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Abstract

The advent of pre-trained Vision-Language Models (VLMs) has significantly trans-
formed Continual Learning (CL), mainly due to their zero-shot classification abilities.
Such proficiency makes VLMs well-suited for real-world applications, enabling robust
performance on novel unseen classes without requiring adaptation. However, fine-tuning
remains essential when downstream tasks deviate significantly from the pre-training do-
main. Prior CL approaches primarily focus on preserving the zero-shot capabilities of
VLMs during incremental fine-tuning on a downstream task. We take a step further
by devising an approach that transforms preservation into enhancement of the zero-
shot capabilities of VLMs. Our approach, named MoDular Embedding Recomposition
(MoDER), introduces a modular framework that trains multiple textual experts, each spe-
cialized in a single seen class, and stores them in a foundational hub. At inference time,
for each unseen class, we query the hub and compose the retrieved experts to synthesize
arefined prototype that improves classification. We show the effectiveness of our method
across two popular zero-shot incremental protocols, Class-IL and MTIL, comprising a to-
tal of 14 datasets. The codebase is available at https://github.com/aimagelab/mammoth.

1 Introduction
Vision-Language Models (VLMs) like CLIP [29] have gained significant attention for their

flexibility and robust zero-shot capabilities. These characteristics make VLMs particularly
appealing in applications demanding high adaptability, where data arrives incrementally, and
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frequent retraining is not feasible due to time or computational constraints. However, incre-
mentally fine-tuning such models often causes degraded performance in recognizing pre-
viously seen classes (catastrophic forgetting) [23]. Even worse, incrementally fine-tuning
VLMs gradually erodes zero-shot capabilities for unseen domains [43]. This form of forget-
ting diminishes the potential to generalize to classes the model has never seen, limiting its
adaptability “out of the box”.

To mitigate this issue, one could resort to Continual Learning (CL), with approaches
that generally divide into three categories [33]. Namely, given a sequence of tasks of dis-
joint classes, regularization techniques [12, 17] penalize changes to the most significant
weights. Replay methods [1, 2, 3, 25, 26, 30] interleave past examples, either stored in
memory or generated by a model, with new data to reinforce prior knowledge. Architectural
approaches [21, 31] add task-specific parameters to preserve learned representations. While
these approaches could be applied to large pre-trained models, the high memory footprint of
fine-tuning them makes it impractical. Recent CL methodologies [5, 32, 35, 36, 37] incor-
porate Parameter-Efficient Fine-Tuning (PEFT) techniques [10, 45] to reduce such burden.

In addition to forgetting previously acquired knowledge, fine-tuning a VLM significantly
degrades its zero-shot accuracy, as new training data overwrites the broader pre-trained
knowledge [39, 43]. The authors of ZSCL [43] introduce this problem under the name of
Zero-Shot Continual Learning. However, methods from this field [5, 39, 43] primarily focus
on preventing the deterioration of zero-shot performance and are not designed to actively
improve it.

Our approach, MoDular Embedding Recomposition (MoDER), goes further by aim-
ing to enhance zero-shot capabilities proactively. To generalize to unseen classes, we train
experts incrementally and use them to forge new tailored models on the fly. Specifically,
we leverage model compositionality [22, 27] and devise textual expert modules that are both
memory-efficient and linearly composable in parameter space. Thanks to these experts,
stored in a repository called the foundational hub, we can forge textual prototypes for un-
seen classes by reusing models learned across tasks. This provides the basis for building
a modular learning system that prevents forgetting and easily adapts to unseen classes and
domains.

We validate MoDER on two recognized settings — Class-Incremental Learning (Class-
IL) [33] and Multi-Domain Task Incremental Learning (MTIL) [39, 43] — employing 14
diverse datasets that present various challenges, including unrelated domains, numerous fine-
grained classes, and substantial shifts from the broad pre-training knowledge. To ensure that
our proposal improves transfer on unseen classes without sacrificing performance on seen
classes, we measure performance as both Class Incremental Transfer [5] and Final Average
Accuracy. Our main contributions are as follows:

* We introduce MoDular Embedding Recomposition, an incremental approach that re-
tains prior knowledge and actively reuses and recombines it to improve zero-shot per-
formance.

