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Abstract
One of the major drawbacks of deep learning models has
been their lack of ability to generalize to new, but similar
domains while maintaining their performance on the original domain they were trained on. Specifically, in vision
models, shifting from a domain such as “sketch images”
to “painting images” can lead to a drastic drop in performance on the original domain, even for the same task when
we fine-tune on the new domain. In some fields such as continual learning, this problem is referred to as catastrophic
forgetting. In this work, we provide methods to analyse
the weights of a neural network that are important for the
source domain and provide a fine-tuning method that can
improve performance on the target domain while maintaining performance on the source domain. We also analyse
the weights that need to be changed the most when going
from one domain to another, which can provide insightful
information to train vision models in the future.

Figure 1. We hypothesize that after training a vision model on a
source domain, certain weights (denoted θspecialized are highly specialized to the source domain and should not be edited when finetuned in the source domain, whereas the other weights (θreuse can
be modified.

driving environment should retain strong performance in
the original environment it was trained on, while achieving
competitive performance in the new environment. Another
example is when a image classifier is trained one domain
like paintings and when this is used to fine-tune on a new
domain with cartoon images, it loses its performance on
the original painting domain. This is related to the catastrophic forgetting problem in continual learning where a
model trained on a new task tends to forget older tasks it
learned.
In this project, we examine methods by which models
can be adapted to a new domain without experiencing significant catastrophic forgetting. One way to achieve this
could be by modularizing the network and splitting the
weights as being specific to the source domain and others
that can be edited to improve performance on the target domain without a drop in the source domain. We take inspiration from methods that edit the weights of a trained model
as a means of adapting its performance. Specifically, we
focus on differentiable weight masks [5] and model editor
networks literature such as [17], methods which either directly modify or mask the weight matrices of a trained neu-

1. Introduction
Deep learning algorithms have proven to be extremely
successful in a wide range of supervised learning tasks [2]
[19] in vision and language. These methods are capable
of utilizing large datasets to learn models which can generalize to new datapoints which are within the training data
distribution. Although some particularly large models such
as GPT-3 and DALLE-2 have exhibited emergent qualities
of generalizing to new data distributions, smaller models in
vision and language tend to suffer from distribution shift.
Often, when practitioners want to improve the performance of their model on a new domain that is out of distribution from the one they trained on, a natural idea is to
fine-tune the weights of the model with data from this new
domain. This often tends to improve the performance on
the new (target) domain but tends to lose performance on
the original (source) domain. However, we’d like models
to be able to maintain their performance on the source domain while improving on the target domain. For instance, a
model used in a self-driving car which is adapted to a new
1

ral network in order to analyze the network’s properties or
to edit its performance on specific datapoints. In our setting, we use methods similar to these to identify weights
that can be modified to retain source domain performance
while achieving improved target domain performance.
Overall, our contributions are as follows:
1. We provide algorithms that can modularize a pretrained network by classifying the weights as those important to the source domain and those that can be finetuned for the target domain.
2. We demonstrate that these methods do not deteriorate
much in performance in the source domain while improving performance on the target domain.
3. We also analyse the weights that get modified in this
process and offer explanations and insights for the
same.

[20, 22] – in our work, we hope to also analyze and utilize
the modularity of networks, but in the setting of domain
adaptation from 1 source domain.
Continual Learning As with transfer learning and
multi-task learning, continual learning is a field in which a
model must learn multiple tasks at once. However, in continual learning, tasks are presented in a sequential manner;
once a task’s data is presented to the model for training, the
model no longer has access to that task’s data and is presented with a new task’s data. However, at the end of training, the model is evaluated on all tasks, and must hence
retain predictive performance on previous tasks. Common
methods in continual learning gate hidden units in the network [16], or examine at synaptic stability of weights [23].
Our setting is highly similar to a 2-task continual learning
setup, in which the source domain is the first task presented
to the model, and the target domain is the second task presented.

