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Abstract

Existing cross-modal retrieval methods typically rely on
large-scale vision-language pair data. This makes it chal-
lenging to efficiently develop a cross-modal retrieval model
for under-resourced languages of interest. Therefore, Cross-
lingual Cross-modal Retrieval (CCR), which aims to align
vision and the low-resource language (the target language)
without using any human-labeled target-language data, has
gained increasing attention. As a general parameter-efficient
way, a common solution is to utilize adapter modules to trans-
fer the vision-language alignment ability of Vision-Language
Pretraining (VLP) models from a source language to a tar-
get language. However, these adapters are usually static once
learned, making it difficult to adapt to target-language cap-
tions with varied expressions. To alleviate it, we propose
Dynamic Adapter with Semantics Disentangling (DASD),
whose parameters are dynamically generated conditioned on
the characteristics of the input captions. Considering that the
semantics and expression styles of the input caption largely
influence how to encode it, we propose a semantic disentan-
gling module to extract the semantic-related and semantic-
agnostic features from the input, ensuring that generated
adapters are well-suited to the characteristics of input cap-
tion. Extensive experiments on two image-text datasets and
one video-text dataset demonstrate the effectiveness of our
model for cross-lingual cross-modal retrieval, as well as its
good compatibility with various VLP models.

Code — https://github.com/HuiGuanLab/DASD
Extended version — https://arxiv.org/abs/2412.13510

Introduction

With the rapid emergence of images and videos on the In-
ternet, there is a huge demand from users around the world
for retrieving visual content of interest by natural language
queries (a.k.a. cross-modal retrieval) (Li et al. 2021; Zhang
et al. 2023; Chang et al. 2023). Recent neural-based cross-
modal retrieval models (Bogolin et al. 2022; Lu et al. 2022;
Sun et al. 2023) tend to require a large amount of human-
labeled text-image/video pair data for training which are
available for only a handful of the world’s languages. As a
result, building a cross-modal retrieval system for users with
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(c) Our proposed DASD framework for CCR.

Figure 1: Illustration of the variety of textual expressions
and the difference between the traditional adapter and our
DASD: (a) Captions of the same image are differently ex-
pressed in Chinese-specific ways. (b) Traditional adapters
whose parameters are fixed once learned. (c) Our method ex-
tracts semantic-related and semantic-agnostic features from
captions and thereby produces dynamic adapters (DA).

different language backgrounds is extremely challenging,
especially for low-resource languages (e.g., Czech). With
this regard, cross-lingual cross-modal retrieval (CCR) lever-
ages visual-text pair data in the rich-resource language (the
source language) to construct a retrieval model for a new
language of interest (the farget language), avoiding substan-
tial manual annotations costs on the target language.

The perennial problem with building target-language re-
trieval models lies in the paucity of training data, since ex-
isting human-labeled resources for low-resource languages
are rather limited, and it is extremely expensive and time-
consuming to manually annotate images/videos with de-



scriptions in multiple languages. Due to limitations in data
and computing resources, existing Vision-Language Pre-
training (VLP) models, such as CLIP (Radford et al. 2021)
and CCLM (Zeng et al. 2023), could support only one or
a few languages, yet there are more than 6,900 languages
worldwide (Zhou et al. 2021). Moreover, these VLP models
cannot be flexibly extended to new languages, since addi-
tional training on target languages will cause performance
degeneration of VLP models on the original languages due
to the limited model capacity.

A straightforward and cheap solution is converting
source-language labeled data into the target language uti-
lizing Machine Translation (MT) tools (e.g., Google Trans-
late!). With access to these MT-generated resources, existing
works tend to transfer the vision-language alignment abil-
ity of VLP models to target languages through cross-lingual
alignment (Wang et al. 2024a,b; Pfeiffer et al. 2020; Zhang,
Hu, and Jin 2022). Among them, a prior work (Wang et al.
2022) tries to finetune the pre-trained layers in VLP models
with cross-lingual alignment objectives, inevitably leading
to a certain degree of knowledge forgetting. To alleviate this
problem, some adapter-based methods (Pfeiffer et al. 2020;
Zhang, Hu, and Jin 2022) have recently been proposed to
perform cross-lingual transfer in a parameter-efficient way.
These methods freeze VLP models and store cross-lingual
knowledge in the light-weight adapters, whose parameters
keep static for different inputs. However, during the cross-
lingual transfer, the language gaps (Ahmad et al. 2019), such
as unique expressions in target languages, could bring com-
plexity and increase the difficulty of extracting the accurate
semantics of captions. As illustrated in Figure 1(a), target-
language (Chinese) captions describing the same event are
expressed in quite different ways. As a result, existing static
adapters, shown in Figure 1(b), struggle to adapt to target-
language captions with varied expressions.

