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Abstract

Deep learning models are challenged by the distribution
shift between the training data and test data. Recently, the
large models pre-trained on diverse data demonstrate un-
precedented robustness to various distribution shifts. How-
ever, fine-tuning on these models can lead to a trade-
off between in-distribution (ID) performance and out-of-
distribution (OOD) robustness. Existing methods for tack-
ling this trade-off do not explicitly address the OOD robust-
ness problem. In this paper, based on causal analysis on the
aforementioned problems, we propose a novel fine-tuning
method, which use masked images as counterfactual sam-
ples that help improving the robustness of the fine-tuning
model. Specifically, we mask either the semantics-related
or semantics-unrelated patches of the images based on class
activation map to break the spurious correlation, and refill
the masked patches with patches from other images. The
resulting counterfactual samples are used in feature-based
distillation with the pre-trained model. Extensive experi-
ments verify that regularizing the fine-tuning with the pro-
posed masked images can achieve a better trade-off between
ID and OOD performance, surpassing previous methods on
the OOD performance. Our code will be publicly available.

1. Introduction
Deep learning has achieved impressive advances in var-

ious tasks on computer vision. Despite the remarkable per-
formance on benchmark datasets, the deep models are chal-
lenged by the distribution shift between the training data
and test data [5, 15, 16, 35]. It is commonly assumed that
the training and test samples follow the same distribution,
which may not hold in real-world applications due to the un-
predictable change of lighting condition, viewpoints, back-
grounds, etc. A series of works attempted to improve the
robustness of deep models to the distribution shift (or OOD
robustness), but it is still rather under-explored [30, 40].
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Figure 1. Illustration of our work. Vanilla fine-tuned models tend
to learn spurious correlations that degrades the OOD robustness.
To tackle this issue, our model learns from the pre-trained model
on the counterfactual CAM-based masked images.

Recently, the large models pre-trained on diverse data
demonstrate unprecedented robustness to various distribu-
tion shifts [8, 19, 34]. Hence, fine-tuning such pre-trained
models on downstream tasks can be a promising approach
to building robust models for different applications. How-
ever, it is found that while fine-tuning improves the perfor-
mance on in-distribution (ID) data, it may reduce that on
out-of-distribution (OOD) data [23,46]. To tackle this trade-
off between ID and OOD data, several methods [23, 45, 46]
have been proposed to improve both ID and OOD perfor-
mance in fine-tuning. However, they do not explicitly ad-
dress the OOD robustness problem, but implicitly preserve
the robustness of the pre-trained model by constraining the
distortion of pre-trained weights or using model ensembles.

In this paper, we revisit the issue of robustness degrada-
tion in fine-tuning from a causal perspective. We notice that
a large-scale pre-trained model somewhat shows properties
in causality and stays robust to OOD samples [44]. How-
ever, when fine-tuning on downstream tasks, a majority of
the parameters of the model tends to be adjusted for the
downstream task in fine-tuning due to the highly entangled
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representation of images, arguably destructive to the gener-
alizable knowledge [20, 37]. In contrast, distribution shifts
are usually sparse in the underlying causal factorization of
data generation process [7, 37]. In this low-dimensional
case, if we know which variables vary with different data
distributions in this factorization (i.e., the non-stationary
factors), we can achieve the OOD robustness by simply ex-
cluding their influence on final predictions of the model.

Specifically, we consider a Structural Causal Model
(SCM) [33] for the object-centric image generation process,
as depicted in Fig. 2. In this SCM, images are generated
according to a non-stationary domain-relevant factor and
a stationary semantic factor. Between them is a spurious
correlation caused by a hidden non-stationary confounder
that influences how the domain-relevant factor changes with
the semantic one. To retain the OOD robustness, a fine-
tuning model should avoid mapping non-stationary domain-
relevant features to the predicted semantics.

To this end, we propose to fine-tune the models with
masked images, which serve as counterfactual samples
breaking the spurious correlation. Training on these sam-
ples helps preserve the stationary and generalizable knowl-
edge of the pre-trained model. Concretely, we either mask
the patches that contribute most to the label (i.e., the main
object), or mask those with the least contribution (e.g., the
context), which can be implemented based on class activa-
tion map (CAM) [9,49]. Such image masking forms an ma-
nipulation of a factual image and produces a counterfactual
sample. Since the pre-trained model can better disentan-
gle invariant features across domains, we require the fine-
tuning model to learn from the pre-trained model on these
counterfactual samples, as illustrated in Fig. 1. Further-
more, we argue that simply dropping the masked patches
may be insufficient to alleviate the risk of fitting spurious
correlations, and we propose to refill the masked patches
with those from other images.

We study different combinations of masking strategies
(e.g., masking the object or the context) and refilling strate-
gies (e.g., filling with patches from single or multiple im-
ages). Experimental results suggest that most of the strate-
gies are applicable to the construction of counterfactual
samples that help improve the robustness in fine-tuning,
while masking the object generally achieves the best robust-
ness. Compared with existing methods [23, 45, 46] on fine-
tuning CLIP [34] models, our approach achieves better av-
erage accuracy on various OOD datasets without relying on
model ensembles or weight constraints. We also find that
taking the weight-space ensemble of the zero-shot model
and our fine-tuned model following WiSE-FT [46] hardly
improve the trade-off between ID and OOD accuracy, which
contradicts with previous observations and implies that our
approach may produce essentially different models as com-
pared with vanilla fine-tuning.