2. Related Work

3. Problem Setup

Transfer Learning Transferring a model trained on one
dataset to a new dataset has been a common paradigm in
both computer vision [6] and natural language processing
[7, 3]. In these settings, the learning algorithm typically has
learned a particular task utilizing large set of training data
for that task, and must use the knowledge gained from this
task to transfer to a new task (from which the learning algorithm has a limited set of data). Our setting is very similar
to this; however, our setting assumes that at the learning algorithm must adapt to a distribution shift (typically in the
inputs) and not a new prediction task. Furthermore, we explicitly care about performance in the first task in addition
to the model’s performance on the transfer task.
Domain Adaptation Domain adaptation takes a similar
setup to transfer learning, with the primary difference being
that the learning algorithm has access to training data from
multiple source domains and must “transfer” to a target domain. Many domain adaptation methods explicitly take advantage of the multiplicity of source domains to which they
have access; for instance, domain adversarial feature learning methods [9] aim to learn representations that are invariant across all domains, and mixture of experts methods use
ensembling style approaches to combine models from multiple domains [10]. The setting in which we operate is similar to this setting, but we assume access to only one source
domain.
Multi-Task Learning Multi-task learning is another setting that tackles the problem of simultaneously learning
multiple learning tasks at once. Here, methods typically assume simultaneous access to all training tasks of interest,
whereas domain adaptation and transfer learning settings
typically Analyzing the modularity of networks in this setting has been an approach adopted by many different works

Consider a source domain task S and a model trained to
performance inference on this domain fθ . We have a target
domain task T we would like to generalize to. We would
like to modify fθ to obtain a model fθ′ that performs well
on both the source and target domains. This modification
must be achieved with a dataset DT from the target domain
and the original dataset from the source domain was DS .
We no longer have access to DS once the model has been
pre-trained. We would like to achieve this by modularizing
the weights of fθ by splitting the parameters θ into θspecialize
and θreuse as described in the [5] paper.

4. Datasets
We are conducting our initial experiments on the PACS
dataset [15]. PACS is an image dataset for domain generalization. It consists of four domains, namely Photo (1,670
images), Art Painting (2,048 images), Cartoon (2,344 images) and Sketch (3,929 images). Each domain consists of
the same seven classification categories: dog, elephant, giraffe, guitar, house, and person. We would like to study the
generalization performance on each pair of domains from
this set. For instance, we could first train on the Photos
dataset as the source domain, and evaluate performance on
the Cartoon dataset.

5. Method
As described in the previous sections, the core idea is
that modularizing the weights of a pretrained network into
θreuse and θspecialize can help in alleviating the catastrophic
forgetting issue. The idea is that we can freeze the θspecialize
weights when fine-tuning on the target domain so we don’t

Figure 2. Images from the PACS dataset. The PACS dataset consists of 4 domains – art, cartoon, sketch, and photos. The domains
consist of the same categories of images.

change the weights that are important to the source domain
in the process of transfer learning.
There are several methods one can think of to split the
weights into θspecialize and θreuse . One common theme we
can think of is a training scheme that outputs a binary output for each weight on whether we are allowed to modify
that weight or not. In other words, for a given layer of
weights W ∈ RD , we would like to learn a binary mask
M ∈ {0, 1}D , where if the mask has a value of 1 then the
weight must be frozen in the fine-tuning step and if its 0 then
the weight is allowed to change. In all our experiments, for
computational reasons we only mask the final layer of the
pre-trained model.

5.1. Naive masking
First, we try a naive method to learn a mask M from the
weights W. To this end, we first analyze the distribution of
the weights in W and noticed the distribution looked normal
as shown in figure 4.
One naive idea is that the weights that are far away from
the mean are the important weights and the ones close to the
means are not very important for the task. Let the mean of
the weights in W be µ and the standard deviation be σ. We
set M such that the values in M are 1 if (w > µ + σ) |
(w < µ − σ) where w is each weight in W. The idea is that
the “extreme” weights are the ones important for the source
task and represent θspecialize and must be kept frozen for the
fine-tuning process.

