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Abstract

While retrieval is a core function of vision-
language models, continually updating these mod-
els for retrieval tasks remains critically underex-
plored. Existing work often treats continual re-
trieval as a byproduct of class-incremental learn-
ing (CIL), applying off-the-shelf methods within
narrow evaluation schemes that obscure retrieval-
specific failure modes and overestimate perfor-
mance. To address this, we introduce a principled
evaluation framework for continual multimodal
retrieval spanning diverse visual domains, and sys-
tematically evaluate common approaches within
this setting. Our empirical analysis shows that
standard CIL methods fail to yield meaningful
gains in this more realistic and challenging sce-
nario. To tackle this problem, we propose Dy-
namic Adapter Routing (DAR), a novel approach
based on prototypes, LORA adapters and model
merging, which outperforms existing methods
by 8%. We hope our work highlights the unique
challenges of continual retrieval and encourages
further research in this direction.

1. Introduction

Retrieval is a core functionality of vision-language mod-
els (VLMs) such as CLIP (Radford et al., 2021), serving
as the primary interface for deploying these models in real-
world search, recommendation, and indexing systems. De-
spite its immense practical importance, the problem of con-
tinually updating multimodal models for retrieval has re-
ceived relatively limited attention. Only a small number of
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works explicitly address continual cross-modal retrieval (Liu
et al., 2025; Cui et al., 2024; Ni et al., 2023; Li et al., 2025),
while the majority of research on continual learning (CL)
for VLMs focuses on classification-oriented settings (Wang
et al., 2021b; Jha et al., 2024; Yu et al., 2024; Huang et al.,
2024; Lu et al., 2025; Zheng et al., 2023), particularly class-
incremental learning (CIL).

As a result, existing approaches fail to capture the unique
dynamics and challenges inherent to multimodal retrieval.
Instead of learning discrete decision boundaries, retrieval
requires maintaining a globally consistent embedding space
where images and text stay aligned across all tasks (Wang
et al., 2021a). This creates unique failure modes: represen-
tation drift can ruin global rankings even if a model learns
a new task perfectly, and catastrophic forgetting distorts
relative similarities rather than causing simple misclassifica-
tions (Cui et al., 2024; Ni et al., 2023).

Ensuring the progress of the field, therefore, requires ded-
icated methods and realistic, well-designed evaluation set-
tings. Unfortunately, existing works suffer from limited
scale and domain diversity, failing to present sufficiently
challenging scenarios. This in turn produces overly opti-
mistic assessments, ultimately obscuring the true utility of
CL approaches for retrieval.

To address this, we introduce a new evaluation framework
for continual multimodal retrieval. Our framework includes
sequences of heterogeneous, non-overlapping datasets that
span various visual domains. This design ensures a suf-
ficiently challenging evaluation, which allows us to com-
pare the methods in a more principled way. Additionally,
we propose to assess the model performance on out-of-
distribution (OOD) classification and retrieval data, and
demonstrate that improving both in- and out-of-distribution
results remains challenging for the commonly used contin-
ual methods.

We use our framework to conduct a systematic analysis
of knowledge transfer, interference and robustness under
realistic distribution shifts across common CIL methods and
retrieval-oriented approaches from literature. Surprisingly,
we find that commonly used CL strategies fail to deliver
consistent improvements in our more challenging setup.

Motivated by our findings, we introduce a novel approach
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for continual multimodal retrieval that explicitly addresses
the above-mentioned challenges. Our Dynamic Adapter
Routing (DAR) method maintains a bank of lightweight,
task-specific adapters, which are selected by using a
prototype-based routing mechanism. To improve robustness
of our method we introduce the adaptive merging of multi-
ple adapters, which allows the model to interpolate smoothly
between the tasks at inference time. These dynamic adapters
mitigate representation drift and cross-task interference di-
rectly, thereby improving retrieval performance by around
8% in heterogeneous and evolving environments, while re-
taining flexibility for OOD scenarios.

