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Abstract

Model ensembling is a widely used technique that enhances
performance in image-text matching tasks by combining mul-
tiple models, each trained with different initializations. How-
ever, the inefficiencies associated with training several mod-
els and generating outputs from them constrain their practical
applicability. In this paper, we argue that while the parameters
of two randomly initialized models can differ significantly,
their feature distributions can be similar at certain stages. By
employing a proposed technique called cross-modal realign-
ment, we demonstrate that features derived from differently
initialized models maintain similarity at the feature extrac-
tion stage and can be effectively transformed by fine-tuning
a small number of parameters. These findings provide an ef-
ficient way to achieve ensemble-like performance within a
single model. Specifically, we propose a Feature Diversifica-
tion Framework (FDF) that emulates the outputs of multiple
model initializations to generate diverse features from a com-
mon shared feature. Firstly, we introduce feature conversion
methods to transform shared features into a set of distinct
features. Next, a realignment training strategy is presented
to optimize negative pairs for realigning these transformed
features, thereby enhancing their diversification to resemble
the outputs of different models. Additionally, we propose a
reweighting module that assigns weights to these features,
enabling a weighted fusion approach for robust feature repre-
sentation. Extensive experiments on the Flickr30K and MS-
COCO datasets demonstrate the effectiveness and generaliz-
ability of our framework.

Introduction

In recent years, the task of image-text matching has at-
tracted considerable attention due to its extensive appli-
cations in multimedia retrieval (Li et al. 2022b), image
captioning (Luo et al. 2021), and visual question answer-
ing (Anderson et al. 2018). Image-text matching methods
encompass a wide array of techniques aimed at establish-
ing meaningful correspondences between images and tex-
tual descriptions, which is learned through a large number of
positive and negative sample pairs during training. The cru-
cial challenge of image-text matching resides in accurately
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Figure 1: (a) Models trained with diverse initializations
demonstrate varying degrees of cross-model alignment. (b)
A cross-model realignment technique to demonstrate that
features from models with distinct initializations are similar
at feature extractor stage and can be effectively transformed.

learning the semantic correspondence between images and
texts for measuring their similarity.

Due to the intrinsic complexity of vision and language
tasks, models trained with distinct initializations can gener-
ate diverse alignment results between images and text and
biased understandings of data, as depicted in Figure 1(a).
To alleviate the impacts of initialization variance and ex-
plore the peak of performance, some image-text matching
methods (Chen et al. 2021; Fu et al. 2023; Li et al. 2023a;
Lee et al. 2018; Zhang et al. 2022; Kim, Kim, and Kwak
2023) adopt model ensembling techniques. These methods
average the similarity outputs of multiple models and cap-
italize on the complementary strengths of each, thereby in-
tegrating their predictions to enhance overall performance.



However, model ensembling is inefficient as it requires the
repeated training of multiple models and perform numerous
forward passes as well as similarity calculations during the
prediction phase. This issue raises a natural question: Are all
model parameters required, i.e., can a single model achieve
ensemble-like performance?

To answer the question, we begin by exploring the re-
lationship between output features of models trained with
different initializations. The technique of neural network
grafting (Gu et al. 2020) suggests that the feature distribu-
tions of standard CNNs with random initialization are simi-
lar. However, the image-text matching task, which involves
multimodal data and a more complex network design (typi-
cally divided into feature extractor and encoder stages), dif-
fers from classification tasks. To determine whether the fea-
tures from different initializations in image-text matching
networks remain similar at certain stages and to understand
the relationship between features from different models, we
propose a cross-model realignment technique to compares
feature distributions across different initialization models at
each stage (see Section Method for details). The central idea
is to determine whether the representation learned by one
model can be effectively employed by another without con-
siderable decreasing in accuracy.

To be specific, considering that the feature extractor fo-
cuses on understanding the content of images and text, and
that this stage involves a large number of parameters, which
accounts for the majority of the computational load. To as-
sess the similarity of features output by the feature extractor,
as shown in Figure 1(b), we freeze the parameters of the fea-
ture extractor and optimize the encoder module (which con-
tains only a few parameters) to realign cross-modal features
according to the given data loader initialization. Through
cross-model realignment, we observe that the feature dis-
tributions learned by two models with the same architecture
but different initializations are almost the same during the
feature extractor stage. Additionally, we find that negative
pairs are crucial for model optimization and can effectively
transform features between different models by leveraging
the differences in negative samples.

