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Image captioning for low-resource languages has attracted much attention recently. Researchers propose to
augment the low-resource caption dataset into (image, rich-resource language, and low-resource language)
triplets and develop the dual attention mechanism to exploit the existence of triplets in training to improve
the performance. However, datasets in triplet form are usually small due to their high collecting cost. On
the other hand, there are already many large-scale datasets, which contain one pair from the triplet, such
as caption datasets in the rich-resource language and translation datasets from the rich-resource language
to the low-resource language. In this article, we revisit the caption-translation pipeline of the translation-
based approach to utilize not only the triplet dataset but also large-scale paired datasets in training. The
caption-translation pipeline is composed of two models, one caption model of the rich-resource language
and one translation model from the rich-resource language to the low-resource language. Unfortunately, it
is not trivial to fully benefit from incorporating both the triplet dataset and paired datasets into the pipeline,
due to the gap between the training and testing phases and the instability in the training process. We propose
to jointly optimize the two models of the pipeline in an end-to-end manner to bridge the training and testing
gap, and introduce two auxiliary training objectives to stabilize the training process. Experimental results
show that the proposed method improves significantly over the state-of-the-art methods.
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1 INTRODUCTION

Much research has been conducted on image captioning in English and achieved quite good perfor-
mance in recent years. However, for image captioning in some other languages, the performance
is far from satisfactory. One issue behind is that caption datasets in these languages are much
smaller than those in English, which causes that they cannot provide sufficient supervisory sig-
nals for fully training a caption model. We regard such languages as low-resource languages in
terms of image captioning.

As directly training on the low-resource caption dataset does not yield good performance, re-
searchers have proposed to augment the low-resource caption dataset (image, low-resource lan-
guage) pairs into (image, rich-resource language, and low-resource language) triplets [11], which
we call triplet dataset in this work. By involving an additional sentence in the rich-resource lan-
guage, they expand the single kind of paired labels in the low-resource caption dataset into three
kinds of paired labels,1 which provides more supervisory signals for model training. Dual atten-
tion [18] has been proposed to exploit the triplet dataset to achieve better performance, whose
architecture is shown on the right side of Figure 2. In the training process, it first encodes the im-
age and its corresponding English caption, and then feeds their encoded features into the decoder
simultaneously to generate captions in the low-resource language. Wu et al. [37] employ a simi-
lar architecture with dual attention, and enhance it by adding the cycle consistency constraint on
the attention maps in the cycle of image regions, words in the rich-resource language and words
in the low-resource language, which makes further use of the supervisory signals in the triplet
dataset. Although the triplet dataset preliminarily mitigates the deficiency of supervisory signals
in low-resource captioning, the number of triplets in it is still too small due to the high collecting
cost, which restricts further improvement on the captioning performance.

We notice that the triplet dataset is not the only dataset that could be leveraged for the low-
resource captioning task. In the English image captioning and machine translation tasks, there are
monolingual English caption datasets and large parallel corpora which are large in scale and have
been already collected. The English image caption dataset provides paired labels for the (image,
rich-resource language) pair in the triplet, and the machine translation dataset provides paired
labels for the (rich-resource language, low-resource language) pair in the triplet. We refer to such
datasets as paired dataset considering that they only contain one pair from the triplet. In this article,
we propose an effective approach, which exploits not only the triplet dataset but also the large-
scale paired datasets to improve the low-resource captioning performance. To clarify the datasets
involved in our approach, we illustrate the difference among several distinct training settings in
Figure 1: directly training on the low-resource caption dataset, training on the triplet dataset, and
the proposed method which performs training on both the triplet dataset and paired datasets (i.e.,
monolingual English caption dataset and English–German parallel corpus). We consider German
as an example of the low-resource languages in this work and the reason is three-fold. First, there
is no sufficient caption data in German as in English. Second, the benchmark dataset Multi30K [11]
is a triplet dataset of German and English, and we follow this for the convenience of comparison
in the experiment. Third, we just verify the effectiveness of our idea via this example.

Unfortunately, it is not trivial to improve the low-resource captioning performance via training
on the triplet dataset and paired datasets simultaneously. There are mainly two challenges related
to the model architecture and training strategy, respectively. First, as the triplet dataset contains
triplet labels and paired datasets contain labels of pairs from the triplet, we need a flexible model
architecture so that it could benefit from both triplet labels and paired labels. As shown on the
right side of Figure 2, the dual attention model [18] is not flexible because it requires simultaneous

1Any two elements in the triplet can form one kind of paired labels.
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Fig. 1. Datasets in different training settings of the captioning task for low-resource languages. We take
English and German as examples of the rich-resource language and low-resource language, respectively.

appearance of image, English, German in triplet during training. To further exploit the paired
datasets, we need an English caption model and an English-German translation model to form
a caption-translation pipeline, instead of one highly coupled model like the dual attention. The
architecture of the caption-translation pipeline is shown on the left side of Figure 2. Since both
the caption model and translation model require only paired labels for training, they could benefit
from the additional paired datasets. This exactly shares the same spirit with the translation-based
methods [13, 22, 23]. However, the previous translation-based methods train the two models only
with the paired datasets, which suffers from the inconsistency between different types of paired
labels. For example, the English captions from image-English pairs in MSCOCO are very different
from English sentences from English-German pairs in a parallel corpus in terms of the language
style. This inconsistency makes the translation-based methods even gain no improvement over the
model directly trained on the low-resource caption dataset. In this work, we revisit the caption-
translation pipeline and mitigate the inconsistency by further leveraging the triplet dataset besides
the paired datasets.

