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Abstract

While vision-language pre-trained models (VL-PTMs) have
advanced multimodal research in recent years, their mastery
in a few languages like English restricts their applicability in
broader communities. To this end, there is an increasing inter-
est in developing multilingual VL models via a joint-learning
setup, which, however, could be unrealistic due to expen-
sive costs and data availability. In this work, we propose to
extend VL-PTMs’ language capacity by continual language
learning (CLL), where a model needs to update its linguis-
tic knowledge incrementally without suffering from catas-
trophic forgetting (CF). We begin our study by introducing
a model dubbed CLL-CLIP, which builds upon CLIP, a pre-
vailing VL-PTM that has acquired image-English text align-
ment. Specifically, CLL-CLIP contains an expandable token
embedding layer to handle linguistic differences. It solely
trains token embeddings to improve memory stability and is
optimized under cross-modal and cross-lingual objectives to
learn the alignment between images and multilingual texts.
To alleviate CF raised by covariate shift and lexical overlap,
we further propose a novel approach that ensures the identi-
cal distribution of all token embeddings during initialization
and regularizes token embedding learning during training. We
construct a CLL benchmark covering 36 languages based on
MSCOCO and XM3600 datasets and then evaluate multilin-
gual image-text retrieval performance. Extensive experiments
verify the effectiveness of CLL-CLIP and show that our ap-
proach can boost CLL-CLIP, e.g., by 6.7% in text-to-image
average Recall@1 on XM3600, and improve various state-of-
the-art methods consistently. Our code and data are available
at https://github.com/yangbang18/CLFM.

Introduction
Large-scale vision-language pre-trained models (VL-PTMs)
such as CLIP (Radford et al. 2021), Flamingo (Alayrac et al.
2022), and BLIP-2 (Li et al. 2023a) have made great strides
in multimodal research (Gan et al. 2022; Chen et al. 2023a).
Nevertheless, the majority of the current literature is biased
toward a few languages, predominantly English, making it a
barrier to the widespread adoption and accessibility of VL-
PTMs across different linguistic communities. Considering
that we are living in a world with roughly 7,000 languages,
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Figure 1: For continual language learning, prior works in
NLP (Garcia et al. 2021; Huang et al. 2022) train full model
parameters to learn a new language, with new token embed-
dings initialized randomly without considering the distribu-
tion of prior ones. Our work requires the least amount of
components to be trained (i.e., the token embedding layer)
and targets token embedding initialization and regularization
to avert catastrophic forgetting. Note that our frozen vision
PTM is not plotted for clarity.

it is indispensable to strive for greater language inclusivity
and diversity in VL-PTMs.

To endow VL-PTMs with an ability to understand multi-
lingual contexts, there is an increasing interest in develop-
ing multilingual VL-PTMs via a joint-learning setup (Zhou
et al. 2021; Zhang, Hu, and Jin 2022; Chen et al. 2023b;
Li et al. 2023b), which has shown remarkable performance
in tasks like multilingual image-text retrieval. However, two
critical issues plague the joint learning. One is the high
computational cost and inflexibility of learning new knowl-
edge, as we need to re-train models on new data alongside
all previous data. Another one is that data is not always
available during the learning cycle due to privacy and other
factors. Alternatively, continual language learning (CLL),
also known as lifelong language learning, is a more prac-
tical setup to extend PTMs’ language capacity with low
costs and high flexibility. The goal of CLL is to consoli-
date multilingual performance into a single, parameter- and
memory-constrained model, ensuring that this model can

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

6458



evolve under non-stationary data streams without suffering
from catastrophic forgetting (McCloskey and Cohen 1989).
While CLL has been extensively studied in natural language
processing (NLP) (Biesialska, Biesialska, and Costa-jussà
2020; Escolano, Costa-Jussà, and Fonollosa 2021; Zhang
et al. 2022; M’hamdi, Ren, and May 2023), the effective in-
tegration of VL-PTMs with CLL is still under-explored and
it presents distinctive challenges like leveraging visual infor-
mation to aid in language learning.

In this paper, we study the multilingual acquisition of
VL-PTMs in the CLL setup. We begin our study by select-
ing CLIP (Radford et al. 2021), a prevailing VL-PTM that
can correlate images and English texts into the same latent
space, as our backbone. Next, we propose a model dubbed
CLL-CLIP to incrementally learn new languages. Specifi-
cally, our model contains an expandable token embedding
layer to handle linguistic differences. Such design is crucial
to prevent our model from encountering a high portion of
out-of-vocabulary tokens. During training, CLL-CLIP keeps
all pre-trained components frozen except its token embed-
ding layer to retain previously acquired knowledge and is
optimized under cross-modal and cross-lingual objectives to
learn the alignment between images and multilingual texts.