Our surprising finding suggests that ensemble results can
be more effectively achieved by focusing on feature transfor-
mation rather than trainable parameters. This insight leads
us to propose transforming shared features into a set of
distinct and diversified features, akin to those produced by
different initializations, in order to achieve ensemble-like
performance within a single model. Specifically, we intro-
duce a novel image-text matching training framework called
the Feature Diversification Framework (FDF). This frame-
work first generates base image and text features from a
shared feature extractor, then employs multiple feature con-
versions to derive a set of transformed features from these
base features. To further diversify the transformed features,
we employ a realignment training strategy that simulates
the optimization process of different initializations. Finally,
we introduce a reweighting module that assigns adaptabil-
ity weights to each transformed feature and performs a
weighted sum to create a robust representation. Experimen-
tal results demonstrate that our approach not only achieves
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significant improvements over existing image-text match-
ing baselines but also enhances model stability. Notably, our
framework exhibits strong generalizability, enabling seam-
less integration with various image-text matching method-
ologies without extensive modifications.

Our main contributions can be summarized as follows:

* We propose a cross-model realignment technique that
demonstrates features from different initialization mod-
els are similar at the feature extractor stage. Furthermore,
the output features can be effectively transformed be-
tween different initializations by fine-tuning a small sub-
set of parameters.

We introduce a novel feature diversification framework
that achieves ensemble-like effects efficiently within a
single model. A realignment training strategy is proposed
to enhance the diversity of the transformed features, and
an adaptive weight generated by the reweighting module
is used to fuse the transformed features, resulting in a ro-
bust representation.

We apply FDF on three image-text matching baselines,
conducting experiments on Flickr30K and MS-COCO.
The results show its robust generality and effectiveness.

Related Work

Global-Level Matching Methods. Among image-text
matching methods, global-level matching methods appear
earlier than the local-level ones and stay active all along
the time. Generally speaking, these methods focus on under-
standing the holistic semantic content of an image or a text
and measuring the degree of semantic similarity between
them. To achieve a better result, some methods aim to better
contextualize and aggregate multi-modal features into holis-
tic embeddings (Chen et al. 2021; Fu et al. 2023). For exam-
ple, VSEoco (Chen et al. 2021) uses a Generalized Pooling
Operator (GPO) to automatically adapt to the best pooling
strategy for different features; HREM (Fu et al. 2023) ex-
plicitly captures both fragment-level and instance-level rela-
tions to learn discriminative and robust cross-modal embed-
dings. Besides, other methods aim at designing a better strat-
egy to select positive and negative sample pairs during train-
ing (Faghri et al. 2018; Li et al. 2023a; Zhang et al. 2024).
For example, VSE++ (Faghri et al. 2018) only uses the hard-
est negative sample pair within each mini-batch to train the
model; FNE (Li et al. 2023a) makes the model concentrate
on hard negatives by decreasing the sampling probability of
both false negatives and easy negatives.

Local-Level Matching Methods. Different from global-
level ones, local-level matching methods focus on the more
fine-grained relationships between specific visual and tex-
tual elements within the images and texts, and thus always
achieve more precise matching results. Early methods like
SCAN (Lee et al. 2018) first introduce the calculation pro-
cess of the similarity between regions within an image and
words within a text, which motivates various subsequent
methods. Most recent works aim at better modeling the
region-word relationships and further aligning the seman-
tics (Zhang et al. 2022; Kim, Kim, and Kwak 2023; Pan,
Wu, and Zhang 2023). For example, NAAF (Zhang et al.
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Figure 2: The experimental result of the proposed cross-
model realignment. (a) The t-SNE (Van der Maaten and Hin-
ton 2008) results from different models for image and text.
(b) The similarity matrix for different models.

2022) explicitly exploits both the positive effect of matched
fragments and the negative effect of mismatched fragments
to jointly infer image-text similarity; DivE (Kim, Kim, and
Kwak 2023) uses slot attention mechanism to capture di-
verse semantics of input, and uses a new similarity function
called smooth-Chamfer similarity to avoid sparse supervi-
sion and set collapsing; CHAN (Pan, Wu, and Zhang 2023)
only exploits the most relevant region-word pairs and elimi-
nates all other alignments as redundant or irrelevant ones.

