hﬁ) . (52)
which is lower bounded by
(1+ Cot=0%) (1= 7= [ e “_)
>1 + Cot 01— — K- {64@”]\4% — ¢ 1on- [e*V"VTXnM}“f C)
since |x, r (t)| > Cot ™%~ x, r (t) < 0 and €” > 1 + z. In this case last line is strictly

larger than 1 for sufficiently large ¢. Therefore, after we substitute eqs. 51 and 52 into 50, we
find that 3" > tp; > t_ such that V¢ > t'_, term k in eq. 44 is strictly negative

n[ e W X e’( ()Txk>}x;r(t)<0 (53)
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3. If [/ x(t)| > €2, which is a special case of the previous case (|x, r (t)| > Cot~0-*~) then
Vt > t', either eq. 51 or 52 holds. Furthermore, in this case, 3t” > ¢’ and M” > 1 such that
Vt > t” eq. 52 can be lower bounded by

exp (e2) (1 - [tile*vax’“M} M7> >M">1.

Substituting this, together with eq. 51, into eq. 50, we can find C{, > 0 such we can upper
bound term k in eq. 44 with
—Cjtt vt >t . (54)

To conclude, we choose ty = max [tﬂr” 7 ]:
1. If |Pyr (t)]| > €1 (as in Eq. 27), we have that

2(1) 1

2 (2)
max‘x:br(t)‘ > 5] !

XIPir )| = (i (Xs)d 69)

2 1
.
p t‘ :—‘
nea P (t)] =15
€S

where in (1) we used P{ x,, = x,, Vn € S, in (2) we denoted by iy (Xs), the minimal
non-zero singular value of X and used eq. 27. Therefore, for some k,

x;—r’ > ¢ &

\/ IS| 7102, (Xs)€2. In this case, we denote CJf as the minimum between C}) (eq. 54) and

min
nexp (—max, W'x,) (1 — e %52) e5 (eq. 48). Then we find that eq. 44 can be upper
bounded by —C{ tt+o (t‘l), vVt > tg, given eq. 27. Substituting this result, together with
eqs. 41 and 43 into eq. 40, we obtain Vt > tg

rt+1)—r@®) r@t)<-Clt 7 +o(t).

This implies that 3Cy < C{j and 3ty > t such that eq. 28 holds. This implies also that eq. 26
holds for |Pir (¢)]| > €;.

2. Otherwise, if |P1r (¢)|| < €1, we find that V¢ > ¢ , each term in eq. 44 can be upper bounded
by either zero (eqs. 47 and 53), or terms proportional to ¢~1=1-5#+ (eq. 46) or t 17091~
(eq. 49). Combining this together with eqgs. 41, 43 into eq. 40 we obtain (for some positive
constants C3, Cy, C5, and Cjg)

(x(t+1)—r@t) r(t) <Ot~ 1710 4 01700 4 Ost™2 4+ Ot ™7

Therefore, 3t; > tg and C such that eq. 26 holds. B

Appendix B. Generic solutions of the KKT conditions in eq. 6

Lemma 12 For almost all datasets there is a unique o which satisfies the KKT conditions (eq. 6):
N
W = Z o Xn, vn (ozn > 0and W' x, = 1> OR (an =0and w'x, > 1)
n=1

Furthermore, in this solution o, # 0 if w'x, =1, ie, x,isa support vector (n € S), and there
are at most d such support vectors.
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For almost every set X, no more than d points x,, can be on the same hyperplane. Therefore,
since all support vectors must lie on the same hyperplane, there can be at most d support vectors, for
almost every X.

Given the set of support vectors, S, the KKT conditions of eq. 6 entail that o,, = 0 if n ¢ S and

1=Xiw =X Xsas, (56)

where we denoted as as « restricted to the support vector components. For almost every set X,
since d > |S]|, X}—Xs € RISIXIS| i invertible. Therefore, as has the unique solution

(XEX‘g)il 1=as. (57)

This implies that Vn € S, o, is equal to a rational function in the components of Xg, i.e., o, =
n (Xs) /an (Xs), where p,, and gy, are polynomials in the components of X g. Therefore, if v, = 0,
then p,, (Xs) = 0, so the components of X s must be at a root of the polynomial p,,. The roots of the
polynomial p,, have measure zero, unless VXs : p, (Xs) = 0. However, p,, cannot be identically
equal to zero, since, for example, if Xg = [I|S|X‘5|, 0‘5|X(d_‘5|)], then XEXS = Iis|x|s|> and so
in this case Vn € S, a,, = 1 # 0, from eq. 57.

Therefore, for a given S, the event that "eq. 56 has a solution with a zero component" has a
zero measure. Moreover, the union of these events, for all possible S, also has zero measure, as a
finite union of zero measures sets (there are only finitely many possible sets S C {1,..., N} ). This
implies that, for almost all datasets X, a;, = 0 only if n ¢ S. Furthermore, for almost all datasets
the solution « is unique: for each dataset, S is uniquely determined, and given S , the solution eq.
56 is uniquely given by eq. 57. B

Appendix C. Completing the proof of Theorem 3 for zero measure cases

In the preceding Appendices, we established Theorem 4, which only applied when all support vectors
are associated with non-zero coefficients. This characterizes almost all data sets, i.e. all except for
measure zero. We now turn to presenting and proving a more complete characterization of the limit
behaviour of gradient descent, which covers all data sets, including those degenerate data sets not
covered by Theorem 4, thus establishing Theorem 3.

In order to do so, we first have to introduce additional notation and a recursive treatment of the
data set. We will define a sequence of data sets P,, X 5, obtained by considering only a subset Sm
of the points, and projecting them using the projection matrix P,,. We start, for m = 0, with the
full original data set, i.e. Sy = {1,...,N} and Py = I;.4. We then define W,,, as the max margin
predictor for f’m,ngm_l, lLe.:

W, = argmin Hw||2 st W Pp1x, > 1Vn € St (58)
weERd

In particular, W is the max margin predictor for the original data set. We then denote S;'> the indices

of non-support vectors for 58, S,,, the indices of support vector of 58 with non-zero coefficients for
the dual variables corresponding to the margin constraints (for some dual solution), and &, the set
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of support vector with zero coefficients. That is:

S:rrl = {n S gm—l‘w;?rlpm—lxn > 1}
S, = {n € Sm71|w;£z]-3mflxn = 1} =Sn\Sn,

N

Sy = {n €S, |qa e RJZVO C W, = Zakf’m,lxk,an >0,Vi¢ S, a= O}
k=1

Sm=38.\Sn. (59)

The problematic degenerate case, not covered by the analysis of Theorem 4, is when there are
support vectors with zero coefficients, i.e., when S,,, # ). In this case we recurse on these zero-
coefficient support vectors (i.e., on S,,), but only consider their components orthogonal to the
non-zero-coefficient support vectors (i.e., not spanned by points in S,,,). That is, we project using:

P, =P, (Id ~ X, XL ) (60)
where we denoted AT as the Moore-Penrose pseudo-inverse of A. We also denote P,,, = I; — P,,.

This recursive treatment continues as long as S,,, # (), defining a sequence W, of max margin
predictors, for smaller and lower dimensional data sets P,,,_1X 3.~ We stop when Sm = 0 and
denote the stopping stage M —that is, M is the minimal m such that Sm = (). Our characterization
will be in terms of the sequence wi,...,Wwys. As established in Lemma 12 of Appendix B, for
almost all data sets we will not have support vectors with non-zero coefficients, and so we will have
M =1, and so the characterization only depends on the max margin predictor W of the original
data set. But, even for the measure zero of data sets in which M > 1, we provide the following more
complete characterization:

Theorem 13 For all datasets which are linearly separable (Assumption 1) and given a 3-smooth
loss function (Assumption 2 ) with an exponential tail (Assumption 3), gradient descent (as in eq. 2)
with step size n < 23~ 'o.2, (X ) and any starting point w(0), the iterates of gradient descent can
be written as:

Zwmlog t)+p(t), (61)

m times

—~—
where log®™ (t) = loglog - - - log (t), Wy, is the Lo max margin vector defined in eq. 58, and the
residual p (t) is bounded.

