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ABSTRACT

Foundational vision-language models have shown impressive performance on
various downstream tasks. Yet, there is still a pressing need to update these models
later as new tasks or domains become available. Ongoing Continual Learning
(CL) research provides techniques to overcome catastrophic forgetting of previous
information when new knowledge is acquired. To date, CL techniques focus only
on supervised training sessions. This results in significant forgetting yielding
inferior performance to even the prior model zero shot performance. In this work,
we argue that test-time data hold great information that can be leveraged in a
self-supervised manner to refresh the model’s memory of previously learned tasks
and, hence, greatly reduce forgetting at no extra labeling cost. We study how
unsupervised data can be employed online to improve models’ performance on
prior tasks upon encountering representative samples. We propose a simple yet
effective student-teacher model with gradient-based sparse parameter updates and
show significant performance improvements and reduction in forgetting. This could
alleviate the role of an offline episodic memory/experience replay buffer.

1 INTRODUCTION

Foundation models in computer vision have shown impressive performance on various downstream
tasks and domains, which renders them a key building block of various solutions, including generative
vision language models [Li et al.|(2022); |Chen et al.| (2023)); Bommasani et al.| (2021). However,
naively adapting pretrained models to changes in data distribution or new tasks faces the well-known
catastrophic forgetting phenomena[McCloskey & Cohen|(1989), where new learning sessions interfere
with what a model has previously acquired. To overcome catastrophic forgetting, Continual Learning
(CL) has emerged as a branch of machine learning to enable models to continuously adapt to evolving
distributions of training samples or supervision signals over time. A variety of approaches have been
proposed to mitigate catastrophic forgetting, such as regularization-based methods Kirkpatrick et al.
(2017); Maltoni & Lomonaco|(2019); Schwarz et al.[(2018)), external memory approaches Lopez-Paz
& Ranzato|(2017);Li & Hoiem|(2017)), and dynamic model architecture techniques|Shin et al.|(2017);
Singh et al.| (2024)). Most works focus on training models from scratch, which might fail with large
pretrained models. The rise of foundation models has fueled interest in combining CL with the
strengths of pretrained models. Han et al.| (2021)); Radford et al.|(2021)); Ridnik et al.[|(2021)); Caron
et al.| (2021)); /Oquab et al.| (2023); Radford et al.|(2021)).

Despite the increased attempts to efficiently improve foundational models performance on new
streams of data Ermis et al.| (2022)); Pelosin| (2022)); [Wang et al.| (2022¢); |Smith et al.| (2023)); Janson
et al.|(2022); Zhou et al.| (2023); Zhang et al.|(2023a)); Wang et al.|(2022b)); IDing et al.| (2022)); \Goyal
et al.| (2023)); Wang et al.| (2022d), forgetting is still a significant problem in applications of continual
learning [Wang et al.[(2024)); Prabhu et al.| (2023)). Continual learning systems often process large
volumes of unsupervised data throughout their lifecycle. We argue they must learn continuously,
regardless of supervision. However, most works focus on supervised training, leaving models static
during testing.

Consider an embodied agent with a Vision Language Model (VLM) that must handle new objects,
layouts, or skills while still recognizing previously learned tasks during evaluation. To overcome
catastrophic forgetting and accumulate knowledge, we propose leveraging test-time data to reinforce
the model’s understanding of prior tasks. Test-time data reflects the distribution most relevant to the
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Figure 1: An illustration of our proposed Continual Learning with Interleaved Test Time Learning. Following
each session of supervised learning, the model is deployed to adapt in an unsupervised setting. It can encounter
data distributions encompassing all previously encountered tasks or sessions. The model adapts to the classes of
the current task while trying to minimize the forgetting on all the classes of previously seen tasks.

agent’s tasks, while past data never encountered during deployment can be forgotten to prioritize
performance on frequently encountered scenarios.

We consider a scenario where a model undergoes continual supervised training, with unsupervised
data available during deployment between training phases, offering a chance to mitigate forgetting. To
ensure practical computational overhead, we constrain unsupervised adaptation to an online approach.
Additionally, stringent data privacy constraints during deployment [Verwimp et al.| (2023) require
online algorithms that discard samples immediately after processing.

Test-Time Adaptation (TTA)|Sun et al.|(2020) and Continual Test-Time Adaptation (CoTTA) Wang
et al.| (2022a) are related research areas that focus on leveraging test-time data for dynamic model
adaptation. These areas focus on adapting the model towards unknown distribution shifts using
test-time data, while our formulation aims to use test-time data to control the model forgetting without
any assumption of distribution shifts from training to test data.

To the best of our knowledge, we are the first to explore how test-time data can be leveraged in a
continual learning setting to reduce forgetting. We consider the foundation model CLIP Radford
et al.| (2021) for our experiments since it has been shown to encompass an extensive knowledge base
and offer remarkable transferability Rasheed et al.|(2023); |Pei et al.| (2023). It undergoes through
supervised and unsupervised sessions, leveraging the unsupervised data to control forgetting.

We propose an effective approach based on student-teacher models with sparse parameter selection
based on gradient values. Student and teacher models suggest labels for test data, and the predictions
from the most confident model are used to update the student model, where the teacher is updated in
an exponential moving average, adding a stability component to the learning process. We show that
such a simple approach achieves significant improvements on all studied sequences. Our approach
is stable in class incremental learning (CIL), especially in the challenging setting where no replay
buffers are used, which in many cases can be a critical bottleneck.

Our contributions are as follows: 1) We propose a new setting for continual learning where test-time
data can be leveraged, especially in the challenging scenario of CIL-CL. 2) We investigate different
baselines for this setting. 3) We propose a novel approach that illustrates the utility of test-time data
in supervised continual learning and the significant reduction in forgetting without any external replay
buffer.

In the following, we discuss the closely related work, Section |2|and present our setting, and our
approach, Section 3] we evaluate our approach on various CL sequences, Section[d] perform ablations
on different components of our approach, Section[5] put forth some limitations of our work, Section 6]
and conclude in Section[7l
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Figure 2: An illustration of our method DoSAPP. It utilises teacher-student (M, M g) models respectively.
During the Supervised Continual Learning phase, M s undergoes sparse parameter selection throu§h a gradient-
based scoring function F, followed by supervised training of these selected parameters 0™ € 6~. After each
gradient update step, M parameters, 97, are updated through a weighted exponential smoothing based on the
affine projection of the boolean mask: m. The affine projections are controlled through dual momentum terms
0, for M1 and Mg, respectively. Now both M, Mg are deployed for the unsupervised test time learning
where the M g is adapted based on the "pseudo label groundtruth" generated from M1 - Mg logits comparison.
Finally Mt model again undergoes weighted smoothing, with dual momentum terms 6, A for M7 and Mg
model respectively such that v < A < 4. This 2 phase approach preserves the generalizations over previous
knowledge along with adaptability on the latest task.