2. Related Works
2.1. Causal Perspective on OOD Robustness

Causality holds the promise of OOD robustness as it has
the property of robustness under interventions that underlie
distribution shifts [2, 37]. To learn the latent causal mech-
anism in visual data and attain OOD robustness, a branch
of methods [21, 29, 38] target at learning domain-invariant
causal representations and seek guarantees on generaliza-
tion. Some approaches approximates this goal based on
invariant risk minimization [1, 3], risk extrapolation [22],
adaptation speed [7], or variational Bayes [26]. Ilse et
al. [18] help models escape from spurious correlations by
training on handcrafted analog interventional data. In this
work, we aim to explore how to preserve the OOD robust-
ness of a pre-trained model equipped with generalizable
knowledge during transfer, based on the analysis of an un-
derlying data generation causal mechanism.

2.2. ID-OOD Trade-off in Fine-tuning

While a series of large pre-trained models exhibit strong
OOD robustness [8, 19, 34], empirical results suggest that
fine-tuning these models on downstream data may degrade
the robustness [23, 34, 46]. It is also theoretically justified
that compared with linear probing, vanilla fine-tuning may
increase the ID performance while decrease the OOD per-
formance due to feature distortion [23]. To tackle this ID-
OOD trade-off, LP-FT [23] applies linear probing before
fine-tuning; Calibrated Ensemble [24] and WiSE-FT [46]
propose to take the ensemble of the pre-trained (zero-shot)
model and vanilla fine-tuned model in output-space and
weight-space, respectively. Model Soup [45] also improves
the trade-off via weight-space ensembles, but it utilize mul-
tiple models fine-tuned with different hyper-parameters.
While these methods are empirically effective in improving
both ID and OOD performance, they only implicitly pre-
serve the robustness of pre-trained model by constraining
the deviation of the downstream model from the pre-trained
one. Instead, our approach is based on explicit causal mod-
eling on OOD robustness problem and the use of counter-
factual samples in fine-tuning.

2.3. Learning with Masked Images

Masked image modeling [4,14,43,47] has been proved to
be an effective approach to vision model pre-training, where
random sampling is a common strategy for masking. In our
task, we find that learning with CAM-based masking can
better address the spurious correlation in images. Similar to
our approach, CSS [10] synthesizes counterfactual images
for visual question answering (VQA) by masking out criti-
cal objects, for which the corresponding answer is changed
to its negative; SwapMix [13] swaps the the context objects
in the feature space to reduce the reliance of VQA models
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on visual context. In this paper, we apply masking on im-
ages and refill the masked regions with content from other
images, which is inspired by CutMix [48]. Besides, instead
of manually constructing the labels for masked images like
CSS or CutMix, we take the feature representations of the
pre-trained model on the masked images as the supervision
for the fine-tuning model.

3. Method

3.1. Revisit OOD Robustness of Fine-tuned Models
from a Causal Perspective

When fine-tuning a pre-trained model on downstream
tasks in real-world applications, it is usually insufficient
to generalize only to in-distribution (ID) data. There are
also increasing demands for robustness to distribution shifts
or generalization to out-of-distribution (OOD) data. How-
ever, for a pre-trained large model that has been trained on
data from diverse distributions and obtained generalizable
knowledge (e.g., CLIP [34]), fine-tuning can lead to dra-
matic degradation of robustness [23].

This problem can be interpreted from a causal perspec-
tive. Suppose that we correctly factorize the data generation
process in which variables are causally connected. Then,
the discrepancy between ID and OOD (or sub-population)
data generation process is usually sparse in this causal
factorization [37, 38], e.g., few variables’ priors change.
The joint distribution that we can observe thereupon shifts.
However, without modeling the causal hierarchy in data, the
pre-trained models naturally learn dense and entangled fea-
tures to represent the concepts in the causal factorization.
Although distribution shifts are sparse in causal factoriza-
tion, these models have to densely adapt their parameters in
transfer to the downstream data [20]. In this case, damage
to generalizable knowledge is inevitable, which explains the
sharp decrease of robustness to distribution shifts.

The core challenge in modeling the underlying causal
factorization of visual data is the dense changes between
ID and OOD data, despite the sparsity in causal factoriza-
tion. For better robustness, a possible solution is to reason
backward which visual features are unchanged under distri-
bution shifts, also known as stationary features [37]. With-
out OOD test data in hand to identify stationary features,
we seek to model the most important stationary features as
the semantic features in the downstream object-centric task,
and reduce non-stationary features to domain-relevant fea-
tures. Finally, we establish our causal model as in Fig. 2.

3.1.1 The SCM for Image Generation Across Domains

To illustrate the proposed method, we first introduce in
Fig. 2 a Structural Causal Model (SCM) [33] to model the
underlying mechanism of object-centric image data genera-

𝐶

𝑋

𝐻𝑑 𝐻𝑠

𝑆𝐷

Figure 2. The causal graph of underlying object-centric image
generation process across domains. C: confounder; D: domain;
S: object semantics; Hd: (non-semantic) domain representation;
Hs: semantic representation; X: image.

tion across diverse domains, which is agreed with previous
works [18, 39] despite some slight modifications.

