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ABSTRACT News image captioning involves generating descriptive and informative captions for news
images by utilizing news article context. This task aims to capture detailed information, including multiple
types of named entities like person, organization, location, events etc. However, identifying named entities
from an image is a challenging task; to address this, we propose a novel approach of categorizing the key
named entities, into person entities and geoOrg entities, and providing distinct attention to these categories,
which ensure the focused extraction of relevant information from the image. Despite this approach, a single
news image falls short of providing comprehensive background details, leading to a lack of useful context.
Nevertheless, it is possible that the missing context in one image is present in another image of the same
article. To address this, we propose to incorporate the nearby image as an addon input, as structural proximity
implies contextual relevance. This multimodal cue facilitates the accumulation of contextualized features
that effectively capture contextually rich information from the article. Experimental results demonstrate the
effectiveness of our proposed approach in the GoodNews, NYTimes800k and DM800K datasets for news
image captioning, achieving an improvement of 0.4 BLEU-4 score over the state-of-the-art on the DM800K
dataset.

INDEX TERMS Deep learning, news image captioning, named entities, integrated vision-language, social
network.

I. INTRODUCTION
Image captioning [1], [2], [3], [4], [6], [7], [8], [9], [10],
is the task of narrating the visual content of an image
in natural language. Further, the News Image Captioning
(NIC) [11], [12], [13], [14] is a sub-task of image captioning,
which generates natural language sentences for the news
image with the help of the associated article. NIC is
considered to be challenging due to image understanding
and the generation of the entity-rich captions. NIC aims
to provide more contextually relevant captions, offering a
deeper understanding of the image’s content and its relation to
the news story. In our modern world, where communication
of news articles relies on smoothly combining written
stories with visual hints, news image captioning takes center
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stage, allowing us to provide insightful descriptions of
news-related pictures. This is particularly crucial within
our social systems, where news images convey information
and emotions, fostering connections. As we delve into
news image captioning, we discover its role in enhancing
comprehension and communication within our news-savvy
society. The explosive growth of online news content and its
sharing on online platforms has substantially increased the
importance of the automatic generation of NIC. The news
media sources are essential platforms for disseminating news.
News articles containing multiple named entities, such as
celebrity names or political figures, tend to generate more
attention and discussion on social networks.

In news articles, entities play a pivotal role in generating
entity-aware captions for news images. Each category
provides distinct semantic information that contributes to a
deeper understanding of visual and textual content. Towards
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FIGURE 1. A news article, along with its entity categories, addon and source images, is depicted in the
figure. The dark blue and light blue colors are used to depict person entities and other entities,
respectively. Where, ‘GT’, ‘W/O’, and ‘EntCat’ represents, ground truth, without and entity categorization,
respectively.

this, we proposed categorizing entities and providing distinct
focus on two categories of entities i.e. person and geoOrg
entities. our proposed method seamlessly integrates facial
features extracted from the source image. This integration
enables focused attention on person entities, Figure 1
illustrated that without entity categorization (W/O-EntCat)
the proposed architecture fails to identify the correct person
entity ‘‘Nathan Hubbard’’ in the generated caption. This
highlights the importance of providing explicit attention on
the each entity category. By mimicking the human cognitive
process of prioritizing and categorizing relevant information,
this strategy captures fine-grained crucial features for produc-
ing captions.

In general, a news article consists of a piece of writing
about a specific news topic, accompanied by a few images
representing key events related to the story; such two nearby
images of an article are shown in Figure 1. A challenge
arises when trying to grasp the complete background of
an image using a single photograph, as it often captures
a specific viewpoint without conveying the full story. For
instance, Figure 1 illustrates a pair of images associated with
an article. Our objective is to generate an appropriate caption
for the source image of Figure 1. However, this source image
alone, featuring an individual holding a microphone, lacks
the crucial background context essential for predicting the
caption accurately. To address the aforementioned limitation
of insufficient visual context, we propose incorporating an
additional nearby image from the same article. This nearby
image is selected as the preceding or succeeding image of
the source image. As structural proximity typically correlates
with contextual relevance (e.g., images from the same event).
In this case, addon image of Figure 1 serves as supplementary
visual information. This addition aids in identifying and
narrowing down multiple relevant concepts from the article,
emphasizing coarse-grained features. This approach mirrors
the human cognition process, leveraging prior knowledge to
comprehend and interpret scenes.

The prior news image captioning literatures [11], [15],
and [16] prefers to choose two-stage template-based

approaches for generating the captions for news images.
The generated caption in the first stage has an entity-type
token and omits the inclusion of named entities, constituting
a core elements of news caption. Subsequently, in the
second stage, various methods were employed by different
literature to replace these token types with the entities
extracted from the article. Like, techniques in [11] and [15]
aligned the produced template caption with the article data,
while [16] incorporated external web-based information.
To encode the article’s named entities [17] introduced
a Named Entity Embedder utilizing Wikipedia2Vec [18].
Moreover, the prioritization of person and geoOrg entities
(i.e., GPE, ORG, LOC, EVENT) in our work is motivated
by visual grounding through facial, landmark, and scene
cues and linguistic relevance. These entities exhibit a
stronger visual grounding facilitating effective cross-modal
alignment via our entity-specific attentionmechanisms. From
a linguistic perspective, news captions typically emphasize
‘‘who’’, and ‘‘where’’ information, aligning well with person
and geoOrg categories. Therefore, making sure they are
accurate is important in writing quality captions. Finding
the named entities and important context from a long
article is a crucial task. To handle this, our proposed
architecture works by attending to the person and geoOrg
entities separately, and by integrating the addon image
to gather additional relevant information from articles.
This approach ultimately improves the caption generation
process.

Our framework’s key contributions are outlined as follows:
• The presence of named entities makes the news image
captioning task more challenging. To tackle this, we select
the dominant entity types and categorize them into two
groups: person (e.g., individuals or public figures) and
geoOrg (e.g., organizations, geopolitical entities, or locations,
events) entities. Further, we introduce an innovative method
to distinctly focus on these two categories. Specifically we
introduce Cross-attentional Entities’ Features (CEF) module
which applies specialized attention to facial features for
person entities and general image features for geoOrg entities.
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This approach leads to the identification of emphasized
entities’ features.
• Typically, a news article covers a single narrative or event
supported by set of images. Sometimes, source images only
cover limited details like unclear background information
such as place, event, etc., that can be present in adjacent
images of the same article. To enhance the capture of
contextual information from the article, we propose to
incorporate a surrounding image as the addon input. This
addon image serves to supplement missing visual context and
provides complementary information that may not be present
in the primary source image.
• Furthermore, we conduct substantial experiments on two
widely used benchmark datasets i.e. GoodNews [11] and
NYTimes800K [12]. Further, to test the generalizability
of our framework we perform preliminary experiments on
more recent DM800K [19] news image captioning datasets.
The outcomes demonstrate that our suggested framework
showcases performance advancements, thereby validating the
robustness and adaptability of the proposed method across
diverse news image captioning scenarios.

