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Abstract

Visual Semantic Embedding (VSE) is a dominan-
t method for vision-language retrieval. Its purpose
is to learn an embedding space so that visual data
can be embedded in a position close to the corre-
sponding text description. However, there are large
intra-class variations in the vision-language data.
For example, multiple texts describing the same
image may be described from different views, and
the descriptions of different views are often dissim-
ilar. The mainstream VSE method embeds sam-
ples from the same class in similar positions, which
will suppress intra-class variations and lead to infe-
rior generalization performance. This paper pro-
poses a Multi-View Visual Semantic Embedding
(MV-VSE) framework, which learns multiple em-
beddings for one visual data and explicitly mod-
els intra-class variations. To optimize MV-VSE, a
multi-view upper bound loss is proposed, and the
multi-view embeddings are jointly optimized while
retaining intra-class variations. MV-VSE is plug-
and-play and can be applied to various VSE mod-
els and loss functions without excessively increas-
ing model complexity. Experimental results on the
Flickr30K and MS-COCO datasets demonstrate the
superior performance of our framework.

1 Introduction

Cross-modal vision-language retrieval task is formulated as
retrieving relevant samples across different visual and textual
modalities, which has a variety of applications such as image-
text retrieval [Faghri et al., 2018; Zhang et al., 2022], video-
text retrieval [Feng et al., 2020; Li et al., 20201, efc.

Visual Semantic Embedding (VSE) is a dominant method
for vision-language retrieval. Its purpose is to learn an em-
bedding space so that visual data can be embedded in a po-
sition close to the corresponding text description. Following
[Chen et al., 2021], we divide VSE into three steps:

Step 1. Use feature extractors to extract a set (or sequence)
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Figure 1: Multi-view descriptions for a given image in Flickr30K.

of features from visual (or textual) data.

Step 2. Aggregate the extracted feature set into a feature vec-
tor and project it into the joint embedding space using feature
aggregators.

Step 3. Calculate the matching score between the embed-
dings with a similarity metric.

The embedding space learned by mainstream VSE methods is
usually highly discriminative, which encourages small intra-
class variations, that is, the embeddings of an image and its
corresponding text description will be very close, and large
inter-class variations, that is, unpaired images and texts em-
beddings are mapped to locations that are farther away.

However, there are large intra-class variations in the da-
ta used for vision-language retrieval. In vision-language
datasets, a same image usually has multiple text descriptions,
and these text descriptions may be described from different
views. As shown in Figure 1, the two text descriptions of the
same image have different concerns. View 1 pays more at-
tention to people on the street, and view 2 only describes the
man working a hotdog stand.

The intra-class variations of vision-language data are main-
ly caused by multi-view text descriptions. Therefore, we
quantitatively analyze the intra-class variations of text de-
scriptions on the two image-text retrieval benchmark dataset-
s. We use Sentence-BERT [Reimers and Gurevych, 2019] to
calculate the semantic similarities between different text de-
scriptions of the same image and count the data distribution
of the similarities. Sentence-BERT has nearly reached human
performance on the sentence similarity task, and the statisti-
cal results are reliable. Figure 2 shows the data distribution of
intra-class text similarities on Flickr30K [Young er al., 2014]
and MS-COCO [Lin et al., 2014]. It can be seen that the sim-
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Figure 2: The distribution of intra-class text similarity on Flickr30K
and MS-COCO.

ilarities are concentrated in 0.4 ~ 0.8, and even a small part
of similarities are less than 0. The intra-class variations of
vision-language data are widespread, but most of the existing
work ignores this problem.

