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Abstract

In this paper, we focus on the problem of unsupervised
image-sentence matching. Existing research explores to uti-
lize document-level structural information to sample positive
and negative instances for model training. Although the ap-
proach achieves positive results, it introduces a sampling bias
and fails to distinguish instances with high semantic similar-
ity. To alleviate the bias, we propose a new sampling strat-
egy to select additional intra-document image-sentence pairs
as positive or negative samples. Furthermore, to recognize
the complex pattern in intra-document samples, we propose
a Transformer based model to capture fine-grained features
and implicitly construct a graph for each document, where
concepts in a document are introduced to bridge the repre-
sentation learning of images and sentences in the context of
a document. Experimental results show the effectiveness of
our approach to alleviate the bias and learn well-aligned mul-
timodal representations.

Introduction
Image-text matching is one of the fundamental problems
in the field of vision and language (Nam, Ha, and Kim
2017; Huang et al. 2018), and the main target is learning to
align the semantic spaces of two modalities (Figure 1(a)).
Previous works on image-text matching is mainly super-
vised (Lee et al. 2018; Wang et al. 2019; Zheng et al. 2020),
requiring large amounts of annotated image-sentence pairs
(Figure 1(b)). Considering labeled pairs of images and sen-
tences are expensive to obtain, progress in developing un-
supervised methods is therefore exciting and promising. Al-
though some attempts are made to align image regions and
segments of sentences (Karpathy, Joulin, and Fei-Fei 2014;
Karpathy and Fei-Fei 2015; Rohrbach et al. 2016; Datta
et al. 2019), they still rely on matched image-sentence pairs
for distant supervision.

The main challenge in unsupervised image-sentence
matching is the lack of such information to distinguish pos-
itive and negative samples for model training. (Hessel, Lee,
and Mimno 2019) explores to utilize the document-level
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Figure 1: Illustration of different settings for image-sentence
matching: (a) multimodal semantic spaces, (b) supervised
alignment, (c) unsupervised cross-document objective in
(Hessel, Lee, and Mimno 2019), (d) our intra-document ob-
jective. Red links denote matched positive pairs, blue links
denote negative pairs; solid links represent annotated la-
bels, dashed lines represent pseudo labels detected by un-
supervised methods; dashed circles denote image-sets and
sentence-sets in documents.

structural information. In specific, image-sentence pairs in
a document (intra-document) are selected as positive sam-
ples, and negative samples are drawn from cross-document
image-sentence pairs (Figure 1(c)). During training, the
model is learning to maximize the distance between the
sampled positive and negative pairs. Although this unsuper-
vised sampling strategy is shown to be effective for learning
aligned representations for images and sentences to some
extent, the sampling bias between the training environment
and real environment can not be ignored.

Figure 2(a) shows an example. The positive and nega-
tive sample pairs for training are much easier to be distin-
guished (book vs horses), while an image and a sentence
in a negative sample from the testing environment can be
highly correlated in terms of semantics. We further present
the evidence for bias resulted in this sampling strategy in
Figure 2(b). For each sentence in the VIST-DII dataset (Hes-
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Two ponies 
are in a dirt

covered 
field

Two 
horses are 
grazing on 

grass

a flip book 
filled with 
greeting 

cards

a memory 
book 

made for 
a child

(a) Illustration of positive and negative samples for train-
ing and evaluation in (Hessel, Lee, and Mimno 2019): links
in red/green are negative/positive samples considered during
evaluation, while links in yellow are negative samples consid-
ered during training.

(b) Distributions of L2 distances between pre-trained CNN
features of ground-truth matched and negative images with
respect to the same sentence, during inter-document training
and intra-document evaluation.

Figure 2: Illustration of the sampling bias.

sel, Lee, and Mimno 2019), we compute the L2 distances be-
tween pre-trained CNN features of its ground-truth matched
and negative images considered in the training and evalua-
tion process, then visualize the two distributions. The differ-
ence between these two distributions is significant1 and dis-
tances of training samples are generally larger. Such a sam-
pling bias makes it hard for trained models to learn good rep-
resentations for determining the correspondences between
similar images and sentences.

