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ABSTRACT

The rich deep learning optimization literature reflects our fragmented understand-
ing of what makes a good optimizer and, more importantly, whether improved
optimization performance confers higher generalizability. Current literature ne-
glects an important innate characteristic of SGD and variants, their stochasticity,
failing to properly benchmark these algorithms and so reveal their performance
in the statistical sense. We fill this gap in this paper. Unlike existing work which
evaluates the end point of one navigation/optimization trajectory, we utilize and
sample from the ensemble of several optimization trajectories, so that we can es-
timate the stationary distribution of a stochastic optimizer. We cast a wide net and
include SGD and noise-enabled variants, flat-minima optimizers, as well as new
algorithms we debut in this paper by recasting noise-enabled optimizers under
the Basin Hopping framework. Our evaluation considers both synthetic functions
with known global and local minima of varying flatness and real-world problems
in computer vision and natural language processing. Our benchmarking accounts
for the statistical setting, comparing populations of models and testing for statis-
tical significance. Our paper reveals several findings on the relationship between
training loss and hold-out accuracy, the comparable performance of SGD, noise-
enabled variants, and novel optimizers based on the BH framework; indeed, these
algorithms match the performance of flat-minima optimizers like SAM with half
the gradient evaluations. We hope that this work will support further research that
accounts for the stochasticity of optimizers for deep learning.

1 INTRODUCTION

While we now frame the training process during deep learning as the optimization of a typically
complex, nonconvex objective/loss function, we do not quite understand, nor can we guarantee,
what happens during training (Poggio et al., 2020). We rely on gradient-descent (GD) algorithms
originally developed and well characterized for convex optimization. Certainly, stochastic gradient
descent (SGD), a variant of the GD algorithm for deep learning, has become the cornerstone opti-
mization algorithm for training (Bottou et al., 2018), and its empirical good performance has been
reported in many papers across application settings.

Growing theoretical work is attempting to understand when and why SGD and its variants work
well or not. The focus is often on the ability of these optimization algorithms, to which one refers
as optimizers, to match their performance on the training data on the testing data; that is, the focus
is on generalization (Chatterjee, 2020). The body of literature is rich and often reports contradictory
findings, but an increasingly popular line of work has been to connect flat, low-loss regions of the
landscape with good generalization (Keskar et al., 2016; Baldassi et al., 2020; Foret et al., 2021;
Baldassi et al., 2021; Zhao et al., 2022) and then to devise optimizers that bias their exploration
of high-dimensional, nonconvex loss landscapes to flat local minima (Izmailov et al., 2018; Foret
etal., 2021). Note that since all these algorithms are stochastic (whether through the mini batches or
deliberate noise injection), no guarantee can be made that they reach the global minimum.

The rich deep learning optimization literature reflects our fragmented understanding of what makes
a good optimizer and, more importantly, whether improved optimization performance confers higher
generalizability. This latter point is indeed important to understand, but what we observe uniformly
across literature is that findings are reported on one single model. Typically, this is the model onto
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which an optimizer has converged or is the lowest-loss model from a window of convergence. This
practice neglects a fundamental innate characteristic of SGD and its variants (including flat-minima
optimizers), their inherent stochasticity. This paper fills this gap and accounts for the stochasticity of
deep learning optimizers in the presence of complex, nonconvex loss functions typically associated
with real-world tasks for deep learning. In particular, this paper makes the following contributions:

1. Expanding the current characterization from a single model to a population of models: A
key insight that informs our work in this paper is that a gradient-guided/biased exploration of the loss
landscape by an optimizer during training is limited to one trajectory that the optimizer “launches”
over the landscape. In the presence of a complex, nonconvex loss landscape, one trajectory affords a
local view of the landscape. To better characterize optimizers and remove potential artifacts or biases
due to initial/start conditions, we advocate sampling models over several optimization trajectories
s0 as to obtain a nonlocal view of the landscape by an optimizer.

2. Rigorous comparison over synthetic loss landscapes, real-world tasks, and model architec-
tures: We rigorously compare optimizers on both synthetic functions with known global and local
minima of varying flatness and on real-world problems. We debut new comparison approaches to
characterize and compare populations of models and, in particular, introduce statistical significance
testing to support any conclusions made from comparisons.

3. Novel stochastic optimization algorithms under the Basin Hopping (BH) framework: We
include in our systematic comparison not only SGD, two representative noise-enabled variants, and
a recent representative of flat-minima optimizers, but also novel noise-enabled optimizers designed
as different instantiations of the BH framework for deep learning.

4. Generalization performance over rate of convergence: Unlike most literature on optimization
for deep learning, we consider generalization performance rather than simply rate of convergence.
We do so over a population of models obtained by an optimizer over several optimization trajectories
rather than a single model often obtained as representative of the performance of an optimizer. We
compare such a population for its generalization performance (to what we refer as SetA later on
in the paper) to a population of models that are sampled by the optimizer and that an oracle has
determined have the best generalization performance (to what we refer as SetB later on in the paper).
Through this setup we test whether optimization performance is a good proxy of generalization
performance utilizing hypothesis testing over populations of models.

