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Abstract

The pretraining-fine-tuning paradigm has been the de facto strategy for
transfer learning in modern language modeling. With the understanding
that task adaptation in LMs is often a function of parameters shared across
tasks, we argue that a more surgical approach to regularization needs to
exist for smoother transfer learning. Towards this end, we investigate how
the pretraining loss landscape is affected by these task-sensitive parame-
ters through an information-theoretic lens. We then leverage the findings
from our investigations to devise a novel approach to dropout for improved
model regularization and better downstream generalization. This approach,
named guided dropout, is both task & architecture agnostic and adds no compu-
tational overhead to the fine-tuning process. Through empirical evaluations,
we showcase that our approach to regularization yields consistently better
performance, even in scenarios of data paucity, compared to standardized
baselines. Our codebase for reproducibilty is hosted here1.

1 Introduction

Although highly-parameterized LMs have recently demonstrated incredible few-shot and
zero-shot capabilities (OpenAI, 2023; Touvron et al., 2023), transfer learning via fine-tuning
still remains crucial for building task-specific models (Sharma et al., 2022; Min et al., 2023).
As such, mechanisms to improve the efficiency of fine-tuning parameter-heavy LMs have
garnered much attention leading to frameworks like LoRA (Hu et al., 2021). However,
the aspect of transfer learning that doesn’t receive as much attention is regularization. As
over-parameterized models are made to adapt to niche tasks with few data points, effective
regularization can go a long way into building models that generalize better to downstream
tasks. Specially in light of recent findings that LMs tend to share parameters depending on
the specific downstream task (Sharma et al., 2023), we argue against regularizers that treat
all LM parameters the same - all neurons are equal but some neurons are more equal than others.
Here, we empirically study the effects that LM parameters have on their loss geometry and
propose a more surgical and effective approach to regularization.

As our proposed approach is independent of the target task, it simply involves appending a
few lines of pre-determined code to the LM training loop to obtain a slight performance
improvement on virtually any downstream task. This could have significant implications as
foundational models are often used for a colossal number of downstream applications - the
bert-base-uncased model has been downloaded more than 1.5 billion times on HuggingFace
(Wolf, 2024). Concisely, we offer the following contributions:

• We study the effects that task-sensitive parameters have on the LM loss landscape
through their visual geometry.

• Through our findings, we propose a novel information guided approach to L2 reg-
ularization that its both task & architecture agnostic and adds no computational
overhead to the fine-tuning process.

1https://github.com/Mandar-Sharma/Guided-Dropout
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• We empirically showcase that our approach to guided dropout yields consistently
better performance compared to standardized baselines, specially in scenarios of
data paucity.

• Alongside, we also showcase that a reliable estimate of the model information can
be obtained in a cost-effective manner simply through a small sub-sample of the
training corpus.

2 Theoretical Foundations

The theoretical properties underpinning the mini-batch based stochastic gradient descent
(SGD) has received thorough exploration from the scientific community (Ge et al., 2015;
Hardt et al., 2016; Bottou et al., 2018). Specially relevant to us is the investigation of how loss
converges through the approximation of the eigenvalues of the Hessian (Keskar et al., 2016)
and through its visualized geometry (Li et al., 2018; Yao et al., 2020). With Fisher information
as a proxy to the Hessian (§2.1), we investigate how this computationally cheaper first-order
metric can lend us an understanding of how the LM loss landscape geometry is affected
by its task-specific parameters (§2.2). Further, we leverage these insights to devise an
information-guided approach to L2 regularization via dropout (Wan et al., 2013) for transfer
learning (§2.3).
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Figure 1: The 3D loss landscape geometry of the pretrained BERTBASE model when: (a) all
model parameters are perturbed, (b) 50% of the model parameters with the highest Fisher
scores are perturbed, and (c) 50% of the model parameters with the lowest Fisher scores are
perturbed. Plot (b) resembles the typical sharp minimizers that generalize poorly compared
to the wide minimizers of base plot (a) and control plot (c).

2.1 A Tale of Two Matrices: The Fisher & the Hessian

Observation 1: At q ! qo, the Fisher information approximates the Hessian and thus can
be used to understand the training dynamics and loss landscapes of LMs.

For an LM parameterized by q, the Fisher score function s(q) represents the gradient of
the log-likelihood function log p(xjq). The Fisher information I(q) is understood as the
covariance matrix K of the score function (1). Characteristically, the Fisher score evaluated
at the true value of the model parameter qo is 0, giving us (2). However, as this requires
computing the expectation over the distribution q, which is often intractable, the Empirical
Fisher (3) is computed given a dataset x 2 X with N samples.

I(q) = Ks(q) = E[(s(q)�E[s(qo)])(s(q)�E[s(qo)])T ] (1)

= E[s(q)s(q)T ] (2)
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