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Abstract

Image-text matching is a crucial task that bridges visual
and linguistic modalities. Recent research typically formu-
lates it into the problem of maximizing the margin with the
truly hardest negatives to enhance the learning efficiency and
avoid the poor local optima. We argue that such formulation
can lead to a serious limitation, i.e., under this formulation,
conventional trainers would confine their horizon within the
hardest negative examples, while other negative examples of-
fer a range of semantic differences not present in the hardest
negatives. In this paper, we propose an efficient negative dis-
tribution guided training framework for image-text matching
to unlock the substantial promotion space left by the above
limitation. Rather than simply incorporating additional neg-
ative examples into the training objective, which could di-
minish both the leading role of the hardest negatives in train-
ing and the effect of a large margin learning in producing
a robust matching model, our central idea is to supply the
objective with distributional information on the entire set of
negative examples. To be precise, we first construct the sam-
ple similarity matrix based on several pretrained models to
extract the distributional information of the entire negative
sample dataset. Then we encode it into a margin regulariza-
tion module to smooth the similarities differences of all nega-
tives. This enhancement facilitates the capture of fine-grained
semantic differences and guides the main learning process by
maximizing the margin with hard negative examples. Further-
more, we propose a hardest negative rectification module to
address the instability in hardest negative selection based on
predicted similarity and to correct erroneous hardest nega-
tives. We evaluate our method in combination with several
state-of-the-art image-text matching methods, and our quan-
titative and qualitative experiments demonstrate its significant
generalizability and effectiveness.

Introduction
Image-text matching is a key task in multi-modal learning,
aiming to determine the relationship between visual con-
tent and textual descriptions. This task is fundamental to
numerous applications, including multimedia retrieval (Li
et al. 2022c) and visual question answering (Anderson et al.
2018). Current image-text matching methods commonly
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employ triplet loss (Frome et al. 2013) as their primary op-
timization objective. In image-to-text matching, a triplet in-
cludes an anchor query image, a positive text, and a negative
text, forming both positive and negative pairs. Triplet loss
aims to minimize the distance between anchor and positive
samples while maximizing the distance between anchor and
negative samples in a common embedding space. Therefore,
selecting negative samples is crucial for the effectiveness of
triplet loss, attracting significant research attention.

Inspired by the large margin learning theory in machine
learning (Cortes and Vapnik 1995), the hard negative min-
ing strategy was introduced in VSE++ (Faghri et al. 2018).
This strategy compels the model to focus on negative sam-
ples that are close to positive samples, refining the decision
boundary to achieve a larger margin over these instances.
It is important to note that image-text matching falls under
the category of contrastive learning. In contrast to traditional
large margin learning, this hard negative mining strategy
offers a distinct advantage: it significantly enhances train-
ing efficiency by discarding numerous redundant and easily
distinguishable positive-negative sample pairs. Some works
(Xuan et al. 2020; Yu et al. 2018) point out that inaccurate
hardest negative selection may cause distance metrics to fail
in capturing semantics, leading to poor local minima. To ad-
dress this issue, recent methods (Chen, Deng, and Luo 2020;
Zhang et al. 2022; Li et al. 2023a) are proposed to refine the
selection of the hardest negative samples or to generate the
truly hardest negatives.

Despite the promising results reported in the existing
studies (Zhang et al. 2022; Li et al. 2023a), we argue that
solely considering hardest negatives can lead to a serious
limitation. Firstly, compared to the hardest negative in each
minibatch, there is a much larger number of other nega-
tive samples that offer a range of semantic differences not
present in the hardest negatives. These differences are cru-
cial for improving the ability of model to perform fine-
grained matching of images and text. Secondly, selecting the
hardest negative is unstable, as it requires the model to iden-
tify the most similar negative sample among all options. This
process is particularly prone to errors in the early stages of
training, which can adversely impact model optimization.

