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Abstract

Unsupervised image captioning aims to generate descriptions
of images without relying on any image-sentence pairs for
training. Most existing works use detected visual objects or
concepts as bridge to connect images and texts. Considering
that the relationship between objects carries more informa-
tion, we use the object relationship as a more accurate con-
nection between images and texts. In this paper, we adapt
the idea of distant supervision that extracts the knowledge
about object relationships from an external corpus and im-
parts them to images to facilitate inferring visual object re-
lationships, without introducing any extra pre-trained rela-
tionship detectors. Based on these learned informative rela-
tionships, we construct pseudo image-sentence pairs for cap-
tioning model training. Specifically, our method consists of
three modules: (i) a relationship learning module that learns
to infer relationships from images under the distant supervi-
sion; (ii) a relationship-to-sentence module that transforms
the inferred relationships into sentences to generate pseudo
image-sentence pairs; (iii) an image captioning module that is
trained by using the generated image-sentence pairs. Promis-
ing results on three datasets show that our method outper-
forms the state-of-the-art methods of unsupervised image
captioning.

Introduction

Unsupervised image captioning has aroused growing in-
terest from researchers in recent years, as it does not re-
quire large-scale high-quality paired images and sentences
for training. In existing settings (Feng et al. 2019; Laina,
Rupprecht, and Navab 2019; Guo et al. 2020; Meng et al.
2022), only image data, sentence corpus, and an off-the-
shelf object detector are needed to train a captioning model.
The sentence corpus usually comes from external resources,
e.g., sentences crawled from real-world websites (Feng et al.
2019).

The main challenge of unsupervised image captioning
task lies in how to build the connection between images
and sentences from the external corpus. To address this
challenge, with the help of object detector, previous meth-
ods regard detected visual objects and extracted entities as
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Sentence Corpus:
Amanis riding a

Visual Objects: < Entities: surfboard out on a
=) man, man, 4= wave,
surfboard surfboard Aman carrying a

surfboard across a
beach ...

(a) Objects as bridge to connect image and text.

Sentence Corpus:

Visual Objects: V Entities; | -anisHidinga
: man, surfboard man, surfboard Mﬁ*e“
—»Relationship: w Relationship:« Aman carrlying A
<man, carry, <man, carry, surfboard across a
surfboard> surfboard> beach ...

(b) Object relationships as bridge to connect image and text.

Figure 1: Illustration of using objects (a) and their relation-
ships (b) as the bridge to connect images and texts in the
unsupervised image captioning task.

shared elements to connect images and sentences as illus-
trated in Figure 1(a), such as guiding the reconstruction
between two modalities (Feng et al. 2019) or constraining
the learned manifolds (Laina, Rupprecht, and Navab 2019).
Several other methods use the detected objects as represen-
tations of visual content, in the form of labels (Guo et al.
2020) or regions (Meng et al. 2022).

Since objects are not independent and their relationships
carry more important contextual information, we address the
unsupervised image captioning task by introducing object
relationships to bridge images and sentences, as illustrated
in Figure 1(b). An intuitive solution is to apply an off-the-
shelf relationship detector to detect the object relationships
from images. However, this solution suffers from a seman-
tic gap between the relationships detected from images and
those expressed in sentences. For example, many possessive
or geometric relationships between objects, like (dog, have,
head) and (man, wear, shoes), are easily detected from im-
ages, but they are seldom described in sentences.

In this paper, we exploit knowledge about object relation-
ships extracted from external corpus to infer visual object
relationships in images. To enable the knowledge impart-
ing from texts to images, we propose a novel relational dis-
tant supervision method, which first infers visual object re-
lationships through scene-level alignment between images
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and sentences, and then converts the inferred relationships
into sentences to generate pseudo image-sentence pairs to
train an image captioning model. The relationships inferred
by our method are more similar to those described in sen-
tences than those detected by off-the-shelf detectors. This
brings the benefit of narrowing the semantic gap between re-
lationships in images and texts, resulting in generating better
captions.