The subsequent sections of the paper are structured as
follows. A brief review of image captioning, integrated
vision-language framework and news image captioning
literature is discussed in the next section II. Section III details
the proposed architecture, and the subsequent exploration of
experimental results on this news image captioning task is
presented in Section IV. Finally, we conclude the paper and
provide future work in Section V.

II. RELATED WORK
A. IMAGE CAPTIONING
In recent years, multi-modal deep learning applications [20],
[21], [22], [23], [24] have accumulated significant attention,
with notable advancements in various fields. One promi-
nent area is image captioning, which aims to generate
descriptive text for images automatically. This task has
seen considerable progress, leading to the development of
various methodologies and approaches. Initially, methods
combining Convolutional Neural Networks and Recurrent
Neural Networks [25], [26], [27] laid the groundwork for
subsequent advancements. Further studies have explored
different approaches [3], [10], [28], [29], [30], [31], [32]
incorporating variations in attention mechanisms, visual
and textual feature extraction techniques, language models,
standard / pre-training / domain-specific datasets, etc.

The emergence of transformer [33] based models,
known for their success in Natural Language Processing
(NLP) tasks, has brought about a significant shift in
image captioning methodologies. In a recent transformer-
based approach, Luo et al. [34] introduced the dual-level
cooperative transformer for addressing the supplementary
nature of grid and region features. This model aimed to
enhance semantic comprehension by leveraging both levels
of features. Additionally, Ma and colleagues [35] proposed
a transformer-based captioning framework incorporating

channel-wise and spatial attention mechanisms to enhance
semantic understanding. Ji et al. [36] proposes an approach
called metric-oriented focal mechanism to address the
challenge of varying difficulty levels in image captioning.
BLIP-2 [37] integrates ViT-G [38] a frozen image encoder
with a Flan-T5 [39] (or OPT [40]) large language model
through a lightweight querying transformer resulting in
efficient zero-shot image captioning and VQA. It excels
at transferring visual understanding to language tasks
with minimal supervision. Moreover, semantic-enhanced
dual attention transformer model of [41] introduces a
locality-sensitive transformer framework for generating
captions for images and enhancing local visual modeling
through unique locality-sensitive fusion and attention tech-
niques. Recent study [42] have demonstrated enhancements
in image captioning task through the integration of text-
level chain-of-thought reasoning and exploring in-context
learning. Furthermore, our proposed framework leverages
transformers, harnessing their multi-head self-attention
mechanism to produce contextual captions for news images.

B. INTEGRATED VISION-LANGUAGE FRAMEWORK
The transformer architecture has emerged as the cornerstone
of vision-language integration due to its scalability and
flexibility in processing both sequential and non-sequential
data. Transformer has Initially popularized in natural lan-
guage processing [33], [43] and computer vision [44], [45].
The Vision Transformer (ViT) [44] and its subsequent
improvements have optimized computational efficiency [45],
[46] and architectural design [47], [48] making them suitable
for integrating visual and textual data. These advancements
has become amajor area of research, with the goal of bridging
the gap between these modalities.

One of the influential techniques in the vision-language
alignment work has been contrastive learning. Models
like CLIP [49] and its successors [50], [51], [52], [53]
have demonstrated impressive performa Contrastive learning
frameworks have proven pivotal by linking images with their
corresponding textual descriptions through dual encoders,
which project these modalities into a shared embedding
space, as demonstrated in various studies [49], [54]. Although
highly effective in capturing high-level associations and
enabling zero-shot learning, these methods often struggle
with tasks that require fine-grained compositional reason-
ing [55]. For bridging the gaps in vision-language alignment,
our architecture utilizes CLIP for visual feature extraction.
OFA (One For All) [56] is a unified vision-language
model that reformulates modalities like vision, language,
cross-modal into a sequence-to-sequence task using a
single transformer framework. It supports diverse tasks like
captioning, VQA, and grounding via instruction tuning and
shared token space.

C. NEWS IMAGE CAPTIONING
News image captioning is a tricky task since it handles the
extensive coverage of entities in the generated caption. For
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the news image captioning task, Biten et al. [11] proposed a
two-stage template-based LSTM framework, which produces
news image caption with a placeholder for the entities and
then used the context or sentence attention to replace the
entity tags from the generated sentence. They provide hidden
state attention to attend to the image and article features.
Yang et al. [57] incorporates transformer into the captioning
process with the object recognition ImageNet model [58]
and scene recognition model [59]. Further, Tran et al. [12]
suggested an end-to-end transformer model that encoded
the article sentences by using weighted RoBERTa. Then,
a decoder takes various input embeddings to generate a
caption. Jing et al. [60] proposed a sentence correlation
analysis method to locate the semantically similar context for
the accompanying image. They used real-world knowledge
to leverage the semantic relevance of the named entities.
Yumeng et al. [61] proposed template-based image-text
matching using image captions, which first generate the tem-
plate caption and then fill the placeholder by choosing named
entities related to the knowledge graphs obtained from images
from the news. JoGANIC [17] first broke the captions into
templates of who, when, where, context, and misc. Further,
using the Wikipedia knowledge base, train the neural entity
predictor approach to predict named entities from the article.
Then, the caption is generated by the transformer decoder’s
distinct prediction heads using template guidance. In news
image captioning models [11], [12], [17], the encoded images
and articles work separately, neglecting their association.
Moreover, visual news captioner [13] introduced combined
multi-modal learning and incorporated a visual selective
layer and multi-head attention on attention. The author
also presented a multi-head pointer-generating approach for
selecting words from the source input and the name entity
list. Zhao et al. [62] proposed the cross-modal entitymatching
method using a multi-modal knowledge base fromWikipedia
to minimize the image and text embedding representation.
NewsMEP [14] proposed to use CLIP for visual features
and incorporated a prompting mechanism for generating
captions for news images. Zhang et al. [63] proposed
to improve caption generation by incorporating discourse
information and enhancing style coherence in the generated
captions. Zhou et al. [64] proposed effectively choosing
context information related to the image to generate more
accurate and contextually appropriate captions. Motivated by
the aforementioned discussion, this paper introduces unique
news image captioning architecture aimed at effectively
leveraging the additional visual features to capture more
relevant details from the article.