* We introduce a hub of textual specialized experts, allowing for the creation of new
textual prototypes that enhance classification for unseen classes.

* We conduct experiments on various datasets and benchmarks showcasing state-of-the-
art performance for incremental fine-tuning VLMs.
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2 Related Works

Class-Incremental Learning and Prompt Tuning. Learning to Prompt (L2P) [37] pio-
neers the use of prompts for Class-IL by introducing a shared pool of prompts, with a query
function that selects the most relevant prompts for each input image. DualPrompt [36] ex-
tends L2P by introducing prefix-tuning [16] and a hierarchy of general task-specific prompts.
Similarly, CODA-Prompt [32] applies prefix-tuning and a differentiable, soft mechanism for
prompt selection. Among CLIP-based techniques, AttriCLIP [35] employs a pool of learn-
able textual prompts for the CLIP text encoder. Conversely, CGIL [5] optimizes a single
textual prompt per class and incorporates generated visual features to alleviate forgetting.

Zero-Shot Continual Learning. This framework, recently introduced in [43], addresses
the challenge of incrementally fine-tuning Vision-Language Models (VLMs) without com-
promising their zero-shot performance. To address this, the authors utilize a teacher-student
strategy on a reference dataset to preserve pre-training knowledge. Their approach, termed
ZSCL, requires substantial GPU memory due to the simultaneous loading of the two CLIP
instances. MoE-Adapters [39] introduces multiple LoRA experts per task to mitigate these
limitations. However, this solution necessitates task identity knowledge during inference,
adding complexity via a learnable router module that still depends on a reference dataset.
CGIL [5] employs learnable textual prompts trained on synthetic visual features to prevent
forgetting past knowledge; however, its approach for unseen classes is conservative, as it
still relies on hand-crafted input templates. Our approach circumvents these constraints by
leveraging the composition of class-specific experts from a foundational hub.

3 Preliminaries

Setting. In Class-Incremental (Class-IL) Continual Learning, a deep model f(-;0), pa-
rameterized by 0, is trained on a sequence of 7T tasks. In each one, the model is presented
with a training dataset D, = {(x("), y(”))}nN':l, with N, examples and labels y) drawn from a
partition of classes ). In the following, we will refer to the current task with ¢, and denote
Yltitel = Us=1....s. Vs as the set of seen classes, namely the union of the classes learned during

training, up to and including the current task .. Importantly, the classes are non-overlapping
across tasks, meaning that J;NY; = 0 for i # j.

The goal in CL is to minimize the cumulative empirical risk across all tasks Lcp =
Yo, N% Yxy)en, [£(f(x;0),y)], where £ commonly refers to the cross-entropy loss. How-
ever, since the model processes tasks sequentially and only has access to the training data of
the current task, directly optimizing L¢y is impractical.

Zero-shot classification with CLIP. CLIP [29] is composed of two models — a visual en-
coder, E¥(-), and a text encoder, E%'(-) — trained to produce aligned representations of
paired image-text data. These encoders enable zero-shot classification, i.e., categorizing an
image x into categories that may not have been seen during training. Specifically, for each
candidate class within a set )/, a text prompt is generated by embedding the class name
“[CLS]” within a hand-crafted template such as “a photo of a [CLS]”. These class-
specific prompts are processed through the text encoder, yielding a textual embedding z}**
for the i-th class. To determine class logits, cosine similarity (-,-) is computed between the
visual embedding z¥' = E¥' (x) of the input image x and each class-level textual embedding.

