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ABSTRACT

Vision-language retrieval aims to perform cross-modal in-
stances search by learning consistent vision-language repre-
sentations. However, in real applications, vision-language di-
vergence always results in strong and weak modalities and
different modalities have various performances in uni-modal
tasks. In this paper, we reveal that traditional vision-language
hard consistency disrupts the relationships among uni-modal
instances considering the weak-strong modal scenario, caus-
ing a decline in uni-modal retrieval capability. To address this
issue, we propose Coordinated Vision-Language Retrieval
(CoVLR), a solution that cooperatively optimizes both cross-
modal consistency and intra-modal structure-preserving ob-
jectives via a meta-learning strategy. Specifically, CoVLR
utilizes intra-modal structure-preserving as the meta-test task
to validate the cross-modal consistency loss, which is con-
sidered the meta-train task. The effectiveness of CoVLR is
validated through extensive experiments on commonly used
datasets, which demonstrate superior results compared to
other baselines on various retrieval scenarios.

Index Terms— Multi-Modal Learning, Visual-Language
Retrieval, Meta-Optimization

1. INTRODUCTION

An important task in multi-modal machine learning is cross-
modal retrieval, which involves searching for instances in one
modality based on instances from another modality. In this
paper, we focus primarily on two modalities, including visual
signals and natural language. The main challenge of vision-
language retrieval lies in the semantic gap within heteroge-
neous data. To address this issue, many approaches have been
developed to learn consistent representations between vision
and language by using well-aligned data [1, 2, 3].

Generally, the methods rely on the premise that vision-
language modalities can adequately express each other so that
hard consistency can be done naturally. However, due to
the presence of modal sufficiency [4, 5], there exists a dis-
tinction between strong and weak modalities in terms of vi-
sion and language considering uni-modal retrieval capabil-
ity. We adopt MS-COCO (1K) dataset as an example to il-
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lustrate the different performance of uni-modal retrieval in
Figure 1, where retrieval capacity is measured by the ma-
trix Normalized Discounted Cumulative Gain (NDCG). This
observation is consistent across different benchmarks, such
as MS-COCO (5K) and VizWiz, for more details can re-
fer to the experiment section. Considering the impact of
modal divergence on modal joint optimization, there have
been prior efforts to address this challenge in multi-modal
tasks [6, 7], but they mainly focus on the classification task
that needs shared ground-truths. In the cross-modal retrieval
task, we also discover that consistent representations are ben-
eficial for vision-language retrieval, yet have drawbacks for
uni-modal retrieval. Traditional hard cross-modal consistent
losses aim to learn consistent vision-language representations
without considering modal discrepancy, which cannot guar-
antee that the relationships among strong modal instances are
not affected by weak modalities. In other words, enforcing
hard cross-modal consistency constraints may lead to nega-
tive bidirectional guidance between weak and strong modal-
ities, leading to uni-modal retrieval performance degrading,
and this impact on the strong modality is more noticeable.
What we need is coordinated vision-language representa-
tion learning that improves uni-modal accuracy while main-
taining cross-modal retrieval capacity. The main challenge
lies in studying and alleviating the inconsistency between
cross-modal consistency and intra-modal structure-preserving
tasks. To overcome this issue, we introduce an effective meta-
optimization framework, Coordinated Vision-Language Re-
trieval (CoVLR). Particularly, CoVLR treats the cross-modal
consistency objective as the meta-train task and the uni-modal
structure-preserving objective as the meta-test task in a meta-
learning scheme. The meta-train task optimizes the network
for learning consistent representations, while the meta-test
task validates the optimization with the uni-modal structure-
preserving task, such as classification, to preserve the in-
stances’ relation. Consequently, we can ensure both cross-
modal consistency and uni-modal structure simultaneously.