To tackle the aforementioned challenge, we propose Dy-
namic Adapter with Semantics Disentangling (DASD), a
novel paradigm that adaptively encodes target-language cap-
tions by making language adapters conditioned on each in-
put caption rather than keeping them fixed after once learn-
ing. In order to obtain adapters that exactly match the in-
put caption, we perform semantics disentangling to capture
its distinct and complementary aspects. To be specific, we
assume that each caption is entangled by two independent
characteristics: semantic-related and semantic-agnostic fea-
tures. Particularly, the former presents consistent semantic
features shared by different modalities, while the latter re-
flects the characteristics with respect to the mean of ex-
pression yet unrelated to semantics, such as word order,
sentence length, and other low-level information (shown in
Figure 1(c)). Both semantic-related and semantic-agnostic
features of input captions are learned by semantics disen-
tangling, which explicitly decouples the two different fea-
tures through semantic consistency learning and adversarial
training. In this way, the disentangled features capture suf-
ficient information needed for characterizing the input cap-
tion, which are then fed to the dynamic parameter generation

"https://translate.google.com/
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module. Cross-lingual alignments are finally performed with
dynamic parameters inserted to adapters, thus allowing the
model to encode captions while explicitly accounting for the
overall characteristics observed in the textual inputs.

To the best of our knowledge, this is the first work
that leverages disentangled semantics to generate dynamic
adapters to improve the target-language text encoding in
CCR. Our main contributions are summarized as follows:

* We identify the problem of performing accurate text
encoding against challenges caused by the diversity in
written expression of target-language training samples in
CCR, and provide an effective solution based on data-
dependent semantics disentanglement.

* We propose a novel parameter-efficient diagram for CCR
which dynamically generates parameters of input-aware
adapters, enabling the CCR models to encode target-
language sentences adaptively.

* We achieve a new state-of-the-art performance on two
image-text retrieval datasets and one video-text retrieval
dataset. Besides, our model shows good compatibility
with various VLP models.

Related Work
Cross-lingual Cross-modal Retrieval

Cross-lingual cross-modal retrieval (CCR) is a method for
achieving visual and target language (V-T) alignment with-
out using any manually-annotated visual-text data pairs.
This approach can be seen as a specific case of transfer
learning to new domains (Fang et al. 2024) with limited re-
sources (Zhang et al. 2020a), helping to mitigate the scarcity
of training data for low-resource languages in traditional
cross-modal retrieval (Dong et al. 2022a,b; Fang et al. 2023;
Zheng et al. 2023). Early works (Aggarwal and Kale 2020;
Portaz et al. 2019) on CCR try to transfer the knowledge of
English models to low-resource languages by directly fine-
tuning the model on MT-generated parallel data. Recently,
V+L pretraining models have become popular, aiming to
further narrow the gap between different languages and
modalities. Among them, M3P (Ni et al. 2021) learns univer-
sal representations that can map objects occurred in different
modalities or texts expressed in different languages into a
common semantic space. UC? (Zhou et al. 2021) translates
source-language annotations into the target language auto-
matically and proposes fine-grained pretraining objectives
to encourage alignment between image regions and multi-
lingual tokens. Following UC2, MURAL (Jain et al. 2021)
leverages 1.8 billion noisy image-text pairs to pre-train their
dual encoder model. After that, CCLM (Zeng et al. 2023)
proposes a cross-view language modeling framework, which
considers both multi-modal data and multi-lingual data as
pairs of two different views of the same object and pro-
pose a unified framework to fuse features in different views.
Although CCLM successfully outperforms UC2 and MU-
RAL on several benchmarks, it is very expensive to expand
CCLM to support new low-resource languages since its pre-
training stage require large-amount data and computing re-
sources. Instead of pretraining V+L models from scratch,



some recent works (Wang et al. 2022, 2024a,b; Cai et al.
2024) try to finetune the upper layers of existing VLP mod-
els with machine-translated data, which inevitably leading
to a certain degree of knowledge forgetting.