5. New benchmarking for stochastic optimizers: By properly accounting for the stochastic nature
of optimizers, we introduce new benchmarking practices and support a growing body of work to
understand the relationship between better optimizers and better generalizability, as well as properly
characterize the advantages of novel optimizers in the presence of complex, nonconvex loss func-
tions. To support future work, we open-source the code for all algorithms, hyperparameters, and all
comparison approaches.

2 BACKGROUND AND RELATED WORK

Stochastic Gradient Descent Consider a multi-dimensional variable/parameter space w 2 RP
and a loss function f(w) that lifts the variable space into a landscape. At every iteration t 2 [T],
where T is a fixed budget, GD takes a discrete step in the direction of steepest descent and updates
Wi = Wi_1 ¢, where 8 is the normalized gradient vector g = rf(w¢_;) of T evaluated at W¢_1;
W (initial conditions) are sampled at random over the variable space. The “stochastic” in SGD is a
key difference from GD and refers to the stochasticity of minibatches (Le et al., 2011; Duchi et al.,
2011; Zeiler, 2012; Kingma & Ba, 2015); SGD minimizes the empirical loss ﬁ ZieBt Ti(wy),
where Tj is the loss for a data point i in the minibatch B¢ drawn from the training dataset at iteration
t of training. The minibatch construct avoids storing all data in memory and extends SGD to online
settings (Bottou et al., 2018; Shalev-Shwartz, 2012; Le et al., 2011).

Exploration versus Exploitation The step size determines how much to “walk” in the direction
of the (negative) gradient; a large value risks overshooting and increasingly deviating away from f;
a small value, while tracking T more faithfully, risks premature convergence to a nearby minimum,
possibly missing better ones. Work in (Baydin et al., 2018) proposes optimizing via GD, and recent
work automatically extends it to SGD variants (Chandra et al., 2022). However, for non-convex
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optimization, the ruggedness/multi-modality of the loss landscape (for which we have increasing
evidence (Li et al., 2018; Bosman et al., 2020; Liu et al., 2020)) challenges controlling the balance
between exploration (of the entirety of the landscape) and exploitation (of minima) through alone.
The initial conditions Wq can also unduly impact the exploration.

NOISE-ENABLED VARIANTS OF SGD

Due to GD convergence to stationary points other than local minima (such as saddle points), early
work proposed to incorporate randomness in the process, by injecting noise in the gradient (Ge et al.,
2015) or the model (Jin et al., 2017). Consider a noise vector drawn at random from Bo( ) (a ball
centered at the origin with radius ). In (Ge et al., 2015), this noise is added to the gradient prior to
updating the model parameters, as shown in Algorithm 1. Work in (Jin et al., 2017) instead injects
noise to the model parameters W directly, as shown in Algorithm 2, and conditionally, only after a
certain number of iterations have been reached AND the magnitude of the gradient has become
small. The first condition ensures that time is provided for exploitation via GD. The second condition
identifies when a stationary point is reached. We rename these algorithms as NoiseInGradient-GD
and NoiseInModel-GD and abbreviate them in the interest of space as NiG-GD and NiG-SGD. Note
that the presentation here is for GD, but the SGD variants operate over the minibatches.

Algorithm 2: NiM-GD (Jin et al., 2017)
Algorithm 1: NiG-GD (Ge et al., 2015) 1: nput: f(W);T >0; =0; >0;
I: Input: f(w); T >0;w; ; 2: Output: W
2: Output: W 3: whilet T do
3: whilet T do 4 g rf(w)
4: g rfw) 5 ifkgk < andt> then
5: 2 Bo() .sample noise 6 2 Bo() .sample noise
6: g g+ .add to gradient 7: Wi Wi+ -add to model
7w w g 8 g rf(w)
8: end while 9 end if
10 wow g
11: end while

Work in (Zhou et al., 2019), though limited to a simple two-layer convolutional neural network
(CNN) model, shows that adding annealing noise to the gradient allows SGD to provably con-
verge to a global optimum in polynomial time with arbitrary initialization. Work in (Orvieto et al.,
2022) connects injecting noise within GD with smoothing and regularization and shows that in-
dependent layer-wise perturbations circumvent the exploding variance term in over-parameterized
models, yielding explicit regularization and better generalization. The stated motivation of noise-
enabled optimizers is to escape saddle points. There is a rich history and literature on noisy gradient
methods based on the Langevin dynamics (LD) (Kennedy, 1990; Neill, 2011; Welling & Teh, 2011;
Chaudbhari et al., 2017; Ma et al., 2018; Chourasia et al., 2021). Recent work (Banerjee et al., 2022)
additionally relaxes the Gaussian noise assumption within the LD framework. In this paper, we focus
on the simplest noise-enabled variants of SGD, hoping to extend to LD-based ones in future work.
For noise-enabled optimizers, we posit that it is useful to think of them as attempts to increase the
exploration capability in a framework of exploration versus exploitation (as is common in stochastic
optimization). While following a gradient increases exploitation, adding a perturbation to this via
injecting noise in the gradient or directly the model enhances exploration.