Formally, an SCM describes a directed acyclic graph
composed of a set of endogenous variables V and a set of
exogenous variables U . An endogenous variable is the vari-
able whose value is determined by other variables. Exoge-
nous variables correspond to unobserved influences, usually
considered independent of each other. In Fig. 2, a set of
endogenous variables are involved in the SCM, defined as
V = {D,S,Hd, Hs, X}. There is also an exogenous vari-
able for each endogenous variable, e.g., UHs that possibly
corresponds to the object pose and influences the genera-
tion of Hs. Here, we do not show them for simplicity, but
only consider an important exogenous variable, the con-
founder C. We denote the set of exogenous variables by
U = {C,UD, US , UHs

, UHd
, UX}.

In this SCM instance, C denotes an unobservable con-
founder variable, which is an exogenous variable shown in
gray. For instance, it can be some specific time or space. D
is a domain variable containing information varied with the
domain. S is a semantic variable, e.g., the category of the
object. In our setting, D and S are observable endogenous
variables shown in white. Correspondingly, Hd is the do-
main representation and Hs is the semantic representation,
i.e., they indicate how D and S are displayed in the image
space, respectively. Finally, X is the image generated by
the interaction of Hd and Hs.

3.1.2 Spurious Correlation and OOD Robustness

As depicted in Fig. 2, There exists a backdoor path between
Hd and Hs, i.e. Hd ← D ← C → S → Hs, making
them spuriously correlated. Collecting data for a down-
stream task from a single source or environment may lead to
strong spurious correlations between the semantic part Hs

and domain-relevant part Hd. In other words, there can be
strong selection bias [29]. For example, in a downstream
insect classification dataset, the red admiral butterflies may
all be captured sitting on flowers, as shown in Fig. 1. How-
ever, this spurious correlation does not necessarily hold in
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Figure 3. Conceptual comparison of pre-trained and fine-tuned models on what they depend on for predicting the semantic label of different
samples. The robust pre-trained model is expected to depend only on hs, while the fine-tuned model may associate both hd and hs to the
semantics s. This may result in different predictions on counterfactual samples for the two models.

OOD data [6]. Moreover, in reality, what makes the label
red admiral butterfly is the butterfly itself in the image space
(Hs) rather than the flowers involved in Hd. Therefore, the
model is required to depend only on Hs for the prediction
of S to attain OOD robustness.

For the reasons we have discussed earlier, even if a
pre-trained large model has been endowed with reasonable
knowledge to distinguish Hs and Hd (Fig. 3 (a)), the model
is still susceptible to the spurious correlations during fine-
tuning (Fig. 3 (d)). As a result, the transfer dramatically
degenerates the pre-trained model’s OOD robustness.

From this perspective, a possible way to tackle the is-
sue of robustness degradation is to break the spurious cor-
relations in downstream data via specific manipulation, and
explicitly requires the fine-tuning model to distinguish Hs

and Hd following the pre-trained model. In the following
sections, we propose a masking-based image manipulation
method and indicate why it can be used to hinder the fine-
tuning model from depending on Hd.

3.2. Masked Images as Counterfactual Samples

To break the spurious correlation in training images, we
propose to mask out or replace certain regions of the images
so that Hd or Hs is (partially) manipulated, which results in
counterfactual samples. Formally, given an observational
sample x and the SCM M , if we assign d′ to variable D,
the resultant counterfactual sample can be denoted as:

x
D=d′ (u) = xMD=d′ (u) (1)

where MD=d′ is the SCM instance in which d′ is assigned
to D, and u denotes the values of the exogenous variables.

We illustrate how the pre-trained and fine-tuned models
may process two kinds of counterfactual samples differently
in Fig. 3. First, for counterfactual samples whose domain-
relevant representations hd are replaced by other context p
(i.e., xHd=p in Fig. 3 (b,e)), the fine-tuned model tends to
attribute its prediction on both p and hs since it has learned
the spurious correlations. Hence, its prediction can be mis-
led by p. Differently, the robust pre-trained model which
can distinguish the semantic and non-semantic factors is not
affected by p. Second, for counterfactual samples whose se-
mantic representations hs are replaced by p (i.e., xHd=p in
Fig. 3 (c,f)), the fine-tuned model can still predict the orig-
inal semantics s from hd, while the pre-trained model can-
not due to the missing semantic representations hs. In both
cases, counterfactual samples may lead to different predic-
tions between the pre-trained and fine-tuned model.

Now the question is how to leverage these counterfac-
tual samples to preserve the OOD robustness in fine-tuning.
Directly training on these counterfactual samples with the
labels of corresponding factual samples is unsuitable, since
the original semantic information may be distorted. Given
that the pre-trained models can have substantial power to
capture semantic cues, their image-level feature representa-
tions usually contain rich semantic information. We thereby
seek an alternative solution in which these samples are used
in distillation. This way, the fine-tuning model learns to
mimic the pre-trained model in feature representation. For-
mally, we denote the image encoders of the pre-trained and
fine-tuning model by f̂ and f , respectively, and denote the
classification head of the fine-tuning model by g. Then, the
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Figure 4. Illustration of the mechanism of masking and refilling.

overall training objective can be written as follows:

L = LCE
(
g(f(x)), y

)
+ βLMSE

(
f̂(xcf ), f(xcf )

)
, (2)

where LCE is the cross-entropy loss, LMSE is the mean
squared error, x is the raw image, y is the label for x, xcf is
the counterfactual image, and β is a constant factor.