5.2. Editor networks based
Ideally we would like to learn the mask M using a learning process. However, learning a binary mask can prove to
be challenging since discrete distributions cannot be differentiated through easily. One idea is to borrow concepts from

model editor networks literature [17, 4] to learn an auxiliary
∆W ∈ RD from which we can recover M using some simple thresholding. The idea is to pretrain a model on some
source domain S to convergence. Let the last layer weights
of this learned model be W. We would like to learn a ∆W
such that we can edit the weights of the learned model by
replacing W by W + ∆W and we train on the same source
domain. We would like to make ∆W such that we make as
many edits as possible to the already tuned weights W without suffering too much of an increase in the cross-entropy
loss (on the source domain). In other words, we are asking
the question: “How much can I edit my pre-trained weights
so that I still maintain my performance on the source domain?”. We would like to edit as many weights as possible
because if its possible to edit the weight while maintaining the performance on the source domain, then the weight
probably does not belong to θspecialize . We would like to find
a small set θspecialize so that we can gain maximum performance on the new target domain without losing out on performance on the source domain. To ensure that our learned
∆W tries to edit as many weights as possible in the learning process, we add a “L1 regularizer” that encourages the
∆W values to be non-zero. Here we use “L1 regularizer” in
quotes because this is doing the opposite job of a regularizer
in the sense that it is increasing the values of the parameters
instead of making them smaller. In this sense, it is more like
an anti-regularizer. So the overall objective is to reduce the
cross-entropy loss (in the same source domain) while also
reducing this regularization loss.

Ledit (∆W) = CE Loss(W + ∆W) + β

X
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In the above equation, β is a constant that controls the
regularization strength and β < 0 to indicate that we want
to increase the second term. Also note that the loss is only
a function of ∆ W or in other words, there is a stop gradient over W and we are not fine-tuning these weights at this
stage. Also note that this ∆W is not the output of another
model and is just a trainable parameter in implementation.
In other words, ∆W is not a function of a particular input
but rather a function of the entire domain and the weights
W.
Now that we have our trained auxiliary mask, ∆W, we
can recover a M from this by thresholding the values in
∆W according to some heuristics.
Intuitively, values in ∆W which have large magnitude
indicate that the corresponding weights could be edited
without drastically impacting the performance, whereas entries in ∆W which are small in magnitude reflect that the
original weights must be kept fairly intact in order to maintain performance.

Figure 3. The figure above depicts the models described in sections 5.2 and 5.3. In figure (A), we show the model described in section 5.2
based on learning real-valued edits to the final layer W shown above and in (B), we show the model to learn a binary mask over W as
in section 5.3. “reg” refers to regularization and the dotted lines represent gradients. Note that there is no gradient flowing into θ and we
don’t update W either.

Figure 4. Distribution of weights after training on the Photo domain

Following this intuition, we first compute the magnitude of ∆W by taking the absolute value of its entries
(abs(∆W)); then, we freeze weight values which are less
than 1 standard deviations than the mean of the absolute
values. This results in a binary mask B.

5.3. Binary masks
Our final goal is to recover a mask M such that we know
which weights in W belong to θspecialize and θreuse . In the
previous two methods, we explored techniques where we
have a real-valued mask from which we recover a binary
mask via thresholding. Can we learn a binary mask directly
as a part of the training process? In other words, given W,
can we directly learn M without having to go through auxiliary masks as we saw in the previous method? If we are
able to learn a M directly as a part of the training process,
we can simply freeze the weights indicated by a 1 in M
and fine-tune the rest. Further, the weights that are getting
masked out, i.e. 0 in M should not be very useful for the

source task since the performance on the source task doesn’t
fall by much when we mask these weights.
In general, it is difficult to learn discrete masks like the
binary mask M we desire with gradient based methods
like neural networks since generally, we cannot differentiate through discrete sampling operations. Sampling from
continuous distributions like normal distributions is still differentiable because of the famous re-parametrization trick
such as in [14].
However, recent work [13] has shown that the Gumbel
distribution can be used to generate discrete samples from
a neural network in a differentiable fashion [5, 18]. The
method in this section is based on the technique described
in [5] and we describe it in detail below.
The training procedure is as follows: once we have a pretrained model on the source domain, we would like to learn
a binary weight mask M that will replace the final W of
the model with W * M where * represents an element-wise
multiplication operation. We represent M as a parameter so
once again, it is not the output of any model since we don’t
expect M to change with input but rather just be a function
of the domain and W. We train M as a real-valued logits parameter but during the sampling process, we sample
binary masks using M using the Gumbel-sigmoid procedure which is derived from the Gumbel-softmax trick in [5].
Specifically, we can sample si ∈ [0, 1] from the real-valued
mask M as:
si = σ((li − log(log U1 / log U2 ))/τ )
Here, τ is the temperature parameter of the Gumbel distribution and we fix it as 1 for all our experiments. Typically
τ tends to be harder to tune and often needs to be annealed
during the training process [13]. However, for our experi-

