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ABSTRACT

Highly performant large-scale pre-trained models promise to also provide a valuable
foundation for learning specialized tasks, by fine-tuning the model to the desired
task. By starting from a good general-purpose model, the goal is to achieve both
specialization in the target task and maintain robustness. To assess the robustness
of models to out-of-distribution samples after fine-tuning on downstream datasets,
we introduce a new robust fine-tuning benchmark, ImageNet-RIB (Robustness
Inheritance Benchmark). The benchmark consists of a set of related but distinct
specialized (downstream) tasks; pre-trained models are fine-tuned on one task in
the set and their robustness is assessed on the rest, iterating across all tasks for
fine-tuning and assessment. We find that the continual learning methods, EWC
and LwF maintain robustness after fine-tuning though fine-tuning generally does
reduce performance on generalization to related downstream tasks across models.
Not surprisingly, models pre-trained on large and rich datasets exhibit higher initial
robustness across datasets and suffer more pronounced degradation during fine-
tuning. The distance between the pre-training and downstream datasets, measured
by optimal transport, predicts this performance degradation on the pre-training
dataset. However, counterintuitively, model robustness after fine-tuning on related
downstream tasks is the worst when the pre-training dataset is the richest and the
most diverse. This suggests that starting with the strongest foundation model is not
necessarily the best approach for performance on specialist tasks. The benchmark
thus offers key insights for developing more resilient fine-tuning strategies and
building robust machine learning models1.

1 INTRODUCTION

Deep learning has progressed towards utilizing larger datasets (Lin et al., 2014; Russakovsky et al.,
2015; Schuhmann et al., 2022) and deeper architectures (Dosovitskiy et al., 2021; He et al., 2016;
Jiang et al., 2023). Consequently, starting with a model pre-trained on a large-scale dataset and
fine-tuning it for specific downstream tasks has become standard in machine learning to achieve
better performance than training from scratch. While this approach capitalizes on the extensive
knowledge embedded in pre-trained models, it often results in a significant loss of that knowledge
due to catastrophic forgetting (French, 1999; Robins, 1995). To mitigate this issue, methods only
training a part of the pre-trained model such as linear probing, low-rank adaptation (Hu et al., 2021),
and visual prompt (Bahng et al., 2022) have been proposed. However, these methods typically
underperform compared to fine-tuning the entire model on the downstream task.

Fine-tuning on the downstream task also negatively impacts a model’s robustness to out-of-distribution
(OOD) samples as the model is optimized for a narrower distribution (Figure 1). This issue has been
extensively studied using various OOD datasets, typically beginning with an ImageNet pre-trained
model and evaluating it on OOD datasets that exhibit natural distribution shifts, such as changes in
viewpoints (Barbu et al., 2019), time (Recht et al., 2019), styles (Hendrycks et al., 2021a; Wang et al.,
2019), or synthetic data based on the original dataset (Hendrycks & Dietterich, 2019; Salvador &
Oberman, 2022).

1https://jd730.github.io/projects/ImageNet-RIB
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Figure 1: Conceptual diagram of the impact of fine-tuning on pre-trained models on out-of-
distribution (OOD) generalization. A model fpre pre-trained on the dataset Dpre (purple solid
circle) can generalize to certain out-of-distribution data (purple dashed circle). The dashed gray line
represents a volume (D) containing inter-related OOD datasets (dark gray ellipsoids). Fine-tuning on
one of these datasets, referred to as the downstream dataset (Ddown, blue) shifts fpre to fdown, making
it more specialized to Ddown (blue dashed ellipsoid). This specialization improves performance on
Ddown and possibly others within the inter-related OOD set (green solid ellipsoids), but may also lead
to degradation on some OOD datasets (red solid ellipsoids).
Taori et al. (2020) proposed a benchmark that evaluates pre-trained models fine-tuned on ImageNet-
1K across multiple realistic ImageNet-based OOD datasets. It is widely used to measure model
robustness changes after fine-tuning (Kumar et al., 2022; Wortsman et al., 2022a;b) However, this
benchmark only uses one downstream task (ImageNet-1K), and certain pre-training datasets may
include parts of ImageNet as they are often uncurated (Schuhmann et al., 2022). This limitation
motivates the need for a broader and more comprehensive evaluation of robustness across multiple
OOD datasets.

In this paper, we introduce ImageNet-RIB (Robustness Inheritance Benchmark), a new benchmark
designed to assess the robustness of fine-tuned models across diverse downstream and evaluation
OOD dataset pairs related to ImageNet. For each experiment, we fine-tune a pre-trained model on
one OOD dataset (as a downstream dataset) and evaluate its performance on the remaining OOD
datasets. This process is repeated across all available datasets to thoroughly assess how well the
model retains robustness after fine-tuning. To achieve this, we employ a variety of fine-tuning
strategies, including vanilla fine-tuning, linear probing (fine-tuning the last layer only), LoRA (Hu
et al., 2021), regularization-based continual learning methods (Li & Hoiem, 2017; Zenke et al., 2017),
and robust fine-tuning methods (Kumar et al., 2022; Wortsman et al., 2022a;b). We also investigate
the relationship between dataset distance metrics and robust fine-tuning outcomes, allowing us to
estimate the robustness changes prior to training.

Our experimental results show that models pre-trained on larger and more diverse datasets demonstrate
superior robustness on the OOD datasets and accuracy on ImageNet-1K. However, fine-tuning causes
performance drops on ImageNet-1K, which we find is aligned with the distance between the pre-
training dataset and the downstream dataset, as measured by Optimal Transport Dataset Distance
(OTDD) (Alvarez-Melis & Fusi, 2020). The combination of Model Soup (Wortsman et al., 2022a)
with regularization-based continual learning methods achieves the best performance in the benchmark,
while linear probing performs the best when using LAION-2B pre-trained models. Furthermore, our
findings indicate that continual learning methods not only mitigate catastrophic forgetting related
to the pre-training dataset but also enhance robustness when compared to standard fine-tuning.
This improvement is attributed to leveraging the distributional properties of both pre-training and
downstream datasets. Interestingly, pre-training on LAION-2B, despite its size and diversity, does
not always yield the best results when fine-tuned on downstream tasks, suggesting that starting with
large, rich datasets may not always be the optimal approach for preserving robustness.

In summary, the contributions of this paper are four-fold:

• We propose ImageNet-RIB, a new benchmark leveraging multiple ImageNet-based OOD
datasets to quantify the robustness of fine-tuned models in comparison to pre-trained models.

• We find that the performance drop on the pre-training dataset during fine-tuning can be
predicted by the distance between pre-training and downstream datasets.
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• We empirically demonstrate that regularization-based continual learning methods improve
robustness by leveraging both the pre-training and downstream dataset distributions and this
improvement is amplified when combined with robust fine-tuning methods.

• The absolute performance of the models pre-trained on richer datasets is worse on the
downstream tasks, suggesting that starting with rich foundation models may not always be
the best approach.

2 RELATED WORK

2.1 ROBUSTNESS IN MACHINE LEARNING

Robustness in machine learning refers to a models ability to maintain performance under various
perturbations, such as noise, corruption, and domain shifts. Robustness is typically evaluated on
synthetic datasets derived from original data (Hendrycks & Dietterich, 2019; Salvador & Oberman,
2022) or real-world datasets featuring distribution shifts, such as different viewpoints (Barbu et al.,
2019), styles (Hendrycks et al., 2021a; Wang et al., 2019), or temporal changes (Recht et al., 2019).
To develop more robust models, data augmentation techniques have been widely explored including
style transfer (Geirhos et al., 2019), perturbation-based image-to-image networks (Hendrycks et al.,
2021a), and adversarial logit pairing (Kannan et al., 2018). Robust-fine-tuning usually aims to
maintain the robustness of the pre-trained model to OOD datasets during fine-tuning. Taori et al.
(2020) address the limitations of previous robustness evaluations that used synthetic datasets by
proposing a new evaluation protocol that utilizes realistic datasets; ImageNet-V2, ImageNet-A,
ImageNet-R, ImageNet-Sketch, and ObjectNet after fine-tuning on ImageNet. This benchmark
is widely used with vision and language models such as CLIP (Radford et al., 2021). Shi et al.
(2023) extend this to joint training on two dataset; ImageNet-1K with CIFAR-10 (Krizhevsky et al.,
2009) or YFCC (Thomee et al., 2016). To solve this problem, Wortsman et al. (2022a) demonstrate
that averaging the parameters of multiple trained models improves both in-distribution and OOD
performance. WiSE-FT (Wortsman et al., 2022b) further shows that linearly interpolating the weights
of pre-trained CLIP and ImageNet fine-tuned CLIP improves robustness, although it requires tuning
the interpolation ratio for optimal performance. Goyal et al. (2023) show that contrastive learning
using text encoder in fine-tuning improves robustness. Kumar et al. (2022) propose a two-stage
method (LP-FT) that first applies linear probing followed by fine-tuning the entire network. Recently
concurrent work (Ramanujan et al., 2024) analyzes the effect of pre-training datasets on robust
fine-tuning in the WILDS (Koh et al., 2021) dataset, showing that having more data is beneficial,
while greater diversity per class is not. Unlike existing benchmarks (Shi et al., 2023; Taori et al.,
2020), which only fine-tune on ImageNet or two datasets simultaneously from unknown or uncurated
pre-training datasets, our benchmark provides diverse downstream datasets for a comprehensive
understanding of robust fine-tuning.

2.2 SINGLE DOMAIN GENERALIZATION

Single-domain generalization refers to the task where only one source domain is available during
training, and the model is evaluated on multiple unseen target domains (Qiao et al., 2020). While the
high-level concept is similar to the existing robust fine-tuning benchmark (Taori et al., 2020), the
objectives differ. Robust fine-tuning focuses on maintaining or improving a model’s robustness to
OOD datasets during fine-tuning, whereas single-domain generalization aims to achieve generalization
to unseen OOD datasets, often through meta-learning-based data augmentation (Chen et al., 2023;
Qiao et al., 2020) or adaptive batch normalization (Fan et al., 2021). Recently, Fan et al. (2021)
applied single-domain generalization to the PACS dataset (Li et al., 2017), using one domain as
the training set and the remaining domains as test sets. This setup resembles our ImageNet-RIB
benchmark in that each dataset is used for training while the others are used for testing. However, the
goals of the two benchmarks differ: our robust fine-tuning benchmark aims to mitigate robustness
degradation during fine-tuning, while single-domain generalization benchmarks focus on improving
generalizability from a single source domain.

3
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2. Fine-tune on the downstream dataset1. Choose one dataset

ImageNet-R
ImageNet-A

ImageNet-V2
ImageNet-Cartoon

ImageNet-Sketch
ImageNet-Drawing

ObjectNet

3. Evaluate on other OOD datasets
Pre-Trained Model Fine-Tuned Model

66 15 66 392628

59 21 61 513247

ImageNet-C

56

52

IN-V2 IN-A IN-CIN-Sketch ObjNet IN-DrawingIN-Cartoon

Robustness
Change

ImageNet OOD Datasets

4. Repeat 1-3

(+ regularization)

Acc(       )

Acc(       )

-5 +6 -5 +12+6+19 -4

Figure 2: Illustration of the ImageNet-RIB benchmark. (1) The process begins by selecting one
dataset from the set of ImageNet OOD datasets as the downstream dataset Ddown (2) The pre-trained
model is fine-tuned on Ddown, then (3) evaluated on the remaining OOD datasets to assess robustness
changes compared to the pre-trained model. (4) This process is repeated across all OOD datasets as
downstream tasks, ensuring a detailed evaluation of fine-tuning’s impact on robustness.

2.3 CONTINUAL LEARNING

Continual learning aims to enable models to learn new tasks without forgetting previously learned
knowledge. Existing approaches can be broadly categorized into three types: regularization-based
methods, replay-based methods, and architecture-based methods. Regularization-based methods (Che-
ung et al., 2019; Kirkpatrick et al., 2017; Li & Hoiem, 2017; Zenke et al., 2017) use additional loss
terms to limit changes to the model’s parameters, ensuring that previously learned knowledge is
retained. For instance, Kirkpatrick et al. (2017) employ the Fisher information matrix to determine
the importance of each parameter, helping to preserve critical weights from earlier tasks. Li & Hoiem
(2017) use knowledge distillation to transfer outputs from a model trained on past tasks to guide
learning new tasks. Replay-based methods (Robins, 1995) mitigate catastrophic forgetting by creating
a replay buffer that contains a small subset of previous task data or synthetic data (Van de Ven et al.,
2020) and a model is trained on the buffer along with a new task. Techniques such as reservoir
sampling, reinforcement learning (Rebuffi et al., 2017), and gradient-based selection (Aljundi et al.,
2019) help efficiently manage memory and select important data. Architecture-based methods modify
the models structure to accommodate new tasks. These methods dynamically grow the network as
needed. For example, Rusu et al. (2016), Yan et al. (2021), and Wang et al. (2022) introduce new
model components for each task and use distillation to integrate them with the previous model. In our
work, we focus on regularization-based continual learning methods to ensure a fair comparison with
other fine-tuning approaches.

3 IMAGENET ROBUSTNESS INHERITANCE BENCHMARK (IMAGENET-RIB)

We propose the ImageNet-RIB (Robustness Inheritance Benchmark), a novel benchmark designed
to measure robustness using existing ImageNet-related out-of-distribution (OOD) datasets as both
downstream and evaluation datasets. ImageNet-RIB fine-tunes pre-trained models on a variety of
downstream datasets, then evaluates robustness to other OOD datasets in the benchmark (Figure 2),
offering a more comprehensive understanding of robustness fine-tuning.

3.1 BENCHMARK PROTOCOL AND ROBUSTNESS METRIC

Protocol Figure 2 and Algorithm 1 in Appendix illustrate the protocol of our benchmark. Given a
set of out-of-distribution (OOD) datasets D = {D1, D2, ..., Dn}, a model pre-trained on the dataset
Dpre is fine-tuned on the downstream dataset Ddown ∼ D. After fine-tuning, both the pre-trained

4
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model and the fine-tuned model are evaluated on the remaining datasets in D \Ddown. This process is
repeated by selecting each dataset in D as the downstream dataset.

Metric We define the robustness improvement score (RI) as the average relative robustness (Taori
et al., 2020). Specifically, RI measures the accuracy difference between fine-tuned and pre-trained
models on OOD datasets. Formally, robustness improvement (RI) after fine-tuning on Di(= Ddown)
is defined as:

RIi =
1

n− 1

n∑
j=1,j 6=i

A
(j)
i −A(j)

pre , (1)

where A
(j)
pre and A

(j)
i denote the average accuracies of pre-trained and fine-tuned models on Dj ,

respectively. In addition to relative robustness, effective robustness (Taori et al., 2020) is an alternative
metric commonly used to evaluate OOD performance. Effective robustness measures how much the
accuracy of a model deviates from an expected baseline, typically using a reference in-distribution
dataset (e.g., ImageNet-1K). While effective robustness is insightful, we use relative robustness in
this benchmark to facilitate direct comparisons between different fine-tuning methods and initial
pre-training datasets. We summarize the overall robustness improvement across all datasets as the
mean robustness improvement (mRI).

3.2 DATASET SUITES

We leverage all existing ImageNet OOD datasets designed for measuring robustness to distribu-
tion shifts: ImageNet-V2 (Recht et al., 2019), ImageNet-A (Hendrycks et al., 2021b), ImageNet-
Drawing (Salvador & Oberman, 2022), ImageNet-Cartoon (Salvador & Oberman, 2022), and
ImageNet-Sketch (Wang et al., 2019), ObjectNet (Barbu et al., 2019), and ImageNet-C (Hendrycks &
Dietterich, 2019). Although ObjectNet and ImageNet-C were originally designed solely for evaluat-
ing the OOD performance of ImageNet pre-trained models, with restrictions on their use for training,
we extend their application in this benchmark by fine-tuning models on these datasets and evaluating
their robustness on other OOD datasets. For detailed descriptions of each dataset, please refer to
Appendix A.1.

4 EXPERIMENTS

We use the RIB benchmark to assess the robustness of different pre-trained models to fine-tune on a
set of related downstream tasks. The goal is to assess which methods of fine-tuning do best across
multiple pre-training datasets.

4.1 EXPERIMENTAL DETAILS

Pre-Trained Models We use several architectures of Vision Transformer (ViT) (Dosovitskiy et al.,
2021) and ResNet (He et al., 2016). The models are pre-trained on ImageNet-1K (Russakovsky et al.,
2015), or ImageNet-21K (Ridnik et al., 2021) and then fine-tuned on ImageNet-1K. The standard
data augmentation and regularization technique for ViT, AugReg (Steiner et al., 2022) can also be
used for training on ImageNet-1K or ImageNet-21K. Alternatively, some models are pre-trained on
LAION-2B (Schuhmann et al., 2022) or OpenAI CLIP (Radford et al., 2021), followed by fine-tuning
on ImageNet-1K. In other words, all pre-trained models are trained on ImageNet-1K to directly
leverage its classifier before conducting experiments. For simplicity, we refer to them by the names
of the first pre-training datasets (e.g., ImageNet-21K, LAION-2B).

In the main paper, we focus on ImageNet-1K with AugReg pre-trained ViT-B/16 and experiments
using other pre-trained models are reported in Appendix D along with ImageNet-1K with SAM (Chen
et al., 2022) and ImageNet-21K-P (Ridnik et al., 2021). We employ the timm (Wightman, 2019) and
torchvision (maintainers & contributors, 2016) for acquiring model weights and implementation.
Please refer to Appendix A.2 for more details.

Methods We employ standard fine-tuning methods, regularization-based continual learning meth-
ods, and robust fine-tuning methods for measuring performance on the proposed benchmark. The
fine-tuning methods we evaluate include vanilla fine-tuning (FT), Linear Probing, LoRA (Hu et al.,

5
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Table 1: The average accuracy of various pre-trained ViT-B/16 on each OOD dataset. LAION-2B
pre-trained model generally has the best performance.

Dpre ImageNet-1K Realistic OOD Synthetic OOD
IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

IN-1K + AugReg 79.2 66.4 15.0 38.0 28.0 25.7 66.2 39.1 56.0
IN-21K 81.8 71.4 32.0 47.3 35.8 33.1 69.4 44.1 58.3

IN-21K + AugReg 84.5 74.0 43.2 56.8 43.2 39.1 75.1 54.9 66.5
OpenAI 85.3 75.7 47.3 65.9 50.9 50.7 76.3 55.7 62.6

LAION-2B 85.5 75.6 41.5 68.8 55.4 42.3 78.2 58.4 63.0
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Figure 3: Relationship between post fine-tuning ImageNet-1K accuracy and the distance between
ImageNet-1K and the downstream dataset. As the distance increases, accuracy generally decreases
across fine-tuning methods. We exclude synthetic datasets since it is made from ImageNet-1K
validation set that causes interference.

Table 2: Pearson correlation coefficient between the accuracy on ImageNet-1K and the dataset
distance between ImageNet-1K and each downstream dataset. There is a negative correlation between
accuracy and dataset distance. Notably, FT and Prompter consistently exhibit a strong negative
correlation across different pre-trained models.

Method FT LinearProbing Prompter LoRA EWC LwF LP-FT WiSE-FT MS:PRE-FT-EWC-LwF

IN-1K + AugReg -0.64 -0.22 -0.91 -0.63 -0.57 -0.49 -0.59 -0.46 -0.54
IN-21K -0.77 -0.36 -0.92 -0.25 -0.88 -0.56 -0.69 -0.92 -0.89

IN-21K + AugReg -0.68 0.10 -0.86 -0.63 -0.91 -0.38 -0.39 -0.52 -0.51
LAION-2B -0.67 -0.19 -0.74 -0.31 -0.32 -0.44 -0.56 -0.31 -0.13

2021), Visual Prompt (Bahng et al., 2022), LwF (Li & Hoiem, 2017), and EWC (Kirkpatrick et al.,
2017)2. We do not use LoRA for ResNet as they are designed for ViT. We also employ robust
fine-tuning methods; LP-FT (Kumar et al., 2022), WiSE-FT (Wortsman et al., 2022b), and uniform
model soup (Wortsman et al., 2022a), which averages the parameters of pre-trained model, vanilla
fine-tuned model (FT), LwF, and EWC. We denote the uniform model soup MS:PRE-FT-EWC-LwF
to reveal the source of the parameters.

Training Each pre-trained model is fine-tuned on the downstream dataset for 10 epochs with a
batch size of 64. We use stochastic gradient descent (SGD) with a learning rate of 0.005 and a
momentum of 0.9 with cosine annealing (Loshchilov & Hutter, 2017). Visual Prompt is trained
for 10 epochs with a learning rate of 40 without weight decay following Bahng et al. (2022). The
experiment was conducted on NVIDIA A100. Please refer to Appendix A.3 and the code repository
for detailed implementation.

Dataset Distance We measure the distance between datasets by using Optimal Transport Dataset
Distance (OTDD) (Alvarez-Melis & Fusi, 2020) and Normalized Compression Distance (NCD) (Cili-
brasi & Vitányi, 2005). We measure the distance in the image space and the feature space from
ImageNet-1K with AugReg pre-trained ViT-16/B, class tokens before the classifier layer. For NCD,
we employ concatenated images and features. We use OTDD in the feature space in the main paper
and other distance metrics are discussed in Appendix B.

2We do not use other continual learning methods as the pre-training dataset is not accessible, and to ensure a
fair comparison with other methods.
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Table 3: mean Robustness Improvement (mRI) of each method with different architectures and
pre-training datasets. Model Soup (MS) and WiSE-FT generally achieve the best performance while
Linear Probing performs the best with LAION-2B pre-trained models.

Architecture ViT-B/16 ViT-B/32 ViT-S/16 ViT-S/32 ViT-L/16 ResNet-18 ResNet-50

Method
IN-1K

+ AugReg IN-21K
IN-21K

+ AugReg OpenAI LAION-2B
IN-1K

+ AugReg
IN-21K

+ AugReg OpenAI LAION-2B
IN-1K

+ AugReg
IN-21K

+ AugReg
IN-21K

+ AugReg IN-1K
IN-21K

+ AugReg IN-1K IN-1K

FT 1.3 -0.1 -5.5 -38.0 -38.1 -8.2 -0.0 -0.1 -28.7 -31.6 -2.3 -2.9 1.3 -2.1 -5.2 -5.2
Linear Probing 0.7 0.4 -0.3 -2.0 -2.0 1.1 0.3 -1.3 -1.4 0.3 -0.2 -0.1 0.5 -1.3 -7.3 -11.2
Visual Prompt -4.5 -9.4 -8.8 -8.4 -8.2 -5.4 -8.4 -8.0 -8.4 -7.4 -9.2 -9.6 -6.7 -12.9 -8.3 -6.5

LoRA 0.9 -0.3 -2.1 -3.6 -3.6 0.9 0.9 -1.8 -1.9 0.9 -1.5 0.4 0.4 1.0 - -
EWC 2.8 1.4 0.6 -12.7 -12.5 1.3 1.6 -7.0 -10.0 1.6 1.6 1.0 1.7 1.1 -5.7 -8.9
LwF 3.1 1.6 -1.0 -33.1 -33.9 1.8 1.7 -23.9 -26.7 0.6 0.5 0.3 2.7 -0.2 -1.9 -5.8

LP-FT 2.3 0.5 -2.6 -36.9 -37.1 1.5 1.2 -27.7 -30.8 -1.2 -0.8 -1.1 2.1 -3.5 -4.8 -5.1
WiSE-FT 3.6 2.5 1.7 -18.1 -21.6 2.5 3.0 -9.7 -13.5 2.9 2.8 2.3 2.7 2.3 0.7 1.2

MS 3.9 2.7 2.2 -16.0 -17.9 2.5 2.8 -8.1 -10.9 3.0 2.8 2.3 2.8 2.5 -0.1 -0.5

Table 4: RI and mRI of ImageNet-1K with AugReg pre-trained ViT-B/16 with different fine-tuning
methods and downstream datasets on each OOD dataset in ImageNet-RIB.

Method mRI
Realistic Downstream Dataset Synthetic Downstream Dataset

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

FT 1.3 2.9 -4.0 2.8 4.4 -2.7 0.6 0.4 5.9
Linear Probing 0.7 0.1 -0.1 0.8 1.2 0.3 0.2 0.1 3.2
Visual Prompt -4.5 -2.3 -9.1 -4.9 -1.6 -11.2 -3.9 -4.3 1.7

LoRA 0.9 0.2 0.4 1.1 2.6 0.3 -0.1 1.3 1.1
EWC 2.8 2.9 -0.2 5.2 4.4 1.4 1.6 2.8 4.3
LwF 3.1 2.8 -0.0 6.2 4.6 0.7 1.9 2.1 6.5

LP-FT 2.3 3.0 -0.9 5.2 4.5 -0.1 1.2 0.6 4.7
WiSE-FT 3.6 2.5 0.7 7.5 4.5 2.1 2.3 3.0 6.5

MS:PRE-FT-EWC-LwF 3.9 2.7 0.7 7.8 5.0 2.2 2.4 3.3 6.7

4.2 OPTIMAL TRANSPORT DATASET DISTANCE ALIGNS WITH IMAGENET-1K ACCURACY
DROP DURING FINE-TUNING

First, we start with the baseline of assessing model performance on the set of OOD tasks without
any fine-tuning. Not surprisingly, models pre-trained on larger and more diverse datasets have
better performance on both ImageNet-1K and downstream datasets as shown in Table 1. However,
the ImageNet-21K with AugReg pre-trained model achieves better performance on ImageNet-C
than LAION-2B pre-trained model since AugReg includes several corruptions in ImageNet-C (e.g.,
brightness and contrast).

We consider how the accuracy on ImageNet-1K changes after fine-tuning on each downstream dataset.
We compute the Optimal Transport Dataset Distance (OTDD) (Alvarez-Melis & Fusi, 2020) between
downstream datasets and ImageNet-1K in the feature space extracted from pre-trained ViT-B/16
models. Synthetic datasets are excluded from this comparison, as they are generated from the
ImageNet-1K validation set. In general, ImageNet-1K accuracy decreases as the distance between
the downstream dataset and ImageNet-1K (pre-training dataset) increases as shown in Figure 3. We
also calculate the Pearson correlation coefficient between the accuracy and the distance in Table 2
and there is a negative correlation regardless of the method except linear probing. Especially, FT and
Prompter show a strong correlation (< -0.5). However, we did not find clear evidence of a correlation
between the OTDD and the accuracy on out-of-distribution (OOD) datasets after fine-tuning on
downstream datasets. Please refer to Appendix B for comparison with other dataset distances.

4.3 MODELS THAT COMBINE CONTINUAL LEARNING WITH ROBUST FINE-TUNING DO BEST

Table 5 presents accuracy on each OOD dataset before and after fine-tuning an ImageNet-1K with
AugReg pre-trained ViT-B/16 model with each method on the downstream dataset. We also illustrate
performance on each corruption in ImageNet-C in Table 35 in the Appendix. Linear probing (LP)
generally changes performance on both ImageNet-1K and OOD datasets less than fine-tuning (FT)
as the backbone network is fixed. However, both methods exhibit similar increase and decrease
patterns. Visual Prompt reduces performance even on ImageNet-1K after fine-tuning on synthetic
datasets of the ImageNet validation set. This is inconsistent with Bahng et al. (2022), which showed
its robustness to OOD datasets. Continual learning methods and robust fine-tuning methods generally
improve performance on most OOD datasets after fine-tuning on the downstream datasets. A strong
correlation exists between ImageNet-R, ImageNet-Sketch, and ImageNet-Drawing, as they share
drawing and sketch renditions, and ImageNet-R and ImageNet-Sketch share images. Fine-tuning on
ImageNet-C improves performance on other synthetic datasets but the converse does not hold. This
is because ImageNet-C contains 15 different corruptions with 5 different severity.
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From these results, we see that the combination of a robust fine-tuning method (Wortsman et al.,
2022a) with continual learning methods (MS:PRE-FT-EWC-LwF) achieves the highest mean robust-
ness improvement (mRI) across different backbones and pre-training datasets as shown in Table 3.
Moreover, end-to-end continual learning methods show comparable performance to the multi-stage
method (Kumar et al., 2022) or the post-hoc robustness method (Wortsman et al., 2022b). We believe
that this shows the potential of continual learning methods in the field of robust fine-tuning. The
robustness of linear probing and Visual Prompt remains relatively unchanged since they do not modify
the models’ weights significantly but their performance on the downstream dataset tends to be worse
(see Appendix D.2). Consequently, they have much better performance with LAION-2B pre-trained
models compared to other methods, which show a significant robustness decrease.

Individual robustness improvement scores (RI) after fine-tuning on each downstream dataset with
ImageNet-1K with AugReg pre-trained ViT-B/16 also show that MS:PRE-FT-EWC-LwF consistently
performs the highest in most downstream datasets, followed by WiSE-FT as demonstrated in Table 4.
This is because they directly use the weights of pre-trained models, thus taking advantage of their
robustness. In contrast, Visual Prompt severely deteriorates robustness with all downstream datasets.

4.4 PARADOXICALLY, MODELS PRE-TRAINED ON THE LARGEST DATASETS DO WORST
AFTER FINE-TUNING

The extent of robustness degradation increases with the size and diversity of the pre-training dataset,
as illustrated in Table 3 and Figure 4. As a result, the robustness of fine-tuned models pre-trained on
larger datasets (e.g., LAION-2B, OpenAI) exhibit worse robustness compared to those pre-trained
on smaller datasets and their corresponding fine-tuned counterparts when using vanilla fine-tuning.
One possible explanation is that models pre-trained on the larger, more diverse dataset demonstrate
higher robustness to OOD datasets (see Table 1). Consequently, these models have more room
for performance degradation from catastrophic forgetting. However, this does not fully explain
the pronounced robustness loss observed in LAION-2B pre-trained models and OpenAI CLIPs,
particularly when compared to ImageNet-21K with AugReg pre-trained models, which exhibit similar
initial robustness. Moreover, Appendix C shows that these models learn downstream datasets slower
than the ImageNet-21K with AugReg pre-trained model and the catastrophic robustness degradation
happens in the beginning of fine-tuning.

Notably, ImageNet-21K and its variants begin to cause robustness degradation, especially when
using vanilla fine-tuning. This could be an early indicator of performance decay in larger pre-trained
models. Although ImageNet-21K is the second-largest dataset with 14 million images, it is much
smaller than LAION-2B, which contains two billion images. We hypothesize that this discrepancy in
dataset size contributes to the difference in robustness degradation. However, further investigation is
required to pinpoint when severe robustness degradation begins and to identify its underlying causes.

5 DISCUSSION

In this work, we introduced ImageNet-RIB (Robustness Inheritance Benchmark), a comprehensive
benchmark designed to assess the robustness of fine-tuned models relative to pre-trained models across
diverse out-of-distribution (OOD) datasets. A key distinction of ImageNet-RIB is that it fine-tunes
models on multiple downstream datasets and evaluates their performance on various OOD datasets,
providing a more holistic understanding of robustness compared to the prior benchmark (Taori et al.,
2020), which focused on a single downstream dataset. This expanded framework allows us to better
examine how downstream dataset distributions affect OOD performance.

Our results demonstrate that continual learning methods and robust fine-tuning approaches, partic-
ularly in combination, are effective in preserving or even improving robustness. Specifically, the
combination of Model Soup with continual learning techniques consistently achieved superior perfor-
mance. This finding underscores the potential of integrating these strategies to mitigate catastrophic
forgetting and enhance the robustness to OOD datasets.

We also found that models pre-trained on larger, more diverse datasets, such as LAION-2B, experi-
enced more severe robustness degradation during fine-tuning. While these models exhibited high
initial robustness, the performance drop was more prominent compared to models pre-trained on
smaller datasets like ImageNet-1K, leading to even worse performance. In these scenarios, simpler
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Figure 4: Fine-tuning LAION-2B pre-trained model and OpenAI CLIP cause severe robustness
loss relative to ImageNet-1K pre-trained model. The average accuracy on OOD datasets before
(blue) and after (red) fine-tuning with each method on downstream datasets. The red bar is calculated
directly by evaluating pre-trained models on OOD datasets while the blue bar is calculated by adding
mRI of each method to the pre-trained models’ accuracy. Note that it is identical to the average
accuracy on OOD datasets after fine-tuning on each downstream dataset (mRI + 1

n

∑n
i A

(i)
pre =

1
n

∑
j

1
n−1

∑n
i,i 6=j A

(i)
down). Fine-tuning LAION-2B pre-trained model and OpenAI CLIP on the

downstream OOD datasets causes severe robustness loss leading to worse performance than ImageNet-
1K with AugReg pre-trained model. Conversely, ImageNet-1K with AugReg pre-trained model
improves robustness after fine-tuning. Note that the difference between red and blue bars is mRI .

methods such as linear probing, which freeze most of the model’s layers, were more effective in
maintaining robustness, as more complex methods often led to significant performance degradation.
This highlights the nuanced relationship between the size and diversity of the pre-training dataset and
the model’s ability to generalize after fine-tuning.

Despite these contributions, our work has certain limitations. We primarily focused on fine-tuning,
continual learning, and robust fine-tuning methods. Future research could explore the role of advanced
data augmentation techniques (Cubuk et al., 2019; Hendrycks et al., 2021a; Wang et al., 2023) in
further improving OOD robustness. Moreover, while Optimal Transport Dataset Distance (OTDD)
shows promise in predicting performance degradation on the pre-training dataset after fine-tuning,
more refined metrics are needed to better capture and address robustness degradation.

Future research should focus on understanding the significant robustness degradation after fine-tuning
observed in models pre-trained on larger datasets like LAION-2B. Uncovering why such extensive
pre-training leads to worse robustness compared to models pre-trained on smaller datasets could
inform more effective robustness fine-tuning strategies. Moreover, expanding the scope of our
analysis to include a broader range of model architectures and datasets would further enhance the
generalizability of our findings. We believe that ImageNet-RIB offers a valuable framework for
studying the impact of fine-tuning on OOD generalization, and we hope this work encourages further
research into developing more robust and generalizable machine learning models.
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Table 5: The accuracy on each OOD dataset after fine-tuning on ImageNet-1K with AugReg pre-
trained ViT-B/16 on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 79.2 66.4 15.0 38.0 28.0 25.7 66.2 39.1 56.0

FT

IN-V2 78.4 - 25.2 41.9 29.2 37.1 64.7 40.4 57.4
IN-A 72.9 60.6 - 36.7 24.9 35.0 55.3 32.6 53.5
IN-R 69.8 59.2 20.9 - 46.7 32.0 61.3 51.4 52.0
IN-Sketch 75.7 63.9 17.3 59.1 - 33.0 66.3 50.8 53.8
ObjNet 74.4 62.2 24.9 36.3 25.1 - 55.6 33.6 52.3
IN-Cartoon 85.2 63.5 19.9 40.5 29.5 33.5 - 41.2 51.3
IN-Drawing 81.5 62.9 16.5 41.1 32.7 32.4 64.2 - 56.0
IN-C 99.8 61.1 13.9 37.0 25.1 27.7 92.2 70.2 -

Linear Probing

IN-V2 79.1 - 15.6 38.2 28.1 33.1 66.2 39.0 55.9
IN-A 78.6 65.9 - 38.5 27.4 34.1 65.6 38.6 55.8
IN-R 78.7 66.6 17.1 - 30.2 33.4 66.1 39.8 56.2
IN-Sketch 77.2 64.8 16.6 46.3 - 33.5 65.6 40.5 54.5
ObjNet 78.6 65.9 18.1 38.6 27.9 - 65.1 39.3 56.1
IN-Cartoon 80.5 65.4 15.1 39.2 28.1 32.2 - 40.9 55.6
IN-Drawing 78.1 65.2 14.9 41.3 28.5 33.3 65.6 - 54.3
IN-C 97.1 61.9 15.1 36.8 25.2 28.3 83.3 57.4 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 75.7 - 12.7 39.6 27.4 34.4 60.5 36.7 47.9
IN-A 69.1 57.1 - 36.3 21.9 32.7 50.6 26.1 38.0
IN-R 68.1 55.9 9.6 - 36.2 30.0 55.7 41.8 40.1
IN-Sketch 72.2 59.5 9.4 51.6 - 32.3 60.6 44.9 44.3
ObjNet 68.6 56.2 13.0 33.7 22.2 - 46.8 23.0 35.3
IN-Cartoon 74.5 61.2 10.2 41.2 27.0 31.5 - 35.2 41.8
IN-Drawing 72.1 59.4 8.4 42.2 28.8 30.6 59.3 - 44.2
IN-C 77.9 65.2 14.8 40.1 28.3 35.7 63.5 49.8 -

LoRA
(Hu et al., 2021)

IN-V2 79.2 - 15.3 38.2 28.1 33.2 66.4 39.3 56.1
IN-A 79.0 66.4 - 38.9 27.8 35.5 65.2 39.3 56.5
IN-R 79.2 66.8 16.7 - 29.7 34.8 66.9 40.0 56.7
IN-Sketch 79.2 66.8 16.5 45.9 - 34.6 67.7 44.1 56.6
ObjNet 78.9 66.3 18.3 39.3 27.8 - 65.1 39.2 55.0
IN-Cartoon 78.7 65.8 14.8 39.3 28.3 32.1 - 39.8 54.6
IN-Drawing 77.9 66.3 15.0 43.7 32.1 33.5 66.4 - 55.1
IN-C 79.9 67.4 16.3 39.2 28.1 34.1 67.5 40.8 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 80.0 - 19.7 41.8 29.4 36.8 67.1 42.8 58.2
IN-A 76.9 64.9 - 40.4 27.8 38.2 61.1 36.5 56.6
IN-R 75.2 63.9 19.0 - 43.9 33.3 66.4 57.5 56.1
IN-Sketch 78.9 66.6 16.6 52.2 - 34.2 68.3 49.6 57.2
ObjNet 78.1 66.2 23.1 40.9 29.0 - 62.4 39.8 56.9
IN-Cartoon 79.2 66.0 16.5 42.7 29.9 33.8 - 42.6 54.7
IN-Drawing 79.3 66.7 16.3 44.5 34.0 34.7 67.9 - 58.3
IN-C 80.1 67.8 20.0 42.5 31.2 37.5 66.8 50.0 -

LwF
(Li & Hoiem, 2017)

IN-V2 79.2 - 22.9 41.3 29.4 36.4 65.8 41.0 57.9
IN-A 77.4 65.5 - 39.4 27.5 36.7 61.8 38.3 57.2
IN-R 76.1 64.7 21.7 - 47.8 34.1 66.8 54.9 57.2
IN-Sketch 77.3 65.2 17.3 57.8 - 33.5 67.8 49.6 55.2
ObjNet 78.2 66.2 24.1 38.4 27.3 - 62.3 38.8 56.3
IN-Cartoon 87.2 65.9 19.4 41.2 29.9 34.2 - 42.7 55.6
IN-Drawing 84.0 65.4 17.7 41.9 33.2 33.4 67.7 - 58.2
IN-C 99.2 65.8 13.5 40.7 27.8 31.4 90.6 61.7 -

LP-FT
(Kumar et al., 2022)

IN-V2 78.8 - 24.7 41.6 29.3 36.8 65.3 41.3 57.6
IN-A 76.5 64.6 - 38.2 27.4 37.1 60.5 36.7 56.2
IN-R 74.7 63.4 21.1 - 46.9 34.7 65.4 53.1 55.3
IN-Sketch 76.2 64.5 18.0 58.8 - 33.9 67.0 48.9 54.4
ObjNet 77.1 64.9 24.9 38.2 26.8 - 60.7 37.7 54.9
IN-Cartoon 86.3 64.2 19.5 41.0 29.9 33.5 - 43.1 52.8
IN-Drawing 82.1 63.2 16.5 41.7 32.9 32.0 64.8 - 56.0
IN-C 98.0 61.0 13.7 37.5 25.7 27.3 87.1 66.0 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 79.7 - 21.3 40.5 29.5 36.0 66.5 40.9 58.0
IN-A 78.6 66.4 - 39.3 28.5 37.1 64.4 38.6 57.8
IN-R 79.1 67.1 23.0 - 44.7 37.4 69.5 54.7 59.6
IN-Sketch 78.9 66.4 17.6 52.1 - 34.7 68.7 48.7 57.3
ObjNet 79.3 67.3 23.5 40.0 29.0 - 65.2 40.5 57.6
IN-Cartoon 83.8 66.5 19.3 41.0 30.4 34.9 - 43.2 56.3
IN-Drawing 82.5 66.9 18.5 42.2 33.5 35.0 68.2 - 59.5
IN-C 93.4 66.9 18.7 41.3 29.9 34.7 82.4 57.6 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 79.8 - 21.0 41.0 29.7 36.0 66.9 41.7 58.0
IN-A 78.3 66.4 - 39.7 28.5 37.5 63.7 38.4 57.8
IN-R 78.9 67.1 23.1 - 45.9 37.2 69.6 55.8 59.6
IN-Sketch 78.9 66.6 17.5 54.0 - 34.6 69.1 49.8 57.5
ObjNet 79.3 67.4 24.1 40.3 29.1 - 64.9 40.6 57.7
IN-Cartoon 83.7 66.4 18.9 41.8 30.6 34.7 - 43.6 56.2
IN-Drawing 82.6 66.9 18.4 43.0 34.0 35.2 68.7 - 59.7
IN-C 92.6 67.5 18.6 42.3 30.6 35.3 81.3 57.3 -

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2025

REFERENCES

Rahaf Aljundi, Min Lin, Baptiste Goujaud, and Yoshua Bengio. Gradient based sample selection for
online continual learning. NeurIPS, 2019.

David Alvarez-Melis and Nicolo Fusi. Geometric dataset distances via optimal transport. NeurIPS,
2020.

Hyojin Bahng, Ali Jahanian, Swami Sankaranarayanan, and Phillip Isola. Exploring visual prompts
for adapting large-scale models. arXiv preprint arXiv:2203.17274, 2022.

Andrei Barbu, David Mayo, Julian Alverio, William Luo, Christopher Wang, Dan Gutfreund, Josh
Tenenbaum, and Boris Katz. Objectnet: A large-scale bias-controlled dataset for pushing the limits
of object recognition models. NeurIPS, 2019.

Jin Chen, Zhi Gao, Xinxiao Wu, and Jiebo Luo. Meta-causal learning for single domain generalization.
In CVPR, 2023.

Xiangning Chen, Cho-Jui Hsieh, and Boqing Gong. When vision transformers outperform resnets
without pre-training or strong data augmentations. In ICLR, 2022.

Brian Cheung, Alexander Terekhov, Yubei Chen, Pulkit Agrawal, and Bruno Olshausen. Superposition
of many models into one. NeurIPS, 2019.

Rudi Cilibrasi and Paul MB Vitányi. Clustering by compression. IEEE Transactions on Information
theory, 51(4):1523–1545, 2005.

Ekin D Cubuk, Barret Zoph, Dandelion Mane, Vijay Vasudevan, and Quoc V Le. Autoaugment:
Learning augmentation strategies from data. In CVPR, 2019.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit,
and Neil Houlsby. An image is worth 16x16 words: Transformers for image recognition at scale.
In ICLR, 2021.