C.1. Auxiliary notation

We say that a function f : N — R is absolutely summable if Y 2, | f (¢)| < oo, and then we denote
f (t) € L. Furthermore, we define

M

r()=w(t)— Y [Wplog™™ +wm+z

m=1 m 110g ()

where w;,, and wy, ,,, are defined next, and additionally, we denote
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Il
M=
sh

We define, Vm > 1, w,,, as the solution of

m
VYm>1: VnESm.T]ZeXp< Zw,j )Pm_lxn:\fvm, (62)
TLESm
such that
P,,_1w,, = 0and P,,w,, = 0. (63)

The existence and uniqueness of the solution, w,,, are proved in appendix section C.4.
Lastly, we define, Vm > k > 1, Wy, ,,, as the solution of

m—1
Z exp( wan> P_1x, = Z Z exp (—VKITxn) XHXZ Wiom (64)
neSm k=1 [neSy
such that
Pk,1VVVk7m = (0and kaVVk’m =0. (65)

The existence and uniqueness of the solution Wy, ,,, are proved in appendix section C.5.
Together, eqs. 62-65 entail the existence of a unique decomposition, Ym > 1 :

Wi, =1 Z exp( A4 xn) Xp — 1) Z Z exp <—V~VTxn> XnX,) | Wk (66)

neESm k=1 |n€eSk

given the constraints in eqs. 63 and 65 hold.

C.2. Proof of Theorem 13

In the following proofs, for any solution w(t), we define

M M m-—1 W
S IR AEIURS pp ppun. .
m=2 m= (t)

iy | i Hlog™”

noting that

I+ 1) =7 (0] < s
and
r(f) = w(t) — Wi log () — W — 7 (£) 67)

where w follow the conditions of Theorem 13. Our goal is to show that ||r(¢)|| is bounded. To show
this, we will upper bound the following equation

Ie(t + 1)1 = et + 1) — () + 2 (x(t +1) — () " v(t) + [e(@)]? (68)
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First, we note that 3¢y such that V¢ > g the first term in this equation can be upper bounded by
le(t +1) — (1)
D\ [w(t +1) — Wi log (t+1) — 7 (£ + 1) — w(t) + W1 log (£) + T () ||
|~ gV L(w(t) — W1 (log (t + 1) — log (£)) — (7 (¢ + 1) — 7 ()]
= 1P [|VLW(O)IP + IW1]*log? (1 +¢71) + |7 (¢t + 1) — 7 ()]
+2nVL(w(t))" (Wilog (1 +t71) +7(t+1) —7(t))
+ 2w1 (r(t+1)—7(t))log (1 + t_l)
3)
< PIVLw(O))I]® + [W1]|*t72 + C2t 2 log™2 (¢) + 20, Wi ]| ¢ > log ™" (1) ,Vt > to (69)

where in (1) we used eq. 67, in (2) we used eq. 2 and in (3) we used Vx > 0: = > log (1 + =) > 0,

and also using ¢ (w(t) "x,) < 0 for large enough ¢, we have that
A -1 _ /( o T -1\ _ [%a]l C7
(Wilog (14t ") +7(t+1) ‘r(t)) Zé Tx,) <w1 x, log (14+t71) tTog (O
(70)

which is negative for sufﬁciently large ¢y (since log (1 + ¢~ 1) decreases as ¢!, which is slower then
1/ (tlog (1)), ¥n : W{x, > 1and ¢'(u) < 0.
Also, from Lemma 10 we know that:

IVL (w (1)) |I* = o(1) and Z IV L(w(w))l* < (70
u=0

Substituting eq. 71 into eq. 69, and recalling that ¢~** log™"? (¢) converges for any v; > 1 and any
V9, and so
ko () 2 ||r(t+1) —r(t)]|> € Ly . (72)

Also, in the next subsection we will prove that
Lemma 14 Let k1 (t) and k2 (t) be functions in Ly, then
(c(t+1) —r () v () < k(@) r (O] + 2 (2) (73)
Thus, by combining eqs. 73 and 72 into eq. 68, we find
le(t + )II* < ko () + 21 (2) r (8) ]| + 262 (2) + [|r(2)]”

On this result we apply the following lemma (with ¢ (t) = [|r(¢)]|, h (t) = 2k1 (t), and z (t) =

Ko (t) 4+ 2k2 (t)), which we prove in appendix C.6:

Lemma 15 Ler ¢ (t), h (t), z (t) be three functions from N to R>q, and C1, Ca, C5 be three positive
constants. Then, if > ;2 h(t) < Cy < 00, and

¢*(t+1) <z (t)+h(t) o (t) + ¢ (1) (74)

we have .
P*(t+1)<Cot+Cs > 2 (u) (75)

u=1
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and obtain that

t
et + 1> < Co+ C3 ) (ko (u) + 2k (1)) < Cy < 00,
u=1

since we assumed that Vi = 0,1,2 : ; (t) € L;. This completes our proof. ll

C.3. Proof of Lemma 14

Before we prove Lemma 14, we prove the following auxilary Lemma:

Lemma 16 Consider the function f(t) =t~ (log(t)) "2 (loglog(t)) "3 ... (log® (t)) =M+, If
Imo < M + 1 such that vy, > 1 and for allm’ < mo,vy,y = 1, then f(t) € L.

Proof To prove Lemma 16, we will show that the improper integeral ftoo t)dt for any t; > 0 is

bounded, i.e., Vt; > 0 ft t)dt < C. Using the integeral test for convergence (or Maclaurin—
Cauchy test) this in turn 1mphes that V¢, > 0,3/ f(t) < C, and thus f(t) € L.
First, if mg > 1, thenv; = 15... = vp—1 = 1 and v, = 1 + € for some € > 0. Using change

of variables y = log®(™~1(t), we have

mo—2 -1 mo—2
v (t Il bgw(t)) dt =TT (og(0) 7 at
r=1

r=1

Vm

and for all m > my, (logo(m_l)(t)) o (logo(m_mo)(y)> < (log(y))‘”’"'. Thus, denoting

b= M |y and log?™0 =V (1) = y1, we have
%0 o ey —vm * (log(y))”
f(t)dt = y~Vmo H (log (y)) d(y) < o dy. (76)
f u m=mo-+1 Y1 Y

—VUm

For mo = 1, we have 1 = 1 + ¢ for some ¢ > 0, and for m > 1, <log°(m’1)(t)> <

(log())""!. Thus, denoting, 7 = M1 |1,,|, we have I fde < [ kﬁﬂ) dt.

Thus, for any mgq, we only need to show that forall£; > 0,¢ > Oand 7 > 0, ft 1‘1‘%2) dt < oo.

Let us now look at [ ““t%i? dt. using u = (log(t))” and dv = 7k, we have du =

ot~ (log(t))” " and v = — 1. Using integration by parts, [ udv = uv — [ vdu, we have

/ log(t))” ,, _ _(log(t))” ¥ / (log(t)" ™" ,

tl-i—s ete t1+e
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Recursing the above equation K times such that 7 — K < 0, we have positive constants
co,C1, - .. cx > 0 independent of ¢, such that

> (log(t))” Kl (og(6)"*]™ > (log(t))” %
/Q og(®)"y, _ I-EZ JC0) *‘”(AQ (log(t)" " .

k=0 t=t1 =t tl+€
K-1 —k -
W - ek (og(t))”™ % (log(®)""
- t€ K tlte
=0 €y t=t1
K—-1
@ S~ e (log(t))” k+ * 1
— te CK t1+e
=0 €ty t=t1
K-1 _
c (log(t c
_ k ( g(tel)) + i: < o0 (77)
o €t{ €ty

k
where (1) follows as Y1t % 290, (2) follows as K is chosen such that 7 — K < 0

and hence for all t > 0, (log(t))”~® < 1. This completes the proof of the lemma. [

Lemma 14 Let k1 (t) and k2 (t) be functions in L1, then
(c(t+1) —r () v () < r (@) r (O] + 2 (2) (73)

Proof Recall that we defined

r(t) = w(t) — q (1) (78)
where
M
q(t) = [Winlog®™ (t) + hy, (1)) - (79)
m=1
m—1 .
. Wikm
h,, (t) = W,, + _ (80)
( ) w ; Hm—kl logor (t)

with W,,,, W, and Wy, ,,, defined in eqs. 58, 62 and 64, respectively. We note that
la(t+1)—a(t) —a®)| <Ct* € L (81)

where

M
1 .
qt)=> Wm——g———— +hy (t) . (82)
mzl t 1_[7’:11 log (t)