In the remaining parts of this section, we will discuss the
proper design of masked images and show that it is nontriv-
ial to construct the counterfactual samples xcf that can be
used to effectively improve the OOD robustness.

3.2.1 Choosing the Masked Regions

To generate counterfactual samples, we need to select the
masked regions in an image where the contents can be ma-
nipulated. Recent large-scale pre-trained models [19, 34]
usually adopt a Vision Transformer-based architecture [12],
dividing input images into a series of patches. Hence, we
consider patch-based masking in this paper. A basic strat-
egy is to randomly sample a proportion of patches (random-
mask), which is adopted by recent pre-training methods
like MAE [14]. However, random sampling is content-
agnostic. Although both Hs and Hd may be manipulated
in this scheme, it tends to leave some spurious correlations
in the unmasked regions. It is found that an MAE model
can achieve semantically plausible reconstruction from the
randomly masked images with a high masking rate (e.g.,
75%), suggesting that such random masking may preserve a
significant amount of the information of the whole images.
Therefore, randomly masked images may be less suitable
for improving OOD robustness.

Alternatively, we investigate two content-based strate-
gies that are complementary: (1) context-mask: masking the
patches that are least relevant to the label (i.e., Hd, usually
the context); (2) object-mask: masking the patches that are
most relevant to the label (i.e., Hs, usually the main object).
To measure the contribution of each image patch to the la-
bel, we generate the class activation map (CAM) [9, 49]
based on the fine-tuning model. Then, image patches are
separated into two groups by a constant threshold t. In such
a scheme, the semantic-relevant regions (where their acti-
vation values are larger than the threshold t) can coarsely
serve as Hs, and non-semantic regions as Hd.

3.2.2 Refilling the Masked Images

After choosing the patches to mask, simply dropping them
following MAE [14] can lead to a counterfactual image, i.e.,
x

Hd=∅(u). However, we argue that this strategy (abbrevi-
ated as no-fill) can be insufficient for the construction of
effective counterfactual samples for improving the robust-
ness, and refilling the masked regions can tackle this issue.

Concretely, an effective counterfactual sample should
cause contradictions between the pre-trained and fine-
tuning model, so that the latter is regularized by the dis-
tillation loss in Eq. (2) to depend less on non-semantic parts
of images for the prediction of semantics. However, mask-
ing without refilling may not construct such samples, as de-
picted in Fig. 4. Specifically, context-mask may not pro-
duce contradictions since both models can predict seman-
tics from the object, so we need refilling to bring some con-
flicting context that disturbs the prediction of the fine-tuning
model. Object-mask alone can cause contradictions in the-
ory, as the fine-tuning model could still predict the origi-
nal semantics from the context, while the pre-trained model
could not. However, due to the imperfect masking in prac-
tice, the pre-trained model may still recognize the object
from its unmasked parts. Then, refilling can further distort
the original semantics to ensure contradictions. Hence, re-
filling can help to construct more effective counterfactual
samples for the proposed fine-tuning approach.

We consider two basic strategies to select the patches
to fill: (1) single-fill: select the patches in the correspond-
ing positions of a single image randomly sampled from the
training batch; (2) multi-fill: for each patch to fill, indepen-
dently sample a source image from the batch and select the
patch in the corresponding position. All combinations of
masking and refilling strategies are illustrated in Fig. 5.

4. Experiments
4.1. Setup

Datasets. We focus on fine-tuning the pre-trained model
on ImageNet [36], and evaluate the OOD robustness of the
models on five datasets: ImageNet-V2 [35] is a new test
set for ImageNet collected following the original protocol.
ImageNet-R [15] consists of various renditions (e.g., art,
cartoons) of 200 ImageNet classes; ImageNet-Sketch [42]
contains sketches for each of the 1000 ImageNet classes;
ObjectNet [5] is a test set with 113 overlapping classes with
ImageNet, which is collected to show objects from new
viewpoints on new backgrounds; ImageNet-A [16] contains
natural images that are misclassified by models trained on
ImageNet, covering 200 ImageNet classes.

Evaluation. Following [46], we use the top-1 accuracy
as the metric of performance on ID and OOD data. For the
five OOD datasets, we report the top-1 accuracy on each
dataset, as well as the average OOD accuracy computed by
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Figure 5. Illustration of different masking and refilling strategies.

averaging the accuracy on the five datasets. For datasets
covering a subset of the ImageNet classes, the top-1 predic-
tion of a model is taken as the class with highest probability
among the class subset (instead of all ImageNet classes).

