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Abstract

This work proposes a new method to sequentially train a deep neural network on multiple
tasks without suffering catastrophic forgetting, while endowing it with the capability to
quickly adapt to unseen tasks. Starting from existing work on network masking (Wortsman
et al 2020), we show that simply learning a linear combination of a small number of task-
specific masks (émpressions) on a randomly initialized backbone network is sufficient to
both retain accuracy on previously learned tasks, as well as achieve high accuracy on new
tasks. In contrast to previous methods, we do not require to generate dedicated masks or
contexts for each new task, instead leveraging transfer learning to keep per-task parameter
overhead small. Our work illustrates the power of linearly combining individual impressions,
each of which fares poorly in isolation, to achieve performance comparable to a dedicated
mask. Moreover, even repeated impressions from the same task (homogeneous masks), when
combined can approach the performance of heterogeneous combinations if sufficiently many
impressions are used. Our approach scales more efficiently than existing methods, often
requiring orders of magnitude fewer parameters and can function without modification even
when task identity is missing. In addition, in the setting where task labels are not given
at inference, our algorithm gives an often favorable alternative to the entropy based task-
inference methods proposed in (Wortsman et all |2020). We evaluate our method on a
number of well known image classification data sets and architectures.

1 Introduction

Sequential learning without catastrophic forgetting has been an area of active research in machine learning
for some time (Maes et al.l |1996; [Thrun & Pratt, [1998; Serra et all, 2018]). A precondition for achieving
Artificial General Intelligence is that models should be able to learn and remember a wide variety of tasks
sequentially, without forgetting previously learned ones. In real-world scenarios, data from different tasks
may not be available simultaneously, which makes it imperative to both allow continued learning of a
potentially unbounded number of tasks (see also The Sequential Learning Problem (McCloskey & Cohen),
1989), Constraints Imposed by Learning and Forgetting Functions (Ratcliff, [1990) and Lifelong Learning
Algorithms (Thrun & Prattl [1998)). Recently, some successful approaches to combat this problem use
task specific sub-models, which allow neural networks to context-switch between different learning tasks
(Wortsman et al., 2020 [Mallya et al.| [2018; Mancini et al.| [2018]). The underlying context for each task
can be represented as “filters” or “masks”, altering the network connections for each task. Yet all of these
approaches scale unfavorably with the number of unique tasks to be learned.

ImpressLearn We propose a novel method which exploits transfer learning and network masking to
sequentially learn a theoretically unlimited number of tasks with much lower parameter overhead compared to
prevailing benchmarks. Our method, termed ImpressLearn, uses elements from Supermasks in Superposition
(SupSup) by Wortsman et al.| (2020]), which leverages the observation that even within randomly weighted
neural networks there exist task-specific supermasks—subnetworks produced by overlaying a binary mask
that selectively removes connections—which achieve good performance on the task. These supermasks can
be learned from task-specific data and stored, one mask per task. At inference, the appropriate task-specific
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mask is applied when task identity is known. When task-labels of a previously seen task are not known, the
correct mask can be inferred via entropy considerations.

Our ImpressLearn algorithm dramatically improves scaling of the parameters with the number of different
tasks by reducing the number of necessary masks to a constant number, independent of the number of
upcoming tasks. Our basis-masks are constructed from a small number of initial tasks (heterogeneous
setting), or from just a single task (homogeneous setting). Leveraging transfer learning, this set of learned
basis-masks, each of which can be interpreted as an impression of a previously seen basis-task, serves as
a collection of latent features for new learning objectives, encoding common structural information. This
might be reminiscent of associative learning where impressions of previous scenarios are combined to cope
with new ones. Once a set of basis-masks is identified, we learn an appropriate linear combination of these
impressions to quickly construct a real-valued mask that performs well on a new task. Hence, apart from
a fixed number of basis-masks, only a small number of coefficients need to be learned and stored for each
subsequent task. This greatly benefits scalability, a major drawback of previous methods (Wortsman et al.
2020; Mallya et al., 2018)). In principle, this allows for an unlimited number of new tasks and, when the
number of tasks grows, the parameter overhead is orders of magnitude smaller than required to store separate
binary masks for every task.
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Figure 1: Overview of the ImpressLearn method (best viewed in colour). Given a fixed-weight randomly
initialized backbone network, we show that a few binary mask "impressions" from training prior tasks (3 in
this case) can form a linear combination with coefficients « to learn new tasks. Unlike the impressions, the
resulting mask is real-valued, and not binary.