We demonstrate the importance of other negative samples
for model training from three perspectives: case analysis,
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Figure 1: Illustration of our motivation. Negative examples provide a range of semantic differences not captured by the hardest
negatives. (a) Matching of an image with corresponding positive and negative texts, where colorful boxes highlight fine-grained
correspondences and gray boxes indicate mismatches. (b) t-SNE projections showing features extracted by the trained model.
(c) Quantile plot comparing similarity among the hardest negative samples to that of the top-30 most similar negative samples.

feature visualization and statistical analysis. Specifically, as
illustrated in Figure 1(a), the hardest negative may mismatch
with fragments like “red rug” compared to the positive text,
while other negatives offer finer-grained distinctions, such
as color or numerical features. This helps model understand
the fine-grained characteristics of fragments. Furthermore,
Figure 1(b) visualizes the image and text embeddings with
t-SNE (Van der Maaten and Hinton 2008), which indicates
that the differences between negative samples are significant
even among those close to the query. It reveals that while
many negative texts have similar semantics to the query, they
are dispersed, highlighting semantic variations among the
negatives. Figure 1(c) presents the quantile function of sim-
ilarity scores between the hardest negative samples and the
top-30 most similar negative samples. The similarity scores
are generally low, with 86% (resp. 66%) of the top-30 most
similar negative image (resp. text) samples falling below 0.5,
highlighting other negative examples offer a range of seman-
tic differences not present in the hardest negatives.

To unlock the substantial promotion space left by the
limiatation above, in this paper, we propose a novel Nega-
tives Distribution Guided Learning (NDGL) framework for
image-text matching. Note that simply incorporating addi-
tional negative examples into the training objective can di-
minish both the leading role of the hardest negatives in train-
ing and the effect of a large margin learning in producing a
robust matching model. To leverage the diverse semantic dif-
ferences provided by all negative samples to enhance model
training, rather than strictly maximizing margins for those
negative examples, our key idea is to adopt a soft supervi-
sion for training, i.e., guide the model so that its similarity
score distribution over negative examples closely aligns with
a reference model’s distribution. Specifically, we generate a
target similarity matrix for all samples by integrating outputs
from multiple base models trained with hard negative min-
ing strategy. Considering this matrix as an instantiation of
the target distribution, we implement a margin regularization
module designed to smooth the similarity differences among
all negatives according to the target distribution. Further-
more, a hardest negative rectification module is proposed to

address the instability in hardest negative selection based on
predicted similarity and to correct erroneous hardest nega-
tives. Based on these designs, in each training iteration, we
can fully utilize the semantic information from all negatives
from the distributional guidance, and maintain the leading
role of the hardest negatives to aid in training a robust model.
It is worth noting that our framework is general and can be
directly applied to image-text matching methods without re-
quiring modifications to network structures.

The main contributions can be summarized as follows:

• We demoonstrate that other negative examples offer a
range of semantic differences not captured by the hardest
negatives via three perspectives: case analysis, feature vi-
sualization and statistical analysis. This analysis enables
us to identify the deficiencies of previous methods and
the substantial promotion space that can be unlocked.

• We propose a novel negatives distribution guided image-
text semantic learning framework that leverages the di-
verse semantic differences presented by all negative sam-
ples to enhance model training. This framework not
only preserves the benefits of large-margin learning but
also unlocks substantial promotion space left by relying
solely on the hardest negatives.

• We apply NDGL to five state-of-the-art baseline mod-
els. Extensive quantitative and qualitative experiments
demonstrate the strong generalizability and effectiveness
of our approach.

