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Abstract

Despite the recent progress in incremental learning, ad-
dressing catastrophic forgetting under distributional drift
is still an open and important problem. Indeed, while
state-of-the-art domain incremental learning (DIL) meth-
ods perform satisfactorily within known domains, their per-
formance largely degrades in the presence of novel do-
mains. This limitation hampers their generalizability, and
restricts their scalability to more realistic settings where
train and test data are drawn from different distributions. To
address these limitations, we present a novel DIL approach
based on a mixture of prompt-tuned CLIP models (MoP-
CLIP), which generalizes the paradigm of S-Prompting to
handle both in-distribution and out-of-distribution data at
inference. In particular, at the training stage we model the
Jeatures distribution of every class in each domain, learn-
ing individual text and visual prompts to adapt to a given
domain. At inference, the learned distributions allow us to
identify whether a given test sample belongs to a known
domain, selecting the correct prompt for the classification
task, or from an unseen domain, leveraging a mixture of
the prompt-tuned CLIP models. Our empirical evaluation
reveals the poor performance of existing DIL methods un-
der domain shift, and suggests that the proposed MoP-CLIP
performs competitively in the standard DIL settings while
outperforming state-of-the-art methods in OOD scenarios.
These results demonstrate the superiority of MoP-CLIP ,
offering a robust and general solution to the problem of do-
main incremental learning.

1. Introduction

In machine learning, it is a common practice to assume
that both training and test data follow the same underlying
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distribution. In real-world scenarios, however, this strong
assumption is rarely met, leading to substantial performance
degradation when the trained model is evaluated on test
samples under a distributional drift. A simple solution to al-
leviate this issue is to train the model on the labeled samples
from the new domain. However, when the learning is per-
formed in a sequential manner on multiple domains, con-
temporary deep learning models tend to suffer from the phe-
nomenon of catastrophic forgetting, wherein the acquired
knowledge from previous domains is typically erased.

A simple strategy to address this issue consists in train-
ing different models, one per single domain. However, this
approach is suboptimal, as all these models must be stored
for future usage and the domain identity is not necessar-
ily known at test time. To tackle the issue of forgetting
learned knowledge, domain incremental learning (DIL) has
recently emerged as an appealing alternative that allevi-
ates the need to store multiple domain-specific networks.
Among the different DIL approaches, rehearsal [2,3, 18,35]
and distillation-based [ !, 17,24] methods, which leverage a
buffer of stored exemplars from old domains, dominate the
literature. Nevertheless, from a privacy and storage stand-
point, exemplar-free DIL approaches may offer a better so-
lution in practical settings.

An appealing alternative to mitigate knowledge forget-
ting is prompt-learning, which is driving progress in a wide
span of transfer learning problems [23,49]. In this ap-
proach, domain-specific knowledge is preserved in the form
of textual and visual prompts, alleviating the need of storing
exemplars per domain. While some methods advocate for
the joint learning of prompts across tasks [14,41], the re-
cent work in [39] instead favors the learning of the prompts
independently, suggesting that this leads to the best perfor-
mance per domain. This learning paradigm, referred to as
S-Prompting [39], circumvents the issue of using expensive
buffers by optimizing per-domain prompts, which are lever-



aged at testing time. In particular, centroids for each domain
are obtained during training by applying K-Means on the
training image features, which are generated with the fixed
pre-trained transformer without using any prompts. Then,
during inference, the standard KNN algorithm is used to
identify the nearest centroid to the test image, whose as-
sociated domain prompt is added to the image tokens for
classification. Despite the empirical performance gains ob-
served by these approaches [14,39,41], a current limitation
hampering their generalization is that they perform satis-
factorily in known domains, but typically fail when unseen
domains are presented (see Fig. 1). This is particularly im-
portant in real-world scenarios where training and testing
data of the a priori same domain may present distributional
drifts that degrade the model performance. In the case of S-
Prompts [39], we argue that a potential reason behind this
suboptimal performance stems from forcing the model to
select a single domain (i.e., the closest one), which might
be indeed far in the feature space.
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Figure 1. Performance degradation under the presence of do-
main shift between adaptation and testing samples, which shows
that sota DIL approaches do not generalize well. We employ S-
Prompts [39] as use-case. The red line represents the performance
across each test domain, when all domains have been seen by the
model. In contrast, the blue dotted line shows the performance
of the same model when the test domain remains unknown, high-
lighting the performance degradation under distributional shift.

