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Abstract

Fully convolutional models for dense prediction have

proven successful for a wide range of visual tasks. Such

models perform well in a supervised setting, but perfor-

mance can be surprisingly poor under domain shifts that

appear mild to a human observer. For example, training

on one city and testing on another in a different geographic

region and/or weather condition may result in significantly

degraded performance due to pixel-level distribution shift.

In this paper, we introduce the first domain adaptive seman-

tic segmentation method, proposing an unsupervised adver-

sarial approach to pixel prediction problems. Our method

consists of both global and category specific adaptation

techniques. Global domain alignment is performed using

a novel semantic segmentation network with fully convolu-

tional domain adversarial learning. This initially adapted

space then enables category specific adaptation through a

generalization of constrained weak learning, with explicit

transfer of the spatial layout from the source to the tar-

get domains. Our approach outperforms baselines across

different settings on multiple large-scale datasets, includ-

ing adapting across various real city environments, different

synthetic sub-domains, from simulated to real environments,

and on a novel large-scale dash-cam dataset.

1. Introduction

Semantic segmentation is a critical visual recognition
task for a variety of applications ranging from autonomous
agent tasks, such as robotic navigation and self-driving cars,
to mapping and categorizing the natural world. As such, a
significant amount of recent work has been introduced to
tackle the supervised semantic segmentation problem us-
ing pixel-wise annotated images to train convolutional net-
works [20, 1, 23, 34, 19, 4, 33].

While performance is improving for segmentation mod-
els trained and evaluated on the same data source, there
has yet been limited research exploring the applicability of
these models to new related domains. Many of the chal-
lenges faced when considering adapting between visual do-

Figure 1: Unsupervised domain adaptation for pixel-level
semantic segmentation.

mains for classification, such as changes in appearance,
lighting, and pose, are also present when considering adapt-
ing for semantic segmentation. In addition, some new fac-
tors take on more prominence when considering recogni-
tion with localization tasks. In both classification and seg-
mentation, the prevalence of classes may vary between dif-
ferent domains, but this variance can be more exaggerated
with semantic segmentation applications as an individual
object class may now appear many times within a single
scene. For instance, semantic segmentation for self-driving
applications will focus on outdoor street scenes with ob-
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Fully convolutional models for dense prediction have

proven successful for a wide range of visual tasks. Such

models perform well in a supervised setting, but perfor-

mance can be surprisingly poor under domain shifts that

appear mild to a human observer. For example, training

on one city and testing on another in a different geographic

region and/or weather condition may result in significantly

degraded performance due to pixel-level distribution shift.

In this paper, we introduce the first domain adaptive seman-

tic segmentation method, proposing an unsupervised adver-

sarial approach to pixel prediction problems. Our method

consists of both global and category specific adaptation

techniques. Global domain alignment is performed using

a novel semantic segmentation network with fully convolu-

tional domain adversarial learning. This initially adapted

space then enables category specific adaptation through a

generalization of constrained weak learning, with explicit

transfer of the spatial layout from the source to the tar-

get domains. Our approach outperforms baselines across

different settings on multiple large-scale datasets, includ-

ing adapting across various real city environments, different

synthetic sub-domains, from simulated to real environments,

and on a novel large-scale dash-cam dataset.

1. Introduction

Semantic segmentation is a critical visual recognition
task for a variety of applications ranging from autonomous
agent tasks, such as robotic navigation and self-driving cars,
to mapping and categorizing the natural world. As such, a
significant amount of recent work has been introduced to
tackle the supervised semantic segmentation problem us-
ing pixel-wise annotated images to train convolutional net-
works [20, 1, 23, 34, 19, 4, 33].