Model Ensembling for Image-Text Matching. Generally
speaking, model ensembling combines the predictions from
multiple models together. Those models can have different
architectures, and ensembling methods include voting, aver-
aging, boosting, etc. In the field of image-text matching, the
simplest model ensemble technique is always used, namely
averaging the output of multiple models with the same ar-
chitecture (Li et al. 2023a; Zhang et al. 2022). Experimental
results show that this method can always bring an obvious
improvement of about 5% on the RSUM metric (Chen et al.
2021; Kim, Kim, and Kwak 2023). In this paper, our aim
is to achieve a competitive improvement efficiently within a
single model, without training multiple models repetitively.

Method

In this section, we first outline the standard training proce-
dure utilized in previous works. Next, we detail the cross-
modal realignment technique. Finally, inspiring from the
cross-modal realignment technique, we present the Feature
Diversification Framework for image-text matching.

Problem Statement

Most contemporary methods for image-text matching (Pan,
Wu, and Zhang 2023; Chen et al. 2021) utilize bottom-up
and top-down attention (BUTD) (Anderson et al. 2018) for
extracting image features and employ either a bi-directional
gated recurrent unit (BiGRU) or a pre-trained BERT (De-
vlin et al. 2019) for extracting text features. Formally, the
visual features { f? }<_| are extracted by a visual feature ex-
tractor, with each feature f; capturing the semantic of the
k-th salient region in an image. The variable K signifies the
total number of salient regions. Similarly, the text features
{f}}£_| are generated by a text feature extractor, with each
feature f/ representing the I-th word in a text. The length

of the text is denoted by L. Previous works (Pan, Wu, and
Zhang 2023; Chen et al. 2021; Kim, Kim, and Kwak 2023;
Fu et al. 2023) have designed an image and text encoder
architecture to enhance the features and embed them into
d-dimensional vectors. This encoder process can be summa-
rized as:

V =¢"({fiticy), T =" ({f o). (1

Here, ¢¢ and ¢” symbolize the encoder functions for text
and visual data, respectively.

To training the network, existing methodologies (Pan,
Wu, and Zhang 2023; Chen et al. 2021; Lee et al. 2018)
adopt the hinge-based bi-directional triplet ranking loss, in-
tegrated with online hard negative mining as proposed by
VSE++ (Chen et al. 2021). Triplet loss seeks to minimize the
distance between anchor and positive samples while maxi-
mizing the distance between anchor and negative samples.
And online hard negative mining selects the negative sam-
ple with the highest matching score within a minibatch for
optimization. The objective function is formated as:

Lontine = Z ( |:Oé + S(LJ) - S(Z?])}
(i,§)€P * )

+ o+ s6.5) - 86.9)] ),

where « denotes the margin parameter, (7, j) represents a
positive image-text pairs within minibatch, and [z]; is de-
fined as max(z,0). Additionally, 7 and j refer to the most
challenging negative image and text within a training mini-
batch, respectively. The similarity S is employed to measure
the distance between the cross-model features. Randomly
initialization directly influence the sampling of positive and
negative pairs, which is crucial for triplet loss optimization
and can lead to a biased understanding of the data.

Cross-Modal Realignment

To explore the relationship between output features of
models trained with different initializations, we propose a
cross-modal realignment technique. This technique exam-
ines whether two models with different initializations learn
similar feature representations at the feature extraction stage
and whether the output features can be easily transformed
across different initializations. The intuition is that if two
models, model; and models, learn similar feature represen-
tations, then features extracted by model; can be used in
model; with minimal increase in error. The pipeline for
cross-modal realignment is illustrated in Figure 1(b). In this
process, the parameters of the image and text feature ex-
tractors in model; are copied and frozen during the realign-
ment model training. This implies that the features from the

feature extractor stage are fixed and denoted as F, ,, and

F! 41, - Meanwhile, the parameters of the image and text en-
coders are initialized from model,. The output of realigment

model can be format as:

_ v v v
‘/;ealign - ¢ ( m()delz’ Fmodeh )7

3
Trealign = ¢ (Wr:todeb? rfwdell)
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Figure 3: The Feature Diversification Framework (FDF). Here, we exemplify the local-level matching method. N represents
the number of image or text feature conversion involved in the FDF.

