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ABSTRACT

ABSTRACT

We study the optimization and generalization behavior of constant step-size stochas-
tic gradient descent (SGD) through the lens of discrete-time random dynamical systems.
By modeling SGD as an iterated function system (IFS), we analyze its asymptotic be-
havior and generalization in terms of absorbing sets, stationary distributions, and random
attractors.

In the setting of strongly convex and smooth loss function, we show that the asso-
ciated Markov chain is independent of initializations and converges exponentially to a
unique stationary distribution, and derive explicit optimization bounds in terms of step
size, batch size, and gradient noise. In the non-convex setting, we consider a simpli-
fied case with separable loss function, building on the work of Shirokoff and Zaleski.
They establish the existence of multiple disjoint absorbing sets each supporting a unique
ergodic stationary measure and give an ergodic decomposition theorem to characterize
the global convergence behavior. We discuss the discrepancies between this result and
those obtained under existing diffusion approximation framework, and point out the lim-
itations of the latter in characterizing the long-term behavior of SGD. Furthermore, we
show that within each absorbing set there exists a random singleton attractor, and trajec-
tories from arbitrary initializations eventually synchronize under any fixed sequence of
iterative maps. We prove that the Lyapunov exponent along the synchronized trajectory
is negative and based on it, derive corresponding local optimization error bounds related
to the step size, gradient noise, and geometry of loss landscape.

For generalization, we follow the work of Camuto et al., which proposed a gener-
alization bound based on the fractal dimension of the stationary distribution. We apply
the theory to supervised learning tasks to obtain explicit bounds in terms of algorithmic
hyperparameters. This bound goes beyond classical generalization bounds which rely
solely on the capacity of the hypothesis class and are often overly loose. We conduct
corresponding experiments to validate the effectiveness of the fractal dimension of the
stationary distribution as a generalization measure for simple deep learning tasks. As a
further extension, we find that the fractal dimension of the weight trajectory can serve as
a progress indicator for tracking distinct training phases of stochastic iterative algorithms,

offering new insights into phenomena such as Grokking.
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ABSTRACT

This framework bridges the dynamics of SGD with its optimization and generaliza-
tion performance, providing a promising approach to characterizing the asymptotic be-
havior and generalization properties of constant step-size SGD, and may offer new ideas

for potential future research directions such as implicit regularization.

Keywords: Constant step-size SGD; Random dynamical system; Optimization error;

Generalization error
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CHAPTER 1 INTRODUCTION

CHAPTER 1 INTRODUCTION

As deep learning models and tasks grow increasingly complex and diverse, stochastic
gradient descent (SGD) remains the dominant optimization method in modern deep learn-
ing [11]. Nevertheless, the optimization dynamics and generalization behavior of SGD
are still not fully understood. This gap is particularly pronounced for constant step-size
SGD. While constant step-size SGD is frequently employed in practical training, the ma-
jority of theoretical work has focused on SGD with decaying step sizes [24, 40], leaving
the theoretical understanding of constant step-size SGD comparatively underdeveloped.

To bridge this gap, existing theoretical analyses of constant step-size SGD have
largely been conducted within the stochastic differential equation (SDE) approximation
framework [36, 39, 32]. For instance, [32] shows that a larger ratio of step size to batch
size drives SGD toward wider, flatter minima, which correlates with improved generaliza-
tion. These works provide valuable insights that align well with empirical observations.
However, this framework suffers from significant limitations: rigorous theoretical jus-
tification for the SDE approximation is available only for SGD with vanishingly small
learning rates and only over finite time horizons [36, 37].

As a complementary approach, some work has studied the convergence of constant
step-size SGD through the lens of discrete-time Markov chain theory. It has been shown
that constant step-size SGD does not converge to a single point, but rather to a station-
ary distribution, which has also been corroborated empirically [59]. This framework was
systematically developed under quadratic loss functions by [20], proving that the iterates
converge at an exponential rate to a unique stationary distribution and providing an ex-
plicit expansion of the mean squared error of the averaged SGD iterates as a power series
in the step size 7, which characterizes the influence of initialization, gradient noise, and
step size on the limiting behavior. It has also been extended to nonconvex and non-smooth
loss functions satisfying a dissipativity condition by [57]. Under this setting, they estab-
lish the uniqueness of the stationary distribution and prove asymptotic normality of the
Polyak-Ruppert averaged iterates around the mean of the stationary distribution. They
further characterize the bias between this mean and the critical points of the loss function,
providing explicit bounds in terms of the step size.

Motivated by the theoretical gaps in understanding constant step-size SGD, and in-

1



CHAPTER 1 INTRODUCTION

spired by the aforementioned work, this paper studies the optimization and generalization
behavior of constant step-size SGD from the perspective of discrete-time random dynami-
cal systems (RDS). This perspective is more natural than the SDE approximation and goes
beyond the Markov chain perspective by characterizing both the distributional and the
pathwise behavior of SGD. Specifically, building on the work of [53, 13], we model SGD
as an iterated function system (IFS), study the distributional convergence to a stationary
distribution and the pathwise synchronization phenomenon, and give the corresponding
optimization and generalization bounds. We conduct a theoretical analysis of SGD under
certain conditions, complemented by empirical experiments, aiming to provide insights
into the following questions:

(1) What are the optimization dynamics and asymptotic behavior of the constant
step-size SGD in different regimes?

(2) How can we characterize the optimization error and generalization error using
the algorithm hyperparameters?

(3) How do initialization and randomness arising from the selection of the iterated
map (i.e., mini-batch selection) affect the optimization and generalization behavior of
constant step-size SGD?

This paper is organized as follows. In Chapter 2, we introduce the background on
RDS, IFS, and fractal dimensions, providing the key concepts and theorems which will
be used throughout the subsequent analysis. In Chapter 3, we present the relevant back-
ground of deep learning, including optimization error and generalization error, and pro-
vide a formal IFS-based mathematical formulation of constant step-size mini-batch SGD
to establish the basic setup for theoretical analysis.

Chapters 4 and 5 are the core parts of the paper, devoted to the analysis of opti-
mization and generalization behavior of constant step-size SGD, respectively. In Chapter
4, we study the optimization dynamics and convergence behavior of constant step-size
SGD at both the distributional and pathwise levels, under two settings: strongly convex
loss functions and non-convex separable loss functions, and establish corresponding up-
per bounds on the optimization error. In Chapter 5, we introduce the generalization error
bound based on the fractal dimension of the stationary distribution proposed in [13], and
apply it to specific supervised learning task to establish an explicit relationship between
the generalization error and the algorithm hyperparameters. We further conduct extended

experiments to empirically characterize the generalization behavior.
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CHAPTER 2 PRELIMINARIES

In this chapter, we introduce random dynamical systems [4, 22, 50] and dimension
theory in fractal geometry [23, 45]. These concepts and results will be used in the subse-
quent analysis in Chapter 4 and 5.

2.1 Random dynamical system and iterated function system

We begin with some basic concepts of random dynamical system.
Definition 2.1 (Random dynamical system (RDS)): Let (I, B) be a measurable
space and let (Q, F, P, (8'),e7) be a metric dynamical system. A random dynamical sys-

tem on I over 4 is a mapping
P:TXOAXIT - X, (t,w,x) — O(t,w, x),

such that:
(i) (Measurability) @ is (B(T) ® F ® B, B)-measurable.
(i1)) (Cocycle property) Foralls,t € Tand w € Q,

O(t + 5,0,-) = t, Fw,-) o (s, w, -),

and if 0 € T then ®(0,w, -) = idg forall w € Q.

To facilitate the study of random dynamics, it is often convenient to represent a ran-
dom dynamical system by an induced deterministic dynamical system on the extended
space Q X X, namely the skew product.

Remark 2.1 (Skew product): Let ® be an RDS on (I, B) over the base dynamical
system (Q, F, P, (8"),c7). Then the mapping

0 (w,x) := (9w, O(t,w, x)), teT.

is a dynamical system on (Q X &, F ® B) which is called the skew product of the metric
dynamical system (Q, F, P, (8);c1) and the cocycle ®(t,w, ) on L.

We introduce relevant concepts and key theorems of RDS below. Many of these
notions and results can be viewed as generalizations of their counterparts in deterministic
dynamical systems, while randomness in the iterated maps gives rise to a richer structure

in RDS. The skew product allows one to apply classical results from deterministic ergodic
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theory (e.g., the theory of invariant measures and the Oseledets multiplicative ergodic
theorem) to extend the study of invariant measures and Lyapunov exponents to the random
setting under appropriate measurability and integrability assumptions. These concepts
and theorems will be employed in the analysis of Chapter 4.

Definition 2.2 (Invariant measure for an RDS): Let v* be a probability measure on
QX X, F ® B). We call v* a invariant measure for ® if

(O yv* =v* forallt €T, and  (mg)uv* =P,

where g (w, X) = w and (-)4 denotes the pushforward of measures.
A setR € ¥ @ B is called a random set. The w-section of a random set R is defined
by

R(w)={x: (w,x) ER}, weEQ.

R is compact if R(w) is a compact subset of X for P-a.e. w.

Definition 2.3 (Absorbing set for bounded sets): Let 9% denote a class of bounded
deterministic subsets of L. A random compact set K(w) is called an absorbing set (w.r.t.
RB) if for every bounded deterministic set B € 9B, there exists tg(w) > 0 such that for

P-a.e. w,
&(t,(9 Hlw,B) C K(w), Vt> tg(w).

Definition 2.4 (Random attractor for bounded sets): Let 98 denote a class of
bounded deterministic subsets of L. A compact random set A is called strictly ®-invariant
if

®(t,w, A(w)) = A(8'w) forallt > 0, for P-a.e. w.

It is called a random pullback attractor (w.r.t. 9B) if it is strictly invariant and for

every B € A,
tlirn dist(®(t, (91w, B), A(w)) =0 for P-a.e. w,

where dist(E, E) := sup, . inf),cpr d(x, y) is the Hausdorff semi-distance.
It is called a random forward attractor (w.r.t. 9B) if it is strictly invariant and for every
B e 3,

lim dist(®(t, w, B), A(6'w)) =0 for P-a.e. w.

t—> o0
If A(w) = {a(w)} is a singleton for P-a.e. w, then A is called a random (pullback/-

forward) singleton attractor. We also say that a(w) is a stable random fixed point.
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Theorem 2.1 (Multiplicative Ergodic Theorem for a discrete-time RDS): Let
(X, B) be a d-dimensional C! Riemannian manifold. Assume there exists an invariant

measure V* on (Q X X, F ® B) and that the integrability condition

f 10g+‘
QXX

holds. Then for v*-a.e. (w, X), there exist an integer k = k(w, x) € {1, ..., d}, Lyapunov

D, ®(1, w, x)” dv*(w,x) < oo

exponents

M@, x) > A(w,x) > -+ > A (w, x),
and a flag of subspaces of the tangent space

T2 = Vi 5 V2 D - D ke o {0}
such that foralli =1, ..., k:

k(@' (w,x)) = k(w,x),  4(0'(w,x)) = 4i(w, x),
and
Dy ®(1,0,%) Vi x = Vi1 -

For every v € Vi \ Vit (with VK£! = {0}), the limit exists and

.1
lim m log

n—-oo

D, ®(n, w, x) vH = Ai(w, x).

In particular, the maximal Lyapunov exponent is

Amax(@, X) 1= nan;o % log|| D, ®(n, cu,x)H = A (w, x).

If v* is ergodic for O, then k(w, x) and each A;(w, x) are v*-a.e. constant, and so are
the dimensions dim Va}x

In this paper, our main mathematical object is the iterated function system (IFS).
An IFS is a discrete-time random dynamical system, which is generated by products of
random mappings.
Definition 2.5 (Iterated function system (IFS)?): Let (X, B) be a measurable
space. Fix a finite index set S = {1, ...,r}, maps T; : L — I, and probabilities (p;);cs-
Let Q = SN, equip it with the product g-algebra #. The components of w € Q are i.i.d.
and the product measure P on Q is defined by P = p®N with p({i}) = p;. Leto : Q - Q
be the left shift. Then (Q, F, P, (0!);en) is @ metric dynamical system. Define

(0, w,x) = x, ®(n,w,x) =T, 00T, (x), n>1

n-1

(D Here we only consider place-independent iterated function system, that is, p; is indenpendent of x.

5
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Then @ is an RDS called iterated function system on &, denoted by IFS({T}, p;}ics), and
the associated skew product is ©,(w, x) = (c"w, ®(n, w, x)).

An IFS is a Markov RDS as shown in Remark 2.2. Therefore, the analysis of the
distributional properties of an IFS reduces naturally to the framework of Markov chain
theory.