Kalarani et al. [65] proposed to used a unified
vision-language model based on the OFA architecture on
three tasks i.e. keyword extraction, contextual visual entail-
ment, and news image captioning. Zhang andWan [66] study
explores that recent models achieve competitive performance
even without vision features. Notably, visual features assist
in generating specific entities when textual context provides
sufficient information. Qu et al. [67] introduce a face-naming

module to refine name embeddings, and a sentence retrieval
strategy using CLIP is proposed to link image content to
relevant segments in the article. Chen et al. [19] proposed
a novel task of multi-image captioning and introduced a
new dataset DM800K. Xu et al. [68] develops a rule-driven
approach that incorporates news-aware semantic rules to
predict captions. To tackle named entity challenges in news
image captioning, we categorize them into person and geoOrg
entities and leverage facial and image features through
the Cross-attentional Entities’ Features (CEF) module.
Additionally, our framework integrates nearby images to
enrich contextual information from the article and generate
entity-rich news image captions.

III. PROPOSED WORK
This section covers a proposed model, depicted in Figure 2.
In this architecture, we propose to augment the addon
image and provide separate attention to the two categories
of named entities. We utilize a prevalent encoder-decoder
architecture for the task of news image caption generation.
In the captioning encoder, we initially encode both visual
and textual components. Subsequently, we enhance article
features by incorporating information from the source image
and addon image. Additionally, we improve entities’ features
by leveraging facial features and source image features. The
captioning decoder produces the caption sequence word by
word with the help of gated units to filter the irrelevant
features.

A. CAPTIONING ENCODER
The captioning encoder examines the inputs and transforms
the data into context vectors.

1) VISUAL AND TEXTUAL FEATURE REPRESENTATIONS
This module describes the feature extraction from multi-
modal entities such as images, faces, articles and named
entities. To produce visual features, we have utilized the
CLIP encoding module proposed by Radford et al. [49]).
We obtain the visual features from CLIP and project them
using a two-layer MLP, resulting in a 1024-dimensional
feature vector for the source image, denoted as SI . Similarly,
we obtain the additional sequence image (addon image)
features, denoted as SO. The image features generated by
CLIP improve its ability to associate with text representations
and help to generalize to new classes or concepts.

For detecting the bounding boxes of the faces from the
image, we have utilized the pre-trained MTCNN [69] model.
Subsequently, we select up to four faces of high confidence.
Additionally, we forwarded these detected faces bounding
boxes to the pre-trained FaceNet [70]1 framework and to
obtain the feature set for the image’s faces as F = {fi | 0 ≤

i ≤ NF }, the embedding dimension of each face is 512. NF

denotes the number of faces.

1https://github.com/timesler/facenet-pytorch
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To obtain a richer representation of the article that provides
contextual embeddings for text, we used the RoBERTa [71]
language representation model. RoBERTa encoder generates
the features set denoted as A = {ai | 1 ≤ i ≤

NA}, where NA denotes the input length. The embedding
dimension of each token is 1024. Byte-pair encoding, as used
in RoBERTa, efficiently encodes linguistically and named
entity-rich articles, overcoming the limitations of pre-trained
word embeddings like word2vec [72] and GloVe [73], which
struggle to encode out-of-vocabulary words in such contexts.

We used a spaCy [74] named entity recognizer for
retrieving named entities from the article.2 The article’s
named entities’ features set is computed using RoBERTa,
as shown above. We separate the person entities having entity
type PER, which are denoted as set EP = {ePi | 0 ≤ i ≤

NE
P
}, where NE

P
represents the number of the person entities

in an article. Further, we consolidated dominant entities of
types like Geopolitical entities (GPE), organizations (ORG),
locations (LOC), and event (EVNT) in the news article,
leading to the formation of the geoOrg entity set, denoted as
EGO = {eGOi | 0 ≤ i ≤ NE

GO
}, where NE

GO
represents the

number of geoOrg entities in an article.

2) MULTI-HEAD SELF-ATTENTION (MSA)
The standard transformer multi-head attention, as described
in [33], is defined as the scale dot-product attention, supplied
queries Q, keys K and values V, which is shown below:

Attention(Q,K,V) = δ(
QK⊤

√
dk

)V, (1)

where dk is the scaling factor. δ(·) is an softmax activation
fucntion. Extending the attention mechanism of equation (1)
into several heads employed for diverse attention distribu-
tions. Multi-head attention is defined as follows:

fMSA(Q,K,V) = Concat(H1, . . . ,HN h )Mh, (2)

Hi = Attention(QMqi,KMki,VMvi), (3)

where {Mh, Mqi, Mki, Mvi} are learnable parameters. Hi
represents i − th attention head. Nh are the total number of
attention heads and Nh = 8.

3) SELF-ATTENTIONAL ARTICLE FEATURES (SAF)
The textual information comprises high-level semantic data,
making it more discriminative compared to images framed
with pixels. This module describes the generation of
enhanced textual features. To that end, we utilized the f MSA
of equation (2) to extract long-range semantic relationships
from the article context as follows:

âi = f MSA(ai,A,A). (4)

Likewise, we obtained geoOrg entities’ features denoted as
êGOi by passing eGOi and EGO in the above equation. The
multi-head configuration of MSA is helpful in understanding
complex relationships.