To alleviate the issue of sampling bias, we propose to fur-
ther distinguish positive and negative samples in the same
document, which corresponds to Figure 1(d). In practice, we
sample negative samples from the pairs with the least seman-
tic similarity in a document. Distinguishing similar images
and sentences in a document requires the backbone model’s
capability to learn cross-modality representations with fine-
grained information. Consider the document on the right in
Figure 2(a), capturing the object-level details like “dirt” and
“grass” is necessary to distinguish these 2 sentences and im-
ages. Motivated by the success of recent works on introduc-
ing concepts to bridge cross-modal learning (You et al. 2016;
Fan et al. 2019), we further explore to model concepts in a

1We conduct a two-sample Kolmogorov-Smirnov test where
p-value < 0.01.

document to bridge the semantics of images and sentences.
We propose to extract concepts from images and build an
intra-document graph composed of images, sentences, and
concepts implicitly. A Transformer based model is utilized
to model these implicit dependencies and represent images
and sentences with context-encoded fine-grained features.

The main contributions of our work are as follows:
• We reveal the sampling bias issue of an unsupervised

sampling strategy for image-sentence matching that se-
lects positive and negative samples from intra-document
image-sentence and cross-document pairs, respectively.

• To alleviate the sampling bias issue, we propose a strategy
to select negative samples and additional positive samples
from intra-document pairs and form a new objective for
cross-modality representation learning.

• To recognize the complex pattern in intra-document sam-
ples, we propose a Transformer based model to cap-
ture fine-grained features and integrate concepts into our
model to bridge the representation learning of multimodal
data in a document.

• We evaluate our method on the task of multi-model link
prediction in multi-image, multi-sentence documents. Ex-
periments show the effectiveness of our proposed method
to alleviate the bias and learn better multimodal represen-
tations in the context of documents for this task.

Unsupervised Sampling Strategy based on
Document-Level Structure

We first introduce the setting of document-level structure
proposed by Hessel, Lee, and Mimno (2019). We are given a
set of documents, each document di = 〈Si, Vi〉 consists of a
set Si of |Si| sentences and a set Vi of |Vi| images. On top of
this, we define two kinds of image-sentence pairs, namely,
intra-document pairs and cross-document pairs. Moreover,
we propose three different strategies to sample positive
or negative pairs and form three objectives namely, cross-
document objective, intra-document objective, and dropout
sub-document objective for model training. The overall il-
lustration is shown in Figure 3. M̂i denotes the similarity
matrix of intra-document pairs where each element M̂i,(m,n)

is the similarity between Si,m and Vi,n, M̂ c
i,j denotes the

similarity matrix of cross-document pairs where each ele-
ment M̂ c

i,j,(m,n) is the similarity between Si,m and Vj,n.

Cross-Document Objective
The first objective is based on the assumption that co-
occurring image-set/sentence-set pairs should be more sim-
ilar than non-co-occurring image-set/sentence-set pairs.

We construct negative documents by combining non-co-
occurring image-set/sentence-set pairs, and the objective for
a single positive document can be characterized by hard neg-
ative mining with hinge loss:

Lc(Si, Vi) = max
j 6=i

hα(sim(Si, Vi), sim(Si, Vj))

+max
j 6=i

hα(sim(Si, Vi), sim(Sj , Vi)) (1)
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Figure 3: An illustration of the proposed training objectives,
lines in documents represent sentences, different colors cor-
respond to different documents. “+” represents the TK func-
tion and “-” represents the NegTK function. All M̂ in the
figure are computed by the same backbone model, and all
Ŝ are the document-level similarities. Dashed lines indicate
the negative inputs of hinge loss functions. “HL” and “HN”
are short for hinge loss and hard negative, respectively.

where we consider i, j in a mini-batch. hα(m,n) =
max(0, n−m+α) is the hinge loss function with a margin
of α, sim is a similarity function to compute the similarity
between an image-set/sentence-set pair by mapping the pre-
dicted association matrix M̂ between them to a real number,
this function will select representative image-sentence pairs
according to a specific criterion, and calculate the average
similarity of selected pairs as the document-level similar-
ity. We use a function TK : R|S|×|V | 7→ R here, where
the k most likely sentence-to-image and image-to-sentence
edges will be selected based on currently predicted similar-
ity, then compute the average similarity of selected pairs as
the document-level similarity. This procedure corresponds
to the equation: sim(Si, Vj) = Ŝci,j = TK(M̂ c

i,j).

Intra-Document Objective
The second objective aims to select negative image-sentence
pairs from a document, with the assumption that similarities
between predicted non-corresponding image-sentence pairs
should be lower than predicted matched image-sentence
pairs from the same document.