2 RELATED WORK

Continual Learning: It considers learning in an incremental manner where training data is received
at various time steps (sessions). The typical problem is catastrophic forgetting McCloskey & Cohen
(1989)) of previously learned information. We refer to|De Lange et al.|(2021) for a survey on class
incremental learning where different classes are learned at distinct sessions, a setting we consider
in this work. Weight regularization methods |Aljundi et al.| (2018)); Kirkpatrick et al.|(2017)) and
functional regularization |Li & Hoiem)|(2017);|Asadi et al.| (2023) direct the training to stay optimal
for tasks of previous sessions via various regularization terms. Experience Replay [French| (1999) is
usually deployed where samples of previous training session data are replayed during new sessions to
reduce forgetting. In this work, we consider continual learning with limited or no replay. Our work
is orthogonal to other continual learning methods and can be combined with any CL method in the
supervised training sessions.

Continual Learning from Pre-trained Models: Due to the abundance of powerful pre-trained
models [Radford et al.| (2021)); (Oquab et al.| (2023); Brown et al.| (2020), continual learning that
begins with a pre-trained model is becoming a popular paradigm. Recent methods like |[Koh et al.
(2022); [Boschini et al.|(2022)) have utilized a Teacher-Student framework for knowledge distillation
on previously seen tasks. However, these methods utilize an additional buffer to mitigate catastrophic
forgetting. This often entails significant memory Zhou et al.|(2022); |Prabhu et al.| (2023)). Additionally,
such methods often face an outdated logit problem, as the memory-stored logits are not updated
to preserve information on previous tasks. |Boschini et al.| (2022)) addresses this issue by updating
logits stored in the past using task boundary information (e.g., input’s task identity) during training,
but it may not always be available, especially in task-free CL setups. However, foundation models
Radford et al.|(2021);|Oquab et al.| (2023) often have a reasonable initial performance on novel tasks,
indicating some pre-existing knowledge relevant to these tasks. |[Zhang et al.| (2023b) utilizes this
property and preservers generic knowledge by modifying only a small set of parameters based on
gradient scoring mechanism. However, this method also suffers from recency bias since the gradient
scores are computed for the current task, and only those sparse parameters are updated based on
current task scores. Moreover, none of the methods utilize test data in continual learning scenarios
and leave a strong potential for self-supervised techniques to capture robust feature representations.
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Test Time Adaptation (TTA): TTA has been extensively studied in recent years, focusing on adapting
a pre-trained model based on test data. Typically, the goal is to enhance performance on the test data
used for adaptation. However, our focus is on using this data to mitigate forgetting of past tasks.
Various methods have been proposed for TTA, including those leveraging self-supervised learning
Sun et al.| (2020), batch normalization Nado et al.| (2020); |Vianna et al.| (2024)), entropy minimization
‘Wang et al.| (2020); Niu et al.| (2023), and pseudo labeling (Chen et al.| (2022); L1 & Hoiem|(2017)). It
is important to note that our method is not merely a modification, a novel variation, or a combination
of existing TTA approaches. Unlike typical TTA methods, which primarily address data corruption
and show limited benefits when changes are restricted to label distributions, our approach leverages
unsupervised data from previous tasks without requiring it to be corrupted to deliver its advantages.

Continual Test-Time Adaptation: Recent work has studied the setting of performing Online Test-
Time Adaptation where the distribution of test-time data is changing over time |Wang et al.|(2022al).
This is distinct from the proposed setting as we focus on the setting where the model is updated with
supervised data while the test-time data is leveraged to control forgetting on the supervised tasks.

3 METHODOLOGY

We introduce a novel setting for continual learning that leverages test-time data, particularly in
the challenging context of Class Incremental Continual Learning (CIL-CL). As depicted in Figure
[1] this setting allows the deployed model to recover lost knowledge from distributions spanning
all previously encountered tasks after each supervised learning session. The model adapts to the
current task’s classes while minimizing forgetting of earlier tasks’ classes. Our proposed approach
demonstrates how test-time data can significantly reduce forgetting in supervised continual learning,
achieving this without relying on an external replay buffer.

3.1 SETTING

We consider a setting where a sequence of supervised datasets [D5, D3, ..... D] drawn from different
distributions are observed at incremental training sessions ¢ ranging from 0 to 7', where D] =

(xt, yf)fvztl is the ¢ incremental session with N, instances. Here the training instance x! € R”
belongs to class y; € Y;, where Y; is the label space of task/dataset at ¢ step. Y; N Yy = ¢ fort #£ ¢/,
where ¢ is any other training session. During a given training session, ¢ data samples only from
Dy can be accessed. CIL aims to progressively build a unified model encompassing all previously
encountered classes. This involves gaining insights from new classes while retaining knowledge from
previous ones. The model’s performance is evaluated over all the seen classes ); = Y; U - - - Y; after
each incremental task/dataset. Formally, the target is to fit a model M(x; 0) : X — ) that achieves

a minimal loss £ across all testing datasets Dy :

> L(M(x;:0),y;) (1)

(%;,9;)€DTU-- D,

where L(.,.) measures the difference between prediction and groundtruth label. D denotes a testing
set of task ¢. Finally,  denotes the model parameters.

After training is complete on each Dj, the model is put into production until D, ; becomes available
for supervised training. Between supervised phases, an unsupervised dataset, D', is observed
corresponding to test-time data encountered in production. Note that this unsupervised data can
be drawn from a different distribution than the supervised data, including the distributions of old
supervised datasets/tasks. Our goal is to leverage this data to control the forgetting of the model
by allowing online unsupervised adaptation. Figure [T| depicts our setting. Note that we evaluate
our models on test datasets {D¢} that are distinct in terms of instances from those used during the
self-supervised online adaptation phase to adequately measure model generalization.

We further note that although supervised phases may permit multiple passes through the data until
convergence, it would be impractical to collect unsupervised data in production and then perform
adaptation on it. We thus restrict the unsupervised phase to be in the online setting [Sun et al.|(2020));
Jang et al.| (2022)); |Cai et al.| (2021). This is especially important in cases where data privacy is
important e.g., assistant robot in a private smart home environment.
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3.2 DOSAPP: DOUBLE SMOOTHING VIA AFFINE PROJECTED PARAMETERS

Algorithm 1 DoSAPP algorithm for continual and test time learning

Require: Mg(6°), CLIP loss: L(., ., .), sparsity threshold c
1. 07 =65 > Initialize M (07) with Mg (07)
2: for ¢ in tasks do

3: 6™ « top-K(K=c) params from MLP layers of #° based on F > Sparse Selection, Eq.
4: for (.’,EZ‘, y,) in Df do
5: 0™ = 0™ — VL Ms(24),yi) > Take one SGD ste
6: 0L = poF +q07, > Dual momentum for teacher EMA update, Eq
7: end for
8: Compute union of masks for all tasks seen so far m,, > Start of Unsupervised Phase
9: Select m,, params in Mg

10: for x; in D} do

11: lr = max(Mrp(z;),dim = 1)

12: ls = max(Mg(z;),dim = 1)

13: if [7 > lg then

14: g = arg max(Mr(z;))

15: else

16: § = argmax(Mg(z;))

17: end if

18: g™ = g™ — nVL(Mg(24), ) > Take one SGD step

19: 0F , =p'0F +q'07,, > Dual momentum for teacher EMA update, Eq

20: end for

21: end for

We propose a simple yet effective method for continual test-time learning, Double Smoothing via
Affine Projected Parameters, aka DoSAPP. Our approach combines two key components: 1) sparse
and local updates: to reduce forgetting, maintain generalization, and ensure efficient updates, and 2)
teacher-student framework to promote stability in online updates and minimize forgetting. In the
continual test time learning, we can identify two distinct phases of learning, as outlined below.