While performance is improving for segmentation mod-
els trained and evaluated on the same data source, there
has yet been limited research exploring the applicability of
these models to new related domains. Many of the chal-
lenges faced when considering adapting between visual do-

Figure 1: Unsupervised domain adaptation for pixel-level
semantic segmentation.

mains for classification, such as changes in appearance,
lighting, and pose, are also present when considering adapt-
ing for semantic segmentation. In addition, some new fac-
tors take on more prominence when considering recogni-
tion with localization tasks. In both classification and seg-
mentation, the prevalence of classes may vary between dif-
ferent domains, but this variance can be more exaggerated
with semantic segmentation applications as an individual
object class may now appear many times within a single
scene. For instance, semantic segmentation for self-driving
applications will focus on outdoor street scenes with ob-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Abstract

Fully convolutional models for dense prediction have

proven successful for a wide range of visual tasks. Such

models perform well in a supervised setting, but perfor-

mance can be surprisingly poor under domain shifts that

appear mild to a human observer. For example, training

on one city and testing on another in a different geographic

region and/or weather condition may result in significantly

degraded performance due to pixel-level distribution shift.

In this paper, we introduce the first domain adaptive seman-

tic segmentation method, proposing an unsupervised adver-

sarial approach to pixel prediction problems. Our method

consists of both global and category specific adaptation

techniques. Global domain alignment is performed using

a novel semantic segmentation network with fully convolu-

tional domain adversarial learning. This initially adapted

space then enables category specific adaptation through a

generalization of constrained weak learning, with explicit

transfer of the spatial layout from the source to the tar-

get domains. Our approach outperforms baselines across

different settings on multiple large-scale datasets, includ-

ing adapting across various real city environments, different

synthetic sub-domains, from simulated to real environments,

and on a novel large-scale dash-cam dataset.

1. Introduction

Semantic segmentation is a critical visual recognition
task for a variety of applications ranging from autonomous
agent tasks, such as robotic navigation and self-driving cars,
to mapping and categorizing the natural world. As such, a
significant amount of recent work has been introduced to
tackle the supervised semantic segmentation problem us-
ing pixel-wise annotated images to train convolutional net-
works [20, 1, 23, 34, 19, 4, 33].

While performance is improving for segmentation mod-
els trained and evaluated on the same data source, there
has yet been limited research exploring the applicability of
these models to new related domains. Many of the chal-
lenges faced when considering adapting between visual do-

Figure 1: Unsupervised domain adaptation for pixel-level
semantic segmentation.

mains for classification, such as changes in appearance,
lighting, and pose, are also present when considering adapt-
ing for semantic segmentation. In addition, some new fac-
tors take on more prominence when considering recogni-
tion with localization tasks. In both classification and seg-
mentation, the prevalence of classes may vary between dif-
ferent domains, but this variance can be more exaggerated
with semantic segmentation applications as an individual
object class may now appear many times within a single
scene. For instance, semantic segmentation for self-driving
applications will focus on outdoor street scenes with ob-
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Fully convolutional models for dense prediction have

proven successful for a wide range of visual tasks. Such

models perform well in a supervised setting, but perfor-

mance can be surprisingly poor under domain shifts that

appear mild to a human observer. For example, training

on one city and testing on another in a different geographic

region and/or weather condition may result in significantly

degraded performance due to pixel-level distribution shift.

In this paper, we introduce the first domain adaptive seman-

tic segmentation method, proposing an unsupervised adver-

sarial approach to pixel prediction problems. Our method

consists of both global and category specific adaptation

techniques. Global domain alignment is performed using

a novel semantic segmentation network with fully convolu-

tional domain adversarial learning. This initially adapted

space then enables category specific adaptation through a

generalization of constrained weak learning, with explicit

transfer of the spatial layout from the source to the tar-

get domains. Our approach outperforms baselines across

different settings on multiple large-scale datasets, includ-

ing adapting across various real city environments, different

synthetic sub-domains, from simulated to real environments,

and on a novel large-scale dash-cam dataset.

1. Introduction

Semantic segmentation is a critical visual recognition
task for a variety of applications ranging from autonomous
agent tasks, such as robotic navigation and self-driving cars,
to mapping and categorizing the natural world. As such, a
significant amount of recent work has been introduced to
tackle the supervised semantic segmentation problem us-
ing pixel-wise annotated images to train convolutional net-
works [20, 1, 23, 34, 19, 4, 33].