2. RELATED WORK

Vision-Language Retrieval aims to learn consistent repre-
sentations of different modalities, thus retrieving instances of
one modality based on queries from another modality. Initial
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Fig. 1. Exploring modal divergence on retrieval task on MS-
COCO (1K) dataset, and the uni-modal retrieval performance
of image and text is summarized using Swin Transformer and
Bert backbones, respectively.

approaches involved dual-encoder architectures, where lan-
guage and vision modalities are encoded independently and
embedded into a common space to maximize cross-modal
similarity [1, 2, 3, 8, 9]. For example, [1] employed two inde-
pendent modal encoders and incorporated a hard triplet loss
function. To consider the fine-grained information, [2] fur-
ther utilized the Faster R-CNN for image modality and dis-
covered the full latent alignments using both image regions
and words in a sentence as context. Considering the rela-
tionships between regions, [3] proposed a similarity graph
reasoning module relying on a graph convolution network.
With the developments in Transformer-based language under-
standing [10], large-scale vision-language transformers have
inspired deeper modal interaction in retrieval models. For
instance, [11] utilized the cross-attention layer to enable in-
teraction between visual and textual inputs. The approaches
above primarily focus on applying cross-modal hard consis-
tency constraints to achieve consistent representations. How-
ever, they ignore the negative effects of modal divergence on
uni-modal performance. Recently, some researchers have fo-
cused on joint training for multi-modal tasks, as demonstrated
in [12]. These works typically use multi-task losses, which
may be sub-optimal for balancing different objectives.

Meta-Learning refers to training a model that can ex-
tract useful information from the meta-train task and uses this
knowledge to improve its performance on the meta-test tasks.
This concept can be categorized into metric-based, model-
based, and optimization-based techniques. In this paper, our
work is mostly related to the Model-Agnostic Meta-Learning
(MAML) [13], an optimization-based technique for quickly
adapting to new tasks by learning a good set of initial pa-
rameters. Based on this idea, several variants have been pro-
posed. For example, [14] considered domain alignment and
classification objectives in a meta-learning scheme for unsu-
pervised domain adaptation; [15] extended conventional few-
shot meta-learning by generalizing its setup to various multi-
modal tasks. In the case that multi-task losses are sub-optimal
for co-optimization of cross-modal consistency constraint and

intra-modal structure-preserving loss, we attempt to learn a
well-done cross-modal model that can also perform well on
uni-modal objectives via a meta-learning strategy.

3. PROPOSED METHOD
3.1. Vision-Language Retrieval Model

The goal of the vision-language retrieval task is to learn con-
sistent representations of heterogeneous modalities for con-
ducting cross-modal searches. Besides, as mentioned above,
our main focus in this paper is to preserve and potentially en-
hance the uni-modal structures during training. Without any
loss of generality, the parallel vision-language pairs are given,
ie, D = {(vi,w;)}¥,, where v; denotes the i—th image,
and w; is the corresponding sentence.

Vision and Language encoders. The vision encoder utilizes
Swin Transformer, a vision transformer to generate detailed
visual representations. Specifically, the image v is split into
L patches, and these patches are then fed into the transformer
layers, resulting in L; + 1 concept representations, which in-
clude the embedding of the [CLS] token. Meanwhile, the lan-
guage encoder employs BERT [10] to map the input sentence
w to the same dimensional subspace as the image, with Lp+1
tokens.

Cross-Modal encoders. We construct two cross-attention
transformers, i.e., image2text and text2image cross-attention
transformers, which employ cross-modal interaction layers
to process visual and textual representations. In detail, we
utilize the multi-head cross-attention to learn correlated rep-

Al
resentations: Att(v) = softmaz(Le )V, Att(w) =

- Vdm
50 ftmax(%)%, where Q., K., and V. represent queries,

keys, and values, respectively. dy; = dpoder/M as the multi-
head attention is composed of M parallel heads, where d ;041
is the dimension of common subspace. The image and text
representations are fused together through cross-attention at
every layer of the cross-modal encoders.

Cross-Modal Objective. The cross-modal objective com-
prises three elements: masked language modeling (MLM),
masked patch modeling (MPM), and image-text contrastive
learning (ITC).

