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Abstract

The goal of the image change captioning task is to
capture the differences between two similar images
and describe them in natural language. In this pa-
per, we decompose this task into two sub-problems,
i.e., fine-grained change feature learning and dis-
crimination of changed regions. Compared with
existing methods which only focus on change fea-
ture learning, we propose a novel change caption-
ing learning paradigm, Find and Perceive (F&P).
Our proposed F&P consists of two main ideas,
i.e., the Fine-Grained Semantic Change Perception
(FGSCP) module for improving the model’s per-
ception ability of subtle changes and the Weakly-
Supervised Discriminator (WSD) of changed re-
gions for improving the model’s sensitivity of lo-
calising the important regions. Specifically, the
FGSCP deploys a two-step manner, firstly intro-
ducing the fine-grained categorisation and then en-
hancing the interaction of the two paired images.
And the WSD adopts the contributions of each im-
age region for final generated captions, accurately
indicating which regions are important for change
captions without any extra annotations. Finally, we
conduct extensive experiments on four change cap-
tioning datasets, and experimental results show that
our proposed method F&P outperforms existing
change caption methods and achieves new state-of-
the-art performance.

1 Introduction

Image change captioning aims at telling changes before and
after two images and describing them in natural language
[Jhamtani and Berg-Kirkpatrick, 2018; Kim er al., 2021].
Compared with traditional image captioning task [Farhadi et
al., 2010; Vinyals et al., 2015] which focuses on describing
one single static image, image change captioning not only de-
scribes the content of images but also needs to tell the changes
between two similar images. Due to its wide application in
practice, such as outputting logs about monitored areas and
generating reports about pathological changes, image change
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<Generated Caption>
“animall has an orange head
and animal2 has a green head.
animal2 has a bigger tail and
it is wider than animall’s tail.
both animals are green but
animall is a darker green
while animal2 is light green.”

<Generated Caption>
“the tiny brown rubber cube |
that is behind the large gray
metallic cube is gone.” |

Figure 1: The examples of image change captioning. (a) An example
from Birds-to-Words dataset. (b)An example from CLEVR-Change
dataset. The red box indicates fine-grained regions that need atten-
tion, and the blue box indicates regions that should not be noticed,
respectively.

captioning has attracted a lot of attention from both industry
and scholars. With the rapid deepening of change captioning,
this task is developing from describing the changes of simple
geometry to describing the difference between real objects,
such as birds in Figure 1. Due to the changed images be-
ing highly similar, image change captioning is challenging.
The challenges mainly come from two aspects. Firstly, the
model should understand the fine-grained semantic concepts.
As shown in Figure 1, the change captioning task needs to
focus on fine-grained changes (e.g., colour, shape, and size)
and describe the differences. Secondly, the model should find
the subtle differential regions. As shown in Figure 1, the dif-
ferential regions marked with red boxes should be the focus
of the model, while the unchanged regions marked with blue
boxes should be seen as irrelevant distractions.

Existing image change captioning methods tend to focus
on the former, i.e., improving the model’s ability of percep-
tion for subtle fine-grained changes. They often regard the
pre-trained paired image features as a whole to extract sim-
ilarity and use these coarse features to generate comparative
descriptions. For example, a recent work VACC [Kim et al.,
2021] obtains the overall similarity of features to pinpoint the
semantic changes, which replaces the task of extracting dif-
ferences with extracting features. However, for two similar
images, the method of “extracting features as a whole before
generating descriptions” lacks a step of “finding differences”.
On the contrary, as [He et al., 2019] studies, when humans
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look for differences, they can easily focus on different points
of fine granularity on the basis of understanding the whole
image. On the one hand, they can meticulously recognise the
key features of each image. On the other hand, they can ac-
curately locate discriminative regions.