While performance is improving for segmentation mod-
els trained and evaluated on the same data source, there
has yet been limited research exploring the applicability of
these models to new related domains. Many of the chal-
lenges faced when considering adapting between visual do-

Figure 1: Unsupervised domain adaptation for pixel-level
semantic segmentation.

mains for classification, such as changes in appearance,
lighting, and pose, are also present when considering adapt-
ing for semantic segmentation. In addition, some new fac-
tors take on more prominence when considering recogni-
tion with localization tasks. In both classification and seg-
mentation, the prevalence of classes may vary between dif-
ferent domains, but this variance can be more exaggerated
with semantic segmentation applications as an individual
object class may now appear many times within a single
scene. For instance, semantic segmentation for self-driving
applications will focus on outdoor street scenes with ob-
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Continuous Learning

Continuous Manifold Based Alignment.  
Hoffman, Darrell, Saenko, CVPR 14
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Figure 5. Confusion matrices for each model, evaluated on MNIST at the 135� orientation. Our method is able to correctly classify the
vast majority of digits. In comparison, standard methods are either unable to effectively handle the domain shift or suffer from catastrophic
forgetting, leading to degraded performance on previously seen domains.

Figure 6. We report here the MNIST rotations accuracy averaged
across all past domains together with the current domain. We study
the the effect of the subsampling rate, ↵, on overall performance.
↵ controls what fraction of the past data we store for replay. We
experiment with a ↵ 2 {0.01, 0.025, 0.1, 0.5, 1} and find that
CUA can handle extremely sparse cases with reasonable accuracy,
demonstrating scalability.

network has paid enough attention to past examples, it can-
not be further tuned to match old data better. We find that
for the cross-entropy loss, values around � = 0.03 are ideal,
whereas for L2, values around � = 0.4 are more suitable.

3.1.3. REPLAY LOSS FUNCTION

Our replay loss is agnostic to the particular objective used
to enforce recall of old examples. As such, we evaluate
two potential options here: the L2 norm and cross-entropy
between the prediction recorded during a prior stage and the
current prediction. The cross-entropy calculation focuses on
the one classification label that is most likely for a particular
datapoint, and discards the rest of the signal for categories
with lower classification scores. In theory, the L2 norm pays

(a) Cross Entropy (b) L2

Figure 7. We report here the MNIST rotations accuracy averaged
across all past domains, orange, compared against the current
domain, blue. To study of the effect of tuning the replay weight, �,
which controls the trade-off between remembering old examples
and learning new examples, we plot performance vs � with values
from 0 to 1. We also experiment with two different replay losses
for remembering the old data, Cross Entropy and L2. In both cases,
there is a setting of � that produces strong adaptation performance
while remembering and performing well on old data settings.

attention to the entire distribution of the scores, so intuitively
we would expect it to match past data more accurately than
the single signaled cross-entropy loss. However, in practice,
we found that the method performed similarly regardless of
which of these two losses we choose (see Figure 7).

3.1.4. SCALABILITY ANALYSIS

When adapting to continually shifting domains in the real
world, scalability is a crucial component for allowing the
model to evolve throughout many increasingly changing
domains. We implement a subsampling rate, which is a
parameter ↵ that dictates how much past data to be saved
for future replay. Intuitively, the fewer samples the frame-
work stores, the less correctly the model will remember past
domains.

Figure 6 shows average accuracy across all past domains and
the current domain after the final rotation stage. This figure
illustrates that as we subsample fewer examples, the accu-
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experiment with a ↵ 2 {0.01, 0.025, 0.1, 0.5, 1} and find that
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demonstrating scalability.
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not be further tuned to match old data better. We find that
for the cross-entropy loss, values around � = 0.03 are ideal,
whereas for L2, values around � = 0.4 are more suitable.