Low-Rank Adaption (LoRA). Fine-tuning methods like LoRA [10] serve to adapt a pre-
trained weight matrix 8o") e R¥** of a layer / in a parameter-efficient manner. In short, given
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Figure 1: An overview of our approach MoDER. The left side depicts the generative model-
ing and Textual Alignment (TA) phases. The right side represents the forging of the embed-
ding for the unseen classes.

a model with fine-tuned weights 8T, LoRA assumes that shifts w.r.t. pre-training weights
7= 0T — @ lie on a low-dimensional manifold. Hence, the displacement 7 is parametrized
as low-rank matrix T = BA, where B € R¥*" A ¢ R”* and r <« min(d, k). Lowering the
rank r can significantly reduce the number of learnable parameters without compromising
performance.

4 MoDular Embedding Recomposition

The name of our method — MoDular Embedding Recomposition (MoDER) — builds on the
concept of enhancing capabilities for unseen classes by recomposing fragments of knowl-
edge accumulated across previous tasks. Our training framework consists of specialized
experts in the form of lightweight PEFT modules, which fine-tune the CLIP text encoder.
We then introduce Textual Alignment (TA, see Section 4.1), namely a training strategy that
promotes the composition of different learnable modules.

During inference, we deploy a dual strategy to compute textual embeddings. Specifi-
cally, for classes from the seen set Yl we use the output of the respective LORA experts.
For the unseen set, we present an approach called Mixture of Textual Experts (MoTE,
see Section 4.3) that leverages compositionality to create experts on the fly. Specifically,
given a foundational hub 7, comprising all trained experts, we merge the K experts most
relevant to the target unseen class.

4.1 Textual Parameter-Efficient Specialized Experts

Given all images x in the current dataset D, , we freeze the CLIP visual encoder and extract
the relative visual embeddings z"'*. These embeddings are used to learn aligned textual
prototypes — one per class in the current task — ensuring that image-to-text cosine similarity
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allows for accurate classification. To do this, while existing methods mainly rely on prompt-
tuning [44, 45], we explore a different approach and devise a distinct LoRA [10] expert
module 7; for each class. The textual embedding for the class i fine-tuned through the expert
is obtained as:

ZEXt = E™ (pi;60+7T) st.T,=BA;, i€ 37“:"'] (1)

where p; = “a photo of a [CLS]” is a hand-crafted textual prompt for the i-th class
within the seen set. Hence, an expert specializes the CLIP text encoder on input textual
prompts related to the same reference class. The displacement 7; can be understood as task
vector [11], that is, the direction in parameter space along which the capabilities of the pre-
trained model rapidly improve for the target class i. In a sense, we aim to capture unique
aspects of the class i with the corresponding task vector ;.

It is noted that, to achieve specialization, each expert in our method builds upon their
own set of weights. While this may raise concerns in memory-constrained settings, our
formulation is flexible. It can be adapted to define task-specific experts (as shown in Table 2),
requiring only one additional set of parameters per task. Furthermore, we can leverage highly
efficient adaptation techniques, such as VeRA [14]. Results for both LoRA- and VeRA-based
expert modules are reported in Table 3.

4.2 Textual Alignment (TA)

While training the textual experts for the newly introduced task, we must consider two as-
pects: i) the new textual prototypes should not interfere with the existing ones, which were
trained for previous classes, in order to prevent catastrophic forgetting during prediction;
ii) the experts should be trained to be composable, such that their linear combination yields
meaningful outputs. In the following, we will discuss how our training strategy, called Tex-
tual Alignment (TA), manages to achieve both of the aforementioned objectives.

To avoid interference between experts and the resulting forgetting issues, we augment
the training data for the current task by including highlights from the past, akin to generative
replay [5]. Namely, we train the experts not only on examples from the current task’s data
but also on synthetic visual embeddings generated by lightweight generative models previ-
ously trained on past tasks. Specifically, at the onset of the current task, we train a lightweight
class-conditioned diffusion model [9], denoted by g (-), on the features produced by the
visual encoder. Notably, due to the low-dimensional nature of these features, the generator
can be implemented as a lightweight Multi-Layer Perceptron (MLP), with a negligible com-
putational cost. In particular, each diffusion model g, (-) consists of an eight-layer MLP with
256 hidden channels per layer and SELU [13] as the activation function.