Inspired by the “tell changes” process of human-being, we
decompose the image change captioning into two sub prob-
lems, i.e., fine-grained change feature learning and discrimi-
nation of changed regions, and propose a novel change cap-
tioning learning paradigm, Find and Perceive (F&P). Our
proposed method (F&P) consists of two main components:
the Fine-Grained Semantic Change Perception module and
the Weakly-Supervised Discriminator for changed regions.
Specifically, the proposed Fine-Grained Semantic Change
Perception module improves the model’s perception ability
of subtle changes with two steps. The first step is introduc-
ing fine-grained categorisation to deploy the Fine-Grained
Feature Learning, which helps the model learn fine-grained
subtle patterns. Then, the second step is modelling the vi-
sual comparison process with the Difference Enhance mod-
ule, which improves the model’s ability of describing changes
by interaction between fine-grained features of the two paired
images. To help the change captioning model find the
changed regions, we proposed the Weakly-Supervised Dis-
criminator for localising the changed regions (i.e., we only
use the text change label without any visual localisation la-
bels such as bounding boxes, key points, and so on). Specif-
ically, we utilise the contributions of each patch for final
generated captions, constructing the pseudo labels to train
the Weakly-Supervised Discriminator. By doing this, the
Weakly-Supervised Discriminator could accurately tell the
model which regions have changed, and therefore the gen-
erated change captions are improved. The main contributions
of our paper can be summarised as follows:

* We decompose the image change captioning into two
sub-problems, i.e., fine-grained change feature learn-
ing and discrimination of changed regions, and propose
a novel change captioning learning paradigm Find and
Perceive (F&P).

We propose the Fine-Grained Semantic Change Percep-
tion module, which improves the model’s perception
ability of subtle changes with two steps.

We propose the Weakly-Supervised Discriminator for
localising the changed regions, without using any extra
localisation labels.

L]

We conduct extensive experiments on the two commonly
used Brids-to-words and CLEVR-Change datasets, and
experimental results show that our proposed F&P sur-
passes existing image change captioning methods and
achieves new state-of-the-arts.

2 Related Works

Our work is related to two lines of research, namely, im-
age change captioning and vision-language pre-training. We
briefly review relevant work on these topics.

5879

2.1 Image Change Captioning

Image change captioning is a new task of describing dif-
ferences between similar image pairs with natural language.
Compared with the image captioning task, image change
captioning promotes a fine-grained understanding of image
vision and language, making it more challenging. DDLA
[Jhamtani and Berg-Kirkpatrick, 2018] first proposes the
change captioning task and publishes the Spot-the-diff dataset
extracted from the VIRAT dataset. They propose a change
caption model to capture visual saliency by aligning clusters
of different pixels with output sentences using potential vari-
ables. To address the viewpoint change problem in the change
captioning task, DUDA [Park et al., 2019] proposes a robust
model for distractions in the sense that it can distinguish rel-
evant scene changes from viewpoint changes. In addition,
they build a synthetic dataset with a viewpoint change be-
tween each image pair based on the CLEVR engine. Besides,
more recent work [Hosseinzadeh and Wang, 2021] formu-
lates a training scheme to improve the training accuracy of
the existing change captioning network by means of an aux-
iliary task. And an extra level of supervision is also pro-
vided through their training scheme. With the rise of atten-
tion mechanism [Vaswani et al., 2017], Transformer-based
method is becoming more and more popular. To enhance the
adaptability of change captioning models to complex scenar-
ios, the method [Qiu er al., 2021] proposes a Transformer-
based network to describe more than one change between the
image pair. VARD-Transformer [Tu ef al., 2023a] assists the
network to perceive the change information by proposing a
novel position encoding mode. NCT [Tu et al., 2023b] pro-
poses a Transformer-based architecture to enhance the dis-
cernment of the network by generating new attention states
for each token. Thus, it performs well in both change cap-
tioning and localisation.

However, they all tend to focus on learning the changed
features by regarding the image as a whole without selec-
tion, ignoring finding the changed regions is important for
change captioning. In this paper, we not only improve the
model’s understanding of fine-grained patterns but also pro-
pose a weakly-supervised mechanism to improve model’s
sensitivity to changed regions.