Next, we propose a CLL approach that targets Token
Embedding Initialization and Regularization (TEIR) to al-
leviate catastrophic forgetting (CF). Figure 1 differentiates
our TEIR from prior approaches in NLP (Garcia et al. 2021;
Huang et al. 2022). In particular, to reduce CF raised by co-
variate shift (Shimodaira 2000; Ioffe and Szegedy 2015),
our approach ensures the identical distribution of all to-
ken embeddings during initialization. To mitigate CF caused
by the lexical overlap (Pfeiffer et al. 2021), our approach
regularizes token embedding learning based on the num-
ber of times that tokens appear in the tasks they have al-
ready learned by CLL-CLIP. Our insight is that if a token is
common in previously learned tasks, its embedding update
should be penalized to avoid task interference.

To evaluate the effectiveness of our CLL-CLIP model
and TEIR approach, we first construct a benchmark cov-
ering 36 languages based on MSCOCO (Chen et al. 2015)
and XM3600 (Thapliyal et al. 2022) datasets. We then re-
produce various state-of-the-art (SOTA) continual learning
and parameter-efficient fine-tuning methods based on our
CLL-CLIP model on this benchmark. Extensive experi-
ments verify the effectiveness of CLL-CLIP and show that
TEIR can boost CLL-CLIP, e.g., by 6.7% in text-to-image
average Recall@1 on XM3600, and improve the perfor-
mance of SOTA methods consistently.

Our main contributions are as follows. (1) To the best
of our knowledge, we present the first systematic study on
enhancing the language capacity of dual-stream VL-PTMs
through continual language learning. (2) We design a model
named CLL-CLIP for this challenging setup and introduce
a novel approach called TEIR that underscores the initial-
ization and regularization of token embeddings to mitigate
catastrophic forgetting. (3) We construct a CLL benchmark
for evaluating image-text retrieval across 36 languages. Ex-
tensive experiments verify the effectiveness of our CLL-
CLIP and TEIR and demonstrate the generality of TEIR on

various SOTA methods.

Related Work
Multilingual VL Pre-Training As monolingual visual-
language pre-training models (VL-PTMs) continue to
evolve, an increasing amount of effort is directed toward
enhancing the adaptability of these models for multilin-
gual scenarios via pre-training. M3P (Ni et al. 2021) and
UC2 (Zhou et al. 2021) adopt a BERT-like single-stream
architecture (Devlin et al. 2019) for pre-training, yet they
diverge in their data augmentation strategies. M3P uses
word-level augmentation to obtain code-switched VL pairs,
whereas UC2 utilizes translation engines to transform En-
glish image captions into other languages. In contrast, MU-
RAL (Jain et al. 2021), M-CLIP (Carlsson et al. 2022),
MLA (Zhang, Hu, and Jin 2022), and mCLIP (Chen et al.
2023b) build their model on a dual-stream model like CLIP
for better efficiency on retrieval tasks. These models use
the same data augmentation strategy as UC2, but MU-
RAL and mCLIP additionally consider annotated translation
pairs. Besides retrieval tasks, recent encoder-decoder-based
PaLI (Chen et al. 2023c) and WS-mVLP (Li et al. 2023b)
have shown their superiority in multilingual VL generation
tasks. However, all the above methods develop multilingual
VL-PTMs via a joint-learning setup and thus suffer from
high costs and inflexibility of learning new languages. In this
paper, we focus on endowing dual-stream VL-PTMs with a
multilingual understanding ability via a more practical and
flexible setup, i.e., continual language learning.