Motivated by these limitations, we introduce a novel
exemplar-free DIL solution, based on prompt learning,
which generalizes the recent S-liPrompts approach [39] for
both in-distribution and out-of-distribution data. Specifi-
cally, our contributions can be summarized as follows:

» We first expose that existing state-of-the-art domain in-
cremental learning approaches suffer in the presence
of distributional shift between samples used for adap-
tation and testing, which hampers their generalization
to unseen domains (Fig. 1).

» Based on these observations, we present a novel DIL
strategy based on a mixture of prompt-tuned (MoP)
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CLIP models, generalizing the recent S-liPrompts ap-
proach [39] to work with both in-distribution and out-
of-distribution data. In particular, the proposed ap-
proach learns class-wise features distributions for each
domain, allowing to detect whether a given sample
comes from a known domain.

The proposed approach is exemplar-free, reducing the
computational burden compared to conventional meth-
ods, and agnostic to the sequence order.

Extensive experiments demonstrate that our approach
performs at par with state-of-the-art DIL methods on
known domains, while largely outperforming them un-
der distributional drifts.

2. Related Work

Domain-Incremental learning (DIL) refers to continual
learning scenarios in which the distribution of instances
from fixed classes changes between domains. These real-
world scenarios include, for example, the recognition of
objects where new instances from varying environments
appear in each new domain [28], or autonomous driving,
where the car is exposed to ever-changing conditions. We
focus on the domain-agnostic scenario, where the sample’s
domain remains unknown at inference time. The major
challenge of this task is to find a good trade-off to adapt to
the new instances distribution without deteriorating perfor-
mance for samples of the previous distributions (i.e., alle-
viating catastrophic forgetting). The literature on this sub-
ject is abundant, where the main approaches are based on
weight regularization [8, 22, 46], knowledge distillation in
a teacher-student setting using current examples [26] or a
memory buffer [9] and methods using or generating latent
features [32, 37] or gradient examplars [9, 29, 31]. Never-
theless, these approaches require the use of exemplars from
seen domains, which may result in storage, security and pri-
vacy issues. In contrast, the proposed approach only re-
quires the storage of a single prototype per class and do-
main, largely alleviating these issues. Last, existing meth-
ods are tailored to perform optimally within known data
distributions, i.e., the learned model is tested on the same
domain used for adaptation. However, their out-of-domain
generalization capabilities, i.e., the model encounters novel
domains during testing, are rarely considered [39].

Prompt learning. Driven by the advances in Natural Learn-
ing Processing, prompt learning has emerged as an appeal-
ing learning strategy to adapt large scale pre-trained mod-
els to downstream tasks. While initial attempts to adapt
language-vision models have centered on carefully design-
ing handcrafted prompts [5], recent works focus on optimiz-
ing a task-specific continuous vector, which is optimized via
gradients during fine-tuning [20, 30,49, 50]. An underly-
ing limitation of these approaches arises from the inherent
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Figure 2. Proposed generalization scenario for domain incremental learning Standard problem (/eff): Only in-domain examples are
encountered at test time. Addressed problem (right): Both in-domain and out-of-domain examples are presented at test time.

disparity between language and vision modalities, and thus
fine-tuning only text prompts for visual recognition tasks
may yield suboptimal performance. Motivated by this, vi-
sual prompt tuning (VPT) [19] was proposed as a powerful
alternative to text prompting. In this approach, authors pro-
pose to optimize task-specific learnable prompts in either
the input or visual embedding space. Following the satis-
factory results achieved by VPT, fine-tuning visual prompts
has gained popularity recently, particularly for adapting pre-
trained models to novel unseen categories [10,38,43,43].

Prompt tuning in domain incremental learning. This
paradigm protects against catastrophic forgetting by opti-
mizing a small set of learnable prompts. This contrasts with
classical approaches which modify all the network param-
eters (or a subset),or store exemplars in a buffer. Despite
the success observed in other tasks, the literature on prompt
tuning for domain incremental learning remains underex-
plored, with just a handful works addressing this problem
[4,14,39,41]. For example, S-Prompts [39] learns in iso-
lation a set of prompts per domain, and dynamically selects
which set to use at test-time using a fixed key/value dictio-
nary where the keys are computed with K-Means and the
values represent the sets of prompts. L2P [4]1] uses an in-
crementally learnable key/value mechanism to select which
prompts to prepend to the input image tokens at test-time,
hence breaking the isolation between domains, which con-
trasts with our work, as it learns domain prompts indepen-
dently. A main difference with these, and conventional DIL
approaches, is that the proposed approach explicitly tackles
the generability performance in domain incremental learn-
ing, while maintaining at par accuracy in known domains,
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which remains underexplored.