Related Work
Image-Text Matching Methods. Recently, image-text
matching has seen significant advancements, primarily fol-
lowing two research directions: global-level matching and
local-level matching. The global-level matching focuses
on understanding the holistic semantic content of images
and texts, assessing the degree of semantic similarity be-
tween them. For instance, GPO (Chen et al. 2021) em-
ploys a Generalized Pooling Operator to adaptively select
the optimal pooling strategy for different features, while
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HREM (Fu et al. 2023) explicitly captures both fragment-
level and instance-level relations to learn discriminative and
robust cross-modal embeddings. Unlike global-level meth-
ods, local-level matching methods focus on fine-grained
relationships between specific visual and textual elements
within images and texts. For instance, DivE (Kim, Kim,
and Kwak 2023) employs a slot attention mechanism to
capture diverse semantics of the input and introduces a
new similarity function called smooth-chamfer similarity
to avoid sparse supervision and set collapsing. Similarly,
CHAN (Pan, Wu, and Zhang 2023) focuses on the most rel-
evant region-word pairs, disregarding all other alignments
as redundant or irrelevant. In this study, to comprehensively
evaluate the effectiveness of proposed framework, we have
chosen five global-level and local-level matching methods
as baselines for comparison.
Negative Samples Mining. The selection of negative sam-
ples is critical for training robust image-text matching mod-
els. Early approaches (Frome et al. 2013) employed all neg-
ative samples using triplet loss for training. VSE++ (Faghri
et al. 2018) introduced triplet loss combined with an on-
line hard negative mining strategy, which eliminates redun-
dant, easily distinguishable samples and helps the model
learn more distinct representations. Subsequently, the CFM
framework (Wei et al. 2022) proposed synthesizing coun-
terfactual samples for more effective image-text matching.
LSEH (Gong and Cosma 2023) introduced a semantically-
enhanced hard negatives loss function that dynamically
modifies the learning objective based on the semantic sim-
ilarities between unrelated image-description pairs. In con-
trast to methods that focus on selecting the hardest nega-
tive samples to learn more distinct feature representations,
our approach leverages the diverse semantic differences pre-
sented by all negative samples to enhance model training.
Distillation Learning. Distillation Learning is widely used
for model speedup and lightweight optimization (Jiao et al.
2020; Wu et al. 2022). Several methods (Abbasi Kooh-
payegani, Tejankar, and Pirsiavash 2020; Tejankar et al.
2021) propose utilizing complex models as teachers to guide
student models by minimizing the Kullback-Leibler (KL)
divergence of their predictions. While our framework is
similar, these methods focus on single-modality distillation,
whereas our method targets cross-modality distillation. Fur-
thermore, instead of using similarity distributions, we em-
ploy margin regularization to constrain predictions. The ben-
efits of these regularization methods will be analyzed in the
following section.

Method

In this section, we formally introduce our framework for
image-text matching. We begin by discussing the standard
triplet loss and hardest negative mining techniques used in
prior work. Next, we present the pipeline of our framework
and introduce the margin regularization and hardest nega-
tive rectification modules. Finally, we discuss the effect of
the proposed framework.
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Figure 2: The pipeline of negatives distribution learning.

Preliminaries

Triplet loss is a fundamental concept in the domain of
image-text matching. The core idea is to ensure that the dis-
tance between a positive pair (an image and its correspond-
ing text) is smaller than the distance between a negative pair
(an image and a non-matching text) by a fixed margin. This
approach facilitates effective retrieval and matching between
the two modalities. Formally, given a training mini-batch
containing a set of positive pairs, the standard triplet loss
is defined as follows:

Ltriplet =
∑

(i,t)∈P

( ∑
t∈T/t

[α− S(i, t) + S(i, t)]+

+
∑
i∈I/i

[α− S(i, t) + S(i, t)]+

)
.

(1)

Here, α denotes the margin of the triplet loss, and [x]+ ≡
max(x, 0). The sets I , T , and P represent the images, texts,
and positive pairs within the mini-batch, respectively. The
variables i and t are the anchor for the image and text terms.
The pair (i, t) indicates a positive pair, while (i, t) and (i, t)
indicate negative pairs in the mini-batch. The similarity S is
used to measure the distance between the image and text.

To avoid redundant and easily distinguishable samples,
the online hard negative mining strategy (Faghri et al.
2018) focuses on distinguishing between positive pairs
and the most confusing negative pairs. Specifically, for a
positive pair (i, t) in a mini-batch, the hard negatives t̂

and î are defined as t̂ = argmaxc∈T/t S(i, c) and î =

argmaxc∈I/i S(c, t), respectively. The resulting triplet loss
is then defined as:
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Figure 3: (a) Image-text retrieval performance of recent models, their ensemble results, and their improvement with the
NDGL on the Flickr30K dataset. (b) The margin distribution changes when applying NDGL.

Lonline =
∑

(i,t)∈P

(
[α− S(i, t) + S(i, t̂)]+

+ [α− S(i, t) + S(̂i, t)]+

)
.