MLM is designed for predicting the masked text tokens
based on the contextualized vectors. Following [10], we ran-
domly mask 15% of the input tokens, with 10% replaced by
random tokens, 10% unchanged, and 80% set to [MASK].
The output of the image-to-text cross-modal encoder is then
passed through a linear layer with softmax operation:

Zmlm = E(mek)CE(ymSk7 (bmlm(WmSkD 1

where w*¥ denotes the set of masked words, and w*¥ rep-
resents the corresponding output representations. y™** de-
notes the ground-truths, and ¢,,,;,, (W™*¥) is the predictions
of masked words, where ¢,,;,, denotes the classifier. CE is

the cross-entropy loss.
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MPM is intended to restore the representation of image
tokens that have been masked in advance, by utilizing con-
textualized vectors. Similarly, we randomly mask 15% of the
input tokens as mentioned above. The output from the text-
to-image cross-modal encoder is fed to a linear layer:

Empm = IE(vm-""“r)]\4512("?%516a ¢mpm(‘7m5k)) 2
where v™*¥ denotes the masked image patches, and v"**
represents the output representations. (bmpm(f/ms’“) denotes
the learned representations with ¢,,,,, head. MSE is the
mean-squared loss.

ITC aims to learn better uni-modal representations before
fusion. A similarity function is learned in which the par-
allel image-text pairs are assigned higher similarity scores.
We define s(v,w) = ¢, (vors) ' dw(Wers) and s(w,v) =
buw(Wers) T éu(Vers), where ¢, and ¢, are linear transfor-
mations with softmax operator, which take the [CLS] embed-
dings output by cross-modal encoders as joint representations
for prediction. Then the cross-modal contrastive learning can
be formulated as:

lite = E(v wlCE(y™ (v),p™(v)) + CE(y™ (w),p"™ (w))]

izt exp(s(v, wp)/T) exp(s(w, vp)/T)

Py (V)= =5 Py (W) = =%
2 b1 exp(s(v, wp)/7) Eb:leXP(S(Wwb)/T()’j)
where pi?'(v) and p}*(w) denote softmax-normalized

image-to-text and text-to-image similarity with batch size
B and temperature scale parameter 7. CE denotes cross-
entropy loss. Given y*?!(v) € R? and y'?(w) € RP as
the ground-truth similarity labels, where y, = 1 if (v, w) is
aligned and y, = 0 otherwise, ¢;;. pulls matched cross-modal
samples closer and mismatched ones farther.

Overall, the cross-modal objective can be represented as:

gcra = gitc + Emlm + gmpm (4’)

Note that £,,,,, and £y, ,y, can also be considered cross-modal
objectives, as the masked tokens are involved in interactions
with other modal queries in the cross-attention. Considering
that the three losses are of equal importance and of the same
magnitude, no hyperparameters are introduced.
Intra-Modal Objective. In scenarios where some uni-modal
data have class-labels while others do not, we propose two
optimization strategies for preserving the discriminative capa-
bility of intra-modal representations: classification and con-
trastive learning.

When the class label is known, such as for MS-COCO,
the classification task can be directly adopted, which learns
structure-aware representations with the cross-entropy loss:

Lets = Ew v)CE(Y, pres(wers)) + CE(y, ¢icis(vors)) (5)

where y € RC, and C denotes the number of class. P15 and
0ic1s denote the text classifier and the image classifier.

However, many datasets (e.g., VizWiz) do not have class
ground truths. Therefore, we adopt unsupervised contrastive
learning for substitution to preserve the instances’ relations to
some extent, which can be formulated as:

l= eince + Ztnce

+
N o€,V /7)
; T lexp< s(v,v2)/7) ©)

+
etnce = - lO exp )/7-)
zw: Zb 1 65”1”( (w, w)/T)

zince

where 7 is still the temperature parameter and s(-) measures
the similarity between instances, as used in ITC. The negative
anchors are sampled from the same batch, and the positive
anchors v and w* are generated by perturbing instances
using weak augmentation techniques, which mainly include
standard flip and translation strategies for images and back
translation for texts. Further analyses of contrastive learning
variants can be found in the supplementary.

