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Abstract. Robust fine-tuning aims to adapt a vision-language model to
downstream tasks while preserving its zero-shot capabilities on unseen
data. Recent studies have introduced fine-tuning strategies to improve in-
distribution (ID) performance on the downstream tasks while minimizing
deterioration in out-of-distribution (OOD) performance on unseen data.
This balance is achieved either by aligning the fine-tuned representa-
tions with the pre-trained ones or by constraining significant deviations
in fine-tuned weights compared to the pre-trained model. In the latter
approach, the regularization term is uniformly applied to all parameters.
Our work proposes selectively applying the regularization term based on
the importance of each neuron to the fine-tuning dataset. To this end,
we have developed an importance-score metric to quantify each neu-
rons’ importance to the downstream task, which we then leverage to de-
velop two fine-tuning strategies: importance-guided selective fine-tuning
and importance-guided regularization. Our approach can be used con-
currently with representation space-based methods, outperforming other
approaches based on parameter space. We achieve improvements over
the state-of-the-art on standard robust fine-tuning benchmarks across
various datasets, in both full-shot and low-shot settings.
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1 Introduction

Foundation Models (FM) have enabled a paradigm shift in computer vision
through large-scale pre-training on web-scale data [12}|19,|21]. These models
not only exhibit tremendous zero-shot capabilities across a wide array of tasks
[12,/19], but are also amenable to efficient adaptation via fine-tuning [11}/14}/29].
However, recent studies [14,[29] show that while naive fine-tuning enhances in-
distribution (ID) accuracy, it also degrades the fine-tuned model’s generalization
and robustness to out-of-distribution (OOD) samples (See Fig. [h). Indeed, ro-
bustness is an essential quality for machine learning models deployed in the real
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Fig. 1: Illustrating our approach by fine-tuning a CLIP pre-trained model (¥ ) on
ImageNet (ID) and evaluating on 5 distribution shifts (OOD) [1/9,/101/201/26]. Observe
in part (a) that vanilla fine-tuning all neurons (¥ ) enhances ID accuracy, at the
cost of reduced OOD robustness. In contrast, constraining parameter deviation via
randomly fine-tuning only 10% neurons (¥ ), uniform global regularization (¥ ), our
importance guided selective fine-tuning () and our importance guided regularization
(¥ ) improve ID without degrading OOD accuracy. Part (b) illustrates the key insight
behind our importance-guided regularization — constrain deviations of the most task-
important neurons while allowing larger deviations for others.

world where they commonly encounter open-set scenarios.To tackle this chal-
lenge, recent works in robust fine-tuning [8}/25,28| aim to improve the ID task
performance while preserving the innate robustness of pre-trained representa-
tions during fine-tuning on downstream tasks.

Existing works in robust fine-tuning can be categorized along two broad
directions: the first aims to preserve robustness in the representation space by
mimicking the pre-training objectives [8|, representations [18] or classifier initial-
ization [14]. The second stream operates in the parameter space by restricting
large parameter deviation from the pre-trained weights through global weight
interpolation [28], global L2 constraint on deviations [29] or by projecting gra-
dients of individual parameters |24}/25]. Notably, the latter works provide a key
theoretical insight — constraining the deviation of individual parameters in a fine-
grained manner can lead to better OOD performance, but their performance on
challenging benchmarks still lags the representation space paradigm methods.

Our work presents a new parameter-space fine-tuning method that aims to
constrain parameter deviations at a more fine-grained (per-neuron) level and
synergies with the representation-space training methods. To develop such a fine-
grained constraint, we quantify each neuron’s contribution towards the down-
stream task via an importance score. Subsequently, we leverage this importance
score to guide the fine-tuning process. This leads to the following key questions:

Q1 Given a pre-trained model and the in-distribution (ID) dataset, how to eval-
uate the neuron-wise importance?

Q2 How to leverage the importance score during fine-tuning to achieve better
ID and out-of-distribution (OOD) performances?
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We answer the first question by assessing each neuron’s importance and quantify
it as the neuron importance score. This score essentially tracks the error change
induced by updating an individual neuron, while holding the others constant. A
similar importance criterion has previously been studied in the neural network
pruning literature [6,/15-17] albeit for a different objective (pruning less impor-
tant neurons). Our goal on the other hand, is to leverage this score to modulate
gradient updates during the fine-tuning process.