Overall, we position continual retrieval as a distinct problem
that demands dedicated evaluation protocols and methods
designed around embedding-space consistency. Our results
highlight the limitations of current approaches and provide
a stronger benchmark for future work.

2. Improving Continual Retrieval Evaluation

A multimodal model consists of an image encoder f; and a
text encoder f7, which map inputs to a shared embedding
space. Given an image x and text y, we obtain embeddings
z; = fH(z) and 2, = ff(y). Cross-modal similarity is
computed using cosine similarity:

<Zw72y>
s(x,y) = — 2,
@) = LT

Retrieval is performed by ranking candidates according to
s(x,y). We evaluate performance using Recall@K for both
image-to-text (I2T) and text-to-image (T2I) retrieval.

We consider a continual learning setting in which a multi-
modal model is trained over a sequence of tasks 77, ..., Tk.
Each task T} corresponds to a dataset Dy = {(z;,y;) ZN:‘l of
aligned image-text pairs. After learning task 773, the model is
evaluated on all previously seen tasks without access to their
data. In contrast to classification, retrieval performance de-
pends on relative similarities in the embedding space rather
than explicit decision boundaries. Consequently, even small
representation shifts can alter nearest-neighbor relationships
and degrade ranking quality across tasks.

To address these challenges, we introduce a benchmark
comprising seven diverse, non-overlapping datasets from
various visual domains, such as natural images, synthetic
images, artwork, cartoons, sketches and medical data. The
task sequence is defined by ordering the datasets accord-
ing to the zero-shot performance of a pre-trained model.
This approach was previously introduced in the CIL eval-
uation framework in (Menabue et al., 2024). This forms
a curriculum that progresses from easier in-domain data
to more challenging out-of-distribution domains. This pro-
vides a controlled and reproducible approach to studying

adaptation under increasing distribution shifts. This is in
contrast to previous studies where task ordering was often
arbitrary or unspecified (Liu et al., 2025). In addition to
evaluating in-domain retrieval performance across all tasks,
we assess generalisation by conducting zero-shot classifi-
cation and zero-shot retrieval on held-out datasets. This
provides a more comprehensive understanding of the impact
of continual updates on specialisation and generalisation in
multimodal models.

3. Dynamic Adapter Routing (DAR)

We propose Dynamic Adapter Routing (DAR), a novel adap-
tation framework for continual multimodal learning that op-
erates on top of a pretrained multimodal embedding model,
making it applicable to CLIP-like architectures.

Our method learns a bank of task-specific LoORA adapters,
with one adapter per training dataset while maintaining
a prototype memory that anchors each task in a shared
backbone feature space. At inference time, DAR routes
each sample to the most relevant adapter based on similarity
to stored prototypes in a task-agnostic way. To improve
knowledge transfer and performance for OOD samples that
can benefit from more adapters, we employ model merging
based on its cosine similarity to the existing prototypes.

3.1. Model and Adapter Design

We adopt a frozen pre-trained multimodal model and
introduce task-specific LoRA adapters into both the vi-
sual and text backbone. During training, only the LoRA
parameters associated with the active task are updated,
while all backbone parameters remain fixed. We ap-
ply LoRA to the attention output projection and the
two feed-forward (MLP) projections: attn.out_proj,
mlp.c_fc,andmlp.c_proj. We use a single adapter per
task, which results in a bank of lightweight task experts that
share a common backbone representation. After the training
we keep the adapters frozen, and train new task adapters
based on the original pretrained backbone.

3.2. Prototype Memory and Margin of Similarity Score

To enable task-agnostic routing, we create a prototype mem-
ory to summarise each task within the shared backbone
feature space. After training each task, we compute single
image and text prototypes by averaging normalised back-
bone features over the corresponding task dataset.