Homogeneous and random basis-masks Somewhat surprisingly, we can even generate all basis-masks
from the same initial task using different random seeds for the learning algorithm (but the same random
backbone network). We show that with a sufficiently large number of such homogeneous impressions, our
algorithm learns linear combinations with close to benchmark accuracy on new tasks. We are reminded of
an infant learning by taking different “snapshots” of the same object to infer properties of another. This
homogeneous setting is particularly useful to address possible drifts in the data; akin to ensembling, it
leverages the power of linear combinations for transfer learning. An additional important advantage is that
the homogeneous setting has no limit on the number of basis-masks we can generate ab initio (since this
requires a single task only).

To provide another baseline for our approach, we experimented with optimizing for a linear combination
of entirely random masks of desired sparsity. We demonstrate on several benchmarks that if we chose
a sufficiently large collection of such random basis-masks, our optimization still yields good performance.
While combinations of random masks naturally lag behind the heterogeneous and the homogeneous settings,
we show that there is a trade-off between the number of masks and their task-specificity (non-randomness).
In settings where producing task-specific basis-masks is costly, optimizing for a linear combination of a large
number of random masks can still yield satisfactory results.

Example: LeNet-300-100 on RotMNIST As a sneak-peak of our approach and its performance, Figure
[2 shows the accuracy of ImpressLearn compared to SupSup on Rotated MNIST task set. First, as a sanity



Under review as submission to TMLR

check, we apply basis-masks obtained from one task to tasks they were not optimized for. As expected, this
yields essentially random accuracy (see X in Figure , confirming that the performance of ImpressLearn
is beyond pure transfer learning and comes from linearly combining the initial impressions. Next, Figure
[ illustrates that ImpressLearn even with a small number of heterogeneous basis-masks is on par or even
superior to SupSup on unseen tasks. Note that ImpressLearn with a basis set of 10 masks requires only
3 x 10 = 30 parameters; in contrast, SupSup needs to generate an entire binary mask, which requires > 25K
tensor indices to specify (assuming 10% sparsity). Figure 2| also illustrates the performance of ImpressLearn
over homogeneous basis-masks; in this setting, we need a larger number of basis-masks to achieve accuracy
comparable to the heterogeneous scenario. Ultimately, however, we still match the performance of SupSup
with a vastly smaller number of additional per-task parameters. Lastly, the right plot of Figure [2] shows
that our algorithm can successfully operate when task identity is not provided at inference (cf. GN regime
(Wortsman et al., |2020))). Here, our optimization procedure finds the “correct” basis-mask or a linear
combination of basis-masks yielding similar or better performance, providing an alternative to the entropy-
based GN-inference developed by Wortsman et al.| (2020). In Section 4} we provide more empirical evidence
of the efficacy of ImpressLearn on a variety of benchmarks, outlining the radical savings in parameters that
need to be stored per task compared to SupSup.
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Figure 2: Left box plot: Average validation performance across 10 unseen RotatedMNIST tasks by the
number of basis impressions and impression type (X—incorrect mask, n—the number of basis heterogenuous
impressions, n”—the number of basis homogeneous impressions). Right box plot: Average performance
across seen tasks in the GN regime (no task identity available at inference). All results are averaged over 3
different seeds and over masks of sparsity € {0.95,0.92,0.9,0.85,0.8,0.75,0.7}

The GN regime Both SupSup and ImpressLearn are required to have access to task identities in order to
apply the right mask to the backbone network. To relax this requirement, Wortsman et al.[ (2020) extended
their algorithm to a more challenging regime (coined GN—Given/Not given) where task identifiers are
present during training but unavailable at inference. To achieve this, (Wortsman et al., 2020|) use a one-shot
minimization of the entropy of the model’s outputs to single out the correct mask. In Section [} we show
that our ImpressLearn algorithm is also able to achieve this task. In particular, we demonstrate that, when
applied to basis-tasks in the GN regime, the optimization routine of ImpressLearn either identifies the
corresponding basis-mask or finds a better performing combination of basis-masks.