Second, incorporating both the triplet dataset and paired datasets into the caption-translation
pipeline to achieve better performance requires an elaborate training strategy. On the one hand,
training the two models separately does not work well due to the gap between the training and
testing phases. More concretely, the translation model is fed with English ground truths in the
training phase, but in the testing phase, it is fed with English captions generated from the caption
model. To bridge the gap, we propose to optimize the whole pipeline in an end-to-end manner, and
use Gumbel-Softmax reparameterization [19, 27] to make the discrete sampling process between
the caption model and translation model differentiable. On the other hand, we find that the end-
to-end optimization is unstable due to the violent fluctuation of model parameters, and introduce
two auxiliary training objectives to stabilize the training process.
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Fig. 2. Architecture comparison between the caption-translation pipeline and the dual attention model [18].
The dual attention model can only leverage the triplet labels since it requires the simultaneous appearance
of image, English, German in triplet during training. In contrast, the caption-translation pipeline is flexible
to benefit from both triplet labels and paired labels.

In summary, our contributions are three-fold:

— Data Usage. To the best of our knowledge, we are the first to exploit not only the triplet
dataset but also the large-scale paired datasets to improve captioning for low-resource lan-
guages. To benefit from both triplet labels and paired labels simultaneously, we revisit the
caption-translation pipeline, which is a flexible architecture composed of an English caption
model and an English-German translation model.

— Optimization Method. To give full play to the advantage of our data usage over the caption-
translation pipeline, we propose an elaborate multi-objective optimization method, which
jointly optimizes the whole pipeline in an end-to-end way with two auxiliary training objec-
tives stabilizing the training process. We use Gumbel-Softmax reparameterization to make
the end-to-end training differentiable.

— Experimental Effectiveness. The proposed data usage and optimization method are indis-
pensable to each other and they together provide a novel paradigm for low-resource cap-
tioning. The experimental results verify that this paradigm really makes full use of both the
triplet dataset and large-scale paired datasets in an effective way, which achieves state-of-
the-art performance on the low-resource captioning.

2 RELATED WORK

2.1 Recent Progress on Image Captioning

Recent years have witnessed much progress on the image captioning methods based on deep learn-
ing. Vinyals et al. [36] propose a CNN-RNN architecture to automatically generate image captions
in an end-to-end way. They take CNN as the encoder to extract the image feature and feed it
into the RNN decoder to trigger the decoding process of captioning. Xu et al. [38] introduce an
attention-based model to focus on different spatial grids of an image during the caption generation.
Moreover, Lu et al. [25] propose an adaptive attention mechanism, which automatically decides
when to attend to the image and when to just rely on the language model, considering that some
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words do not have corresponding visual signals in the image. Rennie et al. [33] introduce rein-

forcement learning (RL) to the image captioning, which presents a self-critical sequence train-
ing approach to optimize the evaluation metric directly. Guo et al. [15] further improve RL-based
image captioning by constraining the action space with an n-gram language prior. Researchers
also make improvement on captioning performance using more informative image representation
for downstream processing. You et al. [42] combine the visual features and visual concepts of an
image, and Anderson et al. [2] and Lu et al. [26] exploit an object detector to represent an image as
a group of object regions. Yao et al. [40] further boost the region-level features of [2] in a relation-
aware manner by considering the semantic and spatial relationships between object regions. Yao
et al. [41] encode an image as a hierarchical tree composed of the whole image, region-level fea-
tures and instance-level features to provide a better image representation for caption generation.
Some works [5, 39] also leverage the scene graph representation of an image for image captioning.
Instead of improving the image representation, Ke et al. [20] focus on the target decoding side
and enhance its long sequential modeling ability. More recently, some researchers also explore the
application of new technical advances in the field of image captioning. Cornia et al. [7] present a
meshed transformer with memory, and Pan et al. [30] propose a unified X-linear attention block
to model the second order interactions with attention mechanism. Besides, many other closely-
related works, such as [8, 9, 35] also contribute to the development of image captioning.

2.2 Low-Resource Image Captioning

Although researchers have proposed various image captioning methods and made great progress
in the rich-resource languages, there are few studies for low-resource language image captioning.
Existing works can be roughly divided into two categories.

Alignment-Based Methods. The first kind of approach usually leverages the triplet dataset
composed of data triplets (image, rich-resource language, and low-resource language), and takes
the rich-resource language as the only additional input to learn better alignment between visual
and linguistic modalities in a common latent space, which leads to improvement on the low-
resource captioning performance. Elliott et al. [10] propose several multi-modal architectures that
fuse the features of both images and English captions in various ways to generate German cap-
tions. However, there are two issues in this work: first, besides the image, it also needs the parallel
English captions as input in the testing phase, which is difficult to achieve in practical applica-
tions; second, it actually does coarse-level alignment between images and sentences, which could
be further refined. Jaffe [18] solves the above two issues by proposing a dual attention model.
This model takes only images as input in the testing phase and generates pseudo parallel Eng-
lish captions from a pretrained English caption model. Note that most of research works on the
low-resource captioning task follow this setting, i.e., without the parallel English captions. On the
other hand, it does fine-grained alignment between image regions and words in a sentence instead
of coarsely aligning the images and sentences. Wu et al. [37] further enhance the dual attention
model [18] by adding the cycle consistency constraint on the attention maps in the cycle of image
regions, English words and German words. In addition, the previous work [29] also falls into this
kind of approach and does coarse-level alignment, although it does not leverage the triplet dataset.
It first pretrains an English caption model with MSCOCO [24], and then replaces the decoder by a
randomly initialized one and trains this new caption model on a Japanese caption dataset. In this
way, it transfers knowledge from a rich-resource language caption dataset to the low-resource
image captioning.