Although these works have achieved improvements on
CCR, their methods still require full-model training, which
is quite time-consuming and demands significant computa-
tional power, making them impractical for researchers with
limited hardware resources.

Parameter-Efficient FineTuning for CCR

The pretraining and finetuning paradigms have been proven
to be highly effective in different language and vision tasks.
Compared to full fine-tuning, Parameter-Efficient FineTun-
ing (PEFT) is more suitable for cases with limited hardware
resources, as it freezes the majority of the parameters of the
pretrained model while still being able to demonstrate com-
parable performance in downstream tasks. Various PEFT
techniques have been explored, including prompt tuning (Li
and Liang 2021; Liu et al. 2024; Wu, Jiang, and Lian 2024;
Zhou et al. 2022), Low-Rank Adaptation (LoRA) (Hede-
gaard et al. 2024; Mao et al. 2024), and adapters (Zhang,
Hu, and Jin 2022). In which, the core idea of adapters is
to insert light-weight adaptation modules into each layer of
the pretrained transformer (Vaswani et al. 2017), and they
have been extended across numerous domains. For exam-
ple, MAD-X (Pfeiffer et al. 2020) extends multilingual pre-
training models to support low-resource languages through
adapters. Following MAD-X, MAD-G (Ansell et al. 2021) is
proposed to generate language adapters based on type char-
acteristics in language representations.

Recently, MLA (Zhang, Hu, and Jin 2022) designs a
light-weight language acquisition encoder that supports low-
resource languages through language-specific adapters. This
approach is somewhat similar to our idea but has some core
differences: MLA overlook the diversity of written expres-
sion and the noise in translated training samples during the
cross-lingual transfer. In contrast, our DASD learns disen-
tangled characteristics of input captions to help the model
understand sentences in different styles of expression.

Semantics Disentangling

Recently, learning disentangled representations has been
widely applied to a wide spectrum of applications rang-
ing from domain adaption (Cai et al. 2019; Zhang et al.
2024) to text-to-image generation (Yin et al. 2019) and zero-
shot learning (Chen et al. 2021; Ye et al. 2021). The core
idea behind these work is to factorize input features into
semantic-related and semantic-unrelated representations, so
that the disentangled semantic-related features could be
adapted across domains, modalities or tasks. For example,
the prior work (Yin et al. 2019) focusing on text-to-image
generation distills semantic commons from the linguistic de-
scriptions, based on which the generated images can keep
generation consistency under expression variants. Different
from these previous approaches, in this paper, semantic-
unrelated representations also play an important role during
the transfer across languages, which are utilized for the dy-

1909

namic adapter generation to improve the semantics extrac-
tion of target-language captions.

The Proposed Method

In this paper, we propose a dynamic adapter generation
framework with semantics disentangling for CCR. As shown
in Figure 2, our framework consists of three key compo-
nents: 1) a pretrained VLP model as the backbone of our
framework whose parameters stay frozen; 2) an input-aware
parameter generator which analyzes the characteristics of
the target-language input and produces a parameter matrix
of adapters accordingly; 3) dynamic adapters inserted to
each layer of the frozen VLP model to adaptively empower
it with the cross-lingual ability.

Task Definition

We first formally define the setting of CCR, which in-
volves two kinds of languages, namely the source language
and the target languages. For the source language S, we
have a collection of human-labeled training data D° =
{dy,ds, ...,d, }, where each instance d; consists of a cap-
tion S paired with an image or video V;. As for the target
language 7', due to the scarcity of human-labeled data, we
assume there are no extra labeled data of text-image/video
pairs. The core task of CCR is to obtain a model applicable
in the target language 7', without using any manually anno-
tated target-language data.

Pretrained VLP Model

Following MLA (Zhang, Hu, and Jin 2022), we choose
CLIP (Radford et al. 2021) as the VLP model used in our
DASD. It is worth noting that other VLP models can also be
applied to our method.

Source-language Text Encoding. Given a sentence S° in
the source language, the corresponding sentence representa-
tion r¥ = ®°(5°;60%) is generated through the pretrained
text encoder ®°, which contains a embedding block and L
transformer layers. To preserve the cross-model knowledge
of VLP, 6° keeps fixed during training. Concretely, the input
sentence S is tokenized and processed into word embed-
dings E° = [eo—[sos]; --+» €nr—[gos)] through the embedding
block, where [SOS] and [EQS] are special tokens denoting the
boundary of the input sentence. The word embeddings are
then fed to the parameter-frozen CLIP’s text encoder. The
final representation ° is obtained by performing a linear
projection on the last hidden state of the [E0S] token.