Similar to TK which measures the “positive” similar-
ity, we also introduce a function NegTK to measure the
document-level “negative” similarity i.e. how similar are
those predicted non-corresponding images and sentences,
NegTK will first select the k most unlikely sentence-to-
image and image-to-sentence edges based on current pre-
dicted similarity, then calculate the average similarity of
selected pairs as the document-level “negative” similarity.
Then we can characterize this intra-document objective by a
hinge loss between the document-level “positive” similarity
and “negative” similarity:

Ŝposi =TK(M̂i)

Ŝnegi =NegTK(M̂i)

Lintra(Si, Vi) = hα
2
(Ŝposi , Ŝnegi ) (2)

where h(·) has the same definition as in Equation 1 but with
a smaller margin α

2 . NegTK can be efficiently implemented
with an equivalent definition: NegTK(M̂i) = −TK(−M̂i).

In essence, adding this complementary objective is equiv-
alent to those intra-document image-sentence pairs with low
predicted similarity as negative samples. Generally, it is
nearly impossible for all image-sentence pairs to have a se-
mantic association, we believe this strategy will have a high
probability to choose those image-sentence pairs without an
edge between them in ground-truth.

Dropout Sub-Document Objective
When using TK, only the 2k most probable image-sentence
pairs will be regarded as positive samples. Apart from those
2k selected edges, there may exist (weaker) semantic associ-
ations between other image-sentence pairs according to the
composition of a document.

To utilize that information, we introduce another com-
plementary cross-document objective, under the assumption
that even if some sentences and pictures in a document are
removed, the dropout sub-document composed of remaining
sentences and images will also have a higher document-level
similarity than those of negative documents, with a smaller
gap.

For a single positive document, we firstly construct a
dropout sub-document by randomly removing a certain per-
centage (1− psub) of sentences and pictures:

Ssubi = Uniform(Si, n = bpsub × |Si|c)
V subi = Uniform(Vi, n = bpsub × |Vi|c) (3)

where Uniform(A, n = nA) represents a function to uni-
formly draw nA samples from A without replacement. Then
we can characterize the objective with a form similar to Lc:

Lsubcross(Si, Vi) = max
i6=j

hα
2
(sim(Ssubi , V subi ), sim(Si, Vj))

+max
i6=j

hα
2
(sim(Ssubi , V subi ), sim(Sj , Vi))

(4)

At document level, adding this complementary objec-
tive means constructing more positive documents; at image-
sentence pair level, it is equivalent to a new sampling strat-
egy: select additional positive image-sentence pairs from a
document without considering some images and sentences.
But these positive samples are regarded weaker and sup-
posed to have a smaller gap.

We combine 3 objectives to the total loss, for a single pos-
itive document, it will be:

L(Si, Vi) = Lc(Si, Vi) + Lintra(Si, Vi) + Lsubcross(Si, Vi)
(5)

Cross-Modality Alignment Model
To better leverage information both in intra-document posi-
tive and negative image-sentence pairs, the backbone model
needs to be able to represent images and sentences with
fine-grained features and in the context of a document. Our
model will extract representations of images and sentences
in a dmulti-dimensional multimodal text-image space.

13326



Visual Transformer Textual Transformer

Position
Embedding

Cosine Similarity

Average Pooling Average Pooling

Segment
Embedding

Multimodal
Feature

Embedding

Multimodal
Feature

Embedding

O O O C C C

Word Embedding + Feed-Forward

1 2 3 4 5

each        chair        has            a         pillow 

Faster RCNN

Feed-Forward

ሚ𝑓1 ሚ𝑓2 ሚ𝑓3 ǁ𝑡1 ǁ𝑡2 ǁ𝑡3

+ + + + + +

෥𝑤1 ෥𝑤2 ෥𝑤3 ෥𝑤4 ෥𝑤5

pillow chair towel

+ + + + +

objects {𝑓𝑖} concepts {𝑐𝑖}
Image Sentence: {𝑤𝑗}

Figure 4: Architecture of our cross-modality alignment model.

Our idea is to introduce another type of nodes “concept”
into the original bipartite graph, these nodes represent possi-
ble concepts (entities) the document may contain, we utilize
these nodes as an intermediary of implicit links between im-
ages and sentences, and bridge the representation learning
of images and sentences in a document. Correct construction
of such kind of graphs for every document is intractable, we
thus resort to an implicit implementation with Transformer
(Vaswani et al. 2017) – which can be viewed as a densely
connected graph model (Xu, Joshi, and Bresson 2019) – and
a shared embedding layer between words in sentences and
concepts.