Domain generalization (DG) Existing literature on DG
strongly relies on supervised knowledge from source do-
main data, regardless of whether it originates from a single
domain [40] or multiple domains [ ! 1,44,47,48], which may
not be realistic in continually changing scenarios, as knowl-
edge comes in a sequential manner. Additionally, in scenar-
ios involving distributional shifts, DG approaches primarily
focus on the target domain, increasing the potential risk of
catastrophic forgetting on previously learned domains [27].

3. Method

An overview of MoP-CLIP is illustrated in Fig. 3, which
contains two phases: i) learning of in-distribution domain-
specific visual and text prompts (sec. 3.2) and ii) selection
of optimal prompts for a given test sample (sec. 3.3).

3.1. Problem definition

Let us denote as S = {Ds}i\;1 the sequence of datasets
presented to the model in our incremental learning scenario,
with N being the final number of domains. Each dataset
is defined as Dy = {xf,yf}ﬁ;', where x; € RW*xHxC
represents an image of size W x H and C channels, and
y: €{0,1}¥ is its corresponding one-hot label for K target
classes. In this setting, we have access to only one domain
D at a time and storing samples from previous seen do-
mains, commonly referred to as exemplars, is not allowed.
Each time a new domain D, becomes accessible, DIL aims
to improve the model’s performance on D, while avoiding
the loss of knowledge for past domains, Ds_1, Ds_o, ... Dy.
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Figure 3. Overview of MoP-CLIP. The training phase (left): class-wise prototypes are identified from in-distribution domains. Inference
(middle and right): domain selection and ensembling (Mixture of Prompts), respectively, for in-distribution and out-of-distribution samples.
For simplicity, we depict the pipeline for 2 classes (Real vs Fake). However, the procedure for multiple classes (e.g., DomainNet or

CoRES50) is exactly the same.

In the proposed setting, and in contrast to most existing lit-
erature on DIL, we assume that the model should also gen-
eralize well on unseen datasets, i.e., Ds11, Dsy2, ..., Dip,|
(Fig. 2). In other words, our learning scenario leverages
backward transfer to avoid catastrophic forgetting on seen
domains, while optimizing forward transfer to facilitate
knowledge transfer to new tasks/domains. Our motivation
behind this bi-directional performance assessment relies on
the realistic assumption that a distributional drift between
training and testing data always exists.

3.2. Prompts Learning

Following the setting in [39], we define fy as the pre-
trained vision transformer that generates a visual embed-
ding z° = fyp(xtok) € RE, where x¢o) € RW H/R*xM"
corresponds to the image tokens (or patches), W H/R? is
the number of tokens, R is the width/height of the (square)
patch and MV is the dimension of the image tokens em-
bedding. We also define fy, a pre-trained text transformer
that generates text embeddings of dimension M* from class
names tokens ¢y, for k € {1, ..., K'}. For each new domain
D, in the sequence S, we can adapt the model by learn-
ing a visual prompt p? € RX"*M" and a text prompt p, €
RL*M" following [39]. In particular, these prompts are a
set of continuous learnable parameters, where L", L? are the
visual and text prompt length. Thus, for the set of domains
S, we have a set of domain-specific visual and text prompts,
denoted as PV ={pY, ..., p% } and P! ={pi, ..., piy }. Now,
with the domain-specific prompts, we can modify the em-
beddings that will be provided to the visual and text en-
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coders, fp and f,. Concretely, for an image of domain s
and class k, the input of the visual transformer is defined
as X = [Xtok, PY, Xcls] With X5 the classification token of
the ViT. Similarly, the input of the text transformer is de-
fined as ¢}, = [p%, cx]. We then denote as z” = fp(x") and
z} = f,(c!) the embeddings of these inputs. The posterior
probability of a given image x; from D belonging to class
k can be therefore defined as:

ecos(i”,ii)
b
j=1¢

where cos(a, b) = ﬂ;ﬁ—']h is the cosine similarity between
vectors a and b.