Visual Encoding. The Vision Transformer (ViT) (Doso-
vitskiy et al. 2020; Zhang et al. 2020b) is used as a kind
of CLIP image encoder, which takes image patches as in-
put and generates the final feature through a Transformer-
based model. For image encoding, given an image V, it
is divided into patches V' = [v,...,vy] following ViT.
Then, they are linearly projected into patch embeddings
E, = [ejcrass)s vall, cey va;\,], where e[cppsg) is a special
embedding for the whole image and W), is the linear pro-
jection. The hidden states calculation is similar with the text
encoder, and the final visual representation " is obtained
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Figure 2: The illustration of our proposed Dynamic Adapter with Semantics Disentangling (DASD). To make dynamic adapters
in the target-language branch ® exactly match its input S, semantics disentangling is performed to extract semantic-related
and semantic-agnostic features (f*" and f*%) from ST and then generate input-conditional parameters (shown in the leftmost
branch). The source-language branch ®° and visual branch ®" are provided by the frozen VLP model.

by performing a linear projection on the last hidden state
of the e[crasg) token: rV = WPhl. As for video encoding,
following the prior work (Luo et al. 2022), we uniformly
sample 12 frames from the video and then perform average
pooling over these frame representations to obtain the final
video representation.

Input-aware Dynamic Adapters

Given a target-language caption S” as the input, shown
in the leftmost branch in Figure 2, our method generates
an input-conditional parameter matrix, which plays a key
role in ST encoding. To generate parameters exactly match
ST we propose semantics disentangling to extract semantic-
related and semantic-agnostic features from S7.

Semantics Disentangling. In the case of cross-lingual
transfer, semantic-agnostic characteristics (such as the word
order and the way of expression) in different languages
tend to vary greatly, which can hardly be captured by static
adapters. As a result, in our framework, we employ a se-
mantics disentangling module to obtain semantic-agnostic
features of captions in different target languages. Semantics
disentangling performs feature extraction in a parameter-
efficient way, whose backbone is only the first frozen layer
of ®° equipped with two trainable lightweight adapters.
Taking ST as the input, semantic-related and semantic-
agnostic features are extracted through semantic consistency
learning and adversarial training, respectively.
Semantic-Related Features Extraction. As shown in Fig-
ure 2, the extraction of semantic-related features is per-
formed by the module ®°", whose input is the target-
language sentence ST which has been tokenized and pro-

cessed into word embeddings E7 = [uoz[sos] sy U M:[EDS]].
These embeddings are then fed to the first layer of
parameter-frozen CLIP’s text encoder equipped with the
semantic-related adapter AS*:

X5 = (W o, W, o, W tng] + Bpos (1)
H{" = TransformerLayer(X{") 2
Xi7 = A (H 077 + Hy” ®

where X737 is the hidden state of the pretrained transformer
layer and W7" is a linear projection to keep dimension con-
sistency with source-language embeddings. The semantic-
related adapter AS™ in Equation 3 is implemented as a bottle-
neck MLP with residual connection:

ASI‘ (X) — WS’!‘

upper

ST
down

ReLU( X) (4)
Similar with ®°, the last hidden state of the [EOS] token in
the pretrained layer is linearly projected into the semantic-
related feature f*":

S

sr o __ ST ,..8T
[fr=wy L1, [E08)

Considering the fact that ST shares the same semantics with
its source-language counterpart S, we propose semantic
consistency learning to explicitly transfer the semantic infor-
mation gathered by ®° from S* to f*". As shown in Equa-
tion 6, the semantic consistency loss L. is defined as the
L1 distance between 75 and f°":

£SC — HTS _ fer (6)

Semantic-Agnostic Features Extraction. The semantic-
agnostic module ®°* shares the same backbone with ®°",
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equipped with the semantic-agnostic adapter AS®* which
works in the similar way with AST. Different from ®°7,
®5¢ produces the semantic-agnostic feature f°* by perform-
ing average-pooling over all hidden states in the pretrained
transformer layer.