3.2. Coordinate Optimization

The cross-modal objective aims to learn consistent represen-
tations, while uni-modal objectives are to learn structure-
preserving representations. The optimization direction of
consistency may be inconsistent with that of the classifica-
tion task. In cases where the two modalities provide diverse
information, cross-modal consistency prefers to output the
pair of hypotheses, which simply minimizes the disagreement
rather than the optimal classifiers. Such optimization incon-
sistency will lead to inferior performance. Hence, a critical
challenge is to incorporate optimization consistency for both
cross-modal and uni-modal objectives.

Therefore, we attempt to promote the optimization con-
sistency between these two objectives by designing a meta-
optimization strategy. Our approach treats the cross-modal
objective as the meta-train task and the uni-modal objective
as the meta-test tasks for the same set of image-text pairs,
rather than splitting the pairs as traditional MAML [13]. We
utilized shared parameters O for vision/language/cross-modal
encoders, specific parameters O, for the cross-modal objec-
tive, and specific parameters ©,,,,; for the intra-modal objec-
tive. Considering the intuition that the meta-test task (uni-
modal structure-preserving) evaluates the effect of model op-
timization on the meta-train task (cross-modal consistency
constraint), the overall objective can be formulated as:

min écro(e7 ecro) + euni(e - av@£cro(®y ecro)7 euni)
©,0cr0,Ouni
N

This aims to employ the meta-learning strategy to optimize
both the loss of meta-train ¢.,., and that of meta-test £,,,,;
after updating © with one gradient descent step: ©' <«
O — a Vo lero(O,Oc,), where o denotes the meta-learning
rate. As suggested by [13], we simplify the back-propagation
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Fig. 2. Parameter analyses. We verify the influence of
parameters 7 for CoVLR. Cro_-/Uni_-/Mix_- denote cross-
modal, uni-modal, and mixed retrieval.

of gradients by excluding higher-order ones to reduce com-
putational complexity. Additionally, according to [14], the
Equation 7 can be approximated using the first-order Taylor
expansion as:

min gcro(@; ec’ro) + gunl(@7 C—)u”“)
©.0cr0:Ouni (8)

—a\/e ecro(@7 @cro) Ve Euni (@7 @unz)

In fact, the final term in Equation 8 maximizes the prod-
uct of Volero and 7 olynq, which encourages the optimiza-
tion directions of the two tasks to be consistent. This explicit
interaction enables coordinated cross-modal and uni-modal
retrieval, resulting in improvements in uni-modal and cross-
modal retrieval performance.

4. EXPERIMENTS

In this section, we focus on retrieval results and ablation study
due to page limitations. More experiments, e.g., mixed re-
trieval, model convergence, meta-optimization analysis, and
case study can be found in the supplementary material.

4.1. Experimental Setups

Datasets and Baselines. We conduct the experiments on the
following three datasets: MS-COCO (1k/5k) and VizWiz. For
comparative analysis, we evaluated four types of state-of-the-
art approaches: 1) dual-encoder retrieval methods, including
VSE [1], SCAN [2], IMRAM, SGRAF [3], GSMN, VSRN,
and NAAF[16]. 2) transformer based retrieval methods, in-
cluding ALBEF, X-VLM, and BLIP. 3) uni-modal models,
e.g., Swin Transformer and BERT. 4) coordinate optimiza-
tion methods, i.e., CYCLIP and UMT. Note that CYCLIP
incorporates regularizers about uni-modal and cross-modal
structural information into the cross-modal contrastive item in
the form of a multi-task loss, and UMT optimizes the cross-
modal model by distilling the instance’ relations learned by
the uni-modal model. More details about datasets and base-
lines are in the supplementary material. To validate the re-
trieval performance, we focus on three tasks: 1) cross-modal
retrieval. 2) uni-modal retrieval. 3) mixed retrieval (detailed
results available in the supplementary material).