Xinjie Fan, Qifei Wang, Junjie Ke, Feng Yang, Boqing Gong, and Mingyuan Zhou. Adversarially
adaptive normalization for single domain generalization. In CVPR, 2021.

Robert M French. Catastrophic forgetting in connectionist networks. Trends in cognitive sciences, 3
(4):128–135, 1999.

Robert Geirhos, Patricia Rubisch, Claudio Michaelis, Matthias Bethge, Felix A Wichmann, and
Wieland Brendel. Imagenet-trained cnns are biased towards texture; increasing shape bias improves
accuracy and robustness. In ICLR, 2019.

Sachin Goyal, Ananya Kumar, Sankalp Garg, Zico Kolter, and Aditi Raghunathan. Finetune like you
pretrain: Improved finetuning of zero-shot vision models. In CVPR, 2023.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image
recognition. In CVPR, 2016.

Dan Hendrycks and Thomas Dietterich. Benchmarking neural network robustness to common
corruptions and perturbations. ICLR, 2019.

Dan Hendrycks, Steven Basart, Norman Mu, Saurav Kadavath, Frank Wang, Evan Dorundo, Rahul
Desai, Tyler Zhu, Samyak Parajuli, Mike Guo, Dawn Song, Jacob Steinhardt, and Justin Gilmer.
The many faces of robustness: A critical analysis of out-of-distribution generalization. In ICCV,
2021a.

Dan Hendrycks, Kevin Zhao, Steven Basart, Jacob Steinhardt, and Dawn Song. Natural adversarial
examples. In CVPR, 2021b.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. In ICLR, 2021.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2025

Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh Chaplot,
Diego de las Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile Saulnier, et al.
Mistral 7b. arXiv preprint arXiv:2310.06825, 2023.

Harini Kannan, Alexey Kurakin, and Ian Goodfellow. Adversarial logit pairing. arXiv preprint
arXiv:1803.06373, 2018.

James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume Desjardins, Andrei A
Rusu, Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, et al. Overcoming
catastrophic forgetting in neural networks. PNAS, 114(13):3521–3526, 2017.

Pang Wei Koh, Shiori Sagawa, Henrik Marklund, Sang Michael Xie, Marvin Zhang, Akshay Bal-
subramani, Weihua Hu, Michihiro Yasunaga, Richard Lanas Phillips, Irena Gao, et al. Wilds: A
benchmark of in-the-wild distribution shifts. In ICML, 2021.

Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple layers of features from tiny images. 2009.

Ananya Kumar, Aditi Raghunathan, Robbie Jones, Tengyu Ma, and Percy Liang. Fine-tuning can
distort pretrained features and underperform out-of-distribution. In ICLR, 2022.

Da Li, Yongxin Yang, Yi-Zhe Song, and Timothy M Hospedales. Deeper, broader and artier domain
generalization. In ICCV, 2017.

Zhizhong Li and Derek Hoiem. Learning without forgetting. TPAMI, 40(12):2935–2947, 2017.

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 ECCV, 2014.

Ilya Loshchilov and Frank Hutter. Sgdr: Stochastic gradient descent with warm restarts. In ICLR,
2017.

Cewu Lu, Li Xu, and Jiaya Jia. Combining sketch and tone for pencil drawing production. In NPAR,
2012.

TorchVision maintainers and contributors. Torchvision: Pytorch’s computer vision library. https:
//github.com/pytorch/vision, 2016.

Fengchun Qiao, Long Zhao, and Xi Peng. Learning to learn single domain generalization. In CVPR,
2020.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In ICML, 2021.

Vivek Ramanujan, Thao Nguyen, Sewoong Oh, Ali Farhadi, and Ludwig Schmidt. On the connection
between pre-training data diversity and fine-tuning robustness. NeurIPS, 2024.

Sylvestre-Alvise Rebuffi, Alexander Kolesnikov, Georg Sperl, and Christoph H Lampert. icarl:
Incremental classifier and representation learning. In CVPR, 2017.

Benjamin Recht, Rebecca Roelofs, Ludwig Schmidt, and Vaishaal Shankar. Do imagenet classifiers
generalize to imagenet? In ICML, 2019.

Tal Ridnik, Emanuel Ben-Baruch, Asaf Noy, and Lihi Zelnik-Manor. Imagenet-21k pretraining for
the masses. In NeurIPS Datasets and Benchmarks, 2021.

Anthony Robins. Catastrophic forgetting, rehearsal and pseudorehearsal. Connection Science, 7(2):
123–146, 1995.

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang,
Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg, and Li Fei-Fei. ImageNet
Large Scale Visual Recognition Challenge. IJCV, 115(3):211–252, 2015.

12

https://github.com/pytorch/vision
https://github.com/pytorch/vision


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2025

Andrei A Rusu, Neil C Rabinowitz, Guillaume Desjardins, Hubert Soyer, James Kirkpatrick, Koray
Kavukcuoglu, Razvan Pascanu, and Raia Hadsell. Progressive neural networks. arXiv preprint
arXiv:1606.04671, 2016.

Tiago Salvador and Adam M Oberman. Imagenet-cartoon and imagenet-drawing: two domain shift
datasets for imagenet. In ICML 2022 Shift Happens Workshop, 2022.

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman, Mehdi
Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al. Laion-5b: An
open large-scale dataset for training next generation image-text models. NeurIPS, 2022.

Zhouxing Shi, Nicholas Carlini, Ananth Balashankar, Ludwig Schmidt, Cho-Jui Hsieh, Alex Beutel,
and Yao Qin. Effective robustness against natural distribution shifts for models with different
training data. NeurIPS, 2023.

Andreas Peter Steiner, Alexander Kolesnikov, Xiaohua Zhai, Ross Wightman, Jakob Uszkoreit, and
Lucas Beyer. How to train your vit? data, augmentation, and regularization in vision transformers.
TMLR, 2022.

Rohan Taori, Achal Dave, Vaishaal Shankar, Nicholas Carlini, Benjamin Recht, and Ludwig Schmidt.
Measuring robustness to natural distribution shifts in image classification. NeurIPS, 2020.

Bart Thomee, David A Shamma, Gerald Friedland, Benjamin Elizalde, Karl Ni, Douglas Poland,
Damian Borth, and Li-Jia Li. Yfcc100m: The new data in multimedia research. Communications
of the ACM, 59(2):64–73, 2016.

Gido M Van de Ven, Hava T Siegelmann, and Andreas S Tolias. Brain-inspired replay for continual
learning with artificial neural networks. Nature communications, 11(1):4069, 2020.

Fu-Yun Wang, Da-Wei Zhou, Han-Jia Ye, and De-Chuan Zhan. Foster: Feature boosting and
compression for class-incremental learning. In ECCV, 2022.

Haohan Wang, Songwei Ge, Zachary Lipton, and Eric P Xing. Learning robust global representations
by penalizing local predictive power. In NeurIPS, 2019.

Xinrui Wang and Jinze Yu. Learning to cartoonize using white-box cartoon representations. In CVPR,
2020.

Zhenyi Wang, Li Shen, Donglin Zhan, Qiuling Suo, Yanjun Zhu, Tiehang Duan, and Mingchen
Gao. Metamix: Towards corruption-robust continual learning with temporally self-adaptive data
transformation. In CVPR, 2023.

Ross Wightman. Pytorch image models. https://github.com/rwightman/
pytorch-image-models, 2019.

Mitchell Wortsman, Gabriel Ilharco, Samir Ya Gadre, Rebecca Roelofs, Raphael Gontijo-Lopes,
Ari S Morcos, Hongseok Namkoong, Ali Farhadi, Yair Carmon, Simon Kornblith, and Ludwig
Schmidt. Model soups: averaging weights of multiple fine-tuned models improves accuracy
without increasing inference time. In ICML, 2022a.

Mitchell Wortsman, Gabriel Ilharco, Jong Wook Kim, Mike Li, Simon Kornblith, Rebecca Roelofs,
Raphael Gontijo Lopes, Hannaneh Hajishirzi, Ali Farhadi, Hongseok Namkoong, and Ludwig
Schmidt. Robust fine-tuning of zero-shot models. In CVPR, 2022b.

Shipeng Yan, Jiangwei Xie, and Xuming He. Der: Dynamically expandable representation for class
incremental learning. In CVPR, 2021.

Friedemann Zenke, Ben Poole, and Surya Ganguli. Continual learning through synaptic intelligence.
In ICML, 2017.

13

https://github.com/rwightman/pytorch-image-models
https://github.com/rwightman/pytorch-image-models


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2025

Algorithm 1 Protocol of ImageNet-RIB

Input: A set of out-of-distribution datasets D = {D1, D2, ..., Dn}, pre-trained model fpre, fine-
tuning method fine-tune(·).

Output: Mean robustness improvement, mRI .
1: procedure IMAGENET-RIB
2: for Ddown(= Di) ∈ D do
3: fdown ← fine-tune(fpre; Ddown) . Fine-tune pre-trained model fpre on Ddown.
4: for Dj ∈ D \Ddown do
5: A

(j)
i = eval(fdown;Dj) . Evaluate fdown on Dj .

6: A
(j)
pre = eval(fpre;Dj) . Evaluate fpre on Dj .

7: end for
8: RIi =

1
n−1

∑n
j=1,j 6=i A

(j)
i −A

(j)
pre . Calculate Robustness Improvement (RI).

9: end for
10: mRI =

∑n
i RIi . Calculate mean RI .

11: end procedure

APPENDIX

A EXPERIMENTAL DETAILS

In this section, we describe the details of the experimental setup.

A.1 OUT-OF-DISTRIBUTION DATASETS IN IMAGENET-RIB

We leverage all existing ImageNet variants designed to measure the robustness of the trained network
during distribution shifts. ImageNet-O (Hendrycks et al., 2021b) is not used since it is an out-of-
distribution detection dataset.

ImageNet-V2 (Recht et al., 2019) ImageNet-V2 is designed to have a distribution as similar as
possible to the original ImageNet-1K. It has 50,000 images with 1,000 classes same as the original
validation set. The dataset is used under the MIT license.

ImageNet-A (Hendrycks et al., 2021b) ImageNet-A is an adversarially filtered test image that
ImageNet-1K pre-trained ResNet-50 (He et al., 2016) is difficult to predict correctly. It contains 7,500
images with 200 difficult subclasses from ImageNet-1K. The dataset is used under the MIT license.

ImageNet-R (Hendrycks et al., 2021a) ImageNet-R (Renditions) contains 30,000 images from
200 ImageNet classes with various rendition styles such as painting, sculpture, embroidery, origami,
cartoon, toy, and so on. The drawing rendition overlaps with ImageNet-Sketch (Wang et al., 2019).
The dataset is used under the MIT license.

ImageNet-Sketch (Wang et al., 2019) ImageNet-Sketch comprises black and white sketch draw-
ings of the ImageNet-1K classes and each class has 50 images. The dataset is used under the MIT
license.

ImageNet-Cartoon and ImageNet-Drawing (Salvador & Oberman, 2022) ImageNet-Cartoon
and ImageNet-Drawing are to be converted from ImageNet validation set images to cartoon, and
drawing styles based on generative adversarial network (Wang & Yu, 2020) and image processing (Lu
et al., 2012). These simplified representations test a model’s ability to identify objects from minimal-
istic and abstract visual information. The dataset is used under the Creative Commons Attribution 4.0
International license.

ObjectNet (Barbu et al., 2019) ObjectNet is designed for evaluating object recognition models
under more realistic conditions such as various poses, backgrounds, and viewpoints. There are 50,000
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Table 6: Python libraries and the names of network weights for each pre-trained model.

Architecture Dpre Library Weight Name

ViT-B/16

IN-1K + AugReg timm vit_base_patch16_224.augreg_in1k
IN-1K + SAM timm vit_base_patch16_224.sam_in1k

IN-21K timm vit_base_patch16_224.orig_in21k_ft_in1k
IN-21K + AugReg timm vit_base_patch16_224.augreg_in21k_ft_in1k

IN-21K-P timm vit_base_patch16_224_miil.in21k_ft_in1k
LAION-2B timm vit_base_patch16_clip_224.laion2b_ft_in1k

OpenAI timm vit_base_patch16_clip_224.openai_ft_in1k

ViT-B/32

IN-1K + AugReg timm vit_base_patch32_224.augreg_in1k
IN-21K + AugReg timm vit_base_patch32_224.augreg_in21k_ft_in1k

LAION-2B timm vit_base_patch32_clip_224.laion2b_ft_in1k
LAION-2B timm vit_base_patch32_clip_224.openai_ft_in1k

ViT-S/16 IN-21K + AugReg timm vit_small_patch16_224.augreg_in21k_ft_in1k

ViT-S/32 IN-21K + AugReg timm vit_small_patch32_224.augreg_in21k_ft_in1k

ViT-L/16 IN-21K + AugReg timm vit_large_patch16_224.augreg_in21k_ft_in1k

ResNet-18 IN-1K torchvision ResNet18_Weights.DEFAULT

ResNet-50 IN-1K torchvision ResNet50_Weights.DEFAULT

images with 313 object classes and 113 classes are overlapped with ImageNet. We only use ImageNet
class objects. The dataset is used under the MIT license.

ImageNet-C (Hendrycks & Dietterich, 2019) ImageNet-C is designed for measuring the robust-
ness of models to common perturbations such as noise, blur, weather, and digital distortions. In the
dataset, ImageNet validation set images are perturbed with various severity from 1 to 5. Unlike the
original metrics, corruption error compared with AlexNet, we use average accuracy for consistency
with other datasets. The dataset is used under the Apache-2.0 license.

A.2 PRE-TRAINED MODEL

Table 6 lists the libraries and corresponding network weight names for each model. We use the entire
models in timm and torchvision library, which are finally fine-tuned on ImageNet-1K, with patch
sizes of 16 and 32, and input image shape of 224 among ViT small, base, and large. For ResNets, we
use the default ImageNet-1K pre-trained weights from the torchvision library.

A.3 TRAINING AND HYPERPARAMETERS

Each pre-trained model is fine-tuned on the downstream dataset for 10 epochs where the average
accuracy on downstream datasets for each pre-trained ViT-B/16 model achieves more than 90% with
vanilla fine-tuning. We applied LoRA on query and value projection layers with rank 8 following the
original implementation (Hu et al., 2021). We use 2 as a temperature for calculating KL divergence for
LwF following Li & Hoiem (2017). For WiSE-FT, we use the interpolation ratio between pre-trained
and fine-tuned models as 0.5 following the recommendation by Wortsman et al. (2022b) instead of
finding the best hyperparameters evaluated on the benchmark for the fair comparison.

B DATASET DISTANCE

We measure the Optimal Transport dataset distance(OTDD) (Alvarez-Melis & Fusi, 2020) between
each dataset using both images and the pre-trained model features from ImageNet-1K with AugReg
pre-trained ViT-B/16, as shown in Figures 5a and 5b, respectively. Since ImageNet-C comprises
multiple corruptions with different severities, we do not measure the distance to ImageNet-C. As
shown in Figure 5a, in the image space, ImageNet-Sketch is the farthest from other datasets as it is
black and white sketch images. ImageNet-Drawing is the closest to the dataset and the ImageNet-R
is the second closest as they share the same styles and images, respectively.
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Figure 5: Optimal Transport Dataset Distances (OTDD) in the feature space aligns with each
dataset design. Pairwise OTDD (up) and Normalized Compression Distance (NCD) (down) between
datasets using images (left) and features extracted by ImageNet-1K with AugReg pre-trained ViT-
B/16 on each dataset (right), respectively.

OTDD in the feature space (Figure 5b) demonstrates a better alignment with the dataset design
principles. For example, ImageNet-V2 is designed to replicate the distribution of the ImageNet
validation set. It leads ImageNet-V2 the closest to ImageNet-1K among realistic datasets. Moreover,
the distances between ImageNet-1K and ImageNet-V2 to other datasets are consistent across both
image and feature spaces. This is not true with ImageNet-Cartoon since it is a synthetic dataset based
on the ImageNet validation set. As shown in Table 5, ImageNet-Cartoon improves ImageNet-1K
accuracy more than ImageNet-Drawing, suggesting that the distribution shift in cartoon-style images
is less severe than that of drawing-style images. Similarly, ObjectNet is intentionally collected with
different viewpoints and backgrounds and it is the most distant from all other datasets in the feature
space.

We also measure Normalized Compression Distance (NCD) using both images and the features from
ImageNet-1K with AugReg pre-trained ViT-B/16. However, the distance between each dataset pair is
too insignificant to compare with each dataset as shown in Figures 5c and 5d.

C OVERFITTING DOES NOT DRIVE ROBUSTNESS COLLAPSE OF LAION-2B
PRE-TRAINED MODEL AND OPENAI CLIP

A potential explanation for the significant robustness decline observed in LAION-2B and OpenAI
pre-trained ViT-B/16 during fine-tuning as shown in Section 4.4, is that these models may overfit
earlier compared to other models. To investigate this, we analyze the robustness performance change
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Figure 6: Fine-tuning LAION-2B and OpenAI pre-trained model cause severe robustness loss
while learning slower than ImageNet-21K with AugReg pre-trained model. The average accuracy
on Downstream Datasets (left) and the average accuracy on OOD datasets (right) while fine-tuning on
the downstream dataset using vanilla fine-tuning method (FT) with ViT-B/16. Although LAION-2B
pre-trained model and OpenAI CLIP learn slower than other methods, they suffer from a huge
robustness drop even in the early period of fine-tuning.

throughout the fine-tuning process on the downstream dataset using a standard fine-tuning (FT)
approach along with the average accuracy on downstream datasets.

Figure 6 illustrates that the ImageNet-21K model pre-trained with AugReg learns downstream datasets
more rapidly than other methods, while the OpenAI CLIP models exhibit the slowest learning pace.
However, only the LAION-2B and OpenAI CLIP pre-trained models experience a severe degradation
in robustness to out-of-distribution datasets. This suggests that overfitting is not the primary cause of
the dramatic performance decline.

D ADDITIONAL EXPERIMENTS WITH VARIOUS PRE-TRAINED MODELS

In this section, we also use ViT-B/16 pre-trained on ImageNet-1K with Sharpness Aware Minimization
(SAM) (Chen et al., 2022)), ImageNet-21K-P (Ridnik et al., 2021), ViT-B/32 pre-trained on ImageNet-
1K with SAM and OpenAI CLIP ViT-B/16 and ViT-B/32 models.

D.1 ROBUSTNESS OF PRE-TRAINED MODELS

We evaluate pre-trained models mentioned in Appendix A.2 on OOD datasets as shown in Ta-
ble 7. Larger networks with smaller patch sizes achieve higher accuracy on both ImageNet-1K and
OOD datasets. Similarly, models pre-trained on larger, more diverse datasets demonstrate better
performance.

D.2 PERFORMANCE ON DOWNSTREAM DATASET

Table 8 9, and 10 demonstrate the accuracy on downstream datasets (i.e., training accuracy) with
ViT base, ViT large and ViT small, and ResNet, respectively. FT, LwF, and LP-FT can overfit to the
downstream dataset but WiSE-FT and Model Soup (PRE-FT-LwF-EWC) have worse performance
which might be due to using pre-trained model weights. Visual Prompt and LoRA rarely learn a
downstream dataset.
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Table 7: The average accuracy of various pre-trained models on ImageNet-1K and OOD datasets.

Arch Dpre ImageNet Realistic OOD (Taori et al., 2020) Synthetic OOD
IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

IN-1K + AugReg 79.2 66.4 15.0 38.0 28.0 33.0 66.2 39.1 56.0
IN-1K + SAM 80.2 68.2 9.0 40.1 27.7 34.2 66.9 42.3 54.6

IN-21K 81.8 71.4 32.0 47.3 35.8 42.5 69.4 44.1 58.3
IN-21K-P 84.3 74.0 34.1 51.5 40.2 46.7 73.5 45.1 61.4

IN-21K + AugReg 84.5 74.0 43.2 56.8 43.2 48.4 75.1 54.9 66.5
OpenAI 85.3 75.7 47.3 65.9 50.9 50.7 76.3 55.7 62.6

LAION-2B 85.5 75.6 41.5 68.8 55.4 51.1 78.2 58.4 63.0

ViT-B/32

IN-1K + SAM 73.7 59.9 4.3 36.6 23.0 25.2 63.2 40.6 48.8
IN-21K + AugReg 80.7 69.0 22.4 49.3 37.1 40.7 70.6 42.5 60.5

OpenAI 82.0 70.9 22.6 55.8 45.0 41.5 71.1 42.5 57.9
LAION-2B 82.6 71.6 22.8 59.2 49.1 43.5 73.0 42.3 57.5

ViT-S/16 IN-21K + AugReg 81.4 70.3 27.0 46.0 32.9 32.2 67.8 37.7 58.0

ViT-S/32 IN-21K + AugReg 76.0 63.9 11.5 39.7 26.2 24.8 62.9 34.3 52.0

ViT-L/16 IN-21K + AugReg 85.8 76.2 55.5 64.4 51.8 52.8 79.5 64.6 72.2
ResNet-18 IN-1K 69.8 57.3 1.1 33.1 20.2 18.1 48.2 20.4 31.7

ResNet-50 IN-1K 80.3 69.5 16.7 41.6 28.4 33.0 61.1 31.1 46.6

D.3 ROBUSTNESS IMPROVEMENT RESULTS OF DIFFERENT MODELS

Across the ImageNet pre-trained models, WiSE-FT and Model Soup consistently have better robust-
ness improvement compared to other methods fine-tuning on realistic OOD datasets (Tables 12, 14,
and 15). Linear Probing consistently achieves the best robustness improvement using LAION-2B
pre-trained models (Table 17) and OpenAI CLIP models (Table 18).

D.4 ACCURACY OF USING VARIOUS PRE-TRAINED MODELS ON EACH OOD DATASETS

The following tables present the accuracy on each OOD (out-of-distribution) dataset after fine-tuning
on various datasets. Specifically:

• Tables 19, 20, 21, 22, and 23 show results for the ViT-B/16 pre-trained on ImageNet-1K
with SAM, ImageNet-21K, ImageNet-21K with AugReg, ImageNet-21K-P, OpenAI and
LAION-2B, respectively. Table 24 uses OpenAI CLIP ViT-B/16 as a pre-trained model.

• Tables 25, 26, 28, and 27 provide the corresponding accuracy for ViT-B/32 pre-trained
on ImageNet-1K with AugReg, ImageNet-21K with AugReg, LAION-2B, respectively.
Table 28 uses OpenAI CLIP ViT-B/32 as a pre-trained model.

• Table 32 report the accuracy for ViT-L/16 pre-trained on ImageNet-21K with AugReg.

• Finally, Tables 33 and 34 present results for ResNet-18 and ResNet-50 pre-trained on
ImageNet-1K.

D.5 ACCURACY OF USING VARIOUS PRE-TRAINED MODELS ON EACH CORRUPTION IN
IMAGENET-C

Each pre-trained and fine-tuned model is evaluated on ImageNet-C with 15 corruptions at severity
levels ranging from 1 to 5. Following the original benchmark (Hendrycks & Dietterich, 2019), we
average the performance over the different severity levels. However, for consistency with other
datasets, we report the results as accuracy rather than error.

Specifically:

• Table 35 shows the results for ViT-B/16 pre-trained on ImageNet-1K with AugReg, repspec-
tively. Table 36 denotes the results for ViT-B/16 pre-trained on ImageNet-1K with SAM,
while Tables 37, 38, 39 and 40 present the performance of ViT-B/16 pre-trained on ImageNet-
21K, ImageNet-21K with AugReg, ImageNet-21K-P and LAION-2B, respectively. Table 41
uses OpenAI CLIP ViT-B/16 as a pre-trained model.
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Table 8: Accuracy on downstream datasets after fine-tuning with each method using ViT-B/16. FT
and LP-FT generally achieve the highest performance, while Visual Prompt and LoRA show the
lowest.

Arch Dpre Method Realistic Downstream Dataset Synthetic Downstream Dataset
IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

IN-1K
+ AugReg

FT 96.3 97.5 98.4 96.0 97.7 97.5 97.6 100.0
Linear Probing 71.5 42.4 60.4 58.8 57.8 76.1 61.2 89.7
Visual Prompt 66.6 28.8 58.9 45.8 46.3 72.7 64.8 64.4

LoRA 66.5 18.7 41.8 39.0 36.7 69.7 62.4 58.6
EWC 72.0 54.3 65.3 50.3 50.8 76.2 70.3 67.7
LwF 95.8 95.5 97.3 95.1 95.1 96.7 96.5 100.0

LP-FT 96.7 97.2 98.5 96.1 97.9 97.5 97.6 94.6
WiSE-FT 81.2 56.6 71.2 61.4 63.7 84.0 74.0 88.8

MS:PRE-FT-EWC-LwF 82.4 67.4 75.5 66.8 66.8 85.5 78.7 88.0

IN-1K
+ SAM

FT 77.9 67.2 87.2 84.3 75.1 87.1 85.7 100.0
Linear Probing 68.7 14.3 50.5 38.8 41.4 71.3 53.6 80.7
Visual Prompt 64.4 17.0 50.6 37.2 40.1 69.7 56.2 57.7

LoRA 68.2 10.0 44.9 32.7 36.7 69.6 49.6 67.5
EWC 69.0 23.9 50.4 43.8 41.3 72.6 62.3 59.6
LwF 77.6 62.5 84.2 81.7 69.7 85.9 84.0 99.9

LP-FT 78.3 64.9 86.6 83.5 74.6 87.2 86.1 84.4
WiSE-FT 72.7 31.4 64.7 52.6 52.4 78.9 68.1 78.8

MS:PRE-FT-EWC-LwF 72.8 36.5 66.7 55.6 53.0 79.3 70.7 80.3

IN-21K

FT 92.2 94.9 96.3 92.8 94.3 94.7 94.1 100.0
Linear Probing 75.0 51.8 66.4 59.0 63.2 77.7 59.6 86.4
Visual Prompt 66.8 37.4 58.2 43.9 51.0 68.9 57.9 58.6

LoRA 71.5 38.2 52.9 39.8 47.1 73.5 53.8 49.4
EWC 74.5 59.7 65.6 50.1 56.1 77.3 67.6 66.5
LwF 91.9 92.8 94.3 90.9 91.2 93.7 92.1 99.9

LP-FT 93.4 95.1 96.2 93.1 94.7 95.1 94.3 97.3
WiSE-FT 81.8 67.7 75.1 63.5 68.7 83.2 72.8 84.7

MS:PRE-FT-EWC-LwF 82.6 73.7 78.3 67.0 70.6 84.5 76.0 88.7

IN-21K-P

FT 95.4 98.7 99.3 96.7 99.2 97.3 97.6 100.0
Linear Probing 78.0 57.0 70.5 67.3 68.5 81.0 64.5 88.8
Visual Prompt 70.2 43.1 63.3 49.9 56.1 74.6 63.6 63.2

LoRA 74.2 37.5 53.1 47.4 48.9 75.6 67.4 63.1
EWC 76.8 66.7 73.0 57.8 61.0 80.7 73.9 69.7
LwF 94.2 97.2 98.5 95.7 97.0 96.1 96.2 100.0

LP-FT 96.2 98.8 99.4 96.9 99.3 97.7 98.1 100.0
WiSE-FT 84.2 74.3 80.1 70.2 73.4 87.0 78.0 88.7

MS:PRE-FT-EWC-LwF 84.7 80.8 82.8 73.5 75.9 87.8 80.9 89.0

IN-21K
+ AugReg

FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
Linear Probing 98.3 97.3 91.7 93.2 92.0 96.5 91.1 98.6
Visual Prompt 74.2 52.0 71.7 56.6 61.1 78.7 73.2 70.2

LoRA 75.1 53.1 66.5 56.5 56.4 78.6 74.4 19.2
EWC 91.1 97.8 91.2 73.4 93.8 86.2 84.1 76.8
LwF 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0

LP-FT 100.0 100.0 99.8 98.1 100.0 99.9 99.9 100.0
WiSE-FT 95.9 97.0 94.7 88.1 91.0 95.3 92.7 96.2

MS:PRE-FT-EWC-LwF 96.8 98.6 96.5 89.9 95.9 95.3 93.9 96.8

OpenAI

FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
Linear Probing 82.3 78.0 86.1 74.1 79.3 86.0 79.5 92.2
Visual Prompt 77.7 54.4 76.9 58.1 60.4 80.3 71.2 66.5

LoRA 79.1 65.1 79.2 60.1 62.0 83.0 76.9 41.7
EWC 88.7 90.0 90.9 73.8 86.2 87.0 85.4 77.8
LwF 100.0 100.0 99.8 98.0 99.9 99.9 99.9 100.0

LP-FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
WiSE-FT 88.0 76.8 89.9 78.6 81.5 91.5 91.0 94.7

MS:PRE-FT-EWC-LwF 88.9 81.7 91.3 79.4 83.3 91.0 91.1 93.0

LAION-2B

FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
Linear Probing 82.8 77.2 88.4 79.3 80.9 87.6 80.0 93.3
Visual Prompt 77.2 49.9 79.6 62.1 63.6 81.3 72.4 68.1

LoRA 78.1 58.6 79.8 62.3 61.5 83.9 76.4 39.8
EWC 83.8 68.7 89.3 71.8 79.9 86.3 83.5 74.2
LwF 100.0 99.9 99.8 98.0 99.9 99.9 99.9 100.0

LP-FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
WiSE-FT 85.8 46.5 87.6 77.9 77.6 91.0 89.9 93.3

MS:PRE-FT-EWC-LwF 87.3 64.6 89.5 79.2 80.3 90.6 90.1 94.3

• Tables 42, 43, 44, and 45 report the corresponding results for ViT-B/32 pre-trained on
ImageNet-1K with AugReg, ImageNet-1K with SAM, ImageNet-21K with AugReg, and
LAION-2B.
Table 46 uses OpenAI CLIP ViT-B/32 as a pre-trained model.

• Tables 47, 48, and 49 show the results for ViT-S/16 pre-trained on ImageNet-1K and
ImageNet-21K, and ViT-S/32 pre-trained on ImageNet-21, respectively. All models are
pre-trained with AugReg.

• Table 50 provides the results for ViT-L/16 pre-trained on ImageNet-21K with AugReg.
• Finally, Tables 51 and 52 present the accuracy for ResNet-18 and ResNet-50 models, both

pre-trained on ImageNet-1K.
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Table 9: Accuracy on downstream datasets after fine-tuning with each method using various ViTs.
FT and LP-FT generally achieve the highest performance, while Visual Prompt and LoRA show the
lowest.

Arch Dpre Method Realistic Downstream Dataset Synthetic Downstream Dataset
IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/32

IN-1K

FT 99.1 99.4 99.5 97.0 99.4 99.1 99.3 100.0
Linear Probing 65.2 17.8 54.5 43.5 42.0 69.1 54.3 75.8
Visual Prompt 62.8 15.5 55.9 42.6 37.5 69.4 61.0 58.5

LoRA 63.0 9.4 42.3 41.9 29.5 66.6 59.7 66.3
EWC 74.8 56.5 68.9 52.9 54.1 74.9 68.8 62.8
LwF 98.8 99.1 99.2 4.3 98.9 98.8 99.1 100.0

LP-FT 99.2 99.3 99.6 10.0 99.5 99.2 99.4 100.0
WiSE-FT 84.4 57.9 77.3 67.1 63.7 86.3 80.4 91.8

MS:PRE-FT-EWC-LwF 86.8 72.2 83.1 0.2 70.2 87.5 84.9 90.3

IN-1K
+ AugReg

FT 94.6 94.0 97.3 95.3 95.9 96.3 96.3 100.0
Linear Probing 68.7 34.9 63.4 62.1 54.7 75.1 62.6 90.9
Visual Prompt 59.6 15.1 54.0 41.4 38.3 68.3 60.1 59.3

LoRA 61.1 10.1 42.1 31.9 31.0 67.3 53.1 66.3
EWC 65.9 33.4 59.3 45.6 42.1 71.3 64.3 62.7
LwF 94.0 91.2 95.7 94.2 92.6 95.5 95.0 99.9

LP-FT 96.1 94.5 97.7 95.7 96.7 96.9 96.9 100.0
WiSE-FT 77.7 39.3 67.4 58.7 56.4 81.6 71.7 87.7

MS:PRE-FT-EWC-LwF 79.0 49.1 71.0 63.0 60.6 82.7 75.4 86.8

IN-1K
+ SAM

FT 73.5 46.8 82.5 83.8 66.4 84.3 82.5 100.0
Linear Probing 60.7 8.9 48.3 35.5 33.4 67.2 51.2 83.4
Visual Prompt 57.2 8.5 44.6 31.8 29.9 63.9 50.1 52.8

LoRA 59.9 5.2 41.6 28.1 28.6 65.3 46.9 62.2
EWC 60.9 10.2 45.1 37.7 31.1 67.0 52.3 53.7
LwF 73.2 43.1 79.2 81.3 61.2 83.0 80.4 99.9

LP-FT 74.2 44.8 81.8 82.4 66.1 84.8 82.7 100.0
WiSE-FT 66.0 17.6 59.3 46.9 42.6 74.5 64.0 76.0

MS:PRE-FT-EWC-LwF 66.1 20.1 60.8 51.1 43.3 74.8 65.5 76.5

IN-21K
+ AugReg

FT 99.5 100.0 99.8 97.7 99.9 99.5 99.6 100.0
Linear Probing 83.5 65.6 77.5 78.2 73.5 86.0 72.9 94.4
Visual Prompt 68.2 32.0 66.3 51.4 52.4 74.0 67.3 65.2

LoRA 69.1 25.0 51.5 43.0 43.4 71.9 63.2 66.1
EWC 76.3 69.5 72.1 56.3 70.0 78.0 72.5 68.0
LwF 99.2 99.8 99.5 97.3 99.7 99.2 99.1 100.0

LP-FT 99.8 100.0 99.8 97.9 100.0 99.8 99.8 100.0
WiSE-FT 87.9 72.0 80.4 72.3 73.8 88.9 79.1 92.5

MS:PRE-FT-EWC-LwF 89.0 82.8 85.0 76.8 82.1 89.6 83.2 90.6

OpenAI

FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
Linear Probing 74.8 47.1 75.9 64.3 63.6 80.1 71.2 89.0
Visual Prompt 71.6 29.3 65.6 50.7 47.5 75.5 64.9 62.3

LoRA 72.5 34.7 67.7 53.3 48.4 77.9 69.6 71.5
EWC 88.4 86.9 88.4 70.8 79.8 85.1 83.4 72.6
LwF 99.9 99.8 99.8 97.9 99.8 99.8 99.9 100.0

LP-FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
WiSE-FT 85.9 71.4 88.6 78.1 75.5 89.3 89.9 93.4

MS:PRE-FT-EWC-LwF 87.0 76.0 89.1 77.7 76.6 88.1 89.5 91.1

LAION-2B

FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
Linear Probing 75.5 47.8 78.7 67.3 66.7 81.4 71.5 88.7
Visual Prompt 72.2 30.0 69.2 54.6 51.2 76.1 65.1 62.1

LoRA 72.9 35.7 70.4 56.4 51.4 79.3 69.5 73.4
EWC 85.6 80.7 87.3 71.6 77.2 84.8 83.4 69.7
LwF 99.9 99.8 99.8 97.9 99.8 99.8 99.8 100.0

LP-FT 100.0 100.0 99.8 98.0 100.0 99.9 99.9 100.0
WiSE-FT 85.3 68.0 87.9 77.8 76.1 87.5 88.6 92.9

MS:PRE-FT-EWC-LwF 85.9 73.9 88.8 77.8 77.1 86.4 88.5 91.9

ViT-S/16

IN-1K

FT 99.8 100.0 99.8 97.8 100.0 99.7 99.7 100.0
Linear Probing 75.3 46.2 63.2 64.0 62.4 77.7 63.8 83.5
Visual Prompt 66.2 30.7 58.6 43.6 49.2 71.8 63.9 60.0

LoRA 67.0 17.4 42.4 41.1 38.6 70.1 64.2 55.4
EWC 78.1 75.5 69.8 53.1 62.6 77.6 72.0 66.3
LwF 99.6 99.8 99.6 97.6 99.8 99.3 99.4 100.0

LP-FT 99.8 100.0 99.8 97.9 100.0 99.8 99.8 100.0
WiSE-FT 88.6 72.2 78.1 70.3 73.4 88.2 80.6 91.7

MS:PRE-FT-EWC-LwF 90.4 86.6 84.6 76.6 79.7 89.8 85.9 90.5

IN-21K
+ AugReg

FT 99.9 100.0 99.8 97.9 100.0 99.7 99.7 100.0
Linear Probing 84.0 67.6 73.9 75.0 73.2 84.0 69.5 88.8
Visual Prompt 69.3 40.6 63.8 49.4 56.5 74.5 65.3 62.8

LoRA 70.7 29.4 49.8 45.9 45.1 71.5 65.6 16.2
EWC 79.5 84.9 75.2 57.1 68.8 79.4 73.6 68.9
LwF 99.7 99.9 99.7 97.6 99.9 99.4 99.3 100.0

LP-FT 99.9 100.0 99.8 98.0 100.0 99.9 99.9 100.0
WiSE-FT 90.2 82.7 82.9 74.9 78.3 89.6 81.2 90.4

MS:PRE-FT-EWC-LwF 91.0 91.8 87.4 79.1 85.3 90.7 85.6 92.7

ViT-S/32 IN-21K
+ AugReg

FT 99.9 100.0 99.8 97.8 100.0 99.6 99.7 100.0
Linear Probing 78.3 50.0 68.0 68.0 63.9 79.7 64.1 83.4
Visual Prompt 60.7 21.4 54.1 40.4 43.8 66.6 57.0 54.7

LoRA 64.0 12.5 42.4 39.9 35.6 65.5 57.3 36.2
EWC 73.7 67.9 67.1 50.4 57.3 73.5 66.7 61.5
LwF 99.6 99.9 99.6 97.5 99.9 99.3 99.4 100.0

LP-FT 100.0 100.0 99.8 97.9 100.0 99.8 99.9 100.0
WiSE-FT 87.4 67.1 77.9 69.7 71.2 87.8 77.0 90.9

MS:PRE-FT-EWC-LwF 88.7 81.7 83.1 75.8 78.6 88.7 82.4 88.6

ViT-L/16

IN-1K

FT 98.7 99.5 99.6 98.0 99.9 99.6 99.7 100.0
Linear Probing 68.9 26.7 56.1 45.6 48.2 71.6 56.2 81.4
Visual Prompt 68.4 24.6 54.6 40.6 44.9 72.1 64.4 65.0

LoRA 67.5 16.7 41.0 30.6 34.6 67.7 50.6 71.0
EWC 73.8 57.1 61.6 51.5 52.6 75.7 69.7 64.9
LwF 98.2 98.9 99.4 97.8 99.3 99.0 99.3 100.0

LP-FT 98.8 99.4 99.7 98.0 99.9 99.6 99.7 -1.0
WiSE-FT 85.0 64.3 74.9 63.6 65.5 86.0 77.4 88.5

MS:PRE-FT-EWC-LwF 86.1 75.8 79.8 68.0 69.6 87.0 81.8 86.6

IN-21K
+ AugReg

FT 99.9 100.0 99.8 98.0 100.0 99.9 99.9 100.0
Linear Probing 98.3 98.1 94.0 93.1 92.9 96.9 91.7 99.1
Visual Prompt 71.3 48.0 69.4 50.8 59.6 76.0 66.7 67.1

LoRA 76.5 59.9 66.4 54.7 56.8 80.0 68.6 72.7
EWC 82.9 91.2 87.9 70.9 87.0 85.1 82.8 80.5
LwF 99.9 100.0 99.8 97.8 100.0 99.8 99.8 100.0

LP-FT 100.0 100.0 99.8 98.1 100.0 99.9 99.9 99.8
WiSE-FT 93.1 77.7 93.5 85.7 88.3 93.8 90.3 96.1

MS:PRE-FT-EWC-LwF 93.3 90.5 92.9 87.8 93.0 93.9 90.9 97.1
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Table 10: Accuracy on downstream datasets after fine-tuning with each method. FT and LP-FT
generally achieve the highest performance, while EWC shows the lowest.