2github.com/pemagrg1/Natural-Language-Processing-NLP-using-Spacy

4) CROSS-ATTENTIONAL ARTICLE FEATURES (CAF)
In real-world situations, news articles frequently cover
various intricate sequences of events on a particular topic.
While only a small fraction aligns with the image. Thus,
the proposed incorporation of addon image features helps
to gather the more relevant background context of that topic
from the article. First, we utilized the source image features as
a query to enhance article features of equation (4) as depicted
below:

ǎIi = f MSA(s
I
i , Â, Â), (5)

where ǎIi denotes the enhanced article features obtained by
passing source image features as query and article features
obtained in SAF module as key and value to MSA module,
Â = {âi} and sIi ∈ SI Then, we utilize the features of an addon
image as a query in the following manner:

ǎOi = f MSA(s
O
i , Â, Â), (6)

where sOi ∈ SO. Subsequently, for projecting the spatial
article features, we used linear layer followed by Gaussian
Error Linear Unit (GELU) [75] activation function and layer
normalization, which is illustrated below:

ˇ̌a = LN(GELU([ǎI ; ǎO]Ma + ba), (7)

where {Ma, ba} are learnable parameters. LN(·) represents
layer normalization. [ ] represents concatenation. ˇ̌a
represents an enhanced article features by the encoder, which
will be passed to the decoder further. GELU is effective in
capturing complex patterns.

5) CROSS-ATTENTIONAL ENTITIES’ FEATURES (CEF)
The importance of named entities in generating informative
captions is significant, and its predictability is often chal-
lenging. Notably, person entities are the most prevalent type
of entities present in captions. Inspired by this observation,
we introduced the CEF module. In this module, we begin
by concatenating the facial features f1 to fNF of an image
followed by a linear layer as shown below:

F = [f1; . . . ; fNF ]Mf + bf , (8)

where {Mf , bf } are learnable parameters. The weights
assigned to facial features have been proven to be effective
in learning the importance of faces.

Further, we utilized the facial features of the source image
to align the transformed person entities’ features as given
below:

ěFPi = FC(f MSA(fi, É
P
, É

P
)), (9)

where fi ∈ F and É
P

is obtained by applying a linear
layer followed by GELU to person entities’ features (EP) for
matching dimensions. Moreover, Ê

GO
= {êGOi } undergoes

transformation via a linear layer and subsequent GELU
activation to yield É

GO
. Then we utilized the source image
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FIGURE 2. Outline of the proposed architecture. In the encoder layer, we employed FaceNet to encode faces, CLIP to
encode images, and RoBERTa to encode text. The self-attentional Article Features (SAF) module is used to enhance textual
features. The Cross-attentional Article Features (CAF) and Cross-attentional Entities’ Features (CEF) components play a
crucial role in determining the related context from the article and relevant named entities’ features. The architecture
consists of N captioning Decoder Layers.

features as a query to the enhanced features of geoOrg entities
as shown below:

ěGOi = FC(f MSA(s
I
i , É

GO
, É

GO
)). (10)

This attention helps to align other named entities, such as
GPE, ORG, LOC and EVNT, with visual details of the
source image. After providing the ěFPi and ěGOi features to
equation (7), we obtained attended entities’ features relevant
to the source image denoted as ˇ̌ei. We are considering
only source image features to attend to entities’ features.
The proposed distinct attention mechanisms for person and
geoOrg entities are designed not only for fine-grained entity
alignment but also to support contextually grounded caption
generation.

B. CAPTIONING DECODER
The transformer decoder generates the target representation
Y = {yt }Tt=1, where yt represents the token produced at t− th
time step, T is the length of the caption. The input matrix
representation to the captioning decoder at t − th time step is
shown below:

W<t = [w0, . . . ,wt−1], (11)

where wt ∈ Rd×1 is the vector representation of the t − th
word, obtained by combining word embedding and positional
encoding. w0 is the feature vector of the token that represents
the beginning of a sentence.

For each layer in the decoder, the first sub-layer of
each layer isMaskedMulti-head Self-Attention (MaskMSA),
which aims to capture target-side relationships with previ-
ously predicted words as follows:

clt = LN(wl−1
t + f MaskMA(w

l−1
t ,Wl−1

<t ,Wl−1
<t )), (12)

whereWl−1
<t is the output of the (l − 1)th layer, 0 ≤ l < N . N

denotes the number of decoder layers.
Further, the decoder has two more sub-layers to look

for translation-relevant source semantics in order to fill the
gap between the source and target. The second sub-layer
strengthens the decoder by using the encoder’s output as a
key and value. The output clt of MaskMSA is supplied to
the MHEDMA (explained in the subsequent point within this
subsection) as follows:

ˇ̌z
l
t = f MHEDMA(c

l
t , S

I ,
ˇ̌A,

ˇ̌E), (13)

where ˇ̌z
l
t possesses information based on the importance of

modalities and the contextual encoder output ˇ̌A = {ˇ̌ai},
ˇ̌E =

{ˇ̌ei} and source image embedding SI is passed to all of the
decoder layer’sMHEDMAsub-layer. After applying the third
sub-layer, i.e., Feedforward Neural Network (FNN), the l−th
layer’s output is calculated as follows:

xlt = FFN(ˇ̌z
l
t ), (14)

where FFN(·) is composed of two feed-forward layer with
GELU activation function. The output xlt is forwarded to the
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next captioning decoder layer. Finally, N − th captioning
decoder layer output is passed into the linear layer followed
by a softmax activation to deduce the word yt .

1) MULTI-HEAD ENCODER-DECODER MULTI-MODAL
ATTENTION (MHEDMA)
This layer associates its previously generated word vectors
over all contextualized encoder outputs in order to condition
the probability distribution of the following target vectors:

s̄It = f MSA(ct , S
I , SI ). (15)

Likewise, we obtained āt and ēt by passing ˇ̌A and ˇ̌E to
the aforementioned equation, respectively. Further, the Gated
Unit (GU) filters the features that have a low correlation for
predicting the next word, as follows:

s̃It = f IGU(ct , s̄
I
t ), (16)

= ([ct + s̄It ]Ms1 + bs1) ⊙ tanh([ct + s̄It ]Ms2 + bs2),

(17)

where {Ms1,Ms2, bs1, bs2} are learnable parameters. ⊙

denotes hadamard product. tanh is activation function.
In a similar manner, we obtained ãt and ẽt by passing
āt and ēt to the aforementioned equation, respectively.
Subsequently, we aggregated these filtered features. This
fusion was strengthened by integrating a residual connection
mechanism, accompanied by subsequent layer normaliza-
tion. Following this, an affine transformation was applied,
followed by GELU activation for non-linearity. Continuing
to enhance the process, we introduced another residual
connection paired with layer normalization. This progressive
series of steps ultimately led to the enriched output, denoted
as ˇ̌zt :

ut = s̃It + ãt + ẽt , (18)

zt = LN(utMu + c<tMc), (19)

žt = GELU(Mž(ztMz + bz) + bž), (20)
ˇ̌zt = LN(žt + zt ), (21)

where {Mu,Mc,Mž,Mz bz, bž} are learnable parameters.