ments, we found this setting to work well. U1 and U2 are
drawn from U (0, 1) which is the uniform distribution between 0 and 1. li is a single logit in the real mask M.
We now binarize the s output to get a binary mask B with
values bi ∈ {0, 1} as follows:
bi = [1si >0.5 − si ]stop + si
Here, we have used the straight-through estimator [12, 1]
to ensure that the binary samples are differentiable. [·]stop
represents a stop-gradient indicating we don’t differentiate
through that term.
Now that we have this binary mask, we multiply this
mask element-wise with the frozen model weights from
the pre-trained model to get the output. Our objective is
to decrease cross-entropy loss while masking out as many
weights as possible.

Lmask (M) = CE Loss(B ∗ W) + β

X

Mi

i

Here, the regularization term is similar to the one we saw
in the previous section but here β > 0 since we want to
drive down the sum as much as possible since we want to
mask as many weights as possible. The regularization term
is crucial in recovering a fairly sparse mask at the end of
training. During training, for stability, we sample multiple
masks per batch as prescribed in [5]. At the end of training
or during validation, we can get a binary mask from M as
follows:
B = 1M>0

5.4. Using the trained masks for fine-tuning
Once we have trained our masks on the source domain
S, we can fine-tune our model on the new target domain
T , while not losing performance on the source domain. As
mentioned, for a binary mask B, bi = 1 denotes that parameter i is important for the model to perform well in the
source domain. Therefore, for all parameters θi such that
bi = 1 (i.e. θi ∈ θspecialize ), we let θi = θiS∗ , where θS∗ denotes the fully trained weights on the source domain. For all
parameters θj such that bj = 0 (i.e. θj ∈ θreuse ), we have a
few options: (i) θj = θjS∗ , where we start updating θj from
its final trained value on S (ii) θiS , where θS denotes the
original initialisation of the weights for the model before it
was trained on the source domain S. The rationale is that
each weight θi reached its values relative to other weights
given its specific initalisation, and to allow the final θspecialize
weights to interact better with θreuse , it might be beneficial
to reset θreuse to the original initialisation. This motivation
is inspired from [8]. (iii) θirandom , where we also consider a
fully random re-initialisation of θreuse . More details about

these initialization strategies are in section 6.6. Our default
initialization strategy is (ii).

6. Experiments
In this section we explore the effect of varying masking
strategies with respect to performance on the target domain
and the performance on the source domain after fine-tuning
on the target domain. We would like to improve performance on the target domain and make sure we’re not losing
too much performance on the source domain.
For all our experiments we use a ResNet-18 backbone
[11] initialized with ImageNet [21] weights. We then train a
MLP head on the source domain and fine-tune on the target
domain as described in section 5.4.

6.1. Baselines
In our plots in figures 5 and 6, we compare the performance of the various masking methods on both the source
and target domain with the performance of models which
are fine-tuned on the target domain but do not use any masking methods. Ideally, masking methods will surpass the performance of this baseline.
For the target domain, we compare against direct finetuning on the target domain without any masking (which
acts as the oracle on target domain performance) and training on the target domain initialized with ImageNet weights.

6.2. How do the different masking strategies compare against each other?
The performance of the different masks on the target domain and the source domain (after fine-tuning on the target
domain) are shown in figures 5 and 6 respectively. In each
figure, each sub-plot represents the four different source
domains and the three groups of bars represent the performance on the three other domains as target domains.

6.3. Source domain performance
In all the source domain plots, we see that the binary
masking technique (green bar) does much better than the
other strategies in alleviating the catastrophic forgetting issue. The blue line indicates the performance on the source
domain after fine-tuning on the target domain. The editbased masking strategy and the naive masking strategy are
only able to beat the baseline in some settings. We suspect
this is probably because of poor choices of thresholds for
the real-valued masks that can probably be tuned better for
each domain.