Remark 2.2 (IFS as a Markov chain): Since the components of w are i.i.d. at each
step, if we marginalize w, the resulting process {Xj }x>¢ is naturally a Markov chain with

the following transition
Xk+1 = T;k(Xk)a

where i are i.i.d. distributed over S with probability p.
The associated Markov operator & on probability distributions is defined by

Micy1 = Pl (2-1)
where
r r
Pu(A) =), f piu(dx) = D piu(T'(A))  forA € B. (2-2)
i=1JT;1(A) i=1

Let u* be a stationary distribution with respect to the operator 2, i.e.,
Pu* = u*.
Then there exists a Markov invariant measure v* (See definition 1.5.5 [22]) for ® on QXX
S.t.
U (A) =v*(Q x A), VA € B.

The one-to-one correspondence theorem for u* and v* is stated in Theorem 1.5.6 [22].
Here we introduce two types of IFS, which will be used in the following chapters.

An IFS is average-contractive [18] on a metric space (X, d) if

<o, (2-3)

4 d(Ti(x), Ti(x"))
; bi log d(x, x,)

forall x,x"' € X.
An IFS is monotone [16] on a Banach space X if it satisfies the following property:
Vx,y € X, if x < y then Tj(x) < T(y), (2-4)
where the partial order on & is defined by

Vx,yeX, x<y & y-—-xeX,.
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Here X't C X is a closed convex cone which satisfies Xt N —XL+ = {0}. In other words,

each iteration map T; preserves the partial order defined by the cone X, .

2.2 Dimension theory of iterated function system

IFSs are commonly used to construct fractals. In this section, we introduce the fol-
lowing concepts in fractal geometry and geometric measure theory, which will be used in
Chapter 5.

Definition 2.6 (Hausdorff dimension): Let X be a subset of a metric space (I, d)
and u be a finite Borel probability measure on &. For any s > 0 and 6 > 0, the s-

dimensional Hausdorff outer measure is

HEX) = inf] Y (diam U;)* : X ¢ | J Uy, diam(Uy) < 8.
i=1 i=1

Then, the s-dimensional Hausdorff measure is
7(X) = gi_l’)l’(l) H3(X).
The Hausdorff dimension of X is
dimy(X) :=inf{s >0 : X)) =0} =sup{s >0 : Z5(X) = oo}.
The Hausdorff dimension of u is
dimyu 1= infldmy Z | Z ¢ XL, u(2) = 1}

Definition 2.7 (Box dimension): Let X be a bounded subset of a metric space (I, d)
and u be a finite Borel probability measure on &. For each § > 0, let Ng(X ) be the
covering number of X, i.e., the cardinality of a minimal set of points N such that X C

U, en Bs(x). The upper box dimension of X is

— log N4 (X

dimp,,(X) := limsup g—51()

=0\ log(3)
and the upper box dimension of u is
dimg, (1) := lim inf{dimpo(Z) : Z € 2, u(Z) 21— ¢}.
E—
Similarly, the lower box dimension di_mBOXis defined in the same form, with sup replaced
by inf.
We introduce two other fractal dimension concepts related to the upper box dimen-

sion: the minimal spanning tree dimension and the persistent homology dimension. The
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latter provides a numerical method for computing fractal dimension using tools from topo-
logical data analysis and we will use it in Section 5.3. For the basic concepts of persistent
modules and persistent homology in topological data analysis (TDA), please refer to [14,
41].

Definition 2.8 (Minimum spanning tree dimension): Let X be a bounded subset
of a metric space (X, d) and u be a finite Borel probability measure on &. Let x C X
be a finite set and T (x) be the corresponding minimum spanning tree. The a-weighted
lifetime sum of x is

E (x) = D) lel%
eeT(x)

with « > 0. The minimal spanning tree dimension is
dimygr(X) 1= inf{a : 3C so that E,(x) < C V finite x C X}.

Definition 2.9 (Persistent homology dimension): Let X be a bounded subset of
a metric space (X, d) and u be a finite Borel probability measure on &. Let x C X be a
finite set and PH;(7"R(x)) be the i-dimensional persistence module of the Vietoris—Rips
complex on x and |I(y)| is the persistence of some persistent generator y. The weighted
i'" homology lifetime sum is
EL(x) = DR (¢3]5
YEPH; (V"R (x))
The PH;-dimension of X is the smallest exponent & for which EL is uniformly bounded

for all finite subsets of X, i.e.
dim{;H(X) ;= inf {oc . EL(x) < C for some constant C > 0, for all finite x C X }

Let xi,...,X, be n random samples drawn from & with distribution u. The PH;-

dimension of u is
. 1
dimpyy(u) = m,
where
: log(E(E{(x1, --- » Xn)))
= lim su .
B =P ™ log()
Remark 2.3: Note that there is a bijection between the edges of the minimal spanning

tree J(x) and the intervals in the canonical decomposition of PHy(7 % (x)). Hence we

have
dimpy(X) = dimysr(X)

8
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for all X bounded subset of .

The above concepts of fractal dimension are equivalent under certain constraints on
the sets and measures, as shown in Thm 2.2 and 2.3.
Theorem 2.2 ([33]): Let X be a bounded subset of a metric space (X, d). Then

dimgH(X ) = dimygr(X) = ﬁBox(X)

for all X bounded subset of .
Theorem 2.3 ([23, 52]): Let u be s-Ahlfors regular measure on a metric space (I, d)

for some s > 1, i.e., there exist constants ¢, ¢, > 0 and ry > 0 such that
cir’ < u(B(x,r)) < cyr’, Vx € supp(n), Vr e (0,rp).
Then

dimy () = dimpo, (1) = dim,, | (1) = dimpy () = 5.

We now consider the fractal dimension of the stationary distribution for IFS. Cur-
rently, the results on the exact representation of fractal dimension are mostly limited to
conformal fractals. Here we state an upper bound for the fractal dimension of the station-
ary distribution of an IFS with certain contractivity.

Theorem 2.4 ([18, 43, 46]): Assume that the IFS defined in Definition 2.5 satisfies

.1 d(T,(x), T,(x"))
Ay := lim =log( su n n
1 n—oo N g(x’xrg‘rx{ d(x, x’)

H<o. (2-5)

where I, = T, -+ T, _, . Then there exists an unique stationary distribution u* and

. iz, Pilog p;
dimy(u*) < %

Moreover, if the IFS is average-contractive (2-3), which is stronger than (2-5), following

from Kingman’s subadditive ergodic theorem, then we have

> pilogp;

dimy(u*) < 7

where 4, = 3., p; J log [DT,(x)| dp* ().
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CHAPTER 3 PROBLEM SETTING

In this chapter, we introduce key concepts in deep learning, including optimization
error and generalization error, and provide a mathematical formulation of the constant
step-size SGD algorithm. The notation introduced in this chapter will continue to be used

in Chapter 4 and 5.

3.1 Optimization and generalization error in deep learning

Let the data probability space be (Z, F, u,), where Z = X' X Y, x € I are features
and y € Y are labels. Our goal is to solve a population risk minimization problem
min {or(w) 1= E [ew.a) = E (2 hu0o0],
where ¢ is the composition of the loss function & : Y XY — R and é(w,z) =
£(w, (x,y)) = L(hy(x),y). Let the training datasetbe S,,, 1= (z; :l:d"‘l‘a ~ ,u;@ndm, which
consists of ny,, 1.1.d. data points.
In practice, since i, is unknown, we minimize the empirical risk

1 Ngata

Z ¢ (w, z;)

data j—q

%Sndata (w) = n

through a stochastic optimization algorithm 4.

Let w* be a global minimizer of ‘%\Sn ,1.e.,

data

w* € arg min {Q/r’,\snd (w)}.
weRd ata

We then have the following population risk decomposition bound with respect to the

weight w

R(w) < Fs, (W) + (Rs, (W)= Rs, (W) + |RW) - Rs, (W)

optimization error generalization error
Here, the optimization error arises from the limitations of the optimization algorithm,
whereas the generalization error stems from the finite samples of data. Since we do not
analyze approximation error induced by the model architecture in this paper, we separate
the empirical optimization suboptimality and the generalization error, which is different

from the classical excess risk decomposition. We will analyze the optimization error and

10
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generalization error in Chapter 4 and Chapter 5, respectively.

3.2 Constant step-size SGD as an iterated function system

In this paper, we focus on the constant step-size mini-batch SGD algorithm [48]
without replacement within a batch. Let 7 be the step size and b be the batch size. Then
there are (”‘;)ata) possible ways to select a mini-batch from ngy,, training samples. For
simplicity, we rewrite the loss function in the following form:

1w 1w (1
F(w) := ZZfi(w) = EZ 5 > ew,z)) |,
i=1 i=1\ "~ jeB;

where n = (nf“‘), B; C {1,...n4,,} satisfying |B| = b and f;(w) = %Z (w, z;).

JEB;
Define the maps g; : R — R as

giw) :=w—-nVfiw) (A<i<n). (-1

We model the SGD as an iterated function system IFS({g;, pi}ic1,2,...n}) With

CI)(k, @, U)) =8wp_,°"° ga)o(w) (3'2)

and uniform selection probability p; = % as defined in Definition 2.5.

We also formulate it as a Markov chain given in Remark 2.2, which will be employed
in the asymptotic distributional analysis in Chapter 4. Let W ;. be the random variable of
weight after k iteration. {W ;};2, forms a time-homogeneous Markov chain with the

initialization distribution W,y and the following transition:

Wi =gy, (W1, (3-3)

where i, € {1,2,3,...,n} is drawn i.i.d. from the uniform distribution I ~
Uniform{1, ..., n}. The associated Markov operator is denoted by .
We decompose the gradient into a deterministic term and gradient noise &;(w) =

VF(w) — V fi(w) induced by mini-batch sampling and obtain

gr(w) :=w —nVF(w) + né(w).

It’s easy to see that the expectation of gradient noise E|&;(w)| = 0. Here we clarify that
if the variance of gradient noise of a single sample E[|V&(w, z;) — VF(w)||*> < o2, then
the variance of gradient noise of a batch

. Ngata — b

2

(o}
EN&(w)]* < -
g b Ngata — 1

11
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Ngata— b

as proved in [47]. If b < nyy,,

— — 1 and we have E[|§;(w)]* < %2. This implies
that increasing the batch size redldlaésaes the variance of the gradient noise. Hence, under
our formulation, although the batch size b does not appear explicitly in the optimization
error bounds derived in Chapter 4, its effect is implicitly reflected therein. We will also

mention this point in the analysis of optimization error in Chapter 4.

12
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CHAPTER 4 OPTIMIZATION DYNAMICS AND
CONVERGENCE OF THE ASSOCIATED MARKOV CHAIN

In this chapter, we investigate the optimization dynamics of constant step-size SGD
from the perspective of IFS and give an asymptotic analysis of the optimization error.

In Section 4.1, we focus on the convergence of the Markov chain induced by SGD
under strongly convex loss functions. Specifically, we prove that the IFS is average-
contractive and the corresponding Markov chain converges exponentially to a unique
stationary distribution, and give the asymptotic upper bound of the expectation of the
optimization error.

For non-convex loss functions, the situation becomes significantly more complex,
and it is difficult to obtain results of broad generality. Hence, in Section 4.2, inspired
by [53], we consider a simplified setting in which the loss function is separable, show the
iterated maps are monotone and analyze the dynamics of the monotone IFS induced under
this assumption.

It has been established in [53] that globally, the state space admits a decomposition
into a transient set and a union of mutually disjoint absorbing sets, from which trajecto-
ries cannot escape once entered. At the distributional level, each attracting set admits a
unique ergodic stationary distribution, and the global convergence of the Markov chain
depends on the initial distribution, converging to a stationary distribution given by a con-
vex combination of the ergodic staitonary distribution. We will review these results in
Sections 4.2.1 and 4.2.2, accompanied by Example 4.1 for better understanding. Mean-
while, by contrasting with the SDE framework, we point out the failure of the latter in
predicting the long-term distributional behavior of SGD.

In Section 4.2.3, we extend their analysis to the pathwise level and prove the exis-
tence of a random singleton attractor and synchronization in each absorbing set, which im-
plies locally, trajectories starting from different initial points will eventually synchronize
to the same trajectory at an exponential rate when the sequence of iterated mapsis fixed.
This indicates that the absorbing set into which a trajectory falls is jointly determined
by the random initialization and the iteration maps during the early phase of training,
whereas once the trajectory enters an absorbing set, all remaining randomness originates

solely from the realization of the iteration maps. As a result, within each absorbing set,

13
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two trajectories with different initializations but the same random seed asymptotically
attain the same training performance.

