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Abstract

Recent research has shown that the ImageNet-1K dataset is
biased and inaccurate in a variety of ways in how it rep-
resents wildlife. Even so, pretraining on ImageNet con-
sistently improves performance for downstream applica-
tions such as species classification. To investigate why this
occurs, we consider the effect that pretraining on differ-
ent kinds of data has on identification of different types
of animals. We first evaluate whether pretraining on Im-
ageNet helps more for species that are well-represented in
the dataset than for those that poorly represented or mis-
represented. Surprisingly, we find no appreciable difference
between performance on these two groups, suggesting that
the effectiveness of ImageNet pretraining is largely a result
of domain-agnostic features and is relatively unaffected by
the identity of individual species or even entire taxonomic
groups. To further explore this conclusion, we consider the
effect of pretraining on different subsets of ImageNet, find-
ing that while the animal-related images have the most ben-
efit for downstream animal recognition tasks, the effect is
not sensitive to taxonomic groups, and non-animal images
also provide significant benefit. Our work helps explain why
ImageNet, despite its problems, remains useful for pretrain-
ing while also signaling the value of large-scale pretraining
datasets that are specialized to the target downstream task.

1. Introduction

Across a wide variety of computer vision tasks and do-
mains, it is extremely common for practitioners to pretrain
models on the ImageNet-1K dataset [8], or to initialize their
models with easily obtainable weights that have already
been trained on ImageNet. For instance, Van Horn et al.
[33] introduce iNaturalist2021 and iNaturalistMini and find
that using pretrained ImageNet weights significantly im-
proves model performance, while Orsic et al. [22] use Ima-
geNet pretraining to create a lightweight neural network ar-
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chitecture for real-time semantic segmentation of road im-
ages for autonomous vehicles. Using ImageNet as a starting
point is often tacitly assumed, as doing so frequently im-
proves performance on a downstream task by at least a few
percentage points. Indeed, even for tasks that are seemingly
unrelated to the images present in ImageNet, pretraining on
ImageNet can improve results. For example, in the context
of remote sensing, ImageNet pretraining has been shown
to improve classification results by convolutional networks
[20] and leveraged for Vision Transformers [2]. In health-
care contexts, Xie and Richmond [35] show that pretrain-
ing on a grayscale version of ImageNet can improve perfor-
mance for disease classification using X-ray images.

Notably, ImageNet pretraining has been widely used in
the domain in biodiversity [6, 28, 33], where computer
vision algorithms for recognition of animals have found
widespread adoption in monitoring threatened species [7],
invasive species [12], understudied taxonomic groups [27],
and impacts of human activities on wildlife [11]. Pretrain-
ing data can be especially important in this domain due to
the limited and long-tailed nature of biodiversity datasets
[32], which can arise from the wide variety of possible
species, the inherent rarity and difficulty in sampling certain
species, and the expert knowledge required for annotation.

However, it has been observed that ImageNet in fact
contains a plethora of mistakes and biases in how it rep-
resents wildlife [19, 31], arising from its annotations be-
ing provided by members of the public with limited domain
expertise. In this work, we investigate why, despite such
significant problems, ImageNet pretraining helps improve
performance on downstream animal classification tasks. To
isolate the effects of animal representation during pretrain-
ing, we pretrain ResNet50 networks [13] on a variety of
ImageNet subsets and evaluate the impact on subsets of the
iNaturalist dataset [32], which unlike ImageNet was curated
by expert naturalists. We consider the differential impacts
on species well-represented by ImageNet, species poorly
represented by ImageNet, and groups of species as a whole.

Our main contributions may be summarized as follows:
• We find that the value to pretraining on ImageNet for clas-

sification of iNaturalist images does not appear linked
to how well- or misrepresented a species or taxonomic
group is within the ImageNet dataset. This suggests that
the effect of ImageNet pretraining is largely independent



Figure 1. Figure illustrating “pretraining gain” – the difference
in model performance between a model pretrained on ImageNet
and finetuned on iNat-Mini-A, and a model that is trained on iNat-
Mini-A from random initialization. Red points and blue points in-
dicate bird species that have 0 samples and 40+ samples in the cor-
rected version of the ImageNet validation set respectively (serving
as a proxy for abundant data in the larger training set, for which
corrected labels were not available).

of the exact species used in pretraining.
• We find that the biodiversity-related images within Ima-

geNet confer especially high value during pretraining as
measured by downstream performance on wildlife recog-
nition, but that other images are also valuable, confirming
that the value of pretraining is not closely tied to domain.