(2)

Negatives Distribution Guided Learning
To avoid the limitations of focusing solely on the hardest
negative samples, we propose a novel image-text matching
framework called Negative Distribution Guided Learning
(NDGL). Our key idea is to leverage diverse semantic dif-
ferences provided by all negative samples while maintain-
ing the leading role of the hardest negatives and the bene-
fits of large-margin learning during training. The pipeline of
NDGL as illustrated in Figure 2.
Preparation of Target Similarity Distribution. Obtaining
fine-grained similarity labels from only positive pair labels
is difficult. We observe that the similarity distribution of all
samples predicted by the ensemble outputs outperforms that
of the individual model, even when both use the same under-
lying model structure. Thus, we use the reference similarity
distribution output by model ensembling as the target distri-
bution for soft supervision, guiding the learning of semantic
differences among all samples. Specifically, we aggregate
the similarity outputs from K models, each trained with a
hard negative mining strategy and different initializations,
across the entire training dataset to generate a target simi-
larity matrix for extracting distributional information. This
matrix, denoted as Ŝ, is formatted as follows:

Ŝ(i, t) =
1

K

K∑
k

Sk(i, t). (3)

Here, Sk denote the k-th model outputs similarity. This ma-
trix is then transformed into a target margin distribution to
regularize the predicted similarity differences in the margin
regularization module and to guide the learning process for
selecting truly negative samples in the hardest negative rec-
tification modules.
Margin Regularization. To learn the semantic differences
between negative pairs and ensure that the similarity differ-
ence distribution predicted by the model closely aligns with
the reference model’s distribution, we propose a margin reg-
ularization module. This module uses the target distribution
to regularize the predicted semantic differences among all

samples. Formally, given the predicted similarities S and the
target similarities Ŝ, the loss is defined as follows:

LMR=
∑

(i,t)∈P

( ∑
t∈T/t

KL(S(i, t)− S(i, t)‖ Ŝ(i, t)− Ŝ(i, t))

+
∑
i∈I/i

KL(S(i, t)− S(i, t)‖ Ŝ(i, t)− Ŝ(i, t))
)
.

(4)
Here, KL denotes the Kullback-Leibler divergence.
Hardest Negative Rectification. According to large margin
learning theory, the hardest negatives are crucial for train-
ing a robust model. Due to the instability of hardest negative
selection based on predicted similarity during training, we
believe that the hardest negatives selected based on refer-
ence similarity are closer to the true hardest negative sam-
ples. Based on this, we propose a hardest negative rectifica-
tion module that focuses on ranking two hardest negatives
from different distributions and to correct erroneous hardest
negatives. Formally, for a positive pair (i, t) in a mini-batch,
the hard negatives from target similarity t̃ and ĩ are defined
as t̃ = argmaxc∈T/t Ŝ(i, c) and ĩ = argmaxc∈I/i Ŝ(c, t),
respectively. The main idea is, for instance in image-to-text
matching, to ensure that S(i, t̃) is not lower than S(i, t̂). The
loss is defined as follows:

LHNR =
∑

(i,t)∈P

(
[γ − S(i, t̃) + S(i, t̂)]+

+ [γ − S(̃i, t) + S(̂i, t)]+

)
.

(5)

Here, γ denotes the margin of the loss. Since the distance
between two challenging negatives is small, we set the mar-
gin γ to 0.01. When the hardest negative is the same for two
similarity scores, we set γ to 0.0.
Training Objective. Following the baseline methods (Pan,
Wu, and Zhang 2023; Chen et al. 2021), we implement the
triplet loss as described in Equation 2, supplemented by the
losses in Equations 4 and 5. The final loss function is formu-
lated as follows:

L = Lonline + λ1LMR + λ2LHNR, (6)
where λ1 and λ2 are the coefficient balancing the losses.

Effect of Negatives Distribution Learning
Advantages of NDGL. The proposed NDGL framework
is arguably the simplest approach to enhancing the perfor-
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Data Split MS-COCO Flickr30K

Eval Task IMG → TEXT TEXT → IMG IMG → TEXT TEXT → IMG
Method R@1 R@5 R@10 R@1 R@5 R@10 RSUM R@1 R@5 R@10 R@1 R@5 R@10 RSUM