FLAT-MINIMA OPTIMIZERS Algorithm 3: SAM (Foret et al., 2021)
1: Input: f(W); T >0;w; ; >0

Research on the benefit of flat minima (with flatness 2: Output: W

loosely referring to the curvature of the neighborhood 3: whilet T do

g rfw)
o} % .normalize gradient

around a local minimum) is contradictory. One could 4
summarize it as follows: Poorly generalizable local 5 el

minima are sharp (Keskar et al., 2016). SGD has an 6: 0§  .get perturbed vector
inherent bias to converge to flat local minima (Smith W W -modify model
& Le, 2018). Generalization can improve with further 8: g rfw) -update gradient
bias towards flat minima (Izmailov et al., 2018; Foret 9. wow g

et al., 2021). Sharp minima can generalize for deep 0: end while

nets (Dinh et al., 2017) on a variety of tasks (Kaddour

1
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et al., 2022). Nonetheless, researchers seek novel optimization algorithms biased in some manner
towards flat local minima. We single out here as representative the Sharpness Aware Minimization
(SAM) algorithm (Foret et al., 2021). SAM minimizes the maximum loss around a neighborhood of
the current SGD iterate but requires an additional forward/backward pass for each parameter update.
As shown in Algorithm 3, rather than sampling a noise vector in Bo( ), a deterministic vector (of
magnitude ) in the direction of the gradient is added to the model parameters; There is no true
noise injection, as  is an input parameter. The gradient is calculated twice (lines 4 and 8). SAM
occupies its own category, given that it does not inject any noise but through a deterministic vector
aims to get out of a stationary point. Attempts have been made to understand SAM. Work in (Bartlett
et al., 2022) provides bounds on SAM’s rate of convergence and shows that, when applied with a
convex quadratic objective, for most random initializations, SAM converges to a cycle that oscillates
between either side of the minimum in the direction with the largest curvature. Comparison of SAM
to Stochastic Weight Averaging (SWA) (Izmailov et al., 2018) on diverse tasks (vision, NLP, etc.)
shows no clear winner on convergence to flat minima, SAM converging to non-flat minima, and
non-flat minima sometimes having better generalization (Kaddour et al., 2022).

3 BENCHMARKING SETUP

We consider both synthetic functions that allow us to characterize the optimization dynamics of an
optimizer in a controlled setting and real-world tasks where we do not know the loss landscape.

OPTIMIZATION DYNAMICS IN A CONTROLLED SETTING

It is informative to characterize the optimization dynamics of an optimizer in a controlled setting;
synthetic nonconvex functions with known minima provide us with that. We have compiled sev-
eral synthetic functions, three of which are visualized in Figure 1 (with more in the Supplementary
Material). The synthetic functions we have selected are rich in global and local minima of varying
sharpness and they span the spectrum of structured to unstructured (e.g., having broad plateaus or
numerous local minima). To capture the behavior of an optimizer over a synthetic nonconvex func-
tion, we sample the “stationary distribution” of an optimizer (end-points of its converged optimiza-
tion trajectories) by “restarting” the optimizer R times. These R times are also known as random
restarts in optimization literature. In each restart, we sample Wg non-uniformly at random; From
each initial condition, for each optimizer, the resulting trajectory (of consecutive models, which we
typically visualize during training via training loss) is continued for a fixed budget of | iterations.
The end-model of each trajectory is added to a population of models. This population is analyzed for
its coverage of the various known global and local minima of a synthetic landscape, affording us a
global view of any innate biases of an optimizer towards particular minima in a synthetic landscape.

Himmelblau Three ﬁump Camel Six Hump Camel
Figure 1: Himmelblau: f(x;y) = (x> +y 11)> + (x+y? 7). Three-Hump Camel: f(X;y) =2 X2
1:04 x*+ % + Xy + y?. Six-Hump Camel: f(X;y) = (4 2:1x*> + %) X2 +xy +( 44 y®) y? The
locations of the (global and local) minima of each of these functions are listed in the Supplementary Material.

STATISTICAL CHARACTERIZATION ON REAL-WORLD PROBLEMS

We also characterize optimizers on the following real-world tasks: CIFAR 10, CIFAR
100 (Krizhevsky et al., 2009), and ImageNet (Deng et al., 2009) image classification problem us-
ing ResNet-50 (He et al., 2016), emotion classification on GoEmotions (Demszky et al., 2020) and
TweetEval (Barbieri et al., 2020) datasets. We select these tasks to account for both settings of accu-
racy or macro-F1 as indicators of generalizability. In text mining and NLP tasks, macro-F1 is more
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popular due to data imbalance challenges in multi-class classification tasks. In the Supplementary
Material we expand the analysis to account for different model architectures for each task.