Continual Learning (CL) The core aspiration of CL is
to enable machines to mimic the strong adaptability of hu-
mans to continually acquire, update, organize, and exploit
knowledge (Wang et al. 2023). The computer vision (CV)
community has witnessed significant advances in CL, which
can be mainly divided into four categories. Specifically, reg-
ularization-based methods penalize changes to model pa-
rameters or predictions (Kirkpatrick et al. 2017; Lee et al.
2019; Ahn et al. 2021); rehearsal-based methods store his-
torical data or features to retain previously acquired knowl-
edge (Chaudhry et al. 2019; Buzzega et al. 2020; Cha, Lee,
and Shin 2021); architecture-based methods assign isolated
parameters for different tasks (Yoon et al. 2018; Li et al.
2019; Ke, Liu, and Huang 2020); prompt-based methods add
parameter-efficient modules into frozen PTMs to harness
their power (Wang et al. 2022a,b; Smith et al. 2023; Gao
et al. 2023). The success of CL in CV inspires related re-
search in NLP (Biesialska, Biesialska, and Costa-jussà 2020;
Wu et al. 2022; M’hamdi, Ren, and May 2023). In particu-
lar, a line of research studies on how to add new languages to
pre-trained neural machine translation models. One attempt
is to add and train language-specific components, like en-
coder/decoder (Escolano, Costa-Jussà, and Fonollosa 2021)
and adapter (Berard 2021). Another attempt proposes to sub-
stitute models’ vocabulary dynamically (Garcia et al. 2021;
Huang et al. 2022). In this paper, we differentiate our work
from prior ones in NLP in Figure 1. Unlike those regulariza-
tion methods that need to estimate parameter importance by
feeding data into the model, our approach only requires the
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Figure 2: Overview of our proposals. (a): CLL-CLIP builds upon a two-tower VL-PTM (i.e., CLIP), keeps all pre-trained
components frozen, and contains an expandable and trainable token embedding layer for continual language learning. (b): Our
TEIR approach eases catastrophic forgetting by underscoring the initialization and regularization of token embeddings.

lexical statistics of data. By contrast with the CL of CLIP in
visual recognition (Ding et al. 2022; Thengane et al. 2022),
we value the CL of CLIP in language acquisition.

Approach
In our continual language learning (CLL) setting, a model
needs to sequentially learn T tasks, each with its corre-
sponding training dataset Dt(t ∈ [1, T ]) that covers non-
overlapping subsets of languages. After training a model pa-
rameterized by ϕt on Dt, the goal of CLL is to ensure the
model can perform well in previous t tasks. To achieve that,
we propose CLL-CLIP and TEIR, as introduced next.

CLL-CLIP
Architecture As shown in Figure 2(a), our model builds
upon CLIP to avoid from-scratch training and contains an
expandable token embedding layer parameterized by θt to
vectorize multilingual texts. In particular, CLIP consists of a
vision encoder, a text encoder, and a token embedding layer
mainly for English1. Let denote their parameters as Ωve,
Ωte, and Ωemb, respectively. Then parameters of our model
at the t-th task are ϕt = {Ωve,Ωte,Ωemb,θt}, where Ωemb

can be discarded during inference. We keep all CLIP param-
eters Ω∗ frozen and solely train θt. This choice is in line
with the research on efficient VL pre-training (Zhai et al.
2022; Zhang, Hu, and Jin 2022) and also benefits the preser-
vation of previously acquired knowledge during continual
learning (Wang et al. 2022b; Smith et al. 2023).

Vocab Substitution Let denote the vocab corresponding
to θt as Vt. Before training, V0 is identical to CLIP’s vo-
cab, and θ0 = Ωemb. For t ∈ [1, T ], Vt needs to be dy-

1We separate token embeddings from CLIP for clarity, and the
text encoder means the rest of the components (positional embed-
dings, Transformer blocks, projection head) to obtain text features.

namically updated to accommodate the lexicon of new lan-
guages. Thus, we first adopt the same BPE procedure (Sen-
nrich, Haddow, and Birch 2016) as CLIP to build vocab V̂t
from Dt and then follow (Garcia et al. 2021) to obtain Vt by
merging Vt−1 and V̂t, i.e., Vt = Vt−1∪V̂t. There are two is-
sues to be noted: (1) the embedding initialization of V̂t\Vt−1

(new tokens that only exist in V̂t) and (2) the sub-optimal na-
ture of Vt due to lacking comprehensive text statistics. We
will address (1) in TEIR and discuss (2) in later experiments.

