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Abstract: The project has contributed to the development of optimal and efficient

algorithms for large scale machine learning and their applications, with results in four
main directions: 1) design of algorithms with budgeted space complexity; 2) design of
algorithms with minimal time cost; 3) design of algorithms able to exploit data geometry;
4) application to the development of efficient Al systems for humanoid robotics and for
for model independent new physics searches. The results of the project have led to new
theoretical results, new software and new intelligent systems for robotics. They have been
published and presented in the top venues in the field.

Introduction: While the prospects yield by machine learning (ML) are thrilling, a close look
at the human and energetically resources needed by state of the art solutions is
worrisome. Software and hardware advances make it easy to follow a brute force approach
to ML development, based on deploying more and more resources. This ML growth model
poses challenges that might endanger its potential benefits. To tackle the above issues, in
this project we developed a novel approach towards efficiency, and hence sustainable
machine learning. We rethought the way algorithms are designed and deployed, and we
proposed a new multidisciplinary integrated effort, blending statistical and computational
aspects for the development of scalable and efficient algorithms.

Results and Discussion:

1. General iterative regularization. In a series of recent papers, we started considering

the framework of implicit/iterative reqularization, since it provides a natural way to
bridge statistics and optimization. This idea is very popular in practical approaches,
but not well very well understood from a theoretical point of view. In particular, the
goal of machine learning is to minimize the prediction error on unseen data (test
error), while only an approximation of it is available, based on the training data. In this
view, the optimization problems that are practically feasible are based on inexact
quantities that are stochastic in nature. In [6], we show how probabilistic results,
specifically gradient concentration, can be combined with results from inexact
optimization to derive sharp test error guarantees. The implicit regularization
properties of optimization for learning are highlighted, since we consider
unconstrained objective functions. In the same direction, in [4], we started

investigating convergence properties of optimization methods which do not use first
order information, which are relevant for black box optimization problems, as in

reinforcement learning approaches to robotics, where the gradient cannot be
computed. More specifically, we proposed and analyze a randomized zeroth-order

approach based on approximating the exact gradient by finite differences computed in
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2.

4.

a set of orthogonal random directions that changes with each iteration. Our main
contribution is proving convergence guarantees as well as convergence rates. Finally,
we collected classical and more recent results on implicit regularization in the survey
chapter [10].

Acceleration and distributed optimization for learning. In this task we started from
another key question: how classical acceleration schemes impact prediction. Indeed, it
is not clear whether driving the training error fast to zero is a desirable property, when
minimizing the test error is the goal. In this direction, we studied the convergence
behavior of accelerated methods of inertial type, assuming that the objective function
satisfies geometrical conditions which are typically satisfied by common loss functions
used in machine learning approaches.. In [8], we derived convergence rates for the
considered methods in the continuous setting. Further, we considered the
regularization effect of distributed computations, which are particularly useful for
large-scale problems. In [2], we proposed a new large-scale solver for kernel ridge
regression. Our approach combines partitioning with random projections and iterative
optimization to reduce space and time complexity while provably maintaining the
same statistical accuracy. In particular, constructing suitable partitions directly in the
feature space rather than in the input space, we promote orthogonality between the
local estimators, thus ensuring that key quantities such as local effective dimension
and bias remain under control. We characterize the statistical-computational tradeoff
of our model, and demonstrate the effectiveness of our method by numerical
experiments on large-scale datasets.

Non convex optimization for learning. In this task, we did the first steps to extend the
above ideas to nonconvex settings. In [1], we investigated the case of neural networks.
We characterized the function spaces corresponding to neural networks using the
theory of reproducing kernel Banach spaces, opening new ways to understand their
properties. In particular, we proved a representer theorem for a wide class of
reproducing kernel Banach spaces that admit a suitable integral representation and
include one hidden layer neural networks of possibly infinite width. In [5], we studied
an algorithm to optimize a black-box function (in particular, nonconvex) using only
function evaluations. One natural application of our method is hyperparameters
tuning for machine learning, where an explicit form for the objective function is not
available. In [3] we focused on compressive learning, an approach which consists in
compressing the whole dataset down to a single vector of generalized moments, called
the sketch. An approximate solution to the original learning task can then be inferred
from this sketch. While previous works focused on data-independent approximation
schemes, in our approach we use instead the mean embeddings associated with a
Nystrom approximation. The latter is data-dependent, i.e. the approximation is
adaptive to the dataset to sketch. As a consequence we expect to potentially be able to
reach a desired accuracy using a smaller sketch size compared to when using random
features. Indeed we observed this behavior experimentally for k-means clustering and
Gaussian modeling. Finally, note that some of the papers we described previously
indeed contain results which apply to the noncovex case, for instance [4] and [8].

Applications: efficient Al systems for humanoid robotics and for for model independent
new physics searches. Within the project we exploited our theoretical findings in two
applications domains: humanoids robots, and new physics searches. Regarding the
first problem, in [9] we proposed a system architecture for efficiently addressing the
whole-body human-like trajectory generation problem for humanoid robots. The
architecture builds upon recent machine-learning methods developed for character
animation in computer graphics (CG), and makes it possible to deal with problems
which are numerical intractable with classical approaches due to the high dimension.
Regarding the application to new physics searches, in [7] we introduced a novel
anomaly detection algorithm for model-independent NP searches in high energy
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physics. Our approach shows dramatic advantages in efficiency, in terms of both
training time and computational resources, compared to similar implementations
based on neural networks, with comparable performances.
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