In real-world tasks we do not know the loss landscape and so cannot make use of the above approach.
Instead, to account for the stochastic nature of an optimizer, we propose the following approach. We
sample from a given number T r of random restarts; Tr < R here because of the typically higher
cost of an optimizer on real-world loss landscapes versus synthetic ones. The key insight is that we
treat each trajectory as a local view of a loss landscape afforded by an optimizer and so sample from
a trajectory not just the last/converged model, but L models.

We explore two settings to obtain two distinct populations over models “sampled” by an optimizer
over several trajectories: (1) from each trajectory, select the L lowest-loss models; (2) from each
trajectory, select the L models with highest generalization capability (accuracy or macro-F1 de-
pending on the task). The two resulting populations (to which we refer respectively as SetA and
SetB) are compared via statistical tests to elicit any statistically significant differences and so obtain
a global/population view on whether models selected by loss are conducive to high generalization
capability. By comparing populations of models, we can also better compare two given optimiz-
ers and not risk conclusions based on one arbitrary or hand-selected models. For instance, we can
compare via statistical tests SetA obtained by Algorithm X to SetA obtained by Algorithm Y to
determine which one is better. Our proxy for “better” is test set accuracy or macro-F1. We consider
10 different optimizers.

4 BROADENING STOCHASTIC OPTIMIZERS UNDER BH UMBRELLA: NEW
NOISE-ENABLED OPTIMIZERS

The four core algorithms we analyze are SGD, NoiseInModel-GD/SGD (which we abbreviate as
NiM-GD/SGD from now on), NoiseInGradient-GD/SGD (which we abbreviate as NiG-GD/SGD,
and SAM, described in Section 2; the pseudocodes of the latter are presented above. By enabling
noise as NiG or NiM, and varying over BH, MonotononicBH, or MetropolisBH, we obtain six
more algorithms, to which we refer from now on as NiG-BH, NiM-BH, NiG-MBH and NiM-MBH
(M’ for Monotonic), and NiG-MpBH and NiM-MpBH ("Mp’ for Metropolis). These algorithms are
instantiations of the BH framework for deep learning optimization. The BH framework allows one
to incorporate noise in a principled manner. For clarity, we limit our algorithmic exposition to GD,
but our evaluation setting considers the minibatch version of the BH algorithms (SGD over GD).

While not presented in this manner, noise-enabled optimizers combine two components, one that
exploits the landscape via a local search (the gradient-based model update) and one that explores
the landscape via injecting noise in the gradient or the model. These two are core components of
the BH framework, which we respectively name LclSearch and Perturb. The BH framework
has a rich history in optimization literature (Olson et al., 2012) and has been adapted for multi-
basin landscapes of actuated physical and biological systems (Molloy et al., 2016; Maximova et al.,
2015; 2017; 2018). The framework is related in Algorithm 4; as presented, it permits a more general
stopping criterion than a fixed budget T. BH iterates between minima Y; in the parameter space, to
which LclSearch maps a point Xj. Xj=q are obtained by perturbing the current minimum Yj, and
the Perturbation component broadens the injection of noise. The distinction between X and Y
to present minima clearly, but both correspond to model parameters. Line 9 in Algorithm 4 makes
this particular presentation monotonic-BH. Removing the condition in line 9 provides us with the
general BH formulation. Variations include not enforcing strict monotonocity but allowing small
increases in f with some probability, resulting in a Metropolis versions.

In this paper we instantiate the BH framework for deep learning optimization. The LclSearch
is the gradient-based model update (the discrete step in the direction of steepest descent). The
Perturbation component can be implemented in two different ways, either to inject noise in
the gradient or the model directly, resulting in two different instantiations, to which we refer as NiG-
BH and NiM-BH, respectively. Note that if monotonicity is enforced (as in line 9 in Algorithm 4,
then one obtains NiG-MBH (shown in Algorithm 8) and NiM-MBH (shown in Algorithm 9). We
note that in our implementation, as shown in Algorithm 5, LclSearch carries out < T iter-
ations of gradient descent, or terminates earlier if the gradient flattens. PerturbModel, shown
in Algorithm 6 is an implementation of Perturb by injecting noise (vector ) in the model. The
returned model parameter is only a candidate (line 7), given the monotonicity constraint (line 8).
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Equivalently, injecting noise directly in the gradient can be implemented, shown in PerturbGradient
in Algorithm 7.