To answer the second question, we devise two fine-tuning strategies with
seemingly opposing goals: importance-guided selective fine-tuning to encourage
the most important neurons to deviate from pre-trained weights while freezing
the rest; and our importance-guided regularization to discourage the most impor-
tant neurons to deviate from the pre-trained weights, while allowing the remain-
ing to deviate. We reconcile the seemingly opposing goals with an empirically
driven hypothesis (see Fig. : if only a few parameters are allowed deviation,
then prioritizing further optimization of the task-important neurons performs
better empirically. On the other hand, if more parameters are allowed to devi-
ate, then preserving the task-important neurons performs better empirically as
the ID accuracy improves further by optimizing the task-agnostic neurons. How-
ever, the parameter deviation in this case requires a more careful and fine-grained
treatment to preserve OOD robustness thus motivating our regularization-based
approach. Indeed Fig. [Th demonstrates that while both our fine-tuning strategies
surpass vanilla fine-tuning, the regularization approach is superior in enhancing
both ID and OOD accuracy. We illustrate the key insight behind our regulariza-
tion strategy in Fig. [Ip.

In principle, our two fine-tuning strategies relate to prior work [24}25.28}29]
that minimize the parameter deviation from the pre-trained weights, but at a
more fine-grained level. Further, our strategies are orthogonal to recent rep-
resentation based strategies [8,/18] and can be combined to improve upon the
state-of-art. Specifically, combined with the state-of-the-art FLYP, we improve
absolute OOD accuracy by 2.5% for ImageNet, 0.8% for iWildCam, and 1.4% for
FMoW with while maintaining ID performance. Additionally in low-shot scenar-
ios, we achieve 1-2% ID /OD accuracy improvements on ImageNet and iWildCam
across 3 different low-shot regimes. Interestingly, compared to FLYP [8] that also
fine-tunes the language encoder; and FTP [25], that adds extra projection pa-
rameters, our approach adds negligible computational overhead and saves up to
10% training time compared to these approaches.

To summarize, the overall contributions of our work are:

— We develop an importance-guided fine-tuning framework that presents a
more fine-grained perspective for robust fine-tuning.

— We propose a novel importance-score metric to rank neurons’ importance to
downstream task and leverage this score through two strategies: importance-
guided selective fine-tuning; and importance-guided regularization.

— We demonstrate state-of-the-art results on standard benchmarks by combin-
ing our regularizer with recent methods, without introducing any computa-
tional overhead.
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2 Related Works

Robustness benchmarks and vision-language models (VLMs). Owing
to concerns of generalizability of models trained and evaluated only on Ima-
geNet [41|7], researchers have developed several challenging benchmarks to mea-
sure robustness to natural distribution shifts [149}/10}/13}/20,(26]. These can occur
due to the natural variations in images, and in particular [23| have demonstrated
that robustness to synthetic distribution shifts (i.e. programmatically determin-
istic) does not transfer well to such shifts. The advent of vision-language mod-
els [12}/19] has lead to unprecedented robustness gains over several of these shifts.
However, naive fine-tuning of such models to improve in-distribution (ID) perfor-
mance is known to deteriorate out-of-distribution (OOD) performance [8}/14,28].
Hence, a large number of works focus on robust fine-tuning of such VLMs.
Robust fine-tuning of VLMs. While many recent works propose different
methods to achieve better downstream task (i.e ID) performance than the zero-
shot VLM while preserving or improving its robustness to distribution shifts,
they can be broadly grouped into explorations in representation space and pa-
rameter space. The first line of works attempt to mitigate the distortion of pre-
trained features during fine-tuning via multi-stage training or alternate objective
functions. LP-FT [14] identifies such feature distortion as the cause for degraded
OOD robustness. To counter this, they perform a two-stage fine-tuning process
of first training a linear head and then the entire vision encoder. Most recently,
FLYP [8] adopts the contrastive learning objective instead of cross-entropy for
fine-tuning both the vision and language encoders, and achieves state-of-the-art
performance on many challenging benchmarks.