Arch Dpre Method Realistic Downstream Dataset Synthetic Downstream Dataset
IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ResNet-18 IN-1K

FT 98.3 98.7 99.1 95.7 97.6 97.4 97.1 100.0
Linear Probing 59.9 6.5 47.0 33.3 34.2 65.1 48.3 50.8
Visual Prompt 52.4 5.8 35.9 22.9 29.1 46.8 28.2 28.1

EWC 63.0 17.5 50.8 37.9 38.0 66.0 54.0 42.6
LwF 97.0 97.6 98.3 94.7 96.7 96.2 95.8 99.9

LP-FT 98.5 98.5 98.9 95.8 97.4 97.7 97.3 100.0
WiSE-FT 80.2 30.7 69.4 53.5 58.7 75.9 58.6 75.6

MS:PRE-FT-EWC-LwF 80.8 41.8 72.9 59.9 62.4 80.3 70.3 74.9

ResNet-50 IN-1K

FT 95.3 94.5 98.6 96.2 96.9 97.4 97.8 100.0
Linear Probing 69.8 19.8 52.3 32.9 46.2 75.0 57.0 55.5
Visual Prompt 66.0 22.4 47.3 33.3 45.6 59.3 39.3 42.1

EWC 72.0 43.1 58.4 44.5 49.5 76.3 63.6 52.4
LwF 94.6 94.0 97.9 95.4 95.6 96.4 96.8 100.0

LP-FT 95.7 94.8 98.6 96.2 97.0 97.5 97.9 100.0
WiSE-FT 82.7 56.6 73.7 56.7 68.6 82.5 65.9 83.8

MS:PRE-FT-EWC-LwF 84.1 66.7 78.9 62.4 71.6 86.4 76.0 84.8

Table 11: RI and mRI of ImageNet-1K pre-trained models with different fine-tuning methods and
downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT -6.9 -4.1 -13.0 -3.2 -8.0 -13.2 -5.6 -9.2 1.3
Linear Probing 0.4 0.0 -0.0 0.2 0.8 -0.1 0.2 0.4 1.6
Visual Prompt -7.5 -5.5 -10.8 -6.2 -5.9 -17.3 -7.0 -6.0 -1.5

LoRA 0.5 0.0 0.0 0.1 2.1 0.0 0.1 1.0 0.7
EWC 0.1 1.2 -2.8 1.4 2.8 -2.6 -0.5 -0.5 2.0
LwF -3.6 -3.6 -6.2 0.6 -7.6 -6.2 -3.1 -6.1 3.4

LP-FT -5.8 -4.6 -10.0 -2.3 -6.4 -11.2 -5.6 -8.5 2.5
WiSE-FT 1.5 0.7 -0.8 4.8 2.2 -0.9 0.8 0.8 4.5

MS:PRE-FT-EWC-LwF 1.4 0.8 -1.3 4.9 2.3 -1.3 0.6 0.6 4.5

ViT-B/32

FT -8.2 -5.8 -18.7 -5.6 -6.2 -17.6 -5.6 -9.4 2.9
Linear Probing 0.4 0.0 -0.1 0.1 0.6 -0.1 0.2 0.3 1.9
Visual Prompt -8.5 -3.4 -20.2 -4.5 -3.9 -27.9 -3.3 -4.0 -0.5

LoRA 0.7 0.0 0.0 0.2 2.6 0.0 0.3 1.1 1.4
EWC -0.9 0.8 -6.6 2.6 3.0 -6.2 -0.5 -1.7 1.5
LwF -8.2 -3.2 -9.0 0.1 -43.3 -8.0 -2.5 -5.2 5.7

LP-FT -11.4 -4.9 -15.2 -4.1 -42.9 -14.9 -5.1 -8.5 4.2
WiSE-FT 1.4 0.4 -1.2 4.2 2.3 -1.4 0.8 0.4 5.6

MS:PRE-FT-EWC-LwF -4.6 0.5 -2.5 4.4 -43.6 -2.1 0.7 -0.0 5.9

ViT-L/16

FT 1.3 1.6 -3.9 3.8 4.1 -2.4 0.3 2.2 4.8
Linear Probing 0.5 0.0 -0.0 0.2 0.9 -0.1 0.2 0.4 2.1
Visual Prompt -6.7 -3.8 -7.9 -6.6 -3.4 -23.3 -3.9 -4.5 0.3

LoRA 0.4 0.0 0.0 0.0 0.6 0.0 0.0 0.3 2.0
EWC 1.7 1.2 0.7 4.4 2.6 0.1 1.4 2.0 1.5
LwF 2.7 1.8 -0.3 5.8 3.9 0.6 1.7 2.7 5.5

LP-FT 2.1 1.6 -2.3 5.0 4.0 -0.8 0.8 2.3 6.0
WiSE-FT 2.7 1.4 0.7 5.7 3.5 1.1 1.9 2.6 5.0

MS:PRE-FT-EWC-LwF 2.8 1.6 0.7 6.0 3.7 1.0 2.0 2.8 4.7
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Table 12: RI and mRI of ImageNet-1K with AugReg pre-trained models with different fine-tuning
methods and downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT 1.3 2.9 -4.0 2.8 4.4 -2.7 0.6 0.4 5.9
Linear Probing 0.7 0.1 -0.1 0.8 1.2 0.3 0.2 0.1 3.2
Visual Prompt -4.5 -2.3 -9.1 -4.9 -1.6 -11.2 -3.9 -4.3 1.7

LoRA 0.9 0.2 0.4 1.1 2.6 0.3 -0.1 1.3 1.1
EWC 2.8 2.9 -0.2 5.2 4.4 1.4 1.6 2.8 4.3
LwF 3.1 2.8 -0.0 6.2 4.6 0.7 1.9 2.1 6.5

LP-FT 2.3 3.0 -0.9 5.2 4.5 -0.1 1.2 0.6 4.7
WiSE-FT 3.6 2.5 0.7 7.5 4.5 2.1 2.3 3.0 6.5

MS:PRE-FT-EWC-LwF 3.9 2.7 0.7 7.8 5.0 2.2 2.4 3.3 6.7

ViT-B/32

FT -0.0 1.6 -5.5 0.2 2.6 -5.4 0.3 -0.3 6.4
Linear Probing 1.1 0.1 -0.1 0.9 1.3 0.4 1.0 1.1 3.8
Visual Prompt -5.4 -2.7 -13.3 -4.7 -2.0 -12.7 -2.4 -5.0 -0.1

LoRA 0.9 0.3 0.3 0.5 1.0 0.7 0.7 0.5 3.1
EWC 1.3 1.9 -2.9 3.2 2.6 0.1 1.2 2.0 2.6
LwF 1.8 1.5 -2.0 3.9 3.2 -1.9 1.4 1.2 6.9

LP-FT 1.5 1.5 -1.7 3.4 2.9 -1.9 1.0 0.3 6.4
WiSE-FT 2.5 1.5 0.2 5.0 3.3 0.3 1.6 2.2 6.1

MS:PRE-FT-EWC-LwF 2.5 1.7 -0.5 5.1 3.5 0.2 1.8 2.4 6.0

ViT-S/16

FT -3.2 -0.0 -8.2 -2.9 0.3 -9.7 -2.4 -5.3 2.9
Linear Probing 0.3 0.1 -0.5 0.9 1.4 -0.2 -0.1 0.6 -0.1
Visual Prompt -7.4 -4.6 -13.3 -6.1 -3.5 -18.1 -6.3 -6.0 -1.4

LoRA 0.9 0.2 0.1 1.6 3.6 -0.1 -0.3 1.5 0.8
EWC 1.6 2.6 -2.2 4.2 5.5 -1.9 0.6 0.9 2.7
LwF 0.6 0.9 -1.5 3.5 1.5 -2.7 0.3 -2.4 5.4

LP-FT -1.2 0.9 -4.0 0.1 1.8 -5.8 -1.2 -4.2 2.8
WiSE-FT 2.9 2.2 0.7 6.5 4.7 0.1 1.9 1.4 5.8

MS:PRE-FT-EWC-LwF 3.0 2.2 0.3 6.7 5.3 0.1 1.9 1.3 6.0

ResNet-18

FT -5.2 -2.1 -11.7 -0.6 -5.0 -8.8 -5.7 -13.6 5.7
Linear Probing -7.3 -1.4 -2.5 -1.2 -26.9 -3.9 -4.7 -15.5 -2.1
Visual Prompt -8.3 -4.3 -18.3 -7.5 -6.9 -12.9 -6.1 -7.8 -2.8

EWC -5.7 -0.6 -9.6 2.0 -11.7 -4.3 -4.6 -15.1 -1.5
LwF -1.9 -0.9 -5.5 2.6 -2.7 -4.7 -1.4 -9.0 6.7

LP-FT -4.8 -2.2 -10.0 1.0 -6.2 -7.1 -5.7 -13.9 6.1
WiSE-FT 0.7 -0.1 -1.5 4.3 2.4 -1.5 -0.7 -2.8 5.3

MS:PRE-FT-EWC-LwF -0.1 -0.2 -2.7 4.2 1.9 -1.9 -1.2 -5.7 4.9

ResNet-50

FT -5.2 -0.1 -2.9 2.8 -10.7 -4.3 -6.5 -22.4 2.4
Linear Probing -11.2 -1.5 -1.2 -1.2 -37.0 -4.2 -5.6 -35.2 -3.9
Visual Prompt -6.5 -5.9 -7.8 -6.0 -5.9 -9.1 -6.2 -6.0 -5.1

EWC -8.9 -1.1 -0.5 2.2 -21.7 -3.2 -7.2 -36.2 -3.3
LwF -5.8 0.5 -2.2 3.6 -12.3 -3.0 -4.9 -31.5 3.2

LP-FT -5.1 -0.2 -2.6 3.2 -10.3 -4.1 -6.4 -22.1 1.9
WiSE-FT 1.2 0.7 0.9 6.1 1.2 -0.0 -0.6 -3.0 4.3

MS:PRE-FT-EWC-LwF -0.5 0.5 0.6 6.1 0.2 -0.6 -2.1 -13.1 4.6

Table 13: RI and mRI of ImageNet-1K with SAM pre-trained models with different fine-tuning
methods and downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT 2.5 3.4 -3.2 5.8 5.7 -2.3 1.7 1.8 7.3
Linear Probing 0.8 0.1 0.3 0.5 1.1 0.0 0.0 0.4 4.0
Visual Prompt -6.1 -4.1 -12.4 -6.4 -6.3 -10.6 -3.4 -4.9 -0.2

LoRA 0.9 0.1 0.4 0.8 1.1 0.3 0.1 0.5 3.6
EWC 1.6 0.7 0.3 3.7 2.4 1.2 1.0 2.0 1.3
LwF 3.5 3.2 -1.3 6.9 5.7 0.2 2.3 2.2 8.7

LP-FT 2.4 3.3 -2.3 6.4 5.6 -1.5 1.7 1.5 4.8
WiSE-FT 3.6 2.0 1.9 7.1 4.3 1.5 2.4 2.8 6.5

MS:PRE-FT-EWC-LwF 3.7 2.0 1.7 7.3 4.6 1.6 2.4 3.0 6.7

ViT-B/32

FT 1.4 2.4 -4.6 4.2 3.8 -4.0 0.9 0.8 7.6
Linear Probing 0.9 0.1 0.4 0.8 1.1 0.2 0.3 0.2 4.2
Visual Prompt -5.9 -2.5 -17.1 -5.3 -5.0 -12.6 -1.9 -2.6 -0.1

LoRA 0.8 0.1 0.6 1.0 1.0 0.5 0.3 0.3 2.9
EWC 1.0 0.6 -0.3 2.5 2.1 0.6 0.6 1.1 1.0
LwF 2.4 2.3 -2.3 5.5 4.0 -1.3 1.5 1.4 8.3

LP-FT 1.9 2.3 -3.0 5.1 3.7 -2.8 1.0 0.4 8.3
WiSE-FT 2.6 1.5 1.1 5.2 3.1 0.7 1.7 2.0 5.6

MS:PRE-FT-EWC-LwF 2.6 1.5 0.8 5.4 3.4 0.7 1.7 2.1 5.5
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Table 14: RI and mRI of ImageNet-21K pre-trained models with different fine-tuning methods and
downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT -0.1 1.5 -2.8 0.3 2.7 -4.0 -1.2 -1.8 4.2
Linear Probing 0.4 0.3 0.4 0.2 0.0 0.8 -0.0 1.0 0.5
Visual Prompt -9.4 -7.7 -12.7 -11.1 -7.7 -14.8 -8.4 -10.0 -3.3

LoRA -0.3 0.2 0.5 -1.6 -0.5 0.9 -0.4 0.6 -1.9
EWC 1.4 1.5 0.2 2.4 2.9 0.1 0.5 1.2 2.6
LwF 1.6 1.5 -0.5 2.9 3.5 -0.8 0.9 0.0 5.3

LP-FT 0.5 1.6 -1.2 2.2 2.7 -1.8 -0.5 -1.3 2.1
WiSE-FT 2.5 1.7 0.8 4.9 3.8 0.6 1.3 1.7 5.5

MS:PRE-FT-EWC-LwF 2.7 1.7 0.7 4.7 4.2 0.6 1.4 1.8 6.0

Table 15: RI and mRI of ImageNet-21K with AugReg pre-trained models with different fine-tuning
methods and downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT -5.5 -1.4 -9.1 -5.4 -5.3 -11.1 -3.6 -5.7 -2.5
Linear Probing -0.3 -0.4 -0.4 -0.9 -1.3 -0.5 0.4 0.6 0.2
Visual Prompt -8.0 -6.1 -9.2 -9.3 -6.1 -16.6 -7.1 -7.0 -3.0

LoRA -2.1 0.7 0.8 2.6 2.9 0.8 0.8 1.6 -27.4
EWC 0.6 2.0 -2.0 2.3 3.5 -3.5 0.4 0.5 1.7
LwF -1.0 -1.0 -2.3 0.5 -1.5 -4.2 0.3 -1.3 1.7

LP-FT -2.6 0.3 -3.5 -4.7 -3.0 -6.2 -0.6 -2.5 -0.5
WiSE-FT 1.7 1.8 -0.2 4.0 2.4 -0.9 2.0 1.5 3.2

MS:PRE-FT-EWC-LwF 2.2 1.9 0.3 4.6 2.8 -0.7 2.1 1.7 5.0

ViT-B/32

FT -0.1 0.7 -3.9 0.8 2.7 -4.9 -0.1 -0.6 4.4
Linear Probing 0.3 -0.1 -0.8 0.1 0.7 -0.0 0.7 1.2 0.7
Visual Prompt -8.4 -4.9 -13.1 -7.8 -5.0 -20.7 -6.2 -7.3 -2.4

LoRA 0.9 0.0 0.5 1.0 1.2 0.7 0.1 1.5 2.0
EWC 1.6 1.9 -0.7 4.0 3.9 -1.0 1.0 1.7 2.3
LwF 1.7 1.0 -0.5 3.9 2.8 -1.3 1.7 1.2 5.0

LP-FT 1.2 1.1 -1.3 3.3 2.1 -0.9 1.5 0.8 3.0
WiSE-FT 3.0 1.7 0.9 5.6 4.0 1.0 2.0 2.5 6.0

MS:PRE-FT-EWC-LwF 2.8 1.7 0.6 5.6 4.1 0.6 2.0 2.4 5.6

ViT-S/16

FT -2.3 -0.2 -5.4 -0.8 0.4 -8.5 -1.8 -4.1 1.8
Linear Probing -0.2 -0.1 -0.8 -0.1 0.3 -0.3 0.3 0.6 -1.2
Visual Prompt -9.2 -5.7 -12.1 -8.9 -5.0 -21.3 -8.3 -9.6 -2.8

LoRA -1.5 0.1 0.4 1.5 2.8 0.5 0.3 1.6 -19.5
EWC 1.6 2.0 -0.8 4.2 4.8 -1.7 0.8 1.0 2.7
LwF 0.5 0.5 -0.8 3.2 1.4 -3.1 0.9 -1.3 3.4

LP-FT -0.8 0.5 -2.9 1.6 1.1 -4.6 -0.5 -2.3 0.7
WiSE-FT 2.8 1.8 0.8 6.1 4.4 -0.1 1.9 2.0 5.1

MS:PRE-FT-EWC-LwF 2.8 1.7 0.6 6.3 4.6 -0.2 2.0 1.8 5.9

ViT-S/32

FT -2.9 -1.2 -8.1 -1.3 0.1 -9.3 -2.5 -4.9 4.2
Linear Probing -0.1 -0.1 -1.5 0.1 0.6 -0.2 0.5 0.1 -0.2
Visual Prompt -9.6 -4.7 -21.6 -8.5 -5.6 -19.1 -5.7 -8.6 -2.7

LoRA 0.4 0.1 0.5 1.1 2.7 0.5 0.3 1.1 -3.0
EWC 1.0 1.5 -3.1 3.6 4.2 -1.5 0.2 0.7 2.2
LwF 0.3 -0.1 -2.1 3.2 1.6 -4.0 0.5 -1.5 4.8

LP-FT -1.1 -0.5 -4.5 1.5 0.8 -5.1 -0.9 -3.0 3.0
WiSE-FT 2.3 1.1 0.1 5.5 3.8 -0.6 1.2 1.2 6.2

MS:PRE-FT-EWC-LwF 2.3 1.1 -0.5 5.6 4.1 -0.6 1.2 1.2 6.0

ViT-L/16

FT -2.1 0.3 -8.7 -3.5 -0.6 -3.1 -0.8 -0.9 0.1
Linear Probing -1.3 -0.5 -4.1 -6.1 -1.2 -0.5 0.7 0.7 0.7
Visual Prompt -12.9 -10.7 -13.6 -13.5 -15.0 -17.0 -10.4 -14.2 -9.0

LoRA 1.0 0.2 0.7 1.1 1.2 0.9 0.7 1.1 1.7
EWC 1.1 -0.6 0.3 2.5 2.3 -0.7 1.2 1.5 1.9
LwF -0.2 -0.6 0.4 -1.9 0.5 -0.2 -0.6 -1.8 2.6

LP-FT -3.5 0.5 -14.0 -16.4 -0.5 -0.8 1.3 0.8 0.8
WiSE-FT 2.3 2.1 0.1 3.3 2.6 1.1 2.4 2.7 4.4

MS:PRE-FT-EWC-LwF 2.5 1.8 1.1 3.4 2.5 1.1 2.0 2.7 5.1
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Table 16: RI and mRI of ImageNet-21K-P pre-trained models with different fine-tuning methods
and downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT -0.5 0.7 -3.5 1.6 3.0 -4.4 -1.4 -2.2 2.3
Linear Probing 0.2 0.2 0.4 0.5 1.1 0.3 0.2 0.3 -1.0
Visual Prompt -10.1 -8.0 -11.5 -9.9 -7.8 -19.9 -8.8 -11.1 -3.6

LoRA 0.4 0.1 0.3 0.5 1.2 0.5 -0.2 0.9 -0.1
EWC 1.3 1.3 0.6 1.1 3.0 0.8 0.6 0.6 2.1
LwF 1.7 1.6 -0.1 4.5 3.5 -0.3 1.0 -0.2 3.7

LP-FT 0.4 0.8 -1.1 3.8 3.3 -1.2 -0.4 -1.8 0.1
WiSE-FT 3.0 2.0 1.3 6.3 4.1 1.3 1.8 2.0 5.3

MS:PRE-FT-EWC-LwF 3.0 2.0 1.1 6.3 4.3 1.3 1.7 2.0 5.3

Table 17: RI and mRI of LAION-2B pre-trained models with different fine-tuning methods and
downstream datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT -38.1 -39.4 -53.7 -36.9 -46.9 -49.2 -29.0 -36.6 -12.9
Linear Probing -2.0 -0.6 -0.9 -1.5 -0.8 -1.9 -2.4 -5.5 -2.0
Visual Prompt -8.2 -6.4 -8.1 -8.1 -6.7 -16.7 -8.3 -8.0 -2.9

LoRA -3.6 -0.8 -1.3 -1.6 -1.2 -3.0 -2.8 -5.8 -12.3
EWC -12.5 -16.1 -27.2 -2.4 -17.3 -19.0 -6.4 -9.9 -1.7
LwF -33.9 -37.3 -49.3 -31.7 -45.2 -44.7 -22.3 -31.0 -9.9

LP-FT -37.1 -39.3 -51.0 -35.9 -46.1 -47.7 -28.3 -33.7 -14.6
WiSE-FT -21.6 -25.3 -39.1 -17.6 -31.9 -25.4 -11.3 -16.3 -5.5

MS:PRE-FT-EWC-LwF -17.9 -21.1 -31.3 -12.9 -29.7 -22.1 -8.6 -14.6 -2.7

ViT-B/32

FT -31.6 -31.1 -47.0 -28.9 -37.5 -41.3 -24.5 -32.8 -9.6
Linear Probing -1.4 -0.1 -1.5 0.2 0.5 -2.1 -2.3 -6.0 0.5
Visual Prompt -8.4 -6.4 -12.1 -6.9 -6.0 -21.9 -6.1 -6.7 -1.5

LoRA -1.9 -0.2 -2.0 -0.4 -0.9 -4.0 -2.6 -6.1 1.1
EWC -10.0 -10.6 -25.6 -1.2 -11.5 -15.1 -3.5 -11.0 -1.1
LwF -26.7 -28.5 -40.5 -22.8 -33.7 -34.4 -18.5 -26.8 -8.6

LP-FT -30.8 -31.3 -45.7 -27.9 -35.9 -39.7 -24.4 -30.8 -10.3
WiSE-FT -13.5 -15.5 -22.8 -8.6 -17.8 -17.9 -8.4 -14.4 -2.2

MS:PRE-FT-EWC-LwF -10.9 -12.4 -19.0 -5.7 -16.4 -14.3 -5.7 -12.5 -1.3

Table 18: RI and mRI of OpenAI CLIP models with different fine-tuning methods and downstream
datasets on each dataset in ImageNet-RIB.

Architecture Method mRI
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

ViT-B/16

FT -38.0 -38.3 -51.6 -35.4 -48.5 -50.3 -28.9 -35.8 -15.3
Linear Probing -2.0 -0.5 -0.8 -1.3 -1.3 -1.2 -3.4 -5.6 -1.8
Visual Prompt -8.4 -7.4 -8.1 -7.6 -6.3 -16.3 -9.4 -9.9 -2.7

LoRA -3.6 -0.6 -1.0 -1.9 -1.0 -2.8 -4.0 -6.4 -11.3
EWC -12.7 -14.4 -20.9 -2.4 -24.8 -19.9 -7.5 -10.8 -0.8
LwF -33.1 -35.5 -46.4 -30.6 -47.1 -44.3 -22.7 -30.2 -7.9

LP-FT -36.9 -38.3 -50.0 -34.4 -48.5 -49.0 -29.8 -31.7 -13.3
WiSE-FT -18.1 -19.5 -26.7 -11.7 -31.0 -23.7 -11.1 -15.8 -5.5

MS:PRE-FT-EWC-LwF -16.0 -17.1 -24.3 -9.4 -30.3 -20.9 -9.1 -14.4 -2.7

ViT-B/32

FT -28.7 -28.1 -43.8 -26.4 -35.0 -39.1 -20.8 -28.2 -8.4
Linear Probing -1.3 0.2 -0.9 -0.8 -0.1 -1.8 -2.1 -5.6 0.9
Visual Prompt -8.0 -5.4 -12.5 -6.2 -4.6 -20.8 -5.9 -7.0 -1.4

LoRA -1.8 0.1 -1.6 -0.8 -0.6 -3.7 -2.3 -5.4 -0.2
EWC -7.0 -5.6 -17.0 -1.1 -11.4 -13.0 -3.1 -6.5 1.7
LwF -23.9 -24.8 -37.0 -21.1 -31.3 -31.7 -16.5 -24.3 -4.4

LP-FT -27.7 -27.4 -42.2 -24.3 -33.7 -37.7 -20.2 -26.9 -9.0
WiSE-FT -9.7 -10.3 -16.5 -5.3 -14.2 -12.5 -5.7 -11.3 -1.5

MS:PRE-FT-EWC-LwF -8.1 -8.5 -14.7 -3.2 -13.4 -10.6 -4.4 -9.9 0.5
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Table 19: The accuracy on each OOD dataset after fine-tuning on ImageNet-1K with SAM pre-
trained ViT-B/16 on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 79.2 66.4 15.0 38.0 28.0 25.7 66.2 39.1 56.0

Pre-Trained 80.2 68.2 9.0 40.1 27.7 34.2 66.9 42.3 54.6

FT

IN-V2 81.1 - 17.1 42.9 29.7 38.7 69.5 44.1 56.8
IN-A 77.1 65.7 - 37.9 25.7 39.8 60.4 30.9 51.3
IN-R 75.0 64.1 19.1 - 49.5 36.1 66.9 53.6 53.9
IN-Sketch 79.2 67.3 14.2 59.5 - 35.8 71.0 52.0 55.7
ObjNet 77.6 66.1 21.9 37.1 25.9 - 57.3 32.2 52.2
IN-Cartoon 82.6 67.1 15.4 44.2 32.2 35.2 - 42.8 51.3
IN-Drawing 79.9 65.1 12.9 45.1 34.0 33.5 67.2 - 55.4
IN-C 99.7 63.0 15.5 39.3 27.1 30.4 92.5 71.4 -

HeadOnly

IN-V2 80.3 - 9.0 40.2 27.6 34.1 67.5 42.3 54.7
IN-A 80.2 68.0 - 41.0 27.8 34.9 67.4 42.4 54.5
IN-R 80.1 68.1 9.6 - 28.6 34.1 67.9 43.5 54.6
IN-Sketch 79.5 67.3 9.3 45.2 - 34.2 67.7 44.9 54.1
ObjNet 80.1 67.9 9.2 40.0 27.9 - 67.3 42.3 54.6
IN-Cartoon 80.3 68.1 8.4 41.6 28.2 32.8 - 43.5 53.8
IN-Drawing 79.9 67.5 8.9 42.7 29.3 32.7 67.9 - 54.6
IN-C 93.4 65.6 11.4 40.6 28.1 32.1 80.6 58.1 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 75.5 - 8.1 39.9 24.1 35.5 58.5 35.0 44.7
IN-A 67.5 55.6 - 35.8 19.1 34.0 45.6 26.4 30.4
IN-R 69.9 57.4 6.3 - 32.0 29.2 56.5 39.7 36.8
IN-Sketch 71.2 58.2 5.6 47.2 - 28.3 56.4 39.5 36.3
ObjNet 70.7 58.7 9.0 36.2 20.1 - 48.2 27.2 35.3
IN-Cartoon 75.8 62.3 6.5 42.5 27.0 31.8 - 39.8 42.3
IN-Drawing 72.8 59.8 5.4 43.0 28.1 28.6 59.0 - 42.2
IN-C 77.7 65.7 8.8 41.3 28.0 36.7 62.1 44.1 -

LoRA
(Hu et al., 2021)

IN-V2 80.2 - 8.9 40.1 27.7 34.2 67.4 42.3 54.7
IN-A 80.2 68.2 - 41.1 27.8 34.6 67.7 42.7 54.8
IN-R 80.2 68.2 9.7 - 29.0 34.8 68.2 43.9 54.7
IN-Sketch 79.9 67.7 9.4 44.0 - 34.7 68.1 44.8 54.6
ObjNet 80.1 68.0 9.2 40.9 28.2 - 67.5 42.5 54.7
IN-Cartoon 80.1 68.2 8.7 41.5 28.2 33.3 - 43.5 53.7
IN-Drawing 80.0 67.8 9.1 42.6 29.0 33.1 68.1 - 54.5
IN-C 80.2 68.6 13.7 42.4 30.7 36.9 68.6 52.4 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 80.4 - 9.7 40.8 28.2 35.0 67.8 43.0 55.1
IN-A 79.5 68.2 - 41.3 27.4 39.0 64.3 41.5 54.7
IN-R 80.3 68.6 11.5 - 36.2 36.5 70.2 49.6 56.3
IN-Sketch 80.1 68.1 9.7 47.9 - 34.2 69.3 47.7 55.6
ObjNet 80.4 68.6 12.5 41.4 28.3 - 66.7 43.0 56.5
IN-Cartoon 80.4 68.2 9.3 42.8 29.3 34.4 - 44.6 54.3
IN-Drawing 80.1 67.9 10.0 44.5 31.2 35.3 68.7 - 56.9
IN-C 80.4 68.6 11.0 41.2 28.8 36.7 66.8 44.7 -

LwF
(Li & Hoiem, 2017)

IN-V2 81.1 - 16.1 42.8 29.7 38.3 69.5 44.3 56.8
IN-A 78.6 67.1 - 39.4 26.7 40.2 63.4 34.3 53.9
IN-R 77.2 66.1 17.9 - 49.6 37.1 69.2 55.3 56.0
IN-Sketch 79.6 67.8 13.8 59.0 - 35.7 71.3 51.6 56.3
ObjNet 79.4 67.7 20.2 39.7 27.5 - 62.5 37.3 55.0
IN-Cartoon 82.9 68.0 14.7 44.3 32.0 35.7 - 44.3 53.1
IN-Drawing 80.6 65.9 12.3 45.2 34.4 34.2 68.1 - 56.2
IN-C 99.4 65.5 14.7 42.4 28.9 33.0 93.0 71.8 -

LP-FT
(Kumar et al., 2022)

IN-V2 81.1 - 16.9 42.8 29.7 38.6 69.4 44.0 56.8
IN-A 77.8 66.3 - 38.5 26.1 40.2 61.7 32.7 52.3
IN-R 76.2 65.2 18.4 - 49.7 37.1 67.9 54.9 54.5
IN-Sketch 78.9 67.1 13.9 60.0 - 35.9 70.7 51.4 55.6
ObjNet 78.1 66.7 21.7 37.8 26.3 - 59.0 33.7 53.0
IN-Cartoon 82.6 66.9 15.4 44.5 32.2 34.8 - 43.3 51.1
IN-Drawing 79.6 64.6 12.9 46.1 34.4 32.5 66.9 - 53.8
IN-C 93.9 65.1 11.6 41.2 28.9 31.4 82.5 61.4 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 80.9 - 12.2 41.8 29.1 36.6 68.8 43.9 56.1
IN-A 80.7 69.0 - 42.0 29.0 39.7 68.2 42.6 57.0
IN-R 80.5 69.0 15.2 - 43.8 38.1 72.3 55.5 58.7
IN-Sketch 80.5 68.5 11.9 51.4 - 36.2 70.9 49.9 56.8
ObjNet 80.6 69.0 15.4 41.1 28.9 - 67.1 41.8 56.4
IN-Cartoon 82.3 69.0 12.2 43.5 30.9 36.1 - 46.0 55.2
IN-Drawing 81.4 68.5 11.7 44.1 32.6 35.7 69.9 - 57.9
IN-C 89.1 69.2 16.6 43.5 31.5 37.1 79.5 56.3 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 80.8 - 12.2 41.9 29.1 36.6 68.9 44.0 56.1
IN-A 80.5 68.9 - 41.9 28.6 40.4 67.5 41.6 57.0
IN-R 80.3 69.1 15.5 - 44.8 38.2 72.4 55.7 58.7
IN-Sketch 80.5 68.5 12.0 52.6 - 36.3 71.1 50.4 57.0
ObjNet 80.6 69.0 15.7 41.3 28.9 - 66.7 41.9 56.7
IN-Cartoon 82.2 68.9 12.1 43.9 31.1 35.9 - 46.1 55.0
IN-Drawing 81.2 68.4 11.7 44.8 33.2 35.7 70.0 - 58.0
IN-C 89.3 69.3 16.2 43.9 31.7 37.3 79.5 57.2 -
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Table 20: The accuracy on each OOD dataset after fine-tuning ImageNet-21K pre-trained ViT-B/16
on the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 81.8 71.4 32.0 47.3 35.8 42.5 69.4 44.1 58.3

FT

IN-V2 81.7 - 40.4 49.6 36.2 45.4 68.5 41.6 58.5
IN-A 78.2 68.1 - 47.4 33.4 45.7 62.7 37.2 55.0
IN-R 75.5 65.2 34.2 - 50.2 39.8 64.6 48.9 52.9
IN-Sketch 78.8 68.3 32.6 64.7 - 41.7 69.7 51.3 55.5
ObjNet 78.5 67.8 39.3 44.3 32.5 - 60.6 33.3 52.8
IN-Cartoon 85.2 68.0 33.0 49.5 36.4 41.9 - 41.4 52.9
IN-Drawing 81.5 66.6 27.0 50.3 38.4 39.4 67.0 - 55.3
IN-C 99.7 65.6 25.4 45.4 32.9 36.7 93.2 72.9 -

Linear Probing

IN-V2 81.8 - 32.8 47.6 35.9 42.9 69.7 44.2 58.5
IN-A 81.4 71.0 - 48.6 35.9 45.9 67.8 43.9 58.7
IN-R 80.5 70.1 33.5 - 38.3 42.0 69.8 44.3 56.7
IN-Sketch 79.9 69.2 30.1 53.9 - 41.1 69.9 44.5 56.4
ObjNet 81.3 71.1 37.6 48.3 36.1 - 67.9 44.2 58.9
IN-Cartoon 82.5 70.3 31.7 49.3 36.4 41.5 - 45.2 56.9
IN-Drawing 82.0 70.2 32.8 50.0 38.1 42.5 71.0 - 59.0
IN-C 96.7 65.3 27.6 42.8 31.7 36.2 85.5 57.0 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 76.0 - 25.2 43.8 29.4 41.7 58.2 32.1 45.5
IN-A 71.7 60.6 - 41.0 24.1 39.2 50.9 25.8 38.3
IN-R 69.9 59.1 18.1 - 35.0 35.0 54.9 35.8 38.3
IN-Sketch 72.9 61.7 18.1 53.3 - 38.7 58.3 40.3 41.1
ObjNet 71.1 59.6 25.1 38.0 23.8 - 49.0 22.6 36.9
IN-Cartoon 75.6 63.4 20.9 44.9 29.9 37.9 - 33.9 41.9
IN-Drawing 73.3 61.8 17.1 45.4 30.0 35.1 55.5 - 41.8
IN-C 78.9 67.2 25.3 45.5 31.5 42.7 63.6 43.5 -

LoRA
(Hu et al., 2021)

IN-V2 81.8 - 32.4 47.4 35.8 42.8 69.6 44.1 58.4
IN-A 81.7 71.2 - 48.5 35.9 45.9 67.9 43.8 58.9
IN-R 79.6 68.3 30.2 - 37.4 40.2 69.7 43.3 53.6
IN-Sketch 80.4 69.4 30.1 51.2 - 40.6 70.7 43.0 56.3
ObjNet 81.8 71.5 37.4 48.7 36.1 - 67.7 43.9 59.2
IN-Cartoon 81.1 70.1 30.9 49.4 36.4 41.3 - 44.1 56.1
IN-Drawing 81.6 71.0 32.1 49.9 37.3 42.7 70.2 - 58.0
IN-C 81.5 70.7 29.8 45.8 33.4 42.3 69.6 37.8 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 82.2 - 35.5 49.0 36.3 44.8 70.2 44.7 59.4
IN-A 81.1 70.9 - 49.1 35.4 48.4 66.7 41.0 58.8
IN-R 80.8 69.8 34.5 - 44.3 42.6 70.3 51.0 57.6
IN-Sketch 81.8 71.2 31.9 57.1 - 42.5 71.8 51.6 59.3
ObjNet 80.9 69.8 39.0 47.8 35.3 - 66.5 42.3 58.2
IN-Cartoon 81.8 70.5 32.6 50.6 36.8 42.4 - 45.2 56.7
IN-Drawing 81.0 70.6 31.7 52.1 38.0 44.0 69.1 - 59.4
IN-C 82.2 71.6 35.2 50.3 37.7 45.4 69.1 51.1 -

LwF
(Li & Hoiem, 2017)

IN-V2 81.8 - 38.3 49.2 36.6 44.8 69.3 42.6 59.3
IN-A 80.5 70.3 - 48.5 34.9 45.6 66.4 41.7 58.1
IN-R 79.4 68.6 35.7 - 49.6 41.6 69.1 52.0 57.3
IN-Sketch 80.1 70.0 33.2 64.0 - 42.7 71.0 51.6 57.3
ObjNet 81.1 70.3 38.3 46.8 35.0 - 66.0 39.6 57.0
IN-Cartoon 86.7 70.5 34.7 50.4 37.3 43.3 - 43.8 57.9
IN-Drawing 83.3 68.9 29.6 51.2 39.0 40.9 69.3 - 58.1
IN-C 99.7 67.4 25.3 48.1 35.2 38.2 93.3 72.3 -

LP-FT
(Kumar et al., 2022)

IN-V2 81.6 - 39.8 49.3 36.3 45.2 69.0 42.2 58.7
IN-A 79.6 69.2 - 48.3 35.0 46.6 64.7 39.9 56.7
IN-R 77.8 67.4 35.0 - 50.2 41.8 68.1 51.2 55.4
IN-Sketch 78.9 68.5 32.6 64.4 - 41.7 70.4 50.5 55.8
ObjNet 79.9 69.2 40.2 46.2 33.9 - 63.8 37.2 55.5
IN-Cartoon 86.0 68.2 33.1 49.8 36.7 42.0 - 43.4 54.4
IN-Drawing 82.2 67.1 27.8 50.9 39.1 39.3 67.7 - 56.0
IN-C 99.1 63.5 21.4 43.7 31.3 33.6 92.2 71.7 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 82.1 - 37.6 49.0 36.6 45.2 69.7 43.9 59.3
IN-A 81.3 71.2 - 49.1 36.3 47.0 68.4 43.4 59.0
IN-R 81.5 71.3 38.2 - 47.6 45.6 71.7 53.7 60.0
IN-Sketch 81.5 71.4 34.2 59.4 - 43.9 72.1 51.7 59.2
ObjNet 81.5 71.1 39.0 48.0 36.3 - 68.1 42.0 58.2
IN-Cartoon 84.8 71.3 34.8 49.8 37.2 44.0 - 45.6 58.1
IN-Drawing 83.1 71.0 32.9 51.0 39.6 43.3 70.6 - 59.8
IN-C 92.0 71.3 33.7 50.4 38.4 43.8 82.4 60.8 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 82.2 - 37.4 49.1 36.6 45.1 69.8 44.0 59.5
IN-A 81.2 71.2 - 49.3 36.0 47.1 67.9 42.9 59.1
IN-R 81.4 71.2 37.6 - 48.0 44.7 71.8 53.6 59.8
IN-Sketch 81.6 71.4 34.3 60.8 - 43.8 72.4 52.5 59.4
ObjNet 81.5 70.9 39.2 48.1 36.2 - 67.9 42.2 58.3
IN-Cartoon 84.7 71.1 34.9 50.3 37.5 44.0 - 45.6 58.2
IN-Drawing 83.1 71.1 32.8 51.7 39.8 43.5 70.6 - 60.1
IN-C 93.5 71.2 33.1 50.9 38.9 43.6 84.1 62.9 -
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Table 21: The accuracy on each OOD dataset after fine-tuning ImageNet-21K with AugReg pre-
trained ViT-B/16 on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 84.5 74.0 43.2 56.8 43.2 48.4 75.1 54.9 66.5

FT

IN-V2 81.3 - 47.5 56.8 40.0 49.7 70.6 49.3 64.4
IN-A 74.8 64.8 - 50.6 35.6 46.3 60.7 40.7 56.3
IN-R 73.8 63.7 33.9 - 52.4 42.5 65.1 54.4 55.7
IN-Sketch 75.2 65.2 28.4 70.6 - 43.7 65.3 54.2 54.8
ObjNet 76.7 65.6 37.1 47.6 32.5 - 62.2 36.0 54.9
IN-Cartoon 95.3 67.2 35.1 54.9 39.8 44.8 - 58.9 61.5
IN-Drawing 91.1 65.2 27.6 54.2 41.1 41.1 78.4 - 59.9
IN-C 99.9 62.7 20.2 46.5 31.8 35.0 98.1 84.1 -

Linear Probing

IN-V2 83.1 - 45.1 56.3 42.8 48.3 73.7 53.3 65.7
IN-A 83.3 73.6 - 56.7 42.5 51.0 73.6 52.8 65.8
IN-R 82.2 72.1 44.6 - 45.3 49.2 71.6 52.2 64.0
IN-Sketch 79.3 69.2 42.3 64.6 - 49.0 70.0 53.0 62.1
ObjNet 83.1 73.2 47.8 56.3 41.4 - 73.3 52.6 65.9
IN-Cartoon 91.1 71.9 43.3 56.5 42.2 47.5 - 58.5 69.9
IN-Drawing 87.6 71.9 42.0 57.5 43.5 47.0 79.7 - 70.0
IN-C 99.2 65.0 35.2 50.3 37.0 39.5 93.8 76.1 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 81.3 - 37.2 53.6 38.8 48.8 67.8 42.8 56.9
IN-A 78.5 67.3 - 52.3 35.0 51.5 63.1 34.6 51.1
IN-R 74.9 64.1 27.4 - 47.4 43.3 62.2 49.2 46.4
IN-Sketch 78.3 67.4 28.0 64.2 - 45.0 67.2 52.7 51.7
ObjNet 75.0 64.2 34.8 43.9 30.4 - 54.1 27.8 42.5
IN-Cartoon 80.8 68.6 31.8 54.3 39.3 45.2 - 45.4 53.1
IN-Drawing 79.3 68.3 27.9 55.1 40.1 44.6 67.8 - 54.5
IN-C 82.3 71.3 38.8 53.3 38.9 48.1 70.6 53.7 -

LoRA
(Hu et al., 2021)

IN-V2 84.6 - 44.9 57.1 43.4 49.9 75.2 55.0 67.2
IN-A 84.3 74.5 - 57.9 42.8 52.8 74.7 54.2 67.8
IN-R 84.2 74.1 47.6 - 48.5 52.4 75.4 58.8 67.0
IN-Sketch 84.0 73.7 44.9 66.5 - 51.3 75.6 60.7 66.9
ObjNet 84.2 74.3 49.5 58.0 42.4 - 74.5 53.6 67.2
IN-Cartoon 84.5 73.8 44.9 58.3 43.7 50.0 - 55.5 66.4
IN-Drawing 84.0 73.8 43.9 61.2 47.3 49.7 75.3 - 67.1
IN-C 64.8 52.2 7.9 36.4 24.9 24.6 39.4 18.9 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 84.0 - 52.3 59.4 43.6 52.1 73.2 54.0 67.7
IN-A 81.3 71.3 - 56.8 41.8 52.4 69.8 46.8 65.8
IN-R 80.9 70.5 47.1 - 56.2 48.4 72.3 63.0 63.9
IN-Sketch 83.1 72.9 44.8 70.3 - 50.1 75.4 63.9 66.2
ObjNet 80.8 70.6 49.9 53.3 40.1 - 67.4 44.5 63.5
IN-Cartoon 84.6 72.2 45.0 58.5 43.6 49.2 - 57.4 63.9
IN-Drawing 84.2 73.1 42.2 59.3 45.8 49.0 75.4 - 65.9
IN-C 85.4 74.2 46.5 56.4 42.8 49.6 75.9 62.5 -

LwF
(Li & Hoiem, 2017)

IN-V2 83.6 - 42.9 56.3 40.7 48.2 73.8 53.5 66.0
IN-A 82.8 72.1 - 55.5 39.4 48.4 72.2 51.6 64.1
IN-R 82.5 71.9 39.3 - 54.3 46.5 74.1 58.7 64.1
IN-Sketch 80.3 70.1 33.2 69.2 - 46.6 71.7 56.5 61.5
ObjNet 81.9 71.4 42.2 53.6 38.4 - 70.7 45.9 62.2
IN-Cartoon 96.6 71.8 37.9 57.1 41.7 47.0 - 62.0 71.7
IN-Drawing 94.3 69.9 31.1 57.5 43.6 44.1 83.6 - 68.5
IN-C 99.9 69.2 27.8 53.9 38.5 41.8 97.5 79.4 -

LP-FT
(Kumar et al., 2022)

IN-V2 82.3 - 50.8 56.9 41.9 50.3 72.4 52.5 65.6
IN-A 80.9 70.9 - 54.5 40.2 51.0 69.3 45.7 63.2
IN-R 76.3 66.2 35.3 - 49.0 45.3 66.5 52.8 57.0
IN-Sketch 76.9 66.7 35.1 69.7 - 46.8 68.0 53.6 58.5
ObjNet 79.6 68.9 42.2 52.5 36.1 - 67.4 43.4 59.9
IN-Cartoon 96.0 69.6 40.0 55.6 40.9 47.2 - 60.9 68.6
IN-Drawing 92.8 67.5 31.0 56.4 42.5 43.7 81.7 - 66.9
IN-C 99.9 63.3 27.6 49.3 34.8 37.1 97.2 83.0 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 84.1 - 50.0 58.5 43.5 51.4 74.6 54.9 68.0
IN-A 83.0 73.1 - 57.2 42.2 52.5 72.6 53.3 66.5
IN-R 82.8 72.8 47.7 - 56.8 50.4 75.4 63.7 66.9
IN-Sketch 82.3 72.9 40.5 70.7 - 49.8 74.5 62.5 65.1
ObjNet 83.2 72.9 48.0 56.1 41.9 - 73.2 50.0 65.6
IN-Cartoon 92.0 72.8 45.5 58.4 44.2 50.1 - 61.8 68.6
IN-Drawing 90.2 73.0 41.1 59.0 46.4 49.1 80.3 - 69.2
IN-C 96.5 71.7 36.9 55.8 41.2 46.4 92.3 73.9 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 84.2 - 49.9 58.6 43.7 51.1 74.7 55.3 68.0
IN-A 83.5 73.7 - 57.7 42.9 52.3 73.4 53.9 66.9
IN-R 83.5 73.6 48.4 - 57.2 50.5 76.1 64.4 67.4
IN-Sketch 82.7 72.8 41.6 71.0 - 49.8 75.0 62.6 65.6
ObjNet 83.3 73.1 49.4 56.0 42.1 - 72.8 49.7 65.6
IN-Cartoon 91.7 73.0 44.9 58.8 44.3 49.8 - 61.9 69.2
IN-Drawing 90.2 73.0 40.9 59.7 46.8 48.6 80.7 - 69.6
IN-C 96.5 72.9 41.0 58.0 43.6 47.7 92.1 75.5 -
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Table 22: The accuracy on each OOD dataset after fine-tuning ImageNet-21K-P pre-trained ViT-B/16
on the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 84.3 74.0 34.1 51.5 40.2 46.7 73.5 45.1 61.4