Visual Objects and Concepts
To extract possible concepts in a document, we consider vi-
sual entities detected from images since concepts in sen-
tences are obscure and may have compound meanings. Fol-
lowing Anderson et al. (2018), we use a pre-trained Faster
RCNN (Ren et al. 2015) to extract µ object proposals
{o1, ..., oµ} for each image, where each object oi is repre-
sented by its 2048-dimensional region-of-interest (ROI) fea-
ture fi. At the same time, predicted labels of these objects
are considered as extracted concepts {c1, ..., cµ}.

Extracting Sentence Representations
Similar to Tan and Bansal (2019), a sentence is first split into
words {w1, ..., wλ}, then a word wj and its index i (wi’s ab-
solute position in the sentence) are sent to a 300D word em-
bedding layer and a position embedding layer respectively:

w̃i = WordEmbed(wi)

ũi = PosEmbed(i)

h̃i = LayerNorm(w̃i + ũi) (6)

where the word embedding layer is initialized with
GoogleNews-pretrained word2vec embedding (Mikolov
et al. 2013), the position embedding layer is randomly ini-
tialized from a uniform distribution between -0.02 and 0.02.

We further project the embeddings with a feed-forward
layer and encode them by a single-modalityNT -layer Trans-

former:
h0i =WT h̃i + bT

{hl+1
1 , ..., hl+1

λ } = TransformerlT ({hl1, ..., hlλ}) (7)
where WT ∈ Rdmulti×300 and bT ∈ Rdmulti are parameters
of the feed-forward layer.

Finally, we extract the representation of a sentence
through an average pooling layer on top of {hNT1 , ..., hNTλ }.

Extracting Image Representations
A cross-modality Transformer is used to model the depen-
dency between extracted visual objects and visual concepts
in an image, modeling the links between concepts and im-
ages.

In this cross-modality Transformer, each object oj is rep-
resented by its ROI feature fj and a segment embedding in-
dicating this token is a visual object:

f̃j = LayerNorm(WV fj + bV )

s̃j = LayerNorm(SegEmbed(oj))

ṽi = (f̃i + s̃i)/2 (8)
Each concept ck is sent to a word embedding layer and

then projected through a feed-forward layer to learn a textual
concept embedding, and a segment embedding is added to it
to indicate this token is a visual concept:

w̃k = WordEmbed(ck)

t̃k = LayerNorm(WT w̃k + bT )

s̃k = LayerNorm(SegEmbed(ck))

c̃k = (t̃k + s̃k)/2 (9)
If a concept consists of several words, an average pooling is
applied to get the textual embedding. The word embedding
layer shares weight with the layer in extracting sentence rep-
resentations, as in Equation 6. This characterizes the links
between concepts and sentences when concepts are directly
mentioned in those sentences.

Then all objects and concepts in each image are sent into
a NC-layer cross-modality Transformer:

{e01, ..., e02µ} = {ṽ1, ..., ṽµ, c̃1, ..., c̃µ}

{el+1
1 , ..., el+1

2µ } = TransformerlT ({el1, ..., el2µ}) (10)
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train/val/test ni/mi # imgs density
MSCOCO 25K/2K/2K 10/10 83K 5%
Story-DII 22K/3K/3K 5/5 47K 20%
Story-SIS 37K/5K/5K 5/5 76K 20%

Table 1: Dataset Statistics: density refers to edge density in
the ground-truth graph for a document, i.e. the number of
ground-truth edges divided by the number of all possible
edges (ni ∗mi)

Similarly, an average pooling layer on all objects and con-
cepts outputted by the last Transformer layer {eNC1 , ..., eNC2µ }
is used to extract the representation of an image.

Experiments
We evaluate our unsupervised training strategy on the task of
multi-model link prediction in multi-image, multi-sentence
documents proposed in (Hessel, Lee, and Mimno 2019).

Multi-image Multi-sentence Linking
For a document di = 〈Si, Vi〉 consists of a set Si of |Si| sen-
tences and a set Vi of |Vi| images, we aim to predict the label
for each pair of image and sentence within the document.
We generate features for all images and sentences based
on trained cross-modality representation learning model and
compute the similarity matrix M̂i where the (i, j)th element
is the cosine similarity between the ith sentence representa-
tion and jth image representation.