BUTD + BiGRU
DivE 79.9 95.8 98.5 63.2 90.5 95.6 523.5 77.3 93.6 97.0 56.1 83.0 89.4 496.3
DivE+NDGL 79.6 96.0 98.7 64.0 91.2 96.3 525.9(+2.4) 79.2 94.8 97.3 60.8 86.0 91.3 509.4(+13.1)
ESA 78.9 96.4 98.8 63.1 90.9 96.0 524.1 82.1 95.6 97.6 60.4 85.6 91.6 512.9
ESA+NDGL 80.4 96.5 98.8 63.5 91.2 96.2 526.5(+2.4) 83.2 96.1 98.2 62.7 86.8 92.2 519.2(+6.3)
CHAN 79.7 96.3 98.7 64.1 90.6 95.9 525.3 78.0 94.6 96.7 60.7 84.7 90.6 505.3
CHAN+NDGL 81.5 97.0 98.9 66.5 92.1 96.7 532.7(+7.4) 83.7 95.8 98.2 64.8 88.6 93.1 524.2(+18.9)

BUTD + BERT
GPO 79.2 96.6 98.9 64.7 91.2 96.2 526.8 80.1 95.5 97.8 62.1 86.4 91.9 513.8
GPO+NDGL 81.3 96.6 98.8 65.9 92.0 96.6 531.2(+4.4) 84.0 96.2 98.5 64.2 87.6 92.9 523.3(+9.5)
ESA 80.1 96.6 99.0 64.8 91.5 96.2 528.2 82.7 96.6 98.6 63.0 87.2 92.0 520.1
ESA+NDGL 81.2 97.0 98.9 65.8 92.0 96.4 531.4(+3.2) 85.0 96.4 98.3 65.5 88.6 93.0 526.8(+6.7)
HREM 81.5 96.5 98.8 65.8 91.3 96.0 530.0 82.1 96.5 98.5 62.1 86.5 91.7 517.4
HREM+NDGL 82.3 97.0 99.0 66.4 91.8 96.4 533.0(+3.0) 84.4 96.7 98.6 64.4 88.1 92.5 524.9(+7.5)
CHAN 80.7 96.8 99.1 66.2 91.9 96.6 531.3 79.8 95.8 97.5 65.3 88.0 92.9 519.3
CHAN+NDGL 83.3 97.2 99.2 68.5 93.0 97.1 538.3(+7.0) 84.8 97.0 98.5 69.0 90.2 94.3 533.8(+14.5)

ResNeXt-101 + BERT
GPO 84.7 97.9 99.4 71.6 93.9 97.4 544.8 88.1 98.6 99.7 74.3 93.3 96.5 550.4
GPO+NDGL 85.5 98.0 99.5 72.9 94.2 97.6 547.7(+2.9) 87.9 99.1 99.7 74.7 93.8 97.1 552.3(+1.9)

Table 1: Image-text retrieval results on MS-COCO 1K Test and Flickr30K datasets. The results for the original model are
obtained from re-training using the code provided in the paper.

mance of baseline models. It achieves this without mod-
ifying the network architecture or introducing additional
parameters, while effectively avoiding poor local minima
through the use of the hard negative mining strategy. Un-
like previous methods that focus on identifying the hardest
negative samples, our framework mines all negative seman-
tic similarities to guide the model in understanding the fine-
grained correspondences between images and text. In con-
trast to methods that optimize using all negatives without
accounting for their differences, our approach preserves the
critical role of the hardest negatives while also helping the
baseline model unlock the significant potential that is oth-
erwise left. As shown in Figure 3(a), the performance of a
single model trained with NDGL is comparable to, or even
surpasses, that of the ensemble results, which are used as a
reference distribution during the training process.

Explanation of Results. The result of NDGL can be ex-
plained through the perspective of label smoothing (Szegedy
et al. 2016), a technique commonly used to replace “hard la-
bels” with smoothed labels, thereby improving performance
across various tasks. Our framework can be viewed as a
form of label smoothing, offering smooth semantic differ-
ences for sample pairs, and consequently achieving better
performance than the “teacher” model. To further validate
the regularizing effect of the NDGL method on the predic-
tion results, we calculate the margin distribution for both the
original model and the model trained with NDGL. As shown
in Figure 3(b), the model trained with NDGL avoiding over-
fitting to noise or outliers and resulting in a more realistic
distribution. This regularization enhances the robustness of
predictions, allowing the model to fully leverage its potential
and significantly improve overall performance.