In Section we briefly review related work and general approaches to countering catastrophic for-
getting, highlighting research that motivated our approach. In Section [3] we lay out the ImpressLearn
algorithm, including our modified objective function. In Section [l we demonstrate the effectiveness of
ImpressLearn on a variety of datasets and architectures to show close-to-benchmark performance with a
drastically reduced parameter count on unseen tasks, especially where the number of possible tasks is large.
We discuss our results including the trade-offs between homogeneous and heterogeneous masks. Finally, in
Section 5] we talk about limitations of our work and avenues for future research.
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2 Related Work

In practice, intelligence systems should be able to learn a variety of tasks incrementally and without experi-
encing catastrophic forgetting—degrading performance on previously acquired skills (McCloskey & Cohen,
1989)), while ideally transferring current knowledge to facilitate future training. Oftentimes tasks are diverse
and not available concurrently, making joint training impractical. Conversely, ordinary finetuning (continued
training of a pre-trained network) inevitably leads to catastrophic forgetting. Continual learning encompasses
a broad spectrum of algorithms and architectures that address these issues and propose systems capable of
learning from an incremental stream of tasks while minimizing catastrophic forgetting. Most naturally, these
techniques are categorized into three groups described below (Delange et al., 2021; [Wortsman et al.l [2020)).

Regularization-based methods This class of algorithms trains on new tasks by finetuning weights but
attempts to retain performance on previously learned tasks through regularization. A number of studies
assess the importance of individual parameters for previous tasks and penalize their displacement accordingly
during optimization. Pioneering this approach, [Serra et al. (2018|) estimate parameter importance using a
Laplace-approximated posterior distribution after training on earlier tasks. |Zenke et al.| (2017)) impose a
quadratic penalty proportional to the accumulated sensitivity of previous loss functions to perturbations in
the corresponding parameter; |Aljundi et al. (2018]) use the same strategy but accumulate sensitivity of the
network output to parameter perturbations instead. In contrast, |Li & Hoiem (2018) regularize by means
of distilling current knowledge on the incoming task’s data and using it during finetuning. Regularization-
based methods require no additional memory overhead per task and hence are advantageous in capacity
constrained settings. However, the plasticity of a network decreases with more tasks, imposing a natural
limit on new tasks, which creates a trade-off between learning new tasks and catastrophic forgetting.

Replay methods Techniques in this category preserve performance on prior tasks by replaying, rehearsing
or otherwise utilizing representative samples from the corresponding data distributions. Most commonly,
replay models store examples of seen data in a separate memory buffer (Rebufh et al., [2017; Rolnick et al.|
2019; [Riemer et al., |2019); others maintain generators that approximate the original data distribution and
provide pseudo-examples (Atkinson et al. 2021; [Shin et al., [2017). While the majority of algorithms in
this group replay stored examples during optimization to mimic joint training, |Lopez-Paz & Ranzato| (2017)
use them to constrain optimization space and ensure positive knowledge transfer. Replay methods require
additional memory to store data samples or allocate generators, however, these costs are usually kept fixed.
For this reason, like regularization-based models, replay models exhibit poor stability-plasticity trade-off
with more tasks and often come with increased memory requirements when compared to regularization-
based methods.