At inference time, each sample is routed based on a similar-
ity margin. Specifically, we calculate the cosine similarity
between each sample and the prototypes associated with
each adapter. The margin is defined as the difference be-
tween the top-1 and top-2 similarity scores.
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Table 1. Cross-modal retrieval performance on our proposed evaluation framework measured by Recall@1 at the end of continual training
for CLIP ViT-B/16. Surprisingly, commonly used CL approaches often fail to improve upon finetuning baseline, highlighting how
continual retrieval presents its own set of challenges that cannot be addressed simply by adapting CIL methods. Our proposed method
tailored to retrieval, DAR, shows robust performance and outperforms the alternatives by a sizable margin.

Text — Image

Image — Text

Method Flickr Lexica WikiArt KreaM Flints Sketch ROCOv2 Avg. Flickr Lexica WikiArt KreaM Flints Sketch ROCOv2 Avg.
YA 623 523 22,6 20.0 16.6 5.2 1.8 25.8 820 520 20.8 20.2 11.1 42 1.5 274
FT 735 63.0 37.1 26.7 38.3 8.3 6.5 362 885 648 385 284 354 8.5 6.9 38.7
EWC 754 62.0 36.3 316 423 12.3 8.6 384 895 625 36.5 333 388 124 8.6 40.2
Mod-X 735 610 36.4 27.6  40.1 9.4 9.4 36.8 885 609 36.8 289 369 8.6 9.3 385
C-CLIP 733 619 34.3 25.1 326 8.9 3.7 343 883 657 34.1 26.1 26.7 72 33 35.9
L2P 66.3 515 243 184 207 6.0 2.9 272 832 511 20.6 14.9 15.5 42 2.5 27.4
TA 732 625 35.0 24.1 32.8 8.2 32 341 887 649 352 244 215 7.8 3.6 36.0
Ours 800 776 50.0 430 483 15.8 12.4 46.7 927 767 50.1 440 466 155 12.2 48.3

If the margin is smaller than a predefined threshold, we
interpret this as ambiguity between tasks and merge the
adapters. The idea is that when the similarity scores are
close, the sample may benefit from combining knowledge
from multiple adapters rather than relying on a single one.

3.3. Continual Adapter Merging

To combine adapters, we leverage the Core Space merg-
ing framework (Panariello et al., 2026), which enables ef-
ficient and well-aligned merging of low-rank updates. In
contrast to prior work, where merging is performed as a
static, model-level operation, we apply merging conditioned
on prototype-based routing. Specifically, for each input, we
compute similarities to task prototypes and select the top-k
adapters. For ambiguous samples, identified via a small
similarity margin, we merge the selected adapters using
temperature-scaled softmax weights derived from these sim-
ilarities. This transforms model merging into a per-sample
adaptive mechanism, improving robustness to distribution
shifts and task ambiguity.

4. Experiments

We build our continual learning setup on top of a frozen
CLIP ViT-B/16 backbone, which serves as a strong pre-
trained multimodal representation. To evaluate adaptation
under realistic distribution shifts, we construct a sequence
of heterogeneous datasets spanning diverse visual domains.

Importantly, the task order is not arbitrary. Instead, we
sort datasets according to the zero-shot performance of
the pretrained CLIP model, yielding a curriculum that pro-
gresses from in-domain to increasingly out-of-distribution
data. This allows us to systematically study how models
behave as the difficulty of the retrieval problem grows.

The resulting benchmark covers the following domains: Nat-
ural images: Flickr30K (Young et al., 2014); AI-generated
(general): Lexica-SD (yuwan0, 2024); AI-generated (fash-
ion): KreaM (hahminlew, 2023); Artwork: WikiArt (Ater-
Mors, 2024); Cartoons: Flintstones (Kapuriya & Buitelaar,

2025; Kapuriya, 2025); Sketches: Sketch (Chowdhury et al.,
2022; zoheb, 2025); Medical images: ROCOv2 (Riickert
et al., 2024).