Here W, and W ., denote the image and text encoder
parameters, which are fine-tuned using Lonjine With the data
loader initialization from models.

We visual the feature outputs from three models, as shown
in Figure 2(a), although features from different initializa-
tion models exhibit substantial differences (represented by
the blue and yellow circles), cross-model realignment tech-
nique can get similar feature distribution (represented by the
red and yellow circles). We also calculate the RSUM for im-
age and text features from both the realignment model and
different initialization models, as shown in Figure 2(b). The
realignment model not only exhibits close performance but
also shows high similarity with the target model,.

Using this technique, we first observe that different initial-
ization models produce similar features at the feature extrac-
tor stage, indicating that the feature extractor can be shared
across models. Secondly, while cross-model features from
different initializations are somewhat unrelated, they can be
effectively transformed into one another by fine-tuning only
a small portion of the parameters. Additionally, modifying
the sampling of positive and negative pairs can help guide
the feature transformation toward a specified distribution.
This finding suggests a new approach: using a single fea-
ture extraction model to generate base features, from which
diversified features can be derived to align with the outputs
of other models with different initializations. This approach
addresses the limitations of model ensembling.

Feature Diversification Framework

Based on cross-modal realignment, we propose a novel
image-text training framework called feature diversification
framework (FDF). As illustrated in Figure 3, the pipeline of
FDF involves generating cross-modal features from image
and text feature extractors. Feature conversion is then ap-
plied to transform the base features into multiple variants.
The realignment training strategy further diversifies these
transformed features by adjusting the negative pairs used for
optimization. Finally, the reweighting module estimates the
weights of the transformed features and generates the fused
features through a weighted sum. Details of the proposed
modules are provided below.

Feature Conversion. For a given image and text feature set,
(Y {fIE ), generated by the feature extractor, we

Algorithm 1: Realignment Training Strategy
,Bn.

Input: N minibatch data By, Bo, ...
Output: Realignment Loss Liealign-
1: Utilize 6} and 0} to calculate {Vl} and {T1} from Bj.
Compute the similarity between {V; } and {77 }.
Identify the positive pairs P and the corresponding image
hardest negatives N7 and text hardest negatives N from Bj.
Calculate Lonine using P, N7V, and N{ with Eq. (2).
Lrealign <~ Lonline-
forn=2,...,N do
Calculate {V},} and {T},} from B, with Eq. (4).
Update {V;} and {71} from B; with Eq. (4).
Identify N from B,, with similarity of {7},} and {V;}.
Identify NV from B,, with similarity of {V},} and {7} }.
Calculate Lonine using P, N, and N} with Eq. (2).
Lrealign < Lrealign + Lonline-
: end for
: return Liegign.

design N image and text feature conversions { (62, 6%)}
to obtain the transformed features {(V,,,7,,)}N_;. To en-
hance the feature transformation capability of these conver-
sions, we incorporate a Feedforward Neural Network (FFN)
after the encoder architecture. The structure of the encoder
remains consistent with the individual baselines. The pro-

cess is formatted as follows:

Vo = 05 ({fi3i21) = o (FEN, (60 ({ £ }i21)),

n = 0,({f}i21) = o (FFNL (6, ({ £ }121))).

Here, n denotes the n-th feature conversion, and o denotes
L2 normalization.
Realignment Training Strategy. Feature diversification is
crucial for achieving better ensemble results. To enhance
the diversification of transformed features, we propose a
realignment training strategy based on the cross-model re-
alignment technique. Our approach aims to imitate the train-
ing process of differently initialized models that exhibit sig-
nificant differences in positive and negative sampling. As de-
tailed in Algorithm 1, previous minibatch data is utilized as
negative samples for training different feature conversions.
After optimization with diverse negatives, the transformed
features are realigned to resemble the outputs of differently

“4)
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Data Split

MS-COCO 5-fold 1K Test (Chen et al. 2015)

MS-COCO 5-fold 5K Test (Chen et al. 2015)

