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Abstract

We study a novel distribution shift inspired by infant visual experience, which
involves the tradeoff between viewpoint and instance diversity. To analyze this
shift, we apply domain adaptation using Joint Adaptation Networks (JAN) under
varying pretraining conditions. Our results show that JAN’s performance is highly
sensitive to the pretraining scheme, with notable drops when semantic information
about the target dataset is absent during pretraining. To investigate this dependence,
we introduce a metric that measures target category separability in the pretrained
feature space. Using this metric, we demonstrate a strong correlation between
target separability before domain adaptation and JAN’s eventual performance on
the target dataset.

1 Introduction

Infants’ visual experiences are characterized by extended bouts of experience with a small number
of familiar objects (e.g., toy ducks at home), with a large number of rarer exposures to less familiar
objects (e.g., real ducks at the park) [Smith et al., 2018, Herzberg et al., 2022]. This pattern of
exposure to instances of a particular category yields a long-tailed distribution, where some instances
(e.g. their toys/household objects) are seen very frequently, while most instances (e.g. objects they
see outdoors) are seen more rarely: (1) The head of the distribution is rich in the distribution of
viewpoints, i.e. viewpoint-dominated, while (2) the tail of the distribution is rich in the number of
different category instances, i.e. instance-dominated . In Machine Learning (ML) parlance, this
constitutes a distribution shift. We term this the VI-Shift (see Sec 2.1).

In our research, we use the Domain Adaptation paradigm [Ben-David et al., 2010] to study how
different learning signals can help bridge this distribution shift. It is customary to use ImageNet
pretraining [Long et al., 2015, French et al., 2017] when training domain adaptation models. However,
ImageNet pretraining provides access to advanced semantic knowledge which developing infants
might not possess. Instead, we are interested in studying how viewpoint-dominated visual experience
supports learning generalizable feature representations. We find that the performance of JAN [Long
et al., 2017], a popular domain adaptation model varies strongly with different pretraining conditions.
This finding leads us to two questions: (1) Why does the performance of JAN vary so strongly under
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different pretraining conditions? (2) What kind of inductive biases and learning signals can be
leveraged to bridge this distribution gap? In this work, we focus on the first of these questions.

Models like JAN rely on a global alignment approach: models are trained to align the source and
target domain in the feature space. However, this does not necessarily lead to category-specific
alignment across the two domains. Under what conditions does a global alignment approach lead
to category alignment? We hypothesize that the category separability of the target dataset after
pretraining (and before JAN training) affects the performance of JAN. In this paper,

1. We showed that performance of JAN is dependent on the pretraining method. Interestingly, JAN
severely underperforms in our developmentally-relevant pretraining conditions.

2. We proposed a metric to measure category separability of the target dataset after pretraining.
Using this metric, we showed that, for two pretraining conditions, category separability is strongly
correlated with the performance of JAN.

2 Methods

2.1 VI-Shift

As the viewpoint-dominated dataset, we used the Toybox dataset [Wang et al., 2018] and for the
instance-dominated dataset, we created the category-matched IN-12 dataset.

Toybox dataset The Toybox dataset contains short egocentric videos of objects being manipulated in
different ways. The dataset contains 360 objects from 12 categories grouped into 3 super-categories:
vehicles (airplanes, cars, helicopters, trucks), animals (cat, duck, giraffe, horse) and household objects
(balls, cups, mugs, spoons); these categories correspond to early learned nouns among children in the
US [Fenson, 2007]. For each object, the videos depict a wide variety of controlled, such as rotation,
and random object manipulations (hodgepodge) yielding a wide range of viewpoints.

IN-12 dataset To create a category matched dataset for the Toybox dataset, we curated the IN-12
dataset from the ImageNet [Deng et al., 2009] and MS-COCO [Lin et al., 2014] datasets. First, we
manually extracted all ImageNet classes corresponding to the 12 Toybox categories. From among
these candidate classes, we select a few which describe the category at a general level (e.g. car vs
police car). From these chosen classes, we randomly select 1600 images per class while ensuring
that each candidate class contributed the same number of images. The entire list of the synsets are
presented in Fig 5 in the Appendix. For the giraffe and helicopter categories, we extracted additional
images from the MS-COCO dataset because the ImageNet synsets did not contain sufficient number
of images. Fig 1a shows example images depicting this task.