We compare our proposed DAR with a diverse set of CL
strategies for VLMs, which includes regularization-based,
parameter-efficient, and task-aware approaches. We employ
simple baselines, such as Zero-shot (ZS) performance of
the backbone and Fine-tuning (FT), where the model is se-
quentially updated without explicit mechanisms to prevent
forgetting. Moreover, we include standard CL approaches
applicable to retrieval models, such as EWC (Kirkpatrick
et al., 2017) and L2P (Wang et al., 2021b) adjusted for
retrieval, and Task Arithmetic (Ilharco et al., 2023). Fi-
nally we also evaluate methods that were created directly
for retrieval task such as Mod-X (Ni et al., 2023) and C-
CLIP (Liu et al., 2025).

4.1. Implementation details

We implement DAR using task-specific LoRA adapters with
rank 16, scaling factor 32, and dropout 0.1, inserted into
both visual and text encoders of a frozen CLIP backbone.
Prototype representations are L2-normalized, and routing
decisions combine image and text similarities with equal
weighting. For ambiguous samples, we select the top-2
adapters and trigger merging when the similarity margin
falls below 0.05. Models are trained for 20 epochs using
AdamW with a learning rate of le-4, batch sizes of 256
(train) and 512 (validation), and a fixed random seed of 42.

4.2. Main results for training tasks

In Table 1, we report Recall@1 for both I2T and T2I re-
trieval after training CLIP with common CL methods and
DAR in our framework. Surprisingly, under more challeng-
ing evaluation setting, naive fine-tuning is a strong baseline
which outperforming or matching very close to several ded-
icated CL methods such as C-CLIP and Mod-X. In contrast,
DAR provides a strong improvement over the baseline, out-
performing finetuning by approximately +10% for both I2T
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Figure 1. (left) Image-to-Text and (right) Text-to-Image Recall@1 for continual learning methods on COCO and NoCaps

and T2I. Overall, our results demonstrate that existing meth-
ods fail to consistently address the challenges of continual
retrieval under a more demanding evaluation protocol, while
highlighting the effectiveness of our proposed approach.

4.3. Out-of-distribution evaluations

We first visualize zero-shot retrieval performance on held-
out datasets in Figure 1, where DAR consistently achieves
the strongest results, with gains of up to +12.8 Recall@1
on both COCO and NoCaps. This indicates that, despite
continual updates, DAR preserves and even improves the
global alignment structure required for retrieval under distri-
bution shift. Full quantitative results are provided in Tables
Tables 13 and 14 in the appendix. Additional results in the
appendix show that this improvement comes with a trade-
off in zero-shot classification performance, highlighting a
tension between specialization required for good retrieval
and classification generalization under continual training.

5. Related Work

CL for VLMs has been studied across several directions,
including cross-modal retrieval, continual adaptation of
CLIP-like models, and large-scale multimodal pretraining.
Early work on continual cross-modal retrieval (Wang et al.,
2021a) highlights that preserving a globally consistent em-
bedding space is critical, distinguishing retrieval from stan-
dard classification-based CL. Subsequent methods such as
DKR (Cui et al., 2024) and Mod-X (Ni et al., 2023) focus on
mitigating representation drift in retrieval settings. Another
line of research studies the continual adaptation of vision-
language models under domain shifts, with approaches such
as ZSCL (Zheng et al., 2023) and TiC-CLIP (Garg et al.,
2024) investigating maintaining zero-shot and downstream
performance during continual updates. In particular, TiC-
CLIP introduces time-continuous benchmarks based on web-
scale data streams, where the distribution evolves naturally
over time. C-CLIP framework (Liu et al., 2025) addresses
multimodal continual learning with both downstream and
zero-shot evaluation and proposes a novel method for that.
Other approaches explore parameter-efficient adaptation,
including expert-style adapters with learned routing for con-
tinual VLM classification (Yu et al., 2024), large-scale con-
tinual multimodal pretraining (Udandarao et al., 2024), or

structured vision-language reasoning (Smith et al., 2023).
While Yu et al. (2024) is closely related in employing expert-
style adapters, it focuses on continual classification rather
than retrieval. A direct comparison is an interesting direc-
tion for future work. Unlike prior studies that primarily
address temporal distribution shifts or evaluate on fixed se-
quences with limited domain diversity, our work specifically
targets heterogeneous domain shifts across distinct tasks
and rigorously assesses robustness to varying task orderings.
We present a detailed comparison between the evaluation
settings in previous works and DAR in Table 15.