• Our results suggest that the benefits of pretraining are
not “maxed out” by ImageNet-1k – additional data on
wildlife-related images could likely further benefit down-
stream performance on wildlife recognition tasks.
Our experiments and analysis highlight why pretraining

on ImageNet, despite its issues, is consistently beneficial
for finetuned model performance. In most practical appli-
cations where models are trained on ImageNet, it is likely
that the finetuning data is dissimilar enough to ImageNet in
how it represents relevant data (i.e., animals) that the benefit
of pretraining largely comes from the learning of high-level
image features that are not specific to the downstream task.

2. Performance on Individual Taxa
We know that ImageNet is incomplete and often erroneous
in how it represents biodiversity [19, 31] and yet, pre-
training on ImageNet significantly benefits performance on
downstream tasks like animal species classification [33].
We consider the possibility that ImageNet pretraining leads
to smaller improvements in performance compared to train-
ing from scratch when the animal species present in the fine-
tuning dataset is poorly represented in ImageNet.

To answer this question, we pretrain a ResNet50 model
on ImageNet and finetune it on iNat-Mini-A, and compare
its performance to that of a ResNet50 that was trained from
scratch on iNat-Mini-A. In particular, we consider the dif-
ference in classwise performance between the two settings
on various bird species present in iNat-Mini-A. We restrict

Figure 2. Figure comparing the supercategory level performance
between an ImageNet pretrained model finetuned on iNat-Mini-
A, and a model trained from scratch on iNat-Mini-A. Note that
the superclass Animalia consists of all animal species that do not
cleanly fall into one of the other superclasses (e.g. corals).

ourselves to bird species, since a thorough analysis of the
data corresponding to birds in the ImageNet validation set
performed by Luccioni and Rolnick [19] allows us to better
understand the impact of existing errors in the pretraining
data. With the help of experts in bird classification, Luc-
cioni and Rolnick [19] re-annotated all 2850 images from
the 57 classes of birds in the ImageNet validation set, high-
lighting several of its representational issues. To address
the aforementioned question, we obtain these annotations
from the authors of Luccioni and Rolnick [19], using it as
a proxy for the true representation of different bird species
in the (larger) ImageNet training set. Given this true rep-
resentation, we check whether bird species that are well-
represented in ImageNet show better performance improve-
ments than average after finetuning.

We filter out bird species that are well represented in Im-
ageNet (40+ samples in the ImageNet validation set after
correction) and are present in iNat-Mini-A through one or
more class labels.1 We also filter out species that are not
at all represented in ImageNet, i.e. they (ideally) have 0
samples in ImageNet.

The results of this experiment are illustrated in Figure 1.
Each point on the plot is a bird species that is very well-
represented (blue) or is not at all represented (red) in the
corrected ImageNet validation set. We divide species based
on the family it belongs to, and choose families of birds
where at least one species from the family is present in Im-
ageNet. This allows us to observe if the presence of a partic-
ular species helps with the performance of only that species
or other birds in the family as well, as well as to control
for family-specific differences in difficulty of identification.
We find that pretraining improves performance on a major-
ity of bird species, with no strong correlation between an

1As noted by Luccioni and Rolnick [19], an ImageNet label can often
correspond to multiple iNat-Mini-A labels (e.g. “kite” refers to multiple
species of bird and indeed the class includes multiple species).



Figure 3. Validation accuracy after finetuning on iNat-Mini-A vs.
the number of ImageNet classes used for pretraining, for different
ImageNet subsets.

increase or decrease in finetuned model performance and
how well represented a species is in ImageNet.

We next consider broader taxonomic groups, and ask
the same question with respect to animal supercategories
present in iNat-Mini-A. For instance, 127 classes in Im-
ageNet are dedicated to domestic animals, most of which
are dogs and cats. Does ImageNet pretraining yield greater
performance improvement for the supercategory of mam-
mals in iNat-Mini-A, compared to other types of animals?
We find that this is in fact not the case. In Figure 2, we
plot the validation performance of an ImageNet pretrained
model after being finetuned on iNat-Mini-A, along with the
performance of a model trained from scratch on iNat-Mini-
A. We find no bias toward specific supercategories in how
much performance improves due to pretraining – instead,
performance improves uniformly across supercategories.

