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ABSTRACT

Transfer learning with a small amount of target data is an effective and common
approach to adapting a pre-trained model to distribution shifts. In some situations,
target data labels may be expensive to obtain, so we may only have access to a
limited number of target data points. To make the most of a very small target
dataset, we propose a lightweight, sample-efficient approach that learns a diverse
set of features and adapts to a target distribution by interpolating these features.
Our approach, PROJECT AND PROBE (PRO2), first learns a linear projection that
maps a pre-trained embedding onto orthogonal directions while being predictive
of labels in the source dataset. The goal of this step is to learn a variety of predic-
tive features, so that at least some of them remain useful after distribution shift.
PRO2 then learns a linear classifier on top of these projected features using a small
target dataset. Theoretically, we find that PRO2 results in more sample-efficient
generalization by inducing a favorable bias-variance tradeoff. Our experiments
on four datasets, with multiple distribution shift settings for each, show that PRO2

improves performance by 5-15% when given limited target data compared to prior
methods such as standard linear probing.

1 INTRODUCTION

Machine learning models can face significant challenges when there is a distribution shift between
training and evaluation data. A model trained on a specific source dataset may not perform well
when deployed on a target domain with a distribution of inputs that differs significantly from the
source domain. One common and reliable approach for adapting to distribution shifts is fine-tuning
a trained model on a small amount of labeled data from the new target domain. However, in some
situations, target data labels may be expensive to obtain, which limits the number of available labeled
datapoints for fine-tuning. As an example, a hospital may have imaging software that slightly differs
from what was used for dataset collection, but they may not be able to acquire many new labeled
samples. In such conditions, conventional fine-tuning approaches may overfit to the small target
dataset and distort the information learned during initial training. Therefore, we require a method
that can reliably extract information from the new target domain with less overfitting.

Recent works have demonstrated the effectiveness of re-training a final linear head using target data
for adapting to distribution shifts due to spurious correlations or domain shift (Rosenfeld et al.,
2022; Kirichenko et al., 2022; Mehta et al., 2022). However, it is unclear whether this standard
approach of re-training a linear layer is the most data-efficient method to adapt pre-trained features
to various target distributions. While versatile, feature embeddings may not necessarily contain the
most suitable set of features for adapting to target distributions: they may also contain redundant,
non-predictive, or noisy information. Our primary insight is that the key to more sample-efficient
adaptation to target domains lies in starting with a compact and diverse set of useful features. Each
feature in this set should not only be predictive, but also hold unique information distinct from others
inside the set. We leverage source data, which is substantially more abundant than target data, in
performing this selection of features for target adaptation.

We propose PROJECT AND PROBE (PRO2), a simple and sample-efficient method for adapting to
unknown target distributions. PRO2 first learns a projection of pre-trained embedding vectors, which
is optimized to extract a diverse set of features that are each predictive of labels. More specifically,
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Figure 1: The Project and Probe (PRO2) framework for adapting to different target distribu-
tions. (a) We �rst use a large source dataset to project pre-trained feature embeddings onto a set
of predictive features while enforcing orthogonality. (b) For a new target distribution, we learn a
linear layer on top of the projected features. This step adaptively chooses features in a data-ef�cient
manner.

we �rst use a source dataset to project pre-trained feature embeddings onto a smaller set of pre-
dictive features. We enforce pairwise orthogonality among all features, thereby ensuring that each
projected dimension carries unique information not present in others. We expect this learned feature
space to compactly contain a diverse set of predictive features while discarding information that is
redundant or not predictive on the task. PRO2 then uses the reduced set of features as a basis space
for adaptation. Speci�cally, we �t a linear head on top of the projected embedding using labeled
target data. Both the linear projection and the linear head require minimal computational overhead,
making PRO2 a practical method for adapting to new target distributions. Fig. 1 shows a visual
summary of PRO2.

To support our approach, we provide a theoretical analysis, in both a general setting with minimal
distribution assumptions as well as the more speci�c setting of a shifted homoscedastic Gaussian
model, showing how PRO2 learns a projection matrix that results in better generalization due to a
favorable bias-variance tradeoff. From this analysis, PRO2 improves sample ef�ciency because it
can learn useful, diverse features so that it is more likely to better recover the important directions
for adaptation with a smaller projection dimension, allowing us to combat the variance introduced
by a very small target dataset while maintaining low bias. We conduct experiments on a variety of
distribution shift settings across 4 datasets. We �nd that standard linear probing, which is the default
method used by prior works, is not the most data-ef�cient adaptation approach. Using PRO2, i.e.
projecting with source data onto an informative feature-space basis and probing with target data,
improves performance by 5-15% in few-shot adaptation to new target distributions.

2 RELATED WORK

Robustness and zero-shot generalization.Many prior works aim to improve robustness to various
distribution shifts (Tzeng et al., 2014; Ganin et al., 2016; Arjovsky et al., 2019; Sagawa et al., 2020;
Nam et al., 2020; Creager et al., 2021; Liu et al., 2021; Zhang and Ré, 2022). Additionally, prior
works have studied how to adapt pre-trained features to a target distribution via �ne-tuning Oquab
et al. (2014); Yosinski et al. (2014); Sharif Razavian et al. (2014). Such �ne-tuning works typically
frame robustness to distribution shift as a zero-shot generalization problem Kornblith et al. (2018);
Zhai et al. (2019); Wortsman et al. (2022); Kumar et al. (2022), where the model is trained on source
and evaluated on target. Both of the above classes of approaches fundamentally cannot handle the
problem settings we consider, where a single function is insuf�cient for achieving good performance
on different distributions. In this paper, we evaluate on a variety of test distributions, some of which
are mutually exclusive, and it is therefore crucial to perform adaptation on the target distribution.