FT

IN-V2 83.5 - 44.6 52.9 40.4 47.1 71.4 39.2 62.1
IN-A 80.8 70.7 - 50.3 38.6 47.2 65.5 35.5 60.5
IN-R 78.9 68.8 38.7 - 54.6 42.8 69.9 54.2 57.5
IN-Sketch 81.9 71.8 35.4 67.0 - 44.5 74.8 54.4 59.3
ObjNet 81.1 70.6 43.8 47.5 36.8 - 63.1 29.6 57.7
IN-Cartoon 89.0 71.0 38.0 51.9 40.2 43.4 - 42.5 56.1
IN-Drawing 85.8 69.5 31.4 52.7 42.7 41.8 70.3 - 57.9
IN-C 99.8 67.9 25.6 47.1 34.7 37.4 95.0 73.7 -

HeadOnly

IN-V2 84.3 - 34.8 51.6 40.0 46.4 74.1 45.6 61.4
IN-A 84.0 73.9 - 51.9 40.1 48.5 73.9 45.2 61.8
IN-R 83.8 73.9 35.6 - 42.0 46.5 73.3 46.1 61.0
IN-Sketch 83.2 73.4 34.8 57.2 - 46.9 73.4 47.7 60.8
ObjNet 83.9 73.7 36.6 51.3 39.8 - 73.7 45.1 61.9
IN-Cartoon 85.6 73.8 34.5 52.3 40.3 45.7 - 46.5 61.3
IN-Drawing 84.5 73.5 33.2 53.0 41.7 45.5 74.5 - 62.0
IN-C 97.3 68.4 30.0 44.6 33.4 39.2 86.4 56.2 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 79.7 - 27.1 46.9 32.7 45.2 62.1 32.9 49.6
IN-A 76.7 66.0 - 44.0 27.5 46.4 55.6 27.6 44.6
IN-R 74.1 62.8 20.3 - 41.0 39.4 59.3 42.1 40.5
IN-Sketch 77.0 65.5 18.3 56.6 - 40.9 62.6 43.8 44.1
ObjNet 72.4 61.1 22.1 34.8 23.1 - 46.4 18.4 34.8
IN-Cartoon 79.0 67.2 21.6 48.5 33.4 41.7 - 34.8 44.2
IN-Drawing 75.9 63.9 17.1 48.0 33.2 38.4 58.5 - 44.3
IN-C 80.9 70.2 28.5 48.5 35.4 45.1 65.6 46.9 -

LoRA
(Hu et al., 2021)

IN-V2 84.2 - 34.5 51.3 40.3 46.6 73.9 45.5 61.3
IN-A 84.1 74.1 - 51.4 40.1 47.9 73.7 45.4 62.1
IN-R 84.1 73.9 35.5 - 41.0 46.7 74.1 46.1 61.2
IN-Sketch 84.1 73.8 34.1 55.0 - 46.4 74.5 49.4 61.4
ObjNet 84.2 74.1 36.8 51.3 40.0 - 73.6 45.6 62.1
IN-Cartoon 84.0 73.6 33.9 52.1 40.7 45.4 - 45.6 60.3
IN-Drawing 84.0 73.6 33.5 54.9 43.9 45.9 73.9 - 61.6
IN-C 84.5 74.3 35.3 50.6 38.6 46.7 73.9 45.1 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 84.4 - 37.9 52.6 40.9 47.8 74.1 45.8 62.4
IN-A 83.8 74.4 - 53.2 40.3 50.8 72.0 42.0 63.7
IN-R 81.4 71.4 30.2 - 52.1 43.3 72.7 57.7 55.3
IN-Sketch 83.9 73.6 34.2 62.0 - 46.2 76.0 54.4 61.4
ObjNet 84.0 74.1 42.0 51.9 40.5 - 71.7 42.6 62.5
IN-Cartoon 84.3 73.7 35.3 54.2 41.5 46.0 - 47.0 59.9
IN-Drawing 83.4 73.0 33.3 56.1 44.0 45.0 73.3 - 60.9
IN-C 84.2 74.2 38.8 52.7 41.5 48.5 73.0 50.9 -

LwF
(Li & Hoiem, 2017)

IN-V2 83.9 - 44.0 53.5 41.1 47.2 72.9 42.0 62.9
IN-A 83.3 73.7 - 52.4 40.2 48.4 71.2 42.5 63.5
IN-R 82.3 72.2 40.9 - 55.0 45.1 74.3 57.2 62.0
IN-Sketch 82.9 72.7 36.7 65.9 - 45.4 75.7 53.7 61.1
ObjNet 83.5 73.3 44.5 50.4 39.8 - 69.7 38.5 61.8
IN-Cartoon 89.8 73.1 39.6 53.3 41.7 45.4 - 45.6 61.3
IN-Drawing 87.0 71.5 32.8 53.7 43.6 44.0 73.4 - 61.2
IN-C 99.7 70.5 25.6 50.3 37.6 40.6 94.7 71.9 -

LP-FT
(Kumar et al., 2022)

IN-V2 83.6 - 44.2 52.4 39.8 47.1 72.0 39.9 62.5
IN-A 82.5 72.8 - 51.6 39.3 48.7 69.5 40.0 62.6
IN-R 81.3 71.5 40.6 - 54.3 45.3 73.1 56.2 60.5
IN-Sketch 82.2 71.9 37.2 66.7 - 45.6 75.0 53.0 60.2
ObjNet 82.6 72.3 44.7 49.8 39.1 - 67.9 36.9 60.6
IN-Cartoon 89.8 71.4 38.4 52.5 40.5 43.9 - 44.6 58.8
IN-Drawing 86.5 69.9 30.3 53.1 43.2 41.9 71.4 - 58.7
IN-C 99.9 64.7 19.8 43.5 30.7 33.1 96.1 78.2 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 84.4 - 42.1 53.0 41.4 48.3 73.9 44.7 63.3
IN-A 84.0 74.3 - 53.1 41.8 50.2 73.0 44.9 64.1
IN-R 84.0 74.3 43.1 - 53.6 48.2 76.8 59.0 64.3
IN-Sketch 84.0 74.1 37.4 62.9 - 47.3 76.6 54.4 62.7
ObjNet 84.1 74.2 43.8 51.9 41.8 - 72.3 42.3 62.9
IN-Cartoon 87.4 74.0 40.1 53.5 42.1 46.9 - 47.8 61.4
IN-Drawing 86.4 73.5 37.1 54.6 44.5 46.5 75.6 - 63.5
IN-C 94.1 73.3 36.9 53.4 41.6 46.1 87.3 63.8 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 84.4 - 41.7 53.2 41.5 48.1 74.0 44.9 63.3
IN-A 83.9 74.3 - 53.2 41.6 50.2 72.5 44.1 64.1
IN-R 83.9 74.1 42.7 - 54.2 47.9 76.8 59.4 64.1
IN-Sketch 84.0 74.0 37.3 64.0 - 47.1 76.7 55.0 62.7
ObjNet 84.1 74.2 44.4 51.9 41.4 - 71.9 42.1 62.9
IN-Cartoon 87.2 74.0 39.5 53.8 42.1 46.6 - 47.6 61.4
IN-Drawing 86.2 73.5 37.0 55.0 44.6 46.6 75.4 - 63.4
IN-C 93.8 73.9 36.3 53.8 42.1 46.2 86.4 63.4 -
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Table 23: The accuracy on each OOD dataset after fine-tuning LAION-2B pre-trained ViT-B/16 on
the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 85.5 75.6 41.5 68.8 55.4 51.1 78.2 58.4 63.0

FT

IN-V2 59.0 - 8.1 25.6 12.2 21.1 36.6 12.2 24.5
IN-A 28.7 20.4 - 11.9 4.5 10.3 14.9 4.0 8.5
IN-R 47.1 36.4 7.2 - 29.5 19.4 33.7 17.0 21.4
IN-Sketch 29.1 20.3 2.6 37.8 - 9.2 20.4 8.0 9.7
ObjNet 39.4 30.5 4.8 16.4 6.7 - 20.2 4.7 13.5
IN-Cartoon 90.2 52.8 9.9 36.4 22.0 27.6 - 29.1 32.6
IN-Drawing 62.0 37.0 5.0 29.7 19.1 15.4 48.6 - 22.5
IN-C 99.9 54.4 8.2 40.8 27.0 24.3 98.6 85.1 -

Linear Probing

IN-V2 84.9 - 42.0 68.7 54.0 50.2 77.4 57.5 62.3
IN-A 84.5 74.9 - 68.9 53.6 53.2 76.3 54.2 62.7
IN-R 82.8 72.6 37.4 - 57.6 47.9 75.7 60.5 61.2
IN-Sketch 82.5 72.8 37.9 74.8 - 49.1 76.0 59.6 60.7
ObjNet 84.2 74.5 44.3 66.9 52.5 - 74.6 53.7 61.2
IN-Cartoon 85.7 72.6 36.7 69.8 52.9 47.5 - 57.8 59.7
IN-Drawing 83.8 71.1 27.7 67.0 51.7 43.9 76.0 - 57.7
IN-C 97.6 67.8 25.9 61.4 47.5 40.2 93.2 78.8 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 82.8 - 32.3 64.4 51.4 49.5 72.3 47.0 54.4
IN-A 80.9 70.9 - 64.1 49.0 53.0 69.5 36.8 50.7
IN-R 78.7 68.0 30.1 - 54.7 45.9 68.5 49.5 49.4
IN-Sketch 81.4 70.6 28.6 69.5 - 48.9 71.6 49.8 50.9
ObjNet 77.9 66.8 30.1 55.2 41.1 - 61.5 26.8 42.4
IN-Cartoon 82.4 71.0 30.9 64.0 49.3 47.8 - 43.7 48.7
IN-Drawing 81.6 70.8 26.6 63.3 49.3 47.4 69.9 - 50.2
IN-C 83.8 73.3 34.1 66.6 52.2 49.2 74.5 58.9 -

LoRA
(Hu et al., 2021)

IN-V2 85.0 - 40.8 68.6 53.9 50.6 77.3 57.8 62.0
IN-A 84.5 75.0 - 68.6 53.6 52.8 76.2 53.1 62.2
IN-R 82.7 72.2 36.9 - 58.2 47.6 75.8 60.2 61.2
IN-Sketch 82.9 72.5 35.2 74.6 - 48.4 76.3 60.2 60.9
ObjNet 84.1 74.0 42.5 67.3 52.2 - 72.8 51.6 59.7
IN-Cartoon 83.7 72.6 35.9 69.5 53.3 47.0 - 57.3 58.4
IN-Drawing 81.7 70.9 28.2 67.1 52.1 44.8 74.4 - 55.8
IN-C 78.9 67.8 20.3 61.4 47.3 38.7 68.8 38.3 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 80.2 - 26.4 49.4 31.9 41.2 65.2 38.0 51.4
IN-A 69.6 60.3 - 34.8 19.7 38.1 47.6 19.7 39.9
IN-R 81.5 71.2 38.3 - 58.4 47.8 73.6 58.3 58.7
IN-Sketch 70.5 57.0 18.4 60.6 - 28.0 64.0 45.8 41.7
ObjNet 78.1 67.0 28.5 45.5 30.7 - 59.6 28.5 48.0
IN-Cartoon 84.0 71.4 34.1 64.5 47.2 46.9 - 52.3 52.6
IN-Drawing 80.9 67.7 24.8 62.8 46.8 39.5 72.1 - 50.4
IN-C 85.5 74.3 34.3 66.8 51.1 48.2 77.6 64.5 -

LwF
(Li & Hoiem, 2017)

IN-V2 63.5 - 8.7 28.0 14.7 22.7 41.0 12.2 28.0
IN-A 40.1 30.0 - 15.1 5.7 14.5 20.6 6.1 13.6
IN-R 56.9 46.1 7.8 - 33.5 23.1 41.6 22.2 26.9
IN-Sketch 33.3 24.7 2.6 39.0 - 11.0 22.5 8.9 11.5
ObjNet 50.6 39.2 6.3 19.8 9.1 - 28.4 6.3 19.2
IN-Cartoon 93.8 60.8 12.3 43.9 28.6 32.2 - 37.7 42.0
IN-Drawing 70.8 42.2 5.6 37.8 26.9 17.1 58.5 - 28.8
IN-C 99.9 60.4 8.9 47.8 32.8 29.1 98.2 82.6 -

LP-FT
(Kumar et al., 2022)

IN-V2 59.5 - 8.0 26.4 12.7 21.2 37.6 11.3 24.3
IN-A 34.5 27.2 - 13.6 5.2 13.6 17.6 4.7 11.4
IN-R 49.1 38.6 7.1 - 30.2 20.3 34.5 18.5 22.5
IN-Sketch 30.2 22.9 2.3 38.7 - 10.6 21.1 8.0 10.5
ObjNet 44.2 33.6 5.7 17.5 7.0 - 23.4 4.8 15.4
IN-Cartoon 90.9 53.5 10.7 37.6 23.0 27.7 - 31.2 32.3
IN-Drawing 67.8 39.0 5.2 34.2 22.5 16.2 55.9 - 24.4
IN-C 99.9 51.1 6.8 38.2 23.5 20.9 98.9 87.4 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 76.3 - 17.9 38.9 22.2 34.7 58.1 23.5 43.7
IN-A 59.8 48.0 - 24.2 10.8 22.8 34.4 10.0 26.7
IN-R 74.1 62.1 18.2 - 41.1 36.2 60.9 38.1 43.3
IN-Sketch 58.6 47.0 7.2 48.0 - 21.4 43.7 20.6 25.4
ObjNet 74.7 62.2 18.3 40.0 23.3 - 55.4 21.4 42.3
IN-Cartoon 88.5 69.5 26.3 54.7 39.0 42.6 - 49.8 53.0
IN-Drawing 81.1 61.7 15.6 53.6 41.0 30.8 70.5 - 45.9
IN-C 94.2 67.1 19.2 58.2 42.2 39.3 90.0 74.6 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 78.1 - 20.5 44.2 27.8 37.3 61.3 31.2 46.2
IN-A 68.5 56.6 - 31.3 16.0 30.6 45.7 15.9 35.0
IN-R 77.0 65.3 22.5 - 46.9 39.7 65.4 45.6 47.8
IN-Sketch 60.8 49.0 8.0 50.9 - 23.4 46.6 23.5 27.5
ObjNet 77.0 65.2 21.6 43.0 27.1 - 58.5 25.4 45.0
IN-Cartoon 88.7 71.1 27.9 58.4 43.2 43.9 - 54.5 54.5
IN-Drawing 81.3 62.3 16.2 57.3 44.9 31.4 72.2 - 47.0
IN-C 94.3 69.5 22.2 62.1 47.2 40.6 90.8 77.5 -
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Table 24: The accuracy on each OOD dataset after fine-tuning OpenAI CLIP ViT-B/16 on the
downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 85.3 75.7 47.3 65.9 50.9 50.7 76.3 55.7 62.6

FT

IN-V2 60.8 - 9.7 24.2 10.1 22.0 36.4 13.0 25.7
IN-A 29.8 23.3 - 10.5 4.1 11.4 14.3 4.1 8.9
IN-R 47.9 37.9 7.9 - 29.4 19.3 34.4 20.1 22.2
IN-Sketch 24.4 18.0 1.9 34.6 - 8.2 17.3 7.5 7.2
ObjNet 36.0 26.7 4.9 12.5 5.4 - 18.3 3.7 10.6
IN-Cartoon 92.3 52.7 10.5 34.0 18.1 24.5 - 33.9 32.8
IN-Drawing 67.3 36.1 5.0 29.5 17.7 14.2 53.0 - 23.0
IN-C 99.9 51.0 7.0 35.4 19.0 20.8 98.2 84.0 -

HeadOnly

IN-V2 84.7 - 48.0 65.6 50.3 50.9 75.3 53.9 61.6
IN-A 84.1 74.5 - 66.5 49.1 53.6 74.1 51.9 62.3
IN-R 82.3 72.9 42.0 - 54.7 48.5 73.8 58.5 59.9
IN-Sketch 82.0 72.6 41.5 72.4 - 48.8 74.3 57.6 58.0
ObjNet 83.9 74.5 52.0 65.5 49.0 - 73.7 51.2 60.1
IN-Cartoon 85.0 73.1 40.7 65.6 48.9 46.5 - 53.9 56.3
IN-Drawing 83.1 71.4 32.2 64.6 47.9 43.9 75.3 - 54.7
IN-C 97.0 68.7 32.3 59.1 44.4 40.3 90.6 74.2 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 82.4 - 38.2 60.5 46.4 48.3 68.2 42.5 53.6
IN-A 80.4 70.5 - 62.1 45.1 51.9 66.2 35.1 50.5
IN-R 79.3 68.8 38.2 - 51.2 46.5 66.9 46.6 47.9
IN-Sketch 81.2 70.5 35.6 67.3 - 47.9 69.0 48.9 50.8
ObjNet 77.6 67.0 37.7 53.0 38.9 - 57.8 25.2 41.1
IN-Cartoon 81.8 70.1 35.7 60.7 44.4 45.5 - 40.2 46.2
IN-Drawing 80.5 69.5 27.2 60.6 45.9 43.2 66.9 - 46.8
IN-C 83.1 73.1 41.5 64.4 49.3 49.5 71.2 54.6 -

LoRA
(Hu et al., 2021)

IN-V2 84.7 - 47.4 65.7 50.3 51.4 75.3 53.7 61.5
IN-A 84.0 74.6 - 66.4 48.9 53.5 73.8 51.7 62.0
IN-R 81.9 71.9 40.9 - 54.4 47.9 73.3 58.1 59.5
IN-Sketch 82.7 73.1 40.2 72.7 - 48.4 74.9 59.1 58.6
ObjNet 83.3 74.0 49.5 65.6 48.2 - 71.3 48.6 57.9
IN-Cartoon 83.4 72.8 39.6 65.4 48.7 46.7 - 53.0 54.6
IN-Drawing 81.4 71.3 31.8 64.0 48.1 43.9 73.1 - 52.5
IN-C 79.5 69.6 26.9 59.6 42.7 41.5 69.3 33.6 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 80.6 - 33.0 48.4 29.3 40.3 64.2 40.7 52.9
IN-A 73.8 62.9 - 40.9 23.5 39.3 52.2 27.0 45.3
IN-R 80.5 71.2 43.5 - 55.4 46.7 71.5 56.3 58.0
IN-Sketch 58.5 48.2 17.7 49.3 - 25.4 53.7 33.6 32.8
ObjNet 77.8 67.1 33.1 43.6 24.8 - 57.0 23.2 46.6
IN-Cartoon 84.1 71.4 37.4 61.2 42.7 45.0 - 49.5 49.4
IN-Drawing 80.5 67.7 27.7 59.2 41.7 37.6 70.6 - 49.0
IN-C 86.7 74.2 41.5 65.1 47.8 47.0 77.3 64.1 -

LwF
(Li & Hoiem, 2017)

IN-V2 65.3 - 10.2 28.0 12.6 24.4 42.3 14.3 28.8
IN-A 42.3 33.6 - 14.8 5.1 16.1 21.4 7.0 14.7
IN-R 57.9 46.6 8.0 - 33.2 22.3 41.9 25.4 27.7
IN-Sketch 26.8 20.1 2.0 35.8 - 9.2 19.2 9.1 8.8
ObjNet 52.4 40.1 6.1 18.2 7.6 - 27.4 6.4 18.6
IN-Cartoon 95.0 60.1 13.1 40.3 23.5 28.6 - 42.5 41.4
IN-Drawing 75.6 43.7 5.9 36.0 23.5 17.3 61.5 - 30.3
IN-C 99.5 65.7 12.4 51.0 34.9 33.5 96.1 73.7 -

LP-FT
(Kumar et al., 2022)

IN-V2 60.9 - 9.6 24.9 9.7 22.3 36.8 12.4 25.8
IN-A 33.6 25.8 - 11.7 4.4 13.8 17.3 4.4 10.4
IN-R 50.2 39.9 8.3 - 29.9 21.4 35.5 20.1 23.3
IN-Sketch 23.8 17.6 2.2 34.8 - 7.6 17.2 7.8 7.3
ObjNet 40.3 30.6 5.0 13.9 6.0 - 18.9 4.4 12.7
IN-Cartoon 91.6 51.8 10.4 33.6 18.2 24.1 - 31.7 30.6
IN-Drawing 77.5 43.4 5.8 32.4 18.2 17.9 62.2 - 27.7
IN-C 99.9 53.2 7.2 38.6 22.3 21.7 98.6 87.6 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 79.1 - 26.3 43.1 23.9 38.0 62.9 30.9 47.9
IN-A 72.2 60.0 - 32.5 15.9 34.1 49.0 20.3 39.1
IN-R 77.1 65.6 25.8 - 45.0 39.5 65.8 47.2 48.5
IN-Sketch 55.4 44.4 8.6 47.0 - 21.6 45.1 24.7 25.5
ObjNet 76.2 64.2 23.2 38.6 21.8 - 57.3 21.8 41.7
IN-Cartoon 89.1 69.9 28.4 52.6 35.1 40.7 - 52.0 52.4
IN-Drawing 82.0 61.9 18.0 51.5 37.5 30.5 71.9 - 47.4
IN-C 94.1 67.4 21.0 54.9 37.6 36.7 90.2 76.0 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 79.7 - 27.8 46.7 28.1 39.2 64.5 34.7 48.7
IN-A 73.1 61.6 - 36.0 19.0 35.7 52.3 23.1 39.8
IN-R 78.3 67.4 28.5 - 48.2 41.2 67.6 49.9 50.4
IN-Sketch 55.1 44.8 9.0 48.2 - 21.9 45.7 26.0 26.3
ObjNet 77.8 66.1 25.6 42.2 26.3 - 59.5 24.5 44.2
IN-Cartoon 89.0 71.3 29.7 55.5 38.7 41.2 - 55.1 53.8
IN-Drawing 82.7 63.3 18.9 54.1 39.9 31.2 72.8 - 48.6
IN-C 93.2 70.9 26.2 59.4 42.6 40.3 89.1 74.9 -
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Table 25: The accuracy on each OOD dataset after fine-tuning ImageNet-1K with AugReg pre-trained
ViT-B/32 on the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-
Cartoon, and ImageNet-C are generated from images in the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 74.9 61.0 8.0 37.5 27.1 28.0 65.2 40.5 53.5

FT

IN-V2 73.6 - 12.8 41.0 28.4 31.4 63.1 40.9 53.4
IN-A 66.5 54.1 - 35.4 24.0 28.0 53.5 31.9 47.5
IN-R 64.7 52.8 11.0 - 43.4 26.5 57.2 47.0 47.0
IN-Sketch 70.8 57.9 8.9 55.8 - 28.2 63.1 47.2 51.1
ObjNet 68.5 55.9 12.7 33.7 23.3 - 52.4 29.1 47.8
IN-Cartoon 82.7 58.0 11.2 39.8 28.3 28.6 - 41.8 50.1
IN-Drawing 77.1 56.9 9.0 40.8 29.1 26.5 63.2 - 52.8
IN-C 99.6 54.8 8.1 35.3 23.5 24.1 93.5 72.7 -

Linear Probing

IN-V2 74.8 - 8.3 37.8 27.1 28.1 65.1 40.5 53.5
IN-A 73.8 60.3 - 38.0 26.7 29.6 64.1 40.2 53.2
IN-R 74.0 60.4 8.9 - 29.7 29.1 65.6 43.4 52.8
IN-Sketch 72.3 58.9 8.5 47.6 - 28.8 64.8 43.4 51.0
ObjNet 74.3 60.4 9.9 38.7 27.4 - 64.8 41.3 53.3
IN-Cartoon 77.7 60.5 8.2 39.6 27.2 28.6 - 44.5 54.2
IN-Drawing 75.7 59.8 8.5 41.7 28.3 28.3 67.1 - 54.4
IN-C 97.9 54.3 7.9 35.2 23.2 21.5 88.5 63.6 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 69.8 - 7.0 38.4 25.1 28.8 58.3 38.1 45.5
IN-A 58.2 46.7 - 32.9 18.2 24.5 44.4 23.4 29.9
IN-R 62.1 50.5 6.5 - 33.7 25.2 52.9 42.1 39.4
IN-Sketch 66.1 53.4 5.8 48.8 - 26.5 57.1 45.0 43.1
ObjNet 60.5 49.0 7.1 29.8 17.6 - 44.0 23.7 33.1
IN-Cartoon 70.6 56.7 6.5 40.1 26.3 27.0 - 39.6 42.4
IN-Drawing 66.2 53.2 4.8 39.5 26.0 23.9 55.6 - 42.3
IN-C 72.1 58.8 8.0 37.6 25.8 29.1 61.1 46.3 -

LoRA
(Hu et al., 2021)

IN-V2 75.0 - 8.1 37.9 27.3 28.5 65.4 40.9 53.9
IN-A 74.8 61.0 - 38.7 27.1 30.0 64.5 40.6 53.4
IN-R 73.8 60.1 8.7 - 28.6 29.1 65.9 43.5 50.6
IN-Sketch 73.9 60.1 8.1 42.2 - 28.9 66.3 43.7 51.6
ObjNet 74.8 61.2 9.9 39.2 27.5 - 65.1 41.6 53.4
IN-Cartoon 74.7 60.8 7.9 39.6 27.7 29.0 - 43.1 52.6
IN-Drawing 73.6 60.6 8.5 41.7 28.0 28.5 64.4 - 52.1
IN-C 75.6 61.9 9.9 41.1 28.7 31.2 66.0 50.6 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 75.4 - 9.8 40.2 28.1 30.8 65.7 43.0 55.3
IN-A 69.7 56.9 - 38.8 25.9 28.8 58.1 34.4 49.9
IN-R 71.2 58.4 10.9 - 39.7 29.4 63.9 51.2 52.5
IN-Sketch 73.7 60.2 8.7 48.8 - 28.5 65.2 46.6 53.8
ObjNet 74.1 61.0 11.2 38.1 26.9 - 62.4 39.7 54.0
IN-Cartoon 75.0 60.9 8.6 41.2 28.5 28.8 - 43.2 52.8
IN-Drawing 74.3 60.6 9.0 43.9 31.0 29.5 65.5 - 55.1
IN-C 75.5 62.0 9.7 40.5 28.4 31.3 65.4 48.3 -

LwF
(Li & Hoiem, 2017)

IN-V2 74.3 - 11.9 40.6 28.2 30.7 64.1 41.0 54.0
IN-A 71.1 58.5 - 37.2 25.5 29.8 59.3 36.8 52.0
IN-R 71.2 58.5 11.2 - 44.7 28.8 63.4 51.1 53.0
IN-Sketch 72.3 59.1 8.7 55.3 - 28.6 64.7 47.2 52.5
ObjNet 73.1 59.5 12.2 36.5 25.2 - 59.8 34.6 52.1
IN-Cartoon 84.6 59.9 10.7 39.9 28.3 29.2 - 43.0 54.1
IN-Drawing 79.3 58.9 9.3 41.3 29.6 27.5 66.6 - 55.2
IN-C 99.0 59.2 7.6 38.7 26.7 26.4 92.3 64.7 -

LP-FT
(Kumar et al., 2022)

IN-V2 73.8 - 12.7 40.7 28.1 31.1 63.7 40.6 53.7
IN-A 71.7 58.9 - 36.8 25.9 30.1 60.5 36.7 52.2
IN-R 70.4 57.9 11.6 - 43.6 29.8 62.4 50.1 51.4
IN-Sketch 71.1 58.2 9.0 56.3 - 28.5 63.8 47.3 51.1
ObjNet 72.3 58.9 12.7 36.8 25.7 - 59.4 34.9 51.3
IN-Cartoon 84.7 58.7 11.0 40.3 28.2 28.5 - 43.7 52.6
IN-Drawing 78.1 57.1 8.6 41.9 30.1 26.1 64.8 - 53.6
IN-C 99.9 51.8 7.2 35.1 22.7 20.0 96.7 78.4 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 75.1 - 10.9 39.7 28.1 30.5 65.2 41.6 54.7
IN-A 74.0 60.9 - 38.6 27.3 31.2 63.3 38.7 54.3
IN-R 74.2 61.2 10.9 - 41.0 30.9 66.7 52.0 55.4
IN-Sketch 74.3 61.0 9.0 49.7 - 29.6 66.5 46.9 54.4
ObjNet 74.7 61.4 11.6 38.3 27.2 - 63.3 38.8 54.3
IN-Cartoon 80.3 61.1 10.4 40.0 28.5 29.8 - 42.9 54.2
IN-Drawing 78.4 61.0 9.7 41.3 30.3 29.5 67.2 - 56.9
IN-C 92.0 60.8 10.2 39.7 28.1 29.4 83.0 58.8 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 75.2 - 10.8 40.0 28.2 30.6 65.3 42.0 54.9
IN-A 73.1 60.0 - 38.4 26.8 31.1 62.0 37.2 53.6
IN-R 74.1 61.1 11.2 - 41.8 30.7 66.6 52.5 55.3
IN-Sketch 74.4 60.9 8.9 51.0 - 29.5 66.4 47.2 54.4
ObjNet 74.6 61.4 11.9 38.0 27.0 - 62.9 38.5 54.3
IN-Cartoon 80.2 61.2 10.1 40.6 28.8 29.8 - 43.4 54.3
IN-Drawing 78.2 61.0 9.6 42.2 30.9 29.5 67.3 - 56.9
IN-C 91.0 61.6 9.9 40.4 28.6 29.7 81.6 58.0 -
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Table 26: The accuracy on each OOD dataset after fine-tuning ImageNet-21K pre-trained ViT-B/32
with AugReg on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 80.7 69.0 22.4 49.3 37.1 40.7 70.6 42.5 60.5

FT

IN-V2 78.8 - 31.5 50.5 36.1 42.9 67.0 39.5 60.2
IN-A 75.0 64.1 - 47.6 34.4 42.5 60.8 36.1 56.9
IN-R 72.2 62.0 25.0 - 51.3 38.3 63.7 52.8 55.3
IN-Sketch 76.0 65.2 23.6 65.3 - 40.1 68.1 54.4 57.0
ObjNet 74.9 63.5 29.1 44.3 32.1 - 57.4 35.5 55.3
IN-Cartoon 88.0 65.3 25.1 50.4 36.5 39.5 - 47.4 56.7
IN-Drawing 84.3 64.1 21.7 51.5 39.3 38.2 71.1 - 59.5
IN-C 99.8 62.2 18.7 45.5 32.0 34.1 94.3 75.5 -

Linear Probing

IN-V2 80.3 - 23.7 49.5 36.7 40.3 70.1 41.9 60.1
IN-A 79.3 67.7 - 49.1 36.4 40.9 69.2 41.5 59.4
IN-R 79.7 68.6 23.9 - 39.4 39.9 69.4 42.7 59.7
IN-Sketch 77.9 66.6 23.8 57.0 - 40.6 68.3 45.1 58.4
ObjNet 79.7 68.3 24.4 49.5 36.9 - 69.5 42.3 60.3
IN-Cartoon 85.6 67.8 22.0 50.1 36.7 40.2 - 46.8 62.6
IN-Drawing 82.6 68.1 23.3 51.1 38.4 40.4 73.5 - 63.0
IN-C 98.3 59.2 20.1 43.4 30.7 31.7 89.5 62.0 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 76.1 - 18.9 46.6 33.2 40.5 62.6 35.7 51.1
IN-A 67.6 55.5 - 40.6 25.7 38.7 50.2 27.3 39.7
IN-R 67.2 56.8 13.9 - 42.5 33.4 56.2 42.5 42.6
IN-Sketch 72.2 60.3 14.0 57.2 - 37.0 61.3 44.2 46.2
ObjNet 62.6 51.1 13.1 32.0 20.7 - 40.8 18.0 30.9
IN-Cartoon 75.4 62.8 15.4 46.7 32.4 37.9 - 37.5 45.5
IN-Drawing 73.1 61.0 12.6 48.3 34.6 34.1 61.3 - 46.7
IN-C 77.3 65.2 20.7 45.9 31.8 41.1 64.3 45.6 -

LoRA
(Hu et al., 2021)

IN-V2 80.7 - 22.5 49.2 37.1 40.7 70.6 42.5 60.5
IN-A 80.7 69.4 - 49.9 37.2 42.4 70.3 43.0 61.2
IN-R 80.7 69.3 24.9 - 37.6 42.3 70.6 43.9 60.9
IN-Sketch 80.6 69.1 22.9 52.7 - 41.2 70.9 46.0 60.8
ObjNet 80.7 69.3 25.4 50.1 37.1 - 70.0 43.2 61.3
IN-Cartoon 80.7 69.1 22.3 49.8 37.0 40.8 - 42.9 60.2
IN-Drawing 80.3 69.3 23.8 53.2 40.4 41.5 70.7 - 61.0
IN-C 80.0 68.8 24.7 51.5 37.9 41.5 68.3 53.1 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 81.0 - 28.0 51.2 37.6 44.0 70.2 43.4 62.1
IN-A 78.8 67.7 - 50.7 36.4 45.2 66.2 37.8 60.9
IN-R 78.7 67.6 26.5 - 49.2 40.8 69.9 56.8 60.0
IN-Sketch 80.2 68.8 24.1 60.8 - 41.7 71.9 54.0 61.1
ObjNet 77.9 67.3 30.7 48.0 36.2 - 62.2 39.9 60.1
IN-Cartoon 80.4 68.1 23.5 52.1 37.9 41.1 - 46.6 59.0
IN-Drawing 80.3 68.8 23.1 53.5 41.6 41.5 71.9 - 61.2
IN-C 81.0 69.5 26.6 51.0 38.3 43.4 69.6 49.1 -

LwF
(Li & Hoiem, 2017)

IN-V2 80.1 - 28.0 50.6 36.9 42.3 69.4 41.4 61.1
IN-A 79.3 68.2 - 49.7 36.2 42.5 67.7 41.4 60.6
IN-R 79.2 67.8 25.9 - 50.3 39.8 70.9 54.6 60.9
IN-Sketch 78.1 67.1 23.4 63.2 - 40.6 70.1 51.1 59.1
ObjNet 78.5 67.2 30.8 47.5 34.7 - 64.8 38.4 59.1
IN-Cartoon 89.8 68.3 25.2 51.1 37.3 40.9 - 47.3 63.0
IN-Drawing 86.3 67.0 22.7 51.9 39.9 39.4 73.8 - 63.1
IN-C 99.4 66.5 20.0 49.4 35.9 38.2 93.1 63.7 -

LP-FT
(Kumar et al., 2022)

IN-V2 79.4 - 30.3 50.9 36.7 42.6 68.3 41.2 60.7
IN-A 77.8 67.0 - 48.7 36.0 43.3 65.8 40.0 59.5
IN-R 77.3 66.5 26.4 - 50.5 40.4 68.0 54.7 59.0
IN-Sketch 76.3 65.3 23.2 64.2 - 40.4 68.3 50.5 57.5
ObjNet 78.0 67.2 30.2 48.3 34.8 - 65.4 39.9 58.9
IN-Cartoon 90.5 66.5 26.0 51.2 37.1 40.2 - 49.6 61.3
IN-Drawing 86.3 65.4 22.9 51.9 39.8 38.8 73.8 - 62.6
IN-C 99.9 57.5 15.0 43.1 29.8 29.7 96.7 80.4 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 80.7 - 28.7 51.0 37.8 43.3 70.1 42.6 61.7
IN-A 80.1 69.0 - 50.9 37.7 45.1 69.0 42.5 61.9
IN-R 80.0 69.1 28.7 - 49.8 43.4 71.9 56.8 62.4
IN-Sketch 79.9 69.0 24.5 61.4 - 42.1 71.9 53.1 61.0
ObjNet 80.1 69.0 29.8 49.8 37.3 - 68.2 43.1 61.2
IN-Cartoon 86.0 69.0 25.9 51.5 38.2 41.7 - 48.2 60.9
IN-Drawing 84.4 68.8 25.1 52.6 41.3 41.7 73.6 - 63.6
IN-C 95.3 68.6 24.9 51.0 37.8 41.3 87.5 62.2 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 80.7 - 28.3 51.1 37.7 43.3 70.1 42.8 61.7
IN-A 79.9 68.9 - 50.7 37.3 44.8 68.5 41.8 61.6
IN-R 79.9 69.1 28.6 - 50.4 42.6 71.9 57.3 62.2
IN-Sketch 79.8 68.9 24.1 62.5 - 41.9 71.9 53.6 61.0
ObjNet 79.7 68.6 30.7 49.2 36.9 - 67.2 42.1 60.9
IN-Cartoon 85.7 68.8 25.4 51.9 38.2 41.5 - 48.1 61.1
IN-Drawing 84.3 68.5 24.7 52.9 41.5 41.4 73.7 - 63.3
IN-C 94.1 69.0 24.9 51.5 38.3 41.5 85.7 60.0 -
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Table 27: The accuracy on each OOD datasets after fine-tuning LAION-2B pre-trained ViT-B/32 on
the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 82.6 71.6 22.8 59.2 49.1 43.5 73.0 42.3 57.5

FT

IN-V2 50.6 - 5.1 24.7 11.4 16.9 34.5 15.1 21.7
IN-A 21.2 18.6 - 10.2 4.1 10.1 12.8 4.1 7.0
IN-R 42.0 32.5 4.5 - 31.9 16.7 31.6 19.4 20.9
IN-Sketch 24.7 20.2 1.6 37.5 - 8.8 19.3 10.3 9.7
ObjNet 31.9 23.7 3.6 15.0 6.9 - 18.6 6.2 12.2
IN-Cartoon 85.0 42.6 5.8 30.6 17.1 18.6 - 32.0 27.3
IN-Drawing 52.2 29.3 3.0 25.6 15.3 10.6 41.8 - 21.6
IN-C 99.8 44.1 4.7 31.7 18.4 16.8 97.3 81.2 -

Linear Probing

IN-V2 82.4 - 24.2 58.7 46.8 44.3 72.1 42.5 58.1
IN-A 81.2 70.6 - 59.0 45.7 46.5 70.6 35.2 58.2
IN-R 79.3 68.0 21.2 - 52.6 40.8 71.1 51.1 56.1
IN-Sketch 79.5 68.0 21.2 66.8 - 42.0 70.8 49.1 55.6
ObjNet 81.0 69.7 26.7 56.9 43.7 - 67.8 38.8 56.6
IN-Cartoon 81.3 68.2 19.5 59.7 45.7 39.7 - 45.6 51.2
IN-Drawing 78.0 64.5 13.4 58.0 44.4 35.5 68.7 - 49.8
IN-C 96.0 64.2 15.7 53.3 41.0 33.9 88.4 68.5 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 78.7 - 16.4 54.2 44.3 41.5 65.1 33.2 47.9
IN-A 73.9 62.1 - 52.1 36.7 42.2 57.7 23.7 36.9
IN-R 74.3 62.5 15.0 - 48.7 38.4 62.1 41.0 43.9
IN-Sketch 76.2 63.9 13.5 60.7 - 39.0 64.5 41.3 45.1
ObjNet 68.3 55.9 14.6 34.1 28.6 - 47.4 13.9 27.7
IN-Cartoon 78.4 65.5 14.6 55.9 43.9 38.9 - 39.2 44.9
IN-Drawing 77.6 65.3 13.3 56.5 44.8 38.1 64.7 - 47.2
IN-C 80.0 68.2 18.6 57.9 46.0 41.7 68.8 50.0 -

LoRA
(Hu et al., 2021)

IN-V2 82.3 - 23.7 58.6 46.5 44.4 72.2 42.8 58.1
IN-A 81.0 70.2 - 58.8 45.2 46.1 70.3 33.8 57.9
IN-R 78.8 67.2 20.3 - 52.2 40.2 71.1 50.9 54.8
IN-Sketch 78.6 66.8 17.6 64.9 - 39.4 70.1 51.1 53.4
ObjNet 80.3 68.9 24.0 55.6 42.2 - 65.4 36.4 54.9
IN-Cartoon 79.9 67.8 19.2 59.4 45.6 39.7 - 45.4 50.3
IN-Drawing 76.7 64.3 13.6 57.9 44.4 35.9 67.7 - 49.8
IN-C 83.1 70.4 23.8 58.9 46.7 41.9 73.1 53.9 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 76.5 - 16.1 46.3 31.0 35.6 61.4 34.0 48.4
IN-A 60.0 48.3 - 31.6 18.8 28.5 40.6 18.0 30.7
IN-R 76.1 65.1 21.5 - 53.9 39.1 67.5 51.0 53.0
IN-Sketch 66.6 54.9 12.8 55.4 - 26.8 60.0 40.1 39.7
ObjNet 72.9 60.1 18.5 41.8 29.0 - 50.5 26.3 43.0
IN-Cartoon 81.0 67.1 19.6 57.7 43.7 39.1 - 46.1 48.1
IN-Drawing 72.6 59.0 12.2 53.4 41.0 28.8 62.0 - 43.6
IN-C 81.2 68.3 18.6 56.9 43.2 40.3 70.5 55.9 -

LwF
(Li & Hoiem, 2017)

IN-V2 56.9 - 5.4 26.5 13.2 19.6 40.2 16.8 26.1
IN-A 37.9 29.4 - 16.6 7.2 13.2 23.7 8.3 14.5
IN-R 54.5 42.8 5.2 - 36.0 20.0 41.9 25.5 28.9
IN-Sketch 33.3 26.0 2.4 40.9 - 11.3 26.4 13.4 13.7
ObjNet 49.0 37.4 3.8 20.3 10.1 - 30.0 12.3 20.7
IN-Cartoon 89.8 51.9 6.9 36.2 22.2 23.5 - 39.0 36.6
IN-Drawing 63.9 37.5 3.7 32.1 20.4 14.9 52.0 - 28.2
IN-C 99.6 49.5 4.6 35.3 21.0 19.8 96.1 75.1 -

LP-FT
(Kumar et al., 2022)