Our Method vs. Alignment-Based Methods. The two models dual attention [18] and cycle
attention [37] do fine-grained alignment between visual and linguistic modalities, which perform
the best among the alignment-based methods. Thus, we focus on comparing with them. The main
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limitation of these models lies in that they can only leverage the triplet dataset that is too small for
training a model to achieve satisfactory results, because their architecture needs the simultaneous
appearance of image, English and German in triplet during training. The high requirement for
the format of training data limits the usage of other types of datasets in these models, which
greatly restricts further improvement on low-resource captioning performance. For example, the
large-scale paired datasets contain a number of paired labels that could be beneficial to model
training, but these models cannot leverage them since such datasets cannot meet the requirement.
In comparison, the caption-translation pipeline in our method is flexible to leverage both triplet
dataset and large-scale paired datasets, which is superior to the two models [18, 37] in terms of
data usage.

Translation-Based Methods. The second kind of approach is usually based on a caption-
translation pipeline composed of a caption model and a translation model, and enhances low-
resource captioning only with the large-scale paired datasets, such as monolingual English caption
datasets and parallel corpora for machine translation. Li et al. [23] first translate English ground
truths into Chinese via an online machine translation service that is trained on a large-scale par-
allel corpus, and then train a caption model on the pseudo Chinese caption dataset. Lan et al. [22]
argue that the quality of dataset constructed as in the work [23] can be improved, and propose
evaluation methods to filter sentences in the pseudo dataset. Gu et al. [13] point out that a caption-
translation pipeline suffers from the different distributions between caption data and translation
data, and involve regularizers to mitigate the problem. However, the translation-based methods
even gain no improvement on automatic metrics comparing with the monolingual caption model,
which is directly trained on the low-resource caption dataset. We attribute their unsatisfactory per-
formance to two issues. First, they only leverage the paired datasets that contain labels in pair (e.g.,
image-English or English-German) instead of in triplet (e.g., image-English-German). Although the
paired datasets are large in scale, the different types of paired labels are usually inconsistent with
each other. This inconsistency leads to a mismatch between the caption model trained on one
type of paired labels (e.g., image-English) and the translation model trained on the other type (e.g.,
English–German), which is detrimental to the performance of the caption-translation pipeline.
Second, there exists a gap between training and testing phases if we only train the two models
separately in the pipeline, which hinders the full utilization of large-scale paired datasets.

Our Method vs. Translation-Based Methods. Although our method also follows the archi-
tecture of the caption-translation pipeline, it solves the two issues in the translation-based meth-
ods and significantly (p < 0.05) outperforms the monolingual caption model over which the
translation-based methods usually gain no improvement (as shown in Section 4.3). First, besides
the paired datasets, our method also leverages the triplet dataset to train the caption-translation
pipeline. The triplet labels are helpful to “sewing up” the inconsistency between different types
of paired labels. Second, it designs an elaborate training strategy that jointly optimizes the whole
pipeline in an end-to-end way with two auxiliary training objectives stabilizing the training pro-
cess. In this way, our method successfully bridges the gap between training and test phases and
makes full use of both triplet dataset and large-scale paired datasets.

Positioning Our Method. To the best of our knowledge, this work is the first to leverage both
the triplet dataset and large-scale paired datasets, which integrates alignment-based methods and
translation-based methods in the view of data usage. In order to give full play to the advantage
of such data usage, we propose an elaborate multi-objective optimization method for the caption-
translation pipeline composed of a joint training objective and two auxiliary training objectives,
which is helpful to making full use of both two kinds of datasets in the pipeline. The proposed
data usage and optimization method provide a novel paradigm for low-resource captioning, which
significantly improves the captioning performance over the state-of-the-art methods.
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Fig. 3. Framework overview of our method. The caption-translation pipeline is composed of a caption model
and a translation model. We train the pipeline with three objectives. The joint training objective jointly
optimizes the whole pipeline in an end-to-end manner to bridge the gap between the training and testing
phases. The caption objective and translation objective optimize the two models in the pipeline separately
to stabilize the training process. Note that the models connected with dotted lines are exactly the same one,
which is displayed twice for clarity.

3 METHODOLOGY

3.1 Background

We revisit the caption-translation pipeline in this work, which is composed of an English caption
model [2] and an English-German translation model [3]. This pipeline is flexible enough to enable
the utilization of the triplet dataset and paired datasets simultaneously. In the inference, we first
generate the English caption for a given image by the caption model, and then translate the English
caption into German by the translation model. Finally, we can obtain the German caption of the
given image.

3.2 Framework Overview

In this work, we leverage both the triplet dataset (img-En-De triplets, which can be decomposed
into img-En pairs and En-De pairs) and paired datasets (img-En pairs and En-De pairs) to train
the caption-translation pipeline, where the notations img, En, and De denote image, English, and
German, respectively.

As shown in Figure 3, the framework of our method consists of three training objectives, which
are built on different types of data: (1) Joint Training Objective. We optimize the caption-
translation pipeline in an end-to-end manner on the img-De pairs of the triplet dataset. (2) Caption

Objective. We train the caption model separately on the img-En pairs of both the triplet dataset
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Fig. 4. As shown in (a) and (b), the training phase is inconsistent with the testing phase if we just train the
two models in the pipeline separately. To bridge the gap, we optimize the pipeline in an end-to-end manner
as shown in (c). The symbols i , x , y, and x̂ denote an image, an English ground truth, a German ground truth,
and a generated English caption, respectively, and the arrows pointing right and left represent the forward
pass and backward pass, respectively.

and paired datasets. (3) Translation Objective. We train the translation model separately on the
En-De pairs of both the triplet dataset and paired datasets.

The three objectives are all indispensable in our approach. On the one hand, if we only train
the caption model and translation model separately without the joint training objective, the gap
between training and testing phases will be detrimental to the model performance. On the other
hand, if we only optimize the whole pipeline in an end-to-end manner without the auxiliary train-
ing objectives (i.e., caption objective and translation objective), the training process will be instable
and cannot converge well.