PHASE 1: CONTINUAL LEARNING SUPERVISED TRAINING WITH SPARSE SELECTED
PARAMETERS

Our primary objective is to swiftly accumulate new knowledge without catastrophically forgetting
the generic knowledge both at training and test time. To achieve this, we opt for updating only a
small subset of selected parameters. It has been suggested by |Zhang et al.|(2023b)) that for a generic
pretrained model like CLIP and a given task, relevant parameters can be identified before training,
and updating only those parameters would result in a reduced forgetting of previous knowledge.
Further (Geva et al.| (2020) suggested that MLP blocks in a transformer model emulate key-value
neural memories, where the first layer of MLP acts as memory keys operating as pattern detectors.
This suggests that for updating knowledge of previously known "patterns"”, it might be sufficient to
update only the first MLP layer parameters. Thus we limit candidate parameters to the first MLP layer
parameters of each transformer block in the CLIP model Zhang et al.| (2023b). From these candidate
parameters of the first MLP layer of each transformer, we select top-K (K=c) parameters. This results
in efficient training without loss of previously acquired knowledge as all other layers remain frozen.

Following Zhang et al.| (2023b)) we use the gradient magnitude of the loss w.r.t. the incoming data
as a score of how relevant a parameter is, the larger the gradient magnitude the larger the expected
decrease in loss after small changes to that parameter. We refer to the model being optimized as
M. Upé)n receiving supervised data, we first estimate the most relevant parameters, ™ such that
o™ € 6”).

N/

‘ 1
F(65.D7) = MZ% (k) ()

© k=1
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where g;; (z) is the gradient of the loss function (£L(Mg, x, yx)) regarding the parameter Hfj
evaluated at the data point and its label x,yr € D;. The loss function £(Mg, zy,yx) is the
same CLIP loss, and the entire data is iterated once to compute the gradient score as given in Eq[2]
Specifying the sparsity threshold (c), top-K (K=c) most relevant parameters are selected. We set
¢ = 0.1 as shown in [Zhang et al.| (2023b)). This results in a binary mask m where only selected
parameters are updated, and others are masked out and kept frozen.

TEACHER STUDENT FRAMEWORK

To ensure stability later during online updates and reduce forgetting, we utilize a Student-Teacher
framework Tarvainen & Valpolal (2017); Koh et al.| (2022); Boschini et al. £2022) where the student
model is denoted by Mg (6°) and the teacher model is denoted by M7 (67).

During both train and test time, teacher model M parameters 87 move with exponentially moving
average (EMA) of student model parameters 8°. Normally in a teacher-student framework, all
teacher model parameters move similarly toward the student parameters with a single smoothing
parameter (momentum). However, in Tables[I]and [3] we show that a single smoothing parameter is
insufficient and yields poor performance. Indeed, in our case, most of the student model parameters
remain frozen, and only a small portion is updated. We propose that the teacher model’s parameters
corresponding to the student-frozen parameters should move at a different pace than those selected
for updates. Therefore we use dual smoothing parameters (referred to as momentum parameters)
based on the affine transformation of the binary mask m to adapt the teacher parameters 7 .

WEIGHTED EXPONENTIAL SMOOTHING WITH DUAL MOMENTUM

After each gradient update step (¢) for Mg, parameters of M are updated by EMA of the student
model parameters. Typically, EMA is governed by

0L, =507 +(1-4)67, (3)

where § is the smoothing parameter. Further, it has been shown in (Tarvainen & Valpola (2017);
Oquab et al.|(2023); |[Koh et al.|(2022))) that setting J to a high value (eg 0.998) maintains a stable
teacher model that can be considered as a strong reference for past tasks {0, ..., ¢ — 1}. But updating
the teacher model with a single smoothing parameter in cases where parameters are masked creates
dissonance and increases forgetting because all the parameters are updated with equal importance,
disregarding those parameters which are selected by the gradient scoring function (where [m;; = 1]).
To account for masking, we modify Eq3|as

07, = po] + qb?,, 4)

where p and g denote the smoothing parameters for the teacher and student model respectively and
can be computed as
p=(y—-6m+¢
g=(0—ym+1-9
where v < 0. This means that the selected parameters of the teacher model ([m;; = 1]) move slightly
faster towards the student model as compared to the frozen candidate parameters (where [m;; = 0]).
As such, parameters where [m;; = 0] will move at a slow rate of ¢, and unmasked parameters would
be updated with v. When v = §, the weighted scheme becomes EMA with a single smoothing
parameter. A detailed proof is given in appendix [A.T]

&)

PHASE 2: UNSUPERVISED TEST TIME LEARNING (TTL)

After supervised training is completed, both M and M g are deployed for Test Time Learning (TTL).
We consider teacher (M) and student (M g) models as two experts on different data distributions,
the M g on the most recent and the M7 on previous sessions distributions.

We take inspiration from Out Of Distribution (ODD) literature [Hendrycks & Gimpel (2016), where
a sample has to be identified as In Distribution (ID) for a given predictor with a score function
predicting high values for ID samples as opposed to OOD samples. Recently it has been shown that
using the un-normalized maximum logit output of a given predictor as an ID score is significantly
more robust than softmax probability Hendrycks et al.| (2019). Indeed the softmax probability is
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shown to provide high probability predictions even for unknown samples |Yang et al.|(2021)), which
we want to avoid in our case. Note that for CLIP, the logit corresponds to the cosine similarity of the
image batch with given text features.