IN-V2 50.4 - 5.7 24.1 11.3 16.2 34.6 14.2 22.0
IN-A 25.0 19.7 - 11.5 5.2 10.4 15.0 5.1 9.0
IN-R 44.2 34.3 4.5 - 32.8 17.6 33.5 19.9 22.2
IN-Sketch 28.5 22.4 2.1 39.3 - 9.9 21.9 11.3 11.5
ObjNet 35.7 27.3 4.0 16.1 7.7 - 20.6 7.6 14.4
IN-Cartoon 85.9 43.5 5.4 30.8 17.1 18.3 - 31.1 28.6
IN-Drawing 57.3 31.6 3.1 27.2 17.0 12.2 46.9 - 22.7
IN-C 99.9 42.0 4.2 29.8 17.1 14.1 98.2 83.4 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 72.8 - 12.8 40.0 25.0 31.1 54.9 31.4 43.5
IN-A 65.3 53.5 - 32.9 19.7 28.0 44.5 20.8 37.0
IN-R 72.3 60.4 12.9 - 44.1 33.1 59.5 42.8 46.5
IN-Sketch 60.9 49.6 7.4 52.0 - 23.4 49.3 30.3 33.3
ObjNet 70.7 57.0 13.5 37.2 22.7 - 49.7 28.0 41.6
IN-Cartoon 84.8 63.5 14.4 47.4 32.0 33.4 - 47.6 48.8
IN-Drawing 75.5 55.3 9.5 45.7 32.6 25.1 63.2 - 44.7
IN-C 91.7 61.2 10.5 51.0 36.6 30.6 86.4 69.8 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 74.7 - 14.1 43.6 28.6 33.2 57.5 37.0 46.5
IN-A 68.8 56.3 - 36.5 22.9 31.2 48.6 26.8 40.5
IN-R 74.5 63.0 14.9 - 47.9 35.1 62.2 47.3 49.8
IN-Sketch 61.6 50.4 7.8 53.6 - 23.7 51.1 34.0 34.7
ObjNet 73.8 61.2 14.6 41.1 26.8 - 53.5 33.0 45.1
IN-Cartoon 85.3 65.5 15.3 50.9 36.3 35.1 - 51.9 50.9
IN-Drawing 76.0 56.6 9.7 49.1 37.0 26.4 63.9 - 46.2
IN-C 91.1 62.8 11.1 53.0 38.3 31.6 85.4 69.9 -
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Table 28: The accuracy on each OOD dataset after fine-tuning OpenAI CLIP ViT-B/32 on the
downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 82.0 70.9 22.6 55.8 45.0 41.5 71.1 42.5 57.9

FT

IN-V2 54.8 - 6.5 24.5 10.4 18.4 38.3 16.2 25.9
IN-A 26.3 21.0 - 11.0 3.9 12.3 14.8 5.1 10.1
IN-R 44.0 33.9 5.7 - 32.1 16.4 34.0 21.9 23.1
IN-Sketch 28.0 21.1 2.2 39.9 - 9.1 21.8 12.6 11.1
ObjNet 33.8 25.0 3.9 15.0 8.6 - 19.6 6.8 13.4
IN-Cartoon 88.7 47.2 6.7 31.9 17.6 19.3 - 36.8 31.4
IN-Drawing 60.3 32.9 3.5 28.0 16.7 12.4 49.4 - 24.6
IN-C 99.8 44.5 4.5 30.2 17.2 16.2 97.1 80.7 -

HeadOnly

IN-V2 81.6 - 23.5 56.1 43.4 42.4 71.1 42.4 59.0
IN-A 80.6 69.9 - 55.9 42.2 44.5 69.8 37.8 58.5
IN-R 77.7 66.3 18.2 - 48.1 37.5 69.8 50.8 55.5
IN-Sketch 78.0 66.3 19.1 63.5 - 39.2 69.7 48.6 55.4
ObjNet 80.3 69.4 26.6 54.6 41.2 - 68.2 36.9 56.7
IN-Cartoon 80.8 67.5 20.0 57.1 42.4 37.9 - 43.8 53.1
IN-Drawing 77.4 64.0 14.9 55.6 41.7 34.1 66.8 - 48.6
IN-C 95.8 62.9 16.4 50.8 38.7 31.7 87.7 67.6 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 78.5 - 16.3 52.1 41.2 40.0 64.3 35.1 50.1
IN-A 72.9 61.3 - 47.3 31.3 40.9 55.7 21.4 39.6
IN-R 73.9 62.7 15.5 - 44.8 37.3 61.8 41.7 44.2
IN-Sketch 76.4 64.3 14.5 58.0 - 38.7 64.5 43.0 47.2
ObjNet 65.9 53.5 14.8 41.9 24.9 - 41.4 14.5 29.5
IN-Cartoon 77.7 65.3 16.2 53.3 39.7 37.7 - 37.5 45.4
IN-Drawing 77.0 64.6 12.8 53.1 39.7 36.2 63.2 - 46.1
IN-C 79.2 67.8 20.6 55.5 41.9 41.0 66.8 46.3 -

LoRA
(Hu et al., 2021)

IN-V2 81.5 - 23.2 56.1 43.5 42.3 71.1 42.4 58.9
IN-A 80.3 69.6 - 55.5 42.1 43.8 69.0 35.9 58.1
IN-R 77.5 66.0 18.4 - 48.0 37.5 69.5 51.8 55.1
IN-Sketch 77.8 65.7 18.5 61.9 - 38.4 68.9 51.4 53.5
ObjNet 79.3 67.8 23.3 54.1 39.9 - 66.8 34.6 53.4
IN-Cartoon 79.5 67.4 19.6 56.8 42.4 38.1 - 43.7 52.0
IN-Drawing 76.3 64.6 15.5 55.6 42.1 34.7 66.1 - 48.4
IN-C 81.1 69.5 21.8 57.7 44.5 38.6 73.4 43.0 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 78.2 - 20.3 49.0 33.0 37.2 65.5 38.8 53.9
IN-A 67.1 55.4 - 38.3 24.5 31.9 49.3 25.7 40.9
IN-R 75.2 63.8 21.7 - 51.2 36.7 66.9 51.2 52.5
IN-Sketch 64.9 53.1 13.4 52.7 - 24.9 59.3 40.3 38.8
ObjNet 73.1 61.2 20.9 43.0 29.5 - 52.9 23.3 44.7
IN-Cartoon 80.8 67.2 20.3 55.4 41.0 37.9 - 44.7 48.1
IN-Drawing 76.8 63.3 14.9 53.8 40.6 31.6 66.6 - 48.7
IN-C 82.9 70.0 23.6 56.0 42.4 40.5 72.3 56.6 -

LwF
(Li & Hoiem, 2017)

IN-V2 60.5 - 6.8 27.8 13.9 20.0 44.4 20.2 30.2
IN-A 42.3 33.0 - 16.9 7.1 14.8 26.4 10.1 17.6
IN-R 55.1 43.5 5.4 - 34.5 19.0 43.3 28.2 30.1
IN-Sketch 36.1 27.6 2.4 43.3 - 10.8 27.8 16.0 15.3
ObjNet 52.1 40.1 4.9 20.0 10.7 - 32.3 12.9 23.1
IN-Cartoon 91.7 53.0 6.8 35.3 21.1 22.0 - 43.0 39.6
IN-Drawing 67.6 38.8 3.7 32.6 19.5 14.8 56.0 - 29.6
IN-C 98.7 59.1 5.9 42.7 29.3 25.4 93.3 62.8 -

LP-FT
(Kumar et al., 2022)

IN-V2 55.4 - 6.3 26.2 11.7 17.6 39.0 17.8 26.0
IN-A 30.7 23.6 - 13.0 4.9 12.4 17.9 6.2 11.6
IN-R 47.6 37.3 5.6 - 33.1 17.9 37.1 25.1 25.7
IN-Sketch 30.1 23.4 2.6 41.4 - 10.0 23.1 13.9 12.3
ObjNet 38.6 28.8 4.5 15.1 7.4 - 21.5 8.3 16.3
IN-Cartoon 89.2 47.1 6.5 32.6 18.8 19.2 - 39.2 31.3
IN-Drawing 63.1 34.8 4.2 29.0 17.3 12.8 52.8 - 25.7
IN-C 99.9 42.1 4.7 29.1 16.0 14.5 98.0 82.5 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 75.6 - 15.2 42.9 26.9 32.7 60.7 37.0 49.1
IN-A 69.8 57.5 - 37.0 21.5 31.3 51.7 27.2 43.3
IN-R 73.4 61.5 14.6 - 45.8 32.7 62.7 47.4 49.5
IN-Sketch 64.2 52.2 8.2 54.6 - 23.4 52.8 35.8 36.3
ObjNet 73.5 61.3 15.0 40.9 28.5 - 55.7 30.1 46.7
IN-Cartoon 85.8 64.7 15.6 48.4 33.0 33.4 - 50.2 50.8
IN-Drawing 77.3 56.8 10.0 47.0 34.6 23.8 66.8 - 46.9
IN-C 91.9 61.4 11.1 47.9 32.7 29.6 86.6 69.7 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 76.5 - 15.6 45.7 29.6 33.5 62.1 40.1 50.2
IN-A 71.2 59.3 - 38.8 24.3 31.9 53.4 29.8 44.3
IN-R 74.9 63.6 16.2 - 48.4 34.1 64.5 50.6 51.8
IN-Sketch 64.8 52.8 8.1 55.7 - 23.4 54.0 37.2 37.2
ObjNet 75.2 63.1 16.5 42.7 30.3 - 57.7 32.8 48.7
IN-Cartoon 85.8 65.6 15.9 50.1 35.1 33.9 - 53.0 51.7
IN-Drawing 77.9 58.3 10.3 49.4 36.9 25.0 67.7 - 47.9
IN-C 90.8 65.2 13.2 51.7 37.1 32.5 85.1 68.1 -
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Table 29: The accuracy on each OOD dataset after fine-tuning ImageNet-1K with AugReg pre-trained
ViT-S/16 on the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-
Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and red indicate
relative performance increases and decreases, respectively, compared to the pre-trained model. Bold
indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 78.8 66.7 13.4 37.1 25.9 33.6 63.3 37.2 53.2

FT

IN-V2 75.5 - 19.8 38.1 25.0 35.3 58.2 35.9 51.2
IN-A 66.5 55.9 - 33.5 22.0 31.0 46.5 26.6 44.1
IN-R 62.8 52.6 14.5 - 41.2 28.8 53.0 40.4 42.7
IN-Sketch 70.6 59.2 11.5 56.6 - 31.4 58.9 43.7 45.5
ObjNet 67.3 55.8 15.7 30.1 18.5 - 43.9 23.0 41.9
IN-Cartoon 86.8 59.3 15.1 37.0 23.9 31.7 - 38.7 44.4
IN-Drawing 77.6 55.9 10.2 35.8 24.8 26.7 56.5 - 46.0
IN-C 99.9 55.0 8.3 31.1 18.3 24.0 91.8 68.8 -

Linear Probing

IN-V2 78.6 - 14.3 37.4 25.8 33.9 63.0 36.8 53.1
IN-A 77.7 65.5 - 37.1 25.4 35.1 61.4 36.3 53.0
IN-R 78.2 66.2 15.3 - 29.0 34.3 63.3 38.5 53.0
IN-Sketch 76.1 64.0 15.0 47.2 - 34.6 62.6 39.5 50.9
ObjNet 78.1 66.1 16.2 37.0 25.2 - 61.1 36.6 53.4
IN-Cartoon 80.4 64.9 13.0 38.5 25.8 32.9 - 38.8 52.6
IN-Drawing 78.6 65.2 13.8 39.7 27.2 33.3 63.6 - 54.3
IN-C 93.5 58.7 10.9 32.6 21.5 27.5 75.4 50.0 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 74.7 - 10.8 36.3 22.3 34.1 54.9 29.2 43.9
IN-A 65.4 53.7 - 29.7 15.9 33.0 41.7 18.0 32.1
IN-R 65.4 53.9 8.9 - 33.9 28.7 52.8 37.5 35.0
IN-Sketch 70.5 58.0 8.3 48.3 - 31.4 55.7 39.0 39.2
ObjNet 62.6 51.0 8.6 24.2 13.3 - 34.7 11.1 26.8
IN-Cartoon 73.3 59.6 8.4 37.2 22.0 31.1 - 28.4 36.0
IN-Drawing 71.0 58.5 5.9 38.3 24.3 28.0 55.8 - 40.7
IN-C 76.1 63.5 11.9 36.3 23.2 35.0 57.0 40.1 -

LoRA
(Hu et al., 2021)

IN-V2 78.9 - 13.8 37.3 26.0 34.0 63.3 37.4 53.5
IN-A 78.6 66.6 - 37.7 25.6 36.2 61.4 36.9 53.5
IN-R 78.6 66.5 16.2 - 28.9 36.0 64.2 40.1 52.8
IN-Sketch 78.7 66.5 14.8 47.7 - 34.9 65.9 46.7 53.5
ObjNet 78.6 66.5 16.8 37.5 24.8 - 61.0 36.5 53.0
IN-Cartoon 77.8 65.1 12.5 39.3 26.3 32.8 - 37.4 51.3
IN-Drawing 78.1 66.2 13.4 42.0 29.4 34.1 63.7 - 54.6
IN-C 79.2 66.8 13.9 38.1 25.9 34.6 64.5 38.6 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 79.1 - 19.8 40.1 26.8 37.6 62.7 39.5 55.4
IN-A 74.3 62.8 - 38.3 25.2 37.2 54.5 32.2 51.4
IN-R 74.0 62.6 16.4 - 42.3 33.6 64.4 51.6 51.8
IN-Sketch 77.7 65.7 14.9 54.0 - 35.7 66.9 52.1 54.0
ObjNet 74.8 63.8 22.0 37.1 24.3 - 52.3 32.4 51.7
IN-Cartoon 77.9 64.7 14.0 41.6 27.7 34.0 - 39.8 49.1
IN-Drawing 77.4 65.3 12.5 41.7 29.8 33.3 63.8 - 53.2
IN-C 79.4 67.0 17.2 39.4 26.6 37.1 62.2 46.6 -

LwF
(Li & Hoiem, 2017)

IN-V2 77.8 - 17.5 38.6 26.0 35.2 61.5 37.5 53.5
IN-A 76.0 64.5 - 37.7 25.0 33.7 58.5 35.0 51.7
IN-R 75.1 63.2 16.0 - 42.9 32.3 63.7 48.1 51.8
IN-Sketch 74.5 62.3 11.6 55.3 - 31.9 62.1 43.5 48.6
ObjNet 76.1 64.2 17.1 35.2 22.6 - 56.8 31.9 50.4
IN-Cartoon 89.9 64.3 15.8 38.4 24.8 34.0 - 39.4 52.6
IN-Drawing 83.1 60.6 11.4 36.9 26.1 29.5 60.8 - 50.8
IN-C 99.5 63.0 10.4 37.0 23.7 29.9 90.1 60.9 -

LP-FT
(Kumar et al., 2022)

IN-V2 76.4 - 20.4 38.6 25.6 36.1 59.3 37.5 52.3
IN-A 72.5 61.4 - 35.2 23.9 34.2 53.4 32.3 48.6
IN-R 69.4 57.7 15.2 - 41.0 31.7 57.9 43.6 46.6
IN-Sketch 72.7 60.9 13.5 57.3 - 32.6 61.3 43.3 47.9
ObjNet 72.5 60.4 17.1 33.6 20.7 - 51.3 26.4 46.6
IN-Cartoon 88.3 60.9 15.1 37.7 24.3 32.6 - 40.9 47.2
IN-Drawing 79.7 57.5 10.4 36.7 25.6 27.1 58.5 - 48.2
IN-C 99.9 52.8 7.1 30.5 17.7 21.5 93.5 73.3 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 78.8 - 18.9 39.5 27.2 36.2 63.0 39.4 55.0
IN-A 77.6 65.8 - 39.2 26.9 37.4 61.2 36.9 54.2
IN-R 77.3 65.7 18.8 - 43.1 36.6 67.2 52.0 55.3
IN-Sketch 77.6 66.1 14.3 53.7 - 35.3 65.9 48.8 53.6
ObjNet 77.8 65.7 19.2 37.7 25.5 - 60.3 35.3 53.5
IN-Cartoon 85.2 65.7 16.6 39.7 27.2 35.0 - 43.1 52.9
IN-Drawing 82.5 65.0 14.0 40.2 29.9 33.5 64.7 - 55.4
IN-C 94.2 64.9 13.9 38.7 26.0 33.1 82.7 58.0 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 78.9 - 19.1 39.5 27.2 36.4 62.8 39.4 55.1
IN-A 77.1 65.4 - 39.2 26.7 37.1 60.1 36.4 53.9
IN-R 77.2 65.5 19.0 - 44.4 36.0 67.5 52.7 55.2
IN-Sketch 77.6 66.1 14.6 55.6 - 35.4 66.4 49.7 53.6
ObjNet 77.7 65.9 20.1 37.9 25.5 - 59.5 35.1 53.5
IN-Cartoon 84.9 65.9 16.2 40.4 27.4 34.9 - 42.7 52.7
IN-Drawing 82.3 64.8 13.7 40.6 30.1 33.3 64.9 - 55.1
IN-C 93.0 66.2 14.4 39.8 27.1 34.3 80.8 56.8 -
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Table 30: The accuracy on each OOD dataset after fine-tuning ImageNet-21K pre-trained ViT-S/16
with AugReg on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 81.4 70.3 27.0 46.0 32.9 41.3 67.8 37.7 58.0

FT

IN-V2 78.9 - 34.3 46.1 30.5 43.2 63.9 34.4 56.8
IN-A 73.2 62.8 - 43.7 30.4 41.5 55.4 29.7 52.7
IN-R 70.5 60.5 26.4 - 48.0 37.0 60.5 46.2 50.6
IN-Sketch 74.4 63.1 25.2 63.3 - 39.1 62.5 47.2 50.7
ObjNet 73.3 61.6 28.9 38.3 26.3 - 52.7 24.0 48.5
IN-Cartoon 87.6 64.4 26.5 45.1 31.1 40.0 - 41.2 52.2
IN-Drawing 83.1 62.2 20.3 45.1 33.1 36.3 64.9 - 52.8
IN-C 99.8 59.8 15.9 39.4 25.2 32.0 91.7 71.3 -

Linear Probing

IN-V2 80.9 - 28.2 46.1 32.5 41.0 67.1 37.1 57.7
IN-A 80.0 69.1 - 45.6 32.2 41.6 66.2 36.4 57.2
IN-R 80.1 69.5 27.9 - 35.5 40.5 66.3 38.2 56.8
IN-Sketch 77.5 67.0 27.7 54.5 - 40.8 64.6 40.4 55.1
ObjNet 80.2 69.5 28.9 45.6 32.0 - 66.5 37.1 57.9
IN-Cartoon 85.1 68.8 26.4 46.5 32.5 40.7 - 41.0 59.3
IN-Drawing 82.5 68.8 26.9 47.4 34.1 40.0 70.4 - 60.0
IN-C 95.6 60.4 21.4 39.8 25.9 32.8 81.7 52.3 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 77.0 - 22.2 42.7 28.1 41.8 58.4 29.9 47.9
IN-A 69.3 58.7 - 38.5 22.2 40.2 48.1 21.8 39.6
IN-R 66.9 56.4 15.7 - 38.4 32.3 53.0 38.8 38.1
IN-Sketch 73.0 61.3 15.3 55.7 - 38.3 58.3 42.1 42.1
ObjNet 64.1 52.7 15.1 27.2 16.5 - 35.4 14.4 29.1
IN-Cartoon 75.2 62.2 17.8 41.6 26.8 37.7 - 29.3 39.7
IN-Drawing 72.9 60.9 13.2 42.2 27.5 35.7 55.8 - 41.0
IN-C 78.1 66.6 23.1 42.7 28.1 41.1 60.9 41.0 -

LoRA
(Hu et al., 2021)

IN-V2 81.5 - 27.2 45.9 32.8 41.6 67.8 37.7 58.2
IN-A 81.5 70.7 - 46.2 32.8 43.0 67.8 37.7 58.9
IN-R 81.4 70.6 29.1 - 34.9 43.3 68.5 40.7 58.2
IN-Sketch 81.3 70.3 28.1 54.0 - 42.1 68.6 46.0 58.3
ObjNet 81.5 70.8 29.2 46.3 32.3 - 67.6 38.0 58.8
IN-Cartoon 81.4 70.2 27.3 47.0 33.1 41.6 - 38.6 57.7
IN-Drawing 81.4 70.5 27.7 49.7 36.7 42.4 68.5 - 59.0
IN-C 68.9 56.6 8.0 26.4 15.9 27.3 42.4 9.4 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 81.6 - 33.2 48.2 33.3 44.6 67.1 38.4 59.7
IN-A 78.9 68.3 - 47.2 33.0 45.4 62.7 33.9 58.0
IN-R 78.1 67.3 30.3 - 47.5 41.1 68.1 53.4 56.4
IN-Sketch 80.6 69.7 29.1 60.0 - 42.9 69.8 52.4 58.0
ObjNet 78.8 68.0 34.5 44.5 30.9 - 59.2 34.3 56.7
IN-Cartoon 81.0 68.9 28.4 48.6 32.9 42.0 - 42.6 55.2
IN-Drawing 80.7 69.0 26.7 50.0 37.1 41.3 68.3 - 58.1
IN-C 81.8 71.0 31.2 47.5 33.2 43.2 67.4 48.6 -

LwF
(Li & Hoiem, 2017)

IN-V2 80.7 - 31.4 46.3 31.8 42.6 67.1 36.7 58.3
IN-A 80.0 69.3 - 46.2 31.6 42.1 64.5 37.0 57.8
IN-R 79.5 68.3 28.4 - 47.5 39.4 68.4 48.3 57.2
IN-Sketch 77.8 66.2 25.4 60.9 - 40.9 66.1 43.8 54.5
ObjNet 79.1 67.3 30.7 42.2 29.6 - 61.7 31.1 55.1
IN-Cartoon 90.4 68.8 26.9 46.9 33.2 41.7 - 42.2 60.0
IN-Drawing 86.7 66.5 21.9 46.0 34.7 38.6 68.5 - 57.8
IN-C 99.8 64.7 17.1 43.4 29.0 36.0 91.6 65.1 -

LP-FT
(Kumar et al., 2022)

IN-V2 79.4 - 34.2 46.6 31.3 43.1 65.2 36.3 57.6
IN-A 77.0 67.0 - 44.3 31.5 42.7 60.3 32.2 56.0
IN-R 75.4 65.0 27.6 - 47.4 39.5 64.3 49.1 53.5
IN-Sketch 75.0 63.9 27.5 62.8 - 40.6 64.1 44.9 52.3
ObjNet 77.4 66.1 31.5 41.4 27.9 - 59.2 28.0 53.4
IN-Cartoon 89.3 65.3 27.2 45.8 31.8 40.9 - 42.8 56.0
IN-Drawing 85.3 63.4 21.5 46.7 34.9 37.5 67.9 - 55.5
IN-C 99.9 56.4 12.0 38.3 23.3 27.6 94.5 75.6 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 81.3 - 33.4 47.6 33.4 44.0 67.6 38.1 59.3
IN-A 80.6 69.8 - 47.7 33.9 45.4 66.1 38.0 58.9
IN-R 79.9 69.8 32.6 - 48.5 43.8 70.4 53.2 59.6
IN-Sketch 80.0 69.2 29.3 60.7 - 42.6 69.6 49.8 58.0
ObjNet 80.5 69.3 33.1 45.6 32.5 - 65.7 35.0 57.6
IN-Cartoon 86.7 69.5 30.2 47.7 34.0 43.1 - 43.9 58.4
IN-Drawing 85.1 69.0 27.7 49.4 37.8 42.5 70.8 - 60.4
IN-C 93.8 68.7 26.5 47.1 32.5 41.5 83.6 58.7 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 81.4 - 33.3 47.6 33.3 43.8 67.6 38.0 59.3
IN-A 80.4 69.8 - 47.7 33.6 45.1 65.6 37.6 58.9
IN-R 80.3 69.9 32.6 - 49.1 43.2 70.7 53.8 59.4
IN-Sketch 80.0 69.2 29.2 61.5 - 42.6 69.7 49.9 57.9
ObjNet 80.4 69.2 33.8 45.3 32.3 - 64.6 35.3 57.6
IN-Cartoon 86.4 69.6 29.7 48.2 34.1 42.9 - 43.9 58.6
IN-Drawing 85.0 69.2 27.0 49.2 37.8 41.9 70.6 - 60.2
IN-C 94.2 69.3 27.2 48.0 34.0 41.9 84.1 59.7 -
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Table 31: The accuracy on each OOD dataset after fine-tuning ImageNet-21K pre-trained ViT-S/32
with AugReg on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 76.0 63.9 11.5 39.7 26.2 33.1 62.9 34.3 52.0

FT

IN-V2 72.2 - 17.3 38.2 23.4 34.0 56.9 31.2 50.1
IN-A 64.3 53.7 - 33.3 20.9 31.9 46.9 24.7 44.0
IN-R 62.4 51.6 14.1 - 42.7 29.1 53.2 40.5 43.4
IN-Sketch 67.2 55.1 12.0 56.9 - 30.4 56.7 41.7 45.5
ObjNet 64.9 53.4 14.2 31.7 18.3 - 44.7 21.5 41.7
IN-Cartoon 84.6 56.2 12.8 38.7 24.6 30.3 - 35.6 45.2
IN-Drawing 75.4 53.0 9.6 38.0 26.1 25.8 55.9 - 46.9
IN-C 99.7 52.1 8.1 32.9 19.8 24.2 92.9 71.0 -

Linear Probing

IN-V2 75.3 - 12.7 39.4 26.0 32.7 62.3 34.1 51.5
IN-A 73.5 61.6 - 38.5 25.2 32.3 60.7 32.6 50.4
IN-R 74.6 62.5 13.0 - 28.8 32.4 62.1 34.5 51.5
IN-Sketch 71.5 60.1 13.3 49.2 - 33.1 59.6 36.6 49.6
ObjNet 74.5 62.9 12.7 40.1 26.3 - 61.6 33.1 52.1
IN-Cartoon 80.6 61.6 11.4 40.8 26.1 32.4 - 38.2 53.5
IN-Drawing 77.3 61.1 11.3 40.8 27.4 30.3 65.5 - 53.6
IN-C 93.6 52.2 10.7 33.5 20.6 25.3 79.2 49.0 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 69.9 - 9.6 36.9 22.5 33.1 53.6 28.5 42.6
IN-A 48.5 38.5 - 24.9 8.8 22.0 31.2 12.4 23.2
IN-R 58.5 48.0 6.7 - 31.1 25.5 46.2 34.4 32.3
IN-Sketch 64.5 52.5 6.3 48.1 - 28.2 51.0 37.0 35.1
ObjNet 53.5 42.9 7.2 23.9 12.2 - 31.8 14.1 24.5
IN-Cartoon 69.0 56.1 7.4 38.0 22.3 30.0 - 30.6 36.0
IN-Drawing 63.6 51.3 5.5 37.8 22.9 25.3 49.5 - 36.6
IN-C 71.2 59.4 9.8 36.9 22.5 33.5 55.2 35.6 -

LoRA
(Hu et al., 2021)

IN-V2 76.0 - 11.6 39.7 26.2 33.2 62.9 34.3 52.1
IN-A 76.1 64.0 - 40.3 26.5 34.1 63.0 34.1 53.1
IN-R 76.1 64.1 12.4 - 27.8 34.7 63.8 35.8 52.8
IN-Sketch 75.7 63.5 12.7 48.1 - 34.1 63.8 41.5 52.9
ObjNet 76.1 64.0 12.5 40.6 26.6 - 63.1 33.9 53.3
IN-Cartoon 75.9 63.7 11.7 40.7 26.6 33.7 - 35.0 51.4
IN-Drawing 75.5 63.5 10.9 43.7 30.2 32.8 63.4 - 52.3
IN-C 74.1 62.0 9.3 36.9 23.5 30.2 58.4 30.5 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 76.0 - 15.8 41.0 26.1 36.0 62.1 35.4 53.6
IN-A 70.9 59.1 - 38.3 24.0 35.8 54.9 28.1 50.2
IN-R 71.8 60.4 14.5 - 41.4 32.6 61.9 47.4 50.7
IN-Sketch 74.9 62.9 13.2 53.4 - 34.6 64.7 45.5 52.6
ObjNet 72.5 60.9 17.9 38.7 24.8 - 55.2 31.6 50.7
IN-Cartoon 75.0 61.8 11.7 42.4 26.9 33.1 - 37.3 48.8
IN-Drawing 74.2 61.9 11.6 43.7 29.8 33.0 61.8 - 52.3
IN-C 76.2 64.0 14.3 41.4 27.0 35.8 62.3 42.6 -

LwF
(Li & Hoiem, 2017)

IN-V2 75.0 - 14.9 39.4 25.3 33.6 60.8 32.9 51.8
IN-A 73.1 61.1 - 38.2 24.4 33.6 57.7 31.5 50.8
IN-R 72.9 60.7 14.1 - 42.6 31.6 62.4 44.2 50.9
IN-Sketch 71.2 59.1 11.9 55.3 - 32.6 60.0 40.5 48.9
ObjNet 71.1 59.7 15.5 36.2 21.6 - 54.3 27.2 48.2
IN-Cartoon 88.0 61.5 12.6 40.3 26.4 32.1 - 37.8 53.7
IN-Drawing 81.4 58.2 10.6 39.1 27.4 28.8 62.2 - 52.1
IN-C 98.7 60.0 8.9 38.2 24.1 29.1 89.2 55.7 -

LP-FT
(Kumar et al., 2022)

IN-V2 73.2 - 17.4 39.0 24.5 33.9 58.4 32.1 50.7
IN-A 69.2 58.2 - 35.0 22.9 33.4 53.9 28.6 48.2
IN-R 68.5 56.8 14.2 - 42.5 32.3 58.0 43.2 47.5
IN-Sketch 67.8 56.5 13.0 57.3 - 32.0 57.6 39.9 46.9
ObjNet 70.2 58.2 14.8 35.8 21.4 - 53.1 24.6 47.0
IN-Cartoon 87.3 57.7 13.2 39.2 25.2 31.2 - 37.8 50.1
IN-Drawing 79.1 55.2 10.7 38.5 26.9 26.3 60.0 - 50.3
IN-C 99.8 48.0 6.9 30.8 18.0 20.7 94.6 73.5 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 75.7 - 15.7 40.3 26.3 35.3 62.0 35.0 53.1
IN-A 74.5 62.9 - 40.0 26.1 36.6 60.2 34.2 52.8
IN-R 74.0 62.8 16.2 - 42.2 35.3 64.7 47.5 53.3
IN-Sketch 74.2 62.2 13.1 54.4 - 34.1 63.9 44.2 52.1
ObjNet 74.5 62.6 15.9 39.1 25.4 - 59.5 32.2 51.8
IN-Cartoon 83.0 62.6 13.6 41.0 27.1 33.7 - 39.0 51.8
IN-Drawing 79.8 61.8 12.2 42.4 30.0 32.4 64.5 - 54.3
IN-C 93.0 61.8 12.8 40.4 26.7 32.4 83.5 56.9 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 75.7 - 15.6 40.4 26.3 35.3 61.9 35.0 53.1
IN-A 74.2 62.4 - 39.6 25.7 36.3 59.2 33.0 52.5
IN-R 74.3 62.8 16.0 - 43.4 34.8 64.9 48.0 53.2
IN-Sketch 74.2 62.3 13.0 55.5 - 34.4 64.0 44.6 52.2
ObjNet 74.1 62.6 17.2 39.1 25.3 - 58.4 32.0 51.7
IN-Cartoon 82.5 62.6 13.1 41.6 27.3 33.4 - 39.0 52.0
IN-Drawing 79.6 61.7 12.3 42.5 30.1 32.1 64.4 - 54.2
IN-C 91.5 63.1 13.2 41.2 27.3 33.3 81.0 54.5 -
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Table 32: The accuracy on each OOD dataset after fine-tuning ImageNet-21K pre-trained ViT-L/16
with AugReg on the downstream datasets with various methods. Note that ImageNet-Drawing,
ImageNet-Cartoon, and ImageNet-C are generated from the ImageNet validation set. Green and
red indicate relative performance increases and decreases, respectively, compared to the pre-trained
model. Bold indicates the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 85.8 76.2 55.5 64.4 51.8 52.8 79.5 64.6 72.2

FT

IN-V2 83.8 - 59.7 66.2 51.0 54.1 77.0 63.9 71.0
IN-A 81.9 24.4 - 66.1 51.0 52.3 75.1 61.4 70.4
IN-R 79.4 69.8 48.8 - 58.8 48.9 72.6 63.8 65.4
IN-Sketch 81.6 72.8 52.0 76.3 - 52.5 75.6 64.7 67.6
ObjNet 82.3 73.2 58.2 62.0 50.4 - 74.5 56.2 68.4
IN-Cartoon 96.1 72.7 52.1 63.2 50.8 50.5 - 70.4 72.6
IN-Drawing 93.8 72.2 46.4 65.4 52.5 49.9 85.1 - 74.7
IN-C 99.9 70.1 37.9 58.7 45.8 44.0 98.8 89.9 -

Linear Probing

IN-V2 85.0 - 57.1 64.1 51.2 51.9 78.4 63.5 71.4
IN-A 84.9 49.8 - 64.8 51.3 53.4 78.5 63.5 71.4
IN-R 83.9 43.5 56.3 - 50.7 51.1 76.5 61.7 69.8
IN-Sketch 82.1 72.9 55.3 70.0 - 53.2 75.6 61.3 68.4
ObjNet 84.8 75.0 58.2 63.3 50.9 - 78.3 63.6 71.5
IN-Cartoon 92.6 74.8 56.0 63.8 50.6 52.7 - 68.5 76.5
IN-Drawing 89.1 75.1 55.0 64.3 51.2 51.7 84.1 - 76.0
IN-C 99.6 69.6 49.3 59.2 45.6 45.6 96.7 84.1 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 80.3 - 39.4 56.9 42.1 49.8 70.2 50.1 57.4
IN-A 77.2 66.8 - 52.6 37.2 51.1 64.8 43.4 50.5
IN-R 75.3 64.8 34.8 - 47.4 45.2 64.9 50.7 50.3
IN-Sketch 73.3 62.8 25.7 63.5 - 43.8 64.5 51.2 48.6
ObjNet 77.4 66.9 40.8 52.1 36.1 - 62.8 38.8 47.7
IN-Cartoon 80.2 69.3 37.9 58.9 43.1 47.5 - 52.2 55.8
IN-Drawing 76.0 65.2 28.3 57.0 40.5 44.0 65.8 - 52.2
IN-C 81.1 70.5 42.8 54.3 41.5 51.3 69.9 51.8 -

LoRA
(Hu et al., 2021)

IN-V2 85.9 - 56.2 64.5 51.9 53.3 79.5 64.8 72.3
IN-A 85.9 76.6 - 65.1 52.0 55.4 79.5 65.0 72.9
IN-R 85.9 76.6 58.8 - 52.5 55.2 79.5 65.3 72.6
IN-Sketch 85.9 76.4 58.0 67.0 - 54.7 79.6 65.6 72.5
ObjNet 85.8 76.3 59.9 65.3 52.0 - 79.3 64.9 72.9
IN-Cartoon 85.9 76.3 57.7 65.0 51.6 54.4 - 64.8 72.5
IN-Drawing 85.8 76.4 58.1 65.8 52.4 54.8 79.7 - 73.0
IN-C 86.7 76.5 58.0 65.3 52.3 55.0 80.6 69.2 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 84.3 - 52.7 66.7 51.3 51.9 77.6 65.1 71.0
IN-A 84.2 75.8 - 67.9 51.8 57.0 77.0 62.4 72.0
IN-R 84.6 75.3 62.7 - 60.0 55.0 77.9 67.7 72.0
IN-Sketch 85.2 76.0 57.0 74.3 - 54.8 79.3 67.8 72.4
ObjNet 83.6 74.4 61.4 64.3 51.6 - 75.3 61.4 71.2
IN-Cartoon 86.2 76.1 58.7 66.0 52.1 54.2 - 66.9 71.8
IN-Drawing 86.2 76.5 57.4 67.1 53.2 55.1 80.2 - 73.5
IN-C 87.4 76.4 57.5 65.8 52.5 53.1 81.7 71.2 -

LwF
(Li & Hoiem, 2017)

IN-V2 84.9 - 55.8 65.1 50.6 52.6 78.2 63.1 71.3
IN-A 85.2 76.0 - 66.8 51.5 54.9 78.8 64.5 72.0
IN-R 85.1 56.9 57.0 - 59.8 48.0 78.9 67.5 71.4
IN-Sketch 83.6 74.2 53.4 74.5 - 53.1 77.9 65.4 70.2
ObjNet 85.0 75.4 60.5 64.6 51.2 - 77.8 61.7 71.5
IN-Cartoon 97.2 74.0 47.3 65.0 50.4 49.9 - 71.2 75.5
IN-Drawing 94.5 70.0 43.2 66.6 53.1 42.7 87.6 - 76.6
IN-C 99.9 72.4 41.5 63.1 50.0 47.4 98.9 89.4 -

LP-FT
(Kumar et al., 2022)

IN-V2 84.6 - 59.9 65.8 52.1 53.6 78.0 63.6 71.4
IN-A 67.4 58.1 - 57.0 40.5 50.8 59.2 44.5 53.7
IN-R 63.1 55.1 43.9 - 40.6 46.5 55.3 47.2 49.4
IN-Sketch 81.5 72.5 54.4 74.6 - 53.7 75.6 62.7 67.8
ObjNet 83.9 74.1 61.1 64.2 50.7 - 76.9 60.8 70.6
IN-Cartoon 96.2 74.2 55.7 64.4 51.5 52.6 - 71.4 77.0
IN-Drawing 93.4 73.7 51.2 65.2 52.5 51.2 87.1 - 77.5
IN-C 99.9 69.6 44.5 59.0 45.0 44.6 98.3 89.7 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 85.7 - 61.9 66.3 52.2 55.9 79.3 66.0 73.5
IN-A 84.7 75.3 - 66.2 51.6 55.4 78.6 63.7 71.5
IN-R 85.1 76.1 61.5 - 60.9 55.7 79.2 69.4 73.0
IN-Sketch 85.0 76.2 57.9 74.4 - 55.2 79.5 67.8 72.1
ObjNet 85.3 76.2 62.5 65.4 52.8 - 78.7 63.9 72.6
IN-Cartoon 92.3 76.1 59.3 65.3 52.7 54.9 - 70.5 75.6
IN-Drawing 91.2 76.0 57.1 67.0 54.4 55.1 84.8 - 76.8
IN-C 97.0 75.5 54.7 65.7 51.8 53.2 93.4 81.3 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 85.7 - 60.8 66.5 52.2 55.2 79.4 66.1 73.4
IN-A 85.4 76.3 - 67.6 52.6 56.0 79.1 65.3 72.7
IN-R 85.3 76.4 61.7 - 61.1 55.1 79.4 69.4 73.3
IN-Sketch 85.0 76.0 57.2 75.0 - 55.0 79.5 68.0 72.3
ObjNet 85.4 76.3 63.0 65.5 52.7 - 78.4 63.6 72.7
IN-Cartoon 92.3 76.0 57.2 65.8 52.3 53.8 - 70.7 75.8
IN-Drawing 91.2 76.4 56.5 67.3 54.4 54.5 84.9 - 77.4
IN-C 97.2 76.0 55.7 65.9 53.0 53.3 94.0 82.5 -
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Table 33: The accuracy on each OOD dataset after fine-tuning ImageNet-1K pre-trained ResNet-18
on the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 69.8 57.3 1.1 33.1 20.2 26.0 48.2 20.4 31.7

FT

IN-V2 67.1 - 2.2 31.0 17.7 25.1 42.7 17.2 29.9
IN-A 50.4 40.6 - 22.8 12.1 19.7 30.0 10.1 19.9
IN-R 53.1 42.6 3.4 - 37.1 21.3 43.4 27.6 25.6
IN-Sketch 48.1 37.4 2.1 47.4 - 16.5 36.9 22.9 19.2
ObjNet 55.2 44.3 3.7 25.3 13.7 - 32.8 9.9 20.8
IN-Cartoon 75.7 45.2 2.2 28.8 17.3 20.3 - 16.3 20.0
IN-Drawing 46.4 32.3 2.1 24.0 15.2 10.8 23.1 - 15.1
IN-C 99.2 38.3 2.5 26.6 13.4 14.3 85.8 65.3 -

Linear Probing

IN-V2 69.0 - 1.1 31.6 18.8 24.6 45.4 19.7 29.8
IN-A 66.1 53.5 - 30.8 18.7 23.6 43.5 20.5 28.7
IN-R 64.3 51.7 1.2 - 23.9 21.6 48.6 23.7 25.9
IN-Sketch 5.9 4.4 1.0 12.5 - 3.4 4.7 1.9 1.7
ObjNet 64.7 51.8 1.7 30.0 16.6 - 44.5 15.4 25.0
IN-Cartoon 63.7 48.1 1.3 30.7 18.5 20.4 - 16.0 21.8
IN-Drawing 38.2 29.0 1.5 22.8 13.5 9.7 21.2 - 11.4
IN-C 77.2 48.6 2.5 28.1 16.1 20.5 50.3 25.2 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 60.6 - 2.2 30.7 16.7 24.5 37.8 17.1 21.4
IN-A 39.5 30.1 - 19.6 8.8 18.2 19.2 5.6 7.3
IN-R 53.4 42.6 2.3 - 18.3 22.6 33.8 16.3 16.6
IN-Sketch 54.6 42.9 2.3 32.4 - 22.6 34.5 17.2 17.1
ObjNet 47.3 36.0 2.9 23.6 11.6 - 25.6 9.1 12.9
IN-Cartoon 58.2 45.4 2.2 29.8 15.7 22.8 - 13.6 17.8
IN-Drawing 54.0 43.0 1.9 29.7 17.1 20.6 33.1 - 17.3
IN-C 61.8 50.5 2.2 31.1 18.2 25.4 38.7 20.5 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 69.7 - 1.1 32.2 19.2 25.7 45.8 20.7 31.5
IN-A 56.0 45.5 - 23.5 8.5 22.1 35.4 12.6 22.0
IN-R 64.5 52.2 1.7 - 31.3 24.2 53.0 28.0 29.0
IN-Sketch 39.5 29.5 2.0 28.2 - 13.3 31.5 17.9 13.3
ObjNet 63.9 51.6 2.7 29.5 15.5 - 42.4 15.0 24.9
IN-Cartoon 62.0 47.6 1.3 31.9 19.5 20.2 - 16.3 20.7
IN-Drawing 36.7 29.2 1.5 24.5 15.4 9.9 19.2 - 12.0
IN-C 66.2 54.4 2.3 31.2 18.5 26.8 40.4 22.0 -

LwF
(Li & Hoiem, 2017)

IN-V2 68.7 - 1.9 32.3 19.1 25.8 45.4 18.8 31.0
IN-A 61.4 50.3 - 28.0 16.0 23.0 38.9 15.7 26.7
IN-R 62.3 50.6 2.6 - 36.2 23.8 50.0 29.6 30.3
IN-Sketch 54.7 43.1 1.7 47.8 - 19.1 42.0 23.6 21.8
ObjNet 61.9 50.0 3.3 29.8 16.9 - 39.3 14.1 25.6
IN-Cartoon 81.6 52.5 1.8 32.2 19.5 23.7 - 21.5 29.0
IN-Drawing 60.3 41.0 2.0 27.0 16.8 15.5 31.3 - 20.8
IN-C 97.2 47.2 1.6 31.0 18.1 18.4 83.2 53.4 -

LP-FT
(Kumar et al., 2022)

IN-V2 67.0 - 2.3 31.0 17.7 25.1 42.8 17.0 29.8
IN-A 54.4 44.2 - 23.4 12.6 20.8 30.9 12.2 22.6
IN-R 56.2 45.5 3.3 - 37.9 21.9 46.2 29.5 27.5
IN-Sketch 45.8 36.1 2.2 45.2 - 15.5 35.9 21.6 17.5
ObjNet 58.1 46.8 3.6 27.0 14.8 - 36.4 11.5 22.2
IN-Cartoon 76.3 45.2 2.2 28.8 17.2 20.2 - 16.6 19.7
IN-Drawing 46.4 31.5 2.1 24.0 14.8 10.8 22.6 - 14.5
IN-C 99.4 37.4 2.5 26.6 13.0 13.5 88.3 67.6 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 69.6 - 1.6 32.9 19.9 26.3 47.0 19.8 32.3
IN-A 66.5 54.7 - 31.5 18.9 26.5 45.5 18.4 30.7
IN-R 66.2 54.2 1.9 - 33.9 25.7 54.0 31.6 33.6
IN-Sketch 64.9 52.3 1.5 46.6 - 24.1 50.3 30.2 29.8
ObjNet 67.2 54.9 2.3 32.6 19.3 - 44.9 17.6 30.4
IN-Cartoon 76.5 54.4 1.5 33.5 20.5 25.0 - 21.2 28.8
IN-Drawing 68.6 51.4 1.6 32.8 20.8 21.1 41.9 - 28.8
IN-C 86.0 52.9 1.9 35.4 20.9 24.2 68.0 40.0 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 69.6 - 1.6 32.8 19.7 26.2 46.7 20.1 32.2
IN-A 65.1 53.5 - 30.7 17.6 25.8 44.3 16.7 29.2
IN-R 65.9 54.0 2.1 - 34.7 25.4 53.8 31.6 32.9
IN-Sketch 63.2 50.9 1.5 47.4 - 23.0 49.7 30.6 28.2
ObjNet 66.3 54.2 2.6 32.3 18.6 - 44.4 17.0 29.3
IN-Cartoon 74.8 53.1 1.5 33.6 20.6 24.3 - 20.9 27.5
IN-Drawing 62.6 46.8 1.7 31.1 19.8 18.0 35.7 - 24.2
IN-C 84.3 53.9 1.7 35.5 21.2 25.0 64.9 38.5 -
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Table 34: The accuracy on each OOD dataset after fine-tuning ImageNet-1K pre-trained ResNet-50
on the downstream datasets with various methods. Note that ImageNet-Drawing, ImageNet-Cartoon,
and ImageNet-C are generated from the ImageNet validation set. Green and red indicate relative
performance increases and decreases, respectively, compared to the pre-trained model. Bold indicates
the best performance on each evaluation dataset.