3.1.3. REPLAY LOSS FUNCTION

Our replay loss is agnostic to the particular objective used
to enforce recall of old examples. As such, we evaluate
two potential options here: the L2 norm and cross-entropy
between the prediction recorded during a prior stage and the
current prediction. The cross-entropy calculation focuses on
the one classification label that is most likely for a particular
datapoint, and discards the rest of the signal for categories
with lower classification scores. In theory, the L2 norm pays
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Figure 7. We report here the MNIST rotations accuracy averaged
across all past domains, orange, compared against the current
domain, blue. To study of the effect of tuning the replay weight, �,
which controls the trade-off between remembering old examples
and learning new examples, we plot performance vs � with values
from 0 to 1. We also experiment with two different replay losses
for remembering the old data, Cross Entropy and L2. In both cases,
there is a setting of � that produces strong adaptation performance
while remembering and performing well on old data settings.

attention to the entire distribution of the scores, so intuitively
we would expect it to match past data more accurately than
the single signaled cross-entropy loss. However, in practice,
we found that the method performed similarly regardless of
which of these two losses we choose (see Figure 7).

3.1.4. SCALABILITY ANALYSIS

When adapting to continually shifting domains in the real
world, scalability is a crucial component for allowing the
model to evolve throughout many increasingly changing
domains. We implement a subsampling rate, which is a
parameter ↵ that dictates how much past data to be saved
for future replay. Intuitively, the fewer samples the frame-
work stores, the less correctly the model will remember past
domains.

Figure 6 shows average accuracy across all past domains and
the current domain after the final rotation stage. This figure
illustrates that as we subsample fewer examples, the accu-
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across all past domains together with the current domain. We study
the the effect of the subsampling rate, ↵, on overall performance.
↵ controls what fraction of the past data we store for replay. We
experiment with a ↵ 2 {0.01, 0.025, 0.1, 0.5, 1} and find that
CUA can handle extremely sparse cases with reasonable accuracy,
demonstrating scalability.

network has paid enough attention to past examples, it can-
not be further tuned to match old data better. We find that
for the cross-entropy loss, values around � = 0.03 are ideal,
whereas for L2, values around � = 0.4 are more suitable.

3.1.3. REPLAY LOSS FUNCTION

Our replay loss is agnostic to the particular objective used
to enforce recall of old examples. As such, we evaluate
two potential options here: the L2 norm and cross-entropy
between the prediction recorded during a prior stage and the
current prediction. The cross-entropy calculation focuses on
the one classification label that is most likely for a particular
datapoint, and discards the rest of the signal for categories
with lower classification scores. In theory, the L2 norm pays
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Figure 7. We report here the MNIST rotations accuracy averaged
across all past domains, orange, compared against the current
domain, blue. To study of the effect of tuning the replay weight, �,
which controls the trade-off between remembering old examples
and learning new examples, we plot performance vs � with values
from 0 to 1. We also experiment with two different replay losses
for remembering the old data, Cross Entropy and L2. In both cases,
there is a setting of � that produces strong adaptation performance
while remembering and performing well on old data settings.

attention to the entire distribution of the scores, so intuitively
we would expect it to match past data more accurately than
the single signaled cross-entropy loss. However, in practice,
we found that the method performed similarly regardless of
which of these two losses we choose (see Figure 7).

3.1.4. SCALABILITY ANALYSIS

When adapting to continually shifting domains in the real
world, scalability is a crucial component for allowing the
model to evolve throughout many increasingly changing
domains. We implement a subsampling rate, which is a
parameter ↵ that dictates how much past data to be saved
for future replay. Intuitively, the fewer samples the frame-
work stores, the less correctly the model will remember past
domains.

Figure 6 shows average accuracy across all past domains and
the current domain after the final rotation stage. This figure
illustrates that as we subsample fewer examples, the accu-
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Figure 6. We report here the MNIST rotations accuracy averaged
across all past domains together with the current domain. We study
the the effect of the subsampling rate, ↵, on overall performance.
↵ controls what fraction of the past data we store for replay. We
experiment with a ↵ 2 {0.01, 0.025, 0.1, 0.5, 1} and find that
CUA can handle extremely sparse cases with reasonable accuracy,
demonstrating scalability.

network has paid enough attention to past examples, it can-
not be further tuned to match old data better. We find that
for the cross-entropy loss, values around � = 0.03 are ideal,
whereas for L2, values around � = 0.4 are more suitable.