Therefore, the total loss L of our method is a combination of the joint training objective Ljoint ,
caption objective Lcap and translation objective Ltr ans , which can be formulated as follows:

L = Ljoint + λ(Lcap + Ltr ans ), (1)

where the coefficient λ is introduced to balance the impact of the joint training objective and
auxiliary training objectives. In the following sections, we will elaborate how we obtain the losses
Ljoint , Lcap and Ltr ans , respectively.

3.3 Bridge the Gap between Training and Testing Phases

If we only train the two models in the caption-translation pipeline separately, there still exists
a gap between the training and testing phases of the pipeline, which is detrimental to German
captioning performance. Next, we will explain the gap and illustrate how we bridge it.

3.3.1 What Is the Gap. Formally, we denote an image, an English ground truth, and a German
ground truth as i , x , and y, respectively. Given a triplet dataset Dt = {(i,x ,y)} or a combination
of two paired datasets Dp = {(i,x )} ∪ {(x ,y)}, we can optimize two models in the pipeline sepa-
rately as shown in Figure 4(a), where the translation model is fed with an English ground truth x .
However, in the testing phase in Figure 4(b), the translation model is fed with an English caption
x̂ generated from the caption model. Therefore, the training phase based on x is inconsistent with
the testing phase based on x̂ , which is detrimental to German captioning performance.

3.3.2 Jointly Training the Pipeline Based on Gumbel-Softmax. To bridge the gap between the
training and testing phases, our idea is to jointly optimize the two models of the pipeline in an
end-to-end manner as shown in Figure 4(c). The joint training objective is built on the image-
German pairs {(i,y)} of the triplet dataset Dt , which can be formulated as:

Ljoint = −E(i,y )∼Dt

[
Ex̂∼p (X |i ;Θ1 ) logP (y |x̂ ; Θ2)

]
, (2)

where Θ1 and Θ2 are the parameters of the caption model and translation model, respectively. In
this way, we maximize the probability of generating a German ground truthy directly conditioned
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on the image i without involving the English ground-truth, which is consistent with the testing
phase.

In the forward pass, we first sample an English caption from the caption model. Each word in
the caption is represented as a C-dimensional one-hot vector u, which is sampled by the Gumbel-
Max Trick [14, 28] from a categorical distribution π = (π1,π2, . . . ,πk , . . . ,πC ) over the English
vocabulary of the caption model as follows:

u = one_hot(argmax(д + logπ )), (3)

where д = (д1,д2, . . . ,дk , . . . ,дC ) is a vector in which each dimension дk ∼ Gumbel(0, 1). Then,
we feed the English sample composed of one-hot vectors into the translation model to compute
Ljoint .

Unfortunately, in the backward pass, the sampling process between the two models in the
pipeline is not differentiable. To solve the problem, we exploit the Gumbel-Softmax reparame-
terization [19, 27], which circumvents the high variance of reinforcement learning. It provides a
contiguous approximation for the one-hot vector u:

ũ = softmax((д + logπ )/τ ), (4)

where the temperature τ ∈ (0,∞) controls the proximity between ũ andu, and thus we can derive
the gradient ∂ũ

∂π as follows:

∂ũj

∂πk
= ũj (δ jk − ũk )/τ , j,k ∈ {1, 2, ...,C}, (5)

where δ jk is 1 [j = k]. However, if we feed ũ into the translation model, a mixture of word embed-
dings will lead to accumulated mix error during the propagation through RNN as mentioned in
[12]. Therefore, we further exploit the Straight-Through version of Gumbel-Softmax [19] to avoid
this. Concretely, we feed u into the translation model in the forward pass, and replace ũ with u in
Equation (5) in the backward pass to make the sampling process differentiable.

3.4 Auxiliary Training Objectives

In practice, we find that the end-to-end optimization in Equation (2) is unstable. This is mainly
because the parameters of the two models in the pipeline are sharply changed during the opti-
mization, which leads to the instability in the sampling process. Therefore, during the end-to-end
optimization, we also introduce two auxiliary training objectives to provide supervision for the
two models in the pipeline, respectively, which avoids the violent fluctuation of the model param-
eters, and thus is beneficial to stabilizing the training process.

3.4.1 Caption Objective. The training objective of the caption model parameterized by Θ1 is
built on the image-English pairs {(i,x )} of both the triplet dataset Dt and paired datasets Dp ,
which can be formulated as:

Lcap = −E(i,x )∼Dt∪Dp
logP (x |i; Θ1). (6)

Next, we elaborate how we obtain P (x |i; Θ1), as shown in the example of Figure 5. Specifically,
given an image i and its English ground truth x = {x1,x2, ...,xL }, the caption model first extracts
a group of feature vectors V = {v1,v2, ...,vM } from i by an object detector, and then feeds v =
1
M

∑
v into an RNN decoder as the initial hidden state h0. Next, at each time step t of the RNN

decoder, we calculate the context vector v̂t via an attention mechanism fatt as follows:

αt = softmax( fatt (V ,ht−1)), (7)

v̂t = αt ·V . (8)
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Fig. 5. The network architecture of the caption model with the data flow of caption objective in it.

For each feature vectorv ∈ V , the attention mechanism fatt is implemented as Equation (9), where
FC1,2,3 denote full-connected layers with different parameters and ReLU is the activation function:

fatt := FC3 (ReLU(FC1 (v ) + FC2 (ht−1))), v ∈ V . (9)

Finally, we compute the probability of generating the word xt and further obtain P (x |i; Θ1):

P (xt |i,x1, ...,xt−1; Θ1) = fdec (v̂t ,ht−1,xt−1), (10)

P (x |i; Θ1) =
L∏

t=1

P (xt |i,x1, ...,xt−1; Θ1), (11)

where fdec denotes the decoding process of the caption model at each time step t .