Experiments
Experimental Settings
Datasets. We selected two widely-used datasets for our
experimentation: Flickr30K (Young et al. 2014) and MS-
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), allocating 113,287 images for
training, 5,000 for validation, and 5,000 for testing. We en-
sure robustness by reporting results averaged over 5 folds of
1,000 test images and validated on the entire 5,000-image
test set. The Flickr30K dataset comprises 31,783 images ob-
tained from the Flickr platform, with each image meticu-
lously 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. Following traditional information re-
trieval standards, we assess performance using R@K, rep-
resenting the proportion of correctly matched queries among
the top-K retrieved instances. Higher R@K values indi-
cate better performance. To provide a thorough evaluation of
matching effectiveness and follow by baseline methods, we
consolidate all recall values into RSUM, which accounts for
both image-to-text and text-to-image matching directions.
Implementation Details. To ensure a comprehensive eval-
uation, we maintain the network architectures and configu-
rations of all baseline methods exactly as detailed in their
respective papers. For each input image, we use bottom-up
and top-down attention (BUTD) (Anderson et al. 2018) to
extract top-K region-level features or ResNeXt (Mahajan
et al. 2018) to obtain image features. For each input text, we
use two formulations for text representation: bi-directional
gated recurrent unit (BiGRU) or pre-trained BERT (Devlin
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Data Split MS-COCO Flickr30K

Eval Task IMG→ TEXT TEXT→ IMG IMG→ TEXT TEXT→ IMG
Method R@1 R@5 R@10 R@1 R@5 R@10 RSUM R@1 R@5 R@10 R@1 R@5 R@10 RSUM

BUTD + BiGRU
CGMN (Cheng et al. 2022) 76.8 95.4 98.3 63.8 90.7 95.7 520.7 77.9 93.8 96.8 59.9 85.1 90.6 504.1
NAAF† (Zhang et al. 2022) 80.5 96.5 98.8 64.1 90.7 96.5 527.2 81.9 96.1 98.3 61.0 85.3 90.6 513.2
DivE (Kim, Kim, and Kwak 2023) 79.8 96.2 98.6 63.6 90.7 95.7 524.6 77.8 94.0 97.5 57.5 84.0 90.0 500.8
HREM (Fu et al. 2023) 80.0 96.0 98.7 62.7 90.1 95.4 522.8 79.5 94.3 97.4 59.3 85.1 91.2 506.8
ESA (Zhu et al. 2023) 79.6 96.5 98.7 63.5 90.9 96.1 525.3 82.6 95.9 98.1 61.1 85.9 91.1 514.7
X-Dim (Zhang et al. 2023) 80.9 96.9 98.9 64.7 90.9 96.5 528.8 83.1 96.3 98.4 61.7 86.1 91.4 517.0
NUIF (Zhang et al. 2024a) 79.9 96.7 99.0 63.9 90.4 95.8 525.7 81.8 95.7 98.0 59.0 83.9 89.9 508.3
CHAN+NDGL 81.5 97.0 98.9 66.5 92.1 96.7 532.7 83.7 95.8 98.2 64.8 88.6 93.1 524.2
BUTD + BERT
VSRN++† (Li et al. 2022b) 77.9 96.0 98.5 64.1 91.0 96.1 523.6 79.2 94.6 97.5 60.6 85.6 91.4 508.9
HREM (Fu et al. 2023) 81.1 96.6 98.9 66.1 91.6 96.5 530.7 83.3 96.0 98.1 63.5 87.1 92.4 520.4
USER (Zhang et al. 2024b) 82.8 96.8 98.8 66.1 90.6 95.6 530.5 82.7 97.0 98.3 63.1 86.7 92.1 519.9
DCIN (Li et al. 2023b) 80.9 96.5 98.8 65.1 91.5 96.3 529.1 83.0 96.4 98.6 63.3 87.8 92.4 521.5
ESA (Zhu et al. 2023) 80.3 96.5 99.0 65.2 91.6 96.3 528.9 84.0 96.3 98.7 64.7 87.8 92.3 523.8
X-Dim (Zhang et al. 2023) 82.2 97.2 99.1 66.9 92.0 96.6 534.0 83.1 96.3 98.4 61.7 86.1 91.4 517.0
NUIF (Zhang et al. 2024a) 83.3 97.3 98.9 69.2 92.7 96.9 538.2 83.9 96.5 98.2 67.9 89.2 93.6 529.4
CHAN+NDGL 83.3 97.2 99.2 68.5 93.0 97.1 538.3 84.8 97.0 98.5 69.0 90.2 94.3 533.8
ResNeXt-101 + BERT
DivE (Kim, Kim, and Kwak 2023) 86.3 97.8 99.4 72.4 94.0 97.6 547.5 88.8 98.5 99.6 74.3 94.0 96.7 551.9
GPO+NDGL 85.5 98.0 99.5 72.9 94.2 97.6 547.7 87.9 99.1 99.7 74.7 93.8 97.1 552.3

Table 2: Image-text retrieval results on MS-COCO 1K and Flickr30K. Bold and underlined texts denote the top and the runner-
up, respectively. †Ensemble models of two hypotheses.

et al. 2019). The default settings for λ1 and λ2 are 100.0 and
0.5, respectively.