Experiment Datasets
We evaluate our proposed method on MSCOCO (Lin et al.
2014) and VIST (Huang et al. 2016). Hessel, Lee, and
Mimno (2019) collect images and sentences to compose
documents from those crowdlabeled dataset, then con-
struct 3 different datasets for intra-document link prediction:
MSCOCO, DII, and SIS. In MSCOCO, each document con-
sists of 5 randomly sampled image-caption pairs, 5 distractor
images, and 5 distractor sentences. In DII and SIS, each doc-
ument consists of 5 images from the same album and 5 sen-
tences of the corresponding description-in-isolation (DII) or
story-in-sequence (SIS) story. Statistics of these datasets are
given in Table 1.

Implementation Details
For images, we use a Faster-RCNN pre-trained on Visual
Genome (Krishna et al. 2017) provided by (Anderson et al.
2018). In DII and SIS, we extract 36 objects and concepts
for each image, while the number is adaptive in MSCOCO.
We set dmulti = 1024, NT = 3 and NC = 3. Each layer in
the single-modality Transformer and cross-modality Trans-
former has 8 heads. Mask in Transformers is used to deal
with sequences with variable lengths. For training objective,
in function TK, we set k = min(ni,mi). The sub-document
proportion psub is set as 0.6 in SIS and DII, 0.8 in MSCOCO.
Margin α in hinge loss is set to 0.2. We train our model us-
ing Adam optimizer (Kingma and Ba 2014). With a warm-
up phase, we linearly increase the learning rate from 1e-7

to the configured max learning rate after several steps. In
MSCOCO, max learning rate and warm-up steps are set as
1e-5 and 3000 respectively, while they are set as 5e-5 and
4000 in SIS and DII. After the warm-up phase, we decrease
the learning rate by a factor of 5 each time the total loss
over the validation set plateaus for more than 3 epochs. The
mini-batch size is 11.

Overall Performance
We compare our model with the model proposed in (Hessel,
Lee, and Mimno 2019), which are the only existing unsu-
pervised model for this task, 2 baseline models are also pro-
posed by Hessel, Lee, and Mimno (2019) and listed here for
a comparison:

• Object Detection Each image is represented by the aver-
age of the word2vec embeddings of its K most probable
labels predicted by pretrained DenseNet169 (Huang et al.
2017), while each sentence is represented by the average
of the word2vec embeddings of its words.

• NoStruct randomly samples image-caption pairs from a
document and treat the similarity between them as the
document-level similarity.

• MulLink (Hessel, Lee, and Mimno 2019) uses a GRU-
CNN based backbone model to encode images and sen-
tences, and it is trained only using the loss in Equation 1.

Table 2 shows the comparative results. Both MulLink
and our model show a superior performance than base-
line models, reflecting their capability to measure cross-
modality similarity more efficiently and sample effective
image-sentences pairs in a structural document under the
unsupervised setting. In general, Our approach outperforms
MulLink in all 3 datasets, which means our proposed sam-
pling strategy and fine-grained backbone model help to im-
prove the performance jointly.

In MSCOCO, there is nearly no bias between intra-
document and cross-document negative image-sentence
pairs, due to the composition of documents, so MulLink has
already achieved nearly perfect performance on the AUC
metric. Our model still shows superior performance on P@1
and P@5, which means MulLink gets troubled in distin-
guishing some negative intra-document pairs, and our back-
bone model has a stronger ability to measure cross-modality
in finer granularity. In DII, images and sentences in a doc-
ument are more similar, i.e. a larger differences between
cross-document and intra-document image-sentence pairs.
In such a setting, distinguishing positive and negative intra-
document samples requires fine-grained cross-modality sim-
ilarity measurement, our approach therefore has obvious im-
provements on all metrics. In SIS, the main challenge is how
to understand each sentence in a story, sentences are tightly
related to each other and may even use pronouns to refer
to words in other sentences. Our model still outperforms
MulLink.