Eval Task IMG — TEXT TEXT — IMG IMG — TEXT TEXT — IMG

Method R@1 R@5 R@I0 R@]1 R@5 R@I0 RSUM R@]l R@5 R@10 R@]1 R@5 R@I10 RSUM
BUTD + BiGRU

SGRAF' (Diao et al. 2021) 79.3 967 983 645 900 958 524.6 558 830 910 420 724 821 426.3
CGMN (Cheng et al. 2022) 76.8 954 983 638 90.7 957 520.7 534 813 89.6 412 719 824 419.8
NAAFT (Zhang et al. 2022) 78.1  96.1 98.6 635 89.6 953 521.2 589 852 920 425 709 814 430.9
CHAN (Pan, Wu, and Zhang 2023) 79.7 96.7 987 638 904 958 525.0 60.2 859 924 417 715 81.7 4334
DivE (Kim, Kim, and Kwak 2023) 79.8 962 98.6 63.6 90.7 957 524.6 588 849 915 411 720 824 430.7
HREM (Fu et al. 2023) 80.0 96.0 987 627 90.1 95.4 522.8 589 853 921 40.0 706 81.2 428.1
SCAN* 67.6 933 976 546 863 933 492.9 418 75.1 855 317 627 750 371.8
SCAN+FDF 67.9 94.1 98.1 56.5 872 936 497.4(+4.5) 409 754 863 332 65.1 76.9  377.9(+6.1)
CHAN* 79.7 963 98.7 64.1 906 959 525.3 59.6 853 919 421 718 820 432.7
CHAN+FDF 809 969 987 655 911 96.2 529.3(+4.0) 612 87.0 932 439 731 829 441.4(+8.7)
BUTD + BERT

VSEoo (Chen et al. 2021) 79.7 964 989 648 914 963 527.5 583 853 923 424 727 83.2 4343
TERANT (Messina et al. 2021) 80.2 966 99.0 670 922 969 531.9 593 858 924 451 764 844 4434
CHAN (Pan, Wu, and Zhang 2023) 814 969 989 66.5 92.1 96.7 532.6 59.8 872 933 449 745 84.2 4439
HREM (Fu et al. 2023) 81.1 966 989 66.1 91.6 965 530.7 623 87.6 934 439 736 833 444.1
USER (Zhang et al. 2024) 828 968 988 66.1 906 956 530.5 63.7 874 935 448 734 827 445.5
DCIN (Li et al. 2023b) 809 96.5 98.8  65.1 915 963 529.1 59.8 858 924 429 735 83.6 438.0
VSEoo* 792 966 989 647 912 962 526.8 584 852 920 425 727 83.0 433.9
VSEoco+FDF 81.1 964 989 654 916 963 529.7(+29) 594 859 927 429 734 83.6 437.9(+4.0)
CHAN* 80.7 96.8 99.1 662 919  96.6 531.3 59.7 868 932 444 741 83.9 4419
CHAN+FDF 81.1 968 990 671 925 968 533.3(+2.0) 612 874 932 458 75.1 84.8 447.6(+5.7)

TEnsemble models of two hypotheses. *The results are obtained from model re-trained with code provided in paper.

Table 1: Image-text retrieval results on MS-COCO. Bold and underlined texts denote the top and the runner-up, respectively.

initialized trained models. This enhances the diversification
of different transformed features and provides a solid foun-
dation for generating robust feature representations in the
fusion stage.

Reweighting Module. Previous approaches (Zhang et al.
2022; Lietal. 2019; Diao et al. 2021) employed an ensemble
strategy that computed the mean score of two output similar-
ities, treating the two models as having equal weights. How-
ever, we argue that distinct transformed features may have
varying degrees of influence on the final output for each vi-
sual or text feature. Therefore, we propose the utilization of
a reweighting module to dynamically learn individualized
weights for each feature from different feature conversions.
As shown in Figure 3, cross-model trainable weight embed-
ding, denoted as E, € RN and E;, € RN are de-
signed to discern the contribution of each transformed fea-
tures based on the base feature. A set of cross-model trans-
formed feature weights, v* and ~¢, are generated as follow:

7" =softmax(o({fi}i21) - Bo),

7t =softmax(o({f{ }2,) - Ev).
Finally, the image and text fusion features are obtained by a
weighted sum of the transformed features using ¥ and ~°,
and are optimized through Lopjine.-
In summary, our final loss formulation is as follows:
L= Lrealign + )\1L0nlinea
where \; is scaling coefficients.