Additionally, we define C},, Cj, so that

e (O] < [l + Y Wkl < Cr (83)
k=1
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and

C/
L 5 € L. (84)

T E—
(T 108 (1)) (tog™ ) (1))

We wish to calculate
(r(t+1) —r(t) " r(t)

= [wt+1) -w(t)—lat+1)—a@®)] @)
(VLW () —a®)] () ~[at+1) —at)—a®)] r ()

—
[
~—

(85)

—~
Nl

where in (1) we used eq. 78 and in (2) we used the definition of GD in eq. 2. We can bound the

second term using Cauchy-Shwartz inequality and eq. 81:

[at+1)—a®-a®] v <la+1)—a)—a@ll @] < Cet > r @) -

Next, we examine the second term in eq. 85

N T
:[nzymwﬁ%mmq@ (1)
y Mn 1 u
2N e ) ) -0 Y S Cw(t)Txa) X r (1)
m=1 m=1pest
M T M 1 !
—U(w(t) x,) %, — Wi ri), 86
+ n;ngg:m ( (t) ) Tnzzzl tH:L:_ll logor (t) (t) ( )

where in (1) recall from eq. 59 that S,,,, S;}, are mutually exclusive and UY_,S,,, U S, = [N].

Next we upper bound the three terms in eq. 86.
To bound the first term in eq. 86 we use Cauchy-Shartz, and eq. 84.

SEMUISURS of [0/ [HETE M ol
: =t (M2 1oe ) (1o ()

m=1

In bounding the second term in eq. 86, note that for tight exponential tail loss, since w (t) ' x,, —
o0, for large enough to, we have —¢'(w (£) " x,,) < (14 exp(—pow (¢) xp)) exp(—w (¢) x,,) <
2exp(—w (t) | x,,) for all £ > to. The first term in eq. 86 can be bounded by the following set of
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inequalities, for ¢t > tg,

M M
ny >, —w(t) x)xr(t Z Yo W) xa)xr(t)

m=1 nesil €S+ xT (t)ZO

0, < T T ol T T T
<27 Z Z exp | — Z [wl xp log™ (t) + x,, hl(t)} —x,r(t) | x,r(t)

m=1pest:xTr(t)>0 I=1

@ M M
<27 Z Z exp (— Z [\?vlTxn log® (t) +x, Iy (t)})
(£)>0

m=1pest:xTr =1

3)
<27 Z St négx
m=1
M .
o | Zme . if M > 1
< (I ook () (logo™ (1)) (H,?i:;<1og<>m(t>>wfI ) cL,. 87

27]’5?’ ’ exp(maxy ||%n||Ch)
t01

€xp (MHXnH Ch eXp( Zwl Xn IOg )

2n’8$| exp(M max_ o+ Hxn”C’;L)

—

ifM=1

where in (1) we used eqs. 78 and 79, in (2) we used that Vz : ze™® < 1 and x, r (t) > 0, (3) we

used eq. 83 and in (4) we denoted 0, = min, St W, %, > 1 and the last line is integrable based
on Lemma 16.

Next, we bound the last term in eq. 86. For exponential tailed losses (Assumption 3), since
w(t)"x,, — 0o, we have positive constants z_, jy > 0, ¢_ and ¢ such that ¥n

Vit >ty (W O8N xn) < (1 + exp (—u+w )" Xn>) exp (—W O8N xn)
V>t =t (W OF xn) > (1 — exp (—,u_w )" xn>) exp (—W O8N xn)

We define ,,(t) as

Tn(t) = { (L exp(—pw(t) xn) i r (6) 3, 20

W
(1 —exp(—p_w(t)Tx,) ifr(t) x, <0 ° 8%)

This implies ¢ > max (t4,¢-), —¢'(w(t) "x,) X 1 (t) < Y (t) exp (—w T (£) xp) X
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From this result, we have the following set of inequalities:

M M
n Z Z —(w(t) T x,)x]r(t) <n Z Z Tn(t) exp (—w ON xn> X, r(t)
m=1neSn, m=1neSy,
) M M -1 T
(:77 Z Z Yn(t) exp (— Z [WITX” log® (t) 4 x| W + "kl] —x'r (t)) x)r(t)
m=1nESm =1 k=1 H log®" (%)
M
) Nyn(t) exp (— % ) exp ( xlr (t)) xg ex ( x Wil )
mzzlnesm | i Hog® (1) g kzll;l r= klOg (t)
M - M
®) 7Yn(t) exp (—XTW) exp ( xIr (t)) xIr (t) ox ( XTWml ) .
mZ::lnesm 1175 log™ (2) P l%ln m10g”" (1) v )
M Ta T T M-1 T
< 77Yn (1) exp (—xn w) exp ( X, T (t)) x, T (t) " [(1 B X, Wi 141 )
_lenESm tHT log (t) w ( ) l:zm Hr mlog ( )
= Xy Win 141 X Wi, 141
exp | — ——n T 1-— $ 89
: p( 2 T og ) mlog°f<t>>] .

where in (1) we used eqs. 78 and 79, and in (2) we used Pj_; Wy, ,, = 0 from eq. 65 (so XZVVk,l =0
if m < k) and in (3) defined

paryiwiy | B 108?
Note 3t,, such that V¢ > t,,, we can bound 1, (t) by

. —M max,, ||x,|| Ch
X
P logo(mfl) (t)

Thus, the third term in 86 is given by

) < U (1) < 1. oD

M o T

1Y ) KT () - 3 r ().

m=1neS,, m:ltHr 1 1 og ()
T T

7Yn (t exp( )exp( X r(t)) x, 1 (t) [ex (_ Nl X,IVVVm}l+1 )
: mzz T og™ () b 0] (- 2 0

MY XTW I+
1= _ P Wmpltl
< ;%Hi:mlog‘" <t>>]
M nyn(t) exp (—x, W) exp (—x,r (¢)) x, v (¢ = X, W,
+Zl§; e e 2 o (1_2 M(t))
() ]
tIT7 dog™ (1) |

where (1) follows from the bound in eq. 89.
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We examine the first term in eq. 92

ex ex i x'r
Z ZU%L P ) P( 7)1 (t)) n (t)Tl)m(t)

m=1neS,, tHr 1 IOg (t

= oxw M=y Tw
m,l+1 n Wm,l+1
-lexp | — g —_—— | - [ 1- E — o<
[ ( l=m Hr m log ( )> ( l=m Hi:m 1Og (t)> ]

Vt >ty > ty, where we will determine ¢; later. We have the following for all m € [M]

1 (t) exp (—x T~)e><p( X, r () X, r (t)
nezsm tHr 1 log (t)

M—1 K W it1
| [exp ( Oy t>>
(02
)

m (1)
M-1 XTW .
1— n Wm 1
[-Z )]
M

®) -
) (1) XD (3, %) Ui (1) [QX (_ _1)%)_(1_1”_1%)]
Z b l=m H7 m log ( ) l:z’m H, m log ( )

<
nESm: tHr 1 log (t
x,)r(t)>0
- M-1 . 2
(i) Z 777n()exp( x, W) (t) Z X, W 141 - ©3)
S A S v )\ T loe™ ()
x”r(t)ZO

where we set t; > 0 such that V¢ > ¢; the term in the square bracket is positive and

M-1 T
Z X, Win,l+1 > 1,
l mH*mlOg ()

in (1) we used that since e™* > 1 —x, and also from using e 2 < 1 and in (2) we use that Vo > —1
we have that e=% < 1 — x + 2% and v, (t) < 1 from eq. 91.
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We examine the second term in eq. 92 using the decomposition of W, from eq. 66

‘ff 5 Mo (a®) o (CxarB) xr @), <1Mz XWWH()) )izwm""(t)]

1, o ] 1
m=1 [nes,, tIT,2; log® (t) 1= 1L log™ (t t[175 log

w ’l’}eXp( XTW) XTI'(t> _XTr _
_mz::ln;m ¢TI log™ (¢) () exp (=xur (1)) Ym (6) = 1)

B i 3 1 (t) exp (=%, W) exp (=%, 1 () X, 1 () Y (1) Ail Xp Win 141
m—1 or l or
m=1n€S,, tTlr—y log™ (t) S Tl log™" (2)
M m-—1 T
UeXp ) (t) Xn Wkm
20 ’
m=1 k=1 neSg r 1 thg (t)