2.2 Vision and Language Pre-training

Since the birth of VILBERT [Lu ef al., 2019] and LXMERT
[Tan and Bansal, 20191, vision and language pre-training
(VLP) models have demonstrated powerful performance in
multi-task and multi-modal learning. The popularity of
visual-language pre-training models is gradually rising [Ad-
depalli ef al., 2024; Hu et al., 2022]. Prominent examples
include UNITER [Chen et al., 2020], OSCAR [Li et al.,
2020c], UNIMO [Li et al., 2020b], and PaLM-E [Driess et
al., 2023]. Especially in the field of image captioning, along
the journey of VLP, researchers have investigated different
training strategies [Zeng et al., 2023], robustness [Li et al.,
2020al, discrimination [Dessi et al., 2023], and the exten-
sion [Hirota et al., 2023]. Due to the lack of understanding
and learning of comparison features, VLP models are difficult
to focus on fine-grained difference features, which cannot be
successfully applied directly to change captioning tasks.
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To solve this problem, PLC [Yao er al., 2022] designs three
self-supervised tasks and comparative learning strategies to
align visual differences and text descriptions. Their work for-
mally introduces VLP models into the change captioning task
and focuses on fine-grained features. Although their work has
achieved the alignment of fine-grained feature modes, they
have not gone further to find different fine-grained regions.
Motivated by these works, we aim to excavate the potential
of VLP models for changed fine-grained regions in image
change captioning task.

3 Method

As shown in Figure 2, our proposed F&P firstly deploys
fine-grained feature learning with the proposed Fine-Grained
Semantic Change Perception, and then a multi-layer Trans-
former is adopted to fuse text and visual features. Finally, the
Weakly-Supervised Discriminator is utilised to improve the
model’s ability of finding the changed regions.

3.1 Model Architecture

Input Representation

As the general vision and language training model, our F&P
input are the representations of a changed text caption and a
pair of similar images, which form a triplet [S, I, 12]. We use
word2vec [Mikolov et al., 2013] to encode each word in the
caption and express it as:

S = {[SEC], [BOS], wo, ...,wr,[EOS]}, (1)

where the token [SEC] is a sentence mark, which is also used
to capture the global feature of the caption. [BOS] and [EOS]
represent the beginning and end of the caption, respectively.
The other two I' and I? in the triplet are used to represent the
features of paired images. We use the pre-trained ResNet101
[He et al., 2016] to extract the grid features of the paired im-
ages input and express them as:

I' = {(IMG1],3},...,i%},
I’ = {[IMG2],i3,...,i%},

where the two tokens [IMG1] and [IMG2] are markers of
paired images, which are used to capture the global features
of two images at the same time. Then we use a linear layer
to make the dimensions of I' and I? be the same as S. In
addition, in order to better process the positional information
of sequence modality triplet, we also introduce positional en-
coding [Vaswani ef al., 2017] to each input token.

2

Caption Generator

As shown in Figure 2, we use a large pre-trained multi-layer
Transformer model to encode and align text and image fea-
tures. The Transformer model consists of multiple layers of
self-attention Transformer blocks, which are used for inte-
grating and encoding image and text features. The multi-layer
Transformer model takes [S, E', E*] as input and generates
the final caption and image representations, where E’ indi-
cates the enhanced feature of I.
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3.2 Fine-Grained Semantic Change Perception

The fine-grained features of images are the key factors in
change captioning, which often contains the core content of
changes that need to be described. Inspired by this, we design
a Fine-Grained Semantic Change Perception (FGSCP) mod-
ule to improve the understanding of detailed semantics and
perceive the differences between images. As shown in Figure
2, our FGSCP adopts a two-step manner to achieve the idea
mentioned above.

Fine-Grained Feature Learning

At the first step, we introduce the fine-grained categorisation
to help the model learn the fine-grained patterns. Specifically,
given the input visual features I' and I?, we utilise a self-
attention Transformer block [Vaswani et al., 20171, T2 (")
and TI?G() to produce the fine-grained features. This pro-
cess can be formulated with:

V' = Tia(), 3)

where ¢ € {1, 2} indicates the i-th image, V* is the i-th fine-
grained feature.

Then, to guide this module to learn fine-grained patterns,
we introduce a fine-grained categorisation task. Specifically,
we feed the class token [IMGi] of fine-grained features V*
into a liner classifier to produce fine-grained classification re-
sults, which can be formulated with:

y. = LC([IMGi)), 4)

where y’ indicates the classification result of the i-th image
and LC(-) indicates the liner classifier. Then the cross en-
tropy is utilised to train the feature extractor and linear clas-
sifier. With the guidance of fine-grained classification, the
extracted features are stronger in representing subtle patterns,
which is important for image change captioning as mentioned
earlier in the paper.