3. The Effect of Specialized Pretraining Data

To understand the effect of the pretraining data composition
on downstream performance, we consider subsets of Ima-
geNet that have vastly different compositions. We consider
ImageNet-A, ImageNet-R, and ImageNet-NA, which cor-
respond to animal-only, random, and non-animal classes in
ImageNet – more details are provided in Appendix D.1.

3.1. Finetuning on iNat-Mini-A
We pretrain ResNet50 networks on different subsets of Im-
ageNet and finetune the resulting networks on INatMini-A.
The finetuned networks are then evaluated on INatMini-A-
val, the subset of the validation set which corresponds to
animals, the results of which are illustrated in Figure 3.
We find that pretraining on the entirety of ImageNet is,

by far, the most effective option for maximizing accuracy,
while pretraining on a sufficiently large set of “irrelevant”
or random data is still better than no pretraining at all.
However, pretraining on ImageNet-A is the most sample-
efficient option, and performs comparably to pretraining
on ImageNet-NA. Furthermore, pretraining on ImageNet-
A-k consistently outperforms pretraining on ImageNet-R-k
or ImageNet-NA-k across different values of k. We also
consider how much pretraining on different subsets of Im-
ageNet improves downstream performance, when they are
similarly sized. Pretraining on ImageNet-R-398 performs
significantly worse than pretraining on ImageNet-A, sug-
gesting that ImageNet-A might be relying on features that
are more specialized toward classifying animal species. On
the other hand, pretraining on ImageNet-R-k performs very
similarly to pretraining on ImageNet-NA-k. Note that this
is despite ImageNet-R-k, on average, containing ≈ 0.4× k
classes that correspond to animals. This implies that the
models resulting from pretraining on ImageNet-R-k and
ImageNet-NA-k are utilizing similar, low-level features de-
spite the presence of a significant number of classes that
correspond to animals in ImageNet-R-k.

Put concisely, when the pretraining data is largely het-
erogeneous, finetuned models depend on general, low-level
features even if a subset of the pretraining data is highly
relevant to finetuning. On the other hand, when the pre-
training data is homogeneous and relevant to finetuning,
finetuned models leverage features specialized to the down-
stream task. Even when the pretraining data is completely
“irrelevant”, general features can be learned from it and is
better than no pretraining and training from scratch. In fact,
Figure 3 suggests that the performance gain due to pretrain-
ing on the entirety of ImageNet is due to these general fea-
tures, and that the animal data present in ImageNet is al-
most irrelevant to its usefulness. The caveat, however, is
that a sufficiently large amount of pretraining data must be
used to observe a meaningful improvement in downstream
performance through pretraining.

3.2. Finetuning on ImageNet-A

In Figure 5, we illustrate the differences in how ImageNet
and iNaturalist represent animals. How much do such repre-
sentational differences affect the benefits of pretraining? To
understand this, we seek to minimize the representational
difference between the pretraining and finetuning dataset.
We finetune networks pretrained on different subsets of Im-
ageNet on ImageNet-A, and repeat our analysis from Sec-
tion 3.1. The results are illustrated in Figure 4.

Some observations from 3.1 still hold – pretraining on
the entirety of ImageNet remains the most effective choice
for maximizing accuracy, while pretraining on ImageNet-A
is still the most sample-efficient option. However, there are
also some significant differences. Pretraining on ImageNet-



Figure 4. Accuracy on the animal-only subset of ImagenNet’s val-
idation set after finetuning on ImageNet-A vs. the number of Ima-
geNet classes used for pretraining, for different ImageNet subsets.

NA results performs significantly worse than pretraining on
an equivalent number of ImageNet-R classes – unlike with
iNat-Mini-A, the presence of relevant data during pretrain-
ing results yields far greater benefits.

As further evidence of this difference in learned fea-
tures, in Figure 6, we recreate the same plots as in Figure 3
and Figure 4, except the x-axis for the plot corresponding
to ImageNet-R is scaled by 0.398 to reflect the expected
number of animal-only classes it includes. For iNatMini-
A, we see that the line corresponding to 0.398× Random
Classes is significantly higher on the y-axis than the line
corresponding to ImageNet-A, indicating that the animal-
only classes alone cannot account for the improvement in
performance due to pretraining. Together with the result
in Fig. 3, this suggests that the presence of animal-only
classes in ImageNet-R is perhaps irrelevant to the features
being learned. For downstream performance on ImageNet-
A on the other hand, the line corresponding to 0.398× Ran-
dom Classes almost exactly matches that of training only
on ImageNet-A, which suggests that the animal-only data
present in ImageNet-R accounts for all pretraining benefit.