Tor) T

@ M 7 exp (—xnw) X, I (t) T
PPy - (1 (t) exp (=377 (1) i (1) — 1)

1 o
=1nesS,, tH:"n—l IOg r(t)

_Z Z Z 1 (1) exp (=%, W) exp (=%, v (t)) X, v (£) hm (£)X,) Wi 111

m=1nesS,, tHr:l 1Ogo ( )
M M-1 T T T
71 €xXp (7Xn W) Xn r (t) Xn Wk,m+1
+ m or
kzzl ngk mZ:]g Hr:l thg (t)
(3) M 1 N XTW, k41
=X e O e | e (<3 W) () () exp (—xx (1) — 1) xr (1)

m— 1 k or
m=1nesS,, t H ( ) k=m 3 Hr:l IOg (t)

=3 3 Toal®), (94)

where in (1) we used eq. 66, in (2) we re-arranged the order of summation in the last term, and in
(3) we just use a change of variables.
Next, we examine I',, ,(t) for each m and n € S, in eq. 94. Note that, Ity > ¢, such that

Vt > t9 we have
M—1

T
Z Xn Wi, k+1
k

jom tr=y log™ (2)

0.5
T ot (1)

In this case, Vt > to

Lounlt) < 1 [ S )] exp (—x[w) (3u(0m () exp (—xTe (1)) ~ 1) < (1),

tT17 ! log
95)

where in (1) follows from the definition of ¢2, wherein

(1) :{ 1.5 if (’yn(t)wm(t) exp (— i
" 0.5 if (yu(t)m(t)exp (—x, T

1. First, if x,)r (t) > 0, then 7y, (¢) = (1 + exp(—prw(t) 'x,)) > 0.
We further divide into two cases. In the following Cy, C; are some constants independent of ¢.
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(@) If [x, 1 (t)| > Cot~ %5+, then we have the following

() (£) exp (=7 (1))

(1 + exp (—,qu % [vAvlTxn log® (t) + hl—rxn} )) exp (—XII‘ (t))

=1

A
IN=

—~
N
~

exp( +Ch HXNH) exp(—Cot_O'S’”)

(#1175 08 (1))
3

< (1+ CytH+) (1= Cot™ 251+ 4+ 0.5CFtH+) ¥t > ¢/,

IN

1+

—
=

(4)
< 1= Cot "+ (1 + Ot #+) + 0.5C5tH+ (1+ Ort++) < 1,V > ], (96)

where in (1), we use ¥, (t) < 1 from eq. 91 and using eq. 78, in (2) we used bound on h,,
SOkl < G
for the second term we used the inequality e=* < 1 — x + 0.52% for z > 0, and (4) holds
asymptotically for ¢ > t for large enough " > ¢/, as Cot =05+ converges slower than
0.5C3t H+ 10 0.

Thus, using eq. 96 in eq. 95, Vt > max (t2,t"), we have

from eq. 83, in (3) for some large enough ', > t, we have (

nk(n,t) exp (—x, w

tI7 og® (1)

b)) If0 < x/r(t) < Cot=%5+, then we have the following: ,,(t) < 1 from eq. 91,
exp (—x,r(t)) < lasx,r(t) > 0, and since w(t) x, — oo, for large enough t > t//,
(t) = (1+exp (—prw(t) 'x,)) <2
This gives us, (v, (£)¥m(t) exp (—=x) 1 () — 1) x,} 1 (t) < x,)r (t) < Cot~0%+, and using
this in eq. 95, V¢t > max (t2,t/)

Dina()< [ )] (vatymn(®) exp (—xx (1)) = 1) xx (1) <0

i
Cn(t)s [ T0OP CXa®) | o ¢ g,
’ ¢TS5 log™ (¢)

2. Second, if x,/r (t) < 0, then v, (t) = (1 — exp(—p_w(t) 'x,)) € (0,1). We again divide
into following special cases.

@ If [x,r (t)| < Co (log (m— 1)(t)) _0.5[‘7, where ji_ = min (u_, 1), then we have
Dn(t) < [1 nexp (- M] (1= u(tom (@ exp (—sx () ) elx (1)
tTT log® (1)
1) 1517exp( X W) o(m—1) —1-0.50—
1 L.
- [tnm o (| 0 (o 0) e

where in (1) we used that (1 — 7, (t)tn, () exp (—x,r(t))) <1land
|X,II' (t)’ < CO (1Ogo(m—1)(t))*0.5u_
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(b) If ¢y, (t) exp (—x, 1 (t)) < 1, then, from eq. 91

—M max,, ||x,|| Ch
logo(m—l) (t)

< log iy, (t) < x, 1 (t). 97

In this case, since v, (1) = 1—exp(—w(t) 'x,) < 1 we also have 7, )ty (t) exp (— (1) <
1, and hence (v, (t)tm (t) exp (—x) 1 () — 1) x, v(t) > 0. Thus, Vt > t5, in 95, lﬁ:n( ) =
1.5, and we have

Fm,n(t) <

[1 5nexp( X w) xTr(t)‘

tH:n:11 log®” (t) ] ( = V()1 (t) exp (—xlr (t)))

(i) [1.5nexp (—XIW)] M max, ||x,| Ch < Co
IS g™ () ] tog™™ () g ioge (1) (o™ Y (1)

2€L1,

where (1) follows from (1 — 7y, (t)¢m, (t) exp (—x, r (t))) < 1 and the bound on |x, r(t)| =
—x, r(t) from eq. 97.
—0.5/_

(©) If b, (t) exp (—x,r (t)) > 1,and |x,)r (t)| > Co (logo(m_l)(t)) : , where fi— min (1, pu_).
Since, x, w(t) — oo and 9,,, (t) — 1 from eq. 90, for large enough ¢ > t_, we have V¢ > t’_,
P (t) > 0.5 and v, (t) = (1 — exp(—p_x,, w(t))) > 0.5. Let 7 > max (4, ) be an arbitrar-
ily large constant. Forall ¢t > 7,if exp (—x, r (t)) > 7 > 4, thenv,,(¢)thm (t) exp (—x, 1 (t)) >
0.257 > 1.
On the other hand, if there exists ¢ > 7 > 4, such that exp (—XI r (t)) < T, then for some
constants C'1, Cy we have the following

(i) exp(—xr (1)) = exp(jx,r () ]) = (1 + Co (log”™ V(1))
for all z,
(ii) Y (t) > exp <—01 <log°(m_1)(t))1> > <1 -4 (logo(m_l)(t)>1> from eq. 91

and again using e* > 1 4 x for all x,

(ii1)

—0.50— )
,since e > 1+x

| i
exp(=Chllznllr VP g
- (1 ) [tr{?;?’fog%)] ) > (1= (Cuo00) ™) it

where the last inequality follows as for large enough t” > t' , we have % <
r=1
Cs.

o, [exp(-h()Tx >exp< xir ()"
o= (1| =1
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Using the above inequalities, we have
Y ()0 (1) exp (—x, ¥ (1))

> (1 LGy (1og°<m1>(t))0'5ﬂ> (1 e (logo(ml)(t)>l) (1 — G (1og°<m1>(t))”)

(1) —0.50— -1 —
>14C (1og°(m*1>(t)) e (log"(m*”(t)) — Gy (1og°(m*1>(t))
—j_0.5f_ 1-0.50_ (2)
— CyCy (1og°(m*1>(t)) T o (logo(m*”(t)) TS v s (98)

where in (1) we dropped the other positive terms, and (2) follows for large enough t”” > t” as
0.5/
the Cp log <log°(m_1) (t)) converges to 0 more slowly than the other negative terms.