Implementation details. Unless otherwise specified, we
use the ViT-B/32 model [12] pre-trained via CLIP [34]. The
classification head of the zero-shot model is constructed
from the pre-defined text prompts used by CLIP, and we
adopt the implementation given by [46]. To obtain accurate
CAM scores for image masking, we apply the method pro-
posed in [9], which is designed for attention-based models,
including ViT. For fine-tuning on ImageNet, we mainly fol-
low the routine of WiSE-FT [46]. Specifically, we use the
AdamW optimizer [28] with a batch size of 512, and fine-
tune for 10 epochs. The learning rate is set to 3× 10−5 for
all parameters and follows a cosine-annealing schedule [27]
with 500 warm-up steps. No data augmentation is applied
apart from the necessary resizing and cropping, following
the training of CLIP. We split out a validation set of 10240
samples from the ImageNet training set to perform early
stopping and model selection based on the validation ac-
curacy. β in Eq. (2) is fixed to be 30 for all experiments.
Additional details are in the appendix.

4.2. Masking and Refilling Strategies

In this section, we validate the effectiveness of using
masked images for improving OOD robustness, and in-
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Figure 6. ID and average OOD accuracy of our approach using
different masking and refilling strategies. For each combination of
masking and refilling strategies, we plot multiple results based on
different settings of hyper-parameters (i.e., masking rate or CAM
score threshold). Best viewed in color.

vestigate the different masking and refilling strategies dis-
cussed in Sec. 3.2. Concretely, we consider three masking
strategies: (1) random-mask: randomly select a fixed pro-
portion of patches; (2) context-mask: masking the patches
with CAM score lower than the threshold; (3) object-
mask: masking the patches with CAM score higher than the
threshold. The masking rate for random-mask is selected
from {0.25, 0.5, 0.75}, and the CAM score threshold for
the latter two strategies is selected from {0.3, 0.4, 0.5, 0.6}.
The refilling strategies include: (1) no-fill: baseline strategy
that drops the masked patches without refilling; (2) single-
fill: refill with patches from one other image; (3) multi-fill:
refill with patches from multiple other images. We test all
the combinations of masking and refilling strategies, and
compare them with the baseline where no masking is ap-
plied (i.e., xcf = x in Eq. (2)).

In Fig. 6, we plot the average OOD accuracy against
ID accuracy for each model trained with the above strate-
gies. Besides, for each combination of masking and refilling
strategies, we select the model with highest validation accu-
racy, and report their results on each OOD dataset in Tab. 1.
Based on these results, we have the following conclusions.
(1) Most of the combinations of masking and refilling strate-
gies achieve better ID-OOD trade-off than the no-masking
baseline, which suggests the effectiveness of image mask-
ing in our proposed approach. (2) Refilling masked images
with patches from other images (i.e., single-fill or multi-fill)
is better than solely dropping the masked patches. (3) Com-
paring the two proposed refilling strategies, single-fill gen-
erally results in better OOD accuracy, while multi-fill may
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Method Masking Refilling IN IN-V2 IN-R IN-Sketch ObjectNet IN-A OOD avg.
Zero-shot [34] / / 63.4 55.9 69.3 42.3 44.5 31.4 48.7

Vanilla fine-tuning / / 75.9 64.7 57.0 39.8 39.5 20.0 44.2
Ours no masking / 76.9 66.5 69.2 45.6 45.3 29.8 51.3

Ours
random-mask

no-fill
77.5 66.9 66.4 45.7 46.5 30.8 51.2

context-mask 77.8 67.4 66.7 45.6 45.9 30.0 51.1
object-mask 77.7 67.1 67.6 46.2 46.8 31.5 51.9

Ours
random-mask

single-fill
77.6 67.1 69.0 46.4 47.8 33.4 52.7

context-mask 77.2 66.9 68.8 46.5 47.8 32.9 52.6
object-mask 77.5 67.1 69.7 46.9 48.0 33.8 53.1

Ours
random-mask

multi-fill
78.0 67.4 67.4 46.1 46.7 31.9 51.9

context-mask 78.2 67.4 66.5 45.5 45.9 30.0 51.1
object-mask 77.9 67.7 68.1 46.6 47.5 33.0 52.6

Table 1. Comparison of different masking and refilling strategies. Accuracy on ImageNet (IN) and the five OOD datasets are reported.
OOD avg. is the average OOD accuracy on the five OOD datasets. The best accuracy is bold-faced, and the second best accuracy is
underlined. Results are averaged over three runs with different seeds.

Threshold 0.7 0.6 0.5 0.4 0.3 0.2
Image MR 0.06 0.10 0.15 0.25 0.39 0.55
Object MR 0.17 0.23 0.33 0.48 0.65 0.80

IoU 0.15 0.21 0.28 0.38 0.45 0.48

Table 2. Validation of CAM-based object masking with different
thresholds. Image masking rate (MR): masking rate of the whole
image. Object masking rate (MR): masking rate concerning the
object area. IoU: Intersection over Union regrading the object.
Averaged over a subset of masked samples constructed in training.

yield better ID accuracy. (4) Comparing the masking strate-
gies, object-mask is generally better than random-mask and
context-mask in terms of OOD accuracy.

The superiority of object-mask can be explained follow-
ing our analysis in Sec. 3.2.2. Concretely, while both mask-
ing strategies are theoretically valid, context-mask is more
dependent on refilling, since it supposes that the refilled
context can effectively lead to contradictions. This may not
be satisfied by the proposed refilling strategies, as they are
not aware of the content of the patches taken from other im-
ages. Hence, context-mask can be less effective in practice.