Most VSE methods learn an embedding for each visual
or textual data and map each visual data and correspond-
ing text descriptions to similar locations, which will sup-
press intra-class variations and lead to inferior generaliza-
tion performance. Several recent works [Xuan et al., 2020;
Zheng et al., 2021a] have verified that even samples from the
same class may show different patterns and characteristics.
Suppressing the intraclass variations will undermine the abil-
ity of the learned model to generalize to unseen classes. In
recent VSE works, [Qu er al., 2020] propose context-aware
multi-view summarization (CAMERA) network pays atten-
tion to multi-view issues. However, CAMERA only designs
a multi-view summarization network structure for bottom-up
attention features [Anderson ef al., 2018], and it is not easy
to extend to other VSE models. In addition, the loss function
of CAMERA only selects the view with the largest matching
score for optimization, and a large number of view branches
may not be optimized, and its optimization goal is easy to fall
into the local minima.

To explicitly model intra-class variations and improve the
generalization of the model, this paper proposes a Multi- View
Visual Semantic Embedding (MV-VSE) framework, which
uses multiple aggregators to learn multi-view embeddings for
one visual data. MV-VSE shares the feature extractor, on-
ly a few additional feature aggregators need to be trained,
which will not increase the complexity of the model exces-
sively. To optimize multiple views at the same time and keep
intra-class variations, a multi-view upper bound loss is pro-
posed. MV-VSE is an extension of the existing VSE model
and only requires additional training of multiple feature ag-
gregators. Existing loss functions can also be rewritten into
a multi-view upper bound version by our method. Therefore,
MV-VSE is plug-and-play and can be applied to various VSE
models and loss functions. The major contributions of this
paper are summarized as follows:

e A novel Multi-View Visual Semantic Embedding (M V-
VSE) framework is proposed to explicitly model intra-
class variations and improve the generalization ability of
the model, which can be applied to various mainstream
VSE models.

e A multi-view upper bound loss is proposed, which can
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modify the existing losses so that the learned multiple
embedding spaces maintain intra-class variations and is
not easy to fall into local minima.

e We conduct extensive experiments on image-text re-
trieval. Experimental results demonstrate that MV-VSE
yields compelling performance on the two widely used
benchmark datasets: Flickr30K and MS-COCO, reflect-
ing the successful modeling of intra-class variations and
the improvement of the generalization of MV-VSE.

2 Related Works

Cross-modal vision-language retrieval has a variety of ap-
plications, such as image-text retrieval [Faghri ef al., 2018;
Zhang et al., 2022], video-text retrieval [Feng er al., 2020;
Li et al., 20201, etc. The existing vision-language retrieval
methods can be divided into two categories according to the
cross-modal matching method, the Visual Semantic Embed-
ding (VSE) method [Faghri et al., 2018; Li et al., 2019] and
the cross-attention method [Lee et al., 2018].

Visual Semantic Embedding. VSE method embeds the w-
hole visual samples and text into a joint embedding space,
and the matching score between samples can be calculated
by a simple similarity metric (e.g. cosine similarity). [Frome
et al., 2013] propose the first VSE model DeViSE, which em-
ploys the CNN and Skip-Gram to project images and texts in-
to a joint embedding space, and adopts a hinge-based triplet
loss to optimize the model. [Faghri er al., 2018] introduce
online hard-negative mining in the triplet loss, which yields
significant gains in retrieval performance. [Chen er al., 2021]
propose a Generalized Pooling Operator (GPO), which learn-
s to automatically adapt itself to the best pooling strategy for
different features. Although the VSE methods learn the inter-
class variations well and achieve promising performance, the
intra-class variations in the data are also not negligible.

Cross-Attention. The cross-attention method obtains the
matching score by calculating the cross-attention between
visual local features (e.g. bottom-up attention region fea-
tures [Anderson et al., 2018]) and text local features (e.g.
word embeddings). [Lee et al., 2018] propose a stacked
cross attention network, which measures the image-text sim-
ilarity by aligning image regions and words. Recently,
a number of transformer-based methods [Lu et al., 2019;
Chen et al., 2020; Kim et al., 2021] use cross-modal attention
to learn rich cross-modal interactions. The cross-attention
method can preserve intra-class variations to a certain extent.
However, in the inference stage, the cross-attention method
needs to calculate cross-attention on all visual and textual da-
ta. The inference efficiency is several orders of magnitude
lower than that of the VSE method, and it is not suitable for
large-scale vision-language retrieval. MV-VSE proposed in
this paper is an extension of existing VSE methods and has
similar inference efficiency to VSE.