C. MODEL TRAINING
Following previous work, the news image captioning is
defined as the task of producing caption Y = {y1, y2, . . . , yT },
given an article A and a source image SI from that
article. First, the proposed multi-modal neural news image
captioning architecture is trained by minimizing the negative
log-likelihood of a captioning model that is additionally
conditioned on the addon image. The loss function for the
proposed news image captioning architecture is shown as
follows:

£(θ) = −

∑
t

log(P(yt |y<t , S
I ,A, SO)), (22)

where P(yt ) is the predicted probability for each target word,
which is dependent upon SI , A, SO, and ground-truth tokens

FIGURE 3. Training data statistics shows the percentage of the number of
images present in an article. The pink and green bar represents the
statistics for the GoodNews and NYTimes800K respectively.

up to t . Then we fine-tune our model with the CIDEr-D [10]
score as a reward. The baseline reward is calculated from a
mean of top-k words of beam search rather than a greedy
approach.

IV. EXPERIMENTAL RESULTS
A. DATASETS AND EVALUATION METRICS
In our experimental setup, we utilized three datasets available
for this task: GoodNews [11], NYTimes800k [12] and
DM800K [19]. These datasets contain images, captions,
and news DM800K is the largest dataset among the three
datasets. The ground-truth captions of news images are
written by skilled journalists, which results in vocabulary-
rich articles. These datasets annotate each image with one
ground-truth caption that is an average of eighteenwords long
in GoodNews and NYTimes800k datasets and twenty two
words long in DM800k dataset. On the other hand, the image
caption benchmark MSCOCO [76] dataset possesses five
ground-truth descriptions for each image, with an average
caption length of 12. For the experiment with the GoodNews
dataset, the train split, the val split, and the test split comprises
410K, 21K , and 21K examples, respectively. Further, the
NYTimes800k dataset comprises the train split, the val split,
and the test split of 720K , 21K , and 21K , respectively. The
DM800K dataset comprises the train split, the val split, and
the test split of 880K , 60K , and 40K , respectively. The
percentage of the number of images present in an article of
the GoodNews and NYTimes datasets is shown in Figure 3.
The plot illustrates that around 40%of articles havemore than
one image for GoodNews and NYTimes800K datasets. On an
average GoodNEws, NYTimes800k and DM800k datasets
have 1.8, 1.78 and 4.45 number of images per articles,
respectively, and 96%, 97% and 70% percentage of captions
with named entities, respectively. Therefore, our proposed
architecture with the combination of an addon image and
separate entity categorization has shown good results.

For evaluating the produced news picture caption, we uti-
lized the word-based metrics BLEU-4 [77], METEOR [78],
ROUGE-L [79], CIDEr [80]. After lower-casing and remov-
ing punctuation from captions, we employed the COCO
caption evaluation toolkit3.3 These metrics assess the degree
of the word overlap between created and actual captions.
As the task targets the generation of entity-rich captions, our
evaluation focuses on named entities within the generated

3https://github.com/tylin/coco-caption/
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captions. Thus, the precision and recall metrics of the named
entities are then calculated using matching counts between
named entities in the generated captions and in the ground
truth captions.

B. IMPLEMENTATION DETAILS
In our work, we configure the embedding dimension to
1024. We used 16 heads (H ) and ten decoder layers
(N ). Furthermore, we used Adam [81] optimizer with the
following parameters: epsilon = 10−6, beta1 = 0.9 and
beta2 = 0.99. During the initial 5% of training iterations,
we warm up the learning rate to 10−4, followed by a gradual
linear decrease. After each attention and linear layer, dropout
is applied with a keep probability of 0.9. Our approach
consistently generates captions with an average length of
15 words. Subsequently, during the optimization phase
focusing on CIDEr-D improvement, a consistent learning rate
5×10−6 is maintained.We set the batch size to 16. Moreover,
we adopt a beam size of five.

To obtain the visual features from news images we
use the ViT-B/324 backbone of CLIP. A two-layer MLP
with GELU [75] activation projects image embeddings
into the 1024-dimensional space. The pre-trained RoBERTa
model is used to generate the embedding for each word.
Token embeddings from its final transformer layer are
passed through a learnable linear projection to align with
the decoder’s 1024-dimensional space. The context for a
token embedding is selected from the news headline, first
paragraph, and sentences surrounding the source image of the
article. Further, in the context, we append the named entities
of the captions that are not present in the article. For three
datasets, we input the context of a maximum of 512 tokens.
For the addon image, we use the preceding image of the
article, and in the absence of preceding image, we select the
succeeding image as a nearby image. When no addon image
exists, the presence_flag will be set to 0, which encourages
the model to focus on visual details from the source image
and context.

For improving face detection success rates on low-
resolution images, we have applied the contrast-limited
adaptive histogram equalization technique [82], to enhance
image clarity and contrast. When facial regions are unavail-
able, a zero tensor is passed to the CEF module to indicate
the absence of face-related visual information. This allows
the model to focus its attention on other visual and textual
cues available in the source image.

Our training pipeline is implemented using PyTorch [83]
in conjunction with the AllenNLP [84] framework. The
code for the RoBERTa model is adapted from Fairseq.5

We utilized three NVIDIA GeForce GTX 1080 Ti GPUs
to perform experiments on three news image captioning
datasets.

4https://github.com/openai/CLIP
5https://github.com/pytorch/fairseq

C. ABLATION RESULTS
Tables 1 and 2 summarize the results of different setups of
the proposed architecture. Table 3 summarizes the results
of the different ablation model setups on GPE, ORG, LOC
and EVNT entities, which are part of our GeoOrg NE
category. The performance of the model has been analyzed
through ablation results on generic metrics, named entities,
and person entities. To validate the effect of our proposed
framework, we selected the GoodNews and NYTimes800k
datasets and performed ablation results with two variants of
the proposed model.