&)

Q)

Experiments
Experimental Setup

Datasets. We selected two widely-used datasets for our
experimentation: Flickr30K (Young et al. 2014) and MS-
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COCO (Chen et al. 2015). The MS-COCO dataset com-
prises 123,287 images, each accompanied by 5 annotated
captions. Our data partitioning adheres to established prac-
tices (Faghri et al. 2018; Lee et al. 2018), allocating 113,287
images for training, 5,000 for validation, and 5,000 for test-
ing. We ensure robustness by reporting results averaged over
5 folds of 1,000 test images and validated on entire 5,000-
image test set. The Flickr30K dataset comprises 31,783 im-
ages obtained from Flickr platform, with each image metic-
ulously paired with five corresponding captions. Within the
Flickr30K dataset, 29,000 images are allocated for training,
1,000 for testing, and 1,014 for validation purposes.
Evaluation Metrics. In accordance with conventional in-
formation retrieval protocols, we evaluate performance us-
ing RQK, denoting the percentage of accurately matched
queries within the top K retrieved instances. Elevated RQK
values signify superior performance. For a thorough evalu-
ation and in line with previous methods, we aggregate all
recall values into RSUM, covering both image-to-text and
text-to-image matching.

Implementation Details. To ensure a comprehensive and
equitable evaluation, we maintain the network architectures
and configurations of all baseline methods exactly as de-
tailed in their paper. The default setting of A; is set to 0.5.
The number of feature conversions N is fixed at 8 across all
baseline experiments.

Main Results

We assess the effectiveness and generalization capability of
FDF across three image-text matching methods (Pan, Wu,
and Zhang 2023; Chen et al. 2021; Lee et al. 2018), as de-
picted in Table 1 and Table 2. For the global-level match-
ing method, we apply FDF to VSEco. Remarkably, both



Eval Task IMG — TEXT TEXT — IMG

Method R@] R@5 R@I0R@] R@5 R@10 RSUM
BUTD + BiGRU

SGRAF' 78.4 94.6 97.5 58.2 83.0 89.1 500.8
CGMN 779 93.8 96.8 59.9 85.1 90.6 504.1
NAAF! 79.6 96.3 98.3 59.3 83.9 90.2 507.6
CHAN 79.7 945 97.3 60.2 85.3 90.7 507.8
DivE 77.8 94.0 97.5 57.5 84.0 90.0 500.8
HREM 79.5 943 974 593 85.1 91.2 506.8
SCAN* 67.0 89.9 94.8 43.6 73.7 82.6 451.6
SCAN+FDF 67.9 89.6 94.1 449 74.1 83.2 454.8(+3.2)
CHAN* 78.1 94.8 97.7 59.6 84.9 90.5 505.6
CHAN+FDF 82.1 95.0 979 62.6 86.0 91.5 515.1(+9.5)
BUTD + BERT

VSEoco 81.7 954 97.6 614 859 91.5 513.5
TERAN' 79.2 944 96.8 63.1 87.3 92.6 513.4
CHAN 80.6 96.1 97.8 63.9 87.5 92.6 518.5
HREM 83.3 96.0 98.1 63.5 87.1 924 520.4
USER 82.7 97.0 98.3 63.1 86.7 92.1 519.9
DCIN 83.0 964 98.6 63.3 87.8 924 521.5
VSEco* 80.1 95.5 97.8 62.1 86.4 919 513.8
VSEoco+FDF 82.3 959 98.2 644 87.8 92.6 521.1(+7.3)
CHAN* 81.7 95.6 97.5 64.1 874 92.3 518.6
CHAN+FDF 84.1 96.9 984 67.9 89.6 93.9 530.8(+12.2)

Table 2: Image-text retrieval results on Flickr30K.

IMG — TEXT TEXT — IMG

R@] R@5 R@10|R@]1 R@5 R@10|RSUM
Baseline | 81.7 95.6 97.5 | 64.1 874 923 |518.6
+ FC 81.5 96.7 98.1 [64.6 87.8 928 |521.5
+RTS |[81.8 96.6 98.4 |68.1 88.8 93.3 |527.0
+RW 83.5 963 97.8 |68.0 89.2 93.8 |528.5

Table 3: Results with different model components.

