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The problem

A. List of optimizers and schedules considered

‘Table 2: List of optimizers considered for our benchmark. This is only a subset of all existing methods for deep learning.

Q Frank Schneider

- 2021 Paper =t

Overwhelmed by the flood of optimizers for deep
learning? We felt the same and performed an extensive
benchmark. Joint work with &

Paper:

Results:

Video:

Frank Schneider

Our results? There is no winner consistently
outperforming the competition. Instead, Adam remains
a strong contender for many problems.

In some cases, just trying out a few optimizers with
their default hyperparameters can work as well as
tuning one specific method.
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Benchmarking algorithms in practice

Choosing the best algorithm to solve an optimization problem
often depends on:

> The data scale, conditionning
» The objective parameters regularisation

> The implementation complexity, language

An impartial selection requires a time consuming benchmark!

The goal of benchopt is to make this step as easy as possible.

3/13



benchopt

Doing a benchmark for the /5 regularized logistic regression with
multiple solvers and datasets is now easy as calling:

git clone https://github.com/benchopt/benchmark_logreg_12

benchopt run ./benchmark_logreg_12

L2 Logistic Regression[fit_intercept=False,Imbd=0.01] L2 Logistic Regression([fit_intercept=False,Imbd=1.0]
Data: Simulated[n_samples=200,n_features=500] Data: Simulated[n_samples=200,n_features=500]
100 = Lightning 100 Lightning
~ sklearn[liblinear] sklearnliblinear]
10 —— sklearn[newton-cg] 10-1 sklearn[newton-cg]
= sklearn[lbfgs] sklearn[lbfgs]
% 10 % 10
[reg g
R 107 % 107
g g
1077 1077
107 107
102 101 100 102 102 10 100
Time [sec] Time [sec]
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benchopt

benchopt can also compare the same algo in different languages.

Here is an example comparing PGD in: Python; R; Julia.

Lasso Regression[reg=0.5]
Data: Simulated[n_samples=100,n_features=5000]

10!

N -\
= 1074
= = Julia-PGD
n 105 Python-PGD[use_acceleration=False]
% —— R-PGD
w

1077 4

1079 1

10|’1 160 151
Time [sec]
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benchopt

benchopt also allow to publish easily benchmark results:

https://benchopt.github.io/results/

BenchOpt benchmark results

Last updated: 2021-06-08 15:02

8 benchmarks n toal

Available Benchmarks

HUBER L2

LOGREG L1

LOGREG L2
- QUANTILE REGRESSION
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Benchmark
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BenchOpt is a package to simplify and make more transparent and reproducible the comparisons of optimization

algorithms. The Lasso consists in solving the following program:
Languages

Python
o ia

\min_w \frac{1}{2} \|y - Xe\|"2.2 + \lambda \|w\|_1

where n (or n_samples) stands for the number of samples, p (or n_features) stands for the number of features and

¥ \in \mathbb{R}*n, X = [x 1"\top, \dots, x n"\top]"\top \in \mathbb{R}"(n \tines p}




Benchmark: principle

A benchmark is a directory with:
> An objective.py file with an Objective
> A directory solvers with one file Per Solver

» A directory datasets with Dataset generators/fetchers

my benchmark/

}— README. rst

f— datasets

| }— simulated.py # some dataset
| L— real.py # some dataset

}— objective.py # contains the definition of the objective
L— solvers

— solverl.py # some solver
L— solver2.py # some solver

The venchopt client runs a cross product and generates a csv file +
convergence plots like above.
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Benchmark: Objective & Dataset

class Objective(BaseObjective):
name = "Benchmark Name"

def set_data(self, X, y):

# Store data
def compute(self, beta):

return dict{objl:.., obj2:..}
def to_dict(self):

return dict{X:.., y:.., reg:..}

class Dataset(BaseDataset):
name = "Dataset Name"

def get_data(self):
return dict{X:.., y:..}
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Benchmark: Solver

class Solver(BaseSolver):
name = "Solver Name"

def set_objective(self, X, y, reg):
# Store objective info

def run(self, n_iter):
# Run computations for n_iter

def get_result(self):
return beta

Rem: Flexible API

> get_data and set_objective allow to compatibility
between packages.

> n_iter can be replaced with a tolerance or a callback.
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benchopt

benchopt 1.1.0.dev0 API Write a benchmark GitHub Site v

Benchmark repository for optimization

BenchOpt is a package to simplify, make more transparent and more reproducible the comparisons of optimization
algorithms.

BenchOpt is written in Python but it is available with many programming languages. So far it has been tested with
Python, R, Julia and compiled binaries written in C/C++ available via a terminal command. If it can be installed via
conda it should just work!

BenchOpt is used through a command line as documented in AP| Documentation, Ultimately running and replicating

an optimization benchmark should be as simple as doing:

$ git clone https://github.com/benchopt/benchmark_logreg_12
$ benchopt run ./benchmark_logreg_12

Running these commands will fetch the benchmark files and give you a benchmark plot on 12-regularized logistic
regression:

L2 Logistic Regression[fit_intercept=False,Imbd=1.0]
Data: Simulated[n_samples=200,n_features=500]

10! = Lightning
—— sklearn[liblinear]
10! = sklearn[newton-cg]
—— sklearn[lIbfgs]
% 107
g
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o
1077
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0> 1072 107! 10°
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benchopt: Making tedious tasks easy

Automatizing tasks:

» Automatic installation of competitors solvers.

v

Parametrized datasets, objectives and solvers and run on cross
products.

Make sure to quantify the variance.
Automatic caching.

First visualization of the results.

vV v v Vv

Automatic parallelization, ... ?
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