Following Hendrycks et al.|(2019), we use the maximum logit value of each expert as an ID score
and select for each test sample the expert with the highest ID score, indicating that the sample is
likely to be better represented by said expert. We then accept the pseudo label of the selected expert.
Formally, the pseudo label can be calculated as follows:

N yr iflr = ls
= 6
4 {gfs otherwise ©
where ¢ is the accepted pseudo label and It = max(Mrp(x)) and g = max(Mg(x)) are

the maximum logit score for teacher and student model respectively, and similarly yr =
arg max(Myp(x)) and ys = argmax(Mg(x)) are the pseudo labels by teacher and student
models respectively. During test-time training, the student model Mg is updated by mini-
mizing CLIP contrastive loss given pseudo label y. In realistic settings, multiple iterations
on test data are often not always possible, for example, in a streaming data pipeline. We
too mimic this setting, where the entire data is processed only once during the TTL phase.
Similar to the above-mentioned supervised

phase, we also here apply sparse local updates to Aircraft

M g. However, the estimation of masks based Momentum (v, A) Ace. () FE (1) FTA.()
on the online data might be noisy and largely
reduce the efficiency as gradients of all param-

0.9999, 0.9999 23.99 18.36 12.15

eters must be estimated for each mini-batch of 0.5,0.9 3841 3.27 37.64
. . 0.7,0.9 37.22 3.05 37.72

test samples. To overcome this, and following

the assumption that test data are drawn from 0.8,0.9* 3940 261 3813

the distributions of all previous tasks, we lever- 0.8, 0.6 37.06 5.12 29.63

age the masks estimated for previous tasks. We 0.8,0.5 32.95 3.40 26.33

accumulate a union of the binary masks (m,,)
over all the previously seen tasks ¢ such that Table 1: Effect of Momentum (v, A) on Average Accu-
m, =mUmsyU...... m;. To maintain the same racy (Acc in % ), Average Forgetting (F.) and First Task
sparsity level (¢ = 0.1) of performed updates, Accuracy (FTA.) #0.9999, 0.8, 0.9 have been used in the
we further select the same top-K (K=c) most main results.

relevant parameters from these new masked m,,

parameters based on their previously computed gradient scores.

Finally, M7 (07) is updated using the same dual momentum scheme, but with different smoothing
vectors p’, g as:
0l =p'0] +d'07, @

where p’ = (A—d)m+Jd and ¢’ = (§ — A\)m+ 1 — 4. In the TTL phase, the momentum parameter A
is kept such that v < A\ < 6. This means that 87" moves more slowly in the direction of 8~ during the
TTL phase as compared to the supervised phase. As we encounter frequent and possibly noisy online
updates, stability is better ensured by a slower pace of movements toward student parameters. We
show the sensitivity of our method on the choice of momentum values A, § in Table[T] A high § has
been chosen to keep the Teacher model stable as shown in Tarvainen & Valpolal (2017);|Oquab et al.
(2023)); [Koh et al.| (2022). It can be seen that when v = A (single momentum EMA), the performance
significantly drops. DoSAPP is less sensitive to on choice of -, but it highly depends on A\. We can
also see that as A < =, the performance again drops. The algorithm can be fully understood as given
in algorithm block [I]

4 EXPERIMENTS

4.1 SETUP

Architecture: We apply DoSAPP to vision-language classification tasks, given their relatively robust
knowledge measurement in such tasks. CLIP-ViT-B/16 Radford et al.|(2021), is used as backbone.
We report the accuracies recorded by the Teacher model. We refer to |[Zhang et al.| (2023b) for
hyperparameters selection other than dual momentums, which are given in Appendix
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Aircraft | Cars | CIFARI00 CUB | GTSRB |

Method Ace. (1) E.() Ace. (D) F.(1) Acc. () F.(1) Acc. (1) E () Ace. (1) E (})

CLIP-Zeroshot Radford et al.|(2021) 24.45 - 64.63 - 68.25 - 55.13 - 43.38 -

Finetune Goyal et al.|(2023) 18.63 3993 51.64 25.65 46.26 37.78 4574 26.62 21.76 5548
Self-Labelling 10.81 50.81 2349 3042 38.03 4267 2860 33.82 514 6231
MAS |Aljundi et al.|(2018) 33.69 2750 6943 9.18 63.88 21.16 61.72 12.05 42.04 2538
L2P|Wang et al.[(2022e) 3220 21.73 67.04 1122 67.71 1881 64.04 682 7545 2.68
DualPrompt|Wang et al.|(2022d) 26.61 17.20 63.30 18.67 61.72 19.87 6438 1294 69.65 8.43
SLCA [Zhang et al.|(2023a) 2940 1145 6265 442 7003 019 5387 775 4601 0.83
ZSCL |Zheng et al.|(2023) 3096 15.65 67.79 827 8050 1.05 61.09 7.69 6292 1354
SparseCL Wang et al.|(2022c) 3195 19.77 7157 538 6935 1523 6250 9.66 48.99 24091
SPU |Zhang et al.|(2023b) 3094 2836 6941 1691 5880 2637 6231 7.2 43.06 19.16
DoSAPP 39.14 1255 7487 -0.74 79.16 7.73 68.17 215 7233 1.02

+0.73 +0.22 +0.03 +0.68 +0.42 +1.68 +1.24 +0.81 +0.89 +2.10

ER methods(ER=1000)

ER [French|(1999) 4142 3138 69.08 1642 8286 341 6407 17.72 96.28 -7.48
ER + LWF L1 & Hoiem|(2017) 36.08 18.12 7256 4.04 7432 816 6511 590 53.56 11.86
ER + PRD |Asadi et al.|(2023) 37.11 1735 74.08 375 79.66 3.10 6592 6.55 63.00 1244
SPU + ER 4443 1442 7751 326 8399 -039 7151 4.84 9425 -7.87
DoSAPP + ER=200 47.32 810 7917 392 8841 -196 7439 2.77 83.67 192

+0.84 +0.79 +1.02 0.63 + 1.01 +0.09 +0.91 +0.58 +0.95 +0.28

Table 2: Acc. (Average Accuracy, 1) and F. (Forgetting, }) of different methods all using CLIP ViT-B/16
backbone with trainable vision and text encoders, without any Replay Buffer in CIL scenario. DoSAPP
can achieve positive backward transfer - forgetting is negative on Cars data. All experiments are mean of 5
experiments with random seeds. STD. is not shown for baselines for the ease of reading and space constraints.

Datasets: We consider five different vision datasets, three fine-grained (Aircraft Maji et al.[(2013)),
CUB|Wah et al.|(2011), Stanford Cars |Krause et al.|(2013), Oxford Pets Parkhi et al.| (2012), one
coarse dataset (CIFAR100 Krizhevsky|(2012)) and one out-of-distribution dataset (GSTRB Stallkamp
et al. (2012)). These datasets are chosen primarily based on their initially low zero-shot performance
with CLIP pre-trained models. To form the continual learning sequences, we split each dataset into
10 subsets with disjoint classes composing 10 tasks. For all the datasets, the training data is used
in the supervised learning phase. The test data is divided into 2 splits, namely D*, D¢ where D" is
utilized for test-time unsupervised learning and D¢ is used for evaluation.

Evaluation Metrics: After each supervised session ¢; and the following test-time adaptation session,
we evaluate the model test performance on holdout datasets from all 7" tasks. To do this, we construct
the matrix R € R™*T, where R; ; is the test classification accuracy of the model on task ¢; after

observing the last sample from task ;. Thus, we compute Average Accuracy (Acc. = % ZiTzl Rr;.)
and Average Forgetting (F. = — 1 ?:711 Rt — Ri;.) Lopez-Paz & Ranzato (2017). Taken
together, these two metrics allow us to assess how well a continual learner solves a classification
problem while overcoming forgetting. All experiments have been done on NVIDIA A100 GPU and

each one takes approximately 1 hour for completion.