3.3. Inference

At test time, the domain of the images to classify remains
unknown. In S-liPrompts [39], the domain s* closest to a
given test sample is selected by finding the minimum dis-
tance between the visual embeddings and prototypes com-
puted with K-Means over the domains S. This strategy
is generally effective in finding the closest domain when
x € Dy and D, has been already presented to the model.
In this setting, p(yx|x, s) yields satisfying predictions, as
the domain of the sample x can be easily inferred and the
scenario becomes a classification task under in-distribution
data. Nevertheless, when the model has not been exposed to
D; during training or adaptation, the selection of an exist-
ing closest domain (other than D,) might not match with the
real distribution of the new domain. In this case, the strategy
used in S-liPrompts may actually move the test sample away

p(yelx,s) = (D

(7Y L)
cos(zv,2%)



from its original distribution. To overcome this issue, we
propose to enhance the domain selection mechanism in two
separate ways: i) dynamically allowing the model to select
n close domains and ii) leveraging per-domain predictions
in an ensembling scheme for samples of unseen domains.
To select the right prompt, we propose a strategy based
on a set of class-specific prototypes for each domain, £; =
{mk}E | instead of prototypes obtained with K-Means as
in [39]. Let Df C D, be the samples of domain D, belong-
ing to the class k, we compute the prototype of class k for
domain D, by averaging the visual embeddings of examples

in DF:
> -

{zV | xeDk}

1
Ds]

k

s = @)
Next, we present how these prototypes are used to select the
domain and how they are leveraged in our approach.

i) Domain Selection. Given the class-specific prototypes,
we select the domain s* of a test example x as the one with
the nearest prototype for any class:

§* = argmin Ag(x) 3)
1<s<N
with
A (x) = min |z° — mF|,. 4)
ke

s s

As mentioned before, test examples may also come from
an out-of-distribution (OOD) domain (i.e., not part of any
domains encountered at training time). To determine if
a given sample x is from a previously-seen domain or is
OOD, we compare its distance to the closest prototype of
the selected domain, A~ (x), with the distances of training
samples from that domain. Let U% = {||z* — mF|; |x €
Df } be the set of distances for domain Dy and class k. Dur-
ing training, the distribution of distances for each domain
D, and class k is estimated from \Illj with a Gaussian of
mean p* and standard deviation o*.

At test time, we find the class corresponding the
nearest prototype for the selected domain, i.e., k*
argmin, k< K ||z — mP¥.||5. We then use the distribution

P=N(;pk ok to determme whether A+ (x) is nor-
mal. Specifically, we classify a sample x as in-distribution
if F'(Ags«(x)) < g where F' is the cumulative distribution
function of P, i.e., F(z) = P(X < z) and q is a specified
threshold.

Afterwards, if x is in-distribution, we use p(yy | %, s*) to
classify x. Otherwise, x belongs to a new (unseen) domain.
In such case, we propose the following ensembling tech-
nique to classify it.

ii) Ensembling If x € Dy and Dy has not been en-
countered during training, we model z¥ as being part of
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a mixture of the known domains. In particular, we re-
sort to a Gaussian mixture model to estimate the mixture
weights (ws = p(s|x)). While this could be done with L-
dimensional covariance and mean vectors per domain (on
the features), it does not perform well as L increases. We
propose the following model:

p(x € Dy)

N800 " ok)
BN TS

where t* = argmin, ;< |2 mé‘ ||2. Note that the hy-
potheses done to reach the proposed model in eq. (5) are
detailed in Supplemental Material. We then combine the
predictions using the different prompts (p(yx|x, s)) based
on those weights:

We =

(&)

3

Zp Yr[x, ) - ws )

p(yrlx) =

4. Experiments

The experiments reported in this section validate empiri-
cally that MoP-CLIP yields competitive performance com-
pared to state-of-the-art DIL when dealing with in-domain
(ID) examples, while significantly outperforming these ap-
proaches in the presence of out-of-domain (OOD) exam-
ples. Furthermore, we perform a series of ablation experi-
ments to better identify the impact of the key components
of the proposed method.

4.1. Experimental setup

A. Datasets. To assess the performance of the proposed
method, we resort to three popular DIL benchmarks which
have been extensively used in the literature: CDDB-Hard
[25], DomainNet [33], and CORe50 [28], whose details are
given below:

CDDB Dataset [25] is a continual (incremental) deepfake
detection benchmark, whose goal is to identify real and fake
images across different domains. In particular, in the pro-
posed work we employ the Hard setting as in [39], which
is the most challenging track of CDDB. This dataset con-
tains a total of 27,000 images across 5 different domains:
GauGAN, BigGAN, WildDeepfake, WhichFaceReal, and
SAN. We also use Glow, StarGAN and CycleGAN to eval-
uate OOD performance.

DomainNet [33] is a dataset for domain adaptation com-
monly used to benchmark DIL methods. It contains a total
of 600,000 images across 6 different domains, each contain-
ing the same 345 classes. In particular, we use the experi-
mental setup presented in CaSSLe [15].