Flickr30K and MS-COCO 5-fold 1K datasets exhibit gains
of 7.3% and 2.9% RSUM over the respective baselines. The
MS-COCO 5-fold 5K dataset experiences a notable perfor-
mance boost from 433.9 to 437.9 RSUM. Additionally, ex-
periments were conducted on the famous local-level match-
ing method SCAN, resulting in observed gains of +3.2%
RSUM on the Flickr30K dataset, and +4.5% and +6.1% on
the MS-COCO dataset. For the state-of-the-art local-level
method CHAN, integration with our framework yields no-
table improvements. Specifically, on the Flickr30K dataset
employing text feature extractor BERT, CHAN achieves a
RSUM of 515.1, surpassing the baseline by +10.1% RSUM.
On the MS-COCO datasets with text feature extractor BERT
and BiGRU, significant performance enhancements are ob-
served. With the BiGRU feature extractor, the performance
of CHAN on the MS-COCO dataset 5-fold 5K setting sees
a substantial boost from 432.7 to 441.4. Overall, our re-
sults demonstrate significant improvements across both ba-
sic and state-of-the-art baseline methods upon integrating
our framework. Notably, on the smaller Flickr30K dataset,
the improvements are particularly pronounced, underscoring
the effectiveness of our approach.
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Comparisons with the State-of-the-arts

We integrate our FDF with the CHAN model to compare
with recent state-of-the-art methods across two benchmark
datasets. Unlike methodologies (Chen et al. 2020; Zhang
et al. 2022; Li et al. 2022a) that enhance performance
through ensemble techniques by averaging similarities from
two models, our approach focuses on single-model retrieval
results. To ensure a fair comparison, we categorize the meth-
ods based on their feature extraction backbones.

Table 2 presents the quantitative outcomes of our ap-
proach on the Flickr30K test set. Remarkably, CHAN with
our FDF outperforms all other methods, achieving RSUM
scores of 515.1 for BIGRU-based and 530.8 for BERT-based
approaches. Compared to the baseline CHAN model, our
BiGRU-based and BERT-based FDF yield notable improve-
ments exceeding 5.1% and 7.6% across sum of RQ1, RQ5,
and R@10 for text-image retrieval. Moreover, our FDF sur-
passes other state-of-the-art methods by significant margins,
achieving improvements of 7.3% and 9.3% in RSUM with
BiGRU and BERT feature extraction, respectively.

The quantitative comparison results on the larger and
more intricate MS-COCO dataset are depicted in Table 1.
Notably, our BiGRU-based FDF exhibits superior perfor-
mance compared to recent counterparts such as HREM and
Dive across both MS-COCO 5-fold 1K and MS-COCO
5K test sets. Furthermore, for BERT-based models, our
FDF demonstrates slightly better results than the Moco-
based method USER, as evidenced towards the bottom of
Table 1. The experimental results illustrate that the CHAN
model trained with our framework outperforms other models
and achieves superior results.

Ablation Study

We perform an ablation study on the Flickr30K dataset using
the BERT backbone. The evaluations are conducted with the
CHAN model and 2 feature conversions by default.

Effects of Model Components. We systematically exam-
ined the impacts of the feature conversion (FC), realig-
ment training strategy (RTS), and reweighting module (RW)
components on the overall model performance. For experi-
ments without a reweighting module, we directly averaged
the transformed features to obtain final features. Firstly, the
incorporation of the realigment training strategy yielded a
significant performance enhancement, achieving an RSUM
of 527.0, marking a notable improvement of 8.4% over the
baseline. This underscores the importance of feature diver-
sification for achieving optimal performance and highlights
the effectiveness of the realignment training strategy. Lastly,
the reweighting module contributed an additional 1.5% im-
provement to RSUM on the superior model results by learn-
ing distinct weights for each transformed features. This
highlights the capacity of the reweighting module to refine
model performance by effectively adjusting feature weights
from different feature conversions.