Algorithm 4: Monotonic BH Algorithm 5: LelSearch
1: Input: f(w) 1: Tnput: F(W);w; >0; ;
g: i()ut%ut. w 2: Output: w;t
: . . 3: whilet< do
4: Xj random initial point 4 g rf(w)
5: Yi LclSearch(Xi) 5j ifjgi < then
6: while NOT STOP do 6 Terminate
7: Xi+1  Perturb(Yi) 7j end if
8  Yix1  LclSearch(Xi+1) 8: wow
9:  if F(Yiz1) < F(Yi) then o end while 9
10: i i+l .
11:  endif
12: end while
Algorithm 6: PerturbModel Algorithm 7: PerturbGradient
1: Input: w; 1: Input: g;
2: Output: W 2: Output: g
3: 2Bo() 3: 2Bo()
4w w+ 49 g+
Algorithm 9: NiM-MBH
Algorithm 8: NiG-BH I: Input: F(W);T >0; =0; >0; :
I: Input: f(w); T >0, =0, =>0; ; 2: Output: W
2: Output: w 3: (w; t) LclSearch(f;w; ; ;)
3: (w; t) LclSearch(f;w; ; ;) 4:t t+ Deltat
4:t t+ ot 5: whilet T do
5: whilet T do 6: w  PerturbModel(w; )
6: g rf(w) 70 (we; t)
7: g PerturbGradient(g; ) LclSearch(f;w; ; ;)
8 w w g 8 t t+ t
9:  (w; t) LclSearch(f;w; ; ;) 9: if f(wc) < f(w) then
10: t t+ t 10: w W
11: end while 11:  endif
12: end while

The BH framework is rich and permits various algorithmic instantiations to assess the exploration-
exploitation balance. In this paper we debut and analyze the BH, monotonic BH (MBH), and
Metropolis BH (MpBH); the latter replaces the conditional line 9 in Algorithm 4 with the Metropo-
lis criterion (related in pseudocode in the Supplementary Material). In each of these, we investigate
adding noise in the gradient or in the model.

5 MODEL POPULATION ANALYSIS ON SYNTHETIC NONCONVEX LOSS
LANDSCAPES

Table 1 shows the stationary distribution (end points of 500 trajectories, each initiated from a ran-
dom point sampled uniformly at random over the domain of a function) for each of the 10 algorithms
in terms of percentages of converged models over the known minima of the synthetic landscapes.
These are the “base” versions of the algorithms with no hyperparameter tuning. For each synthetic
function, the global minima are listed first, followed by the local minima. Flatter minima are listed
before sharper ones. The Supplementary Material provides visualizations of end-points over syn-
thetic landscapes and adds three more synthetic landscapes to our analysis.

Several observations emerge. First, the Six-Hump Camel function presents more challenging for
all optimizers. The population of the first global minimum is low, and the percentage of “non-
converged” trajectories is higher (the number of end-points that do not fall in any of the known
minima (indicated by ‘Else’ in the tables). NiG-GD and SAM do particularly poorly on this func-
tion, with 38% and 34% of the (population of) models respectively not falling in any of the known
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Algorithms Hi 1bl Three-Hump Camel Six-Hump Camel

GM1| GM2| GM3| GM4| Else GM | LM1| LM2| Else GM1| GM1 | LM1| LM2| LM3|| LM4|| Else
GD 28 25 23 24 0 32 35 33 0 425 | 235 22751 17.25| 1.5 10.25[| 205
NiG-GD 28 23 23 25 1 31 35 34 0 13.5 16.4 14.6 155 | 04 1.6 38
NiM-GD 30 27 23 20 0 34 34 32 0 7.375| 18.38 19.88] 16.5 10 9.86 17
SAM 30 23 20 20 7 30 27 25 18 11.63| 16.1 19 16.13| 0.75 3 34
NiG-BH 27 25 25 22 1 32 35 33 0 6.25 | 21.75 | 21.75| 17.75| 2. 8.25 22
NiM-BH 27 25 24 24 0 33 35 31 1 6.5 2025 | 21.75| 17.25| 2.25 10.25]] 22
NiG-MBH 22 27 23 28 0 33 33 34 0 575 | 2375 | 24.25| 1625| 2 11 17
NiM-MBH 30 23 20 20 7 34 32 34 0 525 | 2475 | 2425| 165 1.75 11.5 12
NiG-MpBH 25 28 21 25 1 30 35 35 5 575 | 2375 | 245 17.25] 1.15 11.25|| 163
NiM-MpBH 28 25 23 23 1 32 36 32 0 6 22 22.75| 16 2 9 22

Table 1: The stationary distribution (reported in % for each entry) for the Himmelblau, Three-Hump Camel,
and Six-Hump Camel function for each algorithm. The locations of the global minima (GM) and local minima
(LM) for each function are listed in the Supplementary Material.

minima. However, the stationary distribution of these two optimizers is skewed away from LM3 and
LM4, which are the sharpest local minima (note that minima are ordered by sharpness, from low to
high, in our exposition). Without any particular considerations, just noise in the gradient, NiG-GD
matches SAM’s performance in skewing the stationary distribution towards the global and flatter
minima. This skewness is not observed in the other optimizers, as expected. It is interesting that the
BH optimizers have more end-points converging over minima than other regions of the landscape.
In the rest of the analysis, we exclude algorithms based on monotonic BH. Their greedy nature,
while exploiting well certain synthetic landscapes, makes them prone to premature convergence on
complex, real-world landscapes (data not shown), a behavior that is well-documented in complex
optimization problems (Olson et al., 2012).