COReS0 [28] is a dataset designed for continual object
recognition. However, in this work we focus on its domain-
incremental learning scenario. This setting is comprised of



11 distinct domains, each containing the same 50 object cat-
egories. From the 11 domains, 8 are composed of 120,000
images which are seen sequentially during training, whereas
the remaining 3 domains compose the fixed unseen test set.

B. Comparison methods. We benchmark MoP-CLIP
to several state-of-the-art DIL methods. These include
non-prompting approaches (EWC [22], LwF [26], ER
[9], GDumb [34], BiC [42], DER++ [6] and Co2L [7]),
prompting-based methods (L2P [41], DyTox [14] and S-
lilPrompts [39]) and a self-supervised learning method,
CaSSLe [15], following the experimental set-up in [39]. For
OOD experiments, we only evaluate those methods that are
in direct competition with our approach, in terms of exem-
plars buffer use. In particular, we compare to the follow-
ing methods, whose respective codes are publicly available:
EWC', LwF?, DyTox?, L2P%, and S-liprompts°.

C. Evaluation metrics and protocol. o assess the perfor-
mance of the proposed approach, we resort to standard met-
rics in the incremental learning literature. In-domain set-
ting: On DomainNet and CDDB-Hard we follow the orig-
inal work in [25] and employ the average classification ac-
curacy (AA), as well as the average forgetting degree (AF),
which is the mean of the popular backward transfer degra-
dation (BWT). We formally define the average accuracy as
AA = ﬁ Zf\;l A; n with A; n the accuracy on domain %
measured after having trained on /N domains. This metric is
computed at the end, i.e., after having seen all the domains,
e.g., on CDDB: GauGAN — BigGAN— WildDeepfake—
WhichFaceReal— SAN. Furthermore, the average forget-
ting degree on CDDB can be defined as ﬁ Zf\:ll BWT;
with BWT; = 4 Z;V:iﬂ(Ai,j — A, ;) as originally
proposed in [25] (i.e., the forgetting degree is computed for
each domain at each adaptation step, then averaged). Out-
of-domain setting: We follow [28] to compute the AA on
CORe50 on the fixed test set, which contains 3 hold-out
splits that can be considered as OOD with respect to the
training set. Furthermore, as in [39], we compute the AA
on 3 unseen domains (Glow, StarGAN and CycleGAN) in
CDDB-Hard. Last, as no independent hold-out subset of
unseen domains exists for DomainNet, we propose using
the Cumulative Accuracy on the unseen domains during the
incremental learning of the model (i.e., average accuracy
on the unseen domains averaged on all the steps), defined
as follows: CA = 17 SOV ! N1 Zf\ij A

lr;itpsz //github.com/G-U-N/PyCIL
Zhttps://github. G-U-N/PyCIL
35;,Lp5: //github. arthurdouillard/dytox
41:,#1\:53:/ github.com/JH-LEE-KR/12p-pytorch
5:’;,Lp5: //github.com/iamwangyabin/S—-Prompts
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D. Implementation details We use the same setting as
[39], i.e. use ViT-B/16 [13] as our base image encoder and
the text encoder of CLIP, both initialized by CLIP pretrain-
ing on ImageNet [36]. We follow [39] and use the same im-
age encoder model as a backbone (i.e., ViT-B/16 [13] pre-
trained on ImageNet [36]) across all the compared methods,
for a fair comparison. As suggested in [39], we use a more
advanced backbone (i.e. ConViT pretrained on ImageNet
[36]) on DyTox [14] as it underperforms a random model
with ViT-B/16 as backbone. We empirically fix ¢ = 0.94
for the 3 datasets, based on the ablation study in Figure
5, such that we do not deteriorate ID performance while
improving OOD performance on CDDB-Hard. For EWC,
LwF and CaSSLe, we use the same hyperparameters as in
the original papers, whereas we keep the hyperparameters
reported in [39] for DyTox, L2P and S-Prompts.