Intra-Class Variations Modeling. There are a number of
works [Sanakoyeu ef al., 2019; Zheng et al., 2021a; Zheng et
al., 2021b] to model intra-class variations through ensemble
learning. Ensemble learning improves the generalization a-
bility of the model by learning a set of sub-embeddings. But
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Figure 3: Illustration of the proposed Multi-View Visual Semantic Embedding (MV-VSE) Framework.

these works are concentrated in the field of unimodal image
retrieval. In cross-modal retrieval, the modalities of query
and candidate are different. Text is a local description with
a subjective view, while visual data contain global informa-
tion. The information between two modalities is asymmetry,
and the ensemble learning method in unimodal retrieval can-
not be used directly. In the field cross-modal retrieval, [Qu
et al., 2020] propose CAMERA network pays attention to
multi-view issues. But CAMERA is not universal enough to
be easily extended to other VSE models. In addition, the loss
function of CAMERA does not make a targeted design for
the multi-view problem, and its optimization goal is easy to
fall into the local minima. This paper proposes a plug-and-
play MV-VSE framework and specially designs a multi-view
upper bound loss for the optimization of multi-view learning.

3 Multi-View Visual Semantic Embedding

3.1 Visual Semantic Embedding

We first briefly review the core steps of the VSE. A VSE mod-
el uses a visual feature extractor ®(-) such as convolutional
neural networks (e.g. ResNet [He et al., 2016], Faster R-
CNN [Ren et al., 2015]) to extract a set of visual features
from a visual data V, and a text feature extractor ¥ (-) such
as sequence models (e.g. GRU, Transformer [Vaswani et al.,
2017]) to extract a sequence of text features from a text 7,
respectively:

{bntnc = (V) {¥mlpe = ®(T), (D)
where the visual feature set {¢,, }\_; has N elements of vi-
sual local representations with qbn € R%, and {1, }M_
denotes a sequence of M contextualized word token features
out of a sequence model where M is the number of words and
YV, € R%. Here d; and d- are the feature dimensions.

Then a visual aggregator f,(-) and a text aggregator f;(-)
such as GPO [Chen et al., 2021], aggregate {¢, })_, and
{0 }M_, into visual and text embedding v,t € R, re-
spectively:

v=f, ({an},];[:l) t=1 ({1/’m}7]q\1/[:1) .
ds is the embedding dimensions.

Finally, the matching score between embeddings is calcu-
lated, usually using cosine similarity:

2

vt
s(V,T) = s(v,t) = VTl 3)
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In the inference stage, s(V,T) is used to rank the candi-
dates to get the retrieval results. VSE method has high infer-
ence efficiency, but it embeds the visual data and correspond-
ing text descriptions in a similar position, which will suppress
intra-class variations and lead to inferior generalization per-
formance.

3.2 Multi-View Visual Semantic Embedding
Framework

To explicitly model intra-class variations, we propose a
Multi-View Visual Semantic Embedding (MV-VSE) frame-
work, as shown in Figure 3. MV-VSE is an extension of the
VSE. Its textual embeddings and visual feature extractors are
common to VSE, so MV-VSE can be easily applied to ex-
isting VSE models. The special feature of MV-VSE is that
it learns multiple embeddings for each visual data, thereby
explicitly modeling intra-class variations.

After obtaining a visual feature set {¢,,}]\_,, a set of fea-
ture aggregators {f(-)}_, are used to aggregate {¢p,, }1_,
into a set of visual embeddings {v; }X_;:

vie = £ ({¢n}n) - “)

where v;, € R%. Each vy, represents a view. K is the num-
ber of views. Each feature aggregator learns an embedding
subspace for a visual data. MV-VSE learns K subspaces in
total.