Specifically, our method consists of a relationship learn-
ing module, a relationship-to-sentence module, and an im-
age captioning module. The relationship learning module
infers object relationships with images and object labels
as input, whose training data are image-relationship pairs
provided by distant supervision. The distant supervision is
built on the assumption that if a sentence contains the same
entities as an image, then the sentence and the image de-
scribe the same scene. With this assumption, we align im-
ages with sentences from the corpus that depict the same
scene, and the entity relationships parsed from the paired
sentences are treated as the relationship labels in images.
The relationship-to-sentence module converts the object re-
lationships inferred by the relationship learning module into
sentences, and is trained by reconstructing sentences from
the parsed entity relationships in the original sentences. The
converted sentences by the relationship-to-sentence module
and the corresponding images are served as pseudo image-
sentence pairs. The image captioning module generates cap-
tions to describe a given image, and is trained by using the
pseudo image-sentence pairs generated by the relationship-
to-sentence module.

The main contributions of this paper are three-fold:

* We address the unsupervised image captioning task by
exploiting the knowledge of object relationships ex-
tracted from the external corpus to connect images and
texts.

* We propose a relational distant supervision method that
infers visual object relationships by imparting the object
relationship knowledge from texts to images, without in-
troducing any extra relationship detectors.

» Extensive experiments on three datasets demonstrate that
our method achieves better results than the state-of-the-
art methods of unsupervised image captioning.

Related Work
Unsupervised Image Captioning

Unsupervised image captioning has attracted increasing at-
tention in recent years, since it alleviates the heavy reliance
on large-scale high-quality image-sentence pairs. This task
is first proposed by Feng et al. (2019), where a GAN-
based bidirectional reconstruction model is designed to learn
the correlation between images and texts. The detected ob-
jects are used to initialize the model and calculate a special
object-based reward. Laina, Rupprecht, and Navab (2019)
map images and sentences into a shared manifold and de-
code captions from embeddings, where the objects are used
as the anchors to find an accurate space.

In addition to using objects as rewards or constraints in
this task, there have been other attempts to use them di-
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rectly as visual representations. Guo et al. (2020) propose a
concepts-to-sentence memory translator that takes object la-
bels detected from images as the visual information. Meng
et al. (2022) collect a set of object regions from images and
train a Transformer based model to generate captions based
on the input regions.

Different from these methods that use objects as the
bridge to connect images and texts, we impart the knowledge
of object relationships from texts to images, and then use
those relationships as more accurate connections between
images and sentences.

Distant Supervision

Distant supervision is a paradigm that uses external knowl-
edge bases to provide labels for unlabeled datasets. It is in-
troduced by Mintz et al. (2009) into the relation extraction
task in the field of natural language processing, which aligns
a given knowledge base with text to train a relation extrac-
tor. The alignment process is guided by the assumption:*“If
two entities participate in a relation, then all sentences men-
tioning those two entities express that relation”. There have
emerged plenty of works following this thought and achiev-
ing satisfying results without labeled data for their specific
tasks, such as relation extraction (Mintz et al. 2009; Zeng
et al. 2015; Ji et al. 2017), named entity recognition (Meng
et al. 2021; Shang et al. 2018; Liang et al. 2020; Hedderich,
Lange, and Klakow 2021; Peng et al. 2019), part-of-speech
tagging task (Fang and Cohn 2016; Plank and Agi¢ 2018),
and sentiment classification (Go, Bhayani, and Huang 2009;
Purver and Battersby 2012; Sahni et al. 2017).

In recent years, the idea of distant supervision has been
successfully applied to computer vision tasks. Yao et al.
(2021) propose visual distant supervision to train a scene
graph generator without labeled data. In this paper, we adapt
the idea of distant supervision to unsupervised image cap-
tioning, by using sentence corpus as the knowledge base to
provide useful information for images through scene-level
alignment, so as to establish the connection between images
and texts to train the image captioning model.