In addition, to verify that our CAM-based object mask-
ing results in superior OOD accuracy due to the effective
masking of objects, we calculate the average masking rates
of the objects during training. Specifically, we experiment
on the object-mask and single-fill strategy with different
CAM score thresholds. To obtain the masking rate of the
object for an ImageNet image, we take the pixel-level mask
produced by a pre-trained segmentation model [11] as the
approximation of ground truth. In addition, we compute the
masking rate of the whole image and the Intersection over
Union (IoU) regrading the object. Details are provided in
the appendix. As shown in Tab. 2, object masking rate is
significantly higher than the masking rate of the whole im-
age, which suggests that our CAM-based masking strategy
mainly masks on the objects. Besides, it is shown that as
the threshold for masking decreases, both the object mask-

ing rate and IoU increase. Hence, the CAM-based object
masking is empirically sound.

4.3. Comparison with Existing Approaches

We compare our method with three existing approaches,
namely LP-FT [23], WiSE-FT [46] and Model Soup [45],
which also aim to improve both ID and OOD accuracy of
fine-tuning. For WiSE-FT, we report the results with the
default mixing coefficient, i.e., α = 0.5. For Model Soup,
we take the uniform soup as the representative method,
which achieves the best average OOD accuracy on CLIP
fine-tuning as reported in [45]. For our approach, we con-
sider both refilling strategies, and adopt the object masking
with the CAM score threshold that yields highest valida-
tion accuracy. The results are shown in Tab. 3. First, our
approach surpasses the previous approaches in terms of av-
erage OOD accuracy. Second, our approach achieves better
ID accuracy than other approaches except for Model Soup.
Note that Model Soup takes the ensemble of many fine-
tuned models with different hyper-parameters, including
those trained with strong data augmentation. Conversely,
we do not dive into hyper-parameters tuning and do not use
data augmentation in our experiments. Third, compared
with WiSE-FT, our approach achieves superior performance
on ObjectNet and ImageNet-A, but is inferior on ImageNet-
R and ImageNet-Sketch, which suggests that the two ap-
proaches may improve different perspectives of robustness.
This motivates us to consider the integration of WiSE-FT
and our approach.

4.4. Integrating WiSE-FT

WiSE-FT ensemble the weights of the zero-shot model
and the vanilla fine-tuned model, and the ensemble model
may achieve better accuracy on both ID and OOD data.
Concretely, the weight ensemble is computed by θe =
(1 − α) · θ0 + αθ1, where θ0 is the weights of the zero-
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Model Method IN IN-V2 IN-R IN-Sketch ObjectNet IN-A OOD avg.

CLIP
ViT-B/32

Zero-shot [34] 63.4 55.9 69.3 42.3 44.5 31.4 48.7
Vanilla fine-tuning 75.9 64.7 57.0 39.8 39.5 20.0 44.2

WiSE-FT† [46] 76.6 66.6 70.2 47.1 46.3 31.9 52.4
Uniform soup‡ [45] 80.0 68.6 66.6 47.7 46.1 29.2 51.6

Ours (multi-fill) 77.9 67.7 68.1 46.6 47.5 33.0 52.6
Ours (single-fill) 77.5 67.1 69.7 46.9 48.0 33.8 53.1

CLIP
ViT-B/16

Zero-shot [34] 68.3 61.9 77.6 48.3 54.0 50.1 58.4
Vanilla fine-tuning 80.7 70.4 64.0 45.1 49.1 35.2 52.8

LP-FT [23] 81.7 71.6 72.9 48.4 / 49.1 /
WiSE-FT [46] 81.7 72.8 78.7 53.9 57.3 52.2 63.0

Ours (multi-fill) 82.5 73.4 76.4 52.7 56.8 52.0 62.3
Ours (single-fill) 82.4 73.4 78.1 53.4 57.9 53.5 63.3

Table 3. Accuracy of different methods for fine-tuning CLIP models on ImageNet (IN). OOD avg. is the average OOD accuracy on the
five OOD datasets. The best accuracy is bold-faced, and the second best accuracy is underlined. Our results are averaged over three runs
with different seeds. (†: our implementation. ‡: our evaluation on the official model.)
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Figure 7. Integration of WiSE-FT and our approach. WiSE-Ours:
weight-space ensembles of the zero-shot model and our fine-tuned
model. WiSE-KD: knowledge distillation from the WiSE-FT
model (α = 0.5). Vanilla FT: vanilla fine-tuning. For WiSE-FT
and WiSE-Ours, each point corresponds to a value of α ∈ [0, 1].

shot model, and θ1 is the weights of the fine-tuned model.
This weight-space ensemble method is agnostic of the fine-
tuning method in form. Therefore, we may expect that the
ensemble of the zero-shot model and the model fine-tuned
with our method can achieve even better results. However,
as shown in Fig. 7, such direct integration with WiSE-FT
may not improve ID and OOD accuracy simultaneously.
Specifically, only for α close to 1, the resulting model may
achieve better average OOD accuracy, but still at the cost of
lower ID accuracy. This is different from the observations
of WiSE-FT that using a medium value of α (e.g., 0.5) usu-
ally yields near-optimal results and surpass the fine-tuned

model on both ID and OOD accuracy [46]. It is suggested
that our proposed method may produce a significantly dif-
ferent model as compared with vanilla fine-tuning. In other
words, our fine-tuned weights may leave the basin of the
loss landscape where the weights of most vanilla fine-tuned
models and the pre-trained model lie in [31, 45, 46].