Evaluation Metrics. The performance of CoVLR is eval-
vated using the recall at A (RQA) metric, which is com-
monly used in most cross-modal retrieval methods for both

image2text (I2T) and text2image (T2I) retrieval tasks [1].
During cross-modal retrieval, the corresponding captions of
the given image or corresponding images of the given cap-
tion are expected, while in uni-modal retrieval, what we need
are relatively similar instances. As a result, RQA metric as
a binary correlation that only examines whether the retrieval
results are relevant is not suitable for uni-modal (I2I and T2T)
and mixed retrieval (I2IT and T2IT). A more comprehensive
metric NDCG@A is adopted instead to promote the items
with higher relevance scores to appear in better ranking posi-
tions. Note that the ranking is computed using text similarity
scores (i.e., ROUGE-L) between a sentence and the sentences
associated with a certain image.

4.2. Retrieval Results

Evaluation on Cross-Modal Retrieval. Firstly, the cross-
modal retrieval performance is evaluated through two tasks:
text-to-image (T2I) and image-to-text (I2T) retrievals. Ta-
ble 1 shows the comparison of CoVLR with state-of-the-art
methods. To ensure experimental fairness, we exclusively
utilized the given datasets for model training, rather than pre-
training additional data as the large-scale models (i.e., AL-
BEF, X-VLM, CYCLIP, and BLIP) do. So we retrained the
ALBEF and other large models from scratch (marked with
*#7), thus causing different results compared to the original
paper. The results reveal that: 1) CoVLR outperforms the
best cross-modal retrieval method, BLIP*, on I2T Recall@1
and T2I Recall@1 by 1.0/0.9/7.7 and 1.7/2.2/4.4 respectively,
on the listed datasets. This phenomenon reveals that CoVLR
with structure preservation can also enhance the learning
of cross-modal consistent representations by bringing visual
(i.e., weak modality) representations closer to the language
(i.e., strong modality) ones without compromising the origi-
nal uni-modal structure. 2) CoVLR performs better than CY-
CLIP* (multi-task optimization) and UMT (uni-modal distil-
lation learning) across most settings, which emphasizes that
meta-optimization emerges as a relatively superior strategy
because direct multi-task loss and distillation learning prove
challenging to balance the learning of two terms, which may
cause sub-optimal bias during training. 3) the performance of
large-scale pre-trained models is limited when data is limited,
e.g., ALBEF* and X-VLM* exhibit competitive performance
with dual-encoder models like SGRAF and NAAF.

Evaluation on Uni-Modal Retrieval. Then, the performance
preservation on uni-modal retrieval is focused on, including
image-to-image (I2I) and text-to-text (T2T) retrieval, as is
illustrated in Table 2. Experiment results indicate that: 1)
CoVLR performs better than all cross-modal retrieval com-
parison methods in both 121 and T2T retrievals and even
outperforms the best uni-modal retrieval methods, especially
in the visual modality. E.g., CoVLR outperforms the Swin
Transformer on 121 NDCG@10 by 1.8/3.3/3.3 respectively
on three datasets. On the other hand, CoVLR still remains
a performance gap for the strong modality (i.e., text modal-
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Table 1. Cross-modal retrieval performance comparison. Evaluation criteria are RQA.

| MS-COCO (1K) | MS-COCO (5K) | Vizwiz
Methods 12T \ T2I \ 2T \ T2I \ 12T \ T2I

| @ @ @0 @ @5 @] @ @ @O @ @ @ @ @ @0 @ @5 @10
VSE 495 810 900 381 733 851390 679 795 293 591 724 | 351 581 654 253 481 584
SCAN 727 948 984 588 884 948 | 504 822 900 386 693 804 | 426 658 748 260 487 59.0