Ablation Study
To better understand the influence of each module in our ap-
proach, we perform the ablation study on the DII dataset,
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MSCOCO Story-DII Story-SIS
AUC p@1/p@5 AUC p@1/p@5 AUC p@1/p@5

Obj Detect 89.5 67.7/45.9 65.3 50.2/35.2 58.4 40.8/28.6
NoStruct 87.4 50.6/34.3 77.0 60.8/46.3 64.5 42.8/33.2
MulLink 99.0 95.0/81.1 82.9 72.0/55.8 68.8 51.8/38.6
Ours 99.3 97.6/86.0 85.5 77.2/60.1 70.2 53.1/39.8

Table 2: Overall performance of different models. Numbers in bold denote the best performance in each column.

backbone Objectives AUC p@1/p@5
1 Ours C+I+D 85.5 77.2/60.1
2 w/o Concept C+I+D 85.3 75.8/59.8
3 w/o T C+I+D 85.1 75.0/59.0
4 w/o T&Concept C+I+D 85.1 74.6/59.1
5 GRU+CNN C+I+D 84.0 72.9/58.0
6 Ours C+I 85.2 75.9/59.2
7 Ours C+D 85.4 76.2/59.9
8 Ours I+D 84.1 73.4/57.8
9 Ours C 85.0 75.5/59.4

Table 3: Ablation study on SIS, the “Objectives” column
represents different combinations of objectives used during
training, where “C”, “I”, and “D” correspond to 3 parts of
objectives mentioned, respectively. “T” is short for Trans-
former, w/o means removing a certain module.

and results are shown in Table 3. In those variations with-
out Transformer, we use a softmax pooling to aggregate all
objects (and concepts) features to represent an image, where
weights for softmax are computed by a linear layer, w/o con-
cepts means only a sequence of object features are sent to
backbone models. Several findings stand out:

• Generally, it is showed that each objective contributes to
the performance. Cross-document objective (“C”) is the
main part since it directly leverages document-level co-
occurrence information, other 2 are supplementary objec-
tives to sample more examples with respect to reasonable
assumptions, therefore the performance is not satisfying
when only using 2 supplementary objectives (see row 8).
Intra-document objective (“I”) helps to alleviate the bias,
dropout sub-document objective (“D”) aims to introduce
randomness and discover weak cross-modal association,
both of them utilize more information and enhance the
performance, and the combination of 3 objectives helps
the model reach the best performance.

• Without Transformer, just aggregating the concept fea-
tures into the image representation does not improve per-
formance (see row 2, 3), showing that the implicit graph
between concepts and objects modeled by Transformer is
necessary to extract better image representations.

• Incorporating concepts into Transformer significantly im-
proves performance on precision (see row 1, 2). Illustrat-
ing that modeling of the dependency between objects and
concepts is effective. An intuitive case is that our model
will easily detect the cross-modal association if sentences
involve classes of objects that appear in images.

Figure 5: Performance of supervised strategy using differ-
ent proportions of training data, dashed lines denote perfor-
mances of unsupervised strategies.

Further Analysis
Bias Alleviation
Our proposed sampling strategy aims to alleviate the bias
between cross-document training and intra-document evalu-
ation, we conduct error analysis to show the effectiveness of
our approach more intuitively. As the ”spread” hypothesis in
(Hessel, Lee, and Mimno 2019), documents with lower di-
versity among images/sentences are harder to disambiguate
at test time. This hypothesis corresponds to our idea, lower
intra-document diversity is equivalent to larger bias between
intra-document and cross-document image-sentence pairs,
since cross-document image-sentence pairs are always to-
tally uncorrelated.

So we follow the error analysis setting for the ”spread”
hypothesis, we use DenseNet169 features for images and
mean word2vec for sentences, then compute the mean
squared distance to their centroid to quantify the spread of a
document. An OLS regression of image spread + text spread
on test AUC scores is fitted and its R-Square statistic shows
how much of the variance in AUC can be explained by the
intra-document spread. For DII and SIS, our approach re-
duces the R-Square from 42% to 26% and 23% to 12%
respectively. This experiment does not involve MSCOCO
since AUC scores are all large.

These results illustrate that our approach weakens the in-
fluence of intra-document diversity (bias between training
and evaluating). Accompanied by the superior overall per-
formance, it is strong proof of our approach’s effectiveness
to alleviate the bias, under the unsupervised setting.
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we offer 
reclining chairs 

for lay-overs

our business class 
area has ample 
room to relax

each chair 
has a 

pillow…

… a computer , 
we offer areas 

for you

inside the 
plane are 

spacious chairs

(a) SIS; 76 AUC; Concepts: chair, pillow, computer, table, light 

a man standing 
dressed in a 
graduation 

gown

a man is 
walking behind 
two ladies with 
their umbrellas

students in 
red … on 
the stage

a person is 
showcasing the 

graduation 
papers

… holding a 
white 

business card

(b) DII; 87 AUC; Concepts: umbrella, man, hat, hand, paper

Figure 6: Illustrative documents in DII and SIS: Edges in green are true links in ground-truth; edge widths show the magnitude
of edges in M̂i (only positive weights are shown). Main detected concepts are listed and italicized words are directly involved in
sentences. Selected documents are representative because their AUC scores match the average AUC in corresponding datasets.