Thanks to the generators trained on previous tasks (one per task), we can compensate for
the absence of corresponding data in later stages and create balanced training sets for each
expert. In practice, after learning the generator for the current task, we construct a synthetic
dataset Dsyn by combining the features generated from all the diffusion models. We then
train the experts using only data from the Dgyn, as discussed in the following.

Loss function. To train the PEFT experts, we aim to align the text embeddings in Equa-
tion (1) with the visual embeddings in the synthetic dataset Dgyn. While a standard cross-
entropy loss could be used for multi-modal alignment (as in [29, 45]), we treat each class
independently by framing the problem as multiple binary classification problems. Specif-
ically, we train the experts with the sigmoid loss Ly, similarly to [41]. Formally, given a
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data-point (z*'%, j) of class j, the per-sample loss becomes:

si = (2", 2%}, where #*is from Equation (1),

EG(ZViS7j; ) = Zie}i[“c] log(1 —|—e—s,~1{i:j})’ 2)

where 1;_ ;) is an indicator function that returns 1 if the candidate class i equals the ground

truth class j of the synthetic example 7', and —1 otherwise.

We employ the sigmoid loss over cross-entropy primarily to enhance training efficiency.
While cross-entropy requires a joint forward/backward pass through all experts, with the
sigmoid loss, we can reformulate the problem into multiple independent binary tasks. This
allows us to split each update step into manageable batches of experts, which can be dis-
tributed across distinct nodes in a multi-GPU or multi-node setup. Finally, as further dis-
cussed in the experimental section, we observe that the sigmoid loss yields a consistent yet
surprising beneficial effect in terms of transfer to unseen categories.

After their training, the experts are stored in the foundational hub 7, which grows
incrementally with each task to accommodate new knowledge. Such a hub serves as a deep
module library, enabling reuse and composition of expert modules for unseen tasks.

4.3 Expert Forging via Mixture of Experts

During evaluation, we compare the visual embeddings extracted from the test images with
the textual embeddings from the experts. For a class i of the seen set, we follow Equation (1)
and prompt the associated expert E™*(p;; 6y + 7;).

Differently, considering a class j from the unseen set (e.g., those present in future tasks),
we forge a new textual prototype by leveraging the experience accumulated up to the current
task and stored in the foundational hub H. Specifically, we first identify the K experts in H
most relevant to the unseen class j, then combine their weights to form a new expert. We
term this procedure the Mixture of Textual Experts (MoTE); it proceeds as follows::

~MoTE __ ptxt . MoTE MoTE __ -
Z =F (p‘,, 6+ 7; ) - where 7; = ZietopK(pj)wa,, 3

Here, for an unseen class j, p; denotes its synthetized textual prompt, while w; ; represents
an affinity score between classes i and j. In addition, topg (p;) returns the K experts from the
seen set V' that maximize the similarity sim(i, j). We resort to text-to-text similarity in
the original CLIP space, such that sim(i, j) = (z*',2}"). We normalize these scores across

the K experts with softmax, thus obtaining the w; ; in Equation (3).

Improving expert capabilities. Following Equation (1), each expert is fed with the same
hand-crafted prompt during training. However, this approach will likely result in over-fitting
issues, with poor generalization when varying the input prompt. This would be particu-
larly detrimental when forging the textual embedding of an unseen class j. Indeed, follow-
ing Equation (3), the corresponding prompt p; provided to each expert entails a massive
domain shift for the expert i, which was trained solely on p;. Therefore, we need a tailored
strategy to enhance the robustness of the experts to domain shifts and improve their out-of-
distribution capabilities, also shown in [28] to be beneficial for model compositionality.