We further establish that the Lyapunov exponent along the synchronized trajectory
is negative, and based on this, derive an asymptotic bound on the local optimization error
in terms of the Lyapunov exponent in Section 4.2.4. This dynamical system framework
offers a new perspective for deriving optimization bounds with negative Lyapunov ex-
ponents, which is fundamentally different from the classical framework for non-convex
optimization analysis. We give a comparative discussion of the optimization error bounds
obtained under the two frameworks in Section 4.2.4.

Throughout this chapter, we only consider a-smooth loss functions. We make the
following assumptions:

Assumption 4.1 (x-smooth): Each f; is a¢;-smooth for some a; > 0, i.e.,
IVfiw) = Vfi(w)| < a;fw—w||

forw,w €eR%and1 <i<n.

4.1 SGD with strongly convex loss

In this section, we focus on the SGD with strongly convex loss which admits a unique
stationary distribution. We make the following additional assumption:
Assumption 4.2 (3-strongly convex): Each f; is §;-strongly convex for some 3; >

0, 1.e.,
fillw + (1 = Dw') < Af(w) + (A - f(w) - %/1(1 — Dllw —w'|>.

forA € [0,1],w,w’' € R4, and1<i<n.

This assumption is usually satisfied in regression problems with regularization, such
as ridge regression and logistic regression with an L, regularization. The convexity of f;
typically implies the corresponding IFS has a certain form of contractivity, as stated in
lemma 4.1. Note that the “contractivity” established here (y = % Z?:l y; < 1) is stronger
than the standard definition of average-contractivity (2-3) since E(loga) < log(Ea) for
any a > 0. The latter does not require convexity of f; and allows some of the iterated
mapsto be expansive. A more general statement for the existence and uniqueness of sta-
tionary distribution follows from the theory on average-contractive IFS. See Theorem 1
[18], Theorem 2.1 [6] and Theorem 2.1 [1] for morendetails.

Vi1 %ibi

Lemma 4.1 (Average-contractive): Let o = 57 s Assume that Assumption 4.1
i=1Pi

14
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and 4.2 hold. Then for any n € (0, i), the corresponding IFS (3-1)-(3-3) is average-
contractive as defined in (2-3).

Proof: By Assumption 4.1 and 4.2, for each i, we have

(Vfiw) = Vfi(w ) (w-w) > %IIVfi(w) = Vfi)IP, (4-1)

(Vfi(w) = V fi@)(w = w) 2 fillw - w'| (42)
Hence, for any w,w’ € R4,
lgi(w) = gi(w)I = Jw — w'| = 29(V fi(w) = Vfi(w DT (w = w') + 72|V fi(w) = V fi(w")|?
< o= w2 = 20 (1 = 52) il — /| = 20 5T -1V S iw) = Vi@

+ 72|V fiw) = VFiw)I? = @ = 2B8m + aifim?)llw — w'||.

Lety; =1—28m+ a;B;n*> > O0since B; < a; and y = %Z?ﬂ v;. Then

n , n
%glog ”gi(ﬁvuz : il,(”w )” Zi ; 0gy; < %logy <0.
|

By Assumption 4.1 and 4.2, there exists a unique global minimizer w* with
VF(w*) = 0. The following theorem shows (3-3) converges exponentially to a unique
stationary distribution and provide a upper bound for the optimization error of SGD al-
gorithm by the covariance of stochastic gradient noise. The convergence in Theorem 4.1
under the 1-Wasserstein distance relies on the strong average-contraction induced by our
convexity assumption as shown in Lemma 4.1. A similar argument can be found in [28]
for the contractive case and in [20] for the quadratic loss functions.
Theorem 4.1: Assume Assumption 4.1 and 4.2 hold and E[|V fi(w*)|?] < co. Let
Y == \/_ and y* = max; \[y; where y; is defined in Lemma 4.1.

(1) There exists a unique stationary distribution u* for the induced Markov chain

(3-3). Moreover, the Markov chain is exponentially contractive in the 1—Wasserstein

distance with stationary ditribution u*, i
Wi (PRu,u*) < P Wi(up*),  Vk>0,  Vue AR,

Here the 1—Wasserstein distance W) are defined in Definition A.1.

(ii) Let X be the covariance matrix of £;(w*) and o = 4/tr(Z). Then

Wi, 8, ) < ”Uy,.

15
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(iii)) Leta' = SUP;cqy,.. ny @i- Then the expectation of optimization error
06,7720'2
T 20 -y -y
Proof: (i) Fixu,u’ € PA(RY) and 7 € C(u,u'). Let W ~ wand W ~ u’ be two random
variables with the joint distribution (W, W') ~ 7. Define W, ~ Pu, W, ~ Pu’ and
. e e , 1 ,
with the joint distribution Px s.t. Pr(W,.,Wi) € A) = - Z?:l n((gi(W),g:(W")) €

A) for all measurable set A.

E{F(W) — F(w*)] <

By lemma 4.1,

Wi(Pu, Pu') < Egra[ W, = W] = E ZII&(W) gi(W)|

< Y'EAIW - W'
Taking the infimum over all 7z, we have

Wi(Pu, Pu’) < ¥ Wi, p). (4-3)

It’s easy to see y' < ﬁ < 1. Hence, the Markov operator & is a y’-contraction on
(P (R?), W;). Note that (P, (R%), W;) is a complete metric space as shown in proposition
7.1.5 [2]. By Banach fixed point theorem, there exists a unique stationary measure u* and

moreover for any u € P(R?),

Wi (PRu, u*) < (7' Yewn (u, u*).

(i) We use the notations in the proof of (i). For each i € {1,...n}, by the triangle

inequality,
lg:(W) —w*[| < gi(W) — g + llg:(w*) — w*|| < \7illW —w*| + [|gi(w*) — w*|.
Then we have
Egppl Wy — w*l| < y'E W — w?|| + nE[|IV fr(«w™)]].
Since ,,« is a Dirac measure, the joint distribution of ¢ and §,,« is exactly u - 8,,«. Then
Wi(Pu, y+) = Egop Wy — w*[| < y' Wi, 8yp) + nE[|IV fr(w™)]I].
By iterations, we have

k
Wi( PR, 8y ) < (Y VFWr (. Be) + &

E[IIV f1(@™)]].
Note that

E[fiw®)] = VFW?) =

16
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By Jensen’s inequality,

E[IVA@)I] < /EIVfi(wH)]? =o.

Letting k — oo and using the conclusion in (i), we obtain the inequality in (ii).

(ii1) Note that

\/_ *\ 12 \/_l
T ——lgi(W) — gi(w™)| +(1+1 Nz

<AVVllW —w*? + \/—UIIVfi(w*)IIZ-

lg:(W) —w*|I? < (1 4 gi(w*) — w*|?

Hence,

EgppllWy — w*|? < y'Eg[|lW — w*||? +771 S ELIV fr(w)I?].

By iterations, we have

1 (Y )"
-7
Letting k — o0, and combining the a— smoothness of F, we have

ELIV fr(w)I12.

Eguil W = w2 < (Y FELIW = |+ <

06,7720'2
T2 -y)A -y
[ |

EF(W) — Fw*)] < Eu[(VFW*), W — w*) + —||W w*|?] <

Remark 4.1 (W is an unbiased estimator of w* for quadratic loss under u*):

An observation is that for quadratic loss (not necessarily strongly convex), since we have
then
VF(E«[W]) = E[VF(W)] = 0,
which implies
Eu[W] = w*.

Remark 4.2 (Upper bound of pathwise time-average optimization error): Let
{wilre, be a weight trajectories with initialization wy and a sequence of iteration maps
w, where wy, = ®(k, w, wg). Define v* := P @ u*. Using the Birkhoff ergodic theorem
and Theorem 4.1 (i) for the metric dynamical system (Q x R%, v*, ®), we have for P-a.e.

w and u*-a.e. wy and any H € L'(v*),

N-1
1 v*-as.
— H(G)k(co,wo)) — f Hdv*.
N kz::() N=oo Joxmrd

17
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Let H(w, w) = F(w) — F(w*). By Fubini’s theorem, we have

N-1 *_a.s.
= Y (Fw) —Fw") === f (F(w)=F(w)) i (dw) = Eypee[FOW)~F(w")].
k=0 ®  Jprd

Hence, combining with Theorem 4.1 (iii) yields a pathwise bound on the long-run time-

average suboptimality along a typical SGD trajectory :

1 E . o'n’o?
am & (P00 = FW9) < s a =y

Theorem 4.1 illustrates that in the strongly convex setting, iterates do not converge
to the global minimizer but continue to fluctuate around it and the limiting behavior of
SGD is independent of initializations. It also shows that the expectation of optimization
error < O(no?), which indicates that larger variance of gradient-noise at w* leads to
a larger upper bound of the optimization error, while stronger contraction (from strong
convexity or small 7) makes the error smaller. Note that a larger batch size corresponds
to smaller gradient noise as discussed at the end of Section 3.2. Therefore, in the strongly
convex setting, a larger batch size combined with a smaller learning rate leads to a smaller
optimization error. We also note that the convergence rate improves (i.e., the factor y’
becomes smaller) as 7) increases from 0. This gives rise to a tradeoff: a smaller 7 gives a

tighter upper bound on the optimization error, but may lead to slower convergence.

4.2 SGD with non-convex and separable loss

In this section, we study constant step-size SGD under separable non-convex losses,
inspired by a recent insightful work [53]. We adopt their setup and continue the analysis
under the following assumptions.

Assumption 4.3 (Separable): Each f; is separable, i.e.,

d
fi(w) = Z fi(J) (w;)  where w = (wy,w,,...,wy) € RY
j=1

This assumption arises naturally in a range of practically relevant settings where
features are independent and parameters are decoupled across dimensions, such as Naive
Bayes classification and linear regression on data with orthogonalized features.
Assumption 4.4 (Coerciveness): Each fi(j)
je{l,..d},

has a finite For each i € {1,..n} and

FPw) > oo as w]| - oo.

18
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Assumption 4.5: Let

A(J) {wj ER : (fl(J)) (w]) — }

Then |A§j)| < oo and ﬂ:; AQ) =@.

Assume 0 < 7 < —— ! , then g(J ) |

sup; &;

is injective and monotone increasing since for all

w; < w}, we have
Dy (D N o —dpr
[ (Wi = fi (wj) <n~ (w); — wy),
which implies
g w)) < gP(w)

by Assumption 4.1. We focus our analysis on the monotone IFS (defined in (2-4)) con-

sidered here.

4.2.1 Construction of absorbing sets

We first construct the absorbing set and give a decomposition of the state space in
Proposition 4.1. The basic idea is to begin with the one-dimensional case, determine the
possible direction of each iterate by examining the critical points of the loss function and
its sign and identify a one-dimensional absorbing set. Assumption 4.3 then allows us to
extend this construction to higher dimensions, producing a well-structured absorbing set
in the form of a Cartesian product of intervals.

Fix j € {1,...,d}. Let

d
E 51:1]319 cl(l{a)X (4-4)
j=1
where cﬁ{; and c{/), are the minimum and maximum of the set of critical point BY) =

U?zl {wj ER: (fi(j))’(wj) =0, fi(j) # O}. The absorbing sets of E are constructed as
follows. For each j € {1, ...d}, define

n

LW = U {wj eER: (fi(j))'(wj) > 0},
i=1

RY = U{wj ER: (fi(j))’(wj) < O}.

i=1

By Assumption 4.4, we have

(=00, ¢y € RO\ LD), (o0, cl) € RD\ L)
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and by Assumption 4.5,
LODURD =R, 8LY NnaRV) = .
Let
M;
U : U o = Ui
m=1
where each
[l(J) (J)] e LU ARW
with
15 € LD, 1 € RV and 1S} < 1.

The construction of the one-dimensional interval [[, r] is illustrated in Fig. 4-1. In-
tuitively, at each iteration, any point w; in RO\ LY can only move to the right or remain
unchanged since ( fi(j ))’(w i) < 0. Analogously, any point in L&)\ RY) can only move to
the left or remain unchanged. Points in the overlap L&) 0 RU) have positive probability
to move either to the right or to the left. Hence, as indicated by the arrows in Fig. 4-1, the
interval [[, r] attracts nearby points into it and can served as a one-dimensional absorbing
set.

— D —

l r r’ U
Figure 4-1 Schematic diagram of the construction of a one-dimensional absorbing set. The blue
segment indicates the interval containing RU?, and the red segment indicates the interval contain-
ing L), The purple segment represents their intersection, and we only take the interval [I, 7] as
the absorbing set.