Finally, using eq. 98 in eq. 95, we have for all ¢ > max (t2, T, t, t”)

nk(n,t) exp ( 7Iw)

1175 log™ ()

La(t) < [ ] (1= m@um® exp (—xir () [eir @) <0

99)

Collecting all the terms from the above special cases, and substituting back into eq. 85, we note
that all terms are either negative, in L1, or of the form f (¢) ||r (¢)||, where f (t) € L, thus proving
the lemma. |

C.4. Proof of the existence and uniqueness of the solution to eqs. 62-63

We wish to prove that Vm > 1 :

> exp< ivv,j ) Po1Xn = Wi, (100)

nESm

such that
P, 1w, =0andP,,w,, =0, (101)

we have a unique solution. From eq. 101, we can modify eq. 100 to
m — —
I O S
n€Sm k=1

To prove this, without loss of generality, and with a slight abuse of notation, we will denote S,,, as
Si, Pp_1Xp, as X, and (3, = exp < Zk 1 Wk P;._ 1xn> so we can write the above equation as

Z XnBn €Xp (-XIV~V1> =W

neSy

In the following Lemma 17 we prove this equation V3 € R'Sl )

38



GRADIENT DESCENT ON SEPARABLE DATA

Lemma 17 V3 € R‘ 1' we can find a unique W such that

Z XpOn exp( I 1) =Wy (102)

neSy

and for ¥z € R? such that z" X5, = 0 we would have W z = 0.

Proof Let K = rank (Xg,). Letand U = [uy, ..., ug] € R4 be a set of orthonormal vectors (i.e.,
UU" =U'"U = I) such that u; = v
Vz4£0,Yn €Sz [ug,...,ug]’ x, #0, (103)
while
Vi > K : VnESl‘uxnfO (104)
In other words, u; is in the direction of W1, [uy, ..., ux] are in the space spanned by the columns
of Xs,,and [ug41,...,uy| are orthogonal to the columns of X, .

We define v,, = U'x,, and s = U'w;. Note that Vi > K : Vin = 0Vn € §; from eq. 104,
and Vi > K : s; = 0, since for Vz € R? such that z' X5, = 0 we would have W, z = 0. Lastly,
equation 102 becomes

Z X Bn €XP s]fuj nl =wi. (105)
neSy

Multiplying by U from the left, we obtain

K
Vi< K : Zviynﬁnexp ZS Vin | = Wl.
neSy 7=1
Since u; =
K
Vi<K: Y vipBnexp | =Y sjvjm | = [IW1dix. (106)
nesS, 7j=1

We recall that vy, = W{ x,,/ |[|[W1]| = 1/ ||%1] , ¥n € S1. Given {sj}JK:Q, we examine eq. 106 for
1=1,

[ K
51 -
exp <—A> Z Brexp | — ZSjUj,n = || ||?
¥l 2

neSy

This equation always has the unique solution

K

s1= [Willlog |[[W1] 7> D Bexp [ =D sjvjm | | (107)

neSy 7j=2

given {s; }jK:2 Next, we similarly examine eq. 106 for 2 < ¢ < K as a function of s;

K
S Bavimexp | —s1/ W1l =D sjuin | =0. (108)

neSy j=2
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multiplying by exp (s1/ ||W1||) we obtain

K
0
0= Z Brvin exp —Zsjvm = o8, [E (s2,...,8K)]
=2

neSy

where we defined

K
E(s2,...,8K) = Z Br, exp —ZSjUj,n
i=2

neSy
Therefore, any critical point of F (s, ..., sk ) would be a solution of eq. 108 for 2 < i < K, and
substituting this solution into eq. 107 we obtain s;. Since 3, > 0, E (s2,...,Sk) is a convex

function, as positive linear combination of convex function (exponential). Therefore, any finite
critical point is a global minimum. All that remains is to show that a finite minimum exists and that
it is unique.

From the definition of S1, Ja € ]leé‘ such that Wy = > s anX;, . Multiplying this equation
by U' we obtain that Jo € leé‘ suchthat2 <i < K

> vinan =0. (109)

neSy
Therefore, V (s2, ..., sk) # 0 we have that

K

D sivjm | an=0. (110)

neS) j=2

Recall, from eq. 103 that V(s2 ...,sx) # 0,3dn € S : ZJKZQ 5jVjn # 0, and that o, > 0.
Therefore, eq. 110 implies that 3n € Sp such that ZJKZQ 5jVjn > 0 and also 3m € S; such that
Zf:Q S$iVim < 0.

Thus, in any direction we take a limit in which |s;| — oo V2 < i < K, we obtain that
E (s2,...,5K) — 00, since at least one exponent in the sum diverge. Since E (s2,...,5k), is a
continuous function, it implies it has a finite global minimum. This proves the existence of a finite
solution. To prove uniqueness we will show the function is strictly convex, since the hessian is
(strictly) positive definite, i.e., that the following expression is strictly positive:

K K

0 0
ZZQZnggE (32, - ,SK) .
i=2 k=2 i 9%k
K K K
ey (z q> (z q> oo [~ 3 sy
neSy =2 k=2 j=2
K 2 K
— Z /BTL (Z qﬂ]i,n> exp — Z Sjvjm,
neSy 1=2 Jj=2

the last expression is indeed strictly positive since Vq # 0,dn € S : Zf: 94jVjn # 0, from eq.
103. Thus, there exists a unique solution wi. |

40



GRADIENT DESCENT ON SEPARABLE DATA

C.5. Proof of the existence and uniqueness of the solution to eqs. 64-65

Lemma 18 ForVm > k > 1, the equations

m—1
Z exp (—WTX,J P_1x, = Z Z exp (—WTXH) anz Wk.m (111)
neSm k=1 [neSy
under the constraints
Pj_1Wim = 0and Ppwy,,,, = 0 (112)

have a unique solution Wy, p,.

Proof For this proof we denote X, as the matrix which columns are {xn|n € Sk}, the orthogonal
projection matrix Qx = PxPj_iwhere QxQ,, = 0Vk # m, Qi P,,, = 0 Vk < m, and

Vm:I=Pp+Ppn=>) Qi+Ppy (113)
k=1

We will write Wy, ,,, = Wy, ug,, , where ug,, € R and Wi € R4k g a full rank matrix
such that Q. Wy, ., = Wy 1, 50

Wim = QeWim = Qe WirmUg o, - (114)

and, furthermore,
rank ngQka,m} — rank (X}ka) —dy. (115)

Recall that Vm : P,,P,, = Oand Vk > 1,Vn € S,, f’m+kxn = 0. Therefore, Vv € R?,
P,_1Qiv =0, P,Q.v = 0. Thus, Wi m €q. 114 implies the constraints in eq. 112 hold.

Next, we prove the existence and uniqueness of the solution Wy, ,,, for each & = 1,...,m
separately. We multiply eq. 111 from the left by the identity matrix, decomposed to orthogonal
projection matrices as in eq. 113. Since each matrix projects to an orthogonal subspace, we can solve
each product separately.

The product with P,,, is equal to zero for both sides of the equation. The product with Qy, is
equal to

> exp (<% %0 ) QuProixn = | 3 exp (=W ) Quxax,] | Wi

nESm neSy

Substituting eq. 114, and multiplying by W,Im from the right, we obtain

- T T - T T T
Z exp (—W xn) Wi QePm—1x, = Z exp (—w xn) Wi QexnX, Qe Wi m | Wkem -
neSm neSy

(116)
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Denoting E;, € RISkI*ISk] a5 diagonal matrix for which E,,,, , = exp (—%\XIT

square bracket in the left hand side can be written as

xn), the matrix in the

Since rank (AAT) = rank (A) for any matrix A, the rank of this matrix is equal to

@
J =

rank [EXs, Qt W] Y rank (X5, Qe Wim] = di

where in (1) we used that Ej, is diagonal and non-zero, and in (2) we used eq. 115. This implies
that the dj, x dj, matrix in eq. 117 is full rank, and so eq. 116 has a unique solution uy, ,,,. Therefore,
there exists a unique solution Wy, ,,. |

C.6. Proof of Lemma 15

Lemma 15 Ler ¢ (t), h (t), z (t) be three functions from N to R>q, and C1, Ca, C5 be three positive
constants. Then, if > ;2 h(t) < Cy < 00, and

P (t+1) <z(t)+h(t)o(t)+¢* (1) (74)
we have
t
P*(t+1)<Ca+Cs z(u) (75)
u=1

Proof We define ¢ (t) = z (t) + h (t), and start from eq. 74

P (t+1)

<z(t)+h(t) (1) + ¢ (1)

< z(t) +h(t)max [1,¢* (t)] + ¢ (t)

<z (t)+h(t)+h(t)¢* () + 6° (t)

< () + (1+h (1) 6 (t)

<Y+ (AT+hE)Y(E—1)+ (1 +h()A+h(E—1)¢" (t—1)
<YW +A+h@)YE-1)+A+0 @) A+h(t—1)¢(t—2)
+(1+hE) A +ht-1)1+h(t—-2)¢*(t—2)
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we keep iterating eq. 74, until we obtain

t—1 t—t1 [k—1
< [H (1+h(t—m))] o)+ > |11 (1+h(t—m))] ¥ (t—k)
m=1 k=0 Lm=0
i—1 t—1 k—1
< [exp (Z h(t—m))] ¢(t1)+ > |exp (Z h(t—m))] Y (t—k)
k=0 m=1

< exp (C) ¢(1>+C+Zz(u)]

Therefore, the Lemma holds with Co = (¢ (1) + C) exp (C') and C5 = exp (C).
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Appendix D. Calculation of convergence rates

In this section we calculate the various rates mentioned in section 3.