4.2. Results

In-domain distributions. We first evaluate the proposed
approach in the standard DIL scenario where the testing
samples are drawn from the same distribution as the train-
ing/adaptation images. These results, which are reported
under the Seen-Domains columns of Tables 1 and 2, demon-
strate that the proposed MoP-CLIP approach yields su-
perior performance than existing exemplar-free methods.
In particular, MoP-CLIP outperforms the very recent ap-
proaches DyTox [14] and L2P [41] by large margin, with
improvement gains of around 20-30% in terms of aver-
age classification accuracy under the same storage condi-
tions. Furthermore, the degree of knowledge forgetting is
also largely reduced, going from -45.85 in DyTox to -0.79
in our approach. Furthermore, if storing exemplars is al-
lowed, DyTox [14] significantly improves its performance,
but still underperforms our approach yet incurring a non-
negligible overhead. Last, it is noteworthy to highlight that
the proposed approach reaches similar performance than S-
liPrompts [39] in this scenario, with at par values in the
CDDB-Hard dataset and remarkable performance gains in
DomainNet. Note that this result is somehow expected, as
our approach is a generalization of S-liPrompts for the OOD
scenario, and differences in the in-distribution setting may
come from the domain prompt selected.

An interesting observation is that prompting-based meth-
ods, which do not store exemplars from old tasks, typically
outperform their buffer-storage counterparts. For exam-
ple, S-liPrompts [39] and MoP-CLIP bring considerable im-
provements compared to LUCIR (between 6-8%) or iCaRL
(ranging from 9 to 15%). We hypothesize that this phe-
nomenon comes from the absence of interference between
domains when doing the adaptation. In this scenario, the
knowledge from previously learned domains remains iso-
lated in the form of optimized domain prompts, and the only
knowledge shared is derived from pre-trained transformers.



Table 1. Results on CDDB-Hard for both ID and OOD sce-
narios. Evaluation of existing state-of-the-art DIL methods in
the standard seen-domain setting and more challenging unseen-
domain scenario. For the unseen-domain experiments, we only re-
produced the results for related (i.e., exemplar-free) methods. Best
results are highlighted in bold.

Seen-Domains  Unseen-Domains

Method Prompt  Pretraining  Buffer size

AA (D) AF() AA (D
LRCIL jros20 [32] X ImageNet 7639 -4.39
iCaRL wips'19 [31] X ImageNet  /OOex/class ~ 79.76  -8.73
LUCIR cvpreyo [ 18] X TmageNet 82.53 -5.34
LRCIL [ros20 [32] X TmageNet 74.01 -8.62
iCaRL wigs'19 [31] X ImageNet  50ex/class 7398  -14.50
LUCIR cvpre19 [18] X TmageNet 8077  -7.85
DyTox cvere22 [14] v ImageNet 86.21 -1.55
EWCpasi7 [22] X ImageNet 50.59  -42.62 -
LWF tpamr7 [20] X ImageNet 60.94  -13.53 50.05
DyTox cvpr22 [14] v ImageNet No buffer 51.27  -4585 50.46
L2P cvproaz [41] v ImageNet 61.28 923 57.34
S-liPrompts eurtps'22 [39] v CLIP 88.65 -0.69 76.79
MoP-CLIP (ours) v CLIP 88.54 -0.79 82.02

Table 2. Results on DomainNet for both ID (AA metric) and
OOD (CA metric) scenarios. Best values are highlighted in bold.

Seen Unseen

Method Prompt  Pretraining  Buffer size Domains Domains
DyTox cvere22 [14] v ImageNet  SOex/class 62.9

DyTox cypre22 [14] v ImageNet 13.5 4.2
LwFE tpamri7 [26] X ImageNet 49.2 43.4
CaSSLe cyprr22 [15](SimCLR [12]) X ImageNet 48.1 454
CaSSLe cypr22 [151(BYOL [16]) X ImageNet 52.9 48.7
CaSSLe cvpr22 [15](Barlow Twins [45]) X TmageNet  No buffer 51.4 476
CaSSLe cypr22 [15](SupCon [21]) X TmageNet 54.2 50.5
L2P cvpraa [41] v TmageNet 40.1 25.5
S-1iPrompts Newps22 [39] v CLIP 67.7 66.4
MoP-CLIP (Ours) v CLIP 69.7 67.0