Method Downstream
Dataset

Dpre

IN
Realistic OOD Synthetic OOD

IN-V2 IN-A IN-R IN-Sketch ObjNet IN-Cartoon IN-Drawing IN-C

Pre-Trained 80.3 69.5 16.7 41.6 28.4 42.7 61.1 31.1 46.6

FT

IN-V2 79.6 - 18.2 42.4 28.7 41.8 58.1 31.0 47.0
IN-A 75.7 65.2 - 40.6 28.0 42.6 52.4 25.8 46.3
IN-R 72.5 61.7 16.5 - 49.1 37.2 61.7 46.0 43.7
IN-Sketch 57.3 45.7 5.5 55.0 - 25.6 48.9 30.3 23.3
ObjNet 75.3 63.5 22.0 38.5 23.3 - 53.0 22.7 41.8
IN-Cartoon 81.4 58.8 12.9 39.6 28.0 34.6 - 25.1 31.9
IN-Drawing 42.9 32.6 4.9 30.3 24.2 11.9 30.0 - 16.3
IN-C 99.7 56.5 6.6 38.2 23.1 28.3 89.3 66.0 -

Linear Probing

IN-V2 79.6 - 12.4 41.0 27.5 40.1 56.5 34.4 45.6
IN-A 78.2 66.8 - 40.8 28.0 41.1 55.0 35.2 45.4
IN-R 76.2 64.5 16.7 - 31.5 39.2 60.0 35.2 40.6
IN-Sketch 10.5 8.3 1.7 15.9 - 7.1 9.5 4.9 2.8
ObjNet 76.1 63.9 17.0 39.4 25.3 - 55.2 25.7 39.4
IN-Cartoon 73.7 60.3 11.5 39.9 26.0 32.4 - 31.6 35.6
IN-Drawing 10.4 7.9 1.8 15.5 17.7 2.9 5.3 - 8.8
IN-C 82.5 62.5 16.3 35.3 23.6 38.1 56.1 31.6 -

Visual Prompt
(Bahng et al., 2022)

IN-V2 75.4 - 11.9 37.5 24.2 39.9 51.8 24.9 36.4
IN-A 73.1 61.3 - 37.0 23.4 41.3 48.8 21.9 32.8
IN-R 73.2 61.1 13.1 - 28.9 38.5 51.5 28.0 32.8
IN-Sketch 73.8 61.5 12.3 43.4 - 39.0 50.9 28.1 33.0
ObjNet 72.7 60.5 13.5 34.6 22.9 - 47.2 19.9 33.1
IN-Cartoon 74.5 62.3 11.3 38.1 24.3 38.1 - 24.7 34.5
IN-Drawing 74.2 62.3 11.3 39.6 26.4 37.9 52.3 - 35.1
IN-C 75.0 63.4 11.9 37.0 23.7 39.8 51.8 28.1 -

EWC
(Kirkpatrick et al., 2017)

IN-V2 80.2 - 13.6 41.5 28.3 41.3 58.0 31.6 46.0
IN-A 78.3 67.5 - 42.9 28.8 43.1 56.7 31.9 46.8
IN-R 77.0 65.4 17.4 - 40.3 40.2 64.8 40.3 42.9
IN-Sketch 40.9 32.1 4.0 32.7 - 17.8 36.0 21.4 13.2
ObjNet 77.1 65.5 18.7 40.7 25.7 - 56.8 24.0 41.3
IN-Cartoon 72.1 58.8 11.4 39.1 25.5 33.2 - 25.4 33.1
IN-Drawing 8.1 6.8 1.5 14.4 17.2 2.8 3.1 - 7.5
IN-C 76.1 64.9 18.0 38.0 25.3 40.6 51.1 30.2 -

LwF
(Li & Hoiem, 2017)

IN-V2 79.7 - 19.4 43.1 29.0 42.3 58.7 31.8 47.5
IN-A 76.4 65.8 - 41.3 28.6 42.8 53.5 26.6 46.8
IN-R 73.7 63.0 17.0 - 49.3 38.0 62.8 46.6 44.9
IN-Sketch 54.3 43.1 5.5 51.8 - 24.5 47.5 29.7 21.4
ObjNet 76.7 65.3 21.9 39.7 24.6 - 55.3 24.1 43.1
IN-Cartoon 82.4 60.4 14.5 41.0 29.1 35.8 - 26.9 34.6
IN-Drawing 17.5 13.8 2.7 21.2 22.4 5.7 8.2 - 12.3
IN-C 99.7 58.4 5.9 38.9 23.5 29.7 90.9 66.5 -

LP-FT
(Kumar et al., 2022)

IN-V2 79.6 - 17.7 42.3 28.5 41.4 58.3 31.6 47.1
IN-A 76.3 65.8 - 40.2 28.1 43.0 52.6 26.8 46.4
IN-R 73.4 62.3 16.3 - 48.9 37.9 62.5 46.6 44.2
IN-Sketch 57.6 46.0 5.1 55.5 - 25.9 49.1 31.6 24.2
ObjNet 75.5 63.6 21.5 39.1 23.7 - 54.0 22.9 41.8
IN-Cartoon 81.7 59.0 12.8 39.6 28.1 34.5 - 25.8 32.2
IN-Drawing 46.4 35.2 5.1 29.9 22.9 13.4 28.4 - 16.7
IN-C 99.6 56.9 6.3 37.8 22.9 28.4 88.7 63.7 -

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 80.7 - 17.3 42.5 29.2 42.6 60.9 32.3 48.1
IN-A 80.1 69.5 - 43.0 30.1 44.5 60.1 31.6 48.9
IN-R 79.2 68.5 18.6 - 45.2 42.5 67.7 47.1 49.3
IN-Sketch 76.6 65.3 9.9 56.7 - 38.3 63.4 42.6 41.5
ObjNet 79.7 68.4 20.5 42.0 27.4 - 60.1 29.5 46.8
IN-Cartoon 83.8 67.5 16.4 43.3 29.7 40.9 - 31.8 42.8
IN-Drawing 78.8 64.6 12.4 42.6 30.5 35.0 58.6 - 41.8
IN-C 91.4 67.4 11.3 44.2 29.4 39.0 79.1 50.8 -

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 80.6 - 16.8 42.7 29.4 42.3 60.1 32.2 48.0
IN-A 79.5 68.6 - 43.1 30.0 44.2 58.8 31.2 48.9
IN-R 78.4 67.7 18.9 - 47.2 41.8 67.3 47.6 48.4
IN-Sketch 74.0 62.7 8.9 58.4 - 36.0 60.9 45.0 38.7
ObjNet 79.1 67.7 21.1 41.8 27.1 - 59.3 27.9 45.7
IN-Cartoon 82.1 65.2 15.0 42.9 29.5 39.6 - 30.0 39.5
IN-Drawing 62.2 49.5 8.9 36.8 28.6 20.5 41.7 - 28.9
IN-C 91.2 67.3 12.1 44.3 29.6 39.5 78.4 52.1 -
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Table 35: Accuracy of ImageNet-1K with AugReg pre-trained ViT-B/16 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 56.0 57 54 54 49 42 53 46 48 55 61 74 56 59 67 66

FT

IN-V2 57.4 56 54 53 51 40 55 46 53 59 65 74 59 58 68 67
IN-A 53.5 53 51 50 50 38 52 39 50 56 57 70 56 51 65 64
IN-R 52.0 52 50 49 46 44 49 37 49 55 57 66 53 51 62 61
IN-Sketch 53.8 55 53 52 46 39 49 43 51 56 58 70 55 55 63 62
ObjNet 52.3 52 48 48 46 37 51 38 50 55 58 70 51 52 64 63
IN-Cartoon 51.3 53 50 50 44 35 48 35 48 50 54 74 53 53 65 58
IN-Drawing 56.0 58 56 55 46 43 52 40 55 62 61 74 53 57 66 62

Linear Probing

IN-V2 55.9 56 54 54 49 42 53 46 48 55 61 73 56 59 66 65
IN-A 55.8 56 53 53 49 42 54 46 48 55 61 73 57 59 66 65
IN-R 56.2 56 54 54 49 44 54 47 49 55 61 73 56 60 66 66
IN-Sketch 54.5 54 52 52 48 41 51 45 48 54 59 72 55 58 65 64
ObjNet 56.1 56 54 54 49 43 54 48 48 56 62 73 53 60 66 65
IN-Cartoon 55.6 56 54 53 48 42 52 46 48 55 59 75 54 59 67 67
IN-Drawing 54.3 57 55 55 43 43 50 44 51 61 49 74 39 59 66 67

Visual Prompt
(Bahng et al., 2022)

IN-V2 47.9 44 42 41 41 35 46 42 42 46 51 69 48 55 59 57
IN-A 38.0 33 31 29 31 24 36 31 35 38 43 60 37 46 48 49
IN-R 40.1 39 38 36 33 28 36 30 36 41 41 61 38 45 50 50
IN-Sketch 44.3 43 41 40 37 29 40 36 39 45 46 65 47 49 54 55
ObjNet 35.3 28 26 24 28 22 33 29 32 35 41 61 37 44 45 44
IN-Cartoon 41.8 39 37 36 34 27 38 33 36 38 42 66 43 50 55 53
IN-Drawing 44.2 45 43 43 33 32 38 32 41 51 42 65 39 50 56 52

LoRA
(Hu et al., 2021)

IN-V2 56.1 57 54 54 49 43 53 46 48 55 61 74 57 59 67 66
IN-A 56.5 57 54 54 49 44 55 48 49 57 61 74 52 60 67 66
IN-R 56.7 57 54 54 50 44 54 48 49 56 62 74 56 60 67 66
IN-Sketch 56.6 56 54 54 51 43 53 47 50 56 62 74 57 59 67 66
ObjNet 55.0 57 54 54 48 43 54 47 48 55 55 74 44 60 67 66
IN-Cartoon 54.6 56 53 53 48 43 50 45 48 54 56 73 50 58 66 65
IN-Drawing 55.1 58 56 56 44 45 51 43 51 63 54 74 43 59 66 66

EWC
(Kirkpatrick et al., 2017)

IN-V2 58.2 58 55 55 52 44 56 49 52 58 64 75 59 61 68 67
IN-A 56.6 55 53 52 52 42 56 46 52 58 62 73 59 57 67 66
IN-R 56.1 55 54 53 50 44 53 43 53 59 62 72 58 56 64 65
IN-Sketch 57.2 57 56 55 50 44 54 47 52 57 61 74 57 59 67 67
ObjNet 56.9 56 53 53 51 43 56 47 52 58 62 74 58 59 67 66
IN-Cartoon 54.7 55 52 52 48 40 52 43 48 54 60 73 56 58 66 64
IN-Drawing 58.3 59 57 57 50 44 55 45 54 63 65 74 59 60 68 66

LwF
(Li & Hoiem, 2017)

IN-V2 57.9 57 55 54 51 42 55 47 53 59 65 75 60 59 69 68
IN-A 57.2 56 54 54 52 42 55 45 53 60 62 73 59 57 68 66
IN-R 57.2 57 56 55 50 48 54 43 54 59 62 72 57 57 67 66
IN-Sketch 55.2 56 54 53 48 40 51 45 52 57 60 72 56 57 65 64
ObjNet 56.3 56 53 53 51 41 55 44 52 57 63 73 57 57 67 66
IN-Cartoon 55.6 56 53 53 49 40 52 41 51 55 59 77 57 58 68 65
IN-Drawing 58.2 59 56 56 50 45 55 43 55 63 64 77 56 59 69 65

LP-FT
(Kumar et al., 2022)

IN-V2 57.6 57 54 54 51 41 55 46 53 59 65 74 60 59 68 67
IN-A 56.2 55 52 52 51 41 55 43 53 59 62 73 59 56 67 65
IN-R 55.3 55 54 52 48 47 52 41 52 58 60 70 56 56 65 64
IN-Sketch 54.4 54 53 52 48 40 50 44 51 55 59 70 56 56 64 63
ObjNet 54.9 54 51 51 48 40 54 43 51 57 61 72 54 56 66 64
IN-Cartoon 52.8 53 50 50 46 37 49 38 49 52 55 75 54 55 66 61
IN-Drawing 56.0 59 56 56 44 44 52 40 56 63 57 76 49 58 67 64

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 58.0 58 55 55 51 42 55 47 52 58 65 75 60 60 69 68
IN-A 57.8 57 55 55 52 43 56 46 53 59 64 74 60 59 68 66
IN-R 59.6 59 58 57 53 49 57 48 55 61 65 75 60 61 69 68
IN-Sketch 57.3 58 56 56 50 42 53 47 53 59 63 74 59 59 67 66
ObjNet 57.6 57 54 54 51 43 56 46 53 58 64 74 59 59 68 67
IN-Cartoon 56.3 57 54 55 50 41 53 43 51 55 61 76 58 59 68 65
IN-Drawing 59.5 61 59 59 51 45 56 46 55 63 65 77 59 61 69 67

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 58.0 58 55 55 51 43 55 47 52 59 64 75 60 60 69 68
IN-A 57.8 57 55 54 52 43 56 46 53 59 64 74 60 58 68 67
IN-R 59.6 59 58 57 53 49 57 47 55 61 65 74 60 61 69 68
IN-Sketch 57.5 58 56 56 50 42 53 47 53 59 63 74 59 59 67 66
ObjNet 57.7 57 54 54 52 43 56 47 53 58 64 74 59 59 68 67
IN-Cartoon 56.2 57 54 54 50 41 53 43 51 55 61 76 58 59 68 65
IN-Drawing 59.7 61 59 59 51 45 56 46 55 63 66 77 59 61 69 67
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Table 36: Accuracy of ImageNet-1K with SAM pre-trained ViT-B/16 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 54.6 53 50 51 50 48 55 47 47 51 51 73 46 64 68 67

FT

IN-V2 56.8 51 49 48 54 49 59 50 51 53 59 75 52 65 69 68
IN-A 51.3 42 39 36 56 45 56 43 46 46 56 71 52 58 61 61
IN-R 53.9 49 48 47 53 51 54 42 50 54 55 70 52 58 62 64
IN-Sketch 55.7 53 52 51 52 46 55 49 50 52 59 72 52 60 66 66
ObjNet 52.2 43 41 38 56 46 55 47 47 48 54 71 49 60 64 64
IN-Cartoon 51.3 44 42 39 50 40 53 42 46 45 54 74 52 59 66 65
IN-Drawing 55.4 54 53 52 47 48 54 43 51 59 55 74 47 61 67 66

HeadOnly

IN-V2 54.7 52 50 50 50 49 55 47 47 51 52 73 47 64 68 67
IN-A 54.5 52 50 49 49 48 55 47 47 51 51 73 47 64 68 67
IN-R 54.6 52 50 49 49 49 54 47 47 51 51 73 46 64 68 67
IN-Sketch 54.1 52 50 50 49 48 53 47 48 51 50 72 46 63 67 66
ObjNet 54.6 52 50 50 50 48 54 47 47 51 52 73 47 64 68 67
IN-Cartoon 53.8 52 50 49 49 48 54 46 46 50 46 73 43 64 69 67
IN-Drawing 54.6 53 51 51 48 49 53 46 48 53 50 73 46 64 68 67

Visual Prompt
(Bahng et al., 2022)

IN-V2 44.7 42 41 40 39 37 42 39 36 40 38 66 34 57 58 61
IN-A 30.4 26 25 22 22 24 27 25 26 29 26 53 22 43 41 44
IN-R 36.8 38 37 36 27 28 31 28 31 35 26 60 22 48 51 56
IN-Sketch 36.3 36 35 34 27 27 30 27 33 36 24 61 21 48 49 57
ObjNet 35.3 31 30 27 29 29 32 31 28 32 30 59 25 49 46 50
IN-Cartoon 42.3 43 41 40 34 36 39 38 35 39 25 67 23 54 62 62
IN-Drawing 42.2 46 45 44 31 37 36 34 39 46 18 64 16 55 61 62

LoRA
(Hu et al., 2021)

IN-V2 54.7 52 50 50 50 49 55 47 47 51 52 73 47 64 68 67
IN-A 54.8 52 50 50 50 49 55 47 47 51 52 73 47 64 68 67
IN-R 54.7 52 50 50 50 49 55 47 47 51 51 73 46 64 68 67
IN-Sketch 54.6 52 50 50 50 48 54 47 48 51 51 73 47 64 68 67
ObjNet 54.7 52 50 50 50 48 55 47 47 51 52 73 47 64 68 67
IN-Cartoon 53.7 52 50 50 49 49 54 47 46 51 44 73 42 64 69 67
IN-Drawing 54.5 53 51 50 49 49 53 47 48 53 48 73 45 64 68 67

EWC
(Kirkpatrick et al., 2017)

IN-V2 55.1 52 50 50 50 49 55 48 48 51 53 74 47 64 68 67
IN-A 54.7 48 46 44 55 50 57 48 49 52 54 73 48 64 66 67
IN-R 56.3 53 51 50 53 50 57 48 49 53 55 74 50 65 68 69
IN-Sketch 55.6 53 52 51 51 50 55 47 48 52 52 73 48 64 69 68
ObjNet 56.5 51 49 48 55 51 58 51 49 52 57 74 50 65 68 69
IN-Cartoon 54.3 51 49 48 50 47 54 46 47 50 51 74 48 63 69 67
IN-Drawing 56.9 55 54 54 51 50 56 47 50 56 55 74 50 65 69 68

LwF
(Li & Hoiem, 2017)

IN-V2 56.8 52 50 49 54 49 58 50 51 53 58 75 52 65 69 68
IN-A 53.9 45 42 40 57 48 58 47 49 49 58 73 54 61 64 65
IN-R 56.0 51 51 49 54 52 56 45 52 55 58 72 53 61 65 66
IN-Sketch 56.3 53 52 51 52 47 56 49 51 53 59 73 53 61 67 67
ObjNet 55.0 47 45 43 57 48 58 50 49 50 57 73 52 63 67 66
IN-Cartoon 53.1 46 44 42 51 43 54 44 47 47 55 75 53 61 67 66
IN-Drawing 56.2 55 53 53 48 48 55 44 52 60 56 74 48 62 68 67

LP-FT
(Kumar et al., 2022)

IN-V2 56.8 51 49 48 54 49 59 50 51 53 58 75 52 65 69 68
IN-A 52.3 43 40 37 57 46 57 45 47 47 57 71 53 59 62 63
IN-R 54.5 50 50 48 53 52 55 43 51 55 55 71 48 60 63 65
IN-Sketch 55.6 53 52 51 52 47 55 48 50 52 58 72 52 60 66 66
ObjNet 53.0 44 42 39 56 47 56 47 48 49 54 72 49 61 64 65
IN-Cartoon 51.1 44 42 40 49 40 52 41 46 46 52 74 51 59 66 65
IN-Drawing 53.8 54 52 51 44 48 52 43 51 59 48 73 38 61 67 65

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 56.1 52 50 50 52 49 57 49 50 52 56 75 50 65 69 68
IN-A 57.0 51 49 47 54 50 59 50 52 53 59 75 53 65 69 68
IN-R 58.7 56 55 54 54 52 58 49 53 56 60 75 54 65 70 69
IN-Sketch 56.8 55 53 53 52 48 56 49 52 54 57 74 51 64 68 68
ObjNet 56.4 51 49 48 54 49 58 50 51 52 58 74 51 65 69 68
IN-Cartoon 55.2 50 48 47 51 46 56 47 49 50 56 75 52 64 69 68
IN-Drawing 57.9 57 55 55 51 50 57 47 53 58 57 75 51 65 70 68

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 56.1 52 50 50 52 49 57 49 50 52 56 75 50 65 69 68
IN-A 57.0 50 47 46 56 51 60 50 52 53 60 75 54 65 68 69
IN-R 58.7 56 55 54 55 52 58 49 53 56 60 75 54 65 69 69
IN-Sketch 57.0 55 53 53 52 48 56 49 52 54 57 74 51 64 69 68
ObjNet 56.7 51 48 48 55 50 59 51 51 52 58 75 52 65 68 68
IN-Cartoon 55.0 50 48 47 51 46 55 46 49 50 55 75 52 63 69 68
IN-Drawing 58.0 57 55 55 51 50 57 47 53 58 57 75 51 65 70 68
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Table 37: Accuracy of ImageNet-21K pre-trained ViT-B/16 with different fine-tuning methods and
downstream datasets on each ImageNet-C corruption For each corruption, accuracy is averaged across
5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 58.3 55 53 53 56 50 60 52 53 54 57 75 52 64 72 69

FT

IN-V2 58.5 51 49 48 60 49 62 53 54 53 62 76 56 63 72 70
IN-A 55.0 47 45 43 56 45 60 50 51 50 57 73 55 58 69 66
IN-R 52.9 48 47 46 51 49 53 44 48 52 53 70 50 56 65 63
IN-Sketch 55.5 50 49 48 53 47 56 50 51 54 57 72 53 59 69 66
ObjNet 52.8 45 42 40 55 41 57 48 47 47 55 72 52 57 68 66
IN-Cartoon 52.9 44 41 39 53 41 57 46 48 46 54 76 53 58 71 67
IN-Drawing 55.3 52 51 51 48 47 55 44 52 59 55 74 49 60 69 64

Linear Probing

IN-V2 58.5 55 53 53 56 50 61 52 53 54 58 75 53 64 72 69
IN-A 58.7 55 53 52 56 50 61 54 54 54 59 75 53 65 71 70
IN-R 56.7 55 53 53 52 49 56 50 52 54 52 74 48 63 70 69
IN-Sketch 56.4 55 53 53 53 49 57 49 51 53 52 73 48 62 71 69
ObjNet 58.9 55 53 53 57 50 61 54 53 54 59 75 53 65 71 70
IN-Cartoon 56.9 54 53 52 52 47 58 50 52 52 54 76 50 63 72 70
IN-Drawing 59.0 56 55 55 54 50 60 52 54 57 58 76 51 65 72 70

Visual Prompt
(Bahng et al., 2022)

IN-V2 45.5 42 41 39 43 34 45 43 38 40 42 66 37 55 59 59
IN-A 38.3 35 33 31 32 25 37 34 32 33 38 59 31 49 52 52
IN-R 38.3 36 35 33 34 28 35 33 32 36 32 60 28 47 52 52
IN-Sketch 41.1 39 38 36 37 29 38 36 35 38 36 63 30 50 55 57
ObjNet 36.9 33 31 29 32 25 35 34 29 31 35 59 29 48 50 53
IN-Cartoon 41.9 37 36 34 39 29 41 38 36 35 37 65 32 52 58 57
IN-Drawing 41.8 40 40 38 36 32 38 36 38 43 32 63 25 52 57 57

LoRA
(Hu et al., 2021)

IN-V2 58.4 55 53 53 56 50 60 52 53 54 57 75 52 64 72 69
IN-A 58.9 55 53 52 56 50 61 54 54 54 59 76 53 65 72 70
IN-R 53.6 54 52 52 46 46 50 46 51 53 44 73 40 61 68 68
IN-Sketch 56.3 54 53 52 52 50 56 49 51 53 50 73 48 62 71 69
ObjNet 59.2 55 53 53 57 50 62 55 53 54 59 76 53 65 72 71
IN-Cartoon 56.1 54 52 52 51 47 57 49 51 52 52 75 49 61 71 69
IN-Drawing 58.0 56 54 54 53 48 59 51 53 56 57 75 48 64 72 69

EWC
(Kirkpatrick et al., 2017)

IN-V2 59.4 55 53 52 58 51 62 54 54 54 59 76 54 65 73 70
IN-A 58.8 51 49 49 60 49 63 54 55 54 62 76 56 63 72 69
IN-R 57.6 54 53 52 55 50 58 50 52 55 59 74 54 62 68 67
IN-Sketch 59.3 56 55 54 57 51 61 53 54 55 59 76 55 64 72 69
ObjNet 58.2 53 51 51 58 49 62 53 53 52 60 74 53 63 71 69
IN-Cartoon 56.7 51 49 49 55 46 59 49 52 51 57 76 54 62 72 68
IN-Drawing 59.4 55 54 54 57 51 62 52 53 59 61 75 55 65 71 68

LwF
(Li & Hoiem, 2017)

IN-V2 59.3 53 52 51 59 51 62 54 54 54 61 76 55 64 73 70
IN-A 58.1 51 49 48 57 48 62 53 54 54 61 75 56 62 71 68
IN-R 57.3 53 52 51 56 53 58 49 52 55 57 73 53 61 69 67
IN-Sketch 57.3 52 51 50 55 48 58 51 53 55 58 74 55 61 70 68
ObjNet 57.0 50 48 47 57 47 60 52 51 52 59 74 55 62 71 68
IN-Cartoon 57.9 51 48 47 57 47 61 51 53 52 59 78 57 64 74 70
IN-Drawing 58.1 55 53 53 52 50 59 48 54 61 58 76 52 63 72 67

LP-FT
(Kumar et al., 2022)

IN-V2 58.7 52 50 49 60 49 62 53 54 54 61 76 55 63 73 70
IN-A 56.7 49 47 46 57 46 61 52 53 52 59 74 56 61 70 67
IN-R 55.4 51 50 49 53 51 55 46 51 54 55 72 52 59 67 66
IN-Sketch 55.8 52 51 50 53 46 56 48 51 54 55 72 52 59 69 67
ObjNet 55.5 48 45 43 57 44 60 51 51 51 57 74 54 61 70 68
IN-Cartoon 54.4 46 44 42 54 42 58 47 50 48 55 77 54 60 73 68
IN-Drawing 56.0 53 52 52 48 48 55 45 53 60 56 75 48 61 70 66

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 59.3 54 52 51 58 50 62 53 55 55 60 76 55 64 73 70
IN-A 59.0 53 51 50 58 50 62 54 55 55 61 76 56 64 72 69
IN-R 60.0 55 54 53 58 54 61 53 55 58 61 76 56 64 72 69
IN-Sketch 59.2 55 54 53 56 50 60 53 55 57 60 75 56 63 72 69
ObjNet 58.2 52 50 49 58 49 61 53 53 53 60 75 55 63 72 69
IN-Cartoon 58.1 52 49 49 57 47 61 51 54 52 59 77 56 64 74 70
IN-Drawing 59.8 57 55 55 55 51 61 51 56 60 60 77 54 65 73 69

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 59.5 54 52 52 59 51 62 54 55 55 60 76 55 64 73 70
IN-A 59.1 52 50 49 58 49 63 54 55 55 62 76 57 64 72 69
IN-R 59.8 55 54 53 58 54 61 52 55 58 60 76 56 64 71 69
IN-Sketch 59.4 55 54 53 57 50 61 53 55 57 60 76 56 64 72 69
ObjNet 58.3 53 50 50 58 49 61 53 53 53 60 75 55 63 72 69
IN-Cartoon 58.2 52 49 49 57 47 61 51 53 52 59 77 56 64 74 70
IN-Drawing 60.1 57 55 55 55 51 61 51 56 61 61 77 55 65 73 69
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Table 38: Accuracy of ImageNet-21K with AugReg pre-trained ViT-B/16 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 66.5 67 66 66 63 54 67 59 66 62 69 80 65 66 75 74

FT

IN-V2 64.4 64 62 63 61 56 64 55 64 61 66 77 63 63 73 73
IN-A 56.3 57 56 56 52 48 56 46 53 51 56 70 53 55 67 68
IN-R 55.7 54 53 53 53 51 54 43 52 56 57 69 54 56 65 65
IN-Sketch 54.8 54 53 52 52 44 53 43 52 55 57 70 55 53 64 65
ObjNet 54.9 55 53 52 53 43 56 41 52 50 54 72 52 56 67 67
IN-Cartoon 61.5 61 59 58 56 46 63 48 60 57 60 84 60 63 75 72
IN-Drawing 59.9 57 54 54 51 48 60 45 58 65 64 81 56 62 74 70

Linear Probing

IN-V2 65.7 66 65 64 62 54 66 58 65 62 68 79 65 65 74 73
IN-A 65.8 65 64 64 62 54 66 58 65 62 68 79 65 65 74 73
IN-R 64.0 63 62 62 62 53 64 56 63 61 66 77 63 64 72 71
IN-Sketch 62.1 62 61 60 60 50 62 54 61 59 65 75 62 61 70 69
ObjNet 65.9 65 64 64 64 54 67 59 65 62 69 79 64 65 74 73
IN-Cartoon 69.9 70 69 68 67 55 71 62 69 64 72 85 69 69 79 78
IN-Drawing 70.0 70 69 69 67 59 71 61 70 69 73 83 69 69 77 76

Visual Prompt
(Bahng et al., 2022)

IN-V2 56.9 53 51 50 55 43 57 51 54 52 59 75 57 60 68 68
IN-A 51.1 44 41 40 47 34 52 46 50 47 57 71 53 54 64 65
IN-R 46.4 43 42 40 40 35 42 36 46 48 46 68 40 51 58 60
IN-Sketch 51.7 48 46 44 48 37 49 44 50 52 54 72 50 55 62 64
ObjNet 42.5 33 32 29 40 25 42 36 42 40 47 67 43 47 56 58
IN-Cartoon 53.1 51 49 49 50 37 52 45 51 49 51 74 50 57 66 65
IN-Drawing 54.5 55 53 53 48 43 51 45 51 58 53 73 46 57 66 64

LoRA
(Hu et al., 2021)

IN-V2 67.2 67 66 66 64 55 68 60 66 63 70 80 67 67 75 74
IN-A 67.8 67 66 66 66 56 69 61 67 64 71 80 67 67 76 75
IN-R 67.0 67 66 66 65 56 67 58 66 65 69 79 66 66 75 74
IN-Sketch 66.9 67 66 65 65 55 67 59 67 64 70 79 67 66 74 74
ObjNet 67.2 67 66 65 66 54 68 60 67 63 70 80 65 66 75 74
IN-Cartoon 66.4 66 65 65 64 54 67 59 66 62 69 80 65 65 74 74
IN-Drawing 67.1 66 65 65 64 57 67 57 68 67 71 80 67 66 74 73

EWC
(Kirkpatrick et al., 2017)

IN-V2 67.7 67 66 65 65 56 68 59 68 65 71 80 68 66 76 75
IN-A 65.8 65 64 64 63 55 67 57 66 62 69 78 67 63 74 73
IN-R 63.9 62 61 60 62 58 63 52 62 64 66 77 65 63 71 72
IN-Sketch 66.2 65 65 64 64 55 66 58 65 65 70 78 67 64 74 73
ObjNet 63.5 63 62 61 62 51 65 52 64 60 67 77 63 61 73 72
IN-Cartoon 63.9 63 62 62 62 49 66 55 64 58 66 79 65 62 73 71
IN-Drawing 65.9 64 63 62 61 54 66 56 66 68 70 79 66 64 75 73

LwF
(Li & Hoiem, 2017)

IN-V2 66.0 66 65 65 63 55 66 57 65 62 67 79 64 66 75 75
IN-A 64.1 64 63 64 61 55 65 55 62 59 65 78 62 64 73 73
IN-R 64.1 63 62 62 61 55 64 55 62 63 66 78 62 64 72 72
IN-Sketch 61.5 61 60 60 58 50 61 52 59 60 64 76 60 61 70 70
ObjNet 62.2 63 61 61 60 50 63 50 61 57 63 77 59 63 73 72
IN-Cartoon 71.7 71 69 69 67 59 71 60 70 68 73 90 71 73 82 82
IN-Drawing 68.5 66 64 64 64 57 70 56 66 71 72 87 62 69 82 79

LP-FT
(Kumar et al., 2022)

IN-V2 65.6 65 64 64 62 54 65 57 66 62 68 78 66 65 74 73
IN-A 63.2 62 61 61 60 53 63 55 62 59 65 77 63 62 72 71
IN-R 57.0 54 54 53 54 51 56 47 55 57 59 71 55 58 67 65
IN-Sketch 58.5 57 56 56 56 48 58 50 57 57 61 72 58 57 66 66
ObjNet 59.9 59 58 58 57 47 61 48 58 56 61 75 58 60 70 70
IN-Cartoon 68.6 69 67 67 63 52 70 58 69 64 70 88 68 68 80 77
IN-Drawing 66.9 65 62 63 64 55 69 54 65 68 71 84 64 67 80 75

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 68.0 68 67 67 65 57 68 60 68 65 70 80 67 67 76 76
IN-A 66.5 67 66 66 62 55 67 57 66 62 68 79 65 66 75 74
IN-R 66.9 66 65 65 64 59 66 57 66 67 69 79 67 67 74 74
IN-Sketch 65.1 65 64 64 61 53 64 55 65 64 68 78 65 64 73 73
ObjNet 65.6 66 64 64 63 53 67 55 65 62 68 79 65 65 74 74
IN-Cartoon 68.6 69 67 67 64 54 69 58 69 64 70 85 68 69 78 78
IN-Drawing 69.2 70 68 68 63 56 70 57 69 70 72 84 66 68 79 77

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 68.0 68 67 67 65 57 68 60 68 65 71 80 67 67 76 75
IN-A 66.9 68 67 67 63 56 67 58 67 62 69 80 66 66 75 74
IN-R 67.4 66 66 65 64 59 67 58 66 67 70 79 67 67 75 74
IN-Sketch 65.6 66 65 65 62 53 65 56 65 64 68 78 66 64 73 73
ObjNet 65.6 66 64 65 63 52 67 55 65 61 68 79 65 65 74 74
IN-Cartoon 69.2 70 68 68 65 55 70 59 69 65 71 85 69 69 79 78
IN-Drawing 69.6 70 68 69 64 57 70 58 69 71 72 84 66 69 80 78
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Table 39: Accuracy of ViT-B/16 pre-trained on ImageNet-21K-P, using different fine-tuning methods
and downstream datasets on each ImageNet-C corruption For each corruption, accuracy is averaged
across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 61.4 60 59 58 57 46 60 53 55 55 65 79 69 64 70 71

FT

IN-V2 62.1 58 57 55 62 48 63 55 57 55 67 79 69 62 73 73
IN-A 60.5 56 55 52 63 48 63 53 54 51 64 77 69 60 71 72
IN-R 57.5 55 55 53 56 50 57 47 52 55 59 73 57 58 66 68
IN-Sketch 59.3 57 57 56 54 44 58 52 54 56 61 76 65 60 70 70
ObjNet 57.7 54 54 50 58 43 60 50 49 48 60 76 65 58 69 71
IN-Cartoon 56.1 53 52 49 55 38 58 47 51 47 59 79 63 58 65 66
IN-Drawing 57.9 60 58 58 46 46 57 46 54 61 57 78 57 60 66 65

HeadOnly

IN-V2 61.4 59 59 58 57 46 60 53 55 55 65 79 69 64 70 71
IN-A 61.8 59 59 58 58 46 61 54 56 55 66 79 70 64 70 71
IN-R 61.0 59 58 57 56 46 60 52 55 55 64 79 68 64 70 71
IN-Sketch 60.8 58 57 56 57 45 59 52 55 55 64 78 69 64 70 71
ObjNet 61.9 59 59 58 58 47 61 54 55 55 66 79 70 64 70 71
IN-Cartoon 61.3 59 59 58 56 45 60 52 55 55 65 80 69 64 71 72
IN-Drawing 62.0 60 59 58 56 47 60 52 57 59 64 80 66 66 72 73

Visual Prompt
(Bahng et al., 2022)

IN-V2 49.6 45 44 43 45 34 46 45 43 44 54 72 52 56 59 61
IN-A 44.6 38 36 35 40 29 43 40 37 39 52 68 49 51 54 58
IN-R 40.5 35 35 33 35 26 35 33 35 41 45 65 42 48 45 53
IN-Sketch 44.1 40 40 38 37 27 39 37 39 44 48 67 46 51 50 57
ObjNet 34.8 27 26 25 28 22 32 30 27 30 41 62 37 43 43 49
IN-Cartoon 44.2 37 36 34 40 28 42 39 37 38 49 70 48 52 57 57
IN-Drawing 44.3 44 44 42 37 32 38 36 39 48 42 66 38 52 53 55

LoRA
(Hu et al., 2021)

IN-V2 61.3 59 59 57 57 46 60 53 55 55 64 79 69 64 70 72
IN-A 62.1 59 59 57 58 48 61 54 55 55 66 79 71 65 71 71
IN-R 61.2 59 58 57 56 47 60 53 55 55 65 79 68 64 70 72
IN-Sketch 61.4 59 59 57 58 46 60 53 55 56 64 79 68 64 71 72
ObjNet 62.1 59 59 58 59 48 61 54 55 55 66 79 71 65 71 72
IN-Cartoon 60.3 58 58 57 55 45 58 52 54 54 62 79 66 63 70 72
IN-Drawing 61.6 59 59 58 56 47 59 51 57 59 64 79 67 65 71 72

EWC
(Kirkpatrick et al., 2017)

IN-V2 62.4 60 59 58 58 47 62 54 57 56 66 80 70 65 72 72
IN-A 63.7 59 59 57 63 49 65 57 58 56 69 80 72 65 73 73
IN-R 55.3 58 58 56 41 45 52 45 51 56 50 75 50 60 63 69
IN-Sketch 61.4 60 60 58 55 46 60 54 55 57 64 78 67 64 70 72
ObjNet 62.5 59 59 58 60 47 62 55 56 55 67 80 70 64 72 72
IN-Cartoon 59.9 57 56 55 56 42 59 51 54 53 64 79 70 63 70 71
IN-Drawing 60.9 60 60 58 53 48 60 51 57 62 62 78 61 64 68 70

LwF
(Li & Hoiem, 2017)

IN-V2 62.9 59 58 57 62 48 63 55 58 56 67 80 71 64 73 73
IN-A 63.5 59 59 57 63 49 65 57 58 57 68 79 71 64 73 73
IN-R 62.0 59 59 57 59 53 61 53 57 59 65 77 66 63 71 71
IN-Sketch 61.1 59 59 57 57 45 60 54 56 57 64 77 68 62 71 71
ObjNet 61.8 59 59 56 61 46 63 54 55 54 66 79 69 62 72 72
IN-Cartoon 61.3 58 57 55 60 44 62 53 56 54 65 82 68 64 70 71
IN-Drawing 61.2 61 60 58 51 48 61 50 58 63 62 80 64 63 70 69

LP-FT
(Kumar et al., 2022)

IN-V2 62.5 58 58 56 62 47 63 55 57 55 67 79 71 63 73 73
IN-A 62.6 58 57 55 63 50 65 56 57 55 67 79 70 63 73 72
IN-R 60.5 57 57 55 57 52 60 51 55 58 63 76 64 62 70 70
IN-Sketch 60.2 58 57 56 56 45 59 52 56 56 63 77 66 61 70 71
ObjNet 60.6 57 57 54 60 46 62 52 54 53 64 78 67 61 71 72
IN-Cartoon 58.8 56 55 53 58 40 60 50 54 51 62 80 65 61 68 69
IN-Drawing 58.7 60 59 58 48 46 58 46 56 62 58 79 60 61 67 66

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 63.3 60 59 58 61 48 63 55 58 57 68 80 72 65 73 73
IN-A 64.1 60 60 58 63 49 65 57 59 58 69 80 73 65 73 73
IN-R 64.3 61 61 60 61 52 63 55 59 61 68 80 71 66 73 73
IN-Sketch 62.7 61 60 59 58 46 61 55 58 58 66 79 71 64 72 73
ObjNet 62.9 60 59 58 61 47 63 55 57 56 67 80 71 64 73 73
IN-Cartoon 61.4 59 58 56 59 43 62 52 56 54 65 81 70 64 70 71
IN-Drawing 63.5 63 62 61 56 48 63 53 59 63 66 81 69 65 71 71

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 63.3 60 59 58 61 47 63 55 58 57 68 80 72 65 73 73
IN-A 64.1 60 60 58 63 49 65 57 59 57 69 80 73 65 73 73
IN-R 64.1 61 61 59 61 51 63 55 59 61 68 79 71 66 73 73
IN-Sketch 62.7 61 60 59 58 46 61 55 58 58 66 79 71 64 72 73
ObjNet 62.9 60 59 58 61 47 63 55 57 56 67 80 71 64 72 73
IN-Cartoon 61.4 58 58 56 59 43 61 53 56 54 65 81 70 64 70 71
IN-Drawing 63.4 63 62 61 56 48 63 53 59 63 66 81 69 65 71 71