IMRAM 767 956 985 61.7 89.1 950 | 537 832 91.0 397 69.1 798 | 425 675 786 276 525 636
SGRAF 796 962 985 632 907 96.1 | 578 835 916 419 713 813 | 439 734 80.1 288 544 642
GSMN 784 964 986 633 90.1 957 | 552 813 862 372 683 773 | 433 724 793 269 532 638
VSRN 762 948 982 628 897 951 | 530 8l.1 894 405 706 81.1 | 390 641 719 21.7 516 623
NAAF 781 96.1 986 635 896 953 | 589 852 920 425 709 814 | 441 699 780 31.0 548 642
ALBEF* 725 944 972 576 884 942 | 523 804 881 398 672 826 | 422 690 803 306 614 733
X-VLM* 782 964 985 667 916 951 | 586 804 90.7 433 745 827 | 538 80.6 881 407 713 809

BLIP* 81.4 967 992 677 921 963 | 57.8 84.1 912 434 728 827 | 462 732 822 372 640 745
CYCLIP* | 784 96.0 989 657 915 966 | 53.0 810 893 41.0 71.7 827 | 524 797 872 392 705 79.6
UMT 815 973 991 692 932 972 | 584 850 927 436 745 843 | 527 812 876 418 717 804

CoVLR ‘82.4 975 993 694 937 974 ‘ 587 858 929 456 765 853 ‘ 539 818 881 416 723 812

Table 2. Uni-modal retrieval performance comparison. Evaluation criteria are NDCGQA (QA for simplicity).

| MS-COCO (1K) | MS-COCO (5K) | Vizwiz
Methods \ 1 \ 2T \ 1 \ 2T \ 1 \ 2T
| @0 @0 @50 @10 @20 @50 | @0 @20 @50 @I0 @20 @50 | @0 @20 @50 @I0 @20 @50
VSE 62.5 642 665 679 694 702 | 432 452 485 438 455 486 | 542 556 567 578 586 593
SCAN 64.1 651 667 699 703 695 | 597 612 634 635 648 658 | 597 616 651 625 626 628
IMRAM 651 666 686 702 705 701 | 604 620 645 644 621 659 | 595 615 650 612 624 631
GSMN 61.6 633 659 597 6L1 615|551 567 5901 491 507 531 | 564 573 586 525 563 559
SGRAF 62.5 640 663 613 634 650 | 567 583 608 538 S6.1 584 | 59.1 611 647 563 593 629
VSRN 664 667 675 706 706 705 | 640 652 663 621 634 652 | 608 628 659 619 616 621
NAAF 637 648 668 707 709 721 | 59.5 608 628 653 666 68.6 | 59.1 612 647 617 618 629
ALBEF* 670 67.1 69.0 668 665 66.1 | 60.0 622 639 580 612 629 | 634 651 683 543 556 572
X-VLM* 67.1 678 69.0 529 541 555 | 648 653 685 498 516 535 | 645 661 69.1 494 514 538
BLIP* 68.1 689 70.1 644 635 624 | 640 655 676 590 593 595 | 630 649 680 583 588 59.6
CYCLIP* 673 682 69.0 689 684 673 | 627 640 663 634 645 668 | 63.0 645 674 560 582 599
UMT 67.5 688 707 68.1 659 644 | 648 658 677 573 572 663 | 640 655 674 590 602 619
CoVLR | 683 695 716 707 709 724 | 652 680 704 653 669 693 | 658 664 69.1 626 627 632
Swin Transformer | 66.5 67.7  69.1 - - - 615 632 657 - - - 625 643  66.6 - - -
BERT - - - 711 711 702 | - - - 634 648 661 | - - - 668 662 655
Table 3. Performance comparison with different variants. Evaluation criteria are RQA and NDCGQA.
| MS-COCO (1K) | MS-COCO (5K) | Vizwiz
| 2T | T21 | 2T | T21 | 2T | T21
| @ @5 @10 @ @5 @I @ @5 @0 @ @5 @l @ @5 @0 @ @5 @10
CoVLR 824 975 993 694 937 974 58.7 858 929 456 765 853 539 81.8 88.1 41.6 723 812
W0 Lonim, 777 942 974 63.6 89.0 935 551 809 89.6 43.0 725 837 505 78.9 86.7 39.8 685 77.6
W0 Lnpm 802 953 979 67.1 90.1 958 564 827 91.0 435 743 842 517 804 875 402 704 793
W0 Lince /licls 81.7 96.8 99.1 68.9 934 973 57.3 84.6 913 447 759 844 534 817 878 413 715 809
W/0 Lince /Licls 80.8 96.5 99.0 68.0 93.0 97.1] 56.8 825 90.4 435 737 839 525 809 875 402 709 802
| 121 | T2T | 121 | T2T | 121 | T2T
| @10 @20 @50 @10 @20 @50 @10 @20 @50 @10 @20 @50 @10 @20 @50 @10 @20 @50
CoVLR 683 69.5 71.6 707 709 724 652 680 704 653 669 693 658 664 69.1 626 627 632
W0 Ly im 663 67.6 69.2 629 61.7 622 619 635 668 541 564 572/ 59.5 78.9 86.7 39.8 685 77.6
W0 Linprm 674 688 70.6 669 659 648 630 642 689 641 650 663 640 655 674 59.0 602 61.9
W0 Lince [licls 67.8 68.7 705 69.5 69.8 713 643 654 692 651 665 682 659 66.8 68.1 613 624 629
W/0 Lince/lreis 67.6 68.6 702 693 69.5 70.6] 63.6 649 673 648 658 67.6 647 651 677 59.1 60.6 61.5