3.1.3. REPLAY LOSS FUNCTION

Our replay loss is agnostic to the particular objective used
to enforce recall of old examples. As such, we evaluate
two potential options here: the L2 norm and cross-entropy
between the prediction recorded during a prior stage and the
current prediction. The cross-entropy calculation focuses on
the one classification label that is most likely for a particular
datapoint, and discards the rest of the signal for categories
with lower classification scores. In theory, the L2 norm pays
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Figure 7. We report here the MNIST rotations accuracy averaged
across all past domains, orange, compared against the current
domain, blue. To study of the effect of tuning the replay weight, �,
which controls the trade-off between remembering old examples
and learning new examples, we plot performance vs � with values
from 0 to 1. We also experiment with two different replay losses
for remembering the old data, Cross Entropy and L2. In both cases,
there is a setting of � that produces strong adaptation performance
while remembering and performing well on old data settings.

attention to the entire distribution of the scores, so intuitively
we would expect it to match past data more accurately than
the single signaled cross-entropy loss. However, in practice,
we found that the method performed similarly regardless of
which of these two losses we choose (see Figure 7).

3.1.4. SCALABILITY ANALYSIS

When adapting to continually shifting domains in the real
world, scalability is a crucial component for allowing the
model to evolve throughout many increasingly changing
domains. We implement a subsampling rate, which is a
parameter ↵ that dictates how much past data to be saved
for future replay. Intuitively, the fewer samples the frame-
work stores, the less correctly the model will remember past
domains.

Figure 6 shows average accuracy across all past domains and
the current domain after the final rotation stage. This figure
illustrates that as we subsample fewer examples, the accu-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Figure 4: We evaluate ADDA on unsupervised adaptation across four domain shifts in two different settings. The first setting
is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (right).

MNIST ! USPS USPS ! MNIST SVHN ! MNIST

Method ! ! !
Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [16]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

split as the target domain. This corresponds to 2,186 labeled
source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [23], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [24]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversarial
discriminator output. With the exception of the output, these
additionally fully connected layers use a ReLU activation
function. ADDA training then proceeds for another 20,000
iterations, again with a batch size of 128.

We find that our method, ADDA, greatly improves clas-

sification accuracy for this task. For certain categories, like
counter, classification accuracy goes from 2.9% under the
source only baseline up to 44.7% after adaptation. In general,
average accuracy across all classes improves significantly
from 13.9% to 21.1%. However, not all classes improve.
Three classes have no correctly labeled target images before
adaptation, and adaptation is unable to recover performance
on these classes. Additionally, the classes of pillow and
nightstand suffer performance loss after adaptation.

For additional insight on what effect ADDA has on classi-
fication, Figure 5 plots confusion matrices before adaptation,
after adaptation, and in the hypothetical best-case scenario
where the target labels are present. Examining the confusion
matrix for the source only baseline reveals that the domain
shift is quite large—as a result, the network is poorly condi-
tioned and incorrectly predicts pillow for the majority of
the dataset. This tendency to output pillow also explains
why the source only model achieves such abnormally high
accuracy on the pillow class, despite poor performance
on the rest of the classes.

In contrast, the classifier trained using ADDA predicts a
much wider variety of classes. This leads to decreased accu-
racy for the pillow class, but significantly higher accura-
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Robustness to Random Perturbations

Table 2: Generalization on clean test data from an unseen domain. Accuracy on data from the
novel input domain of USPS test set using the LeNet’ model learned with all MNIST training data.
Here, each regularizer, including Jacobian, increases accuracy over an unregularized model. In
addition, the regularizers may be combined for the strongest generalization effects. Averages and
95% confidence intervals are estimated over 5 distinct runs.