Main Results
In this section, we empirically analyze the effectiveness
and generalization ability of NDGL using several image-
text matching methods on the Flickr30K and MS-COCO
datasets. We selected both local-level (CHAN, DivE) and
global-level (ESA, GPO, HREM) matching methods, which
have publicly available code, as the baselines. Table 1 re-
ports the experimental results on both datasets, with all re-
sults generated by a single model to ensure a fair com-
parison. The findings demonstrate that the performance of
both basic and state-of-the-art baseline methods is signifi-
cantly improved by employing our framework, verifying the
generality of NDGL across different methods. The local-
level methods show greater improvement when applying our
framework compared to the global-level methods. Notably,
the CHAN method exhibits substantial improvement with
NDGL, especially on the Flickr30K dataset. The retrieval
performance is significantly boosted from 519.3 to 533.8
RSUM with the BERT text encoder, and there is a 18.9%
improvement with the BiGRU text encoder, verifying the
effectiveness of NDGL. Moreover, the improvement on the
Flickr30K dataset is greater than on MS-COCO, indicating
that fully utilizing negative samples is particularly important
for training robust models on smaller datasets.

Comparisons with the State-of-the-arts
We apply our method to CHAN and GPO to compare with
recent state-of-the-art methods, verifying the effectiveness
of our framework. The comparisons on the MS-COCO and

Flickr30K datasets are reported in Table 2, showing that our
method outperforms all image-text matching methods with
the same image encoder and text encoder. Compared with
other competitive methods, our method performs better with
simpler network structures and smaller datasets. For exam-
ple, using the BiGRU text encoder, our method achieves
RSUM scores of 532.7 and 524.2 on the two datasets, re-
spectively. In the smaller Flickr30K dataset, we achieve su-
perior performance, establishing a significant gap over the
second place with the BUTD image encoder. To fully val-
idate the performance of NDGL with different image en-
coders, we choose GPO as a baseline and training with
our framework, finding that the optimized results outper-
formed current state-of-the-art methods. This result demon-
strates that our method significantly enhances performance,
enabling the model to achieve a new state-of-the-art results.

Ablation Study
Unless otherwise specified, all ablation experiments are con-
ducted using CHAN with BUTD as image encoder and
BERT as text encoder on Flickr30K dataset.
Number of Ensemble Models. We further explore the cri-
teria for determining the optimal number of models to use in
the ensemble process. As shown in Table 3, using just one
model to regularize the similarity distribution yields a sig-
nificant improvement, achieving a 9.3% increase compared
to the baseline. This underscores the importance of mining
all negative samples during the training process. When two
models are used for ensemble outputs, performance contin-
ues to improve, reaching an RSUM of 533.8. However, as
the distribution of similarity changes only slightly with ad-
ditional ensemble models, further increasing the number of
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#Ensemble IMG → TEXT TEXT → IMG
R@1 R@5 R@10 R@1 R@5 R@10 RSUM

1 83.4 96.5 98.1 67.2 89.6 93.8 528.6
2 84.8 97.0 98.5 69.0 90.2 94.3 533.8
3 84.4 96.6 99.0 69.3 90.6 94.5 534.3
4 85.2 96.8 98.8 69.2 90.3 94.3 534.6
5 85.7 96.8 98.6 69.4 90.4 94.3 535.3

Table 3: NDGL with different ensemble number.