D.1. Proof of Theorem 5

From Theorems 4 and 13, we can write w (t) = wlog ¢ + p (t), where p (¢) has a bounded norm for
almost all datasets, while in zero measure case p (t) contains additional O(loglog(¢)) components
which are orthogonal to the support vectors in S1, and, asymptotically, have a positive angle with
the other support vectors. In this section we first calculate the various convergence rates for the
non-degenerate case of Theorem 4, and then write the correction in the zero measure cases, if there
is such a correction.

First, we calculated of the normalized weight vector (eq. 8), for almost every dataset:

w (t)
lw ()]

p(t) +wlogt
\/p )" p(t)+wTwlog?t +2p (1) wlogt
p(t)/logt+w

I ¢1+2p 0" w/ (Il logt)+||p Ol (\wn log?t)

2
1 1 3 w le@®I”| 1 ( 1 >
=Tz + 1——=— = - +0
]| (p()logt > \wu logt 2 Wl 2| w|? | log?t log® t

(118)

~ N T

t t 1 1

e

Ikl Wl W] |w] logt log*t

A vw ! 1 1
() e L (L,

Izl W/ lIw] logt log“t

where to obtain eq. 118 we used ﬁ =1- %x + %1’2 + 0 (:z:3) and in the last line we used the

fact that p (¢) has a bounded norm for almost every dataset. Thus, in this case

1
- O <) '
logt
For the measure zero cases, we instead have from eq. 61, w(t) = Z%zl w log®™(t) + p(t),

where ||p(t)|| is bounded (Theorem 3). Let 5(t) = S.M_, wlog®™(t) + p(t), such that w(t) =
w log(t) + p(t) with p(t) = O(loglog(t)). Repeating the same calculations as above, we have for

the degenerate cases,
H w (t) w H (loglogt>
——| =0
w @l wl log't
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Next, we use eq. 118 to calculate the angle (eq. 9)
w(t) w

[[w ()] ]|
2
W' < 1 ) 1Lpm'w |3(,p0)" W\ le@I*| 1 1
=T t) — + W 1-— + =12 — _|_O< >
ks p()logt logt |w]? 4\ |w|? 2wl | log?t log® t

R 2
L 2@ [ e w NP o1] +O< 1)
Wiz [\ wlle®l )~ 1] 1og%t " \iogt

for almost every dataset. Thus, in this case

w(t)'w 1
nwmmwn‘oﬁ%%)

Repeating the same calculation for the measure zero case, we have instead

W(t)TW B loglog t 2
Hw@mmu‘0<(mm ))

Next, we calculate the margin (eq. 10)

nx:;w(t)_ 1
no lw@) o [lwl
A~ T A
:mille;Lr pgt) - VY p(tA) 2w ! +O<12 )
n Wil [Iwl | w]] logt log?t
1 o p®) W\ 1 < 1 )
=T nP(t) = +0 | —= 119
rwuewxp” Iwi> ) logt  ~ \log”t (e

for almost every dataset, where in eq. 119 we used eq. 19. Interestingly the measure zero case has a
similar convergence rate, since after a sufficient number of iterations, the O(log log(t)) correction is
orthogonal to X}, where k = argmin, x, w(t). Thus, for all datasets,

1 1
T
minx, w(t) — — =0 | — (120)
i w ()~ Q%)

Calculation of the training loss (eq. 11):

1+ exp ( paw (t) " xn)> exp (—W 0N xn>

NE

L(w

S
I
—

I
hE

i
L

I
WE

(
(1 + exp ( L(p(t)+wlogt)" Xn>> exp <— (p(t) +wlogt)" xn>
(

L e (<o () ) Y exp (= () ) £V

H—M—\ﬁ
—

e*P(t)TXn +0 (ti maX(0,1+,u+)) .

3
m
(07
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Thus, for all datasets £ (w (t)) = O(t!). Note that the zero measure case has the same behavior,
since after a sufficient number of iterations, the O(loglog(t)) correction has a non-negative angle
with all the support vectors.

Next, we give an example demonstrating the bounds above, for the non-degenerate case, are strict.
Consider optimization with and exponential loss ¢ (u) = e~ ", and a single data point x = (1,0). In
this case w = (1,0) and ||W|| = 1. We take the limit 7 — 0, and obtain the continuous time version
of GD:

i (£) = exp (—w () ; b (t) = 0.

We can analytically integrate these equations to obtain

wy (t) = log (t + exp (wy (0))) ; wa(t) = w2 (0).
Using this example with wy (0) > 0, it is easy to see that the above upper bounds are strict in the
non-degenerate case. ll
D.2. Validation error lower bound

Lastly, recall that V is a set of indices for validation set samples. We calculate of the validation
loss for logistic loss, if the error of the Ly max margin vector has some classification errors on the
validation, i.e., 3k € V : w'xy < 0:

Lo (w (1) = Y108 (1 exp (< (1) x..))

ney
> log (1 +exp (—w O xk)>
— log (1 +exp (— (p(t) +wlogt)T xk>>
= log (exp (— (p(t)+wlogt)" xk> (1 + exp ((p (t) + wlogt) " xk>)>
> —(p(t) + wlogt) x + log ( +exp ((p (t) + Wlogt)Txk)>
—logtw x4 p(t) x
(

Thus, for all datasets Ly, (w (1)) = Q(log(t)).

Appendix E. Softmax output with cross-entropy loss

We examine multiclass classification. In the case the labels are the class index y,, € {1,..., K} and
we have a weight matrix W € R¥*? with wy, being the k-th row of W.

Furthermore, we define w = vec(W "), a basis vector e, € R¥ so that(ey,);, = &, and
the matrix Aj, € R¥*4 5o that A, = e;, ® I, where ® is the Kronecker product and I is the
d-dimension identity matrix. Note that A] w = wy.

Consider the cross entropy loss with softmax output

. élog ( exp (), Xn) )

Zk:l exp (Wk Xn)
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Using our notation, this loss can be re-written as

N T
_Zlog< ZXP (w'Ay,xn) )

n—1 Zk:l exp (WTAan)

N K
=3 log (Z exp (w' (A - Ayn)xn>> (121)
n=1

Therefore

N
1 exp w! (Ag — A,) xn) (Ap —Ay,)xp
Z Z'r pexp (Wl (Ar — Ay, ) x,)

n=1

N K 1
AL — A, )x,.
22 5 (A, Ay T )

r 1eXp

If, again, we make the assumption that the data is linearly separable, i.e., in our notation

Assumption 4 3w, such that w,] (Aj — Ay ) x, <O0VE # yp.
then the expression

N T
A, — A n
TVE :ZZ w, (Ag yn)X .
ik :1 1eXp( T(A, — Ap)xy)

is strictly negative for any finite w. However, from Lemma 10, in gradient descent with an appropri-
ately small learning rate, we have that VL (w (t)) — 0. This implies that: |w (¢)|| — oo, and Vk #
Yn, Ir - w(t)' (A, — Ag)x, — 0o, which implies Vk # y,, max, w (t)" (A — Ay, ) X, —
—oo. Examining the loss (eq. 121) we find that £ (w (¢)) — O in this case. Thus, we arrive to an
equivalent Lemma to Lemma 1, for this case:

Lemma 19 Ler w (t) be the iterates of gradient descent (eq. 2) with an appropriately small learning
rate, for cross-entropy loss operating on a softmax output, under the assumption of strict linear
separability (Assumption 4), then: (1) limy_oo £ (W (t)) = 0, (2) limy—00 ||W (2)|| = 00, and (3)
Vi, k # gy limyeo w (£) (Ay, — Ag) xp, = 0.