Then calculate the matching scores between the visual em-
beddings {v; } | of the K views and the text embedding t:

vt
)= VEY 5
OO = TRl ©)

and take the largest score among the K views as the final
matching score:
s*(V,T) = I]Ic’lli{ii( s(vg, t). (6)
During the inference, s*(V,T') is used to rank the candi-
dates to get the retrieval results. MV-VSE learns multiple
embeddings for each visual data, retains intra-class variation-
s, and also has the efficiency of VSE method inference. Com-
pared with VSE, MV-VSE only needs to train X — 1 addition-
al feature aggregators. Both the text embedding network and
the visual feature extractor are multiplexed, which will on-
ly increase the number of negligible parameters. Taking the



Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

latest VSE model GPO [Chen et al., 2021] as an example,
the parameter amount of the feature aggregator is only 0.1 M,
which is less than 1% of the entire model.

3.3 Multi-View Upper Bound Loss

Existing losses used in VSE models are designed for a single
visual embedding, and these losses directly used in MV-VSE
will suppress intra-class variations.

Take the most commonly used hinge-based triplet ranking
loss with online hard negative mining [Faghri et al., 2018] as
an example. To learn a VSE model, the concrete optimization
objective is defined by:

Lra =[o = s(V,T) +s(V, T)]4
+la = s(V,T) + s(V,T)]4,
where « is a fixed margin, (V, T) is a positive image-text pair.
T = argmaxy 7 s(V,T') and V' = argmaxy v s(V',T)
denote as the hardest negative text and image samples mea-
sured by the VSE model within a mini-batch.

The triplet loss can be directly used for the optimization of
K views:

(N

K
Lymv-Ave-Tri = Z o — s(Vi,t) + s(vi, )]+
k;:

®)
+la—s(vi,t) +s(Vi, t)], 1,

where (v, t) is a positive image-text pair in k™ view. t =
arg maxy 4 $(Vi, t') and Vi, = arg maxy; 4y, s(vj,,t) de-
note as the hardest negative text and image samples mea-
sured by the MV-VSE model within a mini-batch in K
view. However, Lyv-ave-myi Will bring all visual embeddings
{vk}kK:1 closer to t, suppressing intra-class variations. In
addition, each view is the same optimization goal, which will
make the learned multiple visual embeddings lack diversity.

In order to optimize multi-view visual embeddings, [Qu
et al., 2020] directly substitute the maximum matching score
s*(V,T) in K views into the triplet loss:

=la—s"(V,T) +s*(V, T)l4
Ha—s*(V,T) +5*(V, 7))
Lrv-Max-Tri 18 consistent with the design of MV-VSE. Howev-
er, taking Lyv.maxri as the optimization target of MV-VSE,
for a visual data V, only one feature aggregator will be opti-
mized for each backpropagation, which is easy to fall into the
local minima. Figure 4 (c) in Section 4 will verify this.

To simultaneously optimize all view branches and retain

intra-class variations, we propose a multi-view upper bound
loss. The specific definition of the loss is:

LMV—Max—Tri

(€))

K
1 . .
EMV—Up—Tri = e E {[O& — S(Vk, t) + 5" (V, T)]+ . ]1(‘/, T)
k=1

+ [ — s(vg,t) +
(10)
where

]l(V,T): { 8*(KT)] >0

1, Vg, [a—s(vg,t) +
0, otherwise,

D
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S (VD)) 1V, 1)

17 vv/m [Oé - S(Vkat) + S*(VaT)] > 07

1V, 1) = {0, otherwise.

(12)
Lmv-vp-tri 18 a strict upper bound of Lyv-max-ri- In order to
facilitate understanding, we introduce a rough upper bound

of LMV-Max-Tri:

K
1 N
LMV-Up-Rough-Tri = I Z {[a — 8(vg,t) +s*(V, 1))+
k=1
+ [a = s(vi,t) + s*(V,T)]4 ¢ .
(13)

Since s*(V,T) > s(vg,t), it’s easy to get Lyvmax-Ti <
Lmv-Up-Rough-Tri-  £MV-Up-Rough-Tri  €an optimize all view
branches, but it still brings all visual embeddings {v;}<
closer to t, suppressing intra-class variations. Therefore, we
introduce indicator functions 1(V,7) and 1(V,T). When

1(V,T) = 1, all visual embeddings do not meet the con-
straint of triplet loss, and all view branches will be optimized.
1(V,T) = 0 means that at least one visual embedding satis-
fies the constraint of triplet loss, and the other branches no
longer bring v and t closer, keeping the intra-class varia-
tions.