4.2 RESULTS

We compare a variety of baselines with our proposed method in Table. |2} in the challenging scenario
of class incremental learning (CIL). Along with the methods mentioned in Table. 2] we also compare
our method with self-labeling (SL), where the groundtruth pseudo label comes from the trained model
itself (without any student-teacher framework). When comparing methods without ER, DoSAPP
achieves state-of-the-art results in all the five datasets used in the experiments. This highlights the fact
that test time data can be utilized for improving transferability as well as preserving previously learned
knowledge. Even when comparing methods with ER, DoSAPP (without ER) gives a comparable
performance in almost all the datasets. We note that SPU+ER employs a very high buffer of 1000,
which is attributed to such a high performance in some datasets like Cifar100 and GTSRB. Although
our method is robust enough to be used without ER and our primary motivation is to circumvent the
usage of buffer, we still present results with a small buffer (DoSAPP+ER, ER=200), for a comparison
to the baselines using ER. DoSAPP + ER outperforms all other baselines except GTSRB by a
significant margin.
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ID Description Aircraft | Cars | CIFAR100 | CUB | GTSRB
Acc. (1) F.(}) Ace. (1) F.(}) Acc. (1) E (}) Acc. (1) F.({) Ace. (D) F. (D)

Al Only Teacher-Student 30.12 350 67.72 3.66 77.82 517 62.67 4.11 5357 538
A2 Al +sparse params  34.16 8.61 69.42 341 7193 824 6632 398 5532 581
A3 A2+EMA(@)+m, 31.79 1042 7099 3.64 7266 886 6698 3.17 61.54 4.01
A4* A2 + EMA(S,v) +m, 39.14 255 7487 -0.74 79.16 7.73 68.17 2.15 7233 1.02
A5 A4 +imbalanced TTL 3599 522 7268 638 7570 9.81 64.84 373 68.17 5.63

Table 3: Acc. (Average Accuracy, 1) and F. (Forgetting, |) when different components of DoSAPP are
incrementally added to the Student-Teacher framework referred as Al. A2 denotes the sparse parameter selection
added to A1. EMA(J) represents single momentum updates, while EMA(d, ) refers to dual momentum updates.
m,, denotes the union of mask technique described in section[3.2] A4 is the configuration used in our proposed
DoSAPP algorithm.

Method (CLIP)  Avg Acc. (1)  FTA (1) CTA (1) F. ()
Finetune (no TTL) 3524 £0.87 590+ 120 75444052 16.87 & 1.04
SPU 3962+ 1.62 2431+030 74.94+243 7.32+£038
DoSAPP 4501 £ 031 30.63+£0.76 71.13+1.17 234+0.75

Table 4: Average Accuracy (Avg Acc.), First Task Accuracy (FTA), Current Task Accuracy (CTA), and Average
Forgetting (F.) measured for a long sequence of tasks from the concatenation of the Aircraft Maji et al.|(2013)
and Cars |Krause et al.|(2013)) datasets. All results are the mean of 5 randomized experiments with different
seeds.

4.3 CLASS INCREMENTAL LONG SEQUENCE SCENARIO WITH DOMAIN SHIFT

We also consider the case where we have a long sequence of tasks, each to be trained in a class
incremental fashion. For these experiments, we combined the 10 tasks of Aircraft dataMaji et al.
(2013)) and 10 tasks of Cars data|Krause et al.|(2013). This firstly creates a long sequence of tasks
in a class incremental scenario, and secondly causes a domain shift after 10 tasks of aircraft. From
Table ] it can be clearly seen that our proposed method, DoSAPP, outperforms SPU without ER
and Finetune (without any TTL phase). Further, it can be inferred that in other baselines, there is
a recency bias towards the current task, whereas in DoSAPP, with a marginal decrease of 3.8% on
current task accuracy (CTA), there is an overall increase in the average accuracy and the first task
accuracy. This shows that our approach retains the knowledge on the first task as well as adapts to the
current task, with strong generalization performance.

5 ABLATION STUDY

In this section, we quantitatively analyze the effect of different components of our proposed method
DoSAPP. We evaluate the effects of each component incrementally, as seen in Table |3} Starting with
only a student and teacher model setup, we subject it to TTL data and this forms our baseline. Next,
we compare with localized sparse updates for the first MLP layer of each of the transformer blocks.
This gives an increase in performance in 4 out of 5 datasets. It is to be noted that the momentum used
to update the teacher model is according to Eq.[3] We then take the union of supervised task masks
to use them at the TTL phase, but this deteriorates performance since the masked parameters and
unmasked parameters are updated with a single momentum. Finally, we add our dual momentum
approach, which gives the best performance. We also subject our approach to a more challenging
scenario where the tasks in TTL phases are class-imbalanced. Here we sample each task from a
symmetric Dirichlet distribution whose concentration parameter is the length of each task. This
causes a high imbalance of classes within each task, and sometimes, even absence of certain classes.
This imbalanced case is of particular importance since, in real settings, test suites are often skewed.
This is done by randomly sampling classes from a Dirichlet distribution. Although the performance
is inferior to the balanced case, it should not be interpreted as a drawback. This is because the model
should adapt more to the classes that are seen often in TTL phases and loss of performance on rarely
seen classes is but natural.
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Method Aircraft | Cars | CIFAR100 CUB | GTSRB |
Acc. (1) E () Acc. (1) E({) Acc. (1) E(}) Acc. (M) E(}) Acc. M) FE.(})
SPU 30.94 28.36 69.41 1691 58.80 2637 6231 72 43.06 19.16
SPU+D* 27772 2486 6891 7.34 7409 1043 6121 401 60.17 6.94
SparsCL+RMT  27.11 16.29 69.81 17.22 70.82 12.25 60.03 10.58 5198 11.40
SPU+RMT 2933 15.10 62.32 2195 63.06 23.28 63.87 634 54.13 17.56
DoSAPP 39.14 12.55 7487 -0.74 79.16 7.73 68.17 215 7233 1.02

Table 5: Acc. (Average Accuracy, 1) and F. (Forgetting, |) for comparing CIL methods like SPU [Zhang et al.
(2023b)), SparsCL [Wang et al.| (2022c)) integrated with most recent TTA method: RMT Ddébler et al.[(2023) with
our proposed method: DoSAPP. It can be observed that typically fusing typical TTA method in CIL pipeline
exacerbates the catastrophic forgetting. DoSAPP on the other hand outperforms all of them, by a significant
margin on all the datasets.