6 MODEL POPULATION ANALYSIS ON REAL-WORLD TASKS

As related earlier, we obtain a population of models that are “samples” of the view obtained by a
particular optimizer of a loss landscape. We set Tr = 5 and L = 10, so we obtain 50 models from
an optimizer. The computational budget for each optimizer (for one trajectory) is 300 epochs.

OPTIMIZATION VERSUS GENERALIZATION

Across Tasks Our first analysis compares two sets of populations: SetA is the population of 50
lowest-loss models; for each trajectory, the 10 lowest-loss models are selected. In SetB (to which we
refer as the oracle set earlier), from each trajectory, the 10 highest-accuracy (or highest macro-
F1) models are selected. These two sets are compared in terms of accuracy (or macro-F1) via
the two-sided t-test or the Mann-Whitney U test (we utilize scipy.stats.ttest_ind and
scipy.stats.mannwhitneyu). Both test the null hypothesis that the distribution underlying
SetA is the same as the distribution underlying SetB. While the t-test is parametric, the Mann-
Whitney U test is nonparametric and so is a good choice when the data is not normally distributed
and there are no ties (as opposed to the Wilcoxon test which makes both assumptions). In the in-
terest of space, we only report (in Table 2) the Mann-Whitney U test for the hyperparameter-tuned
algorithms here, relating the rest of the tests (and on the base algorithms) in the Supplementary
Material. Table 2 shows that with few exceptions (NiM-SGD and NiG-BH on GoEmotions), the
null hypothesis cannot be rejected. That is, one cannot reject that the distribution underlying SetA
(models selected by loss) is the same as the distribution underlying SetB (models selected by test set
accuracy/macro-F1). The results in the Supplementary Material support this finding. We repeat this
analysis on the ImageNet task with ResNet50, a more computationally-expensive task. However, un-
like other work, we do not start with a pre-trained model but with initial weights sampled uniformly
at random so that we can truly evaluate the performance of optimizers over a population of models,
limiting each trajectory to 50 epochs. On three representative optimizers, SGD, SAM, and NiM-BH
the Mann-Whitney U test yields corresponding p-values of 0:11543, 0:0865, and 0:2481, all above
the threshold needed to reject the null hypothesis, in agreement with our findings on other tasks.

Across Model Architectures In the Supplementary Material we expand the comparison over model
architectures (ResNet18, ResNet32, ResNet100, Wide-ResNet (40 10), and PyramidNet for com-
puter vision tasks and DistillBERT and RoBERTa for NLP tasks). Hypothesis testing shows that the
null hypothesis cannot be rejected, and so our findings are not impacted by model architectures.
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Algorithm CIFAR10 | CIFAR100| GoEmotions | TweetEval
ResNet50 | ResNet50 | BERT BERT
SGD 0.0821 0.1941 0.4192 0.1359
NiG-SGD 0.4231 0.2519 0.3618 0.4532
NiM-SGD 0.17432 0.34121 0.03489 0.1837
SAM 0.0915 0.051783 | 0.2638 0.1834
NiG-BH 0.07532 0.6739 0.04868 0.4839
NiM-BH 0.18346 0.29734 0.18942 0.3574
NiG-MpBH || 0.3164 0.09473 0.16389 0.3184
NiM-MpBH || 0.08633 0.4532 0.37647 0.07465

Table 2: Mann-Whitney U test comparing SetA to SetB for each optimizer over each real-world task. P-values
<< 0:05 are highlighted in bold font.

In Table 3 we relate the average and standard deviation of the test accuracy or macro-F1 for SetA
versus SetB for each optimizer. We focus on the hyperparameter-optimized optimizers. Box plots
are related in the Supplementary Material. Comparison across optimizers over SetA and SetB re-
veals comparable accuracies and standard deviations. Interesting observations emerge. Focusing on
SetA (low-loss models), we observe that on the accuracy-evaluated tasks, CIFAR10 (ResNet50) and
CIFAR100 (ResNet 50), the top three optimizers (with highest three accuracies) are SGD (twice),
NimSGD (once), SAM (twice), and NiM-MpBH (once). On the macro-F1-evaluated tasks, GoEmo-
tions (BERT) and TweetEval (BERT), the top three optimizers (with highest three macro-Fl1s) are
SGD (once), NiM-SGD (once), NiM-BH (twice), and NiG-MpBH (twice). The BH-based optimiz-
ers have a slight advantage over SAM on the macro-F1 tasks.