Using Lemma 10 and Lemma 19, we prove the following Theorem (equivalent to Theorem 3) in the
next section:

Theorem 7 For almost all multiclass datasets (i.e., except for a measure zero) which are linearly
separable (i.e. the constraints in eq. 15 below are feasible), any starting point w(0) and any small
enough stepsize, the iterates of gradient descent on 13 will behave as:

wi(t) = Wi, log(t) + pi.(t), (14)
where the residual p,,(t) is bounded and Wy, is the solution of the K-class SVM:

K
argming, . Z W l|? s.t. Vn, VEk # yy, : w;—nxn > wjx, + L. (15)
k=1
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E.1. Notations and Definitions

To prove Theorem 7 we require additional notation. we define x,, j, = (Ay, — Aj)x,. Using this
notation, we can re-write eq. 15 (K-class SVM) as

arg min ||w||?s.t.Vn,Vk # yp : W X p > 1 (122)
w

From the KKT optimality conditions, we have for some a, j, > 0,

N K
W=> ) nuRnilines,) (123)
n=1k=1

In addition, for each of the K classes, we define S;, = argmin,, (W, — Wk)Txn (the k’th class
support vectors).
Using this definition, we define X5, € RIKXISk] a5 the matrix which columns are Xnk, VN € S.

K K

We also define S £ |J Sy, and Xs 2 U Xs,.
k=1 k=1

We recall that we defined W € RX*? with w;, being the k-th row of W and w = vec(W ).

Similarly, we define:

1. W € RE*4 with Wy, being the k-th row of W

2. P ¢ REX4 with p, being the k-th row of P

3. W e RE*4 with Wy, being the k-th row of W

and w = vec(W '), p = vec(PT), W = vec(W ).

Using our notations, eq. 14 can be re-written as w = w log(t) + p(t) when p(t) is bounded.

For any solution w(t), we define

r(t) =w(t) —wlogt —w, (124)

where W is the concatenation of W, ..., W which are the K-class SVM solution, so

Yk, Vn € Sy, : %, ;W =1; § = min [min fc;lrkvAv] > 1 (125)
I’ k ’I’L%Sk ’
and w satisfies the equation:
Vk, Vn € Sy, : nexp((Wr, — Wy,) X)) = i (126)

This equation has a unique solution for almost every data set according to Lemma 12.

For each of the K classes, we define P} € R%*¢ as the orthogonal projection matrix to the subspace
spanned by the support vector of the k’th class, and f”f =I- P'f as the complementary projection.
Finally, we define P; € REKd and Py € REKd 55 follows:

P, = diag(P},P?,...,PF) P, = diag(P},P?,...,PK)

(Pl + f_’l =I¢c RKdXKd)

In the following section we will also use 1 4}, the indicator function, which is 1 if A is satisfied and
0 otherwise.
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E.2. Auxiliary Lemma

Lemma 20 We have
301t VE >t (e(t+1) — () e(t) < C1t7? 4 Cot 2 (127)
Additionally, Veq > 0, 3Co, to, such that ¥t > t, such that if
[IPrr(t)]] > e (128)
then we can improve this bound to
(r(t+1) —r(t) r(t) < —Cst™' <0 (129)

We prove the Lemma below, in appendix section E.4

E.3. Proof of Theorem 7

Our goal is to show that ||r(¢)|| is bounded, and therefore p(t) = r(t) + W is bounded.
To show this, we will upper bound the following equation

I+ D= e+ —c@OP +2@E+1) @) c@) +lr@* (130
First, we note that first term in this equation can be upper-bounded by
e (t+1) —x (1))
W |w (t+1) —wlog (t + 1) — W — w (t) + wlog (t) + w|?
2 .
2 =02 (w () =g (1-+ 1) ~ log (1)
=02 |VL(w (&)|* + [[W]* log? (1 +¢71) + 2pw VL (w () log (1 +¢71)
S 2 <2 =2
< (IVL(w @) + (w7, (131)

where in (1) we used eq. 124, in (2) we used eq 2.2, and in (3) we used Vz > 0 : x > log(1+x) > 0,
and also that

N K ~ T
yn — Ak)Xn

wT
VL(W) = <0 (132)
nZ:lkZl Sorrexp(wl (A, — Ap)xy)

since w' (A, — Ap)x, = (W, — Wy, )X, < 0,VE # y, (we recall that wy, is the K-class SVM
solution).
Also, from Lemma 10 we know that

IVL (w ())]* =0 (1) and Y [VL(w (8))[|* < oo. (133)

Substituting eq. 133 into eq. 131, and recalling that a ¢t~ power series converges for any v > 1, we
can find Cj such that

lr(t+1) —r )P =o(1) and > [lr(t+ 1) —r (t)]|* = Co < 0. (134)
t=0
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Note that this equation also implies that Ve
Jto:VE>to:|[r(t+ 1) —|lr(t)]| <eo- (135)

Next, we would like to bound the second term in eq. 130. From eq. 127 in Lemma 20, we can find
t1, C such that Vt > tq:

(x(t+1)—r®)r@t) < Crt™? + Cot™2 (136)
Thus, by combining eqs. 136 and 134 into eq. 130, we find:
()17 = [fe(ty)]?

t—1

= [lr(u+ 1) = [Jr(w)][*]

< Co+2 ti [Clu—" + CQu—ﬂ

u=tq

which is bounded, since 6 > 1 (eq. 125). Therefore,

r(t)|| is bounded.

E.4. Proof of Lemma 20
Lemma 20 We have

IOty s VE >t (e(t+1) —x(t) Tr(t) < it + Cot™2 (127)
Additionally, Veq > 0, 3Cs, to, such that ¥t > ts, such that if
[IP1r(@)] > e (128)
then we can improve this bound to
(r(t+1) —r(t) r(t) < —Cst™' <0 (129)
We wish to bound (r(¢ + 1) — r(t)) "r(t). First, we recall we defined %, = (A, — Ay)X,.
(x(t+1) = x(t)Tx(t) = (—VL(w(t)) — Wllog(t + 1) — log(t)]) Tr(¢)

n=1 27{{:1 eXP(_W(t)Tin,T)

=w r(t)[t™! —log(1+t 1Y) (137)
N E Texp (—w(t) %np) X, x(t)

+ o — ¢t —w Xk ) X ()1, . (138

nnzlk:l [ S exp( WX k) X, 1 () nes,y | (138)

where in the last line we used eqs. 123 and 126 to obtain

N K N K
W=D Y aniKnslpnes) = 1D D exp (~W Knp)) Knrlnes,),

n=1k=1 n=1k=1

where 14y is the indicator function which is 1 if A is satisfied and 0 otherwise.
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The first term can be upper bounded by
vAV—r t71 —log (1 + t_l)]

< max [ Tr (t) ,0} [t_l —log (1 + t_l)]

(1)
< max [WTPlr (t) ,O] t2

2) {uvwelt* Jif [Pir (8)] < @

(
< 139
“lo (t_l) , if HPlr (t)” > €1 ( )

where in (1) we used that Pow = 0, and in (2) we used that W ' r (t) = o (¢), since

wir(t)=w' (w (0) = n)_ VL(w(u)) - Wlog (t) w>
u=0

< W7 (w(0) — % — wwlog (1)) — nt min W VL (w () = o1

where in the last line we used that VL (w (¢)) = o (1), from Lemma 10.
Next, we wish to upper bound the second term in eq. 137:

exp )Tin, i;zr r(t) - W X X
Ul Z Z [ g Wt lexp (fWTXn,k) X1 () nes,) (140)

n=1 k=1 P 1exp( (t)Tme)
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We examine each term n in the sum:

i [exp w(t) R k) Xnr(t)

—t 7 exp (=W K ) Xy 4T ()1,
< exp (—w(t) %) I’( ,k) KTt GSA{

< i (exp (—W(t)T)Nka) —tLexp (—\X/Tf(n’k) l{nESk}) l{ilkr(t)zo}i;kr(t)

k=1
K K
+ Z exp (—W(t)T}Nimk) 1-— Z exp (—W(t)Timr)
k=1 r=1
r#Yn

1 exp <—V~VT)~(TL,k) 1{n€$k}> 1{iz!kr(t)<0}i7—l;kr(t)