3.4.2 Translation Objective. The training objective of the translation model parameterized by
Θ2 is built on the English-German pairs {(x ,y)} of both the triplet dataset Dt and paired datasets
Dp , which can be formulated as:

Ltr ans = −E(x,y )∼Dt∪Dp
logP (y |x ; Θ2). (12)

Next, we elaborate how we obtain P (y |x ; Θ2), as shown in the example of Figure 6. Specifically,
given an English sentence x = {x1,x2, ...,xL } and its parallel German sentence y = {y1,y2, ...,yN },
the translation model first encodes x into a sequence of hidden states S = {s1, s2, ..., sL }, and then
feeds sL into an RNN decoder as the initial hidden state д0. Next, we calculate the context vector
ŝt at each time step t of the RNN decoder as follows:

βt = softmax( f ′att (S,дt−1)), (13)

ŝt = βt · S, (14)

where f ′att is also an attention mechanism implemented as follows:

f ′att := tanh(FC([s ;дt−1])), s ∈ S, (15)

where tanh is the activation function, FC denotes a full-connected layer, and [; ] denotes the
concatenation of two vectors. Finally, we compute the generation probability of the word yt and
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Fig. 6. The network architecture of the translation model with the data flow of translation objective in it.

further obtain P (y |x ; Θ2) as follows:

P (yt |x ,y1, ...,yt−1; Θ2) = f ′dec (ŝt ,дt−1,yt−1), (16)

P (y |x ; Θ2) =
N∏

t=1

P (yt |x ,y1, ...,yt−1; Θ2), (17)

where f ′
dec

denotes the decoding process of the translation model at each time step t .

4 EXPERIMENTS

4.1 Datasets

Two types of datasets are involved in the experiments: a triplet dataset and two large-scale paired
datasets. The large-scale paired datasets include a monolingual English caption dataset and an
English-German parallel corpus. The numbers of triplets and pairs in each dataset are listed in
Table 1.

Triplet Dataset. We use the Multi30K dataset [11], which is extended from Flickr30K [43]. The
Flickr30K dataset consists of 29,000, 1,014, and 1,000 images for training, validation, and testing,
and each image is annotated by five English captions. The Multi30K dataset extends it into two ver-
sions. Here, we use the translation version, denoted as Multi30K-trans. Multi30K-trans introduces
an additional human-translated German caption for one of the five English captions per image,
which forms image-English-German triplets.

Large-Scale Paired Datasets. We use MSCOCO [24] as the monolingual English caption
dataset in which each image is annotated by five English captions. We use the WMT 20152 English-
German data as the English-German parallel corpus, denoted as WMT-2015En-De, which consists
of about 4.3 M sentence pairs from Europarl v7, News Commentary and Common Crawl corpora.

Data Preprocessing. We resize the images of Multi30K-trans and MSCOCO into 450x450, and
use Faster R-CNN [32] with a backbone of ResNet-101 [16] to extract the feature vectors from
an image. The feature vectors correspond to 36 salient object regions in the image. We filter the
English-German pairs of WMT-2015En-De by the sequence length between 3 and 50. In addition,
we convert all the sentences in each dataset into lower case, then remove punctuation characters

2http://www.statmt.org/wmt15/translation-task.html.
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Table 1. Statistics of Datasets

Dataset img-De img-En En-De img-En-De
Multi30K-trans 31,014 31,014 31,014 31,014

MSCOCO - 616,435 - -
WMT-2015En-De - - 4,535,522 -

The notation “img-En-De” denotes the image-English-German triplets.
Accordingly, the notations “img-De”, “img-En"”, and “En-De” denote
different pairs, respectively. The symbol “-” means the dataset does not
contain the pairs or triplets.

from them, and split them into sequences of tokens and add <start> and <end> tags at the begin-
ning and end of them, respectively. By collecting the tokens, we construct English vocabulary of
10,536 words from both Multi30K-trans and MSCOCO, and German vocabulary of 3,536 words
from Multi30K-trans.

4.2 Experimental Settings

Model Architecture. We employ a bidirectional GRU [6] as the encoder of the translation model,
and use single-layer LSTM [17] for the other RNN models in our method. We set all the hidden
size, embedding size, and the dimension of attention layer as 512. The dropout rate is set as 0.5.

Training and Inference. The maximum training epoch is set as 50 and we do early stop in
training if the performance on CIDEr does not improve for 20 epochs on the validation set. We
use Adam optimizer [21] with a learning rate 4x10−4 and the batch size is set as 32. In the end-
to-end optimization, we apply a smaller learning rate 4 × 10−5 for stability, and the temperature τ
of Gumbel-Softmax and the coefficient λ are set as 0.5 and 0.8, respectively. In the inference, we
adopt the beam search strategy with the beam size of 3, and the maximum decoding step is 50.

Evaluation. We evaluate the German captioning performance on the test split of Multi30K
dataset. For each image, we use all six German captions from both the translation version and
caption version of Multi30K as the references for stable evaluation. The evaluation metrics include
BLEU [31], METEOR [4], CIDEr [34], and SPICE [1]. The BLEU measures the n-gram precision
between generated captions and several references. The METEOR focuses on the unigrams, and it
judges the word matching based on not only surface forms but also stemmed forms and meaning,
which is more consistent with the human judgement. The CIDEr and SPICE are designed for image
captioning task. The CIDEr performs a TF-IDF weighting for each n-gram. It gives high weights to
the n-grams, which frequently appear in the captions of the specific image and are rarely shared
by other image captions in the dataset. The SPICE maps the generated captions and references
into scene graphs for evaluation.