Algorithm CIFAR10 CIFAR100 GoEmotions TweetEval
ResNet50 ResNet50 BERT BERT
SGD (0.934,0.004) (0.776, 0.021) | (0.493,0.032) | (0.599, 0.025)
(0.929,0.002) (0.785, 0.021) | (0.501, 0.029) | (0.609, 0.019)
NiG-SGD (0.915,0.004) | (0.759,0.029) | (0.485,0.051) | (0.572,0.037)
(0.918,0.004) | (0.763,0.018) | (0.482,0.049) | (0.579,0.032)
NiM-SGD (0.917,0.005) | (0.779,0.027) | (0.501,0.044) | (0.594, 0.029)
(0.925,0.004) | (0.786,0.018) | (0.509,0.039) | (0.596, 0.028)
SAM (0.924,0.017) | (0.779,0.037) | (0.459,0.041) | (0.589, 0.037)
(0.941, 0.007) | (0.793,0.015) | (0.482,0.023) | (0.595, 0.017)
NiG-BH (0.908, 0.005) | (0.743,0.019) | (0.486,0.042) | (0.579,0.031)
(0.912,0.003) | (0.753,0.015) | (0.495,0.036) | (0.581, 0.298)
NiM-BH (0.896,0.019) | (0.749, 0.024) | (0.503,0.053) | (0.602, 0.035)
(0.903, 0.009) | (0.759,0.022) | (0.506,0.038) | (0.607,0.032)
NiG-MpBH (0.904, 0.014) | (0.759,0.027) | (0.494,0.033) | (0.613, 0.027)
(0.906, 0.003) | (0.769,0.022) | (0.502,0.016) | (0.619, 0.025)
NiM-MpBH (0.919, 0.004) | (0.751,0.019) | (0.488,0.039) | (0.579, 0.038)
(0.926,0.003) | (0.764, 0.016) | (0.498,0.031) | (0.587,0.029)

Table 3: For each optimizer, we relate the average accuracy and standard deviation over SetA (top row) and
SetB (bottom row) for each optimizer. ‘(, )’ relates ‘(average, standard deviation)’ over models in a set. On the
NLP tasks, summary statistics are for macro-F1. In bold font we highlight the performance (average accuracy
or macro-F1 over SetA) by the three top optimizers for a particular task.

s

Figure 2 shows the distributions of test accuracy obtained by
SGD, SAM, and NiM-BH for the ImageNet task (ResNet50). ™
‘We observe that the medians are all close to one another. The
medians of SetA and SetB are closer to each-other for SAM =
and NiM-BH.

1
-3

POPULATION-BASED COMPARISON OF OPTIMIZERS ns % -

We now compare pairs of optimizers. Instead of picking one
model, we compare SetA of an optimizer to SetA of another
optimizer. Recall that SetA is the population of low-loss mod-
els sampled by an optimizer over the loss landscape of a real-
world task. These populations are compared on their test accu-
racy or macro-F1.

Figure 2: The distribution of test ac-
curacy of SetA for SGD, SAM, and
NiM-BH over ImageNet is in red. The
distribution of SetB is in blue.
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To test for differences between the resulting [ Task SGD vs. | SGD vs. | SAM vs.
distributions, we utilize the Mann-Whitney U SAM NiM-BH | NiM-BH
test with the null hypothesis that generaliza- | CIFAR10 0.3246 0.6542 0.0574
tion (accuracy or macro-F1 depending on the | CIFARI00 || 0.4745 0.1247 0.0458
task) in one group (Set A, optimizer X) is the | GoEmotions || 0.0355 0.1985 0.1749
same as the values in the other group (SetA, | TweetEval 02315 0.3254 02158
optimizer Y). Table 4 reports the p-values for L ImageNet 0.10227 | 0.1589 0.2857

SGD vs. SAM, SGD vs. NiM-BH, and SAM
vs. NiM-BH. With two exceptions, the p-values

Table 4: P-values are reported for the Mann Whitney U
test of the null hypothesis that two distributions (test ac-
are higher than 0:05; the null hypothesis cannot curacies or macro-F1 over SetA) are the same. P-values
be rejected. This suggests that when expanding < 0:05 are highlighted in bold font.

our view to a population of low-loss models obtained over several trajectories, we cannot distinguish
in performance between SGD, SAM, and noise-enabled BH variants.

Learning Curves Figure 3 shows a learning curve (representative trajectory) for SGD, SAM, and
NiM-BH. It is evident that SAM spends twice the number of gradient evaluations. If restricted to the
same number of gradient evaluations as SGD and NiM-BH, SAM cannot reach low-loss regions.

—— NiM-BH
SAM
—— SGD

— NiM-BH
SAM 5

2.0 —— SGD

0.5

0.0 0

100000 150000 200000

Number of Gradient Evaluation Number of Gradient Evaluation

CIFAR 10 CIFAR 100

Figure 3: The learning curve for SGD, SAM, and NiM-BH. The y axis shows the smoothed loss
(moving average), and the x-axis shows the gradient evaluations.