= EK: (exp (—W(t)—rf(mk) —¢! exp <—V~VT)~< ) l{nESk}) r—zrkr(t)
k=1

1 r=1
TFYn
2 & = . e
< Z (exp (—W(t) Xn’k> —t exp <—W Xn ) 1{n€8k}> nkr(t)
k=1
— K2exp (—w(t) (Rnjy +Fnr,)) il,k1r<t)1{,~(;klr<t)<o}, (141)
where in (1) weused Vo > 0: 1 — 2 < 17— < 1 and in (2) we defined:

(ki,7m1) = argg:ax ‘exp (—w(t)T(imk + in,r)) i;kr(t)l{i;kr(t)@}
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Recalling that w(t) = wlog(t) + W + r(t), eq. 141 can be upper bounded by

Z % Enk exp ( W%, k) exp <—1“(t)T5in,k> iz,kr(t)l{ilkr(t)zo  ngSy)
K

+ Z t_l exp (—\XIT)N(HJf) [exp <—I‘(t)—|—)~(n7k,> 1i| n kI‘( )1{ir—[,kr(t)20 , nesk}
k=1

K
+ Z t—\fvTin,k exp (_VNVT)N(mk) exp (—I‘(t)—rinﬁ) Xn, kr( )l{x r(t)<0, n¢Sy}

+ Z t— 1 exp < \X/’ )~( ) |:6Xp <_r(t)—r)~(n,k‘> — 1:| i?l—,kr(t)]‘{f(zkr(t)<0 , nES}
~ —W % ~ T~ ~ ~
- K eXp(_W(t)TXnﬂ“l)t W Xk exp (_WTXnJﬂ) €xp <_r(t)—rxn7k1> X;Lr,klr(t)]'{fcz klr(t)<0}
(1)
< Kt %exp ( min W xnk> + ¢(t), (142)

n,

where in (1) weused ze ™ < 1, Vz: (7% — 1)z < 0, f = ming [minn¢5k fc;lrkvAv] > 1 (eq. 125)
and denoted:

t) = Z W Rk exp (—\X/Timk) exp (—r(t)Tin,k) ilkr(t)l{i;kr(tKQ ng Sk}

—|—Zt 1exp —w'x ,k) [exp (—I‘(t)Tin,k) 1] nkr( )1{>‘<;kr(t)<o,nesk}

AT ~ . -
- K2 exp(—w(t) R, )t *mkexp (—W ' Kk, ) exp (—r(t) " Kp k) Zkl (t )1{;21,,v1r(t)<0}~

We use the fact that Vo : (e™ — 1)z < 0 and therefore V(n, k):
% Fk oy ( wl ) exp <—I‘(t>TXn k) X, Tor(t )1{X r(t)<oy <0
L exp ( T k) [exp (—r(t)Tgmk) _ 1} (D157 <o) <O, (143)

to show that ¢(t) is strictly negative. If fc;lr k, T = 0 then from the last two equations:
—wT %, =T T2 =T
Zt W%,k exp ( W%, k) exp (—r(t) X, k) Xy, T(t )1{5‘2,kr(t)<0’ NS}

+ Zt—l exp <—V~VT>~<R7,€) [exp <—r(t)T)~(n’k) _ 1} % (D17 r()<0, nesy) < 0 (144)

Ifx! iy ¥ < 0 then we note that — X, r(t) < —iz’klr(t) since:
L Ifx) . r(t) > 0 then this is immediate since —%,) ., r(t) <0 < —ilklr(t).
2. If x xn .~ T(t) <0 then from (K1, 71) definition:

9

Jexp (=w(t) T Ry + Fnr) ) Ky 1 (0)] < Jexp (WD) Rt +Fnrt) ) KL, 1(0)
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and therefore

We divide into cases:
1. If n ¢ S, then we examine the sum

AT =

t—W xn’kl eXp (_WTS(TL,kl) eXp (—I‘(t)Tin,h) S(I,klr(t)l{f(z klr(t)<0}

T=

— K2 exp(=w(t) R ) 50 exp (< S ) 0xp (<200 Ry ) K ¥, <o)

The first term is negative and the second is positive. From Lemma 19 w(t)—rf(n,,n1 — oo. Therefore
Jt3 so that Vt > t3 : exp(—w(t) " %X, ) < K? and therefore this sum is strictly negative since

T=

K2 exp(—w(t) %y )t~ ¥nk1exp (—w'

—WwW'x ~ T ~
b exp (=W T R k) exp (— () K ky) K], <>1{xnkr( <0}

- ‘KQ exp(—w(t) Znpy)| < 1, VE > t3

2. If n € Sy, then we examine the sum

T

t™hexp (—W Xy k) [exp (—1(t) Ry ) — Xy oy () LgT

1%, T (0<0)
~ —w'% ~ ~ ~
— K2 exp(—w(t) %, )t "k exp (— W%, k1) €XD (—r(t)Txn,;ﬁ) X;;klr(t)l{fc;klr(t)<0}

a. If |5<I g, T(t)] > Co then 3ty such that V¢ > ¢4 this sum can be upper bounded by zero since

~ P - ~ T ~ ~
K2 exp(—w(t) " Rpp )t *mk1exp (=W Xp g, )) €xp ( Xy hy T (t)) Xz,klr(t)l{i;klr(t)<o}

t=texp (=W Xk, ) [exp (—r(t) T Xp k) — 1%, Xn gt ¥ r(t )1{5Jk r(t)<0}
n,kq

_ K? exp(—w(t}lifcn’m) < K2 exp(—w(t) " %nm ) vty (145)
1 —exp (r(t) ' Xk, ) 1 —exp (=Co)

where in the last transition we used Lemma 19.

b. If x| 1, T(t)| < Co then we can find constant Cj so that eq. 145 can be upper bounded by

K2 Gy &) exp ( W (g, + % 7’1)) exp (2C0) Co < Cst™2, (146)

since —%,! . r(t) < —izkl (t) < Cp and by definition, ¥(n, k) : W%, > 1.

n,71

Therefore, eq. 141 can be upper bounded by

Kt %exp <— min wank> + Cyt 2 (147)
n7
If, in addition, 3k, n € Sy, : |} ,r(t)| > €3 then
tLexp (—\XIT)NC”’],:J [exp (—r(t)—rfcmk) 1} X, kr(t) (148)
< —t~Lexp (— maxp VNVT)ka) [l —exp(—e€2)]ea , if I’(t)T)Emk >0 (149)
| —tlexp (— max,, vVTin’k) lexp (e2) — 1] €2 , if r(t)chn’k <0
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and we can improve this bound to
"t <, (150)

where C” is the minimum between exp (— max;,, ; W' X, ;) [1 — exp (—€2)] €2 and
exp (—max,, W' X, 1) [exp (e2) — 1] €2. To conclude:
1. If |Pir (t)]| > €1 (as in Eq. 139), we have that

21 1

i;,kr(t)‘ > 1] Z

kneSy

1
@U‘%ﬁ“ (Xs)er (151)

max
kneSy

% Pir (t)(2 - |31\ |x&Pur (t)”2 g

where in (1) we used P{ X, = X, 4 Vk, n € Sy, in (2) we denoted by oin (Xs), the minimal
non-zero singular value of Xs and used eq. 128. Therefore, for some (n, k), ‘5{1 kr) > e 2

S| 02, (Xs) €. If ||Pyr(t)]| > €1, then combining eq. 139 with eq. 150 we find that eq. 137
can be upper bounded by:

(r(t+1) —r(t) r(t) < —C"t7  + o(t™Y)
This implies that 3Co < C” and 3t > 0 such that eq. 129 holds. This implies also that eq. 127
holds for ||P1r(t)|| > €.

2. If ||P17(t)|| < €1, we obtain (for some positive constants C3, Cy):

(r(t+1)—r(t) r(t) < Cst™¢ + Cyt 2

Therefore, 3¢; > 0 and C1 such that eq. 127 holds.

Appendix F. An experiment with stochastic gradient descent

—
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Figure 4: Same as Fig. 1, except stochastic gradient decent is used (with mini-batch of size 4),
instead of GD.
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