Adapting to distribution shifts. Recent works have proposed various methods for adapting models
at test time with some labeled target data Sun et al. (2020); Varsavsky et al. (2020); Iwasawa and
Matsuo (2021); Wang et al. (2020); Zhang et al. (2021); Gandelsman et al. (2022); Lee et al. (2022a).
In particular, given a feature embedding produced by a pretrained network with suf�cient expressiv-
ity, training a �nal linear head, also known as linear probing, suf�ces for adapting to datasets with
spurious correlations Kirichenko et al. (2022); Mehta et al. (2022); Izmailov et al. (2022) as well
as in the setting of domain generalization Rosenfeld et al. (2022). As detailed further in Sec. 3, we
speci�cally focus on scenarios in which we have very little target data (only 4� 256 datapoints). We

2



Published as a conference paper at ICLR 2024

�nd that in this setting, training a �nal linear head in the default manner is not the most data-ef�cient
way to adapt. PRO2, which breaks this training down into 2 steps, is able to more effectively extract
useful features and interpolate between them for varying target distributions, leading to improved
sample ef�ciency with limited target data.

Learning diverse features for spurious datasets.Prior works have explored learning diverse or
orthogonal features in standard supervised learning settings (Bansal et al., 2018; Xie et al., 2017b;a;
Laakom et al., 2023b; Cogswell et al., 2015; Laakom et al., 2023a; Zbontar et al., 2021), and we
show diversi�cation can lead to more sample ef�cient adaptation to distribution shifts. Neural net-
works tend to be biased towards learning simple functions that rely on shortcut features (Arpit et al.,
2017; Gunasekar et al., 2018; Shah et al., 2020; Geirhos et al., 2020; Pezeshki et al., 2021; Li et al.,
2022; Lubana et al., 2022). To better handle novel distributions, it is important to consider the entire
set of functions that are predictive on the training data (Fisher et al., 2019; Semenova et al., 2019;
Xu et al., 2022). Recent diversi�cation methods for adaptation discover such a set (Teney et al.,
2022; Pagliardini et al., 2022; Lee et al., 2022b). The latter two methods use additional assump-
tions such as unlabeled data. With a similar motivation to ours, Teney et al. (2022) penalizes the
similarity between different features, but does so with an additional loss term instead of explicitly
enforcing orthogonality. We observe that this implementation detail matters in Sec. 6, where PRO2

outperforms Teney et al. (2022). A concurrent work (Morwani et al., 2023) also proposes an orthog-
onal projection method to learn diverse classi�ers. However, the Probe step of PRO2 additionally
interpolates between the orthogonal features, and we provide theoretical and empirical analysis of
how distribution shift severity affects sample ef�ciency during probing.

Compression & feature selection.In aiming to extract important features and discarding repetitive
information, PRO2 is related to work on compression May et al. (2019) and information bottle-
necks Tishby et al. (2000); Alemi et al. (2016). Our method is also closely related to methods
that learn projections such as principal component analysis (PCA) and linear discriminant analysis
(LDA). Beyond these representative methods, there is an immense body of work on feature selec-
tion (Dash and Liu, 1997; Liu and Motoda, 2007; Chandrashekar and Sahin, 2014; Li et al., 2017)
and dimensionality reduction (Lee et al., 2007; Sorzano et al., 2014; Cunningham and Ghahramani,
2015). Among all projection-based methods, LDA is the most related to ours, but it only learns
the single most discriminative direction. In Corollary 9, we show that PRO2 with dimensionality
d = 1 provably recovers the LDA direction in a shifted homoscedastic Gaussian model, and that
using higher values ofd is critical in adapting to higher degrees of distribution shift. Generally,
most methods (including LDA) operate in the setting without distribution shift.

3 ADAPTATION TO DISTRIBUTION SHIFT

We now describe our problem setting, where the goal is to adapt a model so as to provide an accurate
decision boundary under distribution shift given a limited amount of target distribution information.
We consider a source distributionpS (x; y) and multiple target distributionsp1

T (x; y); p2
T (x; y); : : :.

The source datasetDS 2 (X � Y )N is sampled from the source distributionpS . We evaluate
adaptation to each target distributionpi

T given a small set of labeled target dataD i
T 2 (X � Y )M ,

whereM � N so the model must learn from both the source and target data for best performance.
We measure the post-adaptation average accuracy of the model on a held-out target dataset from the
same distributionpi

T .

We note that this setting differs from the setting studied in prior works on spurious correla-
tions (Sagawa et al., 2020), which train a model only on source dataDS and evaluate the model's
performance on the hardest target distribution (i.e., worst-group accuracy). This is also different
from the setting used in �ne-tuning methods for zero-shot generalization (Wortsman et al., 2022;
Kumar et al., 2022): such methods �ne-tune a pretrained model on source dataDS and directly
evaluate performance on target dataD i

T without any exposure to labeled target data. Compared to
these zero-shot evaluation settings, we argue that a small amount of target data may realistically
be required to handle the arbitrary distribution shifts that arise in the real world. Target data can
be an effective point of leverage because it can be available or easy to collect, and we �nd that
even a small dataset can reveal a lot about what features are effective in the target distribution. Our
problem setting of adapting with target data has been used in some recent works (Kirichenko et al.,
2022; Rosenfeld et al., 2022; Izmailov et al., 2022; Lee et al., 2022a), but we speci�cally focus on
the setting in which we only have access to a very small target dataset, i.e.,M � N .
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