ity), which can be attributed to the degree of influence from (0.6/3.3/2.0 on MS-COCO (1K)/MS-COCO (5K)/Vizwiz),
the weak modality. 2) Although several cross-modal re-  almost all methods have varying degrees of decline in per-
trieval methods can improve the 121 retrieval, e.g., X-VLM* formance in T2T retrieval, meanwhile, the strong modality
increases the NDCG@ 10 compared with Swin Transformer  decreases more than the weak modality increases even if
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the improvement exists. For instance, X-VLM* decreases
18.2/13.6/17.4 of T2T NDCG @ 10 on the listed datasets com-
pared with BERT, with only 0.6/3.3/2.0 promotion of I2I
NDCG@10 over Swin Transformer. 3) CoVLR performs
better than CYCLIP* and UMT, which reveals that meta-
optimization is superior to learning structure-preserving rep-
resentations by better corporating optimization consistency.

4.3. Ablation Study

Ablation studies are conducted to confirm the effectiveness
of each module, including the masked language modeling
Lrmim, masked patch modeling ¢, and uni-modal objec-
tives such as classification for MS-COCO (1K/5K) and con-
trastive learning for other datasets. The results are recorded
in Table 3 and reveal the following observations: 1) The re-
moval of £,,,;,,, results in the worst performance, emphasizing
the significance of the text as a strong modality. 2) The fusion
of all modules yields the best performance, suggesting that
each task contributes to improving performance.

To investigate the impact of the temperature parameter,
we ture 7 values to {0.1,0.2,0.5,2,3}. The results are illus-
trated in Figure 2, which indicates that the best retrieval per-
formance is achieved when 7 is set to 0.2 for the datasets we
tested. This finding suggests that the target point has a small
number of similar neighbors, which can serve the learning of
structure-aware representations.

5. CONCLUSION

In this paper, to address the decrease in uni-modal retrieval
performance caused by hard cross-modal consistency con-
straints in traditional cross-modal retrieval tasks, we proposed
anovel vision-language retrieval approach called Coordinated
Vision-Language Retrieval (CoVLR), which balanced cross-
modal and uni-modal retrieval. Based on a meta-optimization
strategy, CoVLR treated cross-modal consistency as the meta-
train task and intra-modal structure preservation as the meta-
test task to optimize them in a coordinated manner. Experi-
mental results showed that CoVLR outperforms baselines.
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