Training Objectives Each training sample for our CLL-
CLIP is a triplet x = (xI , xE , xF ) that includes an image
xI , a text in native language xE (i.e., English text), and a
foreign text xF . At the t-th task, we obtain global represen-
tations of the triplet x as follows:

rI = g(xI ;Ωve),

rE = g(xE ;Ωte,Ωemb),

rF = g(xF ;Ωte,θt),

(1)

where g(·) indicates the feed-forward transformation. We
suggest training CLL-CLIP with cross-modal and cross-
lingual objectives, i.e., Lcm and Lcl, so that CLL-CLIP can
correlate rI with rF based on the already acquired knowl-
edge, i.e., the alignment between rI and rE . Following
CLIP, we implement Lcm as InfoNCE-based image-text con-
trast (van den Oord, Li, and Vinyals 2018):

Lcm =
1

2

(
LI→F

InfoNCE + LF→I
InfoNCE

)
,

LY→Z
InfoNCE = − 1

K

K∑
k=1

log
exp(⟨rYk , rZk ⟩/τ)∑K
l=1 exp(⟨rYk , rZl ⟩/τ)

,
(2)

where K denotes the batch size, ⟨·, ·⟩ the cosine similar-
ity, and τ a temperature hyper-parameter. Motivated by
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(Reimers and Gurevych 2020), we implement Lcl as the
mean-square error between paired text features:

Lcl =
1

2K

K∑
k=1

||rEk − rFk ||22, (3)

where || · ||2 denotes L2-norm. The overall training objective
of CLL-CLIP can be formulated as follows:

L = γ1 · Lcm + γ2 · Lcl, (4)

where γ∗ are hyper-parameters to balance two losses.

TEIR
As shown in Figure 2(b), the key of TEIR is how we treat
Vt,old = Vt−1\V̂t, Vt,∩ = Vt−1∩V̂t, and Vt,new = V̂t\Vt−1

differently to mitigate catastrophic forgetting (CF).

Initialization Language models building on Transformer
(Vaswani et al. 2017) typically initialize token embeddings
with a Gaussian distributionN (µ, σ2) with zero mean (µ =
0) and a pre-defined variance σ2. Let denote CLL-CLIP’s
token embeddings after training on Dt as θ∗

t . With the as-
sumption that θ∗

t−1 ∼ N (µt−1, σ
2
t−1), the focus now be-

comes how we initialize θt properly. Following (Garcia
et al. 2021), θt inherits pre-trained embeddings of Vt−1 from
θ∗
t−1 to preserve previously acquired linguistic knowledge.

Instead of initializing embeddings of Vt,new with a fixed dis-
tribution N (µ, σ2), we suggest µ = µt−1 and σ = σt−1 to
ensure the identical distribution of new and prior token em-
beddings. By doing so, our approach alleviates the feature
drift (a.k.a. covariate shift) problem, which is a potential fac-
tor to arise CF (Ramasesh, Dyer, and Raghu 2021).

Regularization Although lexical overlap is beneficial for
transfer learning (Pfeiffer et al. 2021), learning the embed-
dings of Vt,∩ without constraints will cause interference
to the performance of previous tasks that contain lexically
overlapping tokens. Let denote token statistics till the t-th
task as ct ∈ R|Vt|, where ct,j is the number of times that the
j-th token appears in prior t−1 tasks and c1,j is initialized as
1. To overcome CF raised by lexical overlap, we re-scale the
rate of L2 weight decay β and gradients∇L(θt) w.r.t. token
embeddings θt as follows, with standard stochastic gradient
descent (SGD) with L2 weight decay as an example:

θt,j ← (1− αβλt,j)θt,j − αλt,j∇L(θt,j) (5)

where α is a learning rate, and λt,j is defined as:

λt,j =


0, if tokenj ∈ Vt,old
1/(ct,j + 1), if tokenj ∈ Vt,∩
1, if tokenj ∈ Vt,new

(6)

For sophisticated optimizers with momentum, the scaling
operation is still applied on β and ∇L(θt) directly. As in-
dicated by Equation (5) and (6), we keep token embeddings
unrelated to the t-th task intact, penalize embedding learn-
ing of Vt,∩, while updating embeddings of Vt,new as usual.
This method averts task interference and ensures the effec-
tive learning of text features (rF ), leading to a better trade-
off between memory stability and learning plasticity.

MSCOCO36 XM3600

# Train/Val/Test Images 113,287/5,000/5,000 -/-/3,600
# Languages 1 + 35 36
# Captions per Language 616,767 ≈7260

Table 1: Dataset Statistics. # means “The number of”.
MSCOCO36 is obtained by translating the English captions
of MSCOCO into the other 35 languages in XM3600 via
Google Translator, following (Thapliyal et al. 2022).