Parameter isolation methods These methods allocate new parameters for incoming tasks and feature
little to no interference between previously learned tasks. |Rusu et al. (2016|) allocate a new copy of the
network and enable forward transfer learning with lateral connections going into new modules. |[Ren et al.
(2017) combine individual learners in a decision tree and eliminate outdated models with tree pruning. A
large body of recent algorithms piggyback on a single backbone network shared by all tasks. As such, [Wen
et al.|(2020) (BatchEnsemble) operate on a fixed pretrained network and, for each incoming task, optimize for
a rank one parameter mask applied to the backbone at inference. Mallya & Lazebnik| (2018)) (PackNet) use
pruning to assign subsets of free parameters of a backbone network to individual tasks by issuing one binary
parameter mask per task. These assigned parameters are forever frozen at their trained values, limiting the
capacity of the network for future tasks. In a subsequent study, Mallya et al.| (2018)) (Piggyback) lift this
limitation by directly optimizing per-task binary masks and applying them to a fixed pretrained network.

Supermasks in Superposition (SupSup) ImpressLearn is most closely related to yet another related
method called SupSup (Wortsman et al.| |2020). This algorithm trains individual per-task binary masks and
applies them to a randomly-initialized network, leveraging the existence of supermasks (Zhou et al., |2019).
The mask optimization algorithm, edge-popup (Ramanujan et al.,[2019), uses a heaviside function to binarize
mask values on the forward pass and employs a straight-through estimator when computing gradients. In
addition, |[Wortsman et al.| (2020) propose different training and inference modes depending on availability
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of task identifiers; e.g., GG refers to the scenario when task identifies are known during both training and
inference, while in GN they are available only during training. In the latter case, |[Wortsman et al. (2020))
introduce a one-shot algorithm to infer task identity by minimizing entropy of the output, starting from a
uniform linear combination of masks and optimizing the coefficients. While at first glance this algorithm
resembles ours, there are essential differences as we use optimization of a refined linear combination to learn
new tasks. While SupSup and other related methods suffer no catastrophic forgetting regardless of the
number of tasks, they are required to store the corresponding parameter masks for each task, which is costly.
(Wortsman et al., [2020) address this by storing masks as attractors of a Hopfield network, but it is unclear
how feasible this approach is.

3 Approach

Preliminaries and notation We largely adopt the notation from |[Wortsman et al. (2020). For the
standard [-way classification task from a set of tasks T, inputs x are mapped to a distribution p over output
neurons {1,...,1}. Let f be a network architecture defined over the backbone weight matrix W, which is
taken to be random but fixed. Similar to (Wortsman et al., |2020) we use the Edge-Popup training algorithm
of Ramanujan et al. (2019) (based on an earlier work by |Zhou et al.| (2019))) to train a binary mask M* for
a task t € T. We further stratify each mask by layer: let d be the number of weight-layers of the network
computing f. For i € [1,...,d] denote by M} the part of the binary matrix corresponding to layer i of the
network such that M* = @, M!. Similarly, let W; denote the submatrix of W corresponding to the ith layer.
The sparsity € (0,1] of a mask M? is given by the fraction of zeroes in the mask and is usually fixed in
advance to s. For each task t € T' SupSup finds a mask M* to minimize E, ,\.pL(y, f(x, M* © W)), where
L is the loss function and D is the given data-generating distribution.

The ImpressLearn algorithm We define a set of basis-tasks T, C T and refer to its complement 7T,, =
T\ T} as collection of new tasks. We randomly initialize and freeze the backbone network with weights WH
Then, the algorithm proceeds as follows:

Step 1: For each t € T}, we use the edge-popup algorithm to create one or several basis-masks M?¢, leading
to a collection M = {M?' M2 ...} of basis-masks. We use up to 250 basis-masks for various benchmark
architectures and data sets.

Step 2: For each new task s € T}, we define a matrix o® € RIMI*? of learnable coefficients, one per basis-mask
per layer. To find the layerwise linear combination of basis-masks, we use SGD for the following optimization
problem:

&5 = argrgisn L (y7 f (x, Yo Mtem @leaii(Mf ® WZ))) . (1)

Initialization of o« A priori all basis-masks have equal chance to contribute to learning of the new task.
Moreover, testing any single basis-mask optimized for task ¢ on any other task ¢ # ¢ gives almost random
performance, implying that there is no direct knowledge transfer (see Section [4]). Hence, a uniform prior on
coefficients « is a reasonable assumption. We treat each layer independently, setting o, = 1/| M| at the
start of the gradient-based optimization.