LetM = H(;:l{l, .., Mj}. Foreachm = (my,...my) € M, define the d—dimensional

compact set

(]) (4_5)

:]a

j=1

The rigorous proof that U,, is an absorbing set is given in Proposition 4.1.

Proposition 4.1 (Absorbing sets): Assume Assumption 4.1 and Assumption 4.3-4.5
hold. E and U, are defined in (4-4) and (4-5). Let U = Um ey Umand T = E \ U. Then
each Uy, is an absorbing set. Specifically, there exists an integer €, > 1 such that for

every probability distribution ¢ on E,
1
¢ _ -
(Poou)(T) < (1= =) (). (4-6)
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For P-a.e. w and all wy € E,
Ty(w,wy) :=inflk > 0 : ®(k,w,wy) € U} < o0, 4-7)
and
8i(Um) C Un (4-8)

foreachm € M andi € {1, ..n}.
Proof: See Theorem 2.2 (a) [53] for (4-6) and (4-8).
For (4-7), taking u = &,

1 k
. _ k
[FD{CO . q)(k€0a @, wO) € T} - (9‘) 5w0)(T) < <1 - %) 5w0(T) E) 0.
It follows that
Plw : ty(w,wy) = 0o} = klim Plw : ty(w,wy) > k€y} < klim Plw : ®(kéy, w,wy) € T} = 0.
—> 00 - 00

Hence, ty(w, wg) < oo for P-a.c. w. |
Remark 4.3: Here the absorbing sets U, are deterministic. Specifically, U is a global
absorbing set for P-a.e. w w.r.t the power set of E and each U,, is an absorbing set for
P-a.e. w w.r.t. the power set of the subset V,, = {w € E : e,(w) = 1} C E as shown in
Theorem 4.2.

Proposition 4.1 shows that the state space decomposes into a transient set T and a

disjoint union of absorbing sets U = |J U,, and for P-a.e. w, the trajectory starting

meM
from any w, € E enters one absorbing components U,, in finite time and thereafter stays

in it.

4.2.2 Stationary distributions and exponential convergence rates of
the associated Markov chain

We now restate the main results of [53] in Theorem 4.2, which establishes the con-
vergence of the associated Markov chain at the distributional level. It shows that locally,
any distrbution whose support lies in an absorbing set U, converges exponentially fast
to the unique stationary distribution iy, on U,, as given in (i). Globally, given an initial
distribution on E, it converges exponentially to the corresponding stationary distribution
, which is the convex combination of the uj, as given in the ergodic decomposition in (ii),
with coefficients given by the probabilities p,,(u) of entering each absorbing set U,,,.
Theorem 4.2 (Convergence of the Markov chain and ergodic decomposi-

tion): Under the same assumptions as in Proposition 4.1, we have

21



CHAPTER 4 OPTIMIZATION DYNAMICS AND CONVERGENCE OF THE ASSOCIATED
MARKOV CHAIN

(1) for each m € M, there exists a unique stationary distribution u;, such that for

any u € P(Un),
A
do, (P*u,us) < (1 _ n7m> k>0 (4-9)
for some ¢, € N, €, > d and «a,, € {+1,—1}<.
Here the metrics d,_ are defined in Definition A.3 in Appendix A.
(ii) given a probability distribution u € P(E), there exists a stationary distribution

HE= D Pk
meM

such that
) N
d(Pru, u*) < 3 (1 - F) k>0 (4-10)

with € 1= 2(€y V maxpep €m) = d (€ is defined in Proposition 4.1) and

d(u1, ) i = dyy(ta 7, ol 7) + Z do, (Uilu,s M2lu,)s M1 H2 € P(E),
meJl

defined in Definition A.2 and A.3 in Appendix A.
Here pu(W) = limp, oo (P U(Un) = [z em(W) du(w), where {ep}men are the

continuous left eigenfunctions of &, i.e.,

fem(w) dPu' = fem(w) du' for any u' € P(E),

satisfying

en(w) >0, Z e,(w)=1

meM

and
fem(w) duy (W) = -
E

Proof: See Theorem 2.2 (b) [53] for (i) and Theorem 2.2 (¢) [53] for (ii). |
Remark 4.4: The proof of Theorem 4.2 (i) is mainly derived from Thm 5.2 [8]. It is
shown that the monotone IFS satisfies the splitting condition on each U,,, from which
the uniqueness of the staitonary distribution follows. Note that the stationary distribution
Uy, 1s generally not a product measure and Theorem 4.2 (i) can not be deduced by sim-
ply reducing to the one-dimensional case since the same iterate map is applied across all
coordinates and the coordinate dynamics are coupled.

Remark 4.5: Theorem 4.2 can be interpreted as a spectral analysis of the Markov oper-

ator 2. The invariant measures iy, are right eigenvectors of & corresponding to eigen-
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value 1, while the functions e,, are left eigenvectors. The coefficients ¢, (i) = S ey dito
represent the spectral projection of the initial measure y onto the eigenspace of eigen-
value 1, using the left eigenvectors e,,. The spectral gap controls the exponential rate of
convergence in (4-9) and (4-10).

Theorem 4.2 demonstrates that globally, the long-time limiting distribution depends
on the initialization, as different initial conditions may lead to convergence in differ-
ent absorbing sets with probabilities determined by the functions e,, satisfying e,,(w) =
% Z?:l em(gi(w)). Intuitively, ey, (w) is determined by the direction and magnitude of the
gradients at every point along the trajectories from w to the boundaries of the absorbing
sets. If along most of these trajectories, a majority of the maps push toward U,, with
stronger force, then e, (w) is large, meaning that the trajectories reaching U,, from w are
both numerous and short.

We give a concrete example below to better illustrate Theorem 4.2. The correspond-
ing one-dimensional case can be found in Section 3.2 of [53]. Notably, the results may dif-
fer from the distributional properties of SGD predicted under the SDE framework, which
reflects the failure of the latter in capturing the long-term behavior of SGD. We show the
failure of diffusion approximation in Remark 4.6.

Example 4.1: Givend > 1and 1 < 27\/3. Letn = 2d. Let

d
F(w) =Y, 7~ wh?.
j=1

The graph of F(w) in the two-dimensional case is shown in the first panel of Fig. 4-2,

from which we can see that the loss landscape exhibits four basins. Let
f2]—1(w) =F(LU)+/IJLU], fZJ(w) =F(LU)—/1]U)J, ] =1,..,d.

For each j, there exists three critical points c(3j ) <0< c(lj ) < c(zj ) for fz(]jzl and —c(zj ) <
—c(lj ) <0< —c(3j ) are the critical points of fz(JJ ) as shown in the second and third panels

of Figure 4-2, where the equality holds if and only if 4 = %/g. Let Ul(j ) = [cgj ), —c(zj )

and Uz(j ) = [c(zj ), —cgj ) ]. By the construction of absorbing sets in Section 4.2.1, there
exist 2¢ absorbing sets Uy, = H(;:l UY(V{J) for any m € [1,2]". Then by theorem 4.2, the
associated Markov chain has 2¢ ergodic invariant distributions u% supported on U, for

each m € [1,2]" and any initial distribution u converges to the stationary distribution

H= Zme[l,z]n pm(:u):u*m

k
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2
Fw)= SH1-w?)? (d=2)
feat

A =0.2: derivatives with L, R, UY

Figure 4-2 Visualization of the loss landscape in d = 2 and a schematic illustration of the ab-
sorbing sets Ul(J ) and U(j ) with 1 = 0.2.

Remark 4.6 (Failure of the diffusion approximation): Recall that the diffusion
approximation of SGD given in Theorem 9 [36] satisfies the following [td SDE
AW, = =V (FOW) + g0l VE(W)P) de + 7 5(W) "2 dB,, Wy = wy,

where B; is a standard d-dimensional Brownian motion, and

Z(w) = E [(Vfi(w) = VFW))(V fi(w) = VFw))'].
Then the distribution u;(w) satisfies the corresponding Fokker-Planck equation

aué(tw)_V (V<F(Wt)+ 77|VF(Wt)|2) m(W))+ Z

Jl,Jz 1

1

with initial condition w;(w) = d(w — wy).

In Example 4.1, since
1 < 1
Z(w) = 55 21 207ejef = - diag(2}, 23, .., A3)
]:

is positive definite, the SDE is elliptic and it admits a unique stationary distribution

2d FOw,) + 2(FD(w;))?
p*(w) o exp (—72 - ;}2 e

J
with full support on R? (See Chapter 4 [44]).
Remark 4.7: For the case n < d, the diffusion matrix Z(w) becomes degenerate, and
the support of the invariant measure in the SDE framework becomes more complicated
and the validity of the SDE framework requires further verification.

We can see the discrepancies of the distributional properties predicted by the two
frameworks through Example 4.1 and Remark 4.6. The diffusion approximation predicts

a unique, everywhere-positive stationary distribution and the ergodic theorem guarantees
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that every region of positive stationary measure is visited infinitely often and no local
minimum is permanently inaccessible. However, Theorem 4.2 shows that SGD trajec-
tories are confined to certain trapping regions of the loss landscape once entering, from
which escape is impossible and transitions between two local minima occur only if both
lie within the same absorbing set.

The reason the diffusion approximation fails to capture the long-term distributional
behavior of SGD in this case is that it replaces the discrete one-step transition of SGD
with a Gaussian transition supported on all of R%. This is an unavoidable consequence
of requiring the approximating Markov process to have continuous sample paths. Conse-
quently, the absorbing-set structure from the Doeblin decomposition, which depends on

the discrete support of the one-step transition, is entirely erased.

4.2.3 Random attractor and stability analysis on absorbing sets

We further explore the pathwise properties of the IFS on each absorbing set U, in
Proposition 4.2 and 4.3. Our main idea is to show that the corresponding IFS (3-2) satisfies
the more general splitting condition introduced in [ 19], from which strong synchronization
follows. We therefore prove, via the following lemma, that (3-2) indeed satisfies the strict
splitting condition.

Lemma 4.2 (Strict splitting condition on U,,): Let®(n,w,w) = g, o-:-0g, (w).
Under the same assumptions as in Proposition 4.1, for each U,,, there exist two sequences
(1, s Pe)and (qy, .., qr) With p, = gy, such that Ry 1 =g, 0---0g, (Up)and R, =g, o

-0 go (Uy) satisfy
7j(®(n,w,Ry)) N 7j(P(n, w,R,)) = &

for every w € Q, every n > 0, and every projection 77 : RY - R, j=1,...,d. Thatis,
® splits on U,, as defined in Definition 2.1 [19].

Proof: We proceed with the discussion by building on the results of Theorem 2.2(b) [53].
With translation and scaling transformation, assume Uy, = [0, 1]¢. Denote 8, =8p,° 0
gp, if p = (p1, ..., p1). By the proof of Theorem 2.2(b) [53], there exist p = (py, ..., Pm),
qd=(q,...,qy) and W € [0,1] s.t.

&[0, 1]) 2, w and W =<, g ([0,1]9).

Note that g; is injective, then 0 < w < 1. WLOG, for each dimension j, we have

g’(o.1) clo,w;] and g([0,1]) C [w,1].
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Since gg ) is strictly increasing and w; < 1, we have gg )(wj) < gg )(1) < ;. Similarly,
we have géj)(wj) > géj)(o) > w;. Hence,

gp(10.1]) € g (0. w;D) c [0.0)] and g2([0.1]) € gylw;.1] € [wy.1].

Therefore,

() () -
g_i)o_i)([o’ 1Hn gflo?;([o’ 1)) = @.

It is clear that every g; preserves this strict separation, which leads to the conclusion that
d splits. |

The following proposition shows the existence of a random singleton attractor and
provides a characterization of pathwise synchronization. To define pullback attractors, We
give a natural extension of base dynamical system to an invertible measure preserving
dynamical system (Q = {1,..n}%,F",P = p®Z,(cX)rez) with the left shift (cw), =
w41 and right shift (c7w), = wy_; for all k € Z. It is worth noting that this extension

does not alter the forward dynamics. Indeed, for each k > 1 the forward k-step cocycle

q)(k, w, LU) = gc’-’k—l 0:--0 gwo(w)

depends only on the coordinates (w,,...,®,_1) and the additional “past” coordinates
(w_1,w_5, ... ) have no influence on the distribution or realization of forward orbits. Such
a construction is implicit in [19], though no explicit two-sided extension is carried out
there. For the equivalence, see Remark 4.8.

Proposition 4.2 (Existence of random singleton attractor and synchroniza-
tion): Under the same assumptions as in Proposition 4.1, in each Up,, there exists a ran-

dom attractor A, such that for P-a.e. w, A,,(w) = {a,,(w)} and
dist((b(k, w, Um),Am(akco)) < c(w)qk, Vk > 1, (4-11)

for some 0 < ¢(w) < o0 and q € (0, 1).
Proof: For each k > 0, define

Cr(w) 1= Ok, 07 kw, U,).