2.2 Joint Adaptation Network (JAN)

JAN jointly minimizes a classification loss on the source dataset and alignment loss on the distribution
of target features with the source features. The JAN alignment loss, called the JMMD loss, is based
on Maximum Mean Discrepancy (MMD) [Gretton et al., 2012].

Pretraining schemes for JAN We use several different pretraining schemes, which can be grouped
into 3 categories: (1) ImageNet pretraining: This is the default setting used in domain adaptation

(a) VI-Shift (b) JAN performance with different pretraining

Figure 1: (a) An example of the infant-inspired VI-Shift problem, using the Toybox (left) and IN-12
(right) datasets. (b) Performance of JAN varies with different underlying pretraining schemes.
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Figure 2: Scatter plot between JAN accuracy on IN-12 train/test sets and the target separability from
IN-12 train set before JAN training after Dual Supervised pretraining. Text box shows the Pearson’s
correlation value and the p-value. There is a strong and significant correlation between post-JAN
accuracy and pre-JAN separability. Different colors represent separate pretraining runs.

tasks. (2) Pretraining using IN-12 labels: This consists of two methods: in the first one, we train a
network from scratch on IN-12 in supervised manner. In the second, we jointly train a network from
scratch on both Toybox and IN-12 using supervision. (3) Developmentally relevant pretraining: In
this setting, we do not use IN-12 labels. This group consists of no pretraining, supervised pretraining
on Toybox and self-supervised pretraining on Toybox and IN-12 using Decoupled Contrastive
Learning (DCL) [Yeh et al., 2022]. Further details about different pretraining schemes can be found
in Section B. We use a ResNet-18 [He et al., 2016] in our experiments. More details about experiment
settings and hyperparameter tuning are provided in Section C.

JAN performance with different pretraining schemes Figure 1b shows the performance of JAN
on the VI-Shift task under different pretraining conditions. While the ImageNet-pretrained model
performs strongly, the model pretrained on Toybox and IN-12 using supervised learning shows
the best performance. Interestingly, only supervised training on IN-12 is insufficient for good
performance. We see that all the developmentally relevant pretraining methods severely underperform
ImageNet pretraining; even strong self-supervised methods like Decoupled Contrastive Learning
performs poorly.

3 Relationship between target separability and JAN performance

Earth Mover’s Distance The Earth Mover’s Distance (EMD) is a metric for calculating distances
between distributions and is the solution to the optimal transport problem. For two probability
distributions P and Q, it is defined as:

EMD(P,Q) = inf
γ∈Π(P,Q)

E(x,y)∼γ [d(x, y)]

where Π(P,Q) is the set of all distributions with marginals P and Q.

Figure 3: Scatter plot between JAN accuracy per class on IN-12 train/test sets and the target
separability from IN-12 train set before JAN training after Dual Supervised pretraining. Text box
shows the Pearson’s correlation value and the p-value. There is a strong and significant correlation
between post-JAN accuracy and pre-JAN separability.

3



Figure 4: Scatter plot between JAN accuracy on IN-12 train/test sets and the target separability
from IN-12 train set before JAN training after Joint DCL pretraining. Text box shows the Pearson’s
correlation value and the p-value.

Separability Measuring separability of a category c requires aggregating the distance of c from all
other categories c′ ̸= c. Hence, we defined the separability S(c) of a particular category c ∈ C as:

S(c) =
1

|C| − 1

∑
c′∈C,c′ ̸=c

EMD(c, c′)

Experiment Details To investigate the relationship between target category separability and JAN
performance, we focused on the Joint DCL and Dual Supervised pretraining conditions. During
pretraining, we saved the models at various stages of training. This yielded several models which
display various levels of category separability. Subsequently, we trained JAN starting from each
of these models. For our analysis, we investigated the dependence of JAN accuracy on the target
category separability before JAN.

Separability with Dual Supervised and DCL pretraining Figure 2 shows the scatter plot between
average accuracy on IN-12 post-JAN and the target separability on IN-12 pre-JAN for Dual Supervised
pretraining; there is a strong dependence of JAN accuracy on the target separability before JAN.
Figure 3 shows the plot between per-class accuracy on IN-12 post-JAN and the per-class separability
on IN-12 pre-JAN for Dual Supervised pretraining. We see that the strong dependence persists even
when we look at per-class accuracy, though the strength of the correlation is slightly weaker.