Our Method

Our relational distant supervision method includes three
modules: a relationship learning module, a relationship-to-
sentence module, and an image captioning module. The re-
lationship learning module infers object relationships from
images and object labels, and is trained under relational dis-
tant supervision. The relational distant supervision is repre-
sented by the image-relationship pairs generated by aligning
images with extracted knowledge about entities and relation-
ships from sentences. The relationship-to-sentence module
converts the input object relationships into sentences, and
is trained by reconstructing sentences from the parsed entity
relationships of the original sentences. The image captioning
module generates captions of input images, and is trained
using pseudo image-sentence pairs. The pseudo image-
sentence pairs are collected by first inferring relationships
in images through the relationship learning module and then
converting them into sentences through the relationship-to-
sentence module. The overview of our method is illustrated
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Figure 2: Overview of our method. The relationship learning module is trained on image-relationship pairs using MSE losses,
where the data pairs come from the relational distant supervision constructed by an alignment using extracted scene-level
and entity-level knowledge. The relationship-to-sentence module is trained by reconstructing sentences from the parsed entity
relationships in the original sentences with a cross-entropy loss. The image captioning module is trained on image-sentence
pairs using a cross-entropy loss, where the data pairs are generated by first inferring visual object relationships from images
using the relationship learning module and then converting them into sentences using the relationship-to-sentence module.

in Figure 2, where the training processes of three modules
are illustrated with different background colors.

Relationship Learning Module

We address the unsupervised image captioning task by intro-
ducing object relationships as informative connections be-
tween images and sentences, where we impart the knowl-
edge about object relationships from text to image in order
to infer relationships in images. This process is achieved by
a relationship learning module, whose training data comes
from the constructed relational distant supervision. We will
introduce the training data collection and the training proce-
dure for this module in the following sections.

Relational Distant Supervision Construction. The main
challenge of connecting images and sentences using object
relationships lies in inferring visual object relationships that
have a small semantic gap to entity relationships in the tex-
tual modality. To tackle this issue, we exploit object relation-
ship knowledge carried by the sentence corpus at two levels,
e.g. scene-level and entity-level, and impart it from texts to
images to establish connections between images and sen-
tences. Specifically, the scene-level knowledge is used for
constructing relational distant supervision to provide rela-
tionship labels for images, which is achieved by a scene-
level alignment. The entity-level knowledge is used as the
commonsense knowledge to remove unreasonable relation-
ships. Since the size of the corpus is usually in millions, al-
most all possible scenes or entity relationships are included
in the corpus.

First, we use the Stanford CoreNLP toolkit (Manning
et al. 2014) and the NLTK toolkit (Bird, Klein, and Loper
2009) to parse entity relationships and extract entities from
sentences. Then, for the scene-level knowledge, we consider
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the content of sentences as a whole and collect it in the form
of tuples < £, S >, where £ represents the entities extracted
from sentences and S represents sentences containing these
entities. These tuples capture textual descriptions of scenes
that contain the same entities, and implicitly embody the re-
lationships in sentences that are more likely to be used to
describe the scenes. For the entity-level knowledge, we col-
lect it from the parsing results by considering a pair of enti-
ties as a whole, and integrating the relationships depicted by
these two entities in all sentences as their relationship can-
didate set. These sets provide instructive knowledge about
reasonably existing relationships between two entities, en-
abling noise mitigation.

Based on the scene-level knowledge, we employ the idea
of distant supervision to generate image-relationship pairs
in order to obtain visual relationships similar to those in the
textual modality. Specifically, instead of directly applying
the original assumption of distant supervision (Mintz et al.
2009), we propose a new assumption that is more suitable
for our purpose: “If a sentence contains the same entities as
an image, then they describe the same scene. The more enti-
ties in the scene, the higher the confidence of this scene”.
This assumption takes all entities/objects in a scene as a
whole into account for the relationships they describe. Be-
cause for the image captioning task, a generated sentence
describes the visual content of an entire image, not just a
single relationship between objects.