Regularization While overfitting is less of a concern, given the small number of parameters in our opti-
mization equation , it is desirable that ImpressLearn discovers a sparse solution (i.e., uses as few basis-
masks as possible). This is especially relevant when performing inference on basis-tasks, where ImpressLearn
is expected to identify the “correct” mask among all basis-masks. Hence, in certain cases we apply regular-
ization on parameters « for each layer to obtain the following loss function:

_ 1)2 (2)

1We use Kaiming normal distribution (He et al. [2020) and set bias variables to zero.

Ml s
J=L+ )‘Z(iizl ( i‘&:l‘ g ;
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Heterogeneous, homogeneous & random masks In our heterogenous approach, we create one basis-
mask for each task in the collection of basis-tasks Tj. In this setting, we leverage knowledge transfer from
all basis-tasks to a new task. However, when tasks are scarce, limiting basis-mask generation to one per
task affects the viability of our method and does not allow for scaling benefits to become apparent. For
example, for Split-CIFAR-100 with 20 tasks, we can only generate at most 20 heterogeneous basis-masks.
Hence, we also evaluate our approach with a set of homogeneous basis-masks, i.e. all coming from the same
basis-task. A priori it is unclear whether masks produced on the same backbone network for the same
basis-task are sufficiently different to generate a diverse enough basis set. While previous work suggests
that wider network architectures can support multiple suitable subnetworks for a given task |[Ramanujan
et al| (2019); Frankle & Carbin| (2019), we find this effect is prominent even using relatively conservative
architectures such as LeNet-300-100 with PermutedMNIST (Lecun et al| (1998])). Our experiments show
that basis-masks are very sensitive to initial conditions of the popup scores and to data ordering: the overlap
of homogeneous masks produced with different random seeds is close to random. Hence, at sufficiently
low sparsities, homogeneous masks are practically independent. ImpressLearn can be extended to a mix of
homogeneous and heterogeneous impressions, though in this paper we only study the trade-off for purely
homogeneous and purely heterogeneous settings.

To quantify the importance of task specific data in mask generation, we experimented with a variation of
ImpressLearn where basis-masks are drawn randomly and not optimized (see Section 4] and . This allows
us to study trade-offs between random and task-specific masks and provide an alternative when optimizing
basis-masks with edge-popup is too demanding. While in general this approach requires more basis-masks
to reach commensurate performance, it may be more suitable in scenarios where optimization is costly.

Optimization and parallelization We use the edge-popup algorithm with random initializations for
the edge popup scores and data ordering to generate basis-mask collection M. One fetching attribute of
ImpressLearn is the ability to parallelize the training process. Our approach allows for all masks to share
the same backbone network, both in the heterogeneous and the homogeneous settings. Thus, one can train
multiple basis-masks at the same time on different GPUs, only constrained by the number of cores or GPU
accelerators available.

4 Experimental Results

We evaluated ImpressLearn over the following classification datasets: MNIST (Lecun et al., [1998]): Permuted
and Rotated; Split-CIFAR-100 (Krizhevsky, 2012) and Split-ImageNet (Deng et al., |2009). A detailed
description of our experimental choices and infrastructure can be found in [A]

Main results Overall, our experiments demonstrate the strength of ImpressLearn in various settings
(Figures . ImpressLearn is capable of successfully learning new tasks with a fraction of the parame-
ters required by other approaches. In line with expectations, we see a strong positive relationship between
accuracy and the size of the impression set | M|, which saturates at different data-specific sizes. While the
number of heterogeneous masks required for competitive accuracy varies by dataset, ImpressLearn is partic-
ularly resource-efficient when the number of possible tasks is large so that it becomes prohibitively costly to
store a separate mask for each task (e.g. PermutedMNIST with 784! tasks). Compared to the heterogeneous
scenario, we need more homogeneous basis-masks to achieve similar performance (and even more random
masks, see . For SplitImageNet, we only show results for a heterogeneous basis-mask set with |[M| < 35
due to limitations on compute (Figure |5). We anticipate that with a larger basis-mask set, ImpressLearn
will achieve the performance of SupSup. Additionally, note that ImpressLearn’s a-optimization procedure
yields performance superior to SupSup’s entropy minimization under the GN regime on SplitImageNet.