When [o — s*(V,T) + s*(V,T)] > 0, 1(V,T) = 1. Sim-

ilarly, when [a — s*(V,T) + s*(V,T)] > 0, 1(V,T) =
Therefore, we can get:
Lvv-Max-Tri < Lmv-Up-Tri < LMV-Up-Rough-Tri- (14)

Lyv.up-yi 18 the tighter upper bound of Lytv.max-ri, Which can
simultaneously optimize all view branches and retain intra-
class variations.

Diversity of views is essential to improve the generaliza-
tion ability of the model. Optimizing MV-VSE using only
Lyv.vp-ti Will make multiple views too similar, so we op-
timize Cyv-Max-Tr and Lmv.up-ti jointly. When optimizing
Lymv-Max-Tri> only one view branch is optimized at a time,
which naturally introduces the diversity between views. The
overall objective of the MV-VSE can be formulated as fol-
lows:

+ (1 = AN Lmvupmi,  (15)

where A is a parameter to balance balance the contributions
of the two losses, which can control the diversity of views.

Note that other losses (e.g. normalized softmax loss [Zhai
and Wu, 2019]) can also be converted to a multi-view version
using our method.

LMV—VSE—Tri = /\LMV-Max-Tri

4 Experiments

4.1 Datasets and Evaluation Metric

We evaluate our method on two standard benchmarks: Flick-
30K [Young et al., 2014] and MS-COCO [Lin et al., 2014].
Flickr30K dataset contains 31,000 images, each image is an-
notated with 5 sentences. Following the data split of [Faghri
et al., 2018], we use 1,000 images for validation, 1,000 im-
ages for testing, and the remaining for training. MS-COCO
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Data Split Flickr30K 1K Test COCO 5-fold 1K Test
Eval Task Image-to-Text Text-to-Image RSUM Image-to-Text Text-to-Image RSUM
Method R@]l R@5 R@10 R@]1 R@5 R@10 R@]1 R@5 R@10 R@] R@5 R@10
ResNet-152 + RNN
VSE++ [Faghri er al., 2018] 529 80.5 872 39.6 70.1 79.5 409.8 64.6 90.0 957 520 843 92.0 478.6
SCO [Huang et al., 2018] 555 820 893 41.1 705 80.1 4185 69.9 929 975 567 87.5 948 499.3
ResNet-101 Faster R-CNN + RNN
LIWE [Wehrmann et al., 2019] 69.6 90.3 956 51.2 804 872 4743 732 955 982 579 883 945 507.6
VSRN* [Li et al., 2019] 713 906 96.0 547 81.8 882 482.6 762 948 982 628 89.7 95.1 51638
CVSE [Wang er al., 2020] 735 921 958 529 804 878 4825 748 95.1 983 599 894 952 5127
GPO [Chen et al., 2021] 765 942 977 564 834 899 498.1 78.5 96.0 987 61.7 903 95.6 5208
GPO (MV-VSE) 79.0 949 977 591 84.6 90.6 505.8 787 957 98.7 627 904 957 5219
ResNet-101 Faster R-CNN + BERT
CAMERA* [Qu er al., 2020] 78.0 95.1 979 603 859 91.7 508.9 775 963 98.8 634 909 958 5227
GPO [Chen et al., 2021] 81.7 954 976 614 859 0915 5135 79.7 964 989 648 914 963 5275
GPO (MV-VSE) 82.1 958 979 63.1 86.7 923 5175 80.4 966 99.0 649 912 96.0 528.1
Table 1: Experimental results (%) on Flickr30K and MS-COCO 1K. *: Ensemble results of two models.
dataset contains 123,287 images, and each image comes with Eval Task Image-to-Text Text-to-Image
. . . . RSUM
5 sentences. We mirror the data split setting of [Faghri er al., Method R@1 R@5 R@10 R@1 R@5 R@10
2018]. More specifically, we use 113,287 images for training, ResNet-152 + RNN
5,000 images for validation, and 5,000 images for testing. We VSE++ 413 71.1 812 303 594 724 3557
report results on both 1,000 test images (averaged over 5 fold- SCO 42.8 723 83.0 33.1 629 755 369.6
s) and the full 5,000 test images. ResNet-101 Faster R-CNN + RNN
For the evaluation of image-text retrieval, following the VSRN* 53.0 81.1 894 40.5 70.6 81.1 415.7
[Faghri er al., 2018], we use the Recall @K (R@K), with GPO 56.6 83.6 914 393 699 81.1 4219
K = {1,5,10} as the evaluation metric for the task. R@K GPO (MV-VSE) 56.7 84.1 914 403 70.6 81.6 424.6
indicates the percentage of queries for which the model re- ResNet-101 Faster R-CNN + BERT
turns the correct item in its top K results. We follow [Chen et CAMERA*  55.1 829 91.2 405 71.7 825 4239
al., 2021] to use RSUM, which is defined as the sum of recall GPO 58.3 853 923 424 727 832 4343
GPO (MV-VSE) 59.1 86.3 925 425 728 83.1 436.3