On this basis, we align images with sentences satisfy-
ing the above assumption according to the detected objects
and extracted entities. These aligned image-sentence pairs
serve as training data for an image captioning module to
comprehensively explore the alignment results for the en-
tire image set, where we use an off-the-shelf method (An-
derson et al. 2018) as the captioning module. The mod-
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ule then infers the descriptions of images, from which the
relationships are parsed by the NLP toolkits as the labels
for the corresponding images. Since these relationship la-
bels are parsed from sentences that have a small seman-
tic gap to textual modality, they achieve the purpose of
imparting object relationship knowledge from texts to im-
ages. The relational distant supervision is represented by
(Ii,{e1,p1,€2), -+ ,{€m,Pj, €n), - ), where I; indicates
the image, e, e, and p; indicate the entity as subject, the
entity as object and the predicate from parsed entity rela-
tionships, respectively. Meanwhile, to mitigate the impact
of noisy labels, we only keep inferred captions including the
detected objects, and also remove the parsed relationships
not covered by the entity-level knowledge.

Relationship Learning Module Training. The relation-
ship learning module is responsible for inferring object re-
lationships in images, and its training data comes from the
relational distant supervision. It takes the image feature f;
of image I; and the entities &; in the paired relationship la-
bels as input, and infers relationships between any entities.
Specifically, this module infers the embeddings of predicates
in relationships instead of predicting certain predicate labels,
which makes the learning procedure easier and more stable
for subsequent procedures. To handle the case where no re-
lationship exists between two entities, we additionally add a
“none” predicate into the categories. The training procedure
is as follows.

First, we take the embedding vectors of Glove (Penning-
ton, Socher, and Manning 2014) as the word embeddings for
the entities and the predicates, denoted as E. and E,, re-
spectively. Then, we organize the entities into pairs and rep-
resent concatenated embeddings of the entity pairs as Ep;pq-
The formulation of the learning procedure is given by

E;, = MLP([fhEmEbina])a (1)

where E,, represents the inferred predicate embeddings, []

denotes the concatenate operation, E. denotes the mean of
E., and MLP(-) denotes a multi-layer perceptron. After-
ward, reconstructed image features are computed from the
inferred relationship embeddings by a Transformer encoder,
which constrains the inferred relationships corresponding to
the original visual information. The encoder has multiple en-
coder layers stacked together, with the same structure as a
standard Transformer (Vaswani et al. 2017). The formula-
tion of this reconstruction is given by

~_ [ EncoderLayer,([E,, E,]),i = 0, @
" | EncoderLayer;(H;_1), i> 0,
fi = FC(EY), 3)

where E, = [Ejy;nq, E,] indicates the concatenated em-
beddings of the entity pairs and inferred predicates. E, indi-
cates additionally added features initialized with zero, which
has the same dimension as E,.. E’ is the updated features of
E, through N,.. encoder layers, which is extracted from
Hy .. according to the initial location of E, in [E,, E,.].
FC(-) denotes a fully connected layer, which projects E’,
into the reconstructed image feature f.

4527

The relationship learning module is trained by an MSE
loss between inferred predicate embeddings and the ground-
truth, and an MSE loss between reconstructed image fea-
tures and the original image features in N images, formu-
lated as

~E)*+(fi- £ @

1 N
rel—NZ

Relationship-to-Sentence Module

The relationship-to-sentence module is responsible for gen-
erating sentences to describe the input relationships, which
first updates the embeddings of relationships through a
Graph Convolutional Network (GCN) (Johnson, Gupta, and
Fei-Fei 2018) and then decodes them into word sequences
via a Transformer. It is trained on the sentence corpus by re-
constructing sentences from their corresponding parsed en-
tity relationships.

First, the “none” predicate is added to the parsing re-
sult for entity pairs that have no relationship. Then, Glove
vectors are used to embed the entities and predicates, i.e.
E,., E,, similar to those in the relationship learning module.
The information propagation through these relationships is
given by

v1,0y,0; = g,(E, By, E),
v} = g (vi, vp, V;),
vio = go(vj7 Up, vz)a

= h(V;?, V),

where g,(-), gs(+), go(-) are responsible for the calculation
of predicates, entities as subjects, and entities as objects, re-
spectively. All of these three functions are MLP-based func-
tions that generate updated features of the input embeddings.
The propagated feature v} of the entity is the pooled result
of v and v?, where h(-) is the pooling function. V,* and V,°
are the sets of v and v, respectively.