6.4. Target domain performance
In the target domain performance, we see that the performances of various masking strategies are very similar.
However we do notice here that the real-valued masking

Figure 5. Performance of various masking strategies on the source domain after fine-tuning on the target domain

strategies outperform the binary masking strategy in several
cases. The blue and purple bars show the performance when
we fine-tune on the target domain without a masking strategy and where we fine-tune on the target domain starting
from random weights respectively. As we will see in the
next section, it is quite impressive that we are able to reach
close to this performance on the target domain because we
find that the masking process tends to freeze most weights.
The binary masking strategy freezes the most weights compared to the real-valued masks and this explains why it
shows better performance on the source domain and not as
good performance on the target domain. Of course, the fact
that real-valued masks do not freeze as many weights may
be a thresholding issue. However, it is surprising that even
with a small subset of weights, we are able to achieve close
to optimal performance on the target domain.

6.5. How sparse are the trained masks using the
binary masking strategy?
Figure 7 show the sparsity of the masks on the four
domains when we use the binary masking strategy. In

these figures, yellow represents weights that are frozen i.e.
θspecialize and purple represents weights that are fine-tuned
i.e. θreuse . As we can see, the learned masks encourages
more weights to be frozen. This is perhaps because of our
initial bias in the training procedure (refer to section 5.3).
It is quite surprising then that we are able to achieve close
to the optimal performance on the target domain even when
most of the weights are frozen.

6.6. How does the performance of the binary masking strategy vary with different weight initialization strategies on the target domain?
We compare the three different weight initialization
strategies for the binary masking method as described in
section 5.4. The results are presented in table 6.6. The performance is close across the different methods but as we can
see, the initialization with the initial weights on the source
domain as described in method (ii) in section 5.4 does the
best and this is in line with the results in [8].

Figure 6. Performance of various masking strategies on the target domain after fine-tuning

Figure 7. Visualizations of binary masks trained on the four domains. Yellow grids represent weights that are frozen (i.e., the weights are
not updated during fine-tuning), whereas purple grids represent weights that can be updated during fine-tuning.

7. Conclusion and Future Work
In this project, we compared the efficacy of 3 different
masking strategies and their effect on alleviating the catastrophic forgetting problem on transfer learning settings. We
showed that the binary masking strategy is effective at alleviating catastrophic forgetting while the real-valued masking strategies are better at target domain performance. We

also analysed the sparsity of the learned masks and the effect of different weight initializations in the fine-tuning process.
There are several directions that we would like to take
this project in as a part of future work.
We would like to study a few more masking strategies
and how they compare with these techniques and what their
properties are. For example, we could take inspiration from

Domain
Method
S Start
S End
Random

Photo
S Gain T Drop
-0.029
-0.025
-0.014
-0.027
-0.014
-0.027

S Gain
0.062
0.051
0.064

Art
T Drop
-0.030
-0.038
-0.036

Cartoon
S Gain T Drop
0.035
-0.019
0.021
-0.016
0.001
-0.021

Sketch
S Gain T Drop
0.054
-0.056
0.043
-0.059
0.023
-0.058

Table 1. Ablation study to determine best method of initialisation for θreuse . S Gain represents the average performance gain (in accuracy)
on the source domain, and T drop represents the average performance drop on the target domains after using the masking strategy. Higher
values are better.

the field of information theory to ask the question “which
weights in my final layer give me the most information
about my output logits?” or “mask weights such that the
output distribution before and after masking are close”. The
first question can be modeled with a Mutual Information I
based objective and the second question can be modeled using KL-divergence or Wasserstein distance.
We could also consider editing a low-rank approximation of the weights W such that the highest eigenvalues are
kept fixed, while we allow edits on the lower eigenvalue decomposition. This could be useful for learning masks on
high-dimensional weight vectors where learning an edit for
each weight might be expensive.
We can also imagine that such a technique could be
used for multi-task learning or continual learning problems
where we are learning more than just two tasks (so we have
more than just a source and target domain) and even after
learning K tasks, we want to make sure that we remember
the first task that we learned.
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