metrics at K = {1,5,10} of both text-to-image and image-
to-text retrievals, as a summarizing metric to gauge retrieval
model’s overall performances.

4.2 Implementation Details

We apply the proposed MV-VSE framework to the GPO
[Chen et al., 2021], denote as GPO (MV-VSE). We im-
plement multiple generalized pooling operators to aggre-
gate visual features into multi-view visual embeddings. The
loss function is the multi-view version of the triplet loss
Lyv.vse-ti. GPO is the current state-of-the-art VSE mod-
el without extra training data. For GPO, image features are
bottom-up attention [Anderson et al., 2018] region features
extracted by a pretrained Faster R-CNN [Ren e al., 2015] in
conjunction with ResNet-101 [He et al., 2016], and we use
either BiIGRU or BERT-base [Devlin et al., 2019] as the text
feature extractor. Parameters are set as K = 3, A = 0.7, for
both Flickr30K and MS-COCO.

4.3

Table 1 compares MV-VSE with VSE baselines over differen-
t feature extractors on Flickr30K and MS-COCO 1K test set.
VSE++ [Faghri ef al., 2018], SCO [Huang et al., 2018], LI-
WE [Wehrmann et al., 2019], VSRN [Li et al., 2019], CVSE
[Wang et al., 2020] and GPO [Chen et al., 2021] are state-
of-the-art VSE methods proposed in recent years. CAMERA

Quantitative Results and Analysis

Table 2: Experimental results (%) on MS-COCO 5K. *: Ensemble
results of two models

[Qu et al., 2020] is the only multi-view VSE method current-
ly. For a fair comparison, we divide the text feature extractor
into RNN-based (e.g. GRU, LSTM) and BERT-based meth-
ods for comparison. Over all feature extractors, MV-VSE
outperforms the baselines. The improvement of MV-VSE on
Flickr30K is more obvious than that on MS-COCO. Since
Flickr30K has larger intra-class variations. This is consistent
with our statistics on the similarity within the two datasets as
shown in Figure 2. Table 2 shows the experimental results
on MS-COCO 5K test set. MV-VSE is also superior to other
methods. The improvement of MV-VSE on the MS-COCO
5K test set is more obvious than that on the MS-COCO 1K
test set, which reflects the better generalization ability of M V-
VSE in large-scale retrieval.