After the information propagation, the updated features
for predicates and entities are re-organized as a set of re-
lationship features V,. by collecting all concatenated fea-
tures of each entity pair (v;,v}) and its predicate vy, i.e.
[v;, vp, v}]. Then, V,. is used as the representation of the in-
put relationships and further decoded by an encoder-decoder
structured Transformer. The calculation of the encoder is
similar to Eq.(2), where only the input data in the case of
i = 0 becomes [V, V;.]. V. represents the average pool-
ing relationship features. The calculation of the decoder fol-
lows the standard Transformer, with the final output of the
encoder and the embeddings of the word sequence at each
time-step as input. N.,. encoder layers and Ng.. decoder
layers are stacked, where a subsequent fully connected net-
work and softmax operation further translate the final output
from the decoder to the probability distribution over words.

The relationship-to-sentence module is trained by a stan-
dard cross-entropy loss calculated between the ground-truth
sentences and the generated ones:

(&)

T
1 S
Lxg = T Zlnge(yt ‘ylzt—l)'
t=1

(6)
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Dataset | Method | BLEUI BLEU2 BLEU3 BLEU4 METEOR ROUGE CIDEr
UIC (Feng et al. 2019) 41.0 225 11.2 5.6 124 28.7 28.6
COCO- R?M (Guo et al. 2020) 44.0 25.4 12.7 6.4 13.0 313 29.0
Shutterstock OCM (Meng et al. 2022) 30.7 14.1 59 2.5 13.4 24.1 15.0
Fast RF-UIC (Yang et al. 2023) 433 242 11.7 6.1 12.5 30.2 25.9
Ours 51.1 28.9 15.4 8.0 16.2 33.7 38.5
SME (Laina, Rupprecht, and Navab 2019) — — — 79 13.0 32.8 99
Flickr30K- R?*M (Guo et al. 2020) 53.1 32.8 19.2 11.7 13.7 359 18.1
COCO OCM (Meng et al. 2022) 45.1 26.9 15.2 9.0 13.3 34.1 11.0
Ours 53.7 323 18.1 10.5 13.8 36.4 19.2
SME (Laina, Rupprecht, and Navab 2019) — — — 6.5 12.9 35.1 22.7
COCO- R?M (Guo et al. 2020) 51.2 29.5 154 8.3 14.0 35.0 29.3
GCC OCM (Meng et al. 2022) 42.0 233 114 5.8 14.9 33.6 17.7
Ours 53.3 31.7 17.8 10.1 15.3 36.8 36.3

Table 1: Comparison results with the state-of-the-art unsupervised image captioning methods on three datasets.

Image Captioning Module

The image captioning module is responsible for describ-
ing the visual content of an image with a sentence, which
takes images as input and decodes word sequences. In this
work, we employ an off-the-shelf image captioning model
BUTD (Anderson et al. 2018) to achieve this functionality.

At this point, the relationship learning module and the
relationship-to-sentence module have been trained and their
parameters are frozen. Given an image, the relationship
learning module first uses the knowledge learned from the
relational distant supervision to infer visual object relation-
ships, whose input data are images and detected object la-
bels. It then concatenates the inferred predicate embeddings
with the Glove embeddings of the detected object labels to
form complete inferred relationship embeddings. Afterward,
the relationship-to-sentence module converts the inferred vi-
sual object relationship embeddings into sentences. Subse-
quently, the generated sentences are combined with the input
images to generate pseudo image-sentence pairs. Finally, the
image captioning module is trained using a standard cross-
entropy loss based on these pseudo image-sentence pairs and
is able to generate a description for the input image.