4.3 Quantitative Analysis

4.3.1 Compared Methods. We compare our method with two kinds of state-of-the-art methods
on common metrics to validate its effectiveness: (1) Translation-Based Methods. Since this kind
of methods usually gain no improvement comparing with the monolingual caption model, we
only choose the vanilla caption-translation pipeline [23] as the representative of translation-based
methods for comparison. (2) Alignment-Based Methods. This kind of methods usually achieve
better results than translation-based ones, and thus we focus on comparing with them. We compare
our method with the two most competitive alignment-based methods dual attention [18] and cycle
attention [37]. All the caption models or translation models follow the same implementation for
fairness. In addition, we also list the training data leveraged by compared methods in Table 2 for
clear comparison.
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Table 2. The Training Data Leveraged by the Different Methods

# Model
Multi30K-trans MSCOCO WMT-2015En-De

img-En-De img-En En-De
1 Monolingual Caption Model [2] �(only using img-De)
2 Cap-Trans Pipeline (paired) [23] � �
3 Cap-Trans Pipeline (triplet) �
4 Cap-Trans Pipeline (both) � � �
5 Dual Attention [18] �
6 Cycle Attention [37] �
7 Ours � � �

“�” denotes that the method uses the dataset in the training process. Note that the monolingual caption model
in Row 1 only uses image-German pairs from the image-English-German triplets in Multi30K-trans.

— Monolingual Caption Model [2]. We train a German caption model on the image-German
pairs of Multi30K-trans. It generates the German caption for a given image directly.

— Cap-Trans Pipeline (paired, triplet, both). The previous work [23] trains two models
in the caption-translation pipeline only on the paired datasets, respectively (pair). For com-
pleteness, we also explore to train the caption-translation pipeline only on the triplet dataset
(triplet) and on both triplet and paired datasets (both).

— Dual Attention [18]. It generates a German caption conditioned on both an image and an
English caption, which requires simultaneous appearance of image, English, and German in
triplet for training. Given an image in the inference, it first generates an English caption by
a pretrained English caption model, and then takes both the given image and the generated
English caption as input to infer the German caption. We pretrain the English caption model
on MSCOCO and the image-English pairs of Multi30K-trans.

— Cycle Attention [37]. It shares a similar architecture with dual attention and proposes to
add the cycle consistency constraint on the attention maps in the cycle of image regions,
English words, and German words.

— Ours. Our method leverages both the triplet dataset and paired datasets to train the caption-
translation pipeline. Before the training process, we pretrain the caption model and transla-
tion model on all the image-English pairs and English-German pairs from different datasets,
respectively.

4.3.2 Results Analysis. Table 3 exhibits the German captioning results of compared methods on
common metrics. Overall, we can see that our approach outperforms all the other methods on most
metrics. First, comparing Row 1 with Row 7, the boost on the performance over the monolingual
caption model validates the effectiveness of our approach for the low-resource image captioning.
Second, comparing with the methods, which only leverage the paired datasets or triplet dataset,
our approach effectively leverages both two kinds of datasets to achieve significant improvement.
On the one hand, comparing with only using the paired datasets (Row 2) to train the two models
in the caption-translation pipeline, respectively, the proposed method achieves much better per-
formance although they follow the same model architecture. On the other hand, compared to the
dual attention model (Row 5), which can only exploit the triplet dataset in training, our method
improves 3.02 on CIDEr, 0.45 on BLEU-4, and 0.28 on SPICE by further benefiting from the paired
datasets. A similar observation holds for cycle attention (Row 6). Third, although training the two
models in the caption-translation pipeline, respectively with both two kinds of datasets (Row 4)
outperforms that with only single kind (Rows 2 and 3), our method achieves further improvement
over Row 4. This indicates that the elaborate training strategy in our method contributes much to
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Table 3. Experimental Results of German Captioning on Common Metrics

# Model CIDEr B@1 B@2 B@3 B@4 METEOR SPICE
1 Monolingual Caption Model [2] 30.77 53.69 35.46 23.51 15.16 18.01 4.05
2 Cap-Trans Pipeline (paired) [23] 17.39 47.05 28.20 16.35 9.56 14.23 1.89
3 Cap-Trans Pipeline (triplet) 29.32 53.58 35.58 23.16 14.79 17.32 4.33
4 Cap-Trans Pipeline (both) 31.01 54.59 36.43 23.98 15.83 17.64 4.11
5 Dual Attention [18] 30.82 54.74 36.69 24.30 16.02 17.78 4.08
6 Cycle Attention [37] 31.02 55.07 36.81 24.27 15.90 17.86 4.08
7 Ours 33.84† 55.92† 37.69† 25.13† 16.47† 17.85 4.36†

The notations “B@1, 2, 3, 4” are short for BLEU-1, 2, 3, and 4, respectively. On the metrics with superscript “†”, our
method significantly (p<0.05) performs better than both the monolingual caption model and dual attention model.
Details on the t-test are in the appendix.

Table 4. Ablation Study to Demonstrate the Contributions
from Different Training Objectives

# JTO CapO TransO CIDEr B@1 METEOR SPICE
1 � � 31.01 54.59 17.64 4.11
2 � 30.67 55.22 17.61 4.27
3 � � 31.38 54.92 17.73 4.09
4 � � 32.50 54.96 17.85 4.28
5 � � � 33.84 55.92 17.85 4.36

(JTO: joint training objective; CapO: caption objective; and TransO:
translation objective).

the final improvement, which successfully bridges the gap between training and testing phases of
the pipeline and thus makes better use of both two kinds of datasets.