Table 40: Accuracy of LAION-2B pre-trained ViT-B/16 with different fine-tuning methods and
downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is averaged
across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 63.0 59 59 59 58 49 64 52 64 61 70 81 70 61 67 71

FT

IN-V2 24.5 18 17 16 15 18 19 18 19 21 35 45 33 30 31 32
IN-A 8.5 8 7 7 5 5 6 6 6 6 12 17 11 11 11 10
IN-R 21.4 16 15 14 15 18 18 16 15 20 29 38 31 24 26 25
IN-Sketch 9.7 9 8 8 3 4 5 6 9 11 15 21 16 9 8 14
ObjNet 13.5 10 9 8 10 9 13 12 7 9 20 25 22 16 16 17
IN-Cartoon 32.6 21 20 16 20 21 27 21 29 31 44 67 45 40 46 41
IN-Drawing 22.5 16 13 14 9 13 15 13 25 39 27 56 24 25 27 22

HeadOnly

IN-V2 62.3 59 58 58 55 49 63 52 65 61 70 80 69 61 66 68
IN-A 62.7 58 57 58 60 50 65 52 64 61 71 81 70 60 67 68
IN-R 61.2 57 56 56 56 51 62 49 61 62 68 79 67 58 68 68
IN-Sketch 60.7 57 56 56 55 49 61 51 62 61 68 78 66 58 67 67
ObjNet 61.2 58 57 58 57 45 64 50 62 59 69 80 65 59 65 68
IN-Cartoon 59.7 53 51 50 55 47 61 48 62 58 69 81 67 58 69 66
IN-Drawing 57.7 54 53 53 49 47 56 43 62 63 65 78 61 58 63 60

Visual Prompt
(Bahng et al., 2022)

IN-V2 54.4 52 51 51 47 38 55 46 54 51 60 75 59 55 58 63
IN-A 50.7 43 42 40 47 33 52 43 50 47 59 74 58 54 56 62
IN-R 49.4 46 46 44 44 36 48 40 48 49 54 71 51 52 52 60
IN-Sketch 50.9 48 48 46 44 34 50 43 51 50 58 73 55 52 51 60
ObjNet 42.4 36 35 34 37 27 42 35 43 40 50 68 47 47 45 51
IN-Cartoon 48.7 45 44 43 42 29 47 39 50 45 54 74 55 52 53 59
IN-Drawing 50.2 50 50 49 43 35 47 41 49 52 53 72 52 54 51 57

LoRA
(Hu et al., 2021)

IN-V2 62.0 58 57 58 55 49 63 52 64 61 69 80 69 61 66 67
IN-A 62.2 58 57 57 60 49 65 52 63 60 71 81 68 58 66 67
IN-R 61.2 56 56 55 56 51 62 49 61 62 69 79 66 58 69 70
IN-Sketch 60.9 57 56 56 55 50 61 51 62 62 68 79 64 57 68 69
ObjNet 59.7 57 56 57 57 44 62 49 60 57 68 79 63 56 62 68
IN-Cartoon 58.4 52 50 49 54 47 60 46 61 57 67 79 65 57 67 65
IN-Drawing 55.8 52 51 51 47 44 54 41 59 61 63 76 61 57 61 59

EWC
(Kirkpatrick et al., 2017)

IN-V2 51.4 41 40 39 48 42 54 40 47 50 67 74 64 52 56 56
IN-A 39.9 27 26 26 42 30 45 31 29 34 62 61 60 40 43 43
IN-R 58.7 51 50 49 54 52 59 47 58 60 67 77 66 58 66 66
IN-Sketch 41.7 39 37 37 28 25 36 27 51 51 64 55 48 37 41 48
ObjNet 48.0 36 33 34 49 39 54 40 40 44 62 72 62 48 53 55
IN-Cartoon 52.6 45 43 42 47 37 53 38 55 49 63 76 65 52 60 64
IN-Drawing 50.4 45 43 44 41 41 47 37 54 60 57 74 57 52 52 54

LwF
(Li & Hoiem, 2017)

IN-V2 28.0 21 19 18 18 21 24 21 22 24 40 50 38 34 34 36
IN-A 13.6 12 11 10 8 9 10 9 10 11 19 26 18 17 17 17
IN-R 26.9 21 20 18 21 22 24 20 20 26 35 48 37 30 31 31
IN-Sketch 11.5 10 10 9 4 5 6 6 11 14 18 24 17 11 9 17
ObjNet 19.2 14 12 12 17 14 19 17 10 12 27 35 29 22 25 24
IN-Cartoon 42.0 29 27 22 27 30 35 28 41 44 55 78 53 52 57 53
IN-Drawing 28.8 23 19 21 13 18 20 17 33 47 33 65 28 32 35 30

LP-FT
(Kumar et al., 2022)

IN-V2 24.3 18 16 15 13 17 18 17 20 22 35 46 33 31 31 32
IN-A 11.4 10 9 9 7 7 8 8 8 9 16 22 15 14 14 14
IN-R 22.5 17 16 14 17 19 20 17 15 22 30 40 32 25 27 26
IN-Sketch 10.5 10 9 8 4 5 6 6 9 12 17 22 16 10 9 16
ObjNet 15.4 11 9 9 12 12 15 13 8 10 21 29 23 18 21 20
IN-Cartoon 32.3 22 21 16 17 21 25 20 30 34 43 69 44 40 45 39
IN-Drawing 24.4 18 15 16 10 15 16 14 25 41 29 59 26 28 31 24

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 43.7 36 34 34 38 33 44 35 36 39 61 67 60 45 47 49
IN-A 26.7 21 20 20 19 14 25 20 19 21 45 46 45 27 27 29
IN-R 43.3 35 33 32 39 35 43 33 37 42 57 66 59 44 47 47
IN-Sketch 25.4 23 22 21 14 12 19 16 24 30 45 45 38 23 20 31
ObjNet 42.3 32 30 30 41 31 45 36 30 34 59 65 59 44 48 50
IN-Cartoon 53.0 44 42 41 44 38 49 35 56 52 66 80 65 57 62 64
IN-Drawing 45.9 40 35 38 31 34 39 30 52 60 56 77 49 47 50 51

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 46.2 40 37 38 37 35 45 35 42 42 62 69 60 48 50 53
IN-A 35.0 27 25 25 29 22 36 27 27 29 55 57 55 36 35 39
IN-R 47.8 40 38 37 42 41 48 36 43 48 61 70 61 48 52 53
IN-Sketch 27.5 25 24 24 15 13 20 17 27 32 47 46 40 25 23 34
ObjNet 45.0 36 34 34 43 34 47 37 36 38 59 68 59 46 51 54
IN-Cartoon 54.5 47 45 44 44 39 50 35 59 55 66 81 65 59 62 66
IN-Drawing 47.0 42 37 41 32 35 39 30 54 62 56 77 48 48 50 53
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Table 41: Accuracy of OpenAI CLIP ViT-B/16 with different fine-tuning methods and downstream
datasets on each ImageNet-C corruption. For each corruption, accuracy is averaged across 5 levels of
severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 62.6 58 58 58 57 46 63 54 63 59 69 80 70 62 71 70

FT

IN-V2 25.7 18 17 16 15 21 21 19 20 23 36 45 33 34 33 36
IN-A 8.9 7 7 5 5 6 6 6 7 7 13 17 12 11 12 12
IN-R 22.2 17 16 15 16 18 19 16 16 22 28 38 29 26 28 28
IN-Sketch 7.2 7 7 6 2 3 4 4 7 9 11 14 10 7 7 12
ObjNet 10.6 7 7 6 7 7 9 9 5 7 17 20 17 13 14 14
IN-Cartoon 32.8 20 19 15 20 24 27 22 29 32 41 64 42 43 48 43
IN-Drawing 23.0 18 14 15 8 13 14 13 24 39 25 56 23 27 30 26

HeadOnly

IN-V2 61.6 57 55 56 57 47 64 54 61 59 70 79 69 60 69 68
IN-A 62.3 57 56 56 59 47 65 54 62 59 71 80 69 60 70 68
IN-R 59.9 56 55 54 55 49 61 50 58 59 67 77 65 58 68 69
IN-Sketch 58.0 54 53 53 53 45 58 48 56 56 66 76 63 56 67 66
ObjNet 60.1 56 55 55 57 43 63 51 61 57 69 78 64 59 65 66
IN-Cartoon 56.3 53 51 50 50 39 56 44 56 53 65 79 63 57 67 63
IN-Drawing 54.7 50 50 50 47 43 53 41 53 59 62 75 58 56 64 58

Visual Prompt
(Bahng et al., 2022)

IN-V2 53.6 51 51 50 47 35 53 47 52 49 59 74 58 54 61 62
IN-A 50.5 44 43 42 44 32 51 45 50 45 59 73 58 53 59 59
IN-R 47.9 45 44 43 41 30 46 39 47 48 53 71 48 50 55 59
IN-Sketch 50.8 49 47 46 44 34 49 44 48 49 56 73 53 53 56 60
ObjNet 41.1 36 34 32 36 25 41 36 41 37 47 66 45 45 46 50
IN-Cartoon 46.2 43 42 40 39 28 45 40 43 40 50 71 48 50 57 57
IN-Drawing 46.8 48 48 47 38 35 41 38 44 49 44 69 42 50 54 55

LoRA
(Hu et al., 2021)

IN-V2 61.5 57 55 56 57 46 64 54 61 58 70 79 69 60 69 68
IN-A 62.0 57 56 56 59 46 64 54 62 59 71 80 68 60 70 68
IN-R 59.5 56 55 54 55 48 60 49 56 58 67 77 64 57 68 69
IN-Sketch 58.6 54 53 53 53 45 58 48 57 58 68 77 63 57 68 67
ObjNet 57.9 55 55 54 55 41 61 49 58 54 67 77 61 56 62 64
IN-Cartoon 54.6 51 49 49 48 37 54 42 54 52 63 77 61 55 64 61
IN-Drawing 52.5 48 47 48 46 40 51 39 50 56 60 73 57 53 62 56

EWC
(Kirkpatrick et al., 2017)

IN-V2 52.9 43 41 42 49 41 55 41 50 50 67 74 64 53 62 62
IN-A 45.3 33 31 32 44 36 48 35 39 41 61 65 57 46 56 56
IN-R 58.0 53 52 52 52 49 57 46 56 57 66 75 64 57 66 67
IN-Sketch 32.8 31 30 30 20 17 25 19 44 44 58 37 38 28 33 38
ObjNet 46.6 37 35 35 45 36 50 38 40 40 59 69 58 48 55 56
IN-Cartoon 49.4 43 41 41 43 33 48 36 51 45 59 73 60 50 60 58
IN-Drawing 49.0 46 42 45 38 36 44 35 51 57 58 73 55 48 56 52

LwF
(Li & Hoiem, 2017)

IN-V2 28.8 19 17 14 19 24 25 22 23 27 41 50 37 38 38 40
IN-A 14.7 12 11 10 9 11 12 11 9 11 21 26 20 20 19 20
IN-R 27.7 21 20 17 20 23 24 21 22 28 35 47 34 33 35 35
IN-Sketch 8.8 8 8 7 3 3 4 4 8 12 14 16 12 8 8 14
ObjNet 18.6 12 11 10 14 14 19 17 9 12 27 34 25 24 24 26
IN-Cartoon 41.4 30 29 24 25 31 35 29 38 42 50 75 48 54 58 54
IN-Drawing 30.3 23 19 19 15 20 22 20 32 45 34 66 28 35 41 36

LP-FT
(Kumar et al., 2022)

IN-V2 25.8 19 17 16 15 20 21 18 21 23 37 46 33 33 33 36
IN-A 10.4 8 7 7 7 8 8 8 7 7 15 19 14 13 14 13
IN-R 23.3 18 17 15 17 19 20 16 18 24 30 40 30 27 29 29
IN-Sketch 7.3 7 7 6 2 3 4 4 7 10 11 14 10 7 7 12
ObjNet 12.7 9 8 7 9 9 11 11 7 9 19 24 19 16 17 16
IN-Cartoon 30.6 20 19 15 17 21 24 20 25 28 39 63 40 41 45 40
IN-Drawing 27.7 21 18 17 13 18 20 18 25 41 33 59 29 35 38 30

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 47.9 39 37 38 40 39 47 36 42 42 61 69 59 53 56 59
IN-A 39.1 30 28 29 34 30 38 28 31 32 54 59 51 44 48 50
IN-R 48.5 41 40 39 41 40 46 34 45 48 60 70 59 52 55 56
IN-Sketch 25.5 24 23 23 13 12 17 13 28 33 44 39 33 24 22 33
ObjNet 41.7 33 31 30 38 30 42 35 30 33 56 65 55 46 50 52
IN-Cartoon 52.4 43 42 41 43 40 47 36 54 50 63 78 62 58 65 64
IN-Drawing 47.4 42 37 41 30 34 39 31 54 59 58 76 49 50 56 55

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 48.7 41 39 40 38 38 46 35 46 43 61 70 59 54 58 60
IN-A 39.8 33 30 31 33 30 38 27 31 31 55 60 52 45 48 52
IN-R 50.4 45 43 43 42 42 48 37 48 49 60 71 59 54 57 58
IN-Sketch 26.3 25 24 24 14 13 17 14 30 35 45 38 33 25 24 34
ObjNet 44.2 37 35 34 39 32 44 36 35 35 57 67 56 49 53 55
IN-Cartoon 53.8 47 45 45 42 40 48 37 57 52 64 78 62 59 66 65
IN-Drawing 48.6 44 39 43 31 36 39 33 56 60 59 77 49 51 57 55
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Table 42: Accuracy of ImageNet-1K with AugReg pre-trained ViT-B/32 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 53.5 55 54 54 46 43 49 41 43 53 54 69 52 57 67 64

FT

IN-V2 53.4 53 51 51 48 43 50 39 47 55 56 70 54 57 66 64
IN-A 47.5 48 46 46 45 38 46 32 40 48 48 62 49 48 58 58
IN-R 47.0 47 46 45 42 43 44 31 42 50 46 61 44 49 57 57
IN-Sketch 51.1 53 52 51 45 41 45 39 45 52 51 65 50 53 63 61
ObjNet 47.8 47 46 46 44 39 45 33 40 49 49 64 44 50 61 59
IN-Cartoon 50.1 52 50 50 42 36 46 33 42 50 50 72 48 53 68 61
IN-Drawing 52.8 57 55 55 42 44 48 37 45 58 52 70 47 56 65 63

Linear Probing

IN-V2 53.5 55 53 54 46 43 49 41 43 53 54 69 53 57 66 64
IN-A 53.2 54 53 53 47 45 50 41 43 53 52 69 48 58 66 64
IN-R 52.8 55 53 54 47 45 49 42 43 53 50 69 44 58 66 65
IN-Sketch 51.0 54 52 53 44 41 46 40 41 51 48 67 47 55 64 62
ObjNet 53.3 55 53 54 48 46 51 42 43 53 51 70 45 58 67 65
IN-Cartoon 54.2 57 55 55 46 44 49 42 43 54 53 72 49 59 68 67
IN-Drawing 54.4 57 55 56 47 47 50 42 46 57 52 71 45 59 67 67

Visual Prompt
(Bahng et al., 2022)

IN-V2 45.5 46 44 44 39 36 41 37 37 44 43 63 41 53 58 56
IN-A 29.9 28 26 25 22 19 26 21 23 29 32 48 31 37 40 43
IN-R 39.4 40 39 38 33 30 35 29 33 40 36 55 38 44 50 51
IN-Sketch 43.1 46 45 44 35 31 37 32 37 43 39 59 40 47 54 57
ObjNet 33.1 29 27 26 26 23 28 24 25 33 37 51 37 41 44 44
IN-Cartoon 42.4 47 46 46 34 30 36 31 32 39 34 63 36 49 57 56
IN-Drawing 42.3 46 44 44 32 32 35 30 35 47 36 60 36 47 54 53

LoRA
(Hu et al., 2021)

IN-V2 53.9 55 54 54 47 44 49 42 43 53 55 70 54 58 67 64
IN-A 53.4 55 54 54 48 47 51 42 44 54 48 70 44 59 67 66
IN-R 50.6 54 53 53 44 44 47 40 41 51 40 69 37 57 65 65
IN-Sketch 51.6 55 53 54 45 43 47 41 41 51 46 69 44 56 66 64
ObjNet 53.4 55 54 54 48 47 51 42 44 54 49 70 43 59 67 65
IN-Cartoon 52.6 55 54 54 46 44 48 42 42 52 51 69 46 57 66 64
IN-Drawing 52.1 56 55 55 43 45 47 40 44 56 43 70 38 58 66 65

EWC
(Kirkpatrick et al., 2017)

IN-V2 55.3 55 54 54 49 45 52 43 46 55 57 71 55 60 68 66
IN-A 49.9 50 48 49 45 41 48 35 42 50 49 65 50 52 61 61
IN-R 52.5 54 52 52 47 46 50 39 46 54 51 68 47 55 64 64
IN-Sketch 53.8 55 54 54 47 44 49 40 46 54 54 69 52 57 66 65
ObjNet 54.0 55 53 53 50 45 50 40 44 54 55 70 53 57 66 65
IN-Cartoon 52.8 55 53 53 46 42 48 40 43 52 54 70 51 56 66 64
IN-Drawing 55.1 56 54 54 48 46 51 40 48 59 55 70 54 58 67 65

LwF
(Li & Hoiem, 2017)

IN-V2 54.0 54 52 52 48 43 50 40 46 55 56 70 55 57 66 65
IN-A 52.0 52 50 50 48 42 49 38 45 53 53 67 53 53 63 63
IN-R 53.0 53 52 51 48 48 50 38 47 55 53 67 51 56 64 63
IN-Sketch 52.5 54 53 53 46 42 47 40 46 54 53 67 51 55 64 62
ObjNet 52.1 52 50 50 48 42 49 39 43 52 53 68 51 55 65 63
IN-Cartoon 54.1 55 53 53 46 42 50 39 45 54 54 74 53 58 70 65
IN-Drawing 55.2 58 56 56 45 46 51 40 47 59 54 73 50 58 68 65

LP-FT
(Kumar et al., 2022)

IN-V2 53.7 53 51 52 48 43 50 40 46 55 56 70 55 57 66 65
IN-A 52.2 52 51 51 48 42 50 38 45 53 52 68 52 54 64 62
IN-R 51.4 52 51 50 46 47 49 36 45 54 50 66 47 55 63 61
IN-Sketch 51.1 53 52 52 44 41 45 40 45 53 49 66 50 53 63 61
ObjNet 51.3 51 49 49 47 42 49 38 43 53 51 68 48 55 64 63
IN-Cartoon 52.6 54 52 52 44 39 48 36 44 52 53 74 51 56 70 64
IN-Drawing 53.6 58 56 57 42 45 48 37 48 60 50 72 44 57 66 65

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 54.7 55 53 53 48 44 50 41 46 55 57 70 56 58 67 65
IN-A 54.3 54 52 53 49 44 51 40 46 55 56 70 56 57 66 65
IN-R 55.4 55 54 54 50 48 52 41 48 57 57 70 55 58 67 65
IN-Sketch 54.4 56 55 55 48 44 49 42 47 55 55 69 55 57 66 64
ObjNet 54.3 54 53 53 48 44 51 41 45 54 56 70 54 58 67 65
IN-Cartoon 54.2 55 53 54 47 42 50 40 45 53 55 72 55 58 69 65
IN-Drawing 56.9 58 57 57 48 47 53 42 49 60 58 73 55 60 69 67

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 54.9 55 53 54 49 44 51 41 46 55 57 71 55 59 67 65
IN-A 53.6 53 52 52 49 43 51 39 45 54 55 69 55 56 65 64
IN-R 55.3 55 54 54 50 48 52 41 48 57 56 70 55 58 67 65
IN-Sketch 54.4 56 55 55 48 44 49 42 47 55 55 69 54 57 66 64
ObjNet 54.3 54 53 53 49 44 51 41 45 54 56 70 54 58 67 65
IN-Cartoon 54.3 55 53 54 47 42 50 40 45 54 55 73 54 58 69 65
IN-Drawing 56.9 59 57 57 49 47 53 42 49 60 57 73 55 60 69 67
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Table 43: Accuracy of ImageNet-1K with SAM pre-trained ViT-B/32 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 48.8 49 48 47 45 47 46 41 35 45 36 65 35 59 68 65

FT

IN-V2 51.1 48 46 45 50 48 50 42 41 47 45 68 41 61 67 67
IN-A 43.1 36 35 33 50 42 45 32 36 38 34 59 35 53 59 59
IN-R 49.2 49 49 48 49 47 46 34 42 48 44 62 44 55 61 62
IN-Sketch 50.1 49 48 47 48 46 47 42 41 46 46 64 42 57 65 64
ObjNet 44.7 38 38 35 49 43 46 36 36 40 35 61 34 56 62 61
IN-Cartoon 47.3 44 43 40 46 41 46 38 37 41 40 67 42 55 66 65
IN-Drawing 49.3 55 53 53 41 45 43 35 40 53 37 65 37 55 65 63

HeadOnly

IN-V2 48.8 49 47 46 45 47 46 41 35 45 36 65 36 60 68 65
IN-A 49.0 48 47 46 46 48 47 40 36 46 37 65 35 60 68 66
IN-R 49.2 49 48 47 47 48 47 41 36 46 36 66 35 60 67 66
IN-Sketch 48.5 49 47 47 47 47 47 41 37 46 33 65 33 59 66 65
ObjNet 49.2 49 47 46 48 48 47 41 36 46 36 65 34 60 67 66
IN-Cartoon 48.2 49 47 47 44 46 46 40 35 45 33 66 33 59 68 65
IN-Drawing 49.0 52 50 50 43 47 44 39 37 48 36 65 36 59 67 64

Visual Prompt
(Bahng et al., 2022)

IN-V2 41.5 43 42 41 35 36 36 35 31 38 25 59 25 54 60 61
IN-A 19.2 21 20 18 8 13 11 12 13 18 6 37 6 32 33 38
IN-R 34.3 39 38 37 25 27 26 24 25 31 19 54 19 45 50 54
IN-Sketch 34.2 36 36 35 27 28 27 26 26 32 19 54 18 45 52 54
ObjNet 27.4 26 26 24 22 23 22 22 18 24 15 45 14 40 44 47
IN-Cartoon 41.1 43 42 41 36 37 37 36 29 37 21 61 21 53 62 62
IN-Drawing 41.1 46 45 45 33 35 33 31 31 40 24 59 24 52 59 60

LoRA
(Hu et al., 2021)

IN-V2 48.8 49 47 47 45 47 46 41 35 46 36 65 36 60 68 65
IN-A 49.4 49 47 46 47 48 47 41 36 46 38 66 35 60 68 66
IN-R 49.4 49 48 47 47 48 47 41 36 46 36 66 35 60 68 66
IN-Sketch 48.8 49 48 47 47 48 47 41 36 46 33 65 33 59 67 66
ObjNet 49.4 49 47 46 48 49 48 41 36 46 36 66 34 61 68 67
IN-Cartoon 48.1 49 47 46 45 46 46 41 35 45 32 65 32 59 68 65
IN-Drawing 49.1 51 50 49 44 47 45 40 37 47 35 65 35 59 67 64

EWC
(Kirkpatrick et al., 2017)

IN-V2 49.5 49 47 46 46 48 47 41 36 46 38 66 37 60 68 66
IN-A 47.7 46 44 43 48 48 46 39 35 43 34 63 33 59 66 66
IN-R 50.1 50 49 48 48 48 47 40 37 46 39 66 38 60 67 67
IN-Sketch 49.8 50 48 48 48 48 47 41 38 46 39 66 37 60 67 66
ObjNet 49.9 48 47 45 49 49 48 42 37 46 40 66 37 61 68 67
IN-Cartoon 48.4 48 47 45 45 46 46 40 35 44 36 66 37 59 68 65
IN-Drawing 49.9 53 51 51 44 47 45 39 38 49 37 65 38 59 67 65

LwF
(Li & Hoiem, 2017)

IN-V2 51.1 48 47 45 49 48 50 43 41 47 44 67 42 61 68 67
IN-A 46.3 40 39 37 51 45 48 36 38 41 38 62 38 57 62 62
IN-R 51.6 52 51 50 51 49 49 38 43 50 46 65 44 58 64 64
IN-Sketch 50.6 49 48 47 48 46 47 43 41 47 46 65 43 58 66 64
ObjNet 48.1 43 42 40 50 47 49 40 38 43 39 64 37 59 65 64
IN-Cartoon 48.8 45 44 42 47 43 47 40 38 43 42 68 43 58 68 66
IN-Drawing 50.2 56 54 54 42 46 44 37 40 53 38 66 38 57 66 64

LP-FT
(Kumar et al., 2022)

IN-V2 51.1 48 46 45 50 48 50 42 41 47 44 67 42 61 67 67
IN-A 44.9 39 37 35 51 44 47 34 38 41 34 62 35 55 61 61
IN-R 50.4 51 51 50 50 48 48 36 43 49 43 64 41 57 63 63
IN-Sketch 49.4 49 48 46 48 46 47 41 41 46 43 64 39 56 65 63
ObjNet 45.9 41 40 38 50 44 47 36 38 42 35 62 35 57 63 62
IN-Cartoon 47.7 45 44 41 46 42 46 38 37 42 39 68 41 56 67 65
IN-Drawing 48.4 55 53 53 40 44 42 34 40 53 32 65 33 55 65 63

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 50.4 49 47 46 47 48 48 42 39 47 41 67 39 61 68 66
IN-A 50.4 47 45 44 49 49 50 42 40 47 42 66 40 61 67 67
IN-R 52.8 54 53 52 49 50 49 42 43 51 45 68 43 61 68 67
IN-Sketch 50.7 50 49 48 47 47 48 43 40 48 42 66 41 59 68 65
ObjNet 50.1 47 45 44 49 49 49 42 39 46 42 66 39 61 68 66
IN-Cartoon 50.0 48 47 45 47 46 48 41 38 46 41 68 41 60 69 66
IN-Drawing 51.5 55 53 54 44 47 46 40 41 53 40 67 39 59 68 66

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 50.5 49 47 46 47 48 49 42 39 47 41 67 39 61 68 66
IN-A 50.0 46 45 43 51 49 50 41 40 46 42 65 39 61 67 67
IN-R 52.8 54 53 52 49 50 49 41 42 50 45 68 43 61 67 67
IN-Sketch 50.9 50 49 48 47 48 48 43 41 48 43 66 41 60 67 65
ObjNet 50.2 47 45 44 49 49 50 42 39 46 42 66 39 61 68 66
IN-Cartoon 49.8 48 46 45 47 46 47 41 38 45 41 68 41 60 69 66
IN-Drawing 51.5 56 54 54 44 47 46 39 41 53 39 67 39 59 68 66
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Table 44: Accuracy of ImageNet-21K with AugReg pre-trained ViT-B/32 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 60.5 61 60 60 56 49 61 50 54 56 60 75 59 62 72 70

FT

IN-V2 60.2 59 57 58 58 48 62 50 55 57 62 75 61 60 72 70
IN-A 56.9 54 52 53 56 46 59 46 51 53 58 71 59 56 69 68
IN-R 55.3 54 53 53 54 50 55 43 50 55 56 68 55 55 66 65
IN-Sketch 57.0 58 57 56 54 44 56 48 52 55 58 71 56 56 68 66
ObjNet 55.3 54 52 52 54 46 58 44 49 52 54 71 54 56 69 67
IN-Cartoon 56.7 57 55 56 52 41 58 45 52 51 55 76 55 57 72 67
IN-Drawing 59.5 60 58 59 53 48 57 43 56 61 60 76 59 60 73 69

Linear Probing

IN-V2 60.1 61 59 60 56 49 61 50 54 56 60 75 58 62 72 70
IN-A 59.4 60 59 59 55 48 60 49 53 55 60 74 58 61 71 69
IN-R 59.7 60 59 59 55 49 60 50 53 55 60 74 57 62 72 69
IN-Sketch 58.4 59 58 58 54 47 58 49 53 54 58 73 57 60 70 68
ObjNet 60.3 61 59 60 57 49 62 51 54 55 61 74 58 62 72 69
IN-Cartoon 62.6 63 62 62 58 50 64 52 55 57 62 79 61 64 76 74
IN-Drawing 63.0 63 62 62 57 51 63 52 58 61 64 78 60 65 75 73

Visual Prompt
(Bahng et al., 2022)

IN-V2 51.1 51 49 49 48 39 50 44 43 46 48 69 47 57 64 63
IN-A 39.7 37 35 35 35 27 40 33 33 35 40 58 37 45 53 53
IN-R 42.6 41 39 39 40 34 41 33 35 42 40 61 39 47 54 54
IN-Sketch 46.2 46 45 45 42 33 43 37 39 44 45 65 42 50 59 59
ObjNet 30.9 27 25 24 26 19 30 25 23 27 29 51 28 38 45 46
IN-Cartoon 45.5 44 43 42 42 31 45 38 39 39 40 67 40 52 62 59
IN-Drawing 46.7 48 46 45 39 37 41 35 41 51 40 66 39 52 62 59

LoRA
(Hu et al., 2021)

IN-V2 60.5 61 60 60 56 49 61 50 54 56 60 75 59 62 72 70
IN-A 61.2 61 60 60 58 50 63 52 55 56 62 76 59 63 73 70
IN-R 60.9 61 60 60 57 50 62 51 54 56 61 75 57 63 73 70
IN-Sketch 60.8 62 60 60 57 49 61 51 54 57 61 76 59 62 73 70
ObjNet 61.3 61 60 60 58 50 63 52 55 56 62 76 58 63 73 71
IN-Cartoon 60.2 61 60 60 57 49 61 50 53 55 60 75 57 62 72 70
IN-Drawing 61.0 61 60 60 56 50 61 50 56 59 62 76 58 63 73 70

EWC
(Kirkpatrick et al., 2017)

IN-V2 62.1 62 60 61 60 50 64 53 56 58 63 76 60 63 74 71
IN-A 60.9 59 57 58 60 50 63 51 55 57 63 75 62 61 73 70
IN-R 60.0 60 58 58 58 52 60 49 54 58 60 74 59 61 70 69
IN-Sketch 61.1 62 61 61 57 49 61 51 55 58 62 75 60 62 72 70
ObjNet 60.1 59 58 58 60 49 62 49 54 57 60 74 59 60 72 71
IN-Cartoon 59.0 59 58 58 55 46 60 48 53 54 60 75 58 60 72 69
IN-Drawing 61.2 62 61 61 55 49 61 47 58 62 62 76 60 62 73 70

LwF
(Li & Hoiem, 2017)

IN-V2 61.1 61 59 60 58 49 62 51 55 57 62 75 60 62 73 71
IN-A 60.6 60 58 58 58 49 62 51 55 56 62 75 60 61 73 70
IN-R 60.9 61 60 60 57 53 61 50 55 59 62 74 59 62 72 69
IN-Sketch 59.1 60 59 59 56 46 59 49 54 56 60 73 57 59 70 68
ObjNet 59.1 59 57 57 58 48 61 49 53 54 59 74 57 60 72 70
IN-Cartoon 63.0 63 61 61 59 50 64 53 56 58 63 80 62 65 77 74
IN-Drawing 63.1 64 61 62 59 51 63 50 58 62 63 79 61 64 77 73

LP-FT
(Kumar et al., 2022)

IN-V2 60.7 60 59 59 58 49 62 51 55 57 62 75 60 61 72 70
IN-A 59.5 58 57 57 57 48 61 50 54 55 62 73 61 59 71 68
IN-R 59.0 58 57 57 56 52 59 48 53 58 60 72 58 60 70 67
IN-Sketch 57.5 58 57 57 54 45 57 48 53 54 59 71 56 58 68 66
ObjNet 58.9 59 57 57 57 47 61 49 53 55 59 73 57 59 71 69
IN-Cartoon 61.3 61 59 60 57 46 63 50 56 56 60 80 61 62 76 72
IN-Drawing 62.6 63 61 62 57 51 62 48 59 63 63 78 61 63 76 72

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 61.7 62 60 61 58 50 63 52 56 58 63 76 61 63 73 71
IN-A 61.9 61 59 60 59 50 64 52 56 58 64 76 62 63 74 71
IN-R 62.4 62 61 61 59 54 63 52 56 60 64 76 61 63 73 71
IN-Sketch 61.0 62 61 61 57 48 61 51 56 58 62 75 60 61 72 70
ObjNet 61.2 61 60 60 58 50 63 51 55 57 62 75 60 62 73 71
IN-Cartoon 60.9 62 60 61 56 47 62 50 56 56 61 78 60 62 74 71
IN-Drawing 63.6 65 63 64 59 51 64 51 59 62 64 78 62 64 75 73

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 61.7 62 60 61 59 50 63 52 56 58 63 76 61 63 73 71
IN-A 61.6 60 59 59 59 50 64 52 56 57 64 75 62 62 74 71
IN-R 62.2 62 61 61 59 54 63 51 56 60 63 76 61 63 73 71
IN-Sketch 61.0 62 61 61 57 48 61 51 56 58 62 75 60 61 72 70
ObjNet 60.9 61 59 59 58 49 63 51 55 56 61 75 59 62 73 71
IN-Cartoon 61.1 62 60 60 57 47 62 50 56 56 61 78 60 62 74 72
IN-Drawing 63.3 65 63 64 58 51 64 51 59 62 63 78 62 64 75 73
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Table 45: Accuracy of LAION-2B pre-trained ViT-B/32 with different fine-tuning methods and
downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is averaged
across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 57.5 56 55 55 53 42 57 46 52 51 61 75 64 59 68 69

FT

IN-V2 21.7 20 19 18 11 15 15 15 14 20 23 36 25 28 31 36
IN-A 7.0 8 7 7 4 5 4 5 4 5 7 12 8 8 10 11
IN-R 20.9 20 19 18 14 17 17 15 12 20 22 33 25 23 28 31
IN-Sketch 9.7 10 10 9 4 5 5 6 7 11 11 17 13 9 11 17
ObjNet 12.2 12 11 11 7 9 10 10 5 9 13 20 15 14 18 20
IN-Cartoon 27.3 25 24 21 10 16 17 15 21 25 27 51 31 35 46 47
IN-Drawing 21.6 20 17 19 9 13 14 13 15 32 20 46 22 24 29 30

Linear Probing

IN-V2 58.1 57 56 56 53 42 58 46 53 52 63 76 65 59 68 68
IN-A 58.2 56 54 55 52 44 58 47 54 53 64 76 66 59 68 68
IN-R 56.1 54 53 53 50 44 55 43 51 54 61 73 64 57 65 66
IN-Sketch 55.6 55 54 53 50 42 54 43 51 52 60 73 61 55 65 67
ObjNet 56.6 55 53 53 51 42 57 44 51 51 62 75 63 58 67 67
IN-Cartoon 51.2 50 47 48 43 36 49 38 46 45 57 72 59 53 62 61
IN-Drawing 49.8 53 52 52 37 38 45 34 45 52 54 67 53 51 57 57

Visual Prompt
(Bahng et al., 2022)

IN-V2 47.9 49 48 47 39 32 45 38 41 42 49 68 50 51 58 61
IN-A 36.9 34 33 31 28 20 33 26 31 31 42 62 42 42 46 51
IN-R 43.9 42 42 40 39 29 41 34 38 41 46 65 44 48 52 58
IN-Sketch 45.1 44 43 42 39 28 42 36 39 41 48 66 47 48 54 59
ObjNet 27.7 27 26 25 21 14 23 19 21 22 31 50 30 32 37 40
IN-Cartoon 44.9 44 43 42 39 28 41 34 39 38 44 68 46 49 57 60
IN-Drawing 47.2 50 50 48 36 33 43 35 42 47 44 67 43 52 57 61

LoRA
(Hu et al., 2021)

IN-V2 58.1 57 56 56 53 42 58 46 53 52 63 76 65 59 68 68
IN-A 57.9 56 54 55 51 44 58 46 54 53 64 76 65 58 68 67
IN-R 54.8 53 52 52 48 43 53 41 49 53 60 73 62 55 64 65
IN-Sketch 53.4 53 53 52 45 40 51 41 49 50 58 70 58 52 63 64
ObjNet 54.9 53 52 52 47 41 54 42 48 49 61 74 61 56 67 66
IN-Cartoon 50.3 49 47 47 43 35 49 37 46 45 56 72 58 52 61 60
IN-Drawing 49.8 52 51 51 38 38 46 34 45 52 54 67 53 51 58 56

EWC
(Kirkpatrick et al., 2017)

IN-V2 48.4 47 45 46 40 34 44 35 36 45 58 69 56 50 58 62
IN-A 30.7 28 26 27 24 19 27 21 19 23 41 46 44 31 38 44
IN-R 53.0 51 50 50 46 44 50 38 48 52 58 70 58 53 61 65
IN-Sketch 39.7 40 39 39 27 23 32 26 43 46 56 51 41 37 44 51
ObjNet 43.0 38 36 37 38 33 42 32 31 39 50 65 51 45 53 56
IN-Cartoon 48.1 46 44 44 41 32 45 33 45 43 53 71 54 50 61 59
IN-Drawing 43.6 47 42 46 26 30 35 27 44 52 48 68 46 45 48 50

LwF
(Li & Hoiem, 2017)

IN-V2 26.1 23 21 20 14 19 20 18 17 23 30 43 30 33 37 43
IN-A 14.5 15 14 14 8 10 10 9 8 10 15 25 16 17 21 24
IN-R 28.9 26 24 23 22 24 25 22 18 28 30 45 32 33 39 42
IN-Sketch 13.7 15 14 13 5 7 8 8 10 16 15 24 16 14 16 24
ObjNet 20.7 19 17 17 13 16 18 16 9 16 22 33 24 25 31 33
IN-Cartoon 36.6 32 31 26 17 25 26 21 30 36 35 64 39 48 57 62
IN-Drawing 28.2 25 22 22 14 20 20 17 22 38 29 55 27 32 39 40

LP-FT
(Kumar et al., 2022)

IN-V2 22.0 21 19 19 12 16 16 15 13 18 23 36 24 28 32 36
IN-A 9.0 10 10 10 5 6 6 6 5 6 9 15 10 11 13 14
IN-R 22.2 21 20 19 15 18 18 16 13 21 22 35 26 25 30 33
IN-Sketch 11.5 12 12 11 5 6 6 7 8 13 12 21 15 12 13 20
ObjNet 14.4 14 13 12 9 12 12 11 7 11 15 23 17 17 21 23
IN-Cartoon 28.6 26 25 21 12 18 19 16 22 26 26 53 32 37 47 50
IN-Drawing 22.7 21 18 19 9 13 14 13 17 34 22 47 25 26 30 30

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 43.5 40 37 38 33 33 37 31 33 41 52 63 52 49 55 59
IN-A 37.0 35 33 33 29 29 32 26 24 31 48 53 47 39 45 51
IN-R 46.5 44 42 42 39 40 41 33 36 46 53 65 53 50 55 60
IN-Sketch 33.3 35 33 33 20 20 23 19 28 38 45 49 40 34 35 47
ObjNet 41.6 39 37 37 33 32 38 31 27 37 49 60 49 45 53 57
IN-Cartoon 48.8 48 46 45 32 34 40 30 45 47 54 73 52 56 64 65
IN-Drawing 44.7 45 40 43 28 33 35 27 42 54 49 71 47 48 54 56

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 46.5 45 43 43 35 36 39 32 38 44 54 65 53 52 57 62
IN-A 40.5 39 36 37 33 32 35 28 28 34 50 58 49 43 50 55
IN-R 49.8 49 48 48 42 43 45 35 41 49 54 67 54 53 58 62
IN-Sketch 34.7 38 36 36 21 21 24 19 32 41 45 50 39 35 37 48
ObjNet 45.1 44 42 42 36 35 42 33 32 40 51 64 50 49 56 60
IN-Cartoon 50.9 52 50 49 34 35 41 30 50 50 56 75 53 58 64 67
IN-Drawing 46.2 48 43 47 28 34 36 27 46 56 51 72 46 50 53 57
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Table 46: Accuracy of OpenAI CLIP ViT-B/32 with different fine-tuning methods and downstream
datasets on each ImageNet-C corruption. For each corruption, accuracy is averaged across 5 levels of
severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 57.9 58 56 56 53 41 57 46 52 53 61 76 64 60 68 68

FT

IN-V2 25.9 23 22 21 16 20 20 19 17 23 29 39 30 33 37 39
IN-A 10.1 10 9 10 7 8 8 7 6 7 10 15 12 13 15 15
IN-R 23.1 21 20 20 17 20 19 17 15 23 23 37 26 26 30 32
IN-Sketch 11.1 12 11 11 4 5 6 6 8 12 12 21 14 11 14 20
ObjNet 13.4 12 11 11 9 11 11 11 6 10 15 20 16 16 20 20
IN-Cartoon 31.4 27 26 23 13 20 22 18 25 30 29 57 34 41 52 52
IN-Drawing 24.6 23 20 21 11 15 16 15 20 37 24 51 24 28 33 32

HeadOnly

IN-V2 59.0 58 57 57 54 43 60 48 53 54 64 76 65 60 68 68
IN-A 58.5 57 55 55 52 43 61 48 53 53 64 76 66 60 68 67
IN-R 55.5 56 55 55 48 44 55 43 49 54 59 72 59 56 64 65
IN-Sketch 55.4 55 53 53 51 42 55 43 48 52 60 72 61 55 66 66
ObjNet 56.7 56 54 54 52 41 59 45 50 50 62 75 63 59 65 66
IN-Cartoon 53.1 52 49 50 46 38 53 39 46 46 58 74 60 55 66 64
IN-Drawing 48.6 49 47 47 38 39 45 34 43 52 52 67 52 52 58 53

Visual Prompt
(Bahng et al., 2022)

IN-V2 50.1 52 50 50 42 34 49 40 43 44 50 70 51 54 60 61
IN-A 39.6 35 34 32 33 25 38 32 33 33 44 63 44 47 50 51
IN-R 44.2 44 43 42 38 30 41 34 37 42 45 65 43 48 53 56
IN-Sketch 47.2 47 46 45 42 31 45 39 39 42 49 67 49 51 57 59
ObjNet 29.5 25 24 23 26 18 27 22 23 23 31 53 31 37 39 41
IN-Cartoon 45.4 46 44 44 39 28 43 34 38 39 43 68 45 51 59 60
IN-Drawing 46.1 50 50 48 37 33 41 34 40 47 40 66 40 51 56 58

LoRA
(Hu et al., 2021)

IN-V2 58.9 59 57 57 54 43 60 48 52 54 63 76 65 60 68 68
IN-A 58.1 57 55 55 52 43 61 47 52 53 64 75 65 58 67 66
IN-R 55.1 56 54 55 48 44 55 42 48 53 58 72 57 55 64 65
IN-Sketch 53.5 53 52 51 46 41 52 40 49 51 59 70 57 53 64 64
ObjNet 53.4 53 51 51 46 38 55 41 46 46 60 72 59 55 63 65
IN-Cartoon 52.0 51 48 49 45 37 51 38 45 46 57 73 59 54 64 63
IN-Drawing 48.4 48 47 47 40 39 46 34 43 51 51 66 52 51 58 54