Experiments
Experimental Settings
Benchmark We build a CLL benchmark based on
MSCOCO (Chen et al. 2015) and XM3600 (Thapliyal et al.
2022) to evaluate the effectiveness of our proposals. Here
are the reasons: (1) MSCOCO is a popular VL benchmark
and it contains high-quality image-English caption pairs. (2)
XM3600 consists of image-caption pairs in 36 languages2

spoken by geographically-diverse people. This dataset cov-
ers the most diverse languages to our best knowledge.
(3) The multi-lingual VL benchmark IGLUE (Bugliarello
et al. 2022) varies in both task types and languages, mak-
ing it hard to justify the effect of linguistic differences.
As shown in Table 1, we use Google Translator3 for data
augmentation and thus obtain a multilingual dataset named
MSCOCO36. We train models on MSCOCO36 based on the
Karpathy split (Karpathy and Fei-Fei 2015). Then, we re-
port in-domain and out-of-domain results on MSCOCO36

and XM3600, respetively.

Tasks and Task Order We treat each language as a task
and thus obtain T = 36 tasks. Models are trained on the
English task first and then the rest 35 tasks in a random order.

Metrics Let aj,i (j ≥ i) denotes Recall@1 (a popular met-
ric in information retrieval) on the i-th task after training
on the j-th task. In line with the continual learning research
(Wang et al. 2023), we compute two metrics:

• Average Recall: ARj = 1
j

∑j
i=1 aj,i, a composite met-

ric for a model’s learning capacity and memory stability.

• Forgetting: Fj = 1
j−1

∑j−1
i=1 maxk∈[1,j−1](ak,i − aj,i),

whose lower value means less catastrophic forgetting.

Unless otherwise specified, we report the-end ART and FT

performance in percentile and omit the subscript.

Implementation Details We follow (Zhang, Hu, and Jin
2022; Yang et al. 2023) to adopt the ViT-B/16 variant of
CLIP as the backbone. We follow OpenCLIP (Ilharco et al.
2021) and set the initial temperature of Lcm to 0.07. We

2The 36 languages are Arabic, Bengali, Czech, Danish, Ger-
man, Greek, English, Spanish, Farsi, Finnish, Filipino, French, He-
brew, Hindi, Croatian, Hungarian, Indonesian, Italian, Japanese,
Korean, Maori, Dutch, Norwegian, Polish, Portuguese, Cusco
Quechua, Romanian, Russian, Swedish, Swahili, Telugu, Thai,
Turkish, Ukrainian, Vietnamese, and Chinese-Simplified.

3https://translate.google.com/
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Setting Model

MSCOCO36 (In-Domain) XM3600 (Out-of-Domain)

Image-to-Text Text-to-Image Image-to-Text Text-to-Image

AR (↑) F (↓) AR (↑) F (↓) AR (↑) F (↓) AR (↑) F (↓)

Joint
Learning

CLL-CLIP 53.3 - 31.4 - 50.7 - 37.1 -
M-CLIP (2022) 42.7 - 25.9 - 53.6 - 41.1 -
PaLI (2023c) - - - - 36.0 - 28.5 -

Continual
Learning

CLL-CLIP 29.6 23.2 15.2 15.6 26.4 23.1 17.6 18.4
with TEIR 38.3 (+8.7) 14.7 (+8.5) 20.5 (+5.3) 10.5 (+5.1) 35.0 (+8.6) 15.3 (+7.8) 24.3 (+6.7) 12.5 (+5.9)

oEWC (2018) 37.0 15.7 19.3 11.3 32.3 17.2 21.8 14.1
with TEIR 40.2 (+3.2) 12.7 (+3.0) 21.6 (+2.3) 9.3 (+2.0) 36.7 (+4.4) 13.4 (+3.8) 25.6 (+3.8) 11.2 (+2.9)

ER (2019) 34.1 17.9 17.8 12.3 29.0 20.0 19.4 16.0
with TEIR 39.3 (+5.2) 12.8 (+5.1) 21.5 (+3.7) 8.8 (+3.5) 35.4 (+6.4) 13.9 (+6.1) 24.7 (+5.3) 11.2 (+4.8)

DER (2020) 37.6 14.6 19.5 10.6 31.6 17.4 21.0 14.4
with TEIR 42.7 (+5.1) 9.4 (+5.2) 23.4 (+3.9) 6.9 (+3.7) 38.3 (+6.7) 10.9 (+6.5) 26.7 (+5.7) 9.3 (+5.1)

MLA† (2022) 35.9 20.9 18.4 15.0 30.7 21.8 20.6 18.1
with TEIR 46.0 (+10.1) 11.2 (+9.7) 25.2 (+6.8) 8.6 (+6.4) 41.1 (+10.4) 12.3 (+9.5) 29.0 (+8.4) 10.7 (+7.4)