To achieve perfect semantics disentangling, the semantic-
agnostic feature f*@ extracted from S” should exclude any
semantic information about S”. Motivated by this, we en-
force f** to be useless to identify its corresponding semantic
representations through adversarial training. Specifically, for
adversarial training, we construct two feature pairs:(f5,r°)
and (f*¢,r°7). The former is regarded as the positive sample
since r is the semantic representation of S° which shares
the same semantics with S7'. The latter is the negative sam-
ple and 75~ is the semantic representation of a randomly-
selected source-language caption. We employ a classifier F'
to act as the discriminator which is adopted to distinguish
the positive and negative samples. The classifier is consisted
of a multi-layer feed-forward neural networks, and the dis-
crimination loss in adversarial training is defined as:

Ld = _logF(fsaa TS) - lOg(l - F(fSaarS_) (7)
The parameters of ®°* are updated to confuse the discrimi-
nator by minimizing the loss L,4, = —Lg.

Input-conditional Parameter Generation. After obtain-
ing f*" and f*°, we adopt a multilayer perceptron to extract
the global information z of ST, i.e.,

z=MLP(f° o f*°%) ®)
where o means the concatenation operation. Then, the dy-
namic parameter-matrix W7 of layer ¢ are obtained using a
single layer linear down-projection:

W7 = reshape(W{°w"z) )
where Wiown ¢ R xd= W7 € R4u*du_ and the opera-
tion reshape refers to reshaping the vectors produced by the
M LP into a matrix form. Down projecting to a dimension
d. << d, prevents W™ from being impractically large,
keeping our model parameter-efficient. In this way, W= is
dynamically generated conditioned on the target-language
input S”, which are then inserted to adapters in the target-
language branch ®7.

CCR with Dynamic Adapters

The core of CCR is to align the target-language sentence S7
with its source-language counterpart S° as well as its vi-
sual counterpart V. However, due to the scarcity of human-
labeled ST-V pairs, MT tools are employed to translate S
into the target language. With access to these paired data
from different sources, cross-lingual and cross-modal align-
ments are performed accordingly.

Target-Language Text Encoding. As shown in Figure 2,
the representation of S7 is calculated by the target-language
branch ®”, which taking word embeddings E” as the input
and extract semantics of S” at each layer with the help of
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the dynamic adapter DA:

X = [WeTUO:[sos]» e WeTu]\/I:[ECIS]] + Epos (10)
H} = TransformerLayer(X, ;) (11)
XF =oaHT; 0™ + HF (12)

where 6% refers to the parameter of DA in i-th layer and
works as follows:

DA(X) = W e ReLUW* W, X) + X (13)
Here, {W.,,ers Wit W} € 6. Finally, the last hidden

state of the [EOS] token is linearly projected into the seman-
tic representation of S7: rT = prﬁ;os]. The linear projec-
tion W), is shared with CLIP’s text encoder and keeps frozen
during the training.

Training Strategy. Considering the the scarcity of target-
language resources, following MLA (Zhang, Hu, and Jin
2022), the cross-lingual alignment and the cross-modal
alignment are performed independently in our framework.
The motivation behind the separate training is to ensure that
cross-lingual transfer can always proceed smoothly in case
data in a certain modality is missing or of poor quality. The
objective in the cross-lingual alignment is minimizing the
Mean Square Error (MSE) between the native representation
% and the non-native representation
Lop = ||r® =" (14)
As for the cross-modal alignment, it is achieved by per-
forming contrastive learning between target languages and
images. The training objective is minimizing the NCE
loss (Gutmann and Hyvérinen 2010) defined as follows:

exp(sim(rt,rV))

Zle exp(sim(ro, V)

exp(sim(rt,rV))

> exp(sim(rT, 1))

where B is the batch size, sim(-) denotes the similarity
function (i.e., cosine similarity) and 7 is the temperature co-
efficient. Our model is trained by minimizing the combina-

tion of the above losses. Finally, the total loss function is
defined as:

L=Lcr+ Lom+ MLago + AL (16)

where \; and )\, are hyper-parameters to balance the impor-
tance of disentangling losses.

Loy = —log
(15)

— log

Experiments
Experimental Settings

Datasets. Evaluations are performed on two image-text
retrieval datasets (Multi30K (Elliott et al. 2016) and
MSCOCO (Chen et al. 2015)) and a video-text retrieval
dataset (MSRVTT (Xu et al. 2016)), referred as downstream
task datasets (DTD) in this paper. Target-language captions
are obtained by automatically translating the English cap-
tions in DTD with Google Translate. Besides, the web-
scraped image-caption dataset CC3M (Sharma et al. 2018)
with machine-translated captions is also used for training,
from which 300k image-captions pairs are randomly se-
lected and known as CC300K (Zhang, Hu, and Jin 2022).