EWC
(Kirkpatrick et al., 2017)

IN-V2 53.9 53 52 52 47 41 52 37 45 50 61 72 60 55 65 65
IN-A 40.9 39 37 38 36 31 40 28 30 34 49 57 50 41 51 52
IN-R 52.5 51 50 50 45 45 50 38 48 52 57 69 57 53 60 63
IN-Sketch 38.8 41 40 40 25 22 31 23 44 45 55 47 41 36 44 49
ObjNet 44.7 42 40 40 40 34 46 32 35 39 50 64 51 45 55 57
IN-Cartoon 48.1 47 45 45 39 30 46 33 44 42 53 71 55 51 62 58
IN-Drawing 48.7 51 48 49 34 36 43 33 47 55 52 70 52 51 56 53

LwF
(Li & Hoiem, 2017)

IN-V2 30.2 28 26 26 19 25 23 21 19 26 32 46 33 38 44 46
IN-A 17.6 16 15 15 11 14 13 13 10 14 19 28 21 22 26 27
IN-R 30.1 26 25 24 22 26 26 22 21 30 30 46 33 35 41 42
IN-Sketch 15.3 17 16 16 6 8 9 8 11 17 17 27 18 16 19 27
ObjNet 23.1 22 20 20 16 20 21 18 11 17 24 36 26 28 34 34
IN-Cartoon 39.6 33 32 27 19 29 30 24 34 41 38 67 41 52 63 63
IN-Drawing 29.6 26 23 24 15 21 21 20 24 42 28 58 28 34 41 39

LP-FT
(Kumar et al., 2022)

IN-V2 26.0 23 22 22 14 20 21 18 17 23 29 41 30 33 38 40
IN-A 11.6 11 11 11 8 10 9 8 6 8 13 18 14 15 17 17
IN-R 25.7 24 23 22 19 22 22 18 17 26 27 40 28 29 34 36
IN-Sketch 12.3 14 13 13 5 6 7 6 8 14 13 23 15 12 15 21
ObjNet 16.3 15 13 13 11 15 15 13 8 14 17 25 19 19 25 23
IN-Cartoon 31.3 27 25 22 14 21 22 18 24 30 28 58 33 42 53 51
IN-Drawing 25.7 24 21 22 11 16 17 15 20 37 26 53 27 30 36 33

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 49.1 48 46 46 39 41 44 35 39 45 55 66 54 54 62 63
IN-A 43.3 43 41 42 35 36 38 30 30 36 50 60 50 47 55 57
IN-R 49.5 48 47 47 40 43 44 34 42 50 52 67 54 54 59 61
IN-Sketch 36.3 39 38 38 21 22 25 20 32 40 44 54 40 38 42 51
ObjNet 46.7 45 43 44 38 39 44 34 35 42 51 64 51 51 59 60
IN-Cartoon 50.8 48 46 45 35 38 43 33 47 49 55 74 55 60 68 67
IN-Drawing 46.9 48 43 47 28 34 35 29 47 57 51 73 48 50 56 56

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 50.2 51 49 50 39 42 44 35 42 46 55 67 54 56 62 63
IN-A 44.3 45 42 44 36 36 39 30 32 36 50 61 51 49 56 58
IN-R 51.8 51 50 50 43 45 46 36 46 52 54 69 55 56 61 63
IN-Sketch 37.2 41 40 40 22 22 26 20 34 42 46 54 39 39 42 52
ObjNet 48.7 48 46 47 40 41 46 35 38 43 52 66 52 53 61 62
IN-Cartoon 51.7 48 46 45 35 39 44 33 50 51 56 75 56 61 69 67
IN-Drawing 47.9 50 45 49 29 35 36 30 49 59 52 74 49 51 57 56
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Table 47: Accuracy of ImageNet-1K with AugReg pre-trained ViT-S/16 with with different fine-
tuning methods and downstream datasets on each ImageNet-C corruption. For each corruption,
accuracy is averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 53.2 54 52 52 46 37 50 42 48 52 58 73 53 55 63 63

FT

IN-V2 51.2 49 47 46 46 36 50 38 50 52 58 70 52 52 60 62
IN-A 44.1 43 40 40 42 31 44 31 42 43 47 62 44 44 51 57
IN-R 42.7 40 39 37 39 37 41 31 39 44 47 58 44 44 50 52
IN-Sketch 45.5 44 42 42 38 31 42 35 42 46 50 64 49 46 53 55
ObjNet 41.9 40 38 38 40 30 43 30 38 38 45 61 39 43 51 54
IN-Cartoon 44.4 44 42 41 36 28 41 28 41 40 46 71 46 47 58 54
IN-Drawing 46.0 45 43 43 34 36 43 33 44 51 49 69 44 48 57 53

Linear Probing

IN-V2 53.1 54 52 52 46 37 50 42 49 52 58 72 53 55 63 63
IN-A 53.0 53 51 51 46 37 51 42 49 51 59 72 53 55 62 62
IN-R 53.0 53 51 51 47 38 52 42 49 52 57 72 52 55 62 63
IN-Sketch 50.9 51 50 49 45 35 48 40 48 50 55 70 50 53 59 61
ObjNet 53.4 53 52 51 47 38 52 43 49 52 59 72 51 56 62 63
IN-Cartoon 52.6 53 51 51 45 37 49 41 47 50 56 74 52 55 63 64
IN-Drawing 54.3 55 53 52 46 39 51 42 53 57 58 74 51 58 63 65

Visual Prompt
(Bahng et al., 2022)

IN-V2 43.9 42 41 40 36 28 40 37 39 41 45 66 46 50 53 57
IN-A 32.1 26 25 22 27 18 30 25 29 29 37 55 35 39 38 45
IN-R 35.0 34 34 32 26 23 30 26 31 37 34 57 33 41 41 46
IN-Sketch 39.2 38 37 36 31 24 34 31 35 39 42 61 40 43 45 50
ObjNet 26.8 21 20 18 19 15 25 22 23 23 29 51 27 36 33 42
IN-Cartoon 36.0 33 32 31 28 20 32 29 30 31 35 63 34 44 48 50
IN-Drawing 40.7 41 39 39 30 28 35 31 36 45 37 62 38 46 50 51

LoRA
(Hu et al., 2021)

IN-V2 53.5 54 52 52 46 37 50 42 49 52 58 73 53 55 63 64
IN-A 53.5 54 52 52 47 38 52 43 49 52 57 73 51 56 62 63
IN-R 52.8 54 52 51 46 38 52 42 49 52 54 73 47 56 62 64
IN-Sketch 53.5 54 52 52 48 37 50 43 49 53 58 73 52 55 62 64
ObjNet 53.0 54 52 52 47 38 52 43 49 52 57 73 47 56 62 64
IN-Cartoon 51.3 52 50 50 45 37 48 40 46 50 53 72 49 53 62 62
IN-Drawing 54.6 55 54 53 46 38 51 41 52 58 60 73 54 56 63 64

EWC
(Kirkpatrick et al., 2017)

IN-V2 55.4 55 53 52 50 38 54 43 53 55 62 74 57 57 64 65
IN-A 51.4 49 46 46 49 34 52 39 49 52 57 71 56 50 58 63
IN-R 51.8 50 48 48 46 42 51 37 49 55 57 69 54 52 56 62
IN-Sketch 54.0 53 52 52 47 39 51 43 51 55 59 72 56 55 61 63
ObjNet 51.7 51 49 49 48 35 52 39 49 50 57 70 52 52 59 63
IN-Cartoon 49.1 49 47 47 42 32 46 35 44 46 54 71 51 51 61 60
IN-Drawing 53.2 54 52 52 44 37 50 39 51 58 58 71 55 54 62 62

LwF
(Li & Hoiem, 2017)

IN-V2 53.5 52 51 50 47 38 51 41 51 53 60 72 53 55 63 64
IN-A 51.7 50 48 48 47 37 51 39 49 51 57 71 54 53 60 62
IN-R 51.8 50 48 47 45 42 50 40 48 53 56 69 52 54 61 61
IN-Sketch 48.6 48 46 47 41 33 45 38 46 49 52 68 51 50 58 59
ObjNet 50.4 50 48 48 46 36 50 39 46 48 55 70 48 51 60 61
IN-Cartoon 52.6 53 51 50 44 36 50 38 49 49 56 77 52 56 64 63
IN-Drawing 50.8 49 47 47 41 38 50 38 47 54 55 74 48 52 63 60

LP-FT
(Kumar et al., 2022)

IN-V2 52.3 51 49 49 47 37 51 39 51 53 59 71 52 53 61 63
IN-A 48.6 47 44 44 46 34 49 36 46 49 52 68 51 48 57 59
IN-R 46.6 44 42 41 41 39 45 33 43 48 51 63 48 48 55 56
IN-Sketch 47.9 47 46 46 41 32 45 37 46 48 52 66 51 48 56 57
ObjNet 46.6 45 42 42 44 33 47 34 43 44 51 66 44 48 56 58
IN-Cartoon 47.2 47 45 44 38 31 44 32 44 44 50 73 48 50 61 57
IN-Drawing 48.2 47 44 45 37 37 45 34 46 53 52 71 48 50 60 55

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 55.0 55 53 53 48 39 52 42 53 55 61 74 56 56 64 65
IN-A 54.2 53 52 52 49 38 53 41 52 54 60 73 57 55 62 64
IN-R 55.3 54 52 52 49 43 52 42 53 57 61 72 57 56 63 64
IN-Sketch 53.6 54 53 53 45 37 49 42 52 55 58 72 56 54 62 63
ObjNet 53.5 54 52 52 48 37 52 41 50 51 59 72 53 55 63 64
IN-Cartoon 52.9 54 52 51 45 35 49 37 50 50 57 76 55 56 64 63
IN-Drawing 55.4 56 54 54 46 41 53 41 53 58 60 75 54 56 65 64

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 55.1 54 53 52 49 39 53 42 53 55 61 74 56 56 64 65
IN-A 53.9 53 51 51 49 37 53 41 52 54 59 72 57 54 62 64
IN-R 55.2 53 52 52 49 44 53 42 52 57 61 72 57 56 63 64
IN-Sketch 53.6 54 52 52 46 37 49 42 52 54 58 72 56 54 62 63
ObjNet 53.5 54 51 51 49 37 53 41 50 51 59 72 53 54 62 64
IN-Cartoon 52.7 53 51 51 45 35 49 38 49 50 57 75 54 55 64 63
IN-Drawing 55.1 55 54 54 46 40 53 41 53 58 59 75 54 56 65 63
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Table 48: Accuracy of ImageNet-21K with AugReg pre-trained ViT-S/16 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 58.0 58 56 56 54 43 59 48 55 55 60 75 56 59 69 68

FT

IN-V2 56.8 54 52 53 54 44 58 46 54 55 62 74 58 56 65 67
IN-A 52.7 49 47 48 51 39 55 43 51 50 57 69 54 51 63 64
IN-R 50.6 48 46 46 49 45 50 39 46 51 53 66 50 51 58 60
IN-Sketch 50.7 48 47 47 48 36 51 41 48 50 54 67 52 50 59 60
ObjNet 48.5 45 43 43 47 34 52 37 46 45 52 67 49 49 59 61
IN-Cartoon 52.2 51 48 49 50 34 56 40 50 45 53 74 53 53 64 63
IN-Drawing 52.8 46 43 44 50 41 55 42 51 57 57 73 53 54 64 61

Linear Probing

IN-V2 57.7 57 55 56 53 42 59 48 55 54 60 75 56 59 69 67
IN-A 57.2 56 54 55 53 42 59 47 55 54 60 74 57 58 68 66
IN-R 56.8 56 54 55 52 42 58 47 54 54 59 74 55 58 68 66
IN-Sketch 55.1 55 53 53 50 40 56 45 53 53 57 72 53 56 65 64
ObjNet 57.9 57 55 55 55 43 60 48 55 54 61 74 58 59 68 67
IN-Cartoon 59.3 58 56 57 54 42 61 49 56 55 63 79 59 60 71 70
IN-Drawing 60.0 59 57 58 55 44 61 48 58 60 64 77 58 61 71 69

Visual Prompt
(Bahng et al., 2022)

IN-V2 47.9 44 42 41 45 34 48 42 43 44 50 68 47 53 59 60
IN-A 39.6 34 32 30 38 26 41 34 36 35 43 59 40 44 49 54
IN-R 38.1 33 32 30 36 29 36 31 33 38 39 58 35 44 47 49
IN-Sketch 42.1 39 38 37 38 28 39 35 40 43 41 63 38 47 51 55
ObjNet 29.1 23 22 20 26 17 29 25 25 25 30 50 29 35 37 43
IN-Cartoon 39.7 35 33 32 37 24 40 34 35 32 38 64 37 47 56 53
IN-Drawing 41.0 40 39 38 35 29 37 32 36 44 40 62 31 46 54 52

LoRA
(Hu et al., 2021)

IN-V2 58.2 58 56 56 54 43 60 48 56 55 61 76 56 59 69 68
IN-A 58.9 58 56 56 56 44 61 49 56 55 62 76 59 60 69 68
IN-R 58.2 58 56 56 54 43 60 48 56 55 60 75 56 59 69 68
IN-Sketch 58.3 58 56 57 54 42 60 48 56 55 61 75 57 59 69 68
ObjNet 58.8 58 56 56 56 43 61 49 56 55 62 76 59 60 69 68
IN-Cartoon 57.7 57 55 56 53 42 59 47 55 54 60 75 57 59 69 68
IN-Drawing 59.0 58 57 57 55 43 60 48 57 59 62 76 58 60 69 68

EWC
(Kirkpatrick et al., 2017)

IN-V2 59.7 58 56 57 56 44 61 49 58 57 64 77 59 60 70 69
IN-A 58.0 56 54 54 56 42 60 48 56 55 62 74 59 56 68 68
IN-R 56.4 54 51 51 56 47 57 45 53 57 59 73 56 57 63 66
IN-Sketch 58.0 57 55 55 55 42 59 49 56 57 62 74 58 58 67 67
ObjNet 56.7 56 53 54 55 41 59 47 54 52 60 73 57 55 67 68
IN-Cartoon 55.2 53 50 52 52 38 58 44 53 50 59 74 57 56 67 65
IN-Drawing 58.1 56 55 55 53 43 59 46 56 60 63 75 58 58 67 66

LwF
(Li & Hoiem, 2017)

IN-V2 58.3 57 55 56 54 44 60 47 57 55 62 75 58 58 68 68
IN-A 57.8 56 54 55 54 44 59 47 56 55 61 75 57 58 68 67
IN-R 57.2 56 54 54 53 47 58 46 54 56 60 73 55 58 66 66
IN-Sketch 54.5 53 51 52 51 38 55 44 53 52 58 71 55 54 64 64
ObjNet 55.1 53 50 50 53 40 58 44 53 51 58 73 55 56 66 66
IN-Cartoon 60.0 59 57 57 56 44 62 48 57 55 62 81 60 62 72 70
IN-Drawing 57.8 55 52 53 54 44 60 46 55 59 60 78 55 58 71 68

LP-FT
(Kumar et al., 2022)

IN-V2 57.6 56 53 54 54 44 59 47 56 55 62 74 58 57 67 67
IN-A 56.0 53 51 52 53 42 58 46 54 54 60 72 58 55 66 65
IN-R 53.5 51 49 49 51 46 54 42 50 54 56 69 53 55 62 62
IN-Sketch 52.3 51 49 50 48 37 53 42 51 51 55 69 53 52 62 62
ObjNet 53.4 52 50 49 51 37 56 43 51 50 57 71 53 53 64 64
IN-Cartoon 56.0 55 52 53 52 38 59 44 54 50 57 77 57 57 68 66
IN-Drawing 55.5 50 48 49 52 43 58 43 54 58 60 75 55 56 68 63

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 59.3 58 56 57 55 44 61 49 58 57 63 76 59 60 69 69
IN-A 58.9 57 55 56 55 44 61 49 57 56 63 75 59 59 69 68
IN-R 59.6 58 56 56 56 49 60 49 57 59 63 75 59 60 68 68
IN-Sketch 58.0 57 55 56 54 42 58 47 57 57 61 74 59 58 67 67
ObjNet 57.6 56 54 55 54 42 60 47 56 54 61 75 57 58 68 67
IN-Cartoon 58.4 58 55 56 55 40 61 46 57 53 61 78 58 60 70 68
IN-Drawing 60.4 59 57 58 56 45 62 49 59 61 64 78 59 61 71 69

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 59.3 58 56 57 55 45 61 49 58 57 63 76 59 60 69 69
IN-A 58.9 57 55 56 56 44 61 49 57 56 63 75 59 59 69 68
IN-R 59.4 58 56 56 56 49 60 49 57 59 63 75 59 60 68 68
IN-Sketch 57.9 57 55 56 54 41 58 48 56 56 61 74 59 58 67 67
ObjNet 57.6 56 54 54 55 42 60 47 56 54 61 75 57 58 68 67
IN-Cartoon 58.6 58 55 56 55 41 61 47 56 53 61 78 59 60 70 69
IN-Drawing 60.2 59 57 58 56 44 62 49 58 61 63 78 59 60 71 69
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Table 49: Accuracy of ImageNet-21K with AugReg pre-trained ViT-S/32 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption. For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 52.0 54 53 53 47 40 51 39 43 47 50 69 48 56 65 64

FT

IN-V2 50.1 49 47 47 47 40 50 40 43 47 51 66 47 52 62 62
IN-A 44.0 43 41 41 44 37 46 34 34 39 43 59 42 44 56 56
IN-R 43.4 42 41 40 42 40 42 31 36 43 44 57 42 45 53 54
IN-Sketch 45.5 46 45 45 43 34 45 35 39 43 45 60 44 46 56 56
ObjNet 41.7 40 39 38 41 33 43 31 32 37 39 58 41 44 55 55
IN-Cartoon 45.2 46 44 43 41 30 45 31 38 38 41 68 44 48 63 57
IN-Drawing 46.9 48 45 45 42 37 45 32 41 50 44 65 43 49 60 55

Linear Probing

IN-V2 51.5 54 52 52 47 40 51 39 42 47 49 68 48 55 65 63
IN-A 50.4 52 51 51 46 39 50 38 41 46 48 66 48 54 63 61
IN-R 51.5 52 51 51 48 41 52 40 42 47 51 68 49 55 64 63
IN-Sketch 49.6 50 49 49 46 39 50 38 41 45 49 65 48 53 61 60
ObjNet 52.1 53 52 52 49 41 53 41 42 47 51 68 50 55 64 63
IN-Cartoon 53.5 55 54 54 49 41 53 41 43 47 52 73 51 57 68 66
IN-Drawing 53.6 55 54 54 48 42 52 40 45 52 52 71 49 58 66 65

Visual Prompt
(Bahng et al., 2022)

IN-V2 42.6 43 42 41 38 32 41 35 33 37 39 60 39 49 54 55
IN-A 23.2 18 17 16 21 17 23 18 16 20 25 38 22 30 32 34
IN-R 32.3 31 31 29 30 25 29 25 25 32 25 51 23 38 42 46
IN-Sketch 35.1 36 35 34 31 23 30 25 28 34 30 54 30 40 46 49
ObjNet 24.5 21 20 19 22 18 23 20 17 21 19 42 18 33 36 38
IN-Cartoon 36.0 37 35 34 32 23 33 27 27 30 28 58 27 44 53 52
IN-Drawing 36.6 40 39 39 29 28 31 26 28 39 27 55 27 42 49 48

LoRA
(Hu et al., 2021)

IN-V2 52.1 54 53 53 47 41 51 39 43 47 50 69 48 56 66 64
IN-A 53.1 54 53 53 50 42 54 41 43 48 52 70 52 56 66 64
IN-R 52.8 54 52 53 49 42 54 41 42 48 52 70 50 56 66 64
IN-Sketch 52.9 54 52 52 50 42 53 41 44 48 52 69 51 56 65 64
ObjNet 53.3 54 53 53 50 42 54 42 43 48 53 70 51 57 66 64
IN-Cartoon 51.4 53 52 52 47 41 51 39 42 47 48 69 46 55 65 64
IN-Drawing 52.3 54 53 52 47 41 51 39 45 51 51 69 48 56 64 63

EWC
(Kirkpatrick et al., 2017)

IN-V2 53.6 54 53 53 50 42 54 42 45 49 53 70 50 57 66 65
IN-A 50.2 49 48 47 50 42 53 40 41 45 49 66 49 51 61 62
IN-R 50.7 50 49 48 49 45 51 38 43 49 50 66 49 53 58 61
IN-Sketch 52.6 53 52 52 49 41 52 41 45 50 53 68 51 55 64 63
ObjNet 50.7 51 50 50 49 41 53 39 42 45 48 66 48 53 63 63
IN-Cartoon 48.8 50 48 48 44 35 49 35 40 43 47 68 47 52 64 61
IN-Drawing 52.3 53 52 52 46 41 52 37 46 54 52 68 50 55 64 62

LwF
(Li & Hoiem, 2017)

IN-V2 51.8 53 51 51 47 41 51 40 44 48 51 68 48 55 65 64
IN-A 50.8 51 50 50 47 40 52 40 41 46 50 67 48 53 64 63
IN-R 50.9 51 50 49 47 43 50 38 43 49 51 66 48 54 63 62
IN-Sketch 48.9 51 50 49 45 37 49 39 41 46 47 64 46 51 61 60
ObjNet 48.2 48 46 46 47 37 49 37 38 43 47 65 46 50 61 61
IN-Cartoon 53.7 55 53 53 49 41 54 39 44 48 50 74 50 58 70 67
IN-Drawing 52.1 54 51 51 48 41 52 38 44 53 48 71 45 54 67 64

LP-FT
(Kumar et al., 2022)

IN-V2 50.7 51 49 49 47 40 50 40 43 47 50 67 48 53 63 62
IN-A 48.2 48 46 46 46 39 49 38 40 44 48 64 47 49 60 59
IN-R 47.5 46 45 44 45 42 47 35 40 46 47 63 45 50 58 57
IN-Sketch 46.9 48 47 46 44 36 47 37 40 44 46 61 45 48 58 57
ObjNet 47.0 47 45 45 46 36 49 37 37 42 45 63 45 49 60 60
IN-Cartoon 50.1 51 49 48 46 35 51 36 41 43 47 72 48 53 68 62
IN-Drawing 50.3 52 50 50 45 40 49 35 44 52 47 68 45 52 64 60

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 53.1 54 52 52 49 42 53 41 45 49 53 70 50 56 66 65
IN-A 52.8 53 52 52 50 42 54 41 44 49 53 69 50 55 65 64
IN-R 53.3 53 52 52 50 45 53 40 46 51 54 69 51 56 64 64
IN-Sketch 52.1 54 53 53 48 40 51 40 45 49 51 68 50 54 64 63
ObjNet 51.8 52 51 51 48 40 52 40 43 47 51 68 49 55 65 64
IN-Cartoon 51.8 53 52 51 47 37 52 37 43 46 50 72 50 55 68 64
IN-Drawing 54.3 57 55 55 48 42 54 39 47 54 53 72 51 57 68 65

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 53.1 54 52 52 49 42 53 41 45 49 52 70 50 56 66 65
IN-A 52.5 53 51 51 50 42 54 41 44 48 52 68 50 55 65 64
IN-R 53.2 53 52 52 50 45 53 40 45 51 54 69 51 56 64 64
IN-Sketch 52.2 54 53 53 48 40 51 40 45 49 51 68 50 54 64 63
ObjNet 51.7 52 51 51 49 40 53 40 43 47 50 68 49 54 65 64
IN-Cartoon 52.0 54 52 52 47 38 52 37 43 46 50 72 50 55 68 64
IN-Drawing 54.2 57 55 55 48 42 53 39 47 54 52 72 50 57 68 65
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Table 50: Accuracy of ImageNet-21K with AugReg pre-trained ViT-L/16 with different fine-tuning
methods and downstream datasets on each ImageNet-C corruption For each corruption, accuracy is
averaged across 5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 72.2 73 73 73 69 62 73 67 72 69 73 82 70 71 79 78

FT

IN-V2 71.0 72 71 72 67 62 71 64 70 70 72 81 69 69 79 78
IN-A 70.4 72 71 71 67 61 71 64 70 69 71 80 68 68 78 77
IN-R 65.4 68 67 67 61 61 64 55 61 64 65 76 60 64 74 74
IN-Sketch 67.6 69 68 68 65 58 67 61 67 66 68 78 64 65 75 74
ObjNet 68.4 70 69 69 65 60 68 59 68 67 67 79 63 67 78 77
IN-Cartoon 72.6 74 72 73 67 59 73 63 73 70 73 89 68 72 83 81
IN-Drawing 74.7 77 75 76 69 67 74 63 74 77 75 87 67 73 85 81

Linear Probing

IN-V2 71.4 72 72 71 68 61 72 66 72 69 72 81 69 70 78 77
IN-A 71.4 72 72 71 68 61 72 66 71 69 72 81 70 70 78 77
IN-R 69.8 70 70 69 67 60 70 64 70 67 71 80 68 69 77 76
IN-Sketch 68.4 69 68 68 66 59 69 63 68 66 69 78 66 67 75 74
ObjNet 71.5 72 71 71 69 62 72 66 71 68 73 81 70 70 78 77
IN-Cartoon 76.5 77 76 76 73 65 77 71 76 72 77 88 75 75 85 83
IN-Drawing 76.0 77 76 76 73 66 76 70 76 75 77 86 74 75 83 81

Visual Prompt
(Bahng et al., 2022)

IN-V2 57.4 52 51 50 53 44 56 54 56 56 62 75 55 61 70 69
IN-A 50.5 42 41 39 45 36 50 48 50 49 56 71 48 55 65 63
IN-R 50.3 47 47 45 45 38 47 45 48 51 51 69 45 53 62 62
IN-Sketch 48.6 46 45 43 42 38 44 43 46 49 48 67 39 52 63 62
ObjNet 47.7 38 37 35 43 32 46 44 47 46 53 70 45 53 63 62
IN-Cartoon 55.8 50 49 48 51 42 54 52 55 53 57 75 51 60 71 68
IN-Drawing 52.2 50 49 48 47 43 48 45 49 55 51 70 43 56 66 64

LoRA
(Hu et al., 2021)

IN-V2 72.3 73 73 73 69 62 73 67 72 70 73 82 70 71 79 78
IN-A 72.9 73 73 73 71 63 74 68 72 70 75 82 71 72 79 78
IN-R 72.6 73 73 73 70 63 73 67 72 69 74 82 70 72 79 78
IN-Sketch 72.5 74 73 73 70 63 73 67 72 70 74 82 69 72 79 78
ObjNet 72.9 73 73 73 71 64 74 68 73 70 75 82 71 72 80 78
IN-Cartoon 72.5 73 73 72 70 63 73 67 72 69 74 82 69 71 79 78
IN-Drawing 73.0 74 73 73 71 64 74 68 73 71 74 82 71 72 79 78

EWC
(Kirkpatrick et al., 2017)

IN-V2 71.0 74 74 74 65 64 70 63 68 69 68 81 66 70 80 78
IN-A 72.0 73 72 72 68 63 73 66 72 69 73 82 70 70 80 78
IN-R 72.0 72 71 71 70 65 72 65 72 71 73 82 70 70 78 78
IN-Sketch 72.4 73 73 72 70 63 72 67 72 71 73 82 70 71 79 78
ObjNet 71.2 72 71 70 68 62 72 63 72 70 72 81 70 69 79 78
IN-Cartoon 71.8 72 71 71 69 60 73 66 72 68 73 83 70 71 79 78
IN-Drawing 73.5 75 74 74 70 63 74 66 74 74 75 83 72 72 80 78

LwF
(Li & Hoiem, 2017)

IN-V2 71.3 74 74 74 66 63 71 65 69 68 71 81 66 71 79 78
IN-A 72.0 74 73 73 68 63 72 66 72 69 72 82 68 71 79 78
IN-R 71.4 73 72 72 67 64 71 64 70 70 72 81 67 71 78 78
IN-Sketch 70.2 71 71 71 67 61 70 64 70 68 70 80 67 69 77 77
ObjNet 71.5 73 72 72 68 62 72 65 71 69 72 82 68 70 79 78
IN-Cartoon 75.5 79 78 78 70 66 75 65 73 72 71 91 61 78 89 86
IN-Drawing 76.6 79 77 78 69 71 75 66 76 79 73 90 69 77 88 84

LP-FT
(Kumar et al., 2022)

IN-V2 71.4 73 73 72 67 62 71 65 72 70 71 81 67 70 79 78
IN-A 53.7 56 55 55 49 46 53 46 52 50 54 63 51 52 63 62
IN-R 49.4 51 51 50 46 44 48 39 47 49 49 59 45 48 58 57
IN-Sketch 67.8 68 68 68 66 58 68 62 67 66 68 77 65 66 75 74
ObjNet 70.6 71 70 70 68 61 71 63 70 68 72 80 68 69 78 76
IN-Cartoon 77.0 78 77 77 72 64 77 69 77 74 78 90 74 76 86 85
IN-Drawing 77.5 80 79 79 73 68 77 69 78 78 78 88 70 76 86 83

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 73.5 74 74 74 71 64 74 68 74 72 75 83 72 72 80 79
IN-A 71.5 73 72 72 67 62 72 66 72 69 72 81 69 70 78 77
IN-R 73.0 74 74 73 70 66 73 65 72 72 74 82 70 72 80 79
IN-Sketch 72.1 73 73 73 69 62 72 66 72 71 73 82 69 71 79 78
ObjNet 72.6 74 73 73 70 63 73 66 73 71 73 82 70 72 80 78
IN-Cartoon 75.6 77 76 76 72 63 76 69 76 72 77 87 73 74 83 82
IN-Drawing 76.8 78 77 78 73 67 77 69 77 77 77 87 73 75 84 82

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 73.4 75 75 74 69 64 74 67 73 72 74 83 71 72 80 79
IN-A 72.7 74 73 73 69 63 73 67 73 70 73 82 71 71 79 78
IN-R 73.3 74 74 74 70 67 73 66 72 72 74 82 71 72 80 79
IN-Sketch 72.3 73 73 73 69 63 72 66 73 71 73 82 70 71 79 78
ObjNet 72.7 74 73 73 70 63 73 66 73 71 74 82 70 71 79 78
IN-Cartoon 75.8 77 76 76 73 64 76 69 76 72 77 88 72 75 84 83
IN-Drawing 77.4 79 79 79 74 68 78 69 77 77 78 87 73 76 85 83
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Table 51: Accuracy of ImageNet-1K pre-trained ResNet-50 with different fine-tuning methods and
downstream datasets on each ImageNet-C corruption For each corruption, accuracy is averaged across
5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 31.7 23 21 18 28 23 30 30 24 28 34 59 31 40 42 46

FT

IN-V2 29.9 21 20 16 26 22 27 26 25 28 31 56 27 37 41 46
IN-A 19.9 13 13 10 16 14 17 14 16 18 23 39 20 24 30 31
IN-R 25.6 21 21 17 20 21 22 20 21 26 26 45 22 30 35 37
IN-Sketch 19.2 16 15 13 11 12 14 12 17 22 20 37 18 21 28 32
ObjNet 20.8 14 14 11 17 12 21 21 15 18 27 42 20 26 27 28
IN-Cartoon 20.0 13 12 10 13 11 16 14 14 16 21 50 23 25 34 29
IN-Drawing 15.1 16 15 11 4 9 9 8 14 24 8 41 6 18 19 22

Linear Probing

IN-V2 29.8 23 22 18 25 23 27 26 23 27 28 56 25 39 41 45
IN-A 28.7 23 21 18 23 21 25 23 23 28 30 53 26 36 39 42
IN-R 25.9 19 18 15 19 19 22 22 20 24 23 53 22 36 36 39
IN-Sketch 1.7 0 0 0 1 1 1 1 3 2 4 2 3 2 3 2
ObjNet 25.0 16 15 13 21 16 25 25 18 21 34 49 27 33 30 33
IN-Cartoon 21.8 13 12 10 17 15 20 19 15 17 21 49 22 31 32 34
IN-Drawing 11.4 14 13 9 3 6 5 5 10 19 7 32 7 12 14 16

Visual Prompt
(Bahng et al., 2022)

IN-V2 21.4 18 16 14 13 13 18 20 17 19 17 45 15 29 32 35
IN-A 7.3 5 5 4 3 3 5 7 6 6 5 22 4 11 12 13
IN-R 16.6 13 12 10 9 9 13 15 14 15 13 38 12 23 25 27
IN-Sketch 17.1 13 12 10 9 9 13 16 15 17 15 40 14 22 25 27
ObjNet 12.9 8 8 6 7 7 10 14 11 11 12 31 10 19 18 21
IN-Cartoon 17.8 12 11 10 11 10 14 16 13 14 16 41 15 24 29 30
IN-Drawing 17.3 14 13 10 8 9 12 14 16 18 14 40 13 23 26 29

EWC
(Kirkpatrick et al., 2017)

IN-V2 31.5 25 23 19 27 23 29 28 25 29 31 58 26 40 43 47
IN-A 22.0 18 17 14 16 14 18 16 17 20 24 42 18 27 33 35
IN-R 29.0 23 22 19 23 23 26 26 22 27 27 54 24 37 38 42
IN-Sketch 13.3 6 6 3 9 10 10 10 17 15 21 18 17 17 20 19
ObjNet 24.9 17 17 13 21 16 25 26 19 20 32 49 23 33 30 34
IN-Cartoon 20.7 12 11 9 16 13 19 17 14 16 20 47 22 28 33 33
IN-Drawing 12.0 16 15 11 3 6 6 5 12 21 6 34 5 12 14 17

LwF
(Li & Hoiem, 2017)

IN-V2 31.0 22 20 16 27 23 28 27 26 29 33 57 29 39 43 47
IN-A 26.7 19 18 15 22 19 23 21 22 25 31 50 26 32 37 39
IN-R 30.3 24 23 20 25 24 27 26 24 29 32 53 28 36 41 43
IN-Sketch 21.8 17 16 13 14 14 17 15 18 23 24 41 21 25 32 36
ObjNet 25.6 17 16 13 22 17 25 25 20 22 32 49 25 31 33 35
IN-Cartoon 29.0 19 18 14 22 20 25 24 21 25 31 61 31 37 44 43
IN-Drawing 20.8 20 18 14 9 13 15 14 19 29 14 52 10 25 28 32

LP-FT
(Kumar et al., 2022)

IN-V2 29.8 21 20 16 26 22 27 26 25 28 31 56 27 37 41 46
IN-A 22.6 15 14 12 19 17 20 17 18 21 26 44 22 28 31 34
IN-R 27.5 23 22 18 22 23 23 22 23 28 29 48 24 32 37 39
IN-Sketch 17.5 13 12 11 11 12 12 11 17 19 20 32 17 20 26 29
ObjNet 22.2 15 15 11 18 14 22 23 17 19 29 44 21 28 28 30
IN-Cartoon 19.7 13 12 10 13 10 16 14 14 16 20 49 22 25 32 28
IN-Drawing 14.5 16 15 12 4 8 8 8 13 24 8 40 6 17 18 21

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 32.3 23 21 18 29 24 30 29 26 30 34 59 30 40 44 48
IN-A 30.7 22 21 18 27 22 27 26 24 28 35 56 31 37 42 45
IN-R 33.6 27 26 22 29 26 30 29 27 33 36 57 31 39 44 47
IN-Sketch 29.8 24 22 19 22 21 25 23 24 30 32 55 29 35 42 46
ObjNet 30.4 22 21 18 26 20 29 30 23 26 36 56 30 37 39 43
IN-Cartoon 28.8 19 17 15 22 18 25 23 22 25 32 60 31 37 43 43
IN-Drawing 28.8 25 23 19 18 20 23 23 24 32 28 59 23 35 40 42

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 32.2 23 22 18 29 24 29 29 26 29 34 59 29 40 44 48
IN-A 29.2 22 20 17 25 20 26 23 23 26 33 54 28 35 41 43
IN-R 32.9 27 26 22 28 26 29 28 26 32 34 57 30 39 43 47
IN-Sketch 28.2 22 21 17 21 20 23 22 24 29 30 52 27 33 40 43
ObjNet 29.3 21 20 17 26 19 29 29 23 25 36 54 29 36 37 40
IN-Cartoon 27.5 18 17 14 22 18 24 22 20 23 29 58 29 36 42 41
IN-Drawing 24.2 25 23 18 12 15 17 17 21 31 19 53 15 29 32 36
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Table 52: Accuracy of ImageNet-1K pre-trained ResNet-50 with different fine-tuning methods and
downstream datasets on each ImageNet-C corruption For each corruption, accuracy is averaged across
5 levels of severity.

Dataset Method Avg.
Noise Blur Weather Digital

Gauss. Shot Im-
pulse

Defo-
cus

Glass Mo-
tion

Zoom Snow Frost Fog Bright Con-
trast

Elas-
tic

Pixel JPEG

Pre-Trained 46.6 41 39 36 41 27 42 43 40 45 58 71 57 47 50 59

FT

IN-V2 47.0 41 40 36 40 28 43 42 42 48 59 72 55 47 51 62
IN-A 46.3 43 42 40 40 27 41 39 44 47 58 68 56 44 48 58
IN-R 43.7 40 39 36 34 33 38 36 39 48 52 65 48 45 48 55
IN-Sketch 23.3 20 19 16 13 11 17 16 26 28 33 41 23 22 29 35
ObjNet 41.8 35 34 31 38 24 41 40 35 40 55 65 52 41 43 52
IN-Cartoon 31.9 28 26 24 26 15 27 24 24 28 36 62 42 33 41 43
IN-Drawing 16.3 24 18 20 2 4 5 5 24 37 8 49 7 12 11 17

Linear Probing

IN-V2 45.6 42 40 38 36 28 42 40 40 47 52 70 57 46 49 57
IN-A 45.4 45 44 42 35 28 39 37 41 48 53 67 54 44 47 55
IN-R 40.6 35 32 30 33 27 36 37 35 39 47 67 50 47 43 51
IN-Sketch 2.8 1 1 0 1 1 2 2 5 4 8 3 4 2 3 4
ObjNet 39.4 32 30 29 36 23 39 38 33 38 53 64 51 39 39 48
IN-Cartoon 35.6 30 25 25 29 22 31 29 29 34 41 65 44 41 44 47
IN-Drawing 8.8 17 9 15 0 0 0 0 21 32 1 29 1 1 2 3

Visual Prompt
(Bahng et al., 2022)

IN-V2 36.4 31 30 26 28 20 32 36 31 34 44 63 42 40 40 49
IN-A 32.8 27 26 23 22 16 28 31 29 31 42 59 39 37 38 46
IN-R 32.8 26 25 22 24 17 29 32 28 31 41 59 40 37 37 45
IN-Sketch 33.0 27 26 22 24 16 29 33 28 31 41 59 40 36 37 45
ObjNet 33.1 27 25 22 24 17 29 34 28 31 42 59 39 37 36 45
IN-Cartoon 34.5 29 27 23 26 18 30 34 30 32 43 61 41 39 39 47
IN-Drawing 35.1 30 29 25 24 18 29 33 31 36 43 61 41 39 40 48

EWC
(Kirkpatrick et al., 2017)

IN-V2 46.0 41 39 36 38 28 43 41 40 46 56 71 54 47 50 59
IN-A 46.8 44 43 41 38 29 42 40 43 48 58 70 53 46 49 58
IN-R 42.9 37 35 33 34 28 39 39 38 42 50 68 50 47 47 54
IN-Sketch 13.2 6 5 3 7 8 10 10 24 22 21 21 12 15 17 18
ObjNet 41.3 34 33 30 37 24 40 40 35 38 55 66 53 42 41 51
IN-Cartoon 33.1 25 22 21 28 19 30 27 25 30 40 63 42 38 43 46
IN-Drawing 7.5 10 7 10 0 0 0 0 21 31 0 26 0 1 1 2

LwF
(Li & Hoiem, 2017)

IN-V2 47.5 42 41 37 41 28 43 42 43 48 59 72 56 47 52 63
IN-A 46.8 43 42 40 40 28 42 40 44 47 59 69 57 44 49 58
IN-R 44.9 41 41 37 36 34 39 37 40 48 53 66 50 46 49 56
IN-Sketch 21.4 18 17 14 13 10 15 15 26 27 32 36 19 20 27 32
ObjNet 43.1 37 36 32 39 25 42 41 37 41 56 67 54 42 45 54
IN-Cartoon 34.6 30 28 25 28 17 30 27 27 31 39 65 44 36 44 47
IN-Drawing 12.3 20 13 18 1 2 2 2 25 38 4 42 4 5 5 7

LP-FT
(Kumar et al., 2022)

IN-V2 47.1 42 40 37 40 28 43 42 42 48 59 71 55 47 51 62
IN-A 46.4 43 42 39 39 28 42 40 44 48 58 69 56 45 48 58
IN-R 44.2 40 40 36 35 34 38 37 40 48 52 66 48 46 49 55
IN-Sketch 24.2 21 19 17 15 13 18 19 27 29 32 41 23 23 30 35
ObjNet 41.8 35 34 31 38 24 41 40 35 40 55 66 52 41 43 52
IN-Cartoon 32.2 29 27 25 26 15 28 24 24 28 36 62 42 33 41 43
IN-Drawing 16.7 26 21 22 1 4 6 5 23 37 7 48 5 14 13 19

WiSE-FT
(Wortsman et al., 2022b)

IN-V2 48.1 42 40 37 42 28 43 43 42 48 60 73 59 48 53 63
IN-A 48.9 44 43 40 43 29 43 44 45 48 61 72 60 48 52 61
IN-R 49.3 45 44 41 43 34 43 43 43 50 59 72 57 50 53 62
IN-Sketch 41.5 40 40 37 33 26 37 37 36 40 48 66 41 42 47 55
ObjNet 46.8 41 40 36 43 27 44 44 40 45 59 71 58 46 50 59
IN-Cartoon 42.8 37 35 32 37 22 38 35 37 40 51 72 53 46 50 57
IN-Drawing 41.8 42 39 38 25 22 34 32 39 48 50 71 48 42 45 53

Model Soup
PRE-FT-EWC-LwF

(Wortsman et al., 2022a)

IN-V2 48.0 42 40 37 42 28 43 43 43 48 60 73 59 48 52 63
IN-A 48.9 45 44 41 42 29 44 43 45 49 61 71 60 47 51 61
IN-R 48.4 44 43 40 41 34 42 42 43 49 58 71 55 50 52 60
IN-Sketch 38.7 36 35 33 29 22 32 33 37 40 46 63 37 39 45 52
ObjNet 45.7 39 38 35 41 26 44 44 39 44 59 70 57 45 48 57
IN-Cartoon 39.5 34 31 29 34 21 35 32 32 36 46 69 49 43 48 53
IN-Drawing 28.9 38 32 34 6 11 14 13 35 46 29 64 24 26 26 35
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