4.4 Ablation Study

We provide an ablation study in Table 4 to demonstrate the contributions from different training
objectives, which shows that the effective utilization of both the triplet dataset and paired datasets
is not trivial and requires an elaborate training strategy. In Table 4, Row 5 represents the pro-
posed method, and Rows 1–4 represent its several variants, respectively. First, we observe that
our approach performs better than the variant without the joint training objective in Row 1. This
indicates that only training the caption model and translation model separately does not work
well, and our approach successfully bridges the gap between the training and testing phases by
jointly optimizing the caption-translation pipeline in an end-to-end manner. Second, comparing
Row 2 with Row 5, we find that the captioning performance decreases if we only perform the joint
training without the auxiliary training objectives (Row 2). This verifies the necessity of the aux-
iliary training objectives to stabilize the training process. And we also make a deeper discussion
on the auxiliary training objectives in Section 4.7. Third, we explore to perform the joint training
with only single auxiliary training objective, i.e., translation objective in Row 3 and caption ob-
jective in Row 4, respectively. Comparing Row 3/4 with Row 2, we can see that single auxiliary
training objective could also lead to mild improvement. Furthermore, the caption objective con-
tributes more than the translation one (The results in Row 4 are better than that in Row 3). This is
reasonable since the the sampling process closely related to the training instability is performed
based on the output of the caption model. Finally, comparing Row 3/4 with Row 5, we observe that
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Table 5. The Training Time Per Epoch of Methods with the Same Model
Architecture (Caption-translation Pipeline)

# Model
Training Time

caption model translation model
1

Cap-Trans Pipeline
pair [23] 21 min 8 h

2 triplet 2 min 3 min
3 both 23 min 8h + 3 min
4 Ours + 7 min

We list the training time of the caption model and the translation model in the
pipeline, respectively. “h”İ denotes an hour, “min”İ denotes a minute.

using both auxiliary training objectives achieves better results than only using single one, which
demonstrates that both of them are indispensable in the training process.

4.5 Empirical Analysis on Training Time

We analyze the additional time cost caused by our method in Table 5. Specifically, we compare
the training time of different methods with the caption-translation baseline as the same model
architecture, which only differ from each other in terms of data usage and optimization method.
First, comparing with the translation-based method [23] that only leverages the paired datasets
(Row 1), the additional time cost of also training on the triplet dataset (Row 3) is negligible (2 min
vs. 21 min for caption model, 3 min vs. 8 h for translation model). Second, with the utilization of
both paired datasets and triplet dataset, the multiple-objective optimization in our method (Row 4)
only involves additional 7 min comparing with training the two models in the pipeline separately
(Row 3). In summary, either the data usage (using both two kinds of datasets) or the optimization
method proposed in this work only slightly increases the training time cost while significantly
improving the low-resource captioning performance.

4.6 Qualitative Analysis

We display some generated examples of different methods in Figure 7. In Example (a), our approach
generates a more detailed caption than the other methods by capturing the texture “rocky” of the
“beach”. In Example (b), it describes the image most accurately by identifying the object “skate-
board”. In Example (c), considering the correctness, our method also performs better than the
other methods that misidentify the “drum” as “guitar”. The image content of Example (d) is more
complicated and difficult for captioning, and only our method successfully describes the “ dogs”
while the other methods not. To summarize, by effectively leveraging both the triplet dataset and
paired datasets, the proposed method can identify the objects in the image more accurately and
understand the image content more in detail.

4.7 Discussion

We analyze the trend of captioning performance of our method with/without the auxiliary training
objectives (abbreviated as ATO), respectively in Figure 8(a). Without ATO, the CIDEr on both
training and validation sets drops during the training process, while it is more steady and shows
a rising trend in the setting with ATO. This shows that the auxiliary training objectives are really
important to stabilizing the training process. We hypothesize this is mainly because the violent
fluctuation of model parameters leads to the instability in the sampling process, and the auxiliary
training objectives can prevent the model parameters from changing dramatically and thus make
the training process more stable.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 18, No. 3, Article 83. Publication date: February 2022.



83:16 Y. Wu et al.

Fig. 7. Examples of German captions generated by different methods. Green and red indicate the highlights
and mistakes in the captions generated by our method, respectively. We also display the English translations
of German captions in brackets for readability.

We also analyze the robustness of our approach when the coefficient λ varies in Figure 8(b). We
observe that the proposed method always outperforms the baselines with different values of λ,
which indicates that our approach is robust to λ.

For completeness, we further investigate how the model performance varies with different coef-
ficients of three training objectives, as shown in Table 6. Different from the analysis in Figure 8(b),
we assign different values to the coefficient of the joint training objective instead of keeping it
always 1.0, and tune the coefficients of two auxiliary objectives separately instead of taking them
as a whole (i.e., the coefficient λ). We start from the coefficient setting of our final model (Row 13),
and vary the three coefficients, respectively, in [0.2, 1.0] with a step of 0.2. We observe that with
various coefficient settings, our method can achieve state-of-the-art experimental results in most
cases, which verifies its effectiveness on low-resource captioning.

5 CONCLUSION

In this article, we propose to simultaneously exploit the triplet dataset and large-scale paired
datasets, which only contain paired labels of the triplet to improve captioning for low-resource
languages. We revisit the translation-based approach as it is flexible to incorporate both triplet
labels and paired labels. We show that it is not trivial to achieve better performance by this incor-
poration due to the gap between training and testing and the instability in the training process. To
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Fig. 8. Analysis of the auxiliary training objectives and coefficient λ. (a) plots CIDEr of our method from 0 to
20 epoch. The notation “with ATO” or “w/o ATO” denotes the setting with or without the auxiliary training
objectives, “train” or “valid” denotes the performance on the training set or validation set. (b) plots CIDEr of
our method with different coefficient λ, and the CIDEr of the monolingual caption model and dual attention
model are also shown for comparison.