Discussion of the Combination with LLMs

In our method, the relational distant supervision is provided
by knowledge in the external corpus. With the rise of large-
scale pre-training paradigm, more and more large language
models (LLMs) can be regarded as powerful black-box lan-
guage knowledge bases. Therefore, our method also has the
potential to be combined with LLMs, from which the rela-
tional distant supervision can be obtained by constructing
prompts using objects in a scene. LLMs generate descrip-
tions of certain scenes based on their knowledge learned dur-
ing pre-training. In this way, our unsupervised image cap-
tioning method can further remove the reliance on the ex-
ternal corpus, allowing it to be extended to an image-only
training setting. In addition, the language styles of captions
are no longer limited to the styles of the corpus, but can be
flexibly obtained from the LLMs by tuning the prompts.
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Experiments
Datasets

To evaluate the effectiveness of our method, we con-
duct experiments on three different datasets: (1) COCO-
Shutterstock with images from COCO (Lin et al. 2014) and
sentence corpus from Shutterstock (Feng et al. 2019); (2)
Flickr30K-COCO with images from Flickr30K (Plummer
et al. 2015) and sentence corpus from COCO; (3) COCO-
GCC with images from COCO and sentence corpus from
GCC (Sharma et al. 2018).

Implementation Details

The visual features are extracted by ResNet-101 (He et al.
2016). A Faster R-CNN detector (Huang et al. 2017) trained
on Visual Genome (Krishna et al. 2017) is applied to detect
objects in images. Note that we only use the predicted ob-
ject category labels and do not rely on the detected regions
to maintain the minimal supervision. We remove the object
labels that occur less than 500 times in the corpus.

In the relationship learning module, the hidden layer di-
mensions of MLP and the Transformer encoder are set to
1024, and the layer number N,.. of the Transformer en-
coder is set to 2. In the relationship-to-sentence module,
the hidden layer dimensions of GCN and Transformer are
set to 512. The layer number N.,. and Ng.. of the Trans-
former encoder and decoder are both set to 6. In the image
captioning module, the word embedding dimension and the
hidden layer dimension are both set to 512. The Adam opti-
mizer (Kingma and Ba 2014) is adopted. The learning rates
are setto 5 x 1075, 1 x 10~* and 1 x 10~* for the relation-
ship learning module, the relationship-to-sentence module,
and the image captioning module, respectively.

The widely used evaluation metrics, i.e., BLEU (Pap-
ineni et al. 2002), METEOR (Banerjee and Lavie 2005),
ROUGE (Lin 2004), and CIDEr (Vedantam, Lawrence Zit-
nick, and Parikh 2015), are used for performance evaluation.

Comparison with State-of-the-Art Methods

We compare our method with several state-of-the-art unsu-
pervised image captioning methods, including UIC (Feng
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Dataset \ Method \ BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE CIDEr
w/o relationship learning 44.6 23.8 11.8 5.8 12.9 31.2 27.2
w/o scene-level knowledge 47.8 26.1 13.5 6.8 14.6 31.2 32.0
COCO- w/o entity-level knowledge | 50.7 28.4 15.0 7.7 15.8 33.4 37.3
Shutterstock | w/o reconstruction loss 49.9 27.8 14.5 7.5 16.1 332 377
Ours 511 28.9 154 8.0 16.2 33.7 38.5
w/o relationship learning 51.2 29.7 16.0 9.1 12.9 343 14.9
) w/o scene-level knowledge 50.0 27.9 14.2 7.3 12.6 33.9 15.7
Flickr30K- | w/o entity-level knowledge | 53.9 32.1 17.8 10.3 13.6 36.0 18.2
coco w/o reconstruction loss 53.5 32.1 17.7 10.1 13.8 36.2 18.6
Ours 53.7 323 18.1 10.5 13.8 36.4 19.2
w/o relationship learning 47.2 27.6 14.4 7.6 13.2 35.7 27.0
w/o scene-level knowledge 50.7 29.8 16.3 8.9 14.3 353 314
COCO- | w/o entity-level knowledge | 53.7 31.6 17.4 9.5 15.2 36.6 359
GCC w/o reconstruction loss 53.7 317 17.3 9.4 15.2 36.5 35.6
Ours 533 31.7 17.8 10.1 15.3 36.8 36.3
Table 2: Results of ablation studies in three datasets.
Dataset \ Method \ BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE CIDEr
COCO- relationship detector 43.3 23.0 11.0 5.4 14.6 32.1 24.1
Shutterstock Ours 511 28.9 15.4 8.0 16.2 337 385
Flickr30K- relationship detector 43.5 23.8 11.4 59 12.7 32.1 11.6
COCO Ours 53.7 323 18.1 10.5 13.8 36.4 19.2
COCO- relationship detector 43.7 23.6 10.9 53 13.7 32.6 21.7
GCcC Ours 53.3 31.7 17.8 10.1 15.3 36.8 36.3