6. Conclusions

We study continual multimodal retrieval as a setting that
differs structurally from standard CIL. In this setting, perfor-
mance depends on preserving relative embedding alignment
rather than learning decision boundaries.

We introduce a heterogeneous evaluation framework and
demonstrate that widely used continual learning methods
offer limited or inconsistent improvements in this more real-
istic scenario, often performing similarly to straightforward
fine-tuning. To address this issue, we propose DAR: a new
method that is based on prototype-guided adapter selection
and input-dependent merging. DAR improves retrieval per-
formance consistently across domains and under distribution
shift, outperforming existing approaches on both in-domain
and held-out benchmarks.

Overall, our results suggest that continual retrieval requires
evaluation protocols and methods that are specifically de-
signed to preserve embedding-space consistency. A key area
for future research is understanding how to balance speciali-
sation and generalisation in continually updated multimodal
systems. Overcoming this challenge is essential for the
deployment of continual multimodal retrieval systems in
dynamic, real-world environments.

Impact Statement

This paper presents work aimed at advancing the field of
machine learning. While there are many potential societal
consequences of our work, we do not feel that any of these
need to be highlighted specifically here.
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A. Ablations

We conducted ablation studies to estimate both the upper bound of achievable performance and the effectiveness of a
minimal LoRA (Hu et al., 2022) configuration. For the upper bound, we performed task-aware inference, obtaining results
that closely match those achieved with the prototypes (48.5 for I2T and 47.2 for T2I on average). In contrast, using a single
global LoRA leads to a substantial performance drop, reducing scores to 36.3 for I2T and 34.3 for T2I.

Table 2. Generalization of DAR across CLIP backbones. Results show that DAR consistently outperforms prior continual learning
methods on ViT-B/32, ViT-B/16, and ViT-L/14.

ViT-B/32 ViT-B/16 ViT-L/14
Method

T—1 I1I-T T—I I-T T—I I->T
FT 334  31.1 36.2 387 440 455

Mod-X 329 306 368 385 440 458
C-CLIP 321 292 343 359 410 423
DAR 423 437 475 493 528 537

Table 3. LoRA rank ablation.

T—1 I->T
Full-FT 36.2  38.7
LoRA-FT (r=16) 36.0 342

DAR - LoRA (r=4) 469 483
DAR - LoRA (r=8) 475 493
DAR - LoRA (r=16) 47.0 485
DAR - LoRA (r=32) 47.1 485

Table 4. DAR routing strategies.

T—1 I-T
Random 36.7 327
Oracle 47.1  48.6
Image-only 469 484
Text-only 43.0 45.0

Image+Text (max) 46:6 48.2
Image+Text (avg) 46.9 48.5

DAR 475 493

Table 5. Model merging ablation.

T—I I-T
No merging 46.8 48.6
Avg (uniform) 46.8 48.2
TA (Ilharco et al., 2023) 469 484
DARE-TIES (Yadav et al., 2023) 46.8 483
ISO-C (Marczak et al., 2025) 469 484

CoreSpace (Panariello et al., 2026) 47.5 49.3
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Table 6. Adaptive merging ablation.

1D 00D
v T—I I-T T—=1 I=T

- 46.8 486 518 713
0.00 469 485 520 712
0.01 469 485 520 712
005 475 493 522 714
0.10 468 484 524 716
005 469 483 523 715
0.05 469 483 523 717

ESSAUSIN NS O 2N (ST (S L =)

B. Additional quantitative results for the main experimental suite

Table 7. Cross-modal retrieval performance on our proposed evaluation framework measured by Recall@$ at the end of continual training
for CLIP ViT-B/16.