Difference Enhancement

After extracting fine-grained features, we deploy the second
step to enhance the difference between the paired images with
the proposed Difference Enhancement module, which can be
formulated as:

{E17E2} = DE({VI’ VQ})a

= (VI o T.(V, V), V2@ To(V2, VhH, ©)
where E* indicates the enhanced feature of the i-th image and
DE(-) indicates the Difference Enhancement. 7, (-) refers to
the cross-attention Transformer block [Vaswani et al., 20171,
which is utilised to model the interaction of paired image fea-
tures. Finally, we adopt a residual connection & to hold the
original fine-grained features.

The core motivation of cross-attention in our Difference
Enhancement module lies in that the unchanged regions of the
paired image will produce high similarity, while the changed
regions will produce low similarity. Therefore, the model
could distinguish the changed and unchanged regions more
accurately after our Difference Enhancement step.
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Figure 2: The overall workflow of our proposed F&P model. Our F&P first extracts fine-grained features and perceives the differences through
Fine-Grained Semantic Change Perception (FGSCP). Then a multi-layer Transformer is introduced with Weakly-Supervised Discriminator
(WSD) to align image and text features and generate change caption. The lower left part shows the main flow of F&P, and the proposed

FGSCP and WSD are displayed in orange and blue, respectively.

3.3 Weakly-Supervised Discriminator

When generating change captions, the network does not need
to pay attention to all fine-grained features but only needs to
locate the changed regions, which have a significant impact
on the paired images. For this purpose, we design a Weakly-
Supervised Discriminator (WSD) for changed regions. We
obtain the attention weights of each token of the last layer
of the multi-layer Transformer to represent the important re-
gions. For example, when the model in Figure 1 generates
the word “orange”, it will obtain weights on all tokens of I'.
We define the regions with high weights as 1 and assume that
these regions are changed regions.

To achieve this, we need to first generate a caption through
the network. Therefore, we initially use an incompletely
trained network to generate intermediate captions. After that,
based on the feedback information from the captions, we de-
termine the changed regions and set a threshold to set the
most influential regions to 1 and the less influential regions to
0. In this way, we construct positive and negative regions as
shown in Figure 2. To this end, we obtain a series of pseudo
labels Cj, for the k-th triplet sample, denoted as:

Cr={cb, it eb? iy,
i ki ©)
c;"t =B(a;" 1),
where B indicates the binarization operation, which sets the
pixels as 1 when their values are greater than the threshold
t, otherwise, as 0. a?” = Zthl a]?_’tl indicates the sum of at-
tention weight of the ¢-th token of intermediate caption on the
j-th token of the ¢-th image. Afterwards, we design a discrim-
inator on the output results of I' and I? based on the pseudo
labels. It is worth noting that although the intermediate re-
sult captions may not be satisfying, the generation of pseudo
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labels is not a direct result, but rather a 0,1 vector generated
after designing the threshold, which serves as a guiding role
to assist the network in paying attention to areas with signifi-
cant influence.

3.4 Training and Inference

In our proposed F&P, we design a three-step training
paradigm to improve the captioning model step-by-step.
Firstly, following previous work [Yao ef al., 2022], we con-
duct three well-known pre-training tasks to initialise the
network, which are Masked Language Modelling (MLM),
Masked Visual Contrastive Learning (MVCL), and Fine-
grained Difference Aligning (FDA). By doing this, the model
can learn the alignment of image and text. We set this to the
baseline model.

Secondly, we apply our proposed FGSCP and WSD to im-
prove the model’s perception ability of subtle changes and
sensitivity of localising changed regions, which is highly im-
portant for image change captioning. For the FGSCP, as men-
tioned earlier, we utilise the cross-entropy to train the fine-
grained feature extractor and liner classifier, which is formu-
lated with:

Lra = CE(y..¥*), 7
where y, denotes the classification result, C’E denotes the
cross entropy loss and y* denotes the ground-truth class label
provided in the change captioning dataset. For the Birds-to-
Words [Forbes et al., 2019] dataset, we perform fine-grained
classification for the birds in the image. Then, the WSD is
applied with the following loss function to train the whole
network:

Lwsp = { —log(yg'), Cm =1

—log(1 — ygl) Cm =0
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where the /" denotes the discrimination result of the m-th
region.