Component IMG → TEXT TEXT → IMG
R@1 R@5 R@10 R@1 R@5 R@10 RSUM

Baseline 79.8 95.8 97.5 65.3 88.0 92.9 519.3
+ MR 84.1 96.5 98.5 68.7 90.0 94.4 532.2
+ HNR 84.8 97.0 98.5 69.0 90.2 94.3 533.8

MR→SR 82.9 96.5 97.9 68.2 90.1 94.0 529.7

Table 4: Ablation study of model components. SR denote
the similarity regularization.

models results in only marginal performance gains and a
trend toward stabilization. Therefore, we selected an ensem-
ble of two models as our default configuration.
Model Components. We verify the efficacy of the proposed
Margin Regularization (MR) and Hardest Negatives Recti-
fication (HNR) in Table 4. Compared to the model without
these modules, MR results in a 12.9% RSUM improvement.
HNR further enhances performance, adding an additional
1.6% to the RSUM. Furthermore, we compared our regu-
larization method with direct similarity regularization (SR),
which uses similarity measurements rather than differences.
When MR is replaced with SR, the performance drops by
approximately 4.1% RSUM but still shows a 10.4% increase
compared to the baseline, indicating that regularization is
crucial and that margin-level regularization is more suitable
for image-text matching methods.

Discussion
Compare with Hard Negative Mining methods. We ver-
ify the efficacy of NDGL when applied with other hard
negative mining methods using two baseline models, GPO
and VSRN (Li et al. 2022b), on the Flickr30K dataset. As
shown in Table 5, our framework achieves an 11.5% im-
provement in RSUM with the VSRN baseline, outperform-
ing the second-best mining method by 6.1%, particularly in
text-to-image retrieval performance. For the GPO baseline,
we achieve an 8.8% improvement, surpassing other meth-
ods. Our method not only considers the hardest negative
samples but also fully leverages the variations in similarity
with different negatives. This highlights the importance of
mining all samples to train a robust model.
The Influence of Batch Size. The efficacy of hard nega-
tive mining strategies is highly dependent on batch size (He
et al. 2020), as the quality of negative samples improves with
the number of negative pairs. Consequently, when the batch
size is small, methods based on hard negative mining tend

Baseline Mining IMG → TEXT TEXT → IMG
Method R@1 R@5 R@10 R@1 R@5 R@10 RSUM

GPO - 81.7 95.4 97.6 61.4 85.9 91.5 513.5
GPO CFM 82.5 95.7 98.1 62.9 86.2 91.8 517.2
GPO LSEH 82.4 96.0 98.6 63.7 87.1 92.5 520.3
GPO NDGL 84.0 96.2 98.5 64.2 87.6 92.9 523.3

VSRN - 71.3 90.6 96.0 54.7 81.8 88.2 482.6
VSRN AOQ 72.8 91.8 95.8 55.3 82.2 88.4 486.3
VSRN CFM 72.6 92.8 96.0 55.2 82.0 89.2 487.8
VSRN LSEH 73.0 92.8 95.7 55.8 81.9 88.8 488.0
VSRN NDGL 73.7 93.0 96.8 57.6 83.1 89.9 494.1

Table 5: Compared with previous hard negative mining
methods on Flickr30K.
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Figure 4: RSUM changes with varying batch sizes.

to perform poorly. Our NDGL framework enhances model
performance by mining the hierarchical similarity of all neg-
ative samples across datasets, rather than restricting the se-
lection to hardest negative samples within a mini-batch. This
approach mitigates the dependency between hard negative
mining and batch size. As shown in Figure 4, experimen-
tal results indicate that the model trained with NDGL using
a small batch size achieves performance comparable to that
of the baseline with a larger batch size. The improvements
are particularly notable in text-to-image retrieval tasks. Ad-
ditional discussion are provided in supplementary materials.

Conclusions
In this paper, we demonstrate that other negative exam-
ples offer a range of semantic differences not captured by
the hardest negatives through case analysis, feature visual-
ization, and statistical analysis, highlighting the importance
of these negative samples for model training. We then in-
troduce a novel framework for image-text matching, called
negative distribution guided learning. Our framework lever-
ages the semantic similarity differences of all negative sam-
ples to enhance model training. This approach not only pre-
serves the benefits of large-margin learning but also ex-
ploits the substantial improvement potential left by relying
solely on the hardest negatives. Extensive experiments on
the Flickr30K and MS-COCO datasets validate the effec-
tiveness of our proposed framework. As future work, we will
explore the NDGL with the unified vision-language models
such as (Radford et al. 2021; Li et al. 2022a; Wu et al. 2024).
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