No regularization L
2 Dropout Jacobian All Combined

80.4± 0.7 83.3± 0.8 81.9± 1.4 81.3± 0.9 85.7± 1.0

(a) White noise (b) FGSM (c) PGD

Figure 3: Robustness against random and adversarial input perturbations. This key result
illustrates that Jacobian regularization significantly increases the robustness of a learned model
against random and adversarial input perturbations. Accuracy under corruption of input test data
for LeNet’ models trained on the MNIST dataset. (a) Considering robustness under white noise
perturbations, Jacobian minimization is the most effective regularizer. (b,c) Jacobian regularization
alone outperforms an adversarial defense (base models all include L

2 and dropout regularization).
Error bars indicate 95% confidence intervals over 5 distinct runs.

model. Such a regularization technique can be immediately combined with state-of-the-art domain201

adaptation techniques to achieve further gains.202

3.2 Evaluating under Data Corruption203

This section showcases the main robustness results of the Jacobian regularizer, highlighted in the case204

of both random and adversarial input perturbations.205

Random Noise Corruption: The real world can differ from idealized experimental setups and input206

data can become corrupted by various natural causes such as random noise and occlusion. Robust207

models should minimize the impact of such corruption. As one evaluation of stability to natural208

corruption, we perturb each test input image x to ex = dx + ✏ccrop where each component of the209

perturbation vector is drawn from the normal distribution with variance �noise as210

✏i ⇠ N (0,�2
noise), (9)

and the perturbed image is then clipped to fit into the range [0, 1] before preprocessing. As in the211

domain-adaptation experiment above, we take the model parameters with the best test accuracy, and212

then test them on corrupted data. Results in Figure 3a shows that models trained with the Jacobian213

regularization is more robust to white noise than others. This is in line with – and indeed quantitatively214

validates – the embiggening of decision cells as shown in Figure 1.215

Adversarial Perturbations: The world is not only imperfect but also filled with evil agents that can216

deliberately attack models. Such adversaries seek a small perturbation to each input example that217

changes the model predictions while also being imperceptible to humans. Obtaining the actual small-218

est perturbation is likely computationally intractable, but there exist many tractable approximations.219

The simplest attack is the white-box untargeted fast gradient sign method (FGSM) [Goodfellow et al.,220

2014], which distorts the image as ex = dx+ ✏ccrop with221

✏i = "FGSM · sign
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Table 2: Generalization on clean test data from an unseen domain. Accuracy on data from the
novel input domain of USPS test set using the LeNet’ model learned with all MNIST training data.
Here, each regularizer, including Jacobian, increases accuracy over an unregularized model. In
addition, the regularizers may be combined for the strongest generalization effects. Averages and
95% confidence intervals are estimated over 5 distinct runs.
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against random and adversarial input perturbations. Accuracy under corruption of input test data
for LeNet’ models trained on the MNIST dataset. (a) Considering robustness under white noise
perturbations, Jacobian minimization is the most effective regularizer. (b,c) Jacobian regularization
alone outperforms an adversarial defense (base models all include L

2 and dropout regularization).
Error bars indicate 95% confidence intervals over 5 distinct runs.
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adaptation techniques to achieve further gains.202

3.2 Evaluating under Data Corruption203

This section showcases the main robustness results of the Jacobian regularizer, highlighted in the case204

of both random and adversarial input perturbations.205

Random Noise Corruption: The real world can differ from idealized experimental setups and input206

data can become corrupted by various natural causes such as random noise and occlusion. Robust207

models should minimize the impact of such corruption. As one evaluation of stability to natural208

corruption, we perturb each test input image x to ex = dx + ✏ccrop where each component of the209
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regularization is more robust to white noise than others. This is in line with – and indeed quantitatively214

validates – the embiggening of decision cells as shown in Figure 1.215
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est perturbation is likely computationally intractable, but there exist many tractable approximations.219
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Next Steps

Robustness regularizers as 
unsupervised adaptive loss?

Adaptation to an adversarial 
domain?
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Adversarial 
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Continuous  
Learning

Continuous adaptation to 
adversarial images
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