The second line of works attempt to constraint the deviation of fine-tuned
model parameters from the pre-trained weights. WiSE-FT [28] first naively fine-
tunes the vision encoder with zero-shot head weights and then linearly interpo-
lates the weights of the zero-shot vision encoder. Model Soups [27] scales this
kind of weight-space ensembling further by fine-tuning several models with dif-
ferent kinds of augmentations and optimization objectives. L2-SP [29] applies
a global regularization based on deviation from zero-shot weights during fine-
tuning. However, the works mentioned thus far do not discriminate between the
individual model parameters while fine-tuning which could be suboptimal, as
argued by [24,/25]. These works perform gradient projection to restrict the devi-
ation of individual model parameters from the pre-trained weights, and provide
theoretical insights on why that might lead to a better OOD performance. Our
work extends their intuition of constraining parameter deviation during fine-
tuning by directly applying a per-neuron regularization scheme. We obtain the
regularization weights via gradient-based estimation of neuron importance which
is inspired by pruning literature [16}/17].

3 Methodology

To transfer to downstream tasks, the fine-tuning process typically starts with the
pre-trained model, that is fine-tuned on the downstream data D using relevant
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task objectives. We begin by outlining our fine-tuning task in Sec. and then
describe the two key elements of our approach — Estimating the neuron-wise
importance score as discussed in Sec. [3.2} and leveraging this score in the fine-
tuning process itself as discussed in Sec.

3.1 Preliminaries

Setup. Consider an image classification task that aims to associate an input
image x with a label y using a neural network or encoder fy, parameterized by
weights W. The encoder is typically pre-trained on a large image-text corpus
such as LAION |21] via contrastive learning objectives [12L[19]. The outcome of
this pre-training phase is a pre-trained model fyo that is parameterized by W°.

Objective. Given an image, label pairs (x,y) ~ D from a downstream dataset,
we aim to adapt the pre-trained model fyyo to fy¢ such that fy:(x) — y. Such
adaptation can typically be achieved by minimizing the empirical loss:

W' = argmin {Lsup(fwwo; D) + AR(W, W)} (1)
w

Here W < WO denotes the initialization from pre-trained weights. Lgyp cor-
responds to a supervised loss term that can be cross-entropy, or a contrastive
loss [19] while R is a regularization term that operates on the weights W inde-
pendent from the downstream dataset.

The loss formulation in Eq. can be applied to fine-tune either the linear
classifier atop a frozen pre-trained backbone, known as the linear probing setting,
or both the classifier and the backbone in a full fine-tuning setting. For the
purpose of this paper, we consider the full fine-tuning setting as it often leads to
higher in-distribution accuracy [14]. Furthermore, we consider both variations of
the supervised loss (cross-entropy and contrastive) with our proposed regularizer.

3.2 Neuron-wise Importance

Recall from Sec. [I] that we aim to devise a more direct and fine-grained ap-
proach of constraining deviation of individual parameters which achieves syn-
ergy with the state-of-the-art training methodologies and further improves their
in-distribution (ID) and out-of-distribution (OOD) performances. This section
answers the first overarching question: given a pre-trained model and ID dataset,
how to assess the importance of each neuron for ID performance?

To this end, we propose a metric — importance score — that is inspired from
pruning literature [16}17] which studies the same question to determine the least
important neurons that can ultimately be pruned from the network. Instead
of pruning weights, we use the importance-score to enable a more fine-grained
modulation over the weights during the fine-tuning process.

Our importance-score approximates the contribution of each neuron by mod-
eling the change in empirical risk that is attributable to the individual neuron.
Specifically, given network parameters W = {wg, w1, ..., wy, } and task dataset
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D, a neuron i’s contribution, r; towards the downstream task can be estimated
by the change in empirical risk F cause by updating the parameter as:

where A,,, denotes the change in weights during the fine-tuning process.
In practice, calculating r; for each neuron is intractable for modern neural

networks which can contain millions of parameters. Therefore, we approximate
r in the vicinity of W by its first-order Taylor expansion similar to [17]:

rM = g, (3)

where g = OFE/0w; is the gradient. The above approximation suggests that
gradient magnitude is a viable proxy to importance score since even a small
change in weights for important neurons will result in large change in empirical
risk. With this insight, we define the importance score as:

1 &
TP = EZ‘%(%)L@%%) eD. (4)
j=1

Intuitively, our importance-score averages the absolute gradient over all ny
samples from the downstream task dataset. This metric encapsulates the insight
that neurons with large gradients contribute more towards the downstream task.
Note that while both Eq. |4 and [17] leverage the taylor expansion of Eq. 3| we
focus on the first-order approximation as it suffices for our use-case of modu-
lating gradient updates via neuron importance during fine-tuning. In the next
section, we discuss how to leverage our importance metric to guide the parame-
ters updates during the fine-tuning process.