Performance under domain distributional shift. We now
want to assess the benefits of the proposed approach when
the testing dataset presents a distributional drift over the
training data. In particular, we advocated that the proposed
approach is a generalization of [39] to be able to handle
samples coming from an unseen distribution. To support
this claim, and to demonstrate the superiority of our ap-
proach on unseen domains, we resort to the OOD experi-
ments, which are reported in the right-most columns of Ta-
bles 1 and 2, as well as Table 3. From these results, we can
observe that excluding S-liPrompts, the performance gains
brought by the proposed approach are substantial compared
to other exemplar-free methods, ranging from 17% (EWC
in CORe50) to 40% (L2P [41] in DomainNet). Even when
comparing to state-of-the-art competitors that store exem-
plars (e.g., DyTox [14] or Co?L [7] in CORe50), MoP-
CLIP yields considerable improvements, ranging from 11%
to nearly 17%. The clear superiority of our approach lies on
the isolation of different domains during learning, which do
not degenerate the generalization capabilities brought by the
pre-trained transformers. Furthermore, when comparing the
proposed MoP-CLIP to S-liPrompts [39], we observe that
our method outperforms the latter by around 6%, 2% and
3% in CDDB-Hard, DomainNet and CORe50 benchmarks,
respectively. These performance gains on OOD samples
might likely come from the flexibility of MoP-CLIP in se-
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Table 3. Results on CORe50. Note that CORe50 already provides
separate training and testing domains, and thus results can only
be computed on the OOD scenario. Results are reported as the
Acc metric, where the best values are highlighted in bold. In our
method, we use the same ¢ as in the other datasets, whereas *
indicates that ¢ is fixed based on the validation set of CORe50, as
typically done in all the other approaches.

AA

74.92
79.28
79.70
79.75
79.21
81.07

Method Prompt  Pretraining  Buffer size

ImageNet
TmageNet
TmageNet
ImageNet
ImageNet
ImageNet

GDumb gceyvao [34]
BiC cverriy [42]
DER++ Neurtps 0 [0]
Co’Licevar [7]
DyTox cvere2z [14]
L2P cvprez [41]
EWCpnasii7 [27]
LwF rpamri7 [26]
L2P cypreaz [41]
S-1iPrompts Neurtps 22 [39]
MoP-CLIP (Ours)
MoP-CLIP (Ours)*

S0ex/class

74.82
75.45
78.33
89.06
91.43
92.29

TmageNet

TmageNet

ImageNet
CLIP
CLIP
CLIP

No buffer

AN N NN

lecting a subset of similar domains for a given test sample,
which allows the model to properly weight the contribution
of each domain prompt. In contrast, S-liPrompts [39] forces
the model to select only one domain from the seen domains,
which impedes its scalability to novel distributions, as em-
pirically shown in these results, as well as in Figure 1.

On the impact of the different components. The empiri-
cal study in Table 4 justifies the need of employing the pro-
posed approach over the strong baseline S-liPrompts [39],
as well as showcases the impact of each choice. In a prac-
tical scenario, it is unrealistic to assume that the test sam-
ples always follow the same distribution as the data used
for adaptation. Furthermore, the domain of each sample
typically remains unknown. Thus, to align with real-world
conditions, we will consider the average of in-distribution
and out-of-distribution performance as our metric of refer-
ence to evaluate the impact of the different choices. We
can observe that in nearly all the cases, the use of an en-
sembling strategy results in consistent improvements over
the single model predictions (considering same distances).
An interesting observation is that distances related to the
Ly-norm typically degrade the performance on ID samples.
We observe that in this scenario, the distributions overlap
considerably and p(s|x) (derived from the Gaussian mix-
ture) is too far from 1 for most ID samples, making the dis-
crimination of samples by these distance measures difficult.
Nevertheless, this behavior is reversed in the presence of
OOD samples. In particular, our simplification assumes an
isotropic Gaussian distribution of the points around the pro-
totypes and therefore reduces the noise in the coordinate-
wise variances (which can explain the performance degra-
dation observed when using the Mahanalobis distance), re-
placing it with distance-wise variances. Thus, the proposed
approach combines the best of both worlds, leading to the
best average performance across all the configurations.

Strategy to select the domain prompts. As emphasized
in Sec. 3.3, [39] uses K-Means over the features extracted



Table 4. Impact of MoP-CLIP design choices. Maha denotes
the Mahanalobis distance, and GMM a Gaussian Mixture Model.
Furthermore, Hybrid denotes the nature of our approach, which
uses an ensembling for OOD samples and a single domain prompt
for ID samples. Results on CDDB-Hard and DomainNet (DN)
show the average accuracy (AA). Best results in bold.