Table 6. Experimental Results of German Captioning with Different Coefficients of
the Joint Training Objective (JTO), the Caption Objective (CapO), and the

Translation Objective (TransO)

# JTO CapO TransO CIDEr B@1 B@2 B@3 B@4 METEOR SPICE
1 1.0 0.2 0.8 31.95 53.47 35.25 23.03 14.57 17.37 4.11
2 1.0 0.4 0.8 32.89 55.96 37.82 25.30 16.61 17.65 4.30
3 1.0 0.6 0.8 32.94 55.67 37.04 24.67 16.13 18.03 4.27
4 1.0 1.0 0.8 32.27 55.80 37.91 25.61 17.03 18.18 4.38
5 1.0 0.8 0.2 33.57 55.49 37.41 25.12 16.75 18.02 4.33
6 1.0 0.8 0.4 32.23 55.99 37.73 25.25 16.67 17.90 4.34
7 1.0 0.8 0.6 32.78 56.22 37.97 25.58 17.03 17.99 4.31
8 1.0 0.8 1.0 32.18 55.68 37.57 25.16 16.59 17.86 4.28
9 0.2 0.8 0.8 31.30 54.73 36.53 24.26 15.87 17.55 3.90
10 0.4 0.8 0.8 31.44 55.75 37.74 25.27 16.77 18.02 4.00
11 0.6 0.8 0.8 32.84 55.97 37.70 25.48 17.00 18.01 4.32
12 0.8 0.8 0.8 32.39 56.16 38.08 25.57 16.92 18.07 4.12
13 1.0 0.8 0.8 33.84 55.92 37.69 25.13 16.47 17.85 4.36

bridge the gap, we jointly optimize the whole pipeline by making the sampling process from the
caption model differentiable using Gumbel-Softmax reparameterization. Furthermore, we intro-
duce two auxiliary training objectives to stabilize the training process. Experimental results show
that our approach effectively leverages both the triplet dataset and large-scale paired datasets to
significantly improve over the state-of-the-art methods.

APPENDIX

A SIGNIFICANCE TEST

We additionally run our method with the two baselines (monolingual caption model and dual at-
tention model) with 8 different random seeds. A total of 9 groups of experimental results (including
one group presented in the main body of the paper and additional 8 groups) are listed in Table 7.
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Table 7. Experimental Results of German Captioning on Common Metrics (Nine Groups with
Different Random Seeds in Total)

Group Number Model CIDEr B@1 B@2 B@3 B@4 METEOR SPICE

1
Monolingual 29.77 53.01 34.52 22.23 14.19 17.70 3.98
Dual Attention 31.19 54.99 36.77 24.38 16.09 17.82 4.11
Our Method 33.41 55.72 37.92 25.40 16.82 17.84 4.27

2
Monolingual 29.46 53.19 35.46 23.59 15.45 17.67 4.03
Dual Attention 30.90 55.22 37.03 24.49 16.17 17.77 4.05
Our Method 32.55 55.57 37.46 24.78 16.25 17.89 4.11

3
Monolingual 28.94 53.81 35.72 23.33 14.82 17.47 3.92
Dual Attention 30.74 54.73 36.55 24.16 15.93 17.79 4.09
Our Method 32.44 55.51 37.14 24.71 16.15 17.88 4.30

4
Monolingual 29.36 52.47 34.34 22.47 14.38 17.69 4.02
Dual Attention 30.87 54.67 36.44 23.91 15.74 17.62 4.04
Our Method 32.33 55.71 37.07 24.42 15.93 17.82 4.28

5
Monolingual 29.88 53.35 35.24 23.13 14.74 17.71 3.84
Dual Attention 30.60 54.48 36.29 23.79 15.51 17.56 3.90
Our Method 32.55 55.03 36.81 24.51 15.98 18.05 4.26

6
Monolingual 29.47 53.66 35.34 23.31 14.85 17.80 4.10
Dual Attention 30.59 54.47 36.10 23.47 15.25 17.58 4.03
Our Method 32.63 55.44 37.24 24.60 16.02 17.78 4.08

7
Monolingual 30.38 51.80 33.81 22.01 14.16 17.80 4.27
Dual Attention 30.52 55.02 36.78 24.41 16.11 17.65 4.02
Our Method 33.26 55.65 37.30 24.71 16.08 18.00 4.26

8
Monolingual 32.10 54.60 36.41 24.11 15.69 18.17 4.40
Dual Attention 30.79 54.47 36.48 23.98 15.71 17.66 4.08
Our Method 33.12 55.78 37.44 25.10 16.53 18.18 4.17

9
Monolingual 30.77 53.69 35.46 23.51 15.16 18.01 4.05
Dual Attention 30.82 54.74 36.69 24.30 16.02 17.78 4.08
Our Method 33.84 55.92 37.69 25.13 16.47 17.85 4.36

Average
Monolingual 30.01 ±0.90 53.29 ± 0.77 35.14± 0.75 23.08± 0.66 14.83±0.51 17.78±0.19 4.07± 0.16
Dual Attention 30.78 ±0.19 54.75 ± 0.26 36.57± 0.27 24.10 ± 0.32 15.84 ± 0.29 17.69± 0.09 4.04 ± 0.06
Our Method 32.90 ± 0.49 55.59 ±0.24 37.34±0.31 24.82 ±0.31 16.25±0.28 17.92 ±0.12 4.23 ± 0.09

Table 8. The P-values of the T -test Performed on the Nine Groups of Results, Comparing Our Method
with Two Baselines, Respectively

Model Comparison
p-value

CIDEr B@1 B@2 B@3 B@4 METEOR SPICE
Ours vs. Monolingual 5.962 × e−7 4.497 × e−7 9.334 × e−7 4.179 × e−6 3.343 × e−6 0.099 0.023
Ours vs. Dual Attention 4.412 × e−9 4.701 × e−6 7.168 × e−5 2.929 × e−4 0.011 6.538 × e−4 1.137 × e−4

In Table 8, we perform t-test on the results in Table 7 and totally obtain 14 p-values by comparing
our method with the two baselines, respectively, on all 7 metrics. Most of them (13 of 14) are smaller
than 0.05 (significant), and even 11 p-values are far smaller than 0.01.
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