3.3 Importance-guide Modulation

Given the importance score for each neuron determined via Eq. 4] how to modu-
late parameter updates with importance guidance? To answer this question, we
devise two fine-tuning strategies with seemingly opposing objectives:

— Importance-guided Selective Fine-tuning: This strategy encourages
the optimization of neurons with higher ID importance, prioritizing their
role in handling ID data effectively. Thus the top-k% important neurons are
updated with their gradient while the remaining are frozen.

— Important-guided Regularization: This strategy discourages the opti-
mization of neurons with higher ID importance while allowing others to
update freely. Furthermore, instead of masking neurons we devise a novel
regularization term that allows updating all neurons.

Despite the seeming contrarian objectives, our two fine-tuning strategies
share the high-level idea of recent works [24,25,28,29] that minimize param-
eter deviation from pre-trained representations as a means to the preserve in-
nate robustness gained during pre-training. The difference lies in which neurons’
weights to preserve and how to preserve them. The next sub-section delves into
these details.
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Algorithm 1 Importance-guided Selective Fine-Tuning

1: Input: Set of parameters W, learning rate 7, top k% neurons T p, loss function
Lsup

2: for each parameter W} in W* do

3 if Wit € Trp then

4: Compute gradient g* for W/ with respect to Lsup

5 Update Wi = Wf —n- g

6 else

7 Wit+1 =W} > No update for parameters outside T7p

8: end if

9: end for

10: return Wt!

Importance-guided Selective Optimization The overall approach is out-
lined in Algorithm. [} We start by determining the importance score via Eq. [
for each neuron. Then, we partition all the pre-trained weights in the network
WO into, either the set 77p containing the top k percent of neurons representing
the highest ID importance; or the remainder W° — 77 p. Given the i*"* neuron at
the ¢-th iteration w!, its gradient update is performed as:

wiy =wj—n-m'- g, (5)

where 7 is the learning rate and m is a binary optimization mask:
. 1 ifw'eT;
R P (6)
0 ifw ¢ Tip.

The overall outcome of our importance-guided selective fine-tuning is that
only the top-k most-important neurons are updated with the supervised loss
term, i.e., Lgyp in Eq. [} while the others retain the pre-trained weights. We
present the impact of importance guidance in Fig. 2| on both the ID and OOD
accuracy while fine-tuning an CLIP [19] pre-trained ViT-B/16 model on Ima-
geNet. Observe that with vanilla fine-tuning all neurons improves ID accuracy
while degrading the OOD accuracy compared to zero-shot accuracy. Interest-
ingly, fine-tuning a randomly chosen subset of neurons improves OOD accuracy.
Most notably, tuning the most important subset of neurons improves both the
ID and OOD accuracy, thereby validating the significance of importance guid-
ance. Note that reversing the recommended direction of importance-guidance
i.e. tuning the least important neurons degrades both ID and OOD accuracy.

Importance-guided Regularization. The previous section demonstrates the
significance of importance-guided modulation. However, the hard top-k cutoff
can still be sub-optimal as (1) fine-tuning only a subset of model parameters
reduces its learning capacity and imposes a strong inductive bias (2) experiments
from prior works [25,28] in parameter space (see Sec.[1]) suggest that for optimal
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Fig. 2: Comparing optimization schemes while fine-tuning a CLIP pre-trained
ViT-B/16 on ImageNet and evaluating on 5 natural distribution shifts (see Sec. .
Observe that vanilla fine-tuning 100% parameters improves ID while sacrificing OOD
accuracy compared to the zero-shot model. In comparison fine-tuning a random subset
of parameters improves OOD, while optimizing important neurons only via importance-
guided selective fine-tuning (see Sec. further improves performance. The best
overall ID/OOD accuracy is achieved via our importance-guided regularization (see
Sec. demonstrating the impact of importance guided modulation. Importantly, re-
versing the recommended importance-guidance directions degrades accuracy.

performance individual model parameters should be kept in the vicinity of the
pre-trained weights but also be allowed to fine-tune.