Ablation: incorrect masks We confirm that all performance of ImpressLearn comes not from chance
application of a suitable mask that does well on other tasks but rather from appropriately combining multiple
masks through a learned linear function. In particular, we test impressions derived from one basis-task on
other tasks and find that the incorrect basis-mask fails to have any predictive power on other tasks when used
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Figure 3: Left box plot: Average performance on 10 new PermutedMNIST tasks by the number of impressions
and impression type (X—incorrect mask; n”—the number of homogeneous masks, n—the number of random
masks). Right box plot: performance of our a-optimization in the GN regime restricted to basis-tasks. All
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Figure 4: Left box plot: Average performance on 5 new Split-CIFAR-100 tasks by number of impressions and
impression type (X—incorrect mask; n—the number of homogeneous masks, n—the number of random
masks). Right box plot: performance of our a-optimization in the GN regime restricted to basis-tasks. All
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Figure 5: Left: Average performance on 5 new Split-ImageNet tasks by number of heterogeneous impressions;
X indicates incorrect mask. Right: Performance of our a-optimization in the GN regime restricted to basis-

tasks.
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Ablation: hybrid ImpressLearn In order to understand the value of linear combination of basis-masks,
we implemented a hybrid method that follows ImpressLearn in all hidden layers (i.e., optimizes a linear com-
bination of basis-masks for each new task) and SupSup in the output layer (i.e., allocates a learned binary
parameter-mask for each new task). This hybrid approach is only marginally better than ImpressLearn and
only when the number of basis-masks is small. As the number of basis-masks increases, the two methods
yield equivalent performance (Section [C|and Figure . This demonstrates that ImpressLearn is not just a
simplified version of SupSup but rather a novel algorithm with its unique properties and core principles. Ad-
ditionally, these ablation experiments show that ImpressLearn is unlike trivial finetuning of the classification
layer; instead, it takes advantage of all layers to reach its performance.

GN regime To evaluate the strength of our optimization routine, we studied the regime where task
identifiers are not provided at inference (GN). In the first set of experiments, we employ ImpressLearn’s -
optimization and the one-shot entropy minimization from Wortsman et al.| (2020) over a linear combination
of all basis-masks with respect to one of the basis-tasks from T}, without explicitly providing its identity.
For most architecture-dataset pairs, our strategy either determines the correct basis-mask or discovers an
even better-performing linear combination of basis-masks (the right plots of Figures and [5]). Thus,
as shown in Figure [6] ImpressLearn applied to unknown basis-tasks outperforms SupSup in both GN and
GG regimes, i.e., even when task labels are available to SupSup and not ImpressLearn. Similar results are
observed when applying the two algorithms in the GN regime on a mixture of basis-masks and real-valued
masks precomputed from the coefficients discovered by ImpressLearn for non-basis tasks. As before, our
optimization routine compares favourably to the one-shot entropy minimization.

Model efficiency & parameter savings

We present parameter savings of our Im- 088
pressLearn algorithm compared to SupSup A ,r"f‘u*".f"lr"“.;\ *’,;"x"'l"lfﬂ?“\ur\r'
across various architectures and datasets (Ta- - l.:‘«"‘m\w,_:urv AN ! )
ble. Our approach has the fixed cost of stor- Il‘u\f"\"v"

ing the basis-masks as well as the task-specific 084 ‘_.,.'

coefficients («) for each new task. Amortizing 1

mask storage across tasks and accounting for

storage of the coeflicients «, we get particularly

impressive savings of an order of magnitude 0.80

or more for datasets with a large number of MW/WWM
tasks (e.g., PermutedMNIST and ImageNet).