Since Uy, is compact and for each i, g; is continuous and injective on Uy,, Cy(w) is compact

and nonempty for every n > 0 and w € Q. By the forward invariance of U,,, we have

Cry1(@) = ®(k, 0w, (1, o=+, U,,)) € ®(k, 0 *w, U,,) = Cr(w).
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Hence, (Cy(w))k>0 is nonincreasing, i.e., C41(w) € Cy(w). Define
An(@) =[] ().
k>0

By Lemma 4.2 and Theorem 4.1 [19], A,,(w) is a singleton for P-a.c. w. Let
Ap(w) = {a,(w)} for P-a.e. w. (4-12)
Note that for each k > 0, by the cocycle property we have
O(1, w, (@) = (1,0, @(k, 07 %w, Uy)) = ®(k + 1,0 %w, Uy) = Ciyy(ow).
Therefore,

P, ap(@)) = (1w, (] Cel(@)) = (] (L w, C(@)) = (] Csa(0w) = ap(ow),
k>0 k>0 k>0

where the second equality holds since each g; is injective on U,,. Hence A,, is strictly

@-invariant.

By Lemma 4.2 and Theorem 3 in [19], due to the equivalence of the 1-norm and

2-norm in Euclidean space, for P-a.e. w there exists 0 < c(w) < oo and g € (0, 1) s.t.
diam(@(k, w, Up,)) < c(w)qX, Vk > 1, (4-13)

where diam(D) := Sup, yep 1% — Y|l for some subset D € Uy,. For any B C Uy, by
(4-12), we have

dist((b(k, a‘kco,B),A(co)> < diam(Cy(w)) — 0,
and by (4-13), we have

dist(cb(k, w, B),Am(akco)> = dist(d)(k, w, B), ®(k, co,Am(co))
(4-14)
< diam(®(k, @, Up,)) < c(w)q® ——0.

for P-a.e. w. This proves strong pullback and forward attraction and completes the proof
of the existence of random singleton attractor, and (4-11) follows directly from (4-14).

|
Remark 4.8 (Random pullback attractor and the one-sided “inverse” coding
map in [19]): The proof of (4-12) originates from the coding map defined in [19] which
is based on the one-sided space X, = SN equipped with the inverse Markov measure P~
Since in our case, the iteration maps are i.i.d. chosen, we have P~ = P. Define the fibre

Ie = () 8 © -+ © 8, (Un)
k>0

for £ € X as shown in Section 4 [19]. On our two-sided extension, taking &(w) =
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(w_1,w_5, ... ) turns this one-sided fibre into the pullback intersection

ﬂ d(k, 0 w, U,).

k>0
Hence, the singleton fibre given by Theorem 4.1 in [19] is precisely the singleton random
pullback attractor in our setting. It is worth noting that A, (w) = {a,(w)} is measur-
able with respect to the past o-algebra generated by (w_;,w_,, ...) and independent of
(wgs @1, -e0)-
Remark 4.9: The existence of a random singleton attractor proved in Proposition 4.2
implies the uniqueness of the stationary distribution given in Theorem 4.1 (i). The coding
map a,, establishes a correspondence between the symbolic space Q and U,,: The unique
stationary distribution u;, for the Markov chain (3-3) on U, is exactly the pushforward

of the base measure under the random attractor a(w), i.e.,

Hm = ()3 P.

Remark 4.10: If a,, is a trivial map, i.e., a,(w) = w* for any w € Q, then w* is a
global minimizer satisfying V f;(w*) = 0 for all i.

We further demonstrate the linearized stability of the random fixed point by showing
that the Lyapunov exponent is negative in Proposition 4.3. To relate the differential of
the iterated mapsto the pathwise exponential contraction of trajectories, we introduce the
following additional assumption. Note that a sufficient condition for Assumption 4.6 is
that each f; is three-times continuously differentiable and its third derivative has bounded
operator norm. We also give a more general statement without Assumption 4.6 in Remark
4.11.

Assumption 4.6 (Lipschitz Hessian on U,,): Each f; € C?(E) and the Hessian of
each f;is Lipschitz on Uy, i.e., there exists a constant H,,, > 0 such that forall w, w’ € U,

andalli=1,...,n,
IV2fi(w) = V2 fi(w")]| < Hy w —w'],

where || - || denotes the operator norm.
Proposition 4.3 (Negative Lyapunov exponents): Based on the assumptions in
Proposition 4.1, further assume that Assumption 4.6 holds. Then the maximal Lyapunov

exponent along this random singleton attractor obtained in Proposition 4.2 satisfies
.1
Ammax = khm % log ”DCIJ(k, w, am(cu))H <0 for P-a.e. w.
— 00
Proof: WLOG, let U, = [0,1]¢. We define the maximal Lyapunov exponent along the
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random singleton attractor by
Ammax(®@) 1= klim % log HDq)(k, w, am(a)))H

Note that P(dw)®3,, ()(dx) is ergodic on QX Uy,. Since a,(w) € Uy, which is compact,
we have [, log HDgwo(am(co))H dP(w) < oo. By Theorem 2.1, A, nax(@) is a.s. constant
and we denote it by 4., max-

Note that by Assumption 4.3,
DO (k, 0, 6 (@) = diag(® Dk, @, 71 (@n(@)), .., ' @Dl 0, 7a(am(@)))
and
[p@te, 0, (@) = max & Dk, 0, 7)(@n(@)),
1<j<d
where
¢,(‘])(k’ CU, ﬂ](w)) = (gg)];z_l 0 -0 gg‘)]o)),(ﬂj(w))'
Hence, we only need to prove that for each0 < j < d,
lim 1 log (@' D(k, w, mj(am(@)))) <0 for P-a.e. .
k—oo Kk
Note that on [0, 1],
diam(@W(k, @, [0,1])) > |@ D (k, 0, wh)| x 1,
where

wj€elo,1]

Let Q' € Q and P(Q") = 1 satisfying (4-13). Then for all w € Q',
0 < @Dk, w,wk) < c(w)q". (4-15)
By Assumption 4.6, we have
IDgi(w) — Dg;(w")l = NIV fi(w) = V2 fi(w")]| < nHp w — w'.
By Assumption 4.1 and 7 < Supl—.ai, [Vgi(w)|| = I —nV2fi(w)| > 0 forallw € E. We

may assume that gl(j)/(wj) > ¢; > 0 for all i. Then for any w,w" € [0,1],

H
< —"lw-uw|.
€j

N/ N/ , 1 N/ N/ ,
log g (w) — tog g ()] < — & (w) - g @)
J
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Hence, for any k € Nand all w € Q',

|log @' Dk, w, Tj(am(w)) — log @' Dk, w, wj-‘)l

z diam (@ (k, @, [0, 1)) (4-16)

iC(w)q =n 29 k)
1-q
k=0 Cj

Combining (4-15) and (4-16), we have for all w € Q',
o1 e
Jim - log (@' Dk, @, 7j(am())))
< klim %( log® D(k, w, wj-‘)) + | log® D(k, w, Ti(am(w)) — log @ D(k, w, w;‘)|)

< klim %(log c(w) + klogq + K(w)) =logg < 0.
|
Remark 4.11: Without Assumption 4.6, we can still establish that the Lyapunov expo-
nent at the random fixed point is non-positive, i.e., Ay, max < 0. Suppose that on the con-
trary, Ammax > 0. This will lead to a contradiction by the unstable manifold theorem (The-
orem 6.1 [49]). To avoid ambiguity in notation, we use M := U,, and p(w) := a,(w).
Choose r(w) > 0 such that the exponential map
XPp(w) * By, a0, r(w)) — M
is a diffeomorphism onto its image, and likewise for €XPy(gngy)- Define the conjugated
cocycle in exponential coordinates by
E'v) := expp(anw)( (n,co,expp(w)(v)», v E BTp(w)m(O,r(co)).
Then E}(0) = 0 and the derivative cocycle satisfies
DOFCSL = Dp(w)q)(l’l, w, .)lp(cu) . ];)(w)/% - 7})(0’”0))/”'
In particular, the maximal Lyapunov exponent along the invariant graph {(w, p(w))} is

tan = i s -

= kll)r{.lo X logH () P(1, @, p(co))” > 0.

By Theorem 6.1 [49], for P-a.e. w there exists a nontrivial local unstable manifold

Y (w) \ {0} which admits

a backward orbit converging exponentially to 0. Hence, translating back, the unstable set

“ (w) © 0. We can choose a measurable point v(w) €

1oc loc

is nontrivial, which contradicts with the strong synchronization on U,, by Proposition 2

[51]. Therefore, A max < O.
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Corollary 4.1: Forevery ¢ € (0, —1,,ma), there exists a measurable random variable
ce(w) € (0, o) such that for P-a.e. w and all k > 0,

HDQJ(k, 6~ kw, am(e_kw))H < co(w) eFAmmax+e) (4-17)

Proposition 4.2 and 4.3 characterize the asymptotic pathwise behavior and stability
of the system dynamics. Proposition 4.2 shows that, for a fixed sequence of iteration
maps w € €, once the dynamics has been run long enough within each absorbing set U,
to reach stationary state, trajectories starting from different weight initializations synchro-
nize to the same point and subsequently evolve along a single trajectory {am(akco)}kzo.
In particular, the dependence of training trajectories on the initialization decays exponen-
tially over time and the randomness in the asymptotic behavior lies solely in the selection
of the iterated maps. This characterize the effect of initialization and randomness aris-
ing from the selection of the iterated maps to optimization behavior of constant step-size
SGD: In the early stage of training, the random initialization and the iteration maps jointly
determine which absorbing set the trajectory falls into. Once inside an absorbing set, the
randomness stems entirely from the choice of iteration maps. Consequently, within each
absorbing set, two trajectories with different initializations but the same random seed will
eventually achieve the same training performance. Moreover, the Lyapunov exponent
Ammax < 0 given in Proposition 4.3 further indicates that the random fixed point is sta-
ble and infinitesimal perturbations are not exponentially amplified. This will be used to
derive the optimization error bound in Section 4.2.4.

It is worth noting that the existence of a random singleton attractor and synchroniza-
tion are stronger pathwise statements than the distributional statement in Theorem 4.2 (i),
and the relationship between these two viewpoints is discussed in Remark 4.9. There-
fore, Propositions 4.2 and 4.3 can be regarded as an extension and strengthening of The-
orem 4.2 (i), providing a more refined description of the optimization dynamics at the
pathwise level. Compared to distributional-level results, synchronization decouples the
randomness from initialization and the randomness from the selection of iterated maps,
and establishes asymptotic pathwise agreement of trajectories with different initializations

within the same absorbing set.
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4.2.4 Asymptotic optimization error bounds for local and global min-
ima

Based on Proposition 4.3, we establish an upper bound of local optimization error
on Uy, in Theorem 4.3. Our main approach is to bound the distance between the random
singleton attractor and the local minimum via recursion, subsequently deriving the opti-
mization error through Assumption 4.1. Specifically, the existence of the random attractor
yields a trajectory along which we can perform recursion to obtain a series and equation
(4-17) ensures the convergence of it.
Theorem 4.3 (Upper bound of local optimization error): Assume the assump-
tions in Proposition 4.2 hold. Then each Uy, contains at least one local minimizer. Take
w; to be the local minimizer with the lowest function value of F in U,,. Assume that
Assumption 4.6 holds and cq ¢ := Ep[ci(w)] < oo for some € € (0, = Ay may) in (4-17).
Denote R,, = diam(U,,), o, := SUPjeq1,. n} [|&;(wi)|| and &’ 1= SUP;eqy,. py % Then the
local optimization error on each U,
a'n*c (20, + HpRE)?

E:[F(W) — F(w)] = Ep[F(am(®)) — F(wi)] < 8(1 — eCmmnt9))2

Proof: The existence of local minimizer in each Uy, has been proved in Theorem 2.2(a)

[53]. Now we define the error vector b(w) = a,,(w) — w;,. Then
b(6w) = am(0w) — Wy = An(@) = NV fyy(am(@)) — wy = b(@) =NV fyy(am(@)).
By fundamental theorem of calculus, we have
1
Vii(am(w)) = Vfi(wy) = (f V2 fi(wp, + tlam(w) — wy) dt) (am(w) — wy).
0
Then

V foo(@m(@)) = V foo, (W) + V2 fio (am(@)) D(@) + Ty (Wi, A (@),

where
1
ri(Wn, ap(@)) 1= ( f (V2 fi(am(@) + t(am(@) — wi)) — V2 fi(am(@))) dt) (am(w)—wp).
’ (4-18)
Hence,

b(6w) = (I = 1V fopy(am(@)))b(@) = NV fio, (W) = iy (Wi, A ().
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By (4-18) and Assumption 4.6,

1
I (W am@)] < lam(@) — wh f Hall(1 = £)(am(@) — wi)] dt
0

H,R?
R

(4-19)
Hy,
= 2 a(®) - whl? <

Let

D(w) =1 =1V [ (am(@)), {(@) 1= =V fiu, (wi) and p(@) 1= 1y, (Wh, Am(@))-

We have

b(6w) = D(w)b(w) + 1 {(@) + np(w).