P-Tuning† (2022) 30.1 23.9 15.0 16.3 24.9 23.9 16.4 19.3
with TEIR 41.1 (+11.0) 13.3 (+10.6) 22.2 (+7.2) 9.6 (+6.7) 35.5 (+10.6) 13.8 (+10.1) 25.4 (+9.0) 11.5 (+7.8)

LoRA† (2022) 31.8 22.5 16.2 15.9 28.0 22.7 18.7 18.9
with TEIR 41.6 (+9.8) 12.9 (+9.6) 22.8 (+6.6) 9.7 (+6.2) 38.0 (+10.0) 13.9 (+8.8) 27.0 (+8.3) 11.7 (+7.2)

DualPrompt (2022a) 28.4 23.6 14.1 15.8 25.5 22.9 16.4 18.4
with TEIR 38.3 (+9.9) 14.0 (+9.6) 19.7 (+5.6) 10.6 (+5.2) 35.3 (+9.8) 14.1 (+8.8) 23.6 (+7.2) 12.1 (+6.3)

CodaPrompt (2023) 28.9 22.6 14.4 15.2 24.6 22.2 15.9 17.6
with TEIR 41.4 (+12.5) 9.7 (+12.9) 22.3 (+7.9) 7.1 (+8.1) 36.7 (+12.1) 9.3 (+12.9) 25.3 (+9.4) 7.9 (+9.7)

Table 2: Retrieval performance on MSCOCO36 and XM3600. †: Task identity is needed during inference. All results are re-
produced by ourselves except that of PaLI. Note that PaLI is not optimized for image-text retrieval, but we draw its results from
(Chen et al. 2023c) for completeness. The numbers in brackets indicate the absolute improvements brought by our approach.

search the hyperparameters γ1 and γ2 in Equation (4) from
values {1, 0.1, 0.01} and set γ1 = 0.01 and γ2 = 1 based
on the AR metric on the validation set. For models without
TEIR, we initialize new token embeddings withN (0, 0.022)
following OpenCLIP and set ∀t, ∀j, λt,j = 1 (Equation (6)).
For each task, we set the vocab size to 10K. We use batches
of 128 samples and AdamW (Loshchilov and Hutter 2019)
with L2 weight decay of 0.05 to train models for 3 epochs.
We set the learning rate fixed to 5e-5 after 10% warm-up
iterations. The model achieving the highest summation of
Recall@{1, 5, 10} on the current-task validation set is se-
lected for training on the next task. We conduct experiments
in PyTorch on a single NVIDIA V100 card and every run of
an experiment takes less than 20 hours.

Comparing Methods We reproduce the following SOTA
continual learning (CL) and parameter-efficient fine-tuning
(PEFT) methods for comparisons: (1) regularization-based
online Elastic Weight Consolidation (oEWC) (Schwarz
et al. 2018) that penalizes the changes in model parame-
ters; (2) rehearsal-based ER (Chaudhry et al. 2019) that
stores historical training samples for current-task learn-
ing; (3) rehearsal- and regularization-based DER (Buzzega
et al. 2020) that stores features of previously learned

samples for knowledge distillation; (4) architecture-based
MLA (Zhang, Hu, and Jin 2022), P-Tuning (Liu et al.
2022), and LoRA (Hu et al. 2022) that inserts task-specific
adapters (Houlsby et al. 2019), learnable prompt tokens, and
decomposed matrices into frozen PTMs, respectively. (5)
prompt-based DualPrompt (Wang et al. 2022a) and Co-
daPrompt (Smith et al. 2023) that rely on a key-query
mechanism to generate proper prompts for frozen PTMs. We
reproduce all the above methods in the text branch of CLL-
CLIP with the aforementioned implementation details.

Main Results
Table 2 provides retrieval results of different models. Specif-
ically, joint-learning models CLL-CLIP and M-CLIP (Carls-
son et al. 2022) respectively achieve the highest AR scores
on MSCOCO36 and XM3600. As the joint-learning setting
covers all languages at the (pre-)training stage, its results
can be regarded as the upper bound of CL models. When
learning different languages incrementally, all CL models
experience different levels of forgetting. Notably, our TEIR
can consistently boost all CL models across all metrics
and datasets, e.g., with absolute improvements ranging from
3.7% to 10.2% in text-to-image AR on XM3600. The im-
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Setting

Initialization Regularization
Oracle
Vocab

MSCOCO36 (In-Domain) XM3600 (Out-of-Domain)