1) IMPACT OF ENTITY CATEGORIZATION
Table 1 and 3, showcases the impact of entity categorization
on news image captioning. The model configuration without
the categorization of entities is denoted as W/O-EntCat.
In this model variant, we incorporated all entities as input
in place of both the categories i.e. Person NE and GeoOrg
NE. Therefore, no separate attention will be provided to
entity categories. We observed significant performance drops
in the results of the W/O-EntCat configuration. The results
depict that using separate attention on person entities’ and
geoOrg entities’ features have notably elevated the precision
and recall performance of person entities and geoOrg entities
thereby enhancing the results of all metrics. In particularly,
leveraging facial details from the source image to capture
information about person entities boosted person entity
results. These outcomes indicated the success of our proposed
combination, which resulted in a performance boost.

2) IMPACT OF ADDON IMAGE
The outcomes of the impact of the addon image on

both datasets are presented in Tables 2 and 3. The model
configuration without the addon image input is denoted as
W/O-Addon. In this model variant’s CAF module, we are
using only the source image features to emphasize the article
features. We observed a performance drop in results with this
setup, particularly in metrics other than precision and recall
of person entities. The results suggest that the addon image
plays a crucial role in capturing relevant context from the
article. Effective integration of the addon image has benefited
the model well, showing performance boosts in results.

These ablation findings show that the incorporation
of entity categorization demonstrating the effectiveness
of structured entity-aware attention and additional visual
features leads to context improvement resulting in overall
performance improvement.

D. ANALYSIS OF COMPETITIVE METHODS
Table 4 summarizes the evaluation metrics result of several
news images captioning works on three datasets: GoodNews,
NYTimes800k and DM800K. In addition, we compare our
results with two influential image captioning frameworks,
such as BLIP-2 [37] (with Flan-T5.xl version text decoder)
and OFA [56] in zero-shot setting with the prompt provided
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TABLE 1. Impact of presence of entity categorization in news image captioning.

TABLE 2. Impact of addon image in news image captioning.

TABLE 3. Impact of entity categorization and addon image on the precision and recall results of PER, GPE, ORG, LOC and EVNT entities across two
datasets of News Image Captioning.

as ‘Generate the caption for news image?’ without any task-
specific fine-tuning. The results show that OFA outperforms
BLIP-2, demonstrating its stronger capability in generat-
ing contextually rich and semantically aligned captions,
especially prominent score of the METEOR and ROUGE
metrics, indicating that OFA produces more fluent and
semantically relevant captions. BLIP-2 and OFA perform
better on DM800K as only 70% of its captions contain named
entities, making it less context dependent than GoodNews
and NYTimes800K, which have 96% captions having named
entity. As, these models primarily focus on general image
captioning and do not incorporate contextual information
from associated news articles, limiting their effectiveness in
the news domain.

We compare our proposed model against a range of base-
lines and competitive approaches designed for news image
captioning, such as the framework proposed by Biten [11]
proposed a framework that utilizes GloVe embedding or

tough-to-beat [86] to derive features from the article, and in
the following stage, the framework employs the named entity
insertion method. ICECAP [15] focuses on retrieving the
related sentence from the article and generating the captions
from the selected sentences. Yang et al. [57] incorporates
transformer into the captioning process with the object recog-
nition ImageNet model and scene recognition Places365 [59]
model. Trans & Tell [12] model, which utilizes separate
attention over faces, images, objects, and text. Models [11],
[12], and [57] exhibit mediocre performance due to a lack of
crucial entity information necessary for caption generation.
Zhao et al. [62] propose to enhance entity-aware image cap-
tioning through the integration of a multi-modal knowledge
graph. Visual News [13] incorporated entities as input and
addressed the out-of-dictionary challenge by utilizing the
multi-head pointer generation method. Moreover, to enhance
the quality of the generated caption, JoGANIC [17] followed
journalists’ guidelines by considering the structure of the
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TABLE 4. Outcomes of proposed news image captioning model on GoodNews, NYTimes800k and DM800K datasets using BLEU, ROUGE, METEOR, and
CIDEr evaluation metrics. It also illustrates the precision and recall of named entities.

captions. Generating such a precise and straightforward
template for news image caption is improper. NewsMEP [14]
leverages prompting mechanisms to produce more precise
and informative captions for news images. Entities are
selected for prompting by calculating the correlation score
using images and entities’ features. Zhang et al. [63] proposed
the semantic discourse extraction (DiscExt), which helps
to capture the relevant context related to the image from
the article. At the same time, contrastive style-coherent
learning improves the coherence and consistency of the
captions. Their approach uses a heuristic method for selecting
oracle elementary discourse units during pretraining in the
DiscExt module, which relies on maximizing the ROUGE-L
score.

Focus with Context [64] model ensures that the generated
captions are well-aligned with the image content and the
associated news article by efficiently selecting a context.
Kalarani et al. [65] constructed the model based on the
OFALarge architecture, where pre-training involves three
tasks: generating captions based on images and context,
predicting keywords from news articles, and classifying
whether a given caption entails the image and context.
Qu et al. [67] proposed model that is built on BART and inte-
grates visual and name features using cross-attentionmodules
and a face naming module focused only on person entities.
Xu et al. [68] introduce the news-aware semantic rule con-
sisting of entities, actions and semantic roles which improves
caption quality significantly. The authors of [19] propose a
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TABLE 5. Comparison of precision (P) and recall (R) of PER, GPE, ORG, LOC and EVNT entities.

contrastive entity-aware multi-image captioning framework,
abbreviated as ConCaps. This approach focuses on jointly
generating a caption by integrating multiple images. The
model architecture comprises a transformer-based caption
generation framework coupled with a coherence mecha-
nism based on contrastive learning. The table IV presents
two variants of the ConCaps model, each employing a
different set of coherence mechanisms. The first vari-
ant, ConCaps+VertCoh+HoriCoh1+HoriCoh2, integrates
all coherence components, whereas the second variant,
ConCaps+VertCoh+HoriCoh1, excludes HoriCoh2. In con-
trast, our approach does not perform joint captioning over
multiple images. Instead, we treat one image as the target
for caption generation and utilize additional images only as
auxiliary sources of contextual information. This spatially or
temporally related nearby image is not directly captioned but
is selectively processed to extract entity-level and contextual
cues that inform the caption generation for the source image.
This distinction allows our method to maintain focus on
the target image while still benefiting from external context,
without merging multiple visual scenes into a single narrative
as ConCaps does. Furthermore, our utilization of entity
categorization followed by diverse attention mechanisms,
focusing on both faces and entities of the source image, has
led to enhanced outcomes.