We highlight the innovative aspect of our approach, which leverages unsupervised test data—readily
available in production environments, to enhance continual learning. Unlike our method, existing
continual learning (CL) techniques are not inherently designed to incorporate unsupervised test data,
making them less adaptable to this scenario. Indeed, naive approaches to using the unsupervised
data alongside existing methods proved unfruitful in our preliminary analysis. To illustrate this, we
combined the best-performing CL method (compared to ours), SPU, with a simple pseudo-labeling
baseline, namely SPU + test-time data (D*). The model is updated with SPU-learned masks using
a standard self-labeling approach on test-time data, using the max logit of the model as the label.
Further, we integrate RMT Dobler et al.|(2023), one of the most recent Test Time Adaptation methods,
with SPU Zhang et al.| (2023b)) and SparsCL Wang et al.| (2022c), and observed that our proposed
method DoSAPP outperforms all of them as shown in Table 5| This highlights that TTA methods,
when fused with continuous supervised training pipeline, cause the model to significantly lose
knowledge. As there are long sequences of distinct tasks, it becomes difficult for any TTA method to
adapt to these ever-changing source distributions. Our method mitigates this issue by intuitive usage
of dual momentum over masked parameters. We further observe that the TTA method gives inferior
performance for almost all datasets in comparison to self-labeling, proving that these methods are
not suitable for deploying under continuous supervised learning and expanding tasks. Further in
Appendx [A.3]and[A.4] we demonstrate the superiority of our method in adapting to noise present
in the unsupervised test data and the effect of the proportion of test data D“ on the performance of
DoSAPP.

6 LIMITATION

DoSAPP is a robust algorithm which can be potentially applied to any CL technique for unsupervised
adaptation of Test Time Data. However, since it utilizes the test data, its primary bottleneck becomes
the quality of test data, especially if it’s highly skewed. Another limitation is the increase in the
computational budget due to two deployed models: Student-Teacher framework. We address this by
leveraging the efficient sparse parameter selection method.

7 DISCUSSION AND CONCLUSION

In this work, we discuss how to leverage test-time data to improve models’ representation of previous
tasks, mimicking human learning and striving for real intelligent agents. In summary, to the best of our
knowledge, we are the first to explore test-time learning to control forgetting. We show that test-time
data can provide a great source of information when leveraged correctly. Our method, DoSAPP, was
able to significantly improve over the zero-shot performance of CLIP when continually learning a
dataset without any replay and with no specific CL method applied at the supervised training session.
DoSAPP is stable due to sparse parameter updates and the weighted EMA teacher-student framework.
Further, during TTL, the max-logit in distribution scores makes it more robust to class imbalance
than other strategies.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Rahaf Aljundi, Francesca Babiloni, Mohamed Elhoseiny, Marcus Rohrbach, and Tinne Tuytelaars.
Memory aware synapses: Learning what (not) to forget. In European Conference on Computer
Vision (ECCV), 2018.

Nader Asadi, MohammadReza Davari, Sudhir Mudur, Rahaf Aljundi, and Eugene Belilovsky.
Prototype-sample relation distillation: towards replay-free continual learning. In International
Conference on Machine Learning, pp. 1093-1106. PMLR, 2023.

Rishi Bommasani, Drew A Hudson, Ehsan Adeli, Russ Altman, Simran Arora, Sydney von Arx,
Michael S Bernstein, Jeannette Bohg, Antoine Bosselut, Emma Brunskill, et al. On the opportuni-
ties and risks of foundation models. arXiv preprint arXiv:2108.07258, 2021.

Matteo Boschini, Lorenzo Bonicelli, Angelo Porrello, Giovanni Bellitto, Matteo Pennisi, Simone
Palazzo, Concetto Spampinato, and Simone Calderara. Transfer without forgetting. In European
Conference on Computer Vision, pp. 692-709. Springer, 2022.

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agarwal, Ariel
Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child, Aditya Ramesh, Daniel M. Ziegler,
Jeffrey Wu, Clemens Winter, Christopher Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott
Gray, Benjamin Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec Radford, Ilya
Sutskever, and Dario Amodei. Language models are few-shot learners. In Proceedings of the 34th
International Conference on Neural Information Processing Systems, NIPS’20, 2020.

Zhipeng Cai, Ozan Sener, and Vladlen Koltun. Online continual learning with natural distribution
shifts: An empirical study with visual data. In Proceedings of the IEEE/CVF international
conference on computer vision, pp. 8281-8290, 2021.

Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé J’egou, Julien Mairal, Piotr Bojanowski, and
Armand Joulin. Emerging properties in self-supervised vision transformers. 2021 ieee. In CVF
International Conference on Computer Vision (ICCV), volume 3, 2021.

Dian Chen, Dequan Wang, Trevor Darrell, and Sayna Ebrahimi. Contrastive test-time adaptation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
295-305, 2022.

Jun Chen, Deyao Zhu, Xiaoqian Shen, Xiang Li, Zechun Liu, Pengchuan Zhang, Raghuraman
Krishnamoorthi, Vikas Chandra, Yunyang Xiong, and Mohamed Elhoseiny. Minigpt-v2: large
language model as a unified interface for vision-language multi-task learning. arXiv preprint
arXiv:2310.09478, 2023.

Matthias De Lange, Rahaf Aljundi, Marc Masana, Sarah Parisot, Xu Jia, Ale§ Leonardis, Gregory
Slabaugh, and Tinne Tuytelaars. A continual learning survey: Defying forgetting in classification
tasks. IEEE transactions on pattern analysis and machine intelligence, 44(7):3366-3385, 2021.

Yuxuan Ding, Lingqiao Liu, Chunna Tian, Jingyuan Yang, and Haoxuan Ding. Don’t stop learning:
Towards continual learning for the clip model. arXiv preprint arXiv:2207.09248, 2022.

Mario Dobler, Robert A Marsden, and Bin Yang. Robust mean teacher for continual and gradual
test-time adaptation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 7704-7714, 2023.

Beyza Ermis, Giovanni Zappella, Martin Wistuba, Aditya Rawal, and Cedric Archambeau. Memory
efficient continual learning with transformers. Advances in Neural Information Processing Systems,
35:10629-10642, 2022.

Robert French. Catastrophic forgetting in connectionist networks. Trends in cognitive sciences, 3:
128-135, 1999.

Mor Geva, Roei Schuster, Jonathan Berant, and Omer Levy. Transformer feed-forward layers are
key-value memories. arXiv preprint arXiv:2012.14913, 2020.

11



Under review as a conference paper at ICLR 2025

Sachin Goyal, Ananya Kumar, Sankalp Garg, Zico Kolter, and Aditi Raghunathan. Finetune like
you pretrain: Improved finetuning of zero-shot vision models. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 19338-19347, 2023.

Xu Han, Zhengyan Zhang, Ning Ding, Yuxian Gu, Xiao Liu, Yuqi Huo, Jiezhong Qiu, Yuan Yao,
Ao Zhang, Liang Zhang, et al. Pre-trained models: Past, present and future. Al Open, 2:225-250,
2021.

Dan Hendrycks and Kevin Gimpel. A baseline for detecting misclassified and out-of-distribution
examples in neural networks. arXiv preprint arXiv:1610.02136, 2016.

Dan Hendrycks, Steven Basart, Mantas Mazeika, Andy Zou, Joe Kwon, Mohammadreza Mostajabi,
Jacob Steinhardt, and Dawn Song. Scaling out-of-distribution detection for real-world settings.
arXiv preprint arXiv:1911.11132, 2019.

Minguk Jang, Sae-Young Chung, and Hye Won Chung. Test-time adaptation via self-training with
nearest neighbor information. arXiv preprint arXiv:2207.10792, 2022.