For N > 1, denote

N
byn(@) = 966~ w) + D, D6~ w) - D(67*1w) ¢ (67%w))
k=2

and

N
bon(®@) = n(p(67'w) + D D(6~'w) - DO~ w) p(6~w)).
k=2

By recursion,

N
b(w) = [[ D6 *w)b(6Nw) + by § + by N-
k=1

Let N — oo, by (4-17) and (4-19),
I1b(@)l < [1b1,00()Il + [1b2,00 ()|

< 77(20m + HmRz)( CO,e(w)
- 2 1 — e(/lmmax+g) )

(4-20)

By Assumption 4.1,
o' 1¢5,(0) (20 + HyR?)?
8(1 — e(/lmmax‘l')s))2 )

F(a(w))—F(wy) < (VF(wp), at(w)—wii.>+o{3,IIOL(CU)—wi;II2 <

Taking expectation we obtain the conclusion. |
Remark 4.12 (Relation between the maximal Lyapunov exponent and the
geometry of the loss landscape): Note that

k
) 1 :

Ammax < kllm Ezlog IDg, (am(c'@)|| = f log [|Dgg,, (am(@)|| dP(w)
oo R izo Q

1« . 1< .
== >, | loglIDgi(w)|l dptin(w) = - Y, | loglll = nV2fi(w)l| ey (w).
i=0 i=0

The second equality is derived by the Birkhoff ergodic theorem on the skew product by
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setting H(w, w) = log||Dg,,(w)|| and the third equality is due to the independence be-
tween wq and a,,(w). This implies that if we fix 7, the Lyapunov exponent is negatively
correlated with the norm of the Hessian matrix of the loss function on the staionary distri-
bution u;, (Note that the case we discussed here is under the assumption that the Hessian
matrix of loss is positive definite and the Lyapunov exponent is negative. That is, we still
consider the optimization dynamics below the edge of stability).

Remark 4.13 (Upper bound of local optimization error with tojasiewicz con-
dition): Assume

O = Z IV£i(w) = VF(w)[*dup, < co.
Un izl

If the absorbing set U,, contains only one local minimizer wj, and the landscape of U,,
geometrically satisfies the Lojasiewicz condition commonly used in non-convex analysis

[10, 5,17, 57], i.e.,
IVEW)|| > e F(w) — Fw)I®, & € [1/2,1), (4-21)

we can obtain the following upper bound on the optimization error
1

1o 1\°
Eg[ FOW) = F(wg)] < ( m I§:|>

Proof: Foreachw € U, andi € {1, ..., n}, by Assumption 4.1,

F(gi(w) < F(w) - WP,
Then
(PF)w) = 2 Fgi(w)) < F(w) — ] VE@)|P + Z IV i@
Note that
L Z VA = IVF@P + 1 3 195,w) - VF@)P
We have e
J@rwdis = [ Fdu, < [ ( )i+ “L o
Hence,

!

2 ¥ anmn 12
[ wvrwrds, < s 50a
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Combining with (4-21), we obtain the upper bound

1

i FOV)~F(wi)] < ()5 E,e [IVFONIF] < [E[IVFONIE]® < (w / %@)
|

Theorem 4.3 gives an upper bound of optimization error from the perspective of sta-
bility of the random dynamical system, which shows that the local optimization error is
positively correlated with the step size and the magnitude of the gradient noise, and neg-
atively correlated with the Lyapunov exponent |1,,|. The Lyapunov exponent is closely
related to the geometry of the loss landscape, as discussed in Remark 4.12. In this bound,
the step size, gradient noise and geometric scale of the absorbing set captures how strongly
the noise can push the system away from the minimizer wy},, while the Lyapunov exponent
captures how strongly the dynamics pull the system toward the random attractor, which
is located in the vicinity of local minimizers of F.

We compare the optimization error bound derived under our random dynamical sys-
tems framework with the optimization bound obtained under the Lojasiewicz condition
framework in Remark 4.13, which is commonly used in nonconvex analysis. Interest-
ingly, although the two optimization bounds are derived using different techniques, they
exhibit a certain consistency: In the case of a single local minimizer, a smaller § in (4-21)
usually corresponds to a steeper valley, which leads to a larger |4,,|, and they both lead
to a tighter optimization bound. Moreover, these factors also influence the convergence
rate of the optimization process, which should be reflected in the finite-time analysis of
the optimization error. This shows that although the Lyapunov exponent is in general dif-
ficult to quantify, the bound is qualitatively consistent with the optimization error bound
obtained in classical frameworks.

Note that an absorbing set U, may contain more than one local minimizer, and the
support of the ergodic stationary distribution y;, may simultaneously cover multiple lo-
cal minimizers (see the example in Section 3.2 of [53]). This generality renders the Lo-
jasiewicz condition inapplicable, as it is typically formulated for a neighborhood of a
single minimizer. Our optimization bound remains valid in this multiple minimizer set-
ting and the stationary distribution may not concentrate near the minimizer with the lowest
function value within U, but instead concentrate near other local minimizers with higher
function values. This also explains why, unlike the L.ojasiewicz-based bound in Remark

4.13, our bound does not reduce to zero as the gradient noise vanishes. However, we
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should acknowledge that this generality comes at a cost: the bound may be loose when
the stationary distribution concentrates around local minimizers with higher function val-
ues.

Now we consider the global optimization error in this nonconvex setting. Assuming
w™ is the global minimizer, given the initial measure u, we obtain the global optimization
error by combining Theorem 4.3 and 4.2 (ii), which can be can be decomposed into two
parts: the local optimization error after the trajectory enters a specific absorbing set, and
the gap between the corresponding local minima and the global minima.

E[FOW) —Fw*)| = Y. pa()( | Fdu —Fwi) + D) pm()F W) — F(w*))
meM meM

2.2 2\2
N co,e(zam + HmRm) % *
< Y, P S0 —ctamry T Y, Pm()(F W) — Fw*)),
meM meM

where u* is the stationary distribution. Notably, the global minimizer may not belong to
any absorbing set Up,, as discussed in Section 3.3 of [53]. Hence, it is also an interesting
question when one can guarantee that the global minimum lies in an absorbing set, or more
specifically, falls within the support of the stationary distribution. This would require
imposing certain assumptions on the gradient noise and we leave this as part of the future

work.
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CHAPTER 5 FRACTAL DIMENSION OF THE
STATIONARY DISTRIBUTION AND GENERALIZATION

In this chapter, we investigate the generalization behavior of the SGD algorithm from
the perspective of IFS.

Related work has established generalization bounds for stochastic optimization al-
gorithms based on hypothesis space complexity or algorithm stability [7, 12]. However,
traditional worst-case bounds derived from complexity measures such as VC dimension
or Rademacher complexity typically fail to account for the influence of the specific al-
gorithm, yielding pessimistic estimates in overparametrized neural networks [58]. More-
over, such bounds are difficult to connect with the implicit regularization phenomena
observed in stochastic optimization, such as preference for flat minima and low-norm
solutions [42, 26].

Motivated by this problem and building on the study of the asymptotic behavior of
SGD in Chapter 4, we introduce algorithm-dependent generalization bounds for SGD us-
ing the fractal dimension of the stationary distribution in Section 5.1. This bound was
proposed in [13]. Building on this, we further establish the connection between gen-
eralization error and algorithm hyperparameters in specific supervised learning tasks in
Section 5.2. We also extend new experiments to characterize generalization behavior of

SGD and other stochastic iterated algorithms in Section 5.3.

5.1 Generalization error bound via fractal dimension of the sta-
tionary distribution

Classical theory of iterated function systems (IFS) [31] establishes that a finite family
of contractions {fj, ..., f,} on a complete metric space admits a unique compact attractor
K =, fi(K), and a unique stationary distribution u* with supp(u*) = K. For self-affine
IFS, the attractor is generically a fractal [23]. For more general settings, such as the aver-
age contractive and order-preserving IFS discussed in Chapter 4, the cases are more varied
and intricate [25]. Modeling SGD as an IFS, this motivates us to think about the fractal
structure of the stationary distribution of the weights and relate it to the generalization

behavior of the model. The optimization trajectory of SGD lives in an extremely high-
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dimensional space. However, the weight iterates that actually converge may concentrate
on a low-dimensional subspace, as shown in [34]. Here, we introduce the generalization
bound established in [13], which employs the fractal dimension of the stationary distribu-
tion as an intrinsic dimension of the weight space to quantify the effective complexity of
the model and the algorithm.

[13] assumes that the IFS corresponding to SGD is average contractive to guaran-
tee the existence of a unique ergodic stationary distribution. In fact, for a more general
setting, it suffices to assume that the Markov chain corresponding to SGD converges to
some stationary distribution, denoted by ,uf;ndm. Different initializations may converge to
different stationary distributions, and exhibit different generalization properties.

We present the following assumptions used in [13].
®Ngata

Assumption 5.1: foru; ““-ae. S, ,thelocal dimension
 [logus, (Bw)|
lim — exists for u$  -a.e. w.
r—0 log r Ndata

This is a common regularity condition to establish the connection between the Haus-
dorff dimension of the measure and the upper box-counting dimension of the set nearly
full measure in proposition 1 [13].

Assumption 5.2: For all ng,, € N,, Let F and G be the sub-o-algebras of BB

generated by
{%\S”dt (w) : w e RY}
and

{tlw e Ng(as, ) ks, As,,, o) dimu(s, )@ 8.8 € Q. 8.6>0,we Ng|

respectively, where ASnd t is defined in Proposition 1 [13] and

N :z{((zjlﬂ)ﬁ _ Qja+ DB
g nd ~ 2/d

and Nﬁ(Asndt ) :={xENg: Bﬁ(x)ﬂASnd # @}. There exists a constant M > 1 such
that forany F € Fand G € G,

):LEZJ=IW”4,

P(F N G) < MP(F)P(G).

Assumption 5.3: ¢ is L-Lipschitz continuous in w for all z. Moreover, €(w, z) is (a, b)-

sub-exponential for all w, 1.e.,

log ., [exp(A (6w, 2) ~ ()] < 22
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for all || < 1/b.

Now we restate the theorem.
Theorem 5.1: Given the training data S,,, , assume that the associated Markov chain
(3-3) converges into a stationary distribution ugndm c P(R%) and Assumption 5.1, 5.2
and 5.3 hold. Then for sufficiently large n,

|9€Sndm (w) — Rw)| < CJ

dimyy (i3, ) log” (Mgual?) , log(13M/¢)

Ndata Nata
2w~
Proof: See Theorem 1 [13]. |
Remark 5.1: Since the stationary distribution of w depends on the data, the constant M

with probability at least 1 — 2{ over the joint distribution of S, ~ u

introduced in Assumption 5.2 serves as a technical condition that allows one to decouple
w from S, when applying Assumption 5.3. The constant M measures the correlation
between the geometric properties of the stationary distribution and gﬁsndm, and can be
viewed as a form of algorithmic stability [12], which also influences generalization. For
example, as an extreme case, a deterministic algorithm may converge to a single point with
the dimension term zero, while M may become unbounded. Some works have focused
on providing a deeper understanding of the term M [21] and establishing generalization
bounds free of this term via stability assumptions [56]. But in this chapter, we focus
primarily on the fractal dimension term.
Remark 5.2: In certain cases, the Hausdorff dimension of sets and measures is equiv-
alent to other notions of fractal dimension as indicated in Theorem 2.2 and 2.3, which
provides a useful tool for the numerical estimation of fractal dimensions in Section 5.3.
This bound is inspired by generalization bounds based on covering numbers, where
the fractal dimension of the stationary distribution appears as a measure of capacity and
complexity. Intuitively, the fractal dimension of the stationary distribution quantifies the
space-filling capacity of the support of the limiting distribution of the model parameters,
serving as an effective measure of capacity. On the other hand, it captures the complex-
ity and roughness of the support’s boundary and interior, which mirrors the intricacy of
the loss landscape geometry. A heuristic intuition is that flat minima tend to be locally
smoother, corresponding to a lower fractal dimension, and a rigorous conclusion requires
further investigation.