Method AUC p@1/p@5
1 Transfer from MSCOCO 78.6 66.5/49.5
2 Unsupervised 85.5 77.2/60.1

Table 4: Performance of different methods on DII without
explicit labels.

Comparison with Supervised Strategy
To show the efficiency of our unsupervised sampling strat-
egy, we compare the performance with a supervised model,
CNN-RNN is used as the backbone model. We vary the
proportion of samples used to train supervised models and
present the results in Figure 5. It reveals that the difference
between fully trained supervised and unsupervised strategies
is not that large. And it needs more than 40% of samples for
the supervised strategy to generate better performance than
our unsupervised approach (20% to beat MulLink).

In addition, we compare our model with a supervised
model in the setting of transfer learning. We train the
Transformer-based model on MSCOCO with ground-truth
image-sentence pairs and test it on DII. Results can be seen
in Table 4, without ground-truth labels in the target domain,
our unsupervised method shows a better performance.

Case Study
To show the effectiveness of using more information pro-
vided by additional intra-document samples and appropriate
model architecture, we present two illustrative examples in
Figure 6, the form of illustration is the same as in (Hessel,
Lee, and Mimno 2019). It shows that our models are able to
discover fine-grained association by detecting and utilizing
objects and corresponding concepts.

Related Work
Image-sentence matching is one of the fundamental tasks in
the field of vision and language (Nam, Ha, and Kim 2017;
Huang et al. 2018). A rich line of early studies focus on one-
to-one matching (Yan and Mikolajczyk 2015; Klein et al.
2015; Faghri et al. 2017; Gu et al. 2018), usually extract
global representations for image and sentence, then mea-
sure their similarities in a joint semantic space through. With

the success of deep learning, employing CNN and RNN
as modality-specific encoders becomes the mainstream. To
learn an aligned multimodal semantic space where matched
image-sentence pairs have small distances or high similari-
ties, proposed training strategies usually use triplet ranking
loss (Yan and Mikolajczyk 2015; Kiros, Salakhutdinov, and
Zemel 2014; Klein et al. 2015; Peng and Qi 2019), while
hard negative mining is showed to significantly improve the
performance in (Faghri et al. 2017).

To capture fine-grained cross-modality association, most
existing many-to-many matching methods try to incorporate
relationships between image regions and sentence words
(Karpathy, Joulin, and Fei-Fei 2014; Karpathy and Fei-Fei
2015; Huang, Wang, and Wang 2017; Lee et al. 2018; Wu
et al. 2019). Some works align image segments and portions
of a sentence without explicit labels (Karpathy, Joulin, and
Fei-Fei 2014; Karpathy and Fei-Fei 2015; Rohrbach et al.
2016; Datta et al. 2019).

Generally, most previous works follow a retrieval
paradigm within a large dataset (Lin et al. 2014; Young et al.
2014), where images and sentences are independent. Hes-
sel, Lee, and Mimno (2019) formulate the task of multi-
modal intra-document links prediction in multi-image multi-
sentence documents, some documents are collected from the
datasets of visual storytelling, which is another task requir-
ing modeling for intra-document dependency (Huang et al.
2016; Wang et al. 2020).

Conclusion and Future Work
In this work, we focus on the problem of unsupervised
image-sentence matching. In order to alleviate the sampling
bias introduced by the existing unsupervised training strat-
egy, we propose a new sampling strategy to efficiently sam-
ple additional positive and negative intra-document samples.
In addition, we propose to use a Transformer based model
to learn cross-modality representations for images and sen-
tences. Our approach improves the matching accuracy of an
unsupervised multimodal link prediction task across differ-
ent datasets. In the future, we would like to explore more
downstream tasks using our unsupervised matching strat-
egy. Besides, it is interesting to investigate few-shot seman-
tic concept detection in an unsupervised way.
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