Zhang and Wan [66] aimed to address the influence
of visual features in news image captioning. They con-
ducted in-depth analysis on different models built upon
Tran et al. [12], JoGANIC [17] and visual news cap-
tioner [13]. One model variant is JoGANIC∗, which adopts
a transformer-based framework that incorporates component
template guidance in accordance with journalistic principles.
Another model variant is Tell (EG+SA), which implemented
Tell (full) with the Entity Guidance (EG) technique and
replaced dynamic convolution with the self-attention (SA)

mechanism. They observe that incorporating vision features
enhances models’ ability to generate entities that are present
in both textual context and captions. Towards this, our
proposed model seamlessly integrates the abundance of
visual features that enhance the model’s generalization
ability and help the model generate entity-rich captions.
Ajankar et al. [85] introduce an IEK-NIC model to generate
news image captions that incorporates the named entities
generated by image-relevant entities generation using the
Time-step-bounded Entity Constrained (TEC) beam search
algorithm. TEC imposes constraints on named entities
composed of multiple tokens during the decoding process,
ensuring they are generated sequentially without splitting
or truncation. In contrast to prior models, our proposed
model integrates additional visual information to leverage
the additional contextual cues from the associated article.
In addition to that, we proposed to categorize entities
and uses separate attention over each entity category to
emphasize the features of person entities and geoOrg entities.
This enhancement facilitates the incorporation of image-
relevant entities, consequently yielding enhanced outcomes
of key entities like PER, GPE, ORG, LOC and EVNT,
as demonstrated in Table 5 and other NLP metrics as shown
in Table 4. On both the GoodNews and NYTimes800K
datasets, the model achieves higher METEOR and CIDEr
scores, indicating strong alignment with reference captions
at both lexical and semantic levels. The high named entity
recall further demonstrates the model’s ability to preserve
factual correctness and relevant details. These improvements
highlight the robustness and generalizability of the pro-
posed framework, particularly its effectiveness in generating
context-aware and entity-grounded captions. This improved
results shows that the proposed Cross-attentional Entity
Featuresmodule strengthens the entity grounding by focusing
on face and image regions associated with these named
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FIGURE 4. Qualitative results for the proposed architecture show the predicted caption for the source image while the addon image is passed as
additional visual context. The dark blue and light blue colors are used to depict person entities and other entities, respectively.

entities, enabling more accurate alignment between visual
cues and textual mentions. Moreover, MHEDMA in the
decoder provides dynamic attention to the various contextual-
ized encoder inputs. As a result, our model demonstrates the
effectiveness of the proposed architecture. In particular, the
model achieves higher CIDEr scores by using rich contextual
information. Despite DM800K dataset have less percentage
named entities, our model shows improved results over all
metrics. We carefully reduce potential errors from irrelevant
addon image integration, as such images are only used to
provide additional story-related context.

In particular, while ConCaps with all coherence modules
performs reasonably well, it lags behind on all major
metrics, pointing to limitations in coherence modeling when
used without deep contextual fusion strategies. DM800K
dataset characterized by a lower proportion of named entities
and high diversity in articles, in spite of that our model
continues to outperform baselines, achieving the best scores
of BLEU-4 (7.2), ROUGE (18.5), METEOR (11.25), and
CIDEr (49.4) and precision (19.14) and recall (18.3) of all
named entities. This shows that our proposed model design
choices, especially in handling category-specific attention
and leveraging temporal image sequences, are capable of
producing rich contextual captions.

E. QUALITATIVE STUDIES
In this section, we outline qualitative samples that demon-
strate the capabilities of the proposed model. Some example
images are depicted in Figure 4. Each example in the
figure shows two input images; one is an addon image for
providing additional visual context to the model, and the
other is a source image for which the model predicts the
informative caption. ‘GT’ shows the ground truth caption of
the source image, and ‘Ours’ showcases predicted output.
The ‘Trans & Tell’ represents the predicted captions by
using the architecture proposed by Tran et al. [12]. The
predicted caption for the source image of Figure 4(a) depicts
the correct identification of person entities ‘‘Roger Federer’’
and ‘‘Rafael Nadal’’) and the event entity (‘‘The French
Open’’) and context, while Trans & Tell model is not able
to predict the correct context. This outcome was achieved
by attending to facial features and geoOrg entities separately
with the help of proposed CEF module, which enable the
model to associate visual cues with relevant named entities.
Similarly, in the predicted caption of Figure 4 (b), the
model generated the correct person entity i.e. ‘‘Leandra
Medine’’ demonstrate the proposed model capability of
focusing on person entities using faces. Also, the addon
image proves invaluable as the model successfully predicts
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FIGURE 5. Figure illustrates some error cases of the proposed news image captioning model, showing the predicted captions for the source images
while the addon images are provided as additional visual context. Light blue and dark blue colors are used to represent person entities and other
entities, respectively.

FIGURE 6. Additional examples of Qualitative results for the proposed architecture show the predicted caption for the source image while the addon
image is passed as additional visual context.

related background information related to fashion, which
is absent in the source image and in the prediction of
the Trans & Tell model. Likewise, examining the result
of Figure 4 (c), the correct identification of the person’s
name, ‘‘Afonso Dhlakama,’’ and location ‘‘Mozambique,’’ in
the predicted caption emphasizes the efficacy of leveraging
separate attention on the person and geoOrg entity categories.

In addition, the proposed model demonstrates its capability
by accurately predicting election-related information while
generating a caption, which is missing in prediction of the
Trans & Tell model. In a similar manner, examining the
result for Figure 4 (d), the caption generated by our model
demonstrates improved grounding by correctly capturing
both the event type‘‘bombarding’’ and the location ‘‘Eastern

VOLUME 13, 2025 122083



S. Ajankar, T. Dutta: News Image Captioning via Separate Attention on Entity Categories

Ghouta,’’ while also emphasizing the severity of the medical
condition. This improvement is aided by the nearby (addon)
image, which provides additional visual context about the
aftermath of the bombing not evident in the source image
alone. Furthermore, the use of separate entity attention
allows for more accurate identification and grounding of
geo-political entities like ‘‘Eastern Ghouta,’’ enabling the
model to generate a more contextually rich and event-specific
caption compared to the generic output of the Trans & Tell
model.

The above observations demonstrate its ability to focus on
the person and geoOrg entities separately and the usefulness
of utilizing the addon image to capture missing information.
The correct identification of entities demonstrates the positive
impact of entity classification and multimodal cues in
improving caption quality and contextual coherence.