Paul Janson, Wenxuan Zhang, Rahaf Aljundi, and Mohamed Elhoseiny. A simple baseline that
questions the use of pretrained-models in continual learning. arXiv preprint arXiv:2210.04428,
2022.

James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume Desjardins, Andrei A
Rusu, Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, et al. Overcoming
catastrophic forgetting in neural networks. Proceedings of the national academy of sciences, 114
(13):3521-3526, 2017.

Hyunseo Koh, Minhyuk Seo, Jihwan Bang, Hwanjun Song, Deokki Hong, Seulki Park, Jung-Woo
Ha, and Jonghyun Choi. Online boundary-free continual learning by scheduled data prior. In The
Eleventh International Conference on Learning Representations, 2022.

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei. 3d object representations for fine-grained
categorization. In Proceedings of the IEEE international conference on computer vision workshops,
pp. 554-561, 2013.

Alex Krizhevsky. Learning multiple layers of features from tiny images. University of Toronto, 05
2012.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image pre-
training for unified vision-language understanding and generation. In International Conference on
Machine Learning, pp. 12888-12900. PMLR, 2022.

Zhizhong Li and Derek Hoiem. Learning without forgetting. IEEE transactions on pattern analysis
and machine intelligence, 40(12):2935-2947, 2017.

David Lopez-Paz and Marc’ Aurelio Ranzato. Gradient episodic memory for continual learning.
Advances in neural information processing systems, 30, 2017.

Subhransu Maji, Esa Rahtu, Juho Kannala, Matthew Blaschko, and Andrea Vedaldi. Fine-grained
visual classification of aircraft, 2013. URL https://arxiv.org/abs/1306.5151.

Davide Maltoni and Vincenzo Lomonaco. Continuous learning in single-incremental-task scenarios.
Neural Networks, 116:56-73, 2019.

Michael McCloskey and Neal J Cohen. Catastrophic interference in connectionist networks: The
sequential learning problem. In Psychology of learning and motivation, volume 24, pp. 109-165.
Elsevier, 1989.

Zachary Nado, Shreyas Padhy, D Sculley, Alexander D’ Amour, Balaji Lakshminarayanan, and Jasper
Snoek. Evaluating prediction-time batch normalization for robustness under covariate shift. arXiv
preprint arXiv:2006.10963, 2020.

Shuaicheng Niu, Jiaxiang Wu, Yifan Zhang, Zhiquan Wen, Yaofo Chen, Peilin Zhao, and Mingkui
Tan. Towards stable test-time adaptation in dynamic wild world. arXiv preprint arXiv:2302.12400,
2023.

12


https://arxiv.org/abs/1306.5151

Under review as a conference paper at ICLR 2025

Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy Vo, Marc Szafraniec, Vasil Khalidov,
Pierre Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, et al. Dinov2: Learning
robust visual features without supervision. arXiv preprint arXiv:2304.07193, 2023.

Omkar M Parkhi, Andrea Vedaldi, Andrew Zisserman, and CV Jawahar. Cats and dogs. In 2012
IEEE conference on computer vision and pattern recognition, pp. 3498-3505. IEEE, 2012.

Renjing Pei, Jianzhuang Liu, Weimian Li, Bin Shao, Songcen Xu, Peng Dai, Juwei Lu, and Youliang
Yan. Clipping: Distilling clip-based models with a student base for video-language retrieval.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
18983-18992, 2023.

Francesco Pelosin. Simpler is better: off-the-shelf continual learning through pretrained backbones.
arXiv preprint arXiv:2205.01586, 2022.

Ameya Prabhu, Hasan Abed Al Kader Hammoud, Puneet K Dokania, Philip HS Torr, Ser-Nam Lim,
Bernard Ghanem, and Adel Bibi. Computationally budgeted continual learning: What does matter?

In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
3698-3707, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748-8763. PMLR, 2021.

Hanoona Rasheed, Muhammad Uzair Khattak, Muhammad Maaz, Salman Khan, and Fahad Shahbaz
Khan. Fine-tuned clip models are efficient video learners. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 6545-6554, 2023.

Tal Ridnik, Emanuel Ben-Baruch, Asaf Noy, and Lihi Zelnik-Manor. Imagenet-21k pretraining for
the masses. arXiv preprint arXiv:2104.10972, 2021.

Jonathan Schwarz, Wojciech Czarnecki, Jelena Luketina, Agnieszka Grabska-Barwinska, Yee Whye
Teh, Razvan Pascanu, and Raia Hadsell. Progress & compress: A scalable framework for continual
learning. In International Conference on Machine Learning, pp. 4528-4537. PMLR, 2018.

Hanul Shin, Jung Kwon Lee, Jaechong Kim, and Jiwon Kim. Continual learning with deep generative
replay. Advances in neural information processing systems, 30, 2017.

Vaibhav Singh, Anna Choromanska, Shuang Li, and Yilun Du. Wake-sleep energy based models for
continual learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 4118-4127, 2024.

James Seale Smith, Leonid Karlinsky, Vyshnavi Gutta, Paola Cascante-Bonilla, Donghyun Kim, Assaf
Arbelle, Rameswar Panda, Rogerio Feris, and Zsolt Kira. Coda-prompt: Continual decomposed
attention-based prompting for rehearsal-free continual learning. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 11909-11919, 2023.

Johannes Stallkamp, Marc Schlipsing, Jan Salmen, and Christian Igel. Man vs. computer: Bench-
marking machine learning algorithms for traffic sign recognition. Neural networks, 32:323-332,
2012.

Yu Sun, Xiaolong Wang, Zhuang Liu, John Miller, Alexei Efros, and Moritz Hardt. Test-time training
with self-supervision for generalization under distribution shifts. In International conference on
machine learning, pp. 9229-9248. PMLR, 2020.

Antti Tarvainen and Harri Valpola. Mean teachers are better role models: Weight-averaged consistency
targets improve semi-supervised deep learning results. Advances in neural information processing
systems, 30, 2017.

Eli Verwimp, Shai Ben-David, Matthias Bethge, Andrea Cossu, Alexander Gepperth, Tyler L
Hayes, Eyke Hiillermeier, Christopher Kanan, Dhireesha Kudithipudi, Christoph H Lampert,
et al. Continual learning: Applications and the road forward. arXiv preprint arXiv:2311.11908,
2023.

13



Under review as a conference paper at ICLR 2025

Pedro Vianna, Muawiz Chaudhary, Paria Mehrbod, An Tang, Guy Cloutier, Guy Wolf, Michael
Eickenberg, and Eugene Belilovsky. Channel-selective normalization for label-shift robust test-time
adaptation. arXiv preprint arXiv:2402.04958, 2024.

C. Wah, S. Branson, P. Welinder, P. Perona, and S. Belongie. The caltech-ucsd birds-200-2011 dataset.
Technical report, California Institute of Technology, 2011.

Dequan Wang, Evan Shelhamer, Shaoteng Liu, Bruno Olshausen, and Trevor Darrell. Tent: Fully
test-time adaptation by entropy minimization. arXiv preprint arXiv:2006.10726, 2020.