0.78

0.82

Accuracy

We have also evaluated potential savings our
approach could yield for several common ar-

0.76 1 =="- ImpressLearn (Basis GN)
chitectures by giving an educated guess on the SupSup (GN)
number of required basis-masks. In the case of o7q L upSup(GG)
ImageNet, the number of potential tasks is so 50 100 150 200

large that storage of basis-masks per new task Tosk

is very small even if we double the number of
basis-masks considered, and memory required
to store the coefficients remains small. Over-
all, we believe that ImpressLearn affords con-
siderable savings in memory at the expense of
either no or vanishing loss in accuracy, which
can be further mitigated by expanding the set
of basis-masks.

Figure 6: Validation accuracy of ImpressLearn-GN,
SupSup-GG, and SupSup-GN (+one-shot entropy mini-
mization) on PermutedMNIST. In the GN regime, re-
sults are averaged across 10 different data splits and
orderings per seed and sparsity. All results are aver-
aged across 3 different seeds and masks of sparsity €
{0.95,0.92,0.9,0.85,0.8,0.75,0.7}.

5 Discussion

In this work, we extend an existing continual learning algorithm (SupSup) and design our own (ImpressLearn)
that, leveraging principles from transfer learning to generalize to new tasks, allows for scalable and parameter-
efficient continual learning. Using a simple linear combination of masks, or impressions, we see that even
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this basic setup is capable of learning new tasks effectively. We show that this effect is consistent across task
types and network architectures, and that it achieves competitive performance while using significantly fewer
parameters. This work highlights the advantages of reusing existing meta-features learned on previous tasks
for future learning problems and opens up a space of possibilities of applying transfer learning to protect
against catastrophic forgetting.

Table 1: Parameter trade-off for different models and datasets. The maximum number of possible tasks for
each dataset is given in brackets. For ImageNet, we have assumed 10-way classification tasks. For Rotat-
edMNIST, we have assumed a 1 degree granularity of rotations. Paramweter counts do not include biases
or batchnorm parameters. Mask size is the space on disk required to store each additional parameter mask
as 16-bit integers. The number of basis-masks | M| was approximately chosen to give a close-to-benchmark
performance on new tasks. The number of per-task parameters (floating point) required by ImpressLearn is
denoted by |af|. ® is the storage per task amortizing the cost of storing | M| basis-masks over all possible
tasks. Efficiency factor (eff.) is the compression or savings ratio with respect to SupSup.

Dataset (Max Tasks)
Model # params | mask (kB) | [M| | |of] | @ (kB) | eff.
PermutedMNIST (784!)
LeNet 300-100 266K 65 100 | 300 1 55
RotatedMNIST (359)
LeNet 300-100 266K 65 5) 15 1 67
Split-CIFAR-100 (20)
ResNet-18 6.2M 1,513 10 210 757 2
Wide ResNet-18 11.7TM 2,856 10 210 1,429 2
Wide ResNet-34 21.8M 5,322 10 370 2,662 2
ImageNET (2100)
VGG-16 137.9M 33,667 75 1,200 1,207 28
ResNet-50 25.6M 6,250 75 3,975 238 26
ResNet-101 44.5M 10,864 75 7,800 | 418 26
ResNet-152 60.2M 14,697 75 11,625 | 570 26

One application of our approach could be protection against drifts in the data. In the homogeneous basis-
masks setting, one could learn a few basis-masks as well as their linear combination, and then update the
latter accordingly when anticipating that the underlying data distribution drifts steadily. To our knowledge,
no other approach allows for such easy continual adjustment since most of them fix masks or weights for
fixed tasks.