Table 3: Comparison results between applying the relationship detector and our method to infer the visual object relationships.

et al. 2019), SME (Laina, Rupprecht, and Navab 2019),
R?M (Guo et al. 2020), OCM (Meng et al. 2022) and Fast
RF-UIC (Yang et al. 2023). For UIC, SME, RZM and Fast
RF-UIC, we directly report the results from their original
papers. For OCM, we use their official code to evaluate it
with the same settings as other methods, where the training
procedure remains the same as the original OCM method.

The comparison results are shown in Table 1. It is obvious
that our method achieves the best performance on all evalu-
ation metrics on COCO-Shutterstock and COCO-GCC, and
comparable performance on Flickr30k-COCO. It is also in-
teresting that when the corpus is collected by crawling from
websites (i.e., GCC and Shutterstock), our method outper-
forms existing methods by a large margin. For example, our
method improves the CIDEr scores by 32.8% on COCO-
Shutterstock. These promising results demonstrate the effec-
tiveness of our method, especially the superiority on exploit-
ing the relationship knowledge carried by the corpus.

Ablation Study

To further evaluate the effectiveness of individual compo-
nents, we introduce four variants of our method for com-
parison: (1) w/o relationship learning: we remove the re-
lationship learning module and the relationship-to-sentence
module, and only keep the process of aligning images with
sentences for distant supervision construction. This variant
shows the performance of purely applying distant supervi-

4529

sion, in order to evaluate the effectiveness of subsequent re-
lationship learning; (2) w/o scene-level knowledge: we re-
move the scene-level knowledge provided by the distant su-
pervision, in order to evaluate the effectiveness of bridging
images and texts via relationships. Specifically, we no longer
take into account the relationships between objects or enti-
ties, where both the inferred predicates for visual objects and
the parsed predicates between entities are set to “none”; (3)
w/o entity-level knowledge: during the construction of dis-
tant supervision data, we remove the suggested relationship
candidates provided by the entity-level knowledge to evalu-
ate its effectiveness; (4) w/o reconstruction loss: we remove
the reconstruction loss in Eq. (4) to evaluate its effectiveness.

The results of ablation studies are shown in Table 2. We
have the following observations: (1) Our method substan-
tially outperforms “w/o relationship learning”, which indi-
cates that the following relationship learning process is es-
sential after the construction of distant supervision. For ex-
ample, a gain of 9.3 on CIDEr is achieved on COCO-GCC.
(2) With the removal of scene-level knowledge for relation-
ship learning, the performance of all metrics drops signifi-
cantly. This demonstrates the importance of considering re-
lationships in images and sentences as a bridge connecting
them and the effectiveness of the relational distant supervi-
sion in our method. (3) Likewise, both the removal of entity-
level knowledge and reconstruction loss degrade the perfor-
mance, which verifies their effectiveness.
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GT: Dog standing in grass playing with green flying disc.
w/o scene level knowledge: A dog with a red collar

and a red tag is on the grass with.
. relationship detector: A black and white dog with a
red helmet behind a tree.
Ours: A dog is standing in the grass with a frisbee in
the background.

GT: A dog sitting on a bench next to an old man.
8 white bow on a white background.

lined street.
Ours: Man and dog sitting on a bench in the park.

w/o scene-level knowledge: A dog with a dog and a

relationship detector: a man and a dog behind a tree

i -
-

GT: A skateboarder performing a jump off the side of a
ramp.

/o scene-level knowledge: a man in a helmet sits on
a fence.

__relationship detector: A man is sitting on a wooden
fence and holding a large pipe behind it.

Ours: Man in helmet riding on skateboard near a fence.

e GT: A group of soccer players are playing soccer.

Y w/o scene-level knowledge: A man in a white uniform
and a black outfit is sitting on a grass with.
Relationship detector: A man wearing a helmet and a
tennis ball with a tennis racket.

Ours: a man in a uniform playing with a ball in the grass.