Retrieval Settings. We conduct experiments under two
CCR settings: (1) Cross-lingual Finetune: we first train
models using English data in DTD and then further fine-
tune models with target-language data produced by MT
tools. Finally, models are tested on DTD target-language
datasets. (2) Zero-shot: models are trained on commonly-
used datasets (e.g., CC300K) and then directly evaluated on
DTD without any DTD finetuning.

Evaluation Metrics. For image-text retrieval, follow-
ing (Zhang, Hu, and Jin 2022), we report the mean Aver-
age Recall (mAR) for image-text retrieval. For video-text
retrieval, we follow (Rouditchenko et al. 2023) and use
text—video Recall@1 score to evaluate the performance.

Evaluation on Cross-lingual Image-Text Retrieval

Under the Cross-lingual Finetune setting, image-caption
pairs for target languages are obtained in two separate
ways: (1) we directly leverage the target-language data in
CC300K (following MLA (Zhang, Hu, and Jin 2022)). (2)
English captions in Multi30K and MSCOCO are converted
into target languages utilizing Google Translate (following
CL2CM (Wang et al. 2024a)). In both cases, it can be seen
in Table 1 that DASD outperforms all the comparison meth-
ods, demonstrating the effectiveness of dynamic adapters.
Please note that the SOTA model CL2CM relies on the full-
model training, besides, its cross-lingual alignments is care-
fully designed where token-level alignments are involved
to improve the final performance, all of which consumes a
large amount of computing budgets. Although DCOT and
CL2CM are not open-sourced, they all expand the cross-
attention module in NRCCR and therefore are expected to
have more trainable parameters than NRCCR. Under the
Zero-shot setting, we observe that the performances of NR-
CCR, DCOT and CL2CM drop severely due the absence of
downstream datasets, which are surpassed by the parameter-
efficient model MLA. Among them, DCOT (Wang et al.
2024b) tries to learn noisy correspondence in CCR by quan-
tifying the confidence of the sample pair correlation with op-
timal transport theory from both the cross-lingual and cross-
modal views. Compared with PEFT models, DCOT relies
on full-model training, rendering their method much more
time and computing consuming. Besides, DCOT only focus
on reducing the impact of obvious errors brought by MT,
neglecting other factors (e.g., language gaps) which could
also hurt the cross-lingual alignment and result in degraded
performance. Our performance still achieves the best perfor-
mance when downstream task data is not available, showing
strong zero-shot cross-lingual transfer ability.

Evaluation on Cross-lingual Video-Text Retrieval

For cross-lingual video-text retrieval, experiments are con-
ducted on MSRVTT (Xu et al. 2016) under the same settings
with cross-lingual image-text retrieval, where the model
searches for the most semantically relevant videos given
a text query in a low-resource language. We report the
text—video Recall@1 score in Table 2. Under both the
Zero-shot and Cross-lingual Finetune settings, we simply
adopt the same hyperparameter values and training strategy
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used for the cross-lingual image-text retrieval. As shown in
Table 2, for both settings, our model consistently outper-
forms MLA on all eight target languages, demonstrating a
strong cross-lingual ability for text-video retrieval.

Generalizability Analysis

Since the adapter is a lightweight, plug-and-play module,
we also investigate whether our proposed DASD is com-
patible with different VLP models. To this end, we substi-
tute the pretrained CLIP with the recently-proposed M-VLP
model CCLM (Zeng et al. 2023), which has been pretrained
on the combination of image-caption pairs and parallel cor-
pora. Specifically, since CCLM is a single-stream model and
difficult to extend directly, we follow (Wang et al. 2024a) to
modify CCLM into a dual-stream model and apply DASD
to its text encoder. As reported in Table 3, the cross-lingual
text-image retrieval performance of CCLM is further im-
proved when equipped with our proposed dynamic adapters,
outperforming the framework built upon CLIP. These results
verify that our method is compatible with various VLP mod-
els and could achieve a higher performance when equipped
with stronger VLP models.

Ablation Studies

To verify the effectiveness of each component in DASD, we
conduct ablation studies under the cross-lingual finetune set-
ting on Multi30K and MSCOCO.

The effectiveness of input-conditional parameters. We
first investigate the contribution of the dynamic parameters
by removing the input-conditional parameter matrix W= out
of DASD, turning it into the traditional adapter with only
static parameters. As reported in Table 4, when using static
adapters for cross-lingual transfer, we observe a severe per-
formance degradation on all five target languages, demon-
strating the importance of the dynamic parameters.