It is worth noting that compared with traditional generalization bounds based on
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covering numbers, this quantity is closely related to the data and the SGD algorithm. This
addresses the problem of overly loose generalization bounds arising from hypothesis class
capacity measures based solely on model architecture and data. It allows us to establish a
connection between generalization error and algorithmic hyperparameters (e.g., step size,
batch size) through the lens of dynamical systems. We will discuss this in detail with

concrete examples in Section 5.2.

5.2 Applications to supervised learning tasks

In this section, based on the generalization bound established in Theorem 5.1, we fur-
ther relate the fractal dimension of the stationary distribution to the algorithm parameters
and the training data in supervised learning tasks to obtain a more explicit generalization
bound.

The basic idea is that we obtain the contractivity of the SGD algorithm by constrain-
ing 7, which guarantees the existence and uniqueness of the stationary u*. Then by The-

orem 2.4, we have
— log(n)
n
1 b
— Yy = SloglI =23, V2e(w, 2))]| du(x)

where n = ("‘Zata) as formulated in Section 3.2. We then compute the Hessian matrix of the

dimy(1*) < (5-1)

loss function to derive the upper bound of fractal dimension of the stationary distribution.
Here we take regularized multi-class logistic regression as an example in Example

5.1 to analyze the upper bound of the Hausdorff dimension of the stationary distribution.

Other examples can be found in Section 4 of [13].

Example 5.1 (Multi-class Logistic regression with L, regularization): Con-

sider a C-class classification problem with data points z; = (x;,y;), where x; € R4

are input features and y; € {1,...,C} are class labels. The model parameter is w :=

[wy, ..., we] € RIXC. The regularized softmax loss is
wT Xi
e Vit A
o(w,z;) = —log —5 + Z|wlE,  A>0,
wlx;, 2
c=1 e*rct

where |w||r is the Frobenius norm. Then for ) < ——,
42+max; || x; |2

log ("Cl‘:‘a)

dimy (1) < —25.
2()
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Proof: The Hessian matrix

VZé(w, z;) = (diag(p;) — pip?) ® xix]{ + Ay,

eng

# and ® denotes the Kronecker

eer’i

where p; = [pi1, ..., Pic] € RE with p;, =

product. For any unit vector v € R,

C C
UT(diag(pi) - pipiT)U = Z pi,c(l-)c)2 - (Z pi,cvc)2 > 0.
c=1 c=1

Note that the last equation is exactly the variance of V' with P(V = v.) = p; ., then by
Popoviciu’s inequality on variances, we have
(max, v, — min, vc)2 < 2(max, v,)? + 2(min, v,)? <1

4 - 4 -2
Hence, A < ||V26(w, z)| < A+ %maxi [|x;]|?. Then

|diag(p;) — pip! || <

max; || x; ||
= 3 Ve 2l = maxiin — (1 + T g,
ieB
. 12
Assume that 7 < prFTaEL we have |1 —7 (/1 + w> | < |1 —n4| < 1, then the
max; || X;

IFS is contractive. Hence, by (5-1),

log (l’ldata) log (ndm)
dimy(u*) < —— - b < l1) '

|

From Example 5.1, we obtain the following insights into the generalization behav-

ior of SGD in regularized multi-class logistic regression. As the stepsize 7 < 1/4 and
the regularization parameter A increases , the dimension bound decreases, indicating im-
proved generalization. The decrease of mini-batch size b < ngy,, also leads to a tighter
dimension bound and hence implies better generalization. These qualitative predictions
are consistent with commonly observed empirical phenomena in machine learning, and

hence provide a theoretical perspective for explaining these experimental findings.

5.3 Experiments

In this section, we provide experiments to validate the results in Sections 5.1. Our
experiments consist of two main parts: In Section 5.3.1, we investigate the correlation be-
tween the fractal dimension of stationary distribution and the generalization performance

under different hyperparameters (e.g., learning rate, batch size) and different initializa-
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tions. Specifically, we approximate the stationary distribution using the converged weight
trajectory, compute its persistent homology (PH) dimension using tools from topological
data analysis (TDA), and visualize its relationship with generalization gap. The experi-
ments show that the fractal dimension of the stationary distribution can indeed serve as
a characterization of generalization on simple datasets, while on more complex datasets
this metric needs to be further refined. Moreover, in Section 5.3.2, we observe that during
training, the fractal dimension of the local weight trajectory can be viewed as a progress in-
dicator for tracking the generalization behavior of neural networks when use iterative op-
timization algorithms (including but not limited to SGD). We conduct experiments across
different training phases to illustrate this phenomenon. More experiment details are pro-

vided in Appendix B.

5.3.1 Correlation between fractal dimension of stationary distribu-
tion and generalization gap

In this section, we conduct three experiments to investigate the relationship between
the fractal dimension of the stationary distribution and generalization and systematically
study the effects of key parameters such as step size and batch size.

In the first two experiments, we train shallow neural networks using SGD on MNIST,
FashionMNIST, and CIFAR-10 under varying hyperparameter configurations and ran-
dom initializations. We approximate the stationary distribution of the SGD iterates via
the weight trajectory, estimate its PH dimension, and perform Pearson correlation anal-
ysis between the estimated PH dimension and the generalization gap of accuracies (train
acc-test acc). The results of these two experiments are shown in Figure 5-1 and 5-2, re-
spectively.

Figure 5-1 illustrates the relationship between the fractal dimension of the SGD sta-
tionary distribution and the generalization gap of accuracies across varying learning rates
and batch sizes. The results show that on both MNIST and FashionMNIST datasets, the
two quantities exhibit a significantly positive correlation (p < 0.05), which validates the
theoretical results presented in Section 5.1. Notably, the correlation is not significant on
CIFAR-10, which may be attributed to the greater complexity of both the dataset and the
resulting generalization behavior. Specifically, certain combinations of learning rate and
batch size yield very low training and test accuracies in our CIFAR-10 experiments (e.g.,
learning rate = 1, batch size = 64, train acc = 0.437, test acc = 0.467), suggesting that
the model fails to fit the data adequately. In such underfitting regimes, the relationship
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between fractal dimension and generalization gap of accuracies becomes less pronounced.
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Figure 5-1 Correlation between the PH dimension of the stationary distribution and the gener-
alization gap (train acc - test acc) for shallow neural networks trained with varying learning rates
and batch sizes. Each subplot reports the Pearson correlation coefficient r and its associated p-
value p in the bottom-right corner.

Figure 5-2 visualizes the relationship between the fractal dimension of the SGD sta-
tionary distribution and the generalization gap across different initializations. By varying
the random seed, we observe that the trajectories converge to different regions, as shown
in the upper figure of Figure 5-2. This is because in complex tasks, the iterated function
system (IFS) induced by SGD can hardly satisfy a contraction property, and hence the
absorbing sets are generally non-unique, as illustrated in the simplified setting in Sec-
tion 4.2. The lower figure of Figure 5-2 illustrates the relationship between the fractal
dimension of the SGD stationary distribution and the generalization gap. A clear positive
correlation is observed on MNIST, while the relationship is not significant on the other
two datasets. The stationary distribution seems to be less sensitive to the random seed on
these two datasets, especially on CIFAR-10.

Across these two experiments, we observe that the PH dimension of the stationary
distribution serves as a reliable indicator of generalization on simpler datasets such as
MNIST, while no significant correlation is observed on CIFAR-10. As we discussed ear-
lier, a reasonable explanation is that the shallow networks employed in these experiments
lack sufficient capacity to learn meaningful representations on CIFAR-10, resulting in
poor performance across all hyperparameter configurations. This in turn leads to minimal
variance in the generalization gap, making it difficult to detect any meaningful correla-
tion with the PH dimension. Motivated by this limitation, we conduct the third experiment
using a deeper convolutional network on CIFAR-10, as described below.

In the third experiment, we train a deeper convolutional neural network using SGD on
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Figure 5-2  The upper figure visualizes high-dimensional SGD weight trajectories from different
initializations, projected into three dimensions via PCA, where the small squares denote the re-
gions of convergence at the end of training. The percentages indicate the explained variance ratio.
The lower figure shows the correlation between the PH dimension of the stationary distribution
and the generalization gap (train acc - test acc) for shallow neural networks across multiple random
initializations. Each subplot reports the Pearson correlation coefficient r and the corresponding
p-value p in the bottom-right corner.

CIFAR-10 under different learning rates and batch sizes. We conduct Pearson correlation
analysis between the PH dimension of the stationary distribution and the generalization
error of losses (Jtrain loss- test loss|), and examine the individual relationships between
each hyperparameter (learning rate and batch size) and both the PH dimension and gen-
eralization error, in order to disentangle their respective effects on the fractal dimension
of the stationary distribution and the resulting generalization performance.

The results are shown in Figure 5-3. These results validate the positive correlation
between the fractal dimension of the stationary distribution and the generalization error in
deeper neural networks. Furthermore, the consistent relationships between learning rate,
batch size, fractal dimension, and generalization error align with the well-established em-
pirical observation that larger learning rates and smaller batch sizes tend to yield better

generalization. Taken together, the fractal dimension can be viewed as a unified complex-

ity measure that integrates the effects of both learning rate and batch size into a single
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quantity predictive of generalization, therefore establishing an explicit link between algo-

rithm hyperparameters and generalization performance that can inform principled model

selection and hyperparameter tuning.

PH Dimension

2.6 4

(a) PH Dimension vs Generalization Error (all runs)

0.30 4
® =32

® bs=64
® =100

0.20 4

Generalization Error

0I0Y _~ye

0.05 4

® =200
® bs=500
® Ir=0.005

M =001
A =002

& r—005

1
¥ =01
® =02
==" Linear it

0374
0.05

v

T
26

T
28

T
3.0

PH Dimension

(b) LR vs PH Dim (bs = 64)

(c) LR vs Gen. Error (bs = 64)

2
@
L

Generalization Error

0.11 4

0.10 4

0.09

0.08

0.07 4

0.06

"= -0.644
p—0.24

T T T
0.04 0.06 0.08

Learning Rate

T
0.02

(d) BS vs PH Dim (Ir = 0.05)

T T T T
0.04 0.06 0.08 0.10

Learning Rate

T
0.02

(e) BS vs Gen. Error (Ir = 0.05)

PH Dimension
s e o
L]

Generalization Error

0.10 4
2.60 4

0.05

T T
300 100

Batch Size

T T T
300 100 200

Batch Size

Figure 5-3  Correlation analysis between PH dimension of stationary distribution, generalization
error (Jtrain loss- test loss|), and hyperparameters for a deep neural network trained on CIFAR-10
with constant step-size SGD. (a) PH dimension of the stationary distribution versus generalization
error across all learning rate and batch size configurations. (b) Learning rate versus PH dimension
with batch size fixed at 64. (c) Learning rate versus generalization error with batch size fixed at
64. (d) Batch size versus PH dimension with learning rate fixed at 0.05. (e) Batch size versus
generalization error with learning rate fixed at 0.05. Each subplot reports the Pearson correlation
coefficient r and its associated p-value p in the bottom-right corner.

The three experiments above validate the effectiveness of the fractal dimension of
the stationary distribution as an indicator of generalization. Meanwhile, we also point out
potential limitations. One concern is that the strong negative correlation between learning

rate and PH dimension may partly reflect a geometric artifact: smaller step sizes produce

45



CHAPTER 5 FRACTAL DIMENSION OF THE STATIONARY DISTRIBUTION AND
GENERALIZATION

denser weight trajectories, which naturally yield higher dimension estimates regardless
of the loss landscape geometry. This confounding effect makes it difficult to isolate the
generalization-relevant component of the fractal dimension from the mechanical influence
of the step size. Future work could further disentangle these effects to more rigorously
establish the validity of the fractal dimension of the stationary distribution as an intrinsic

generalization indicator.

5.3.2 Evolution of the fractal dimension of local weight trajectories
during training process

As an extension experiment, our motivation is that the fractal dimension of the weight
trajectory can, to some extent, capture geometric information about the loss landscape,
and may therefore serve as a reflection of the dynamic training process to help us better
understand phenomena in deep learning. We conduct two experiments to investigate the
evolution of the fractal dimension of local weight trajectories across different training
phases and explore whether this perspective can provide a dynamic explanation for model
training and generalization. Specifically, we employ a sliding window to collect local
weight trajectories and plot the evolution curve of the fractal dimension of each windowed
local weight trajectory throughout the entire training process.