Ablation Study. We conducted an ablation study on the
major components of our MV-VSE framework as showed in
Table 3. Lr; (K = 1) represents a common single-view
VSE model. It can be seen that the multi-view model is al-
ways better than the single-view model. The performance of
the proposed Lyv.up-tyi 18 better than that of Lyvmax-1i and
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Eval Task Image-to-Text Text-to-Image
Method R@]1 R@5 R@10 R@1 R@5 R@10

Lri(K=1) 76.5 942 9777 564 834 899
Lvvvax-i (K =3) 772 942 96.6 57.6 844 90.1
Lyvaveri (K =3) 772 943 977 579 83.7 905
Lyvvupti (K=3) 778 953 979 580 840 90.0
Lyvvvseri (K =3) 79.0 949 97.7 59.1 84.6 90.6

Table 3: Ablation experimental results on Flickr30K.
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Figure 4: Effects of different configurations of hyper-parameters on
Flickr30K.

Lmv-ave-Tri» thanks to the fact that Lyv.up-tri can can simulta-
neously optimize all view branches and retain intra-class vari-
ations. Lyv.ysg-Ty achieved the best performance, indicating
that the introduction of Lyiv.max.Tri joint optimization increase
the diversity of perspectives and improved the generalization
ability of the model.

Effects of the Numbers of Views. Figure 4 (a) shows the
effect of the number of views K on the performance of MV-
VSE. We test the effect of K by fixing A = 0.7. As K in-
creases, the retrieval performance increases first and then de-
creases slightly. When K = 3, MV-VSE reaches the best
performance. Since there are 5 text descriptions for an image
in Flickr30K, there are not many views. If it is applied to da-
ta with larger intra-class variations, K can be appropriately
increased.

Effects of the Diversity of Views. Figure 4 (b) shows the
effects of the hyper-parameter A on the retrieval performance
and the similarities between different views of MV-VSE. We
test the effect of A by fixing K = 3. With the increase of A,
the contribution of LyvvaxTri becomes larger, and the simi-
larities between different views are smaller. The increase of
A increases the diversity of views, and the corresponding re-
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A child in a striped shirt walks by some
red chairs.

A child walking and leaving a trail
behind them.

People are gathered around the table
filled with food.

2
A happy family at thanksgiving.

Figure 5: Visualization of MV-VSE on Flickr30K. For each group,
we respectively showed the raw image and two attention maps of
different views with the matched sentences from left to right.

trieval performance is improved. However, when A = 1, the
optimization goal of the model is Lyvmax-ii, Only one fea-
ture aggregator will be optimized for each backpropagation,
which is easy to fall into the local minima and results in bad
performance. Figure 4 (c) shows the ratio of each view select-
ed when A\ = 1. It can be seen that the model almost always
selects a certain view. Since this view branch is always opti-
mized, and other branches cannot be trained, the entire model
falls into local minima. When the proposed multi-view upper
bound loss is added, as shown in Figure 4 (d), each view can
be optimized, and each view may be selected.

4.4 Visualization of MV-VSE

To intuitively see the difference between the learned multi-
ple views, we visualize the MV-VSE. We calculate the cosine
similarity between the bottom-up attention regional features
and the final visual embeddings. The similarity is used as the
attention score to visualize the heatmap. Several visualization
results are shown in Figure 5. It can be seen that MV-VSE
learns embeddings from different views. For example, in Fig-
ure 5 (a), the second sentence focuses on the child’s clothes
and the “red chair” on the left side, and the corresponding
visualization results also pay more attention to these region-
s. In Figure 5 (b), The first sentence pays more attention to
“the table filled with food”, while the second sentence pays
more attention to the “family”. The visualization results also
give the corresponding attention to the regions. The visual-
ization of MV-VSE demonstrates the successful modeling of
intra-class variations.

5 Conclusion

This paper proposes a plug-and-play multi-view visual-
semantic embedding (MV-VSE) framework, which can be
used for image-text and video-text retrieval without exces-
sively increasing model complexity. To optimize MV-VSE, a
multi-view upper bound loss is proposed to jointly optimize
the multi-view embedding while retaining intra-class varia-
tions between different views. Comprehensive experiments
show that MV-VSE can improve the performance of existing
VSE methods. In the future, the idea of multi-view will be
applied to more retrieval tasks.
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