Text — Image Image — Text
Method Flickr Lexica WikiArt KreaM Flints Sketch ROCOv2 Avg. Flickr Lexica WikiArt KreaM Flints Sketch ROCOv2 Avg.
YA 857 746 39.9 452 420 159 4.5 440 967 735 40.2 40.7 270 138 43 423
FT 92.7 83.1 61.8 52.8 751 228 15.4 577 913 82.9 63.2 539 69.6 222 16.4 579

EWC 90.6 76.6 55.0 56.3 716 276 252 58.4 969 74.0 53.6 56.4 746 274 24.9 58.3
Mod-X 924 80.7 61.0 55.1 76.7 252 20.5 588 973 80.2 61.6 559 73.8 25.4 20.5 59.2

C-CLIP 923 82.7 58.1 49.4 66.1 21.2 8.7 541 979 83.2 58.0 49.5 53.8 20.1 9.0 53.1
L2P 88.2 73.4 44.7 40.6 49.4 15.8 7.4 456 970 73.9 40.3 34.1 355 13.1 6.9 43.0
DKR 85.6 68.2 46.4 49.9 72.5 26.1 26.9 53.7 932 60.1 39.9 47.6 67.8 22.6 26.2 51.1
TA 92.4 83.2 59.1 48.6 65.5 21.1 8.7 541 975 83.2 59.5 47.5 57.1 20.0 9.6 53.5

DAR 95.5 91.6 76.5 78.1 87.8 39.5 28.8 71.1 995 91.0 77.4 71.3 86.2 39.7 28.8 71.4

Table 8. Cross-modal retrieval performance on a reverse of our main evaluation framework measured by Recall@1 at the end of
continual training for CLIP ViT-B/16.

Text — Image Image — Text
Method ROCOv2 Sketch Flints KreaM WikiArt Lexica Flickr Avg. ROCOv2 Sketch Flints KreaM WikiArt Lexica Flickr Avg.
YA 1.8 53 16.6 22.0 20.6 53.3 62.3  26.0 1.5 4.2 11.1 20.2 20.8 53.0 82.0 275
FT 5.1 8.9 354 27.1 38.1 68.8 759 37.1 5.4 8.1 31.6 27.9 38.2 68.8 90.6 38.7
EWC 7.0 10.1 40.1 32.7 41.0 68.3 79.6  39.8 6.2 8.6 32.1 31.7 374 68.5 92.3 395
Mod-X 6.0 9.5 39.0 29.3 39.8 69.6 779 387 6.4 8.5 325 29.7 38.8 69.0 919 9.6
C-CLIP 32 8.2 30.9 25.5 34.8 65.0 74.1 345 3.0 6.6 24.4 26.1 335 67.7 88.8 357
L2P 2.2 59 223 20.6 26.8 55.3 70.2  29.0 1.7 5.0 16.9 18.6 25.6 51.5 864 294
DKR 6.9 100 412 335 434 69.4 80.3 40.7 6.0 8.0 324 314 394 69.3 934 40.0
TA 32 8.4 32.5 24.3 349 62.5 73.1  34.1 3.7 7.9 27.5 24.5 35.2 65.0 88.3 36.0
DAR 9.7 13.6  45.1 39.8 42.7 74.5 75.1 429 10.0 13.5 434 39.1 43.6 74.5 88.1 44.6

C. Additional zero-shot classification results

Table 9. Zero-shot accuracy on ImageNet during continual fine-tuning.

Method 0 1 2 3 4 5 6 7 A
Fine-tuning 68.1 68.8 68.8 674 67.8 659 656 665 -1.6
EWC 68.1 679 67.6 66.6 66.1 63.7 625 63.1 -5.0
Mod-X 68.1 68.6 683 662 664 632 627 632 -49
C-CLIP 68.1 69.2 69.1 689 68.7 679 67.7 67.6 -0.5
L2pP 68.1 652 665 665 674 648 659 663 -1.8
Merging-TA 68.1 69.0 689 68.5 685 67.6 673 67.0 -1.1
Ours 68.1 64.4 644 644 644 644 644 644 -3.7
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Table 10. Zero-shot accuracy on CIFAR100 during continual fine-tuning.