V. CONCLUSION AND FUTURE WORK
This research provides a novel architecture for generating
captions for news images. Our proposed framework includes
attending to person entities using facial features and geoOrg
entities using image features that resulted in the generation of
entity-rich captioning. Additionally, we proposed to utilize
additional visual information in the present research that
assists in identifying the more contextual information by
emphasizing the coarse-grained, ambiguous features of the
article. This advancement sets the proposed framework apart
from existing methodologies. The favorable advancement
in outcomes over current frameworks demonstrates the
efficiency of the proposed framework. There is potential
for further exploration of robustness of the proposed model
by conducting experiments on low-quality or noisy images
to evaluate its generalization capabilities. In addition,
in the future, incorporating advanced model optimization
techniques such as structured pruning and quantization-aware
training can help reduce computational complexity, decrease
inference latency, and improve throughput without signifi-
cantly compromising performance. These enhancements sup-
port readiness for scalable, low-latency applications in live
news-streaming and mobile-device scenarios. Furthermore,
although the framework performs well on English-language
datasets such as GoodNews, NYTimes800k, and DM800K
to explore its generalizability to non-English news
content by developing a multilingual dataset for this
task.

APPENDIX A
LINGUISTIC EVALUATION BASED ON VERB AND
ADJECTIVE ALIGNMENT
In addition, to verify that the model produces syntactically
and semantically coherent captions while enhancing entity-
specific content.We conducted a light part-of-speech analysis
on a representative sample of 500 generated captions.
We compared verb and adjective usage in generated captions
with ground-truth references and observed. We observed
that the verb match rate is 82.9% on GoodNews, 84.2% on

NYTimes800K and 81.2% on DM800K, whereas adjective
match rate is 75.2% on GoodNews, 72.8% on NYTimes800K
and 70.8% on DM800K datasets. These results reinforce that
the model produces syntactically and semantically coherent
captions while enhancing entity-specific content.

APPENDIX B
CLIP-BASED SIMILARITY ANALYSIS
We conducted an extra analysis on a sample of 500 examples,
to check the effect of whether visually similar addon image
and source image. For this analysis we use CLIP-based
feature similarity score. We found that addon images
with a similarity score below 0.6 also brought in useful
new context. This suggests that our method for choosing
proximity images keeps a good mix of relevance and variety,
without repeating the same visual content. As illustrated
in Fig. 4, addon images contribute missing cues across
various scenarios. Among these examples Fig. 4 (b) and
Fig. 6 (a) have CLIP similarity score less than 0.55 still
provides the additional related contextual cues like fashion
and fire, respectively, which are missing in the source
image.

APPENDIX C
ERROR ANALYSIS
To evaluate the limitations of our proposed framework,
we conducted a detailed error analysis using the validation
sets of the GoodNews and NYTimes800K datasets. The
observed errors fall into several categories, including entity
misclassification, failures due to unclear visual details,
hallucinated content and contextual omissions. We illustrate
these with representative examples shown in Figure 5.

One major issue was entity misclassification. In Figure 5
(a), the ground truth discusses tightened security in Abuja
after a blast, reflecting a specific geopolitical event. However,
the image only shows a map with no visual cues about
the incident, and the model generates a caption referring
to ‘‘Nigeria’s major military zones.’’ This error arises from
a misinterpretation of the scene, where the absence of
event-related content leads the model to default to a broader,
static geopolitical description. The lack of visual grounding
makes it difficult to resolve the intended meaning, leading to
incorrect entity-type attribution.

We also encountered challenges due to unclear or
poor-quality visual input, which hindered accurate entity
recognition. for example, in Figure 5 (b), the faces of
Amer al-Daher and his daughter Haneen are not visible due
to dim lighting. As a result, the model fails to associate
the visual content with the work context provided in the
article, generating a generic and under-informative caption.
This demonstrates the model’s sensitivity to low-quality or
visually ambiguous scenes.

Another frequent limitation was hallucination, where the
model generated content not grounded in the image or article.
For instance, in Figure 5 (c), the ground truth caption refers
to Lipinski pointing out some of her favorite shoes from
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Weir’s collection, yet the model-generated output includes
‘‘New York’’ location which is not mentioned in the article or
not visible in the image. This hallucinated detail likely results
from training bias.

The model also exhibited contextual omission, where
important article-specific details such as named entities
or background narrative were excluded. These omissions
were especially frequent in images lacking strong visual
cues to reinforce such details. The generated caption
of Figure 5 (c) omits the important contextual details
like Weir’s Collection. In addition, incorporating adjacent
images introduces the risk of context drift. For instance,
as illustrated in Figure 5(c), the inclusion of an addon
image led to the generation of irrelevant fashion-related
information, deviating from the main content of the target
image.

These findings collectively highlight the need for stronger
entity-aware attention mechanisms, multimodal grounding,
and robust disambiguation strategies, particularly when
images lack sufficient context or specificity or when there is
a risk of context drift from adjacent images.

APPENDIX D
ADDITIONAL EXAMPLES
We have shown the additional examples in this appendix to
further illustrate the effectiveness of our proposed approach
across diverse scenarios.

The example in Figure 4 (a) shows that our model correctly
identifies the protest’s location and its connection to the
Amazon fires, while the Trans & Tell model misclassifies
the geographical setting. This improvement is supported
by addon visual cues, which provide evidence of the
environmental crisis that is not visible in the source image
alone. Combined with separate attention over geo-political
entities, the model is better able to associate visual and textual
signals with real-world events. Similarly, results in Figure 4
(b) shows that the model successfully recognizes the key
person entities and their spatial and familial relationship,
whereas the Trans & Tell model fails to ground any
meaningful details. The correct identification of Venus
and Serena Williams, along with the location Compton,
is enabled by distinct attention mechanisms applied to person
and location categories, enhancing the accuracy of entity
grounding. Likewise, example in Figure 4 (c), our model
accurately grounds both the subject Wilson and the brand
Torrid, maintaining the promotional context reflected in the
article. In contrast, the Trans & Tell model produces a
vague description lacking key named entities. The benefit
of separate entity attention is evident here, as the model
is able to distinguish between the person and organization
categories and incorporate both meaningfully into the
caption.

Together, these examples emphasize that incorporating
separate entity attention and additional visual cues enables
our model to generate precise, contextually rich captions that
more effectively reflect the underlying article content.
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