In the first experiment, as one of the most standard experimental setups, we train a
small fully connected neural network on the MNIST training dataset consisting of 60,000
samples using SGD optimizer and evaluate it on the test dataset of 10,000 samples. The
evolution curve of the fractal dimension of local weight trajectories is shown in Figure 5-
4. The results indicate that during training, as the model transitions from the underfitting
phase to the fitting phase, the test accuracy increases while the fractal dimension of the
local weight trajectory decreases.

The result is not surprising. Intuitively, as the model transitions from the underfitting
phase to the fitting phase, it settles into the vicinity of a local minimum and the geometric
structure of the trajectory simplifies accordingly. The generalization error keeps decreas-

ing throughout the entire process.
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PH Dimension

Figure 5-4 Evolution of test accuracy and PH dimension of the local weight trajectories during
the training process in the standard underfitting-fitting experiment.

As an extension, in the second experiment, we train a fully connected neural network
on a subset of the MNIST training dataset consisting of 1,000 samples using AdamW opti-
mizer and test it on the test dataset with 10,000 samples. This setup is adopted from [38] to
induce the Grokking phenomenon (also known as delayed generalization). Specifically,
the training process is divided into a memorization phase and a generalization phase, as
illustrated in the top panel of Figure 5-5.

In Figure 5-5, we visualize the fractal dimension of the local weight trajectories
throughout the training process. As a complement, inspired by [3], we additionally vi-
sualize the fractal dimension of the data representations from the last hidden layer of the
model. Interestingly, we observe that the fractal dimension of the local weight trajectories
starts relatively low and gradually increases during the overfitting phase, with the rate of
increase accelerating markedly as the generalization error begins to rise, before subse-
quently declining. Meanwhile, the fractal dimension of the data representations remains
nearly flat with fluctuations in the early stages, and then begins to decrease simultaneously
with the fractal dimension of the weight trajectories during the generalization phase.

These results suggest that the fractal dimensions of local weight trajectories and data
representations can indeed correspond to phase transitions in model training and gener-
alization. One possible explanation is that during the memorization phase, the model
rapidly finds a memorizing solution close to the initialization with low trajectory com-
plexity. During the overfitting phase (10*-10° iterations), under the effect of weight decay
regularization in AdamW, the model begins moving toward task-relevant directions and
explores more complex regions, leading to increasing trajectory complexity. Finally, as
the model slides into a valley containing a generalizing solution and settles near a flat min-

imum, the fractal dimension of the weight trajectories first rises briefly before gradually
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decreasing.
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Figure 5-5 Evolution of test accuracy, PH dimension of the local weight trajectories and PH
dimension of data representations during the training process in the Grokking experiment.

It is worth noting that, as discussed earlier, the Grokking phenomenon is closely tied
to the underlying mechanism of AdamW optimizer (similar phenomenons are difficult
to observe under the same setup with SGD). Since AdamW employs an adaptive learn-
ing rate, the fractal dimension of the weight trajectory is jointly influenced by both the
loss landscape geometry and the optimizer’s curvature adaptation, making the causal in-
terpretation of Figure 5-5 non-trivial. Whether the fractal dimension of the local weight
trajectory can serve as a rigorous generalization indicator under adaptive optimizers there-
fore remains an open question. Nevertheless, our results suggest that the fractal dimension
of the stationary distribution captures meaningful geometric structure that correlates with
generalization behavior, motivating a more systematic investigation into the relationship

between optimization dynamics, trajectory geometry, and generalization.
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CONCLUSION AND FUTURE WORK

Summary

This paper analyzes the optimization and generalization behavior of constant step-
size SGD from the perspective of discrete-time random dynamical systems.

We analyze the optimization behavior of SGD under strongly convex and non-convex
separable loss functions in Chapter 4. Strongly convex loss functions typically ensure that
the IFS induced by SGD satisfies the average contractivity. This contractivity property
guarantees that the corresponding Markov chain converges exponentially to a unique sta-
tionary distribution, which implies the limiting behavior of SGD is independent of initial-
izations. The expectation of the optimization error on stationary distribution is bounded
by the constant step size and the gradient noise at the minimizer.

For non-convex and separable losses, the results are totally different. Globally, there
exist multiple absorbing sets and every trajectory eventually settles into one of them de-
pending on the initialization, potentially converging to different stationary distributions
as shown in [53]. Locally, we prove that on each absorbing set, different trajectories syn-
chronize to the same trajectory under fixed sequence of iteration maps and the random
behavior of trajectories do not depend on the initialization. We further prove that the
Lyapunov exponent along the limiting orbit is negative, and based on this derive a local
optimization error bound with the step size, gradient noise, and the local loss geometry
within the absorbing set.

In Chapter 5, we demonstrate that from the perspective of random dynamical sys-
tems, the generalization error of the model is positively correlated with the fractal dimen-
sion of the stationary distribution, as shown in the generalization bound proposed in [13]
and validated in the experiments in Section 5.3.1. Here, the fractal dimension of the sta-
tionary distribution serves as an algorithm-dependent measure of effective capacity and
complexity, linking algorithmic hyperparameters to the generalization performance. For
instance, as shown in the example of multi-class logistic regression with L, regulariza-
tion presented in Section 5.2, SGD with a larger step size and smaller batch size tends to
correspond to a smaller fractal dimension of the stationary distribution and yield better

generalization, which is consistent with empirical findings. We also find that the fractal
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dimension of the weight trajectory can serve as a progress indicator for tracking gen-
eralization performance during training in the empirical experiments. In the Grokking
experiment, we observe that changes in the fractal dimension of the weight trajectory
are synchronized with the phase transitions in the training process, which helps us better
understand the optimization and generalization behavior of stochastic iterative algorithms
during training. This motivates further investigation into the underlying reasons for coun-
terintuitive phenomena in machine learning.

This framework offers a new perspective for analyzing the long-term qualitative be-
havior of constant step-size SGD and establishing optimization and generalization error
bounds by leveraging tools from discrete-time random dynamical systems. It goes be-
yond the SDE and Markov chain framework commonly adopted in the existing literature,
providing a more refined framework that enables us to gain interesting insights into the

optimization and generalization of constant step-size SGD.

Future work

Some directions for future work building on this paper have already been discussed
in Section 4.2.4 and 5.3.1. Here we highlight several potential directions for extension.

A natural direction for future work is whether the analysis and results under noncon-
vex separable loss functions can be extended to more general non-convex settings. Here
the separability assumption simplifies the construction of absorbing sets and the verifi-
cation of monotonicity and the splitting condition for the iterated maps, which serves as
a key technical tool for proving convergence of the Markov chain and establishing syn-
chronization in each absorbing set. For general non-convex loss functions, there are two
main challenges to establish similar Doeblin decompsition. The first concerns whether
absorbing sets can be effectively identified and constructed. Explicit construction of the
boundaries of absorbing sets typically requires accounting for correlations among vari-
ables across different dimensions, and an absorbing set can be a closed set with much
more complex geometry, necessitating case-by-case treatment. A possible direction to
avoid explicit construction is to adopt a Lyapunov function approach. The most straight-
forward idea is to use sublevel sets of the loss function F as candidate absorbing sets, de-
composed into connected components associated with distinct local minima. This would
requires restrictions on the step size and the gradient noise to ensure that the sublevel sets

are positively invariant and more general case would require the construction of other
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Lyapunov functions, which remains a highly nontrivial challenge. The second concerns
proving uniqueness of the stationary distribution within each absorbing set and establish-
ing a spectral gap of the Markov operator. This may require richer mathematical tools,
such as Lyapunov exponents analysis and other coupling methods. Furthermore, under
general non-convex loss functions, exploring pathwise properties (e.g., Lyapunov expo-
nents, synchronization), which are closely related to the step size and the geometry of the
loss landscape, may yield interesting insights. For instance, in the setting of this paper,
synchronization within each absorbing set can be established and the Lyapunov exponents
are shown to be strictly negative. In [15], also within a discrete-time RDS framework, it is
shown that the sign of the Lyapunov exponents determines whether SGD can converge to
the corresponding global minimum in overparametrized neural networks. Under large step
sizes and more complex loss landscape geometry, chaotic phenomena may emerge [30].
These insights can contribute to a deeper understanding and improvement of stochastic
optimization algorithms.

If analogous results can be established for general non-convex loss landscapes, a
promising direction for future work would be to leverage the connection between opti-
mization dynamics and generalization performance within the random dynamical systems
framework to further investigate the implicit bias of SGD. As shown in Theorem 4.2, SGD
may converge to different absorbing sets, and the probability of converging to any partic-
ular one and the geometry of it, to some extent, reflect the inherent preference of SGD.
This may be a worthwhile entry point for investigating the implicit bias in the future.

There remain several related topics that have not been covered in this paper, which
could serve as directions for future work. The heavy-tailed phenomenon of SGD [29, 54,
35], where the second moment of gradient noise is unbounded, has not been addressed
here and remains an open challenge. More broadly, the discrete-time random dynamical
system framework can potentially be extended to other stochastic optimization algorithms,
such as SGD with momentum. For these variants of SGD, the weight iterates are no longer
Markovian and a preliminary idea is to augment the state space with auxiliary variables
so that the framework of discrete-time random dynamical systems can be applied. We
hope these directions will inspire further investigation to help us better understand the

optimization and generalization of stochastic optimization algorithms.
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APPENDIX A ADDITIONAL TECHNICAL
BACKGROUND

This appendix provides additional background for Theorem 4.1 and Theorem 4.2 in
Chapter 4.
Definition A.1: Let (X, d) be a complete and separable space. Define

P(X) & {,u probability on I : / d(x, xo) u(dx) < oo, for some x, € L }
x

For uy, uy € P(X), let C(uq, 4y) be the set of all probability measures on X X L with

marginals ¢ and u,. Then the 1-Wasserstein distance between u; and u, is

Wiuoop) 1= inf f d(x, %) dv(x, x').
vEC(U1,M2) XX

Definition A.2: LetA c R9 be a closed and bounded Borel set. For probability measure
U1, Moy € P(A), define the total variation distance between u, and u,

dry(ui, p2) = sup  |u(CNA)—uy(CNA)|.
CeB(R4)

The following metric is defined on the partially ordered structure and is weaker than

dTV.
Definition A.3: Let{e;,e,,...,e4} be the basis vectors of R%. Define the cone

RE = {c; (are1) + ¢z (azey) ... + cq(ageq) : ¢;j = 0for1 < j <d},
where o = (o, 4y, .., 4g) € {+1, —1}4. We call a map f is monotone with respect to [Rg
if
X2 X = f(x) =24 f(X),

for all x,x' € R?, where x <, y means y — x € RS,
Let A ¢ R? be a closed and bounded Borel set. For probability measure uq, u, €
P(A), define

de(y, 42) 1= sup [ (CNA)—u(CNA),
Ce6,y

where B, = {{x € R4 : f(x) <, c}, f is monotone with respect to RZ, c € R4}.
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APPENDIX B EXPERIMENT DETAILS

Model architecture and algorithm hyperparameters

In the first two experimemts of Section 5.3.1, we use two convolutional layers with
8 and 16 filters respectively, each followed by max pooling, and a fully connected head
with one hidden layer of 64 units for MNIST and FashionMNIST. For CIFAR-10, we
use three convolutional layers with 16, 32, and 32 filters respectively, followed by a fully
connected head with one hidden layer of 128 units. We use the SGD optimizer and Cross
entropy loss, and a learning rate of 0.02 and a batch size of 128 in the second experiment.
We train 5 convolutional layers with 64 channels each and 3 fully connected layers on
CIFAR-10 for the last experiment.

In the first experiment of Section 5.3.2, we use three fully connected layers of 100
units with ReLU activations, and a final linear head mapping to 10 output classes. We use
the SGD optimizer and Cross entropy loss with a learning rate of 0.1, a batch size of 50.
For the second experiment, we use three fully connected layers of 200 units with ReLU
activations, and a final linear head mapping to 10 output classes. We use the AdamW

optimizer and MSE loss with a learning rate of 0.001 and a batch size of 200.

Stationary distribution approximation and PH dimension estima-
tion

We use the weight trajectory to approximate the stationary distribution under the as-
sumption of ergodicity. Specifically, We collect weight samples from the constant step-
size SGD trajectory in two phases: A warmup phase runs until the chain reaches station-
arity, detected via a sliding-window Geweke diagnostic [27], followed by a collection
phase which records a weight snapshot every 5 gradient steps. To obtain approximately
i.i.d. draws from the stationary distribution, we thin the chain by retaining every t-th
snapshot, where 7 is the integrated autocorrelation time estimated via Sokal’s automatic
windowing algorithm [55]. We estimate the PH dimension of these samples using tools
from TDA [9] and report the train and test losses and accuracies as averages over all

collected samples.
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