Hence, this sub-section presents a novel regularizer that enables importance-
guided fine-tuning for all neurons in the network. Our key motivation to develop
the regularizer is to penalize large deviations of the most important neurons from
the pre-trained weights. Specifically, given a parameter 4 at iteration t, w!, and
it’s importance score r;, we first normalize the importance-score against a cohort
set S; as,

;= ”riHOO» U}? € Si, (7)

where the set S; contains all neurons in the same transformer block [5] as neu-

ron ¢. Then, we use the normalized importance score to constrain parameter
deviations through our regularizer:

R(wj,w}) = 7ifw] —wf]. (8)

We observe that our regularizer’s performance is sensitive to the selection

of the cohort set S; used for normalizing the importance score. In Sec. [£.4] we

explore different cohort sets S; for normalizing the importance score of such

neurons in the same transformer layer (or layer-wise), the entire network-wide

(or global) and find that the block-wise cohort set leads to the best perfor-
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Algorithm 2 Importance-Guided Regularization

1: Input: Set of parameters W at iteration ¢, learning rate 7, initial weights W©,
importance scores r, supervised loss Lsup
Output: Regularized weights W*H!
Normalize importance scores in each parameters set (Sk), 7 = ||7 |0, Wi € Sk.
Define regularization term: R(wf, w)) = 3, 7w’ — w°|.
Compute total loss: Liotal = Lsup(WE) + AR(WE, W) b X is the regularization
strength
for each parameter W} in W' do
Compute gradient of Lo1q; With respect to Wi: ¢g° = Vit Ltotal
Update Wit = Wf —n- g
end for
: return W't!

—_

mances. The overall importance-guided regularization approach is outlined in
Algorithm 2]

To evaluate the significance of our regularizer, we plot a model fine-tuned via
importance-guided regularization in Fig. [2] Observe that the ID and OOD per-
formance improves further beyond our importance-guided selective fine-tuning
approach. We attribute this improvement to fine-tuning of all parameters in the
network. Additionally, our contribution lies in developing the novel regularizer
which can be fitted along any supervised loss term Lg,, in Eq. [I} Indeed, while
using the contrastive loss of FLYP [8] we achieve state-of-the-art accuracy in
most settings as demonstrated by the results in Sec. [} Our evaluations in the
remainder of the paper focus on importance-guided regularization due to it’s
superiority with respect to selective fine-tuning.

4 Experiments

We begin by describing our evaluation benchmarks in Sec. baselines in
Sec.[f:2)and then draw a comparison in Sec. [{.3]against the recent state-of-the-art
across several datasets, and low shot regimes. To dive deeper into the underlying
reasons of performance gains and evaluate robustness to hyper-parameters we
present detailed ablations in Sec. [£.4]

4.1 Datasets and Data Regimes.

We follow prior works and consider the following benchmarks for measuring
in-distribution (ID) and out-of-distribution (OOD) performance.

— ImageNet & Distribution Shifts ImageNet (IN-1k) |4] is a widely used
object-centric dataset containing 1.2M training and 50k validation images
from 1000 classes. We consider ImageNet-R, (IN-R) [9], ObjectNet (ON) [1],
ImageNet-S (IN-S) [26], ImageNet-A (IN-A) [10], ImageNet-v2 (IN-v2) [20]
as the OOD shifts following prior works [8,[19,[28]. We report the top-1
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accuracy on the validation set for ID performance and the averaged top-1
accuracy across these 5 shifts for OOD performance.

— iWildCam [2] dataset consists of images belonging to 182 animals species
captured by different camera traps, that serve as distribution shifts. We use
the WILDS benchmark [13] and the standard splits for training, validation,
and ID and OOD testing that contain O(10k-100k) images. As the dataset
has label imbalance, we follow prior works [8[28] and report macro F1-score.

— FMoW |[3| consists of satellite images of 62 classes for different land and
building types, where the year and continents in which they were taken lead
to distribution shifts. We use WILDS benchmark and standard training, val-
idation, and ID and OOD splits containing O(10k-100k) images. We report
worst-case region accuracy following prior works [8}[28].

Additionally, to measure the effectiveness of the method in data scarce scenarios,
we use the low-shot training splits curated by [22] for IN-1k and iWildCam
datasets. For IN-1k, the splits contain 1, 5, and ~13 images per class, i.e. 1k,
5k, and 13k images respectively. For iWildCam, the splits contain images in 1%,
10%, 20% ratios per-class, i.e. 1.3k, 12.9k, and 25.9k images respectively.