The effectiveness of semantic-related and semantic-
agnostic features. We then study the effectiveness of f5¢
and f°" to dynamic parameter generation. As summarized
in Table 5, the inclusion of both kinds of features leads
to a certain improvement in mAR on all five target lan-
guages. In the case where only one kind of features is em-
ployed, we observe that the semantic-related features having
a slightly greater positive impact compared to the semantic-
agnostic ones. It not only demonstrates the effectiveness of
both kinds of features, but also shows the complementary of
the semantic-related and semantic-agnostic features.

The impact of semantics disentangling. To examine the
necessity of performing semantics disentangling, we in-
vestigate the impact brought by different disentangling
losses (L4, and L) and report results in Table 6. We ob-
serve that with the loss constraints added, the model per-
formance increases on all five languages, validating the ef-
fectiveness of the adversarial training and semantic distilla-
tion. To our knowledge, no prior work has applied dynamic
adapters or semantics disentangling to CCR, and our work
fills this gap and thereby gains a clear improvement.



Method #TP . Training Data Multi30K MSCOCO
English  Target Languages DE FR CS ZH JA
2 UC? (Zhou et al. 2021) 478M DTD CC3M 83.8 77.6 742 82.0 717
‘s MURAL (Jain et al. 2021) 300M DTD CC300K 76.5 76.7 70.1 - 74.6
E MLA (Zhang, Hu, and Jin 2022)  108M DTD CC300K 864 873 795 - 80.4
= DASD (ours) 134M DTD CC300K 874 88.6 834 88.5 8438
Eo NRCCR (Wang et al. 2022) 216M DTD MT(DTD) 80.1 804 779 854 845
E DCOT (Wang et al. 2024b) - DTD MT(DTD) 825 826 803 869 859
§ CL2CM (Wang et al. 2024a) - DTD MT(DTD) 83.0 833 809 87.0 86.0
©  DASD (ours) 134M DTD MT(DTD) 88.5 911 87.6 90.0 89.1
UC? (Zhou et al. 2021) 478M - CC3M 62.5 604 551 - 62.3
MURAL (Jain et al. 2021) 300M - CC300K 62.7 60.8 575 - 62.5
% MLA (Zhang, Hu, and Jin 2022)  108M - CC300K 80.8 809 729 78.5 76.7
'% DASD (ours) 134M - CC300K 819 821 743 796 775
§ NRCCR (Wang et al. 2022) 216M - MTMSCOCO) 748 723 685 - -
N pcor (Wang et al. 2024b) - - MTMSCOCO) 765 742 70.7 - -
CL2CM (Wang et al. 2024a) - - MTMSCOCO) 769 745 715 - -
DASD (ours) 134M - MTMSCOCO) 80.1 813 749 - -

Table 1: Cross-lingual image-text retrieval results on Multi30K and MSCOCO. #TP: the number of Trainable parameters,
DTD: Down-stream Task Datasets (i.e., Multi30K and MSCOCO). Despite being equipped the dynamic parameter generator,
the number of trainable parameters in DASD remains comparable with MLA using the static adaptor, maintaining the parameter
efficiency of the model while achieving significant improvements under both settings.

Method DE FR CS ZH RU Vi Sw ES SUM
MMP (Huang et al. 2021) 21.1 21.8 207 200 205 109 144 219 1513
; C2KD (Rouditchenko et al. 2023) 24.7 254 24.0 234 231 136 203 255 1800
d MLA (Zhang, Hu, and Jin 2022) 26.1 267 205 253 189 129 126 272 1702
DASD (ours) 288 305 263 28.0 259 148 221 29.7 206.1
MMP (Huang et al. 2021) 194 207 193 182 191 82 84 204 1337
8 MLA (Zhang, Hu, and Jin 2022) 201 22.0 157 183 144 82 107 202 129.6
DASD (ours) 23.7 239 214 224 217 112 153 231 1627

Table 2: Cross-lingual video-text retrieval results on Multi-MSRVTT, CL-FT: Cross-lingual Fine-tune, ZS: Zero-shot. Our
proposed DASD performs the best over baseline methods on all target languages.