Identical
Distribution Gradient Weight

Decay
Image-to-Text Text-to-Image Image-to-Text Text-to-Image

AR (↑) F (↓) AR (↑) F (↓) AR (↑) F (↓) AR (↑) F (↓)
(1): CLL-CLIP × 29.6 23.2 15.2 15.6 26.4 23.1 17.6 18.4
(2)

√
× 32.4 21.9 16.8 15.1 29.9 22.5 20.5 18.2

(3)
√

× 31.9 20.3 16.9 13.5 28.4 20.2 19.5 16.1
(4)

√
× 33.3 19.2 17.0 13.5 30.0 19.0 19.9 15.5

(5)
√ √

× 37.2 14.9 19.7 10.6 33.3 15.4 22.8 12.6
(6): (1) + TEIR

√ √ √
× 38.3 14.7 20.5 10.5 35.0 15.3 24.3 12.5

(7)
√ √ √ √

42.4 10.5 23.2 7.9 38.4 12.0 27.1 10.0

Table 3: Ablation study on MSCOCO36 and XM3600. By default, we dynamically substitute the model’s vocab when new
languages arrive, whereas setting (7) requires the accessibility of corpora of all languages to construct a task-shared vocab.

Figure 3: Convergence analysis for different settings in Ta-
ble 3, focusing (left) the training loss and (right) the Fisher
eigenvalues. Lower values respectively indicate closer to
global minima and the convergence to flatter minima.

proved performance demonstrates the generality of TEIR
across various CL and PEFT methods, proves the validity
of our approach to maintaining acquired language skills, and
highlights the importance of proper token embedding initial-
ization and regularization.

Ablations and Additional Analyses
In the following, we delve deeper into our proposals via ab-
lation studies and additional analyses, with “CLL-CLIP with
TEIR” as the default model unless otherwise specified.

Effect of Initialization Table 3(1,2) shows that ensuring
identical distribution of new and prior token embeddings
during initialization improves AR and F metrics by large
margins. Compared with setting (5), setting (6) can still
improve the model’s learning capacity without sacrificing
memory stability. These results suggest the importance of
addressing the covariate shift problem in CLL.

Effect of Regularization Table 3(3,4) shows that impos-
ing constraints on gradients or L2 weight decay when up-
dating token embeddings can effectively mitigate the catas-
trophic forgetting problem of CLL-CLIP. So, it is crucial to
penalize the embedding learning of lexically overlapping to-
kens and keep unrelated token embeddings intact. Moreover,
the superiority of setting (5) against (3,4) indicates the com-
plementary nature of these two strategies. Since our regu-
larization method solely relies on the lexical statistics of the

Figure 4: Analysis of CLL-CLIP’s core designs: (left) train-
able components and (right) training objectives.

data, it incurs negligible additional costs, e.g., the training
time of settings (1,6) is 11.1 and 11.3 hours, respectively.

Effect of Vocab Substitution Strategy We stick to the
principle of continual learning and thus dynamically substi-
tute the model’s vocab when new languages arrive. In con-
trast, if we are allowed to access corpora of all languages,
we can build an oracle vocab and only need to substitute the
model’s vocab at the beginning. As shown in Table 3(6,7),
using the oracle vocab contributes to a boost in performance.
Since we employ BPE to construct vocab in this work, the
improvements confirm BPE’s capacity to learn more accu-
rate merging operations of sub-word units from extensive
text statistics. Therefore, the exploration of refined vocab
substitution strategies is a valuable avenue in future studies.

Effect of TEIR on Model Convergence We consider the
model at the end of training and measure the property of
the training minima of settings (1-7) in Table 3. Firstly,
we calculate the average loss across all training samples of
MSCOCO36. As depicted in Figure 3(left), the training loss
of settings (2-7) is lower than that of (1), illustrating that
TEIR facilitates the convergence of CLL-CLIP towards a
global minimum. Furthermore, we compute the trace of the
empirical Fisher information matrix w.r.t. all training sam-
ples of MSCOCO36 and treat it as a proxy for Hessian eigen-
values following (Chaudhari et al. 2017; Kirkpatrick et al.
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Figure 5: Translate-test performance on Hebrew data in
XM3600. Although translate-test CLIP is a strong pipeline
system, our model can process foreign texts directly (η =
0) or achieve better retrieval performance via score fusion
when translations are available (η > 0).