Feature Conversion Structure. As shown in Table 4, we
explore the effectiveness of various feature conversion struc-
tures within our FDF. Initially, without additional struc-
ture, we achieved an RSUM of 523.6, representing a 5.0%



IMG — TEXT TEXT — IMG
R@] R@5 R@I0|R@1 R@5 R@I10|RSUM
None 82.6 959 98.0 | 66.1 88.1 92.9 |523.6
Adapter | 81.3 964 98.4 | 67.6 88.4 93.5 |525.6
FFN 83.5 963 978 |68.0 89.2 93.8 |528.5

Table 4: Results with different feature conversion structure
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Figure 4: Comparison of model ensembling and FDF.

improvement over the baseline. Introducing the adapter
structure yields a notable performance boost of 7.0% for
the entire model, underscoring the significant enhancement
achievable by augmenting feature conversion feature extrac-
tion capabilities. This improvement highlights the impor-
tance of designing and refining the architecture to lever-
age the strengths of individual feature conversions. Further-
more, we evaluated the performance of the Feed-Forward
Networks (FFN) structure, getting a 1.9% RSUM improve-
ment compared to the adapter structure. This highlights the
potential for continuous performance enhancement through
the expansion of feature conversion parameters. To preserve
computational efficiency and reasoning effectiveness, we
only consider the integration of smaller structures within the
feature conversion architecture.

Compare with Model Ensembling. In Figure 4, We inves-
tigate the effectiveness of employing varying numbers of
feature conversions within our method and compare it with
ensemble methods. Compared to the baseline CHAN, our
FDF with 2 feature conversions achieves a notable 9.9% im-
provement in RSUM, delivering performance comparable to
an ensemble of 2 models. As the number of feature con-
versions increases, performance improves, and our method
yields competitive results compared to model ensembling
with the same number of models. Notably, the increase in
parameters for our method is only about 10% of the cost of
preparing a new model. With a similar number of parame-
ters, our approach using 8 feature conversions outperforms
an ensemble of 2 models.

Discussion

Efficiency and Stability Analysis. We first analyzed the in-
ference time of our proposed FDF. Since the output feature
dimension of our framework matches that of the baseline
CHAN, we only computed the time taken for feature gen-
eration, excluding the time required for similarity compar-
ison. As illustrated in Figure 5 (a), the inference time was
computed by summing the inference times for 5,000 image-
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Figure 5: (a) The inference time relative to the baseline
across varying numbers of feature conversions; (b) The
RSUM distribution is analyzed for both baseline and vary-
ing numbers of feature conversions on the FDF , employing
different initialization.

text pairs from the Flickr30K dataset with a batch size of
128. With only 2 feature conversions, our method showed
a marginal increase of 0.24 seconds in total time and 0.048
milliseconds per pair. This increase accounts for only 4.9%
of the total time compared to the baseline, owing to the
lightweight design of our modules. Regarding model sta-
bility, we evaluated 5 sets of model weights trained with
random seeds for each configuration. As depicted in Fig-
ure 5 (b), we observed that employing 2 feature conversions
led to an 8.88% improvement in mean RSUM and a reduc-
tion in RSUM variance. Moreover, increasing the number
of feature conversions resulted in further improvements in
mean RSUM and increased stability. This trend suggests that
FDF fosters a robust understanding of image-text alignment
and mitigates the biases arising from different initializations.
Limitation. A limitation of our approach is the extended
training duration, which results from the need to concur-
rently optimize multiple feature conversions. Although we
only added lightweight parameters for these feature conver-
sions compared to the baseline, training still requires opti-
mization of these components. Although our framework in-
creases training time by 14% compared to baseline models,
our inference time remains close to that of a single model
while achieving ensemble-like performance.

Conclusion

In this paper, we presented a novel framework named Fea-
ture Diversification Framework (FDF) for image-text match-
ing, achieving ensemble-like performance in a single model.
In our framework, a novel realignment training strategy was
proposed to optimize the model across a range of diverse
sample configurations simultaneously, instead of training
multiple different models separately and repeatedly. After a
weighted ensemble, our method enhanced the understanding
of image-text relationships, leading to improved model per-
formance. Extensive experimentation on both the Flickr30K
and MS-COCO datasets demonstrated the efficacy of our
framework, leading to state-of-the-art results in image-text
matching tasks. Ablation studies further underscored the ro-
bustness and versatility of our approach across various con-
figurations and settings. Looking ahead, we intend to extend
our framework to encompass a wider range of vision and
language tasks driven by metric learning.
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