Figure 4 shows the scatter plot between per-class accuracy on IN-12 post-JAN and the per-class
separability on IN-12 pre-JAN for Joint DCL pretraining. We find that there exists a moderate
relationship between accuracy and separability, though the relationship is weaker.

4 Conclusion and Future Work

In this work, we introduced a metric to measure category separability in feature space and demon-
strated a strong relationship between this separability and the accuracy of JAN on the target dataset.
This analysis highlights the importance of understanding structural properties of the feature space
prior to domain adaptation. Future work can extend this study to a broader range of distribution
shifts, domain adaptation techniques, and network architectures, enabling a clearer assessment of
the generality of the results. Additionally, the performance of JAN may be influenced by additional
factors beyond target separability, such as the cross-domain alignment of categories; examining such
factors would provide a more comprehensive account of what drives successful domain adaptation.

Returning to our motivation from infant vision, a key challenge is to design domain adaptation
methods that remain effective even with weak pretraining. Insights from developmental psychology
can provide valuable input in this regard. For instance, it has been argued that humans benefit from
inductive biases, such as a preference for shape-based categorization, which promote the learning of
generalizable representations. Incorporating such biases into neural network training could serve to
build more robust and transferable features [Landau et al., 1988, Geirhos et al., 2018]. Moreover,
empirical research suggests that infants leverage statistical regularities in their environment to learn
strong representations [Bambach et al., 2018, Aubret et al., 2022]. Future work could investigate how
analogous learning signals, derived from the statistical structure of the data, might be leveraged to
improve domain adaptation under distribution shift. Pursuing this direction not only has the potential
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to yield stronger and more generalizable learning models but also provides a novel framework for
testing hypotheses about the mechanisms of visual learning in infancy.
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A List of ImageNet synsets used for IN-12 dataset

Fig 5 provides a list of the synsets used to compose the IN-12 dataset.

Figure 5: Candidate classes from the ImageNet dataset used to create the IN-12 dataset

B Pretraining Schemes for JAN

We use the following pretraining schemes:

(1) Random Initialization: We initialize the network with random weights and apply JAN/DANN
directly.

(2) Toybox Supervised: We pretrain the network using supervised learning on Toybox.
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(3) Joint DCL: We use contrastive to pretrain the network using both Toybox and IN-12 images,
using the Decoupled Contrastive Loss (DCL) method [Yeh et al., 2022]. Since, we assume
that labels for Toybox are available, we modify the DCL learning signal so that positive
pairs for Toybox can belong to different objects from the same category.

(4) IN-12 Supervised: We pretrain the network directly on the target IN-12 dataset using
supervised learning.

(5) Joint Supervised: We pretrain the network by training it jointly on both Toybox and IN-12
using supervised learning.

(6) ILSVRC pretraining: DANN/JAN training starts from a model previously trained on the
ImageNet dataset. This is the default experimental setting in ML.

C Training Details

C.1 Pretraining Experiment Details

We use a ResNet-18 He et al. [2016] backbone in our experiments. For the pretraining methods that
require training, we initialize the network with the Xavier initialization [Glorot and Bengio, 2010]
and train the networks from scratch on each of the different experimental settings. We use the Adam
optimizer [Kingma and Ba, 2014] for training the network. During training, we linearly increase the
learning rate for the first 2 epochs of training and then decay the learning rate using a cosine decay
schedule [Loshchilov and Hutter, 2016] without any restarts.

C.2 Hyperparameter tuning details for joint DCL experiments

All models are trained for 100 epochs with an initial learning rate of 0.015 and a cosine decay
schedule without restarts. Batch size was set to 256. The relative weight of the Toybox DCL loss was
set to 0.25. A larger value was found to reduce the effectiveness of the IN-12 DCL signal, while a
smaller weight hampered separability of Toybox clusters.

C.3 JAN training details

For JAN, we initialize a bottleneck layer with 512 neurons. We follow the default training spec-
ifications provided in the JAN paper: the learning rate follows the schedule given by ηp =
0.01(1 + 10p)−0.75, where p increases from 0 to 1 during training. The relative weight of the
lmmd loss increases from 0 to 1 following λp = 2

1+exp(−10p) − 1. Each network is trained for 100
epochs with 100 minibatches per epoch using the SGD optimizer.
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