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Abstract

Neural networks have revolutionized numerous fields, demonstrating extraordinary success across
a wide range of applications. However, their substantial memory footprint and high computational
demands can make them impractical for deployment in resource-constrained environments, where
hardware and energy limitations pose significant challenges.

In recent years, a growing body of empirical evidence, beginning with works such as [1, 2], has
shown that modern neural networks contain a striking degree of redundancy in their parameters.
Despite this, contemporary experience suggests that sparse and low-rank architectures derived from
pruning are difficult to train from scratch, limiting the ability to fully leverage their computational
advantages during early training stages.

While sparsity often needs to be enforced explicitly within neural network parameters, low-rankness
interestingly frequently emerges naturally in deep networks [6], suggesting it as a more natural
structure to impose. Understanding the conditions under which this low-rank implicit bias manifests
is of crucial importance, as it enables us to predict a priori when a compressed model can perform
as well as a much larger one. Although considerable progress has been made in this direction, a
comprehensive theoretical characterization remains missing. In this direction, in [7] the authors
establish a connection between the rank of matrices at stationary points and the total cluster
variation of intermediate embeddings, linking low-rank bias to a phenomenon known as deep neural
collapse [8, 9, 10], suggesting a tendency towards small rank matrices.

In this talk, we will first discuss the implicit bias of deep neural networks toward low-rank structures
and then highlight their practical significance in large-scale applications such as model compression,
fine-tuning, and stability.
Regarding applications, we will touch on different methods for constructing highly efficient low-
rank representations of neural networks, such as methods leveraging variational principles [3, 4],
and methods more rooted in optimization.

Lastly, we will introduce a novel perspective on low-rank compression, reformulating it as a bilevel
optimization problem [5]:

min
s∈Rr:∥s∥≤τ

f1(s) = L1(U diag(s)V ⊤),

s.t. (U, V ) ∈ arg min
U∈Rn×r,V ∈Rm×r

f2(U, V ) = L2(U diag(s)V ⊤),

where f1, f2 are two loss functions, typically calculated on subsets of the original dataset. One of
the central challenges in approximating solutions of this optimization problem is computing ∇f1,
since it depends on the solution of a linear system involving second-order information ∇2f2, effec-
tively rendering first-order iterative methods as already computationally prohibitive.
To address this, we propose an algorithm based on conditional gradient methods, where an ap-
proximation of ∇f1(s) is derived in closed form as a function of the minimizer of the lower-level
problem.

Along with this, a series of numerical results will be presented, comparing different approaches for
large-scale applications.
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