4.2 Baselines and Implementation Details.

We consider five most recent and well performing methods namely, WiSE-FT |2§],
LP-FT [14], FLYP [8], FTP |25] and L2-SP |29, for robust fine-tuning of vision-
language models. For benchmarking, we use the CLIP ViT-B/16 model pre-
trained on LATON-2B [5//19] as the base model and report average results across
3 seeds. We re-use the codebase and most of the training hyper-parameters
from [8] including the AdamW optimizer with a cosine learning rate scheduler
and a batch size of 512 for ImageNet and 256 for other datasets. We fix the reg-
ularization strength A to 0.01 as discussed in Sec. and provide other details
in Appendix.

4.3 Results

We present our extensive empirical evaluations in this section. For our method,
we mainly use importance-guided regularization as it outperforms importance-
guided selective fine-tuning (see Sec. . The following sections show the results
for ImageNet, iWildCam and FMoW in the full-shot regime and on ImageNet
and iWildCam in 3 different low-shot regimes.

Full-shot results on ImageNet. We report the results on ImageNet on both
in-distribution (ID) and averaged on 5 out-of-distribution shifts (OOD-Avg.) in
table [I] from which we can draw the following conclusions.

— Incorporating our importance-guided regularizer with the conventional cross-
entropy objective leads to a 0.2% improvement (from 81.3 — 81.5) in ID
shift and a significant 6.8% improvement (from 54.9 — 61.7) on OOD shifts.
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Table 1: Experimental Results ImageNet benchmark using CLIP ViT-B/16.
Here we report the results of ID dataset ImageNet (IN), and five OOD datasets along
with their average. t denotes our re-run with the publicly available codebase.

ImageNet Distribution Shifts (OOD

Methods IN (ID) IN-V2  IN-R - INSS ()bject(Net ) Na | OOP Ave
ZeroShot [19] 68.3 61.9 7.7 50.0 48.3 55.4 58.7
Linear Probing 79.9 69.8 70.8 46.4 46.9 52.1 57.2
L2-SP [29] [1omL 2019 81.7 71.8 70.0 42.5 48.5 56.2 57.8
LP-FT |14] 10Lr 2022 81.7 72.1 73.5 47.6 50.3 58.2 60.3
FTP T [25] Newips 2023 81.6 72.1 74.9 51.6 56.6 51.0 61.2
WISE-FT 28] (o« = 0.5) [cVPR 2022 81.7 72.8 78.7 53.9 57.3 52.2 63.0

t Imp.-guided-reg. (Ours) 82.0 (1) 73.3 77.9 53.0 58.1 55.8 63.6 (1)
Fine-tuning 81.3 71.2 66.1 37.8 46.1 53.3 54.9
+ Imp.-guided-reg. (Ours) 81.5 (1) 72.0 75.9 51.7 56.6 52.2 61.7 (1)
FLYP T 8] [cvPR 2023 82.5 73.0 71.5 48.6 49.9 54.6 59.5

+ Imp.-guided-reg. (Ours) 82.5 (—) 73.2 75.0 51.1 56.7 53.8 62.0 (1)

Table 2: Experimental Results on iWildCam and FMOW. Following common practice,
we report macro Fl-score for iWildCam and worst-case region accuracy for FMoW.

iWildCam FMoW
Method ID 00D | ID 00D
ZeroShot 8.7 11.0 20.4 18.7
Linear Probing 44.5 31.1 48.2 30.5
LP-FT |14| 49.7 34.7 68.4 40.4
L2-SP |29] 48.6 35.3 68.6 39.4
WiSE-FT"|28] 48.1 35.0 66.8 42.3
FTP [25] 471 359 | 663  39.2
Fine tuning (FT) 48.1 35.0 66.8 40.9
+ Imp.-guided-reg. (Ours)|49.4 (1) 36.2 (1) | 68.8 (1) 42.0 (1)
FLYPT [8] 51.2 35.3 67.7 40.8
+ Imp.-guided-reg. (Ours)|51.1 (1) 36.1 (1) |67.6 (1) 42.2 (1)

Also, OOD-Avg. performance improves by 3% (61.7 vs. 58.7) compared to
the zero-shot model.

— Compared to other works sharing the same underlying intuition of restricting
parameter deviation from zero-shot weights, i.e. L2-SP and FTP, we observe
comparable (within 0.3%) ID performance but improvement in OOD-Avg.
performance by 3.9% and 0.7% respectively which demonstrates the effec-
tiveness of the regularization strategy.