Figure 3: Example captions generated by our method and its two variants. Ground-truth captions of images are shown in “GT”.

Method
[ Objects: Objects:
w/o scene- | snow, skis, helmet, man,... grass beach, ocean, man,..., surfboard
level Sentence: Sentence:
knowledge | A man with a helmet of skis walks | Man with surfboard on beach near

on the snow covered ground. ocean and ocean.

Relationships: Relationships:

<hand, hold, wire>, <man, has, head| <man, has, head>, <man, watch, man
>, ...,<man, has, leg> >, <man, ride, wave>, <man, carry,
Sentence: surfboard>, ..., <man, walk on, beach:
A man holding up a stick to the Sentence:

other one of the other as he holds a | a man walks on the beach and rides a
line through the. surfboard under his arm.
Sentence: Sentence:
Man in helmet riding on snow on Man holding a surfboard on the beach|
winter day on grass with snowboard.|with blue sky and ocean background.

relationship
detector

Ours

Figure 4: Examples of pseudo image-sentence pairs gener-
ated by our method and its two variants.

Comparison with Relationship Detector

To evaluate the negative impact caused by the semantic gap
between the relationships detected by off-the-shelf detec-
tors from images and those described in sentences, we con-
duct more experiments by replacing our relationship learn-
ing module with an off-the-shelf relationship detector.

Specifically, we apply the unbiased scene graph genera-
tor (Tang et al. 2020) based on Neural motifs (Zellers et al.
2018) that is trained on Visual Genome to detect object rela-
tionships in images. Then, we directly take these detected re-
lationships as the input of the relationship-to-sentence mod-
ule when generating the training data for the image caption-
ing module, while keeping other procedures unchanged. We
denote this variant “relationship detector”. It can be ob-
served from Table 3 that directly using visual relationships
detected by an off-the-shelf relationship detector as modality
connections do not perform well, which shows the benefit of
inferring visual object relationships by imparting the object
relationship knowledge from texts to images.

Qualitative Results

To further demonstrate the effectiveness of the proposed re-
lational distant supervision, we show several examples of
pseudo image-sentence pairs generated by our method and
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other two variants (“w/o scene-level knowledge” and “rela-
tionship detector”) in Figure 4. It is interesting to observe
that: (1) Compared with “w/o scene-level knowledge” that
ignores object relationships, our method is able to generate
pseudo sentences that more accurately describe images, like
“man riding on snow ... with snowboard” rather than “man
walks on the snow”. This verifies the importance of intro-
ducing object relationships to bridge images and sentences.
(2) Compared with “relationship detector”, our method gen-
erates pseudo-sentences with higher relevance of visual con-
tent, such as “man holding a surfboard on the beach” rather
than “man rides a surfboard”. (3) There are many possessive
relationships in the detection results, like (man, has, leg).
These relationships are obvious and scarcely described in
sentences, which leads to poor performance of “relationship
detector” in generating pseudo sentences for images. These
results validate the efficacy of imparting knowledge from ex-
ternal corpus to infer visual object relationships.

Figure 3 shows more examples of captions generated by
our method and other two variants. Compared to “relation-
ship detector”, our method generates more fluent captions,
e.g. “dog standing in the grass with a frisbee” instead of “dog
behind a tree” in the first example. Compared with “w/o
scene-level knowledge”, our method generates more accu-
rate captions, e.g. “riding on skateboard” rather than “sitting
on a wooden fence” in the second example.

Conclusion

We have presented a relational distant supervision method
for unsupervised image captioning, which successfully re-
lieves the dependency on large-scale image-sentence data
for training. By imparting the extracted knowledge of object
relationships from the external corpus to images, our method
can infer the visual object relationships in images with-
out any extra relationship detectors, and thus succeeds in
constructing pseudo image-sentence pairs to train an image
captioning model. Extensive experiments on three datasets
demonstrate that our method achieves the best results com-
pared with the state-of-the-art methods. In the future, we are
going to extend the proposed relational distant supervision
to the image-only setting with the combination of LLMs,
and also apply it to unsupervised video captioning with more
complex relationships.
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