0 50000 100000 150000 200000 0 50000

7 LIMITATIONS AND FUTURE WORK

While some attempt was made to optimize hyperparameters for each algorithm on a real-world task,
this greatly increases the computational cost of benchmarking. In future work we plan to profile an
increasing number of optimizers on more synthetic functions and real-world tasks, as well as study
the impact of noise (magnitude of noise vector) in noise-enabled optimizers and its relationship
with other hyperparameters for possibly combined effects on optimizer performance. In addition,
noise-enabled optimizers and BH-based algorithms may provide interesting mechanisms to control
for low loss, flatness, and other desired characteristics via which researchers can better understand
and control for the relationship between better optimization and higher generalization capability.

8 CONCLUSION

In this paper we account for the inherent stochastic nature of SGD and noise-enabled variants. We
introduce several optimizers under the BH framework. We propose a population-based approach to
better characterize optimizers and improve our understanding of the relationship between optimiza-
tion and generalization. The central insight we leverage is that during training an optimization trajec-
tory grows in a nonconvex loss landscape, and so to characterize for the behavior of an optimizer one
needs a nonlocal view that extends over several trajectories and goes beyond the ’converged”/lowest-
loss model. Our paper reveals several findings on the relationship between training loss and hold-out
accuracy and the comparable performance of noise-enabled variants; indeed, these algorithms match
the performance of flat-minima optimizers such as SAM with half the gradient evaluations. We hope
this work will support further research in deep learning optimization relying not on single models
but instead accounting for the stochasticity of optimizers.
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SUPPLEMENTARY MATERIAL FOR
OPTIMIZATION AND GENERALIZABILITY: NEW BENCHMARKING FOR
STOCHASTIC ALGORITHMS

OPEN-SOURCING

The code can be found at https://anonymous.4open.science/r/ICLR-7052/

PSEUDO-CODES OF NOISE IN GRADIENT AND NOISE IN MODEL METROPOLIS ALGORITHMS

Algorithm 10 shows the pseudocode for the NiG-MpBH algorithm, and Algorithm 10 shows the
pseudocode for the NiM-MpBH algorithm. The main difference in these algorithms over the Mono-
tonic BH versions shown in the main paper is that the monotonicity requirement is replaced with
a probabilistic one, the Metropolis criterion. An additional user parameter, is utilized for these
algorithms. This parameter essentially determines how high of an increase in the loss function is al-
lowed with some probability, as shown in lines 12 and 10, respectively. Decreases in loss are always
accepted, but the Metropolis criterion allows the algorithm to allow temporary increases in loss to
enhance its exploration probability and so increase the likelihood that better minima will be found
further in the loss landscape. Please note that lines 16-18 and 14-16, respectively, are only essential
for uses of these algorithms when the lowest-loss model is desired to be attracted. These lines are
not essential. One typically monitors the training loss trajectory. In our particular setup in the main
paper, we sample a fixed number of lowest-loss models from an optimization trajectory.

Algorithm 10: NiG-MpBH

1: Input: f(w);T >0; =0; >0; ; ;
2: Output: Whpest

3: (w; t) LclSearch(f;w; ; ;)
4:t t+ t

5: Whest w

6: whilet T do

7. g rf(w)

8: g PerturbGradient(g; )

9: w w

10:  (w; t) LclSearch(f;w; ; ;)

11: £ Flwy) f(w)
12:  if § <O0ORexp( ¢= )=>rand(0;1) then

13: W W,

14: t t+ t

15:  end if

16:  if F(w) < F(Wpest) then
17: Whest w

18:  end if

19: end while




Algorithm 11: NIM-MpBH

: Input: f(w); T >0; =0; >0; ; ;
: Output: Whest

: (w; t) LclSearch(f;,w; ; ;)
t t+ t

Whest w

: whilet T do

w  PerturbModel(w; )

(we; ) Lel(Fw; 5 5)

£ f(wo) f(w)

10: if £ <O0OORexp( ¢= )>rand(0;1) then
11: w W

12: t t+ t

13:  endif

14:  if F(w) < F(Wpest) then

15: Whest w

16:  end if

17: end while
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LOCATIONS OF GLOBAL AND LOCAL MINIMA OF SYNTHETIC LOSS FUNCTIONS

We show performance on three selected synthetic functions in the main paper, but our evaluation
considers six functions: Himmelblau (shown in the main paper), Three-Hump Camel (shown in the
main paper), Six-Hump Camel (shown in the main paper), Beale, Rastrigin, and Rosenbrock. Below
we show the contour plots for each of these functions as well as list their global and local minima if
present.

Figure 4: Himelblau
The Himmelblau function has four global
minima:
1. £(3:0;2:0) =0:0
2. f( 2:805118;3:131312) = 0:0
3. f( 3:779310; 3:283186) =
0:0
4. 1(3:584428; 1:848126) = 0:0

Figure 5: Three-Hump Camel

The Three-Hump camel function has a
global minimum and two local minima:

1. £(0;0) =0
2. £(1:7475; 0:8737) 0:2986
3. £( 1:7475;0:8737) 0:2986