4. Conclusion

This paper considers how pretraining on ImageNet affects
the downstream performance of models for wildlife identi-
fication, given the biases and inaccuracies present in Im-
ageNet wildlife data. We first examine the performance
of models pretrained on ImageNet and finetuned on iNat-
Mini-A, considering individual species classes and higher-
level taxa, finding that pretraining uniformly improves per-
formance across different species and supercategories. In-
terestingly, we find that this holds similarly for species that

are well and poorly represented in ImageNet, raising ques-
tions about the mechanism by which ImageNet pretraining
helps improve performance on downstream tasks. To bet-
ter understand this, we pretrained ResNet50 networks on
subsets of ImageNet with different sizes and levels of rele-
vance to the downstream task of animal species classifica-
tion. These pretrained networks were then finetuned on the
subset of animals in iNaturalist-Mini. We found that pre-
training on the entirety of ImageNet was the optimal choice
to maximize performance, while pretraining on ImageNet-
A was the most sample-efficient. Our experimental results
also suggest that models pretrained on ImageNet-A learn
features that are specialized for animal species classifica-
tion, while other settings (including pretraining on all of
ImageNet) lead to more general, high-level features being
learned. In other words, even when animal data makes up
for a significant portion of the pretraining data (e.g. ≈ 40%
in the case of ImageNet-R), its inclusion in the dataset may
not be contributing to the performance any more than an
equal amount of non-animal data.

Overall, our work highlights the importance of consider-
ing how well-aligned the pretraining and finetuning datasets
are in the manner in which they represent data. The down-
stream performance gain from pretraining on ImageNet is
mostly the product of leveraging general features that can be
learned from non-animal data as well. However, while pre-
training on ImageNet usually results in better downstream
performance compared to training from scratch, our experi-
ments also show that we can likely do even better if we have
access to a sufficient amount of animal-only data. More-
over, this “sufficient amount” is probably much smaller
than the amount of random or non-relevant data required
to achieve similar performance. Therefore, it is worth con-
sidering whether ImageNet can be replaced by a similarly
sized or even smaller dataset which is better aligned with
the finetuning task, not just in terms of the task itself but
also in how similar the datasets are in the image domain.

To close, we point out some limitations and directions
for future work. First, our experiments are restricted to Im-
ageNet and iNaturalist-Mini, and we only examine ResNet-
50 networks in an image classification setting. Extending
the experimental setting further in these directions could
verify the generalizability of these findings. It is also possi-
ble that some architectures require a smaller amount of task
relevant data required to achieve a certain accuracy, or that
for certain tasks, more specialized features significantly out-
perform the high-level features from ImageNet pretraining.
Identifying such scenarios could provide insights that make
pretraining more efficient and accessible. Understanding
how different pretraining strategies learn different kinds of
high- and low-level features and how this translates into per-
formance in downstream tasks would also be a valuable di-
rection for future work.
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A. Differences in How ImageNet and iNatural-
ist Represents Birds

(a) Sample of birds in the ImageNet validation set

(b) Sample of birds in the iNaturalist-Mini training set

Figure 5. A comparison of the bird images between ImageNet and
iNaturalist-Mini. Animal images in ImageNet are generally quite
clear and consist of close-up shots of the birds. In contrast, im-
ages in iNaturalist-Mini are more likely to be blurry or far away,
to have multiple birds or even species of birds in the same image
– some images don’t even contain birds. We find that these repre-
sentational differences also extend to the other supercategories of
animals in iNaturalist-Mini.

B. Pretraining Benefit When Only Animal
Classes Are Counted

C. Related Work
Our work touches on a range of research topics, such as
pretraining data selection, biodiversity representation in
datasets, and the impact of biases and label errors on per-
formance.

Problems with ImageNet-1K. Past work has analyzed
and identified a variety of problems in ImageNet-1K – for
instance, the quality of existing ImageNet labels [4] and la-
bel errors [21, 34], the presence of multiple classes in a sin-
gle image [37], and several kinds of biases [5, 36]. In partic-
ular, Van Horn et al. [31] work with bird experts to propose
class error rates for the bird classes in ImageNet, finding the
error rates to be at least 4%. Luccioni and Rolnick [19] also
work with wildlife experts to perform an in-depth study and
label verification of the wildlife data in the ImageNet vali-
dation set and find that wildlife data is misrepresented in a