In this respect, we combine two simple yet effective strategies. The first one is template
augmentation: in analogy with the concept of data augmentation, we modify the training
process by randomly sampling a textual template to construct the input prompt — e.g., one
from the 80 templates commonly used for ImageNet zero-shot tests [29].
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Algorithm 1 MoDER — Training Phase Algorithm 2 MoDER — Forging

for each dataset D; , t. € 1,...,T do for each class i in Vseen do
< Z[i] < E%(pi; 60+ aT))
Fit g, on {EV* (x) |x € D, .} P50 !
Dsyn = {Zvis ~giViel, .t} # Mixture of Textual Experts
# Textual Alignment for each class jin Vunseen do

topg (p;) < top-K experts from H
Z]j] + Combine their weights
Z;gc -MoTE — Etxt (pj; 90 + aTI}AoTE)

forit: =1,... do
Sample random prompt p; Vi€ )
Z}Xt — Etxt (pi; 60 + Ti)

Sample a batch from Dgyn 2 EYS (xnew) > #classification
Update expert 7; with L4 (Equa- Ypred <= argmaxyey (z*°, Zy)
tion (2))

Secondly, inspired by [38], we enhance OOD skills by ensembling the weights 6; = 0 + 7;
of each expert with those of the original zero-shot model, represented by 6y:

9,»:(1—05)90+069i:90+a7i, 4)
where o € [0, 1]. We refer to this step as a-smoothing and denote by Z -MoTE

from the smoothed experts. With this, the final textual embedding Z;?‘ “MOTE can be generated

the embedding

with a single forward pass with weights 6 + at}°™", as follows:

Z;}—MOTE _ Etxt (pj; 60 + OCT?/IOTE). (5)

Training and inference algorithms are provided in Algorithms 1 and 2 respectively.

5 Experiments

We evaluate MoDER on Class-Incremental Learning (Class-IL) [33] and Multi-domain Task
Incremental Learning (MTIL) [39, 43]. Both involve a sequence of image classification
tasks, assessing forgetting on the old tasks and generalization to unseen ones. MTIL evalu-
ates transfer capabilities across distinct domains; in Class-IL, the unseen set comes from the
same image domain observed during training (e.g., satellite imagery).

Class-Incremental Learning (Class-IL). We employ five datasets with varying degrees
of alignment with the pre-training. Split Imagenet-R [8] (200 classes split into 10 tasks, as
in [32, 37, 42]) includes a subset of ImageNet classes, but with a significant domain shift.
We also consider two fine-grained datasets, Split Cars-196 [15] and Split CUB-200 [34]
(10 tasks each), with only a few samples per class. Additionally, we evaluate on two out-of-
distribution datasets: Split EuroSAT [6, 7] (RGB satellite images for land cover classification
split into 5 binary tasks), and Split ISIC [4] (6 skin disease classes, split into 3 binary tasks).

Multi-domain Task Incremental Learning. MTIL comprises 11 consecutive tasks, each
learning on a distinct dataset: i.e., Aircraft, Caltech101, CIFAR100, DTD, EuroSAT, Flow-
ers, Food, MNIST, OxfordPet, StanfordCars, and SUN397. The datasets are evaluated under
two task orders proposed by the original authors (Order-I and Order-II, with our results for
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Model IN-R Cars CUB ESAT ISIC Avg.
CLIP [29] 82.1 66.2 50.9 55.0 22.4 55.3

AttriCLIP [35] 85.7 74.0 54.1 59.7 24.1 61.0
MoE Ad. [40] 88.2 75.8 61.7 55.8 21.1 60.5
ZSCL [43] 85.3 72.5 62.8 69.7 25.3 63.1
CGIL [5] 86.7 78.8 66.3 71.5 48.2 70.3

MoDER 1.0rA) 89.7 87.0 73.2 74.0 52.8 75.3

MoDER (vers) 89.6 86.9 72.9 747 51.7 752 ~ CODA-P.[32] 789 452 722 63.7 47.4 615
AttriCLIP [35] 87.4 75.6 58.3 72.3 28.3 64.4