2017; Buzzega et al. 2020). As depicted in Figure 3(right),
settings (2-7) produce lower eigenvalues than (1), revealing
that TEIR helps CLL-CLIP converge to a flatter minimum.

Effectiveness of CLL-CLIP We here ablate the core de-
signs of CLL-CLIP, including the trainable components and
training objectives. As shown in Figure 4(left), training
the full model obtains dramatically degrades as more tasks
are processed. Instead, our proposal of solely training to-
ken embeddings can preserve knowledge effectively. In Fig-
ure 4(right), we can find that the cross-lingual objective is
more efficient than the cross-modal objective to align im-
ages with multi-lingual texts, and leveraging both of them
can achieve better results. This observation indicates the po-
tential of utilizing text-only pairs for CLL.

Comparison with Translate-Test CLIP To enable the
original CLIP to understand multilingual texts, one intuitive
approach is translating foreign texts into English, which is
known as Translate Test in the literature (Bugliarello et al.
2022; Li et al. 2023b). In Figure 5, we compare our model
with the translate-test CLIP under different η for score fu-
sion. Specifically, we can see that translate-test CLIP is a
strong pipeline system that can achieve 44.3 text-to-image
Recall@1 on Hebrew. In contrast, our CLL model can pro-
cess Hebrew texts directly (η = 0). Encouragingly, our sin-
gle model can even surpass the translate-test CLIP (46.7
vs. 44.3) when including an additional augmented CC3M
dataset (Sharma et al. 2018) for training. Therefore, con-
tinual language learning presents a viable avenue to evade
the computation costs of translation and the error accumula-
tion problem of a translation-based pipeline system. More-
over, when translations are available (η > 0), our model
can simultaneously measure image-English text and image-
Hebrew text similarities to achieve score fusion, leading to
better retrieval performance compared with the case η = 0.

Comparisons with Multilingual VL-PTMs In Table 4,
we compare CLL models with multilingual VL-PTMs on
Multi30K (Elliott et al. 2016). As we can see, although

Setting Model en de fr cs Avg.

Learn in English CLIP (2021) 86.3 38.4 48.9 8.1 45.4

Joint Learning
(<10 languages)

M3P (2021) 57.9 36.8 27.1 20.4 35.6
UC2 (2021) 66.6 62.5 60.4 55.1 61.2
MLA (2022) 86.4 80.8 80.9 72.9 80.3

(>60 languages) M-CLIP (2022) 84.1 79.1 77.5 76.3 79.3

Continual
Learning
(36 languages)

CLL-CLIP 75.1 36.2 46.5 57.6 53.8
with TEIR 82.5 48.6 60.4 66.5 64.5

MLA (2022) 73.8 42.7 52.7 64.6 58.4
with TEIR 82.4 58.1 68.0 74.1 70.7

Table 4: Zero-shot image-text retrieval results (averaged
over recall@{1,5,10} on two directions) on Multi30K un-
der English (en), German (de), French (fr), and Czech (cs).

the joint-learning MLA model performs generally the best
among the four languages, it obtains inferior performance in
Czech compared with “MLA with TEIR” which has learned
36 languages in a continual learning manner. Given the gap
between joint learning and continual learning, there is much
room for improving CLL models.

Conclusion
In this paper, we present to our best knowledge the first
systematical study on extending the language capacities of
dual-stream vision-language pre-trained models (VL-PTMs)
under the practical continual language learning setting. We
introduce a CLL-CLIP model and a TEIR approach to learn
the alignment between images and multilingual texts while
mitigating catastrophic forgetting raised by the covariate
shift and lexical overlap problems. To comprehensively val-
idate our proposals, we construct a benchmark spanning 36
languages and conduct evaluations on multilingual image-
text retrieval. Through a series of experiments and analyses,
we verify the effectiveness of CLL-CLIP and TEIR and gain
insights into their inner workings. We hope our research can
serve as a basis to enhance the accessibility of VL-PTMs
across different linguistic communities.

Limitations This paper focuses exclusively on the contin-
ual language learning of CLIP-like VL-PTMs, emphasizing
evaluations for image-text retrieval. Nonetheless, we posit
that our ideas hold the potential to be adaptable to encoder-
decoder-based VL-PTMs and generation tasks like visual
captioning (Yang, Cao, and Zou 2023). We leave it to our fu-
ture study. Moreover, TEIR requires current-task text statis-
tics to compute Equation (6), making it difficult to handle
the challenges posed by, e.g., boundary-free continual learn-
ing (Aljundi, Kelchtermans, and Tuytelaars 2019).
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