Method 0 1 2 3 4 5 6 7 A

Fine-tuning 68.4 68.7 684 69.7 699 68.8 69.6 714 +3

EWC 684 682 685 692 677 669 654 683 -0.1
Mod-X 684 69.0 68.8 695 69.1 67.0 67.8 67.7 -0.7
C-CLIP 684 69.7 69.7 70.7 70.6 71.1 72.0 7277 +4.3
L2p 684 659 668 66.6 68.0 635 668 644 -4.0
Merging-TA 68.4 68.7 68.6 69.3 694 694 69.7 70.1 +1.7
Ours 65.8 658 65.8 658 658 68.0 68.0 68.0 +2.2

Table 11. Zero-shot accuracy on EuroSAT during continual fine-tuning.

Method 0 1 2 3 4 5 6 7 A

Fine-tuning 54.0 543 569 52.6 56.5 50.6 51.1 55.8 +1.8
EWC 54.0 51.4 56.1 53.1 562 474 477 550 +1.0
Mod-X 54.0 51.5 563 49.7 549 439 46.8 504 -3.6
C-CLIP 54.0 535 564 56.1 59.2 57.1 58.0 569 +2.9
L2p 54.0 483 514 521 593 537 525 549 +0.1
Merging-TA 54.0 54.1 564 554 556 52.1 538 53.6 -04
Ours 54.0 46.6 46.6 46.6 46.6 46.6 54.0 53.8 -0.02

Table 12. Zero-shot accuracy on DomainNet during continual fine-tuning.

Method 0 1 2 3 4 5 6 7 A
Fine-tuning 56.8 56.8 56.8 56.1 56.1 56.1 563 55.6 -12
EWC 56.8 56.1 55.6 555 550 55.0 550 543 -25
Mod-X 56.8 56.6 562 555 553 553 554 550 -1.8
C-CLIP 56.8 569 56.8 56.6 56.6 56.7 569 56.7 -0.1
L2pP 56.8 56.1 56.5 563 56.8 557 564 54.6 -2.2
Merging-TA 56.8 56.9 57.0 56.7 56.7 56.5 56.6 56.2 -0.6
Ours 56.8 547 547 548 54.8 548 545 545 -23
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D. Additional zero-shot retrieval results

Table 13. Zero-shot retrieval performance on COCO2014 during continual fine-tuning. We report Recall@1 for Image-to-Text (12T) and
Text-to-Image (T2I), together with performance difference A.

Task ID

A
Direction Method 0 1 2 3 4 5 6 7
Fine-tuning 52.4 594 593 59.7 60.4 602 60.0 61.0 +8.6
EWC 524 6277 628 61.7 61.5 60.7 60.1 599 +7.5
Mod-X 524 614 619 605 609 602 59.6 59.0 +6.6
C-CLIP 524 577 582 588 59.0 59.7 60.8 59.8 +7.4
L2P 524 522 53.0 53.5 55.0 522 536 534 +1.0
Merging-TA 524 574 5777 585 589 59.6 594 59.7 +73
T Ours 524 61.6 61.6 62.0 62.1 62.1 614 616 +9.2
Fine-tuning 33.2 41.6 413 415 419 419 41.7 41.6 +84
EWC 332 443 438 437 434 423 425 424 +92
Mod-X 332 433 429 423 426 415 418 409 +7.7
C-CLIP 332 389 393 409 41.0 416 419 417 +85
L2P 332 37.1 369 37.8 37.7 37.8 374 371 +39
Merging-TA 33.2 38.7 389 40.6 40.5 40.6 40.8 410 +7.8
o1 Ours 332 44.0 440 442 442 441 438 439 +10.7

Table 14. Zero-shot retrieval performance on NoCaps during continual fine-tuning. We report Recall@1 for Image-to-Text (I2T) and
Text-to-Image (T2I), together with performance difference A.