Another way to integrate WiSE-FT into our method is to
utilize the ensemble model produced by WiSE-FT to guide
the fine-tuning model via knowledge distillation (KD) [17].
For brevity, we name this method as “WiSE-KD”. Specif-
ically, we consider using the WiSE-FT model as another
teacher model, and add the vanilla knowledge distillation
loss [17] to our training objective Eq. (2). Details are
presented in appendix. As presented in Fig. 7, applying
WiSE-KD to our approach slightly improves both ID and
OOD accuracy. As a comparison, while applying WiSE-
KD to vanilla fine-tuning results in significantly better per-
formance, it is still inferior to our approach, especially for
OOD accuracy. This again validates the effectiveness of our
approach in improving the OOD robustness in fine-tuning.

5. Conclusion and Limitation

In this paper, we analyze the issue of robustness degra-
dation in fine-tuning from a causal perspective, and find that
masked samples can be effective counterfactual samples for
improving the OOD robustness of fine-tuning. Experiments
suggest that our approach surpass previous methods on the
OOD performance with competitive ID performance.

As discussed in Sec. 4.2, the proposed refilling strate-
gies are unaware of the content of the patches to fill, which
limit the effectiveness of the resulting counterfactual sam-
ples. Besides, the feature-based distillation may not regular-
ize the learning of the classification head of the fine-tuning
model. Future works can devote to better refilling and dis-
tillation methods conforming to the causal modeling.
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lecting data augmentation for simulating interventions. In In-
ternational Conference on Machine Learning, pages 4555–
4562. PMLR, 2021. 2, 3

[19] Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh,
Hieu Pham, Quoc Le, Yun-Hsuan Sung, Zhen Li, and Tom
Duerig. Scaling up visual and vision-language representa-
tion learning with noisy text supervision. In International
Conference on Machine Learning, pages 4904–4916. PMLR,
2021. 1, 2, 5

[20] Nan Rosemary Ke, Aniket Didolkar, Sarthak Mittal, Anirudh
Goyal, Guillaume Lajoie, Stefan Bauer, Danilo Rezende,
Yoshua Bengio, Michael Mozer, and Christopher Pal. Sys-
tematic evaluation of causal discovery in visual model based
reinforcement learning. arXiv preprint arXiv:2107.00848,
2021. 2, 3

[21] Ilyes Khemakhem, Diederik Kingma, Ricardo Monti, and
Aapo Hyvarinen. Variational autoencoders and nonlinear ica:
A unifying framework. In International Conference on Ar-
tificial Intelligence and Statistics, pages 2207–2217. PMLR,
2020. 2

[22] David Krueger, Ethan Caballero, Joern-Henrik Jacobsen,
Amy Zhang, Jonathan Binas, Dinghuai Zhang, Remi
Le Priol, and Aaron Courville. Out-of-distribution general-
ization via risk extrapolation (rex). In International Confer-
ence on Machine Learning, pages 5815–5826. PMLR, 2021.
2

[23] Ananya Kumar, Aditi Raghunathan, Robbie Matthew Jones,
Tengyu Ma, and Percy Liang. Fine-tuning can distort pre-
trained features and underperform out-of-distribution. In In-
ternational Conference on Learning Representations, 2021.
1, 2, 3, 7, 8

[24] Ananya Kumar, Aditi Raghunathan, Tengyu Ma, and Percy
Liang. Calibrated ensembles: A simple way to mitigate
id-ood accuracy tradeoffs. In NeurIPS 2021 Workshop on

9



Distribution Shifts: Connecting Methods and Applications,
2021. 2

[25] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dollár, and C Lawrence
Zitnick. Microsoft coco: Common objects in context. In
European conference on computer vision, pages 740–755.
Springer, 2014. 11

[26] Chang Liu, Xinwei Sun, Jindong Wang, Haoyue Tang, Tao
Li, Tao Qin, Wei Chen, and Tie-Yan Liu. Learning causal se-
mantic representation for out-of-distribution prediction. Ad-
vances in Neural Information Processing Systems, 34:6155–
6170, 2021. 2

[27] Ilya Loshchilov and Frank Hutter. Sgdr: Stochastic gradient
descent with warm restarts. 2016. 6, 11

[28] Ilya Loshchilov and Frank Hutter. Decoupled weight de-
cay regularization. In International Conference on Learning
Representations, 2018. 6, 11

[29] Chaochao Lu, Yuhuai Wu, José Miguel Hernández-Lobato,
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A. Experiment Details

A.1. Training Routines

For fine-tuning on ImageNet (including vanilla fine-
tuning and our approach), we use the AdamW optimizer
[28] with β1 = 0.9, β2 = 0.999, weight decay of 0.1
and gradient clipping at ℓ2-norm 1. We use a batch size
of 512, and fine-tune for 10 epochs. The learning rate is
set to 3 × 10−5 for all parameters and follows a cosine-
annealing schedule [27] with 500 warm-up steps. For both
training and testing, we resize and center-crop the images to
the size of 224× 224, and no data augmentation is applied.
Besides, different from WiSE-FT [46], we do not use label
smoothing.