Multi30K MSCOCO
FR DE CS ZH JA
CLIP (Radford et al. 2021) - - - - - -
CLIP+ours 91.1 88.5 87.6 90.0 89.1 446.3
CCLM (Zeng et al. 2023) 81.7 83.9 80.2 85.2 82.7 413.7
CCLM-+ours 91.4 89.3 88.5 919 91.6 452.7

Method SUM

Table 3: The performances of our method using different
VLP models as the backbone. Our dynamic adapter could
not only expand the monolingual VLP model (CLIP) to mul-
tiple target languages, but also exhibits a good compatibility
with different VLP models.

Visualization Analysis

In Figure 3, we use t-SNE to visualize the semantic-agnostic
representations of 200 Chinese sentences randomly selected
from MSCOCO testset. As illustrated in Figure 3(a), the
semantic-agnostic representations produced by DASD have
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Multi30K MSCOCO
Method SUM
o FR DE CS ZH JA
Traditional Adapter 88.3 87.0 83.1 853 85.7 4294

Dynamic Adapter (ours) 91.1 88.5 87.6 90.0 89.1 446.3

Table 4: Effectiveness of the dynamic adapter for CCR on
Multi30K and MSCOCO. Using input-conditional parame-
ters (I77) brings in substantial performance gain.

been automatically clustered into 4 groups. Figure 3(b) lists
some corresponding sentences of each group, and we ob-
serve that sentences in the same group are expressed in
a similar way. Concretely, sentences in group 1 start with
a quantifier followed by the key object, and sentences in
group 2 begin with the location of the key object. Com-
pared to group 1, sentences in group 3 include an addi-
tional descriptive modifier before the key object. Group 4
contains long sentences that are divided into two parts. This



Features Multi30K MSCOCO

7 f* "FR DE CS ZH JA SUM
v v 911 885 87.6 90.0 89.1 4463
v x 902 877 868 89.1 88.0 441.8
x v 899 878 863 887 88.1 4408

Table 5: Effectiveness of the semantic-related and semantic-
agnostics features (f°" and f*%).

loss Multi30K MSCOCO SUM
Lse Ladw FR DE CS ZH JA
v v 91.1 88.5 87.6 90.0 89.1 446.3
v X 90.7 879 873 89.6 88.3 4438
X v 90.6 88.1 86.9 89.5 88.5 443.6
X X 90.1 874 86.5 89.1 88.0 441.1

Table 6: Effectiveness of different disentangling losses.
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(a) Visualization of semantic-agnostic features.

Groupl: Quantifier + Object + ... Group2:  Location + Object
174: —J KSR AE— AR REL o 147 FBA — AL
(A group of giraffes stand near a big tree.)  (Bread and salad on plate.)

33: = R LIRS RS . 124: B P BT Rk

(A truck with graffiti all over it.) (The yard has a stove and chairs.)
1 —RUlESAER R ERAFEL. 98 A REF EH TR,

(A cat stands next to two stuffed animals.) (A metal rack holds toothbrushes.)
Group3: Quantifier + Descriptive Modifier + Object + ...

193: =/ & 5 A=A HE 10 551 F B VBRI
(A man in jeans lifts his skateboard with his foot.)
24 AL 0 L NEFE— SN L

(A woman holding an umbrella walks on a path.)

170: —= A8 40 PN LEH.
(A man wearing a tie is walking on the street.)
Group4: Event + Comma + Supplementary Information
61: 3 — i, L — AP A — A AR i — R R

(This is a painting, in which a boy and a girl are sitting on a chair on the beach.)
80: MERY b — 41830 BLIEFET LI, 55045 #AAMAR .

(A player is playing a game on the tennis court, with referees and spectators nearby.)
57: —ANERBEATESRT, TR MR A

(A blond boy is sitting at the table, holding a grilled sausage and eating breakfast.)

(b) The corresponding Chinese sentences in each group.

Figure 3: Visualization of the semantic-agnostic features of
200 randomly-selected MSCOCO Chinese sentences.

visualization result confirms that our DASD effectively cap-
tures semantic-agnostic characteristics of captions through
semantics disentangling.
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Conclusion

This paper proposes dynamic adapters with semantics dis-
entangling for CCR. By characterizing target-language cap-
tions from two distinct and complementary aspects, our
DASD dynamically generates adapters for input captions in
varied forms. Extensive experiments show the effectiveness
of DASD and its new SOTA performance. Given DASD is
simple and effective, we believe it can also be used as a new
strong baseline for other cross-lingual transfer tasks.
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