(a) iNat-Mini-A (b) ImageNet-A

Figure 6. Validation accuracies after finetuning on (a) iNat-Mini-A and (b) ImageNet-A. The figures here are the same as Figure 3 and
Figure 4, except for the orange dashed line, which shows the expected number of classes in an ImageNet-R subset, i.e. the x-axis for the
orange lines in Figure 3 and Figure 4 are scaled by 0.398. In (a), observe that the orange line is significantly higher on the y-axis than
the blue line, indicating that the pretraining benefits cannot be explained completely by the presence of the animal classes in ImageNet-R.
The trends also suggest that this gap closes as more animal-only data is considered for pretraining. On the other hand, in (b), the blue
and orange dashed lines almost completely match, suggesting that performance improvements from pretraining can almost completely be
explained by the animal-only data present in ImageNet-R.

multitude of ways. The experiments presented in this work
analyze if such problems in ImageNet impact its effective-
ness as a pretraining dataset, specifically in the context of
animal species classification.

ImageNet Pretraining for Species Classification. For
the better part of a decade, models pretrained on ImageNet-
1K have been used as a starting point for many finetun-
ing applications, across a variety of domains [26, 29, 35].
This holds true in the context of ecology as well. Beery
et al. [3] introduce the CCT dataset that contains animal
images from collections of camera traps placed at the same
location and utilize ImageNet weights as a starting point to
finetune models on this dataset. Van Horn et al. [33] in-
troduce the iNaturalist2021 dataset, which contains nearly
2.7M images across 10k species – even for such a large and
diverse dataset, using ImageNet for pretraining consistently
improves performance over training from scratch. Jain et al.
[16] introduce benchmarks for insect recognition, in addi-
tion to two datasets for moths. They train and evaluate
ImageNet-pretrained models that act as their baselines for
further analyses. Siddiqui et al. [28] tackle the problem of
limited labeled data availability in fish species classifica-
tion by using models pretrained on ImageNet. Bjerge et al.
[6] use pretrained ImageNet weights to conduct hierarchi-
cal classifications according to taxonomic rank. Each tax-
onomic rank is formulated as a different task to learning,
framing the task of hierarchical classification as a multi-
task problem. The authors also find that this approach is

able to correctly distinguish between insect species that are
visually very similar.

Use of ImageNet for Other Tasks. Aside from species
classification, ImageNet has also been effectively used as a
pretraining dataset for various other tasks in the biodiversity
domain. For instance, Pantazis et al. [23] use models initial-
ized with ImageNet weights to compare ecological metrics
– namely, species richness, occupancy, and activity patterns
– that are generated by experts versus those generated by
deep learning models. They find that the ecological metrics
obtained from deep learning models closely match those
provided by experts, outside of cases where a given species
is less common due to which there is a drop in model accu-
racy. Zhao and Mac Aodha [38] explore the problem of in-
cremental generalized category discovery, starting from the
use of ResNet-18 models initialized from ImageNet weights
obtained via MoCo [14] as a feature extractor.

Alternatives to ImageNet-1K. In most cases, ImageNet
pretraining significantly improves performance, but it has
been shown that using appropriate alternatives for pretrain-
ing can improve performance even more. Korsch et al. [18]
develop a system for automated monitoring of moths based
on camera traps. The classification of moths is then per-
formed with the help of finetuning a pretrained convolu-
tional network, where authors find that pretraining on iNat-
uralist2017 [32] is marginally better than pretraining on Im-
ageNet. Similarly, Truong et al. [30] propose Insect-1M a
multi-modal insect dataset for training foundation models



for insects – they find that pretraining on Insect-1M out-
performs pretraining on ImageNet significantly on multiple
classification tasks. Indeed, in some cases, pretraining on
ImageNet fails to yield any significant improvement in per-
formance in comparison to training from scratch with a ran-
dom initialization [10, 24].

Analyses of ImageNet. The generality and widespread
use of ImageNet features has also led to several analyses
of ImageNet and models that are pretrained on it – for in-
stance, Recht et al. [25] demonstrate the brittleness of mod-
els trained on ImageNet by building a new ImageNet test
set and Kornblith et al. [17] find a strong correlation be-
tween ImageNet accuracy and downstream task accuracy.
Huh et al. [15], in a manner similar to us, address various
questions about ImageNet pretraining and its efficacy by
pretraining on various subsets of ImageNet. However, their
work focuses on assessing finetuning on general datasets
like PASCAL-VOC [9], while we focus specifically on the
transferability of ImageNet to animal species classification.
In a similar vein, Azizpour et al. [1] find that changing the
number of images per class versus changing the number
of classes when pretraining on ImageNet leads to different
transfer performance on downstream tasks.