s Uns
cen nseen Harm. Mean

Domains Domains

Method Ensembling Distance
CDDB DN CDDB DN CDDB DN
S-liPrompts [ 39] X L1 88.65 6770 7679 6640 8229 6554
MoP-CLIP - no ens. (a) X L2 89.48 6952 7695 66.58 8274 68.02
- X Maha 8045 6454 7666 6561 7851 6507
X L2-GMM 7572 6195 7576 6247 1574 6221
v Uniform 67.55 6272 8361 63.14 7473 6293
v L1 8929 5423 8005 56.16 8442 5518
v L2 6837 6329 8407 6384 7541 6356
" v Maha 8048 6197 77.56 5538 7899 5849
MoP-CLIP - ens. (b) v L2-GMM 7251 6421 8921 6442 8000 64.31
MoP-CLIP (Proposed) ~ Hybrid  ID (a) OOD (b) 8854 69.67 8202 67.05 8521 68.33

with a pre-trained ViT to compute the prototypes which are
used to dynamically select which prompt to use at test time.
While this strategy is memory efficient, it lacks flexibility,
as the number of clusters needs to be adjusted according
to the dataset employed. To alleviate this issue, we in-
stead use class-wise prototypes as a hyperparameter-free
alternative to compute representative prototypes. The ef-
fect of using either k-Means or class-prototypes is depicted
in Fig. 4. From these results, we empirically observe that
this choice improves performance in both in-distribution
and out-of-distribution domains, leading to a higher aver-
age performance. Furthermore, it is noteworthy to mention
that using class-wise prototypes makes the distribution of
points around prototypes Gaussian, which explains the sat-
isfactory performance of MoP-CLIP, particularly on sam-
ples from unseen domains.

100
k-Means Prototypes
Class Prototypes

mioU

Seen Domains Unseen Domains Mean

Figure 4. k-Means or class prototypes as domain centroids?
Ablation study that demonstrates the benefits of using class proto-
types (our approach) rather than k-Means prototypes, as in [39].

How much trade-off is sufficient? The influence of the
threshold ¢ from our simple out-of-distribution criterion
(Sec. 3.3) to select between seen and unseen domains is
shown in Figure 5. As stressed earlier, we aim for a com-
promise between ID and OOD performance, in order to pro-
vide generalizable models. As target domains should re-
main unknown at inference, we selected a fixed ¢ value that
provided the optimal average performance across both set-
tings. Nevertheless, these plots reveal two interesting find-
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ings. First, the average performance of the model is not very
sensitive to the choice of ¢q. For example, the performance
of ID samples decreases as g decreases, whereas OOD per-
formance improves. On the other hand, if ¢ increases, the
accuracy in the ID scenario increases, while it decreases for
OOD samples. And second, if prior knowledge about the
target domain is available —an assumption made by all exist-
ing DIL literature— the performance of MoP-CLIP is further
increased, enlarging the gap with SOTA methods.

a) In-domain accuracy b) Out-of-domain accuracy

- ours \
89.25 S-liPrompts 5 82.00
> =--=- selected q o
> ‘ g
& 89.00 : 3 81.00 \
S i &
S 88.75 i <
g £ 80.00 =
® 850 : g S-liPrompts
£ : === selected q
: 79.00
£ 88.25 : 3
3 : S
£ 88.00 - £ 78:00
- i 3
:
87.75 : © 77.00

0.90 0.92 0.94 0.96 0.98
threshold (q)

0.90 0.92 0.94 0.96 0.98
threshold (q)

Figure 5. A controllable trade-off between in-domain and out-
of-domain prediction performances. Impact of the threshold ¢
(Sec. 3.3) on the accuracy, evaluated on CDDB-Hard.

5. Conclusion

Findings from this work reveal that existing literature
on domain incremental learning suffers under the presence
of distributional drift, hampering their scalability to prac-
tical scenarios. To overcome this issue, we have proposed
a generalization of the recent S-ilPrompts [39] approach,
that further handles out-of-distribution samples. In addition
to outperforming current state-of-the-art, particularly in the
unseen domain setting, our method brings several interest-
ing benefits compared to most existing DIL method. First,
MoP-CLIP is exemplar-free, eliminating the limitations of
conventional DIL approaches in terms of storage and pri-
vacy. Furthermore, as prompts are learned independently
on each domain, and the model parameters remain fixed
during the adaptation, the performance of our approach is
insensitive to the ordering of the seen domains. This con-
trasts with a whole body of the literature, where the choice
of the sequence order can significantly impact the final per-
formance. Our comprehensive evaluation shows the empiri-
cal gains provided by MoP-CLIP, pointing to visual prompt
tuning as an appealing alternative for general domain in-
cremental learning. Finally, we stress that while powerful,
the proposed approach retains the spirit of S-ilPrompts [39],
which advocates for a simple yet elegant method.

Potential Negative Impact: Language-vision models and
prompt tuning heavily rely on pre-training data which may
contain biases and reinforce existing societal prejudices.
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