— As our importance-guided regularization is orthogonal to the works in fea-
ture learning paradigm, it can be added to further boost their performance.
For the state-of-the-art FLYP, our regularizer improves its OOD-Avg. per-
formance by 2.5% (from 59.5 — 63.0). Additionally, it also demonstrates
synergy with weight-space ensembling (i.e. WiSE-FT) and leads to 0.3%
and 0.6% gains in ID and OOD-Avg. respectively.

Full-shot results on iWildCam. We report the results on iWildCam in ta-
ble 2] Combined with conventional cross-entropy, our importance-guided reg-
ularization improves ID performance (i.e. macro Fl-score) by 1.3% and OOD
performance by 1.2% which outperforms all the methods that constrain param-
eter deviations, i.e. L2-SP, FTP, and the strong baseline of WiSE-FT by 1.3%
ID and 1.2% OOD. Note that these improvements are obtained even though
the zero-shot performance (row 1) is considerably lower. Combined with FLYP,
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Table 3: Experimental results in low-shot data regimes on ImageNet and iWildCam.

ImageNet iWildsCam

Methods 1-shot 5-shot 1% subset 1% subset 5% subset 20% subset

ID 00D D 00D ID 00D ID 00D D 00D D 00D
Zeroshot 68.3 58.4 68.3 58.4 68.3 58.4 8.7 11.0 8.7 11.0 8.7 11.0
FLYP 66.6 55.6 69.5 56.8 72.1 56.4 16.7 15.2 21.0 17.7 31.5 26.0
~+Imp.-gd reg. (Ours)|70.3 (1) 59.3 (1)|70.6 (1) 59.1 (1)|72.4 (1) 58.7 (1)|16.8 (1) 15.3 (1)[22.5 (1) 19.4 (1)]32.6 (1) 27.2 (1)
FT 68.4 56.8 68.3 58.4 68.3 58.4 19.7 17.5 21.7 20.5 31.3 26.8
S Tmp.-gd reg. (Ours)|69.4 (1) 58.1 (1)[70.2 (1) 58.2 (1)|71.6 (1) 58.7 (1)]20.7 (1) 17.5(=)[22.5 (1) 20.9 (1)[31.4 (1) 24.7(})

our approach leads to comparable (within 0.1%) ID performance with a 0.8%
improvement (from 35.3 — 36.1%) on OOD shift, improving the state-of-the-art.

Full-shot results on FMoW. We report the results on FMoW dataset in
table [2l With conventional cross-entropy, our importance-guided regularization
improves ID performance (i.e. worst-case region accuracy) by 2.0% and OOD
performance by 1.1% which outperforms L2-SP and FTP with at least 0.2 % on
ID shift and ~1.6% on OOD shift. Combined with FLYP, it leads to comparable
(within 0.3%) ID and a significant 1.4% OOD performance improvement.

Results on low-shot regimes. To test the effectiveness of importance-guided
regularization in low-shot data regimes, we follow [22] and conduct experiments
on ImageNet and iWildCam datasets and their associated OOD shifts as de-
scribed in Sec. 4] We consider vanilla fine-tuning (which uses conventional cross-
entropy loss) and FLYP (which uses contrastive loss) as baselines and show the
results of this experiment in table

Across both datasets and low-shot regimes, ID and OOD performances con-
sistently improve with our regularization for both vanilla fine-tuning and FLYP.
Specifically compared to FLYP, adding our regularization improves ImageNet
ID performance by 0.3-3.7% and OOD performance by 2.3-3.7% across differ-
ent shot regimes. Similarly for iWildCam ID performance improves by 0.1-1.1%
and OOD performance improves 0.1-1.7% respectively. With vanilla fine-tuning
we observe similar gains of 1-3.3% ID, 0.3-1.3% OD on ImageNet and 0.1-1%
ID, 0-0.4% OD on iWildsCam. Note that even though FLYP performs worse
than vanilla fine-tuning in these low-shot regimes, our regularization technique
consistently brings improvements to both types of fine-tuning.

4.4 Ablation Studies and Analysis

This section ablates on different design and hyper-parameter choices of our pro-
posed method. We conduct evaluations on ImageNet by fitting our importance-
guided regularization onto the FLYP [8] loss, unless mentinoned otherwise.
Analysis on cohort sets for importance-score normalization. Here we
investigate the influence of different cohort sets for normalizing the importance
score in Eq. [7] Rows #1-3 of Table [d] compares three different cohort sets, i.e.,
layer-wise, and block-wise and network-wide (global norm) to normalize the im-
portance scores. We find that block-wise normalization leads to the best results.
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Table 4: Ablation Studies regarding normalization technique (1-3), weighting choice
(4-7) on ImageNet and iWildCam.