SLCA [42] 85.5 73.5 87.8 93.6 63.8 80.8
Table 1: The Class Incremental Transfer on  T™MC [19] 63.2 399 63.4 65.0 48.9 56.1
the tested benchmarks. Inf-LoRA [18] 84.4 58.0 80.4 79.7 56.1 71.7
MoE Ad. [40] 90.7 77.8 65.0 80.6 34.5 69.7
STAR-P. [24] 89.2 86.5 85.2 942 67.4 84.5
Model Transf. A Avg. A Last A ZSCL[43]  89.1 77.7 62.4 79.1 34.1 68.5
CGIL [5] 89.4 89.3 83.1 96.2 73.0 86.2

MoDER wora) 89.7 90.1 83.7 964 763 87.2

Cont. FT 44.6 -248 559 9.4 773 +120  M\oDER (vers) 89.4 89.6 82.7 96.3 76.4 86.9
LwF 58.9 -10.5 647 -0.6 74.6 +9.3

Wise-FT 523 -17.1 60.7 -4.6 77.7 +12.4 .
ZSCL 681 -13 754 +10.1 83.6 +18.3 Table 3: The Final Avg. Accuracy on the

MoE Ad. 689 -0.5 76.7 +11.4 85.0 +19.7 tested benchmarks.
MoDER 69.7 +0.3 769 +11.6 85.8 +20.5

Model IN-R Cars CUB ESAT ISIC Avg.
CLIP [29] 81.9 65.0 50.5 533 26.6 55.5

CLIP 69.4 0.0 65.3 0.0 653 0.0

Table 2: Accuracy of various approaches in
the MTIL setting (Order I).

Order-1II included in the supplementary material). Unlike Class-IL, MTIL relaxes the con-
straint of unknown task identities at test time. This adjustment simplifies the challenge posed
by the 1201 classes spread across diverse domains, making evaluation more manageable.

5.1 Implementation details

For a fair comparison, all methods use the same backbone. Specifically, in the Class-IL
and CI-Transfer setting, we follow [5] and employ OpenAl’s CLIP with ViT-L/14 (we also
resport results using a ViT-B/16 in the supplementary material). In contrast, in the MTIL
setting, we follow [39, 43] and use OpenAI’s CLIP with ViT-B/16.

Each diffusion model is trained from scratch for 30K iterations using the AdamW op-
timizer [20] with a learning rate of 1 x 107> and weight decay of 1 x 1072, To create the
synthetic dataset Dgsyn, for each class, we sample approximately 15K embeddings batched
into sizes of 512. During the TA phase, we train the LoRA using Adam as optimizer with a
learning rate of 1 x 10~* for Split Imagenet-R, Split Cars-196 and Split CUB-200, 1 x 1073
for Split EuroSAT and Split ISIC. The LoRA rank is fixed at 16. The experiments with VeRA
adopt the same hyperparameters, except the learning rates: 1 x 1073 for Split Imagenet-R,
Split Cars-196 and Split CUB-200, and 1 x 10~ for Split EuroSAT and Split ISIC.

5.2 Evaluation metrics

In the Class-Incremental Learning (Class-IL) setting, the task identities remain unknown
during inference. To assess performance on unseen classes, we use the Class Incremantal
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IN-R Cars CUB ESAT ISIC Avg. Model Train. Params GPU (MiB)

MoDER 89.7 87.0 732 740 52.8 753  LWF[I7] 149.6M (x7.1) - 32172 (x6.7)
ZSCL [43] 149.6 M (x7.1) 26290 (x5.5)

CEloss 80.9 71.2 66.8 65.7 50.8 67.1 MOoE Ad. [39] 59.8 M (x2.9) 22358 (x4.7)
No TAug 89.7 87.0 72.0 73.6 49.1 74.3 Textual Alignment 16.2M (x0.8) 4748 (x0.99)
generator 4.7M (x0.2) 45 (x0.01)

oa=0 88.0 86.0 72.3 55.0 34.7 67.2 MoDER 209 M (x1) 4793 (x1)

Table 4: Ablation analysis on CI-Transfer Table 5: Trainable parameters and GPU mem-
using LoRA-based experts. ory usage for models for MTIL.