Limitations Our experimental results show that ImpressLearn works well on several benchmarks, and
particularly shines when the number of new tasks is large. In scenarios where the number of different tasks
is small (e.g., Split-CIFAR-100 with 20 tasks only), our approach will only give limited parameter savings, if
any. For Split-ImageNet, we were only able to evaluate ImpressLearn for a relatively small number of masks
and could not match benchmark performance. However, specifically in this case, our parameter savings are
impressive and highlight the power of transfer learning in this setting.
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A Experimental details

Our experiments encompassed a range of sparsities: s € {0.95,0.92,0.9,0.85,0.8,0.75,0.7}. For consistency,
we maintained the same numerical ordering of tasks from each dataset across all experiments. Each seed
varied the random initialization of edge-popup scores and the training data ordering. For a heterogeneous
basis set, we used one seed to generate all basis-masks M. In the homogeneous scenario, we seeded every
mask to ensure mask diversity. The backbone network was kept fixed for each unique combination of M and
a-optimization for new tasks. All runs were performed on three different backbone networks and train/test
splits to ensure that results were sufficiently general. The boxplots show averages over all settings and
sparsity levels.

For the training of all models except LeNet-300-100, we used GPU enabled hardware to expedite optimization.
Our experiments were performed on an internal cluster enabled with NVIDIA V100 Tesla and RTX 8000
GPUs.
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Table 2:  Overview of hyperparameters. For homogeneous basis-masks, | M| is the largest number of
masks tried. For ADAM, momentum was set to 0.9 and weight decay to 0.1.

Model dataset [Mpom| LR A optimizer batch
LeNet-300-100 Rotated MNIST 250 0.002 0 RMSprop 128
LeNet-300-100 PermutedMNIST 250 0.002 0 RMSprop 128
ResNet-18 Split-CIFAR-100 75 0.02 0.005 ADAM 64
ResNet-50 Split-ImageNet 75 0.0025 0.005 ADAM 96

B Random Basis-masks

Here, we compare performance of a set of random basis-masks to homogeneous masks to illustrate the trade-
offs when basis-mask optimization with edge-popup is prohibitively expensive (Figs. and [9). Generally,
as the number of random masks increases, this modification of ImpressLearn fares surprisingly well and could
become an alternative for resource-constrained scenarios with only a slight degradation in accuracy.
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Figure 7: Random vs homogeneous masks: Average validation performance on 10 unseen Rotated MNIST
tasks by number of impressions and impression type (X—incorrect mask; n”—the number of homogeneous
masks, n—the number of random masks). All results averaged over 3 different seeds and masks of sparsity
€ {0.95,0.92,0.9,0.85,0.8,0.75,0.7}.
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Figure 8: Random vs homogeneous masks: Average validation performance on 10 unseen Permut-
edMNIST tasks by number of impressions and impression type (X—incorrect mask; n”—the number of
homogeneous masks, n—the number of random masks). All results averaged over 3 different seeds and
masks of sparsity € {0.95,0.92,0.9,0.85,0.8,0.75,0.7}.
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Figure 9: Random vs homogeneous masks: Average validation performance on 5 unseen Split-CIFAR-
100 tasks by number of impressions and impression type (X—incorrect mask; n”*—the number of homoge-
neous masks, n—the number of random masks). All results averaged over 3 different seeds and masks of
sparsity € {0.95,0.92,0.9,0.85,0.8,0.75,0.7}.

C Hybrid ImpressLearn

As another ablation experiment, we employ ImpressLearn for all hidden layers of the model but learn
a separate binary parameter-mask for the output layer with edge-popup for each incoming task, just as
SupSup does. As the number of basis impressions grows, the difference between this hybrid approach and
our ImpressLearn vanishes (Figure . Hence, allowing more parameters in the last layer (for an additional
edge-popup mask) does not improve the performance and the power of ImpressLearn does not reside solely
in finetuning parameters for new tasks. Lastly, these results evidence that ImpressLearn is qualitatively
different from SupSup and offers its own benefits and trade-offs.
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Figure 10: Left: hybrid (marked h) vs ImpressLearn (heterogeneous impressions). Right: hybrid (marked
h™) vs ImpressLearn (homogeneous impressions). Average performance across 5 new Split-CIFAR-100 tasks
by number of impressions, model, and impression type. All results averaged over 3 different seeds and masks
of sparsity € {0.95,0.92,0.9,0.85,0.8,0.75,0.7}.
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