ImageNet iWildCam
1D OOD 1D 00D
#0 FLYP + imp.-guided reg. (our)| 82.5 62.0 51.1 36.1

Modification

#1 Layer-wise norm 78.9 61.1 44.7 29.7
#3 Block-wise norm 82.5 62.0 51.1 36.1
#2 Global norm 82.6 58.9 50.7 34.3
#4 Uniform 81.7 57.8 48.6 35.3
#5 Reversed ID relevance 81.5 57.6 37.1 25.0

#6 Unsupervised Estimation of r 82.8 61.6 52.3 35.6
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Fig. 3: Visualizing the raw impor- Fig.4: Comparison on training
tance score, across layers and blocks time per iteration. Compared with
highlighting its variance and the need recent robust-F'T methods, our method
for normalization. adds negligible computation overhead.

The reasoning for selecting block-wise normalization is further strengthened by
the illustration in Fig. 3| that plots the un-normalized importance score for each
layer (bar) and block (shade). Observe the large variance in the importance scores
across different blocks which illustrates the need for block-wise normalization.

Analysis on weighting strategies. A critical part of our contribution lies in
answering how to determine the neuron-importance scores i.e. Eq. [ and how to
leverage the importance for fine-tuning i.e. Eq.[8] We investigate different choices
for these in rows #4-6 of Table ] Firstly, in row #4, we present the choice of
uniformly weighting all neurons, which is equivalent to L2-SP [29]. As expected
our method easily outperforms this on both ID and OOD due to the more fine-
grained importance guidance. Second, in row #5, we reverse importance score
by changing 7 to 1 —7 in Eq. [ thereby encouraging the most important neurons
to deviate further during fine-tuning. This strategy degrades ID (-1%/-2.5%)
and OOD (-4.4%/-0.8%) on both benchmarks further validating our choice of
penalizing deviation of the most important neurons. Finally, in row # 6, we use
the entropy loss (instead of cross-entropy) to get the gradient signals necessary
for importance estimation. Interestingly, this leads to competitive performance
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ImageNet iWilds-Cam
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Fig. 5: Sensitivity Analysis to A in regularizer. We present the analysis on two
benchmarks, ImageNet (left), and iWild-CAM (right). With a wide range of A, both
ID and OOD performance suffers from limited fluctuations, indicating the robustness
of the proposed method to the selection of A.

with our proposed approach thereby neglecting the need of downstream label
supervision to estimate neuron importance.

Analysis on training efficiency. Fig. [dlcompares the training iteration time of
different methods. Compared with vanilla-FT, our method brings negligible com-
putation overhead and is, i.e., 16% faster than FLYP and 11% faster than FTP.
The is because FLYP and FTP introduces extra parameters to optimization, i.e.,
FLYP tunes both the visual encoder and text encoder, and FTP introduces ad-
ditional projection parameters. Instead, our method realizes a more fine-grained
modulation without any extra parameters.

Sensitivity to hyper-parameter. We analyze the sensitivity of the hyper-
parameter ), that controls regularization strength in Eq. [I] Fig. [f] plots the ID
& OOD accuracy for FLYP + importance-guided regularization for four values
of A € {0.1,0.01,0.001,0.0001}. Expectantly, increasing A degrades ID while
bettering OOD. Thus we select the largest A = 0.01 leading to 1% drop from
the maximum ID accuracy.

5 Conclusion, Limitations and Future Work

This work tackles the challenge of fine-tuning a pre-trained model to improve
in-domain task accuracy while preserving the innate robustness of the pre-
trained representations. We propose an importance-guided fine-tuning method
that leverages a novel importance score to modulate neurons through two strate-
gies: selective fine-tuning; and fine-grained regularization. We demonstrate sig-
nificant improvements in both in-distribution, and out-of-distribution perfor-
mances post fine-tuning that furthers the state-of-the-art on standard bench-
marks. There are some limitations of our work: (1) we consider fine-tuning of
vision-language pre-trained models. Although a broad class in itself, future work
can explore self-supervised pre-trained models; (2) We consider image classifica-
tion as the main downstream task. These limitations show that there is scope
for improving our fine-tuning framework which can be tackled by future work.
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