Transfer (CI-Transfer) metric [5], which measures accuracy on tasks not yet encountered by
the model (see Table 1). Additionally, we report results on the MTIL benchmark [39, 43]
in Table 2. For this benchmark, we report the three standard evaluation metrics: Trans-
fer, which captures changes in zero-shot accuracy; Average, which tracks average accuracy
throughout the incremental training; and Last, representing accuracy on the final task. Fi-
nally, in Table 3, we present results in terms of Final Average Accuracy scores to assess the
impact of the different methods on the seen classes. Results are averaged over three different
runs, with standard deviations and further details in the supplementary material.

5.3 Comparison with the State of the Art

Competing Methods. We compare MoDER against several established CL methods from
recent literature. We always include a baseline showing the zero-shot performance of CLIP.
Following the previous literature, in the MTIL setting we include the Continual FT baseline,
which fine-tunes CLIP without any mechanisms for preventing forgetting.

Results. Our method, MoDER, demonstrates strong and consistent performance across all
benchmarks. In particular, we achieve a clear and substantial lead in terms of CI-Transfer,
outperforming all CLIP-based methods (Table 1). Furthermore, Figure 2 illustrates the CI-
Transfer progress throughout training, revealing a steeper increase in zero-shot accuracy
compared to other methods, highlighting the effectiveness of our transfer technique.

In the MTIL benchmark, MoDER also excels, surpassing existing approaches across the
Average and Last metrics (Table 2). Notably, it not only prevents zero-shot degradation but
improves zero-shot performance, outperforming even CLIP’s original zero-shot accuracy, as
shown by the Transfer metric. Finally, in the standard Class-IL setting (Table 3), MoDER
achieves the best average performance, albeit by a narrower margin, consistently enhancing
both zero-shot generalization to new classes and retention on previously seen ones.

5.4 Ablative studies

We present in Table 4 the ablation studies on the Class Incremental Transfer metric.

Sigmoid loss vs cross entropy loss. Besides the advantage of reducing the computational
and memory overhead, we find that the use of the sigmoid loss significantly contributes to
the performance of MoDER. This gain is unique to the CI-Transfer metric, as the contribution
on the Final Average Accuracy is instead marginal. We conclude that the sigmoid loss,
which models each class label independently, provides a more suitable learning objective for
experts intended to be composed. Since each class is learned as an independent function,
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Figure 2: For various benchmarks, the accuracy trend in Class-Incremental transfer indicates
the model’s effectiveness in transferring to unseen classes in future tasks. A higher trend
reflects greater effectiveness in adapting to unseen classes.

with the sigmoid loss experts can specialize in distinct concepts and be reused modularly
in novel combinations. Similarly, Template Augmentation improves performance in CI-
Transfer, albeit to a lesser extent than the sigmoid loss.

Preservation of OOD performance. The results indicate that a-smoothing significantly
contribute to the performance on unseen classes. Indeed, when no smoothing is applied
(a = 0), the model achieves inferior performance, especially on out-of-domain datasets.

On the computational cost of MoDER. As shown in Table 5, MoDER achieves strong per-
formance with substantially fewer trainable parameters and lower GPU memory usage than
other baselines. This efficiency highlights its scalability and suitability for large-scale class-
incremental scenarios. All results are measured on a single NVIDIA 3060 GPU with 12GB
of memory. During inference, MoDER incurs the same overhead as the base CLIP model.
Unlike other models such as STAR-Prompt [24], MoE-Adapters [40], and AttriCLIP [35],
which require two forward passes, MoDER requires only a single forward pass on the visual
encoder, as the text embeddings can be computed once and cached for future reuse.

6 Conclusion

This work builds on the concept of a foundational hub: a virtual, expandable space for
incrementally learned models that support the re-use and creation of new expert models.
The results in Section 5.3 demonstrate the effectiveness in mitigating forgetting of previous
concepts and facilitating the creation of new ones. Beyond performance, our approach does
not incur privacy concerns, is suitable for online scenarios, and is compatible with distributed
computing environments since the experts can be trained independently.
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