D. Methodology

D.1. Datasets

ImageNet-1K. For pretraining, we use ImageNet-1K
(henceforth referred to as ImageNet) and various subsets of
ImageNet, which we now describe. We use ImageNet-A to
refer to the subset that corresponds to all animals in Ima-
geNet and consists of 398 classes. Out of these 398 classes,
269 classes correspond to wildlife, while 127 classes cor-
respond to domestic animals. ImageNet-NA is the com-
plement of ImageNet-A, comprised of the remaining 602
classes. ImageNet-R is a subset of ImageNet where classes
are randomly sampled from ImageNet. ImageNet-X-k is a
subset of ImageNet that consists of k classes which are ran-
domly sampled from ImageNet-X (for X ∈ {A, NA, R}).

iNaturalist-Mini. iNaturalist-Mini is a subset of the
iNaturalist2021 dataset. It consists of 10K classes, with 50
examples in each class, for a total of 500K training images.
Each class label corresponds to a species of animal, plant,
or fungus. For finetuning we use the subset of the train-
ing set of iNaturalist-Mini corresponding to animals, result-
ing in 5388 classes out of 10000 classes, which we refer to
as iNat-Mini-A. The test set of iNaturalist-Mini also con-
sists of 50 examples for each class, however the labels are
not made publicly available. On the other hand, the vali-
dation set has merely 10 examples per class, which we find
to be too small a number to gauge performance accurately.
Therefore, we construct our own evaluation set by randomly
sampling 50 examples per class from iNaturalist2021, en-

suring we do not select examples which are present in the
train set of iNaturalist-Mini.

We decide to focus on animals for two reasons:
1. We want to isolate and emphasize consequences of Ima-

geNet subset choice in the finetuned model. Finetuning
on animals and plants instead of only animals or plants
could make observing these consequences more difficult.

2. The poorer representation of plants compared to that of
animals in ImageNet makes plants a non-viable choice
for studying the effects of pretraining. There are a to-
tal of 398 animal classes, out of which 269 classes cor-
respond to wildlife. In contrast, the representation of
“plants” is restricted to ∼ 25 classes, with nearly all of
them being fruits or vegetables.
Using iNaturalist-Mini instead of the full iNatural-

ist2021 dataset is a deliberate choice as well – it is a bet-
ter approximation of the finetuning setting faced in many
deployed use cases since iNaturalist2021 contains ∼ 2.7M
training images, which is more than double ImageNet’s
∼ 1.3M. At the same time, the diversity of animal species
present in iNaturalist-Mini also ensures that the downstream
task explored in this work is appropriately challenging.

D.2. Experimental Setup
The goal of our experiments is to observe the effect of Im-
ageNet pretraining on the performance of the model fine-
tuned on a given downstream task. We focus on animal
species classification from images, where models are pre-
trained and then finetuned in a supervised manner.

Pretraining. We conduct all our experiments with
ResNet50 networks with batch normalization. We use this
architecture since it is a highly standard one across the ecol-
ogy literature leveraging computer vision for wildlife recog-
nition; its popularity stems from the fact that it is expres-
sive enough for most wildlife recognition datasets, yet small
enough that it is accessibly to ecology researchers with lim-
ited computational infrastructure. Networks are pretrained
with stochastic gradient descent (SGD) and cross-entropy
loss for 90 epochs, with a batch size of 256. We employ
a step learning rate schedule starting at 0.1, and dropping
by 10× every 30 epochs. We also use a momentum factor
0.9 and weight decay factor of 0.0001. The hyperparam-
eters used here are taken from the standard training recipe
proposed by He et al. [13].

Finetuning. Our finetuning setup remains largely the
same as our setup for pretraining, with a few exceptions to
tailor our procedure for each finetuning dataset.

When finetuning on iNat-Mini-A, networks are trained
for a total of 60 epochs with the learning rate being dropped
by 10× every 20 epochs, and a batch size of 1024. Here,
we do not freeze any weights during the finetuning phase,
as we empirically find that this severely hurts the final per-
formance of the finetuned model.



When finetuning on ImageNet-A, networks are trained
for 15 epochs, with the learning rate being dropped by 10×
every 5 epochs. Since we are performing both pretraining
and finetuning on subsets of ImageNet, we find that finetun-
ing for a small number of epochs is sufficient. For the same
reason, we also freeze all but the final layer of the network
during finetuning.
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