Task ID

A
Direction Method 0 1 2 3 4 5 6 7
Fine-tuning 71.7 78.7 79.4 794 799 80.0 794 803 +8.6
EWC 71.7 82.0 81.5 80.8 80.2 79.6 783 76.1 +4.4
Mod-X 717 81.1 80.9 80.4 81.0 80.2 80.0 79.8 +8.1
C-CLIP 71.7 76.1 772 783 79.1 799 80.0 80.0 +8.3
L2P 717 720 727 73.8 749 719 732 736 +0.9
Merging-TA 71.7 76.2 76.6 78.1 784 79.0 78.9 79.7 +8.0
DT Ours 717 814 815 813 81.3 81.3 81.3 81.1 +94
Fine-tuning 46.7 56.1 559 568 574 574 56.8 56.6 +9.9
EWC 467 599 588 57.8 573 56.1 556 523 +5.6
Mod-X 46.7 582 57.8 578 582 574 57.1 559 +9.2
C-CLIP 46.7 53.1 53.6 56.0 56.0 56.6 56.7 56.3 +9.6
L2P 46.7 51.3 51.1 525 524 53.0 522 51.3 +4.6
Merging-TA 46.7 53.0 53.2 55.1 553 553 553 556 +89
o1 Ours 46.7 60.2 60.2 60.3 60.3 60.3 60.0 60.0 +13.3
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E. Comparing other frameworks

Table 15. Summary of training and evaluation datasets across selected vision-language CL papers.

Paper Training Data Training Domains Eval ID Eval OOD Classifi- Eval OOD Re-
Approximation cation trieval
(no. unique vs to-
tal)
Our framework Retrieval: 7/7:  Natural im- Same datasets ImageNet, CI- COCO (Lin
Flickr30K, Lexica- ages, synthetic, art, FAR100, EuroSAT, et al., 2014), No-
SD, WikiArt, Kream, fashion, cartoons, DomainNet Caps (Agrawal et al.,
Flintstones, Sketch, sketches, medical 2019)
ROCOV2
C-CLIP (Liu et al., Retrieval: 6/8: Natural images, Same datasets CIFAR100, Ima- HAVG
2025) Flickr30K, COCO, synthetic, cartoons, geNet, Flowers,
Pets, Lexica, Simp- art, e-commerce, DTD, Food101,
sons, WikiArt, sketches Stanford Cars
Kream, Sketch
DKR (Cui et al., Retrieval: MS- 4/5: Natural images, Same datasets - Train on EC splits —

2024)

TIC-CLIP  (Garg
et al., 2024)
Cross-modal  Re-

trieval (Wang et al.,
2021a)

Mod-X (Ni et al.,
2023)

COCO, Flickr30K,
IAPR TC-12, EC,

RSICD

Retrieval: TIC-
DataComp,
TIC-YFCC, TIC-
RedCaps

Retrieval: Sequen-
tial Visual Genome
(SeViGe), Sequen-
tial MS-COCO
(SeCOCO)
Retrieval: COCO
(initial training)
+ Flickr30K
(streaming);  also
ECommerce-T21

in extended experi-
ments

remote sensing, e-
commerce/products,
general web images
2/3: Large-scale web
data, diverse real-
world domains

1/2: Natural images

2/3: Natu-
ral  images, e-
commerce/products

Classification:
TIC-DataComp-
Net; Retrieval:
TIC-DataComp-
Retrieval, TIC-
YFCC Retrieval and
TIC-RedCaps

Same datasets

Same datasets

12

Over 28 datasets:
ImageNet, Food101,

MNIST, Oxford-
Flowers, Stanford
Cars, SUN-97,

Oxford-Pet, Object-
Net, and more.

test on unseen MS-
COCO, Flickr30K

Flickr30k

Train
COCO/Flickr
— test on unseen
ECommerce-T2I

on