Liyuan Wang, Xingxing Zhang, Hang Su, and Jun Zhu. A comprehensive survey of continual learning:
Theory, method and application. /EEE Transactions on Pattern Analysis and Machine Intelligence,
2024.

Qin Wang, Olga Fink, Luc Van Gool, and Dengxin Dai. Continual test-time domain adaptation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
7201-7211, 2022a.

Yabin Wang, Zhiwu Huang, and Xiaopeng Hong. S-prompts learning with pre-trained transformers:
An occam’s razor for domain incremental learning. Advances in Neural Information Processing
Systems, 35:5682-5695, 2022b.

Zifeng Wang, Zheng Zhan, Yifan Gong, Geng Yuan, Wei Niu, Tong Jian, Bin Ren, Stratis loannidis,
Yanzhi Wang, and Jennifer Dy. Sparcl: Sparse continual learning on the edge. Advances in Neural
Information Processing Systems, 35:20366-20380, 2022c.

Zifeng Wang, Zizhao Zhang, Sayna Ebrahimi, Ruoxi Sun, Han Zhang, Chen-Yu Lee, Xiaoqi Ren,
Guolong Su, Vincent Perot, Jennifer Dy, et al. Dualprompt: Complementary prompting for
rehearsal-free continual learning. In European Conference on Computer Vision, pp. 631-648.
Springer, 2022d.

Zifeng Wang, Zizhao Zhang, Chen-Yu Lee, Han Zhang, Ruoxi Sun, Xiaoqi Ren, Guolong Su, Vincent
Perot, Jennifer Dy, and Tomas Pfister. Learning to prompt for continual learning. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 139-149, 2022e.

Jingkang Yang, Kaiyang Zhou, Yixuan Li, and Ziwei Liu. Generalized out-of-distribution detection:
A survey. arXiv preprint arXiv:2110.11334,2021.

Gengwei Zhang, Liyuan Wang, Guoliang Kang, Ling Chen, and Yunchao Wei. Slca: Slow learner with
classifier alignment for continual learning on a pre-trained model. arXiv preprint arXiv:2303.05118,
2023a.

Wenxuan Zhang, Paul Janson, Rahaf Aljundi, and Mohamed Elhoseiny. Overcoming generic
knowledge loss with selective parameter update. arXiv preprint arXiv:2308.12462, 2023b.

Zangwei Zheng, Mingyuan Ma, Kai Wang, Ziheng Qin, Xiangyu Yue, and Yang You. Preventing
zero-shot transfer degradation in continual learning of vision-language models. In Proceedings of
the IEEE/CVF International Conference on Computer Vision, pp. 19125-19136, 2023.

Da-Wei Zhou, Qi-Wei Wang, Han-Jia Ye, and De-Chuan Zhan. A model or 603 exemplars: Towards
memory-efficient class-incremental learning. arXiv preprint arXiv:2205.13218, 2022.

Da-Wei Zhou, Han-Jia Ye, De-Chuan Zhan, and Ziwei Liu. Revisiting class-incremental learn-
ing with pre-trained models: Generalizability and adaptivity are all you need. arXiv preprint
arXiv:2303.07338, 2023.

14



Under review as a conference paper at ICLR 2025

A APPENDIX / SUPPLEMENTAL MATERIAL

A.1 DERIVATION FOR DUAL MOMENTUM

In section the teacher model parameters 67 undergo exponential moving average as
0111 =P8 +4qb7, ®)

where p and g denote the smoothing parameters for the teacher and student model respectively and
can be computed as

p=om+ 3
p = aom+ B

where a; and 3; for ¢ € {1, 2} are the coefficients for the affine transformation of the boolean mask
vector m.

(€))

To account for masked parameters, two momentum values ¢, v are introduced for teacher and student
models respectively, such that for the teacher model, affine coefficients oy, S; are computed by
solving the equations:

aim; =11+ 51 =7, armg; =0] + By =9 (10)

and a, B2 are computed by solving the equations

asm; =11+ fo=1—-7, azmi; =0+ B, =1-9¢ (1D
This gives
=~ -0 =90
[&5] Y 9 ﬂl (12)
ag=0—7, Pa=1-9¢
This gives

p=(y—96m+4
g=(0—ym+1-9 (13)

A.2 HYPERPARAMETERS

Table [6] shows different hyperparameters that have been used for all the experiments using CLIP
backbones. The hyperparameters were selected based on the performance of the first task of Cars
Krause et al.|(2013)) dataset. All the results have been gathered over experiments averaged over 5
random seeds.

Hparams CLIP model
Batch Size 64
Optimizer AdamW
Learning Rate 7.5e —6
CL Epochs 10
Buffer 0
TTL batch size 64
Momentum-EMA (4,v,A)  0.9999, 0.8, 0.9
sparsity (c) 0.1

Table 6: Hyper Parameters for all the experiments using CLIP ViT-B/16 model.

A.3 DEPENDENCE ON QUALITY OF TEST DATA USED FOR UNSUPERVISED LEARNING

We want to highlight that the trained model is expected to generalize to the distribution of the test
data. We also assume that any quality degradation will be consistent across time steps. For instance, if
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the data is corrupted with noise, our method would generalize and adapt the model to this corruption
as well. To illustrate this, we conducted a small experiment by adding random Gaussian noise (mean
=0, std = 0.1) to different combinations of the test and evaluation suite (referred to as GN in Table[7).
The results are shown below, with average accuracy (Acc.) followed by forgetting (F.). We observe
that when corruption is present in the test-time data, the model is still able to leverage these data and
improve on clean evaluation data compared to the test-time baseline by a significant margin of 17%
(SPU alone). Interestingly, the model adapted to test-time data with Gausian noise performs better on
evaluation data with Gausian noise than the case when the test-time data is clean. This is the evidence
of our method’s ability to adapt and generalize to the present test-time conditions.

Test Time Data (D*)  Evaluation Data (D¢)  Acc. (1) F. (})

Clean Clean 79.16 7.73
GN Clean 75.67 9.93
Clean GN 69.50 12.86
GN GN 73.42 6.86

Table 7: Performance of DoSAPP with noise added to D* and D¢ for CIFAR100 Data

A.4 ABLATION STUDY ABOUT THE SIZE OF TEST-TIME DATA D%

In our method, we divided the evaluation data into two halves. One half is for unsupervised learning
(D%), and the other half is for evaluation (D¢). In the table below, we feed the fraction of D" for
test time learning. 0.25 means that 25% of the original D" is fed to the model for unsupervised
learning. We notice that when the fraction is below 0.75, there is an appreciable difference between
the performance of our proposed model. However, at 0.75, the performance is quite close to that of
the whole D*.

Fraction of D* Acc. (1) FE ()

0.25 73.97 14.23
0.5 76.83 9.44
0.75 79.02 8.16

1 79.16 7.73

Table 8: Dependence of performance of DoSAPP with different proportion of the testing data D" on
CIFAR100 dataset.
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