A.2. Validation of CAM-based Object Masking

In Sec. 4.2, to verify that our CAM-based object mask-
ing can effectively mask the patches that cover the main
object, we report the average object masking rate and IoU
during training with different CAM score thresholds. Since
we do not have the ground truth of the masks of main ob-
jects for ImageNet, we approximate it by the prediction of
Mask2Former [11], a segmentation model pre-trained on
COCO [25] (the specific model is reported in Appendix B).
We select three super-classes defined in Restricted Ima-
geNet [41] that can be recognized by the segmentation
model, i.e., Dog, Cat and Bird, which cover 144 ImageNet
classes in total. For each training image of these classes, we
obtain the pixel-level segmentation mask Mseg correspond-
ing to the super-class, and compare it with our patch-level
CAM-based mask, which is translated to a pixel-level mask
MCAM according to the correspondence between patches
and pixels.

The metrics in Tab. 2 in the main text are defined as fol-
lows. Formally, a mask M of an image I is defined as a
subset of the pixels. Let n(·) denote the number of pixels in
a mask or an image. Then, the metrics are defined as:

• Image masking rate:
n(MCAM)

n(I)
;

• Object masking rate:
n(MCAM ∩Mseg)

n(Mseg)
;

• IoU:
n(MCAM ∩Mseg)

n(MCAM ∪Mseg)
.

A.3. WiSE-KD

In Sec. 4.4, we consider using the WiSE-FT [46] model
as a teacher model, and add the vanilla knowledge distilla-

tion loss [17] to our training objective, , i.e.,

L = LCE(g(f(x))) + γLKL(g(f(x)), ge(fe(x)))

+βLMSE(f̂(xcf ), f(xcf )),
(3)

where LKL is the Kullback-Leibler divergence loss, and fe
and ge are the encoder and classification head of the ensem-
ble model produced by WiSE-FT, correspondingly. We set
γ = 1, and use the WiSE-FT model with α = 0.5. The
temperature of the vanilla distillation is 10.

B. Use of Existing Assets
Datasets. In this paper, we utilize the following existing
benchmark datasets without modification or repackaging:

• ImageNet [36] (https://www.image- net.
org/)

• ImageNet-V2 [35] (https : / / github . com /
modestyachts/ImageNetV2)

• ImageNet-R [15] (https : / / github . com /
hendrycks/imagenet-r)

• ImageNet-Sketch [42] (https://github.com/
HaohanWang/ImageNet-Sketch)

• ObjectNet [5] (https://objectnet.dev/)

• ImageNet-A [16] (https : / / github . com /
hendrycks/natural-adv-examples)

In our experiments, we select the hyper-parameters based
on validation accuracy on ImageNet, and use the other
datasets solely for robustness evaluation. For ObjectNet,
we follow the official guidance to remove the red borders of
the images before other preprocessing steps in evaluation.

Code and pre-trained model weights. The experiments
in this paper are based on the code and pre-trained model
weights provided by the following packages or GitHub
repositories:

• PyTorch [32] (https : / / github . com /
pytorch/pytorch)

• CLIP [34] (https://github.com/openai/
CLIP)

• WiSE-FT [46] (https : / / github . com /
mlfoundations/wise-ft)

• Model Soup [45] (https : / / github . com /
mlfoundations/model-soups/issues/1):
we use the pre-trained weights of uniform soup pro-
vided by the authors in an issue.
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• Mask2Former [11] (https://github.com/
facebookresearch / Mask2Former / blob /
main/MODEL_ZOO.md): we use the pre-trained
model with ID 48558700_7.

12

https://github.com/facebookresearch/Mask2Former/blob/main/MODEL_ZOO.md
https://github.com/facebookresearch/Mask2Former/blob/main/MODEL_ZOO.md
https://github.com/facebookresearch/Mask2Former/blob/main/MODEL_ZOO.md

	1 . Introduction
	2 . Related Works
	2.1 . Causal Perspective on OOD Robustness
	2.2 . ID-OOD Trade-off in Fine-tuning
	2.3 . Learning with Masked Images

	3 . Method
	3.1 . Revisit OOD Robustness of Fine-tuned Models from a Causal Perspective
	3.1.1 The SCM for Image Generation Across Domains
	3.1.2 Spurious Correlation and OOD Robustness

	3.2 . Masked Images as Counterfactual Samples
	3.2.1 Choosing the Masked Regions
	3.2.2 Refilling the Masked Images


	4 . Experiments
	4.1 . Setup
	4.2 . Masking and Refilling Strategies
	4.3 . Comparison with Existing Approaches
	4.4 . Integrating WiSE-FT

	5 . Conclusion and Limitation
	A . Experiment Details
	A.1 . Training Routines
	A.2 . Validation of CAM-based Object Masking
	A.3 . WiSE-KD

	B . Use of Existing Assets