Finally, we apply the image change captioning task to
make model obtain the ability to tell the perceived changes.
During this stage, the whole network is trained with:

T
Leap(0) = = > log(po(uelyr:e—1, 11, I2)),  (8)
t=1

where 7' is the length of sentence, py is the probability of the
output word at step ¢, and y; denotes the caption result.

In the inference stage, the network can only see the paired
images. Therefore, the network input includes all visual fea-
tures I', 2, and special tokens [SEC] of the text. The net-
work generates a sentence “word by word”, where [BOS] rep-
resents the beginning of the sentence and [EOS] represents
the end of the prediction. During the prediction of the ¢-th
word, the network can only see the first £ — 1 predicted words
as input.

4 Experiments

4.1 Datasets and Metrics

We perform our main evaluation on two commonly used
datasets, Birds-to-Words dataset [Forbes et al., 2019] and
CLEVR-Change [Park et al., 2019] to verify the effective-
ness of our method. In addition, we also compare our
method with other methods on two additional datasets, Spot-
the-Diff [Jhamtani and Berg-Kirkpatrick, 2018] and Image-
Editing-Request [Tan et al., 2019] to verify the generality
of our method. Birds-to-Words [Forbes et al., 2019] con-
sists of 41k sentences that describe fine-grained changes be-
tween photographs of birds. CLEVR-Change [Park et al.,
2019] is a large-scale synthetic dataset with moderate view-
point change. It has 79,606 image pairs and 493,735 cap-
tions. Spot-the-Diff [Jhamtani and Berg-Kirkpatrick, 2018]
includes 13,192 aligned image pairs from surveillance cam-
eras without fine-grained change but only obvious content
changes. Image-Editing-Request [Tan et al., 2019] includes
3,939 aligned image pairs with 5,695 editing instructions pro-
duced by image editing.

We evaluate the model performance using four most pop-
ular automatic language metrics: CIDEr [Vedantam et al.,
20151, BLEU-4 [Papineni et al., 2002], METEOR [Banerjee
and Lavie, 2005] and ROUGE-L [Lin and Hovy, 2003].

4.2 Implementation Detail

To compare our F&P with most other methods in a fair way,
we perform our main evaluation with ResNet101 [He et al.,
2016] to extract paired image visual features and flatten it
to the shape of (49, 2048). All the hidden size is 512. In
addition, we adjust the input to CLIP features [Guo et al.,
2022], to compare with large model methods, and to extend
our method to other less fine-grained datasets. For Trans-
former blocks, the attention head is set to 8, and layer num-
ber is set to 3 for multi-layer Transformer, 2 for fine-grained
feature learning, 2 for different enhancement. To ensure sta-
ble and progressively refined pseudo label selection, we apply
fixed thresholds to attention weights in each iteration (0.04 in
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Model BLEU-4 METEOR CIDEr ROUGE-L
Neural Naturalist 2019 22.0 - 25.0 43.0
Relational Speaker 2019 21.5 22.4 5.8 434
DUDA 2019 23.9 219 4.6 443
L2C 2021 31.3 15.1 453
L2C(+CUB) 2021 31.8 - 16.3 45.6
PLC 2022 31.0 234 253 49.1
Ours 334 25.7 28.1 52.2

Table 1: Comparison with the state of the arts on Birds-to-Words.

Model BLEU-4 METEOR CIDEr ROUGE-L
DUDA 2019 473 339 112.0 -
VAM+ 2020 51.3 37.8 115.8 70.4

VARD-T 2023a 55.4 40.1 126.4 73.8
DIRL+CCR 2024 54.6 38.1 123.6 71.9
NCT 2023b 55.1 40.2 124.1 73.8
SCORER+CBR 2023c 56.3 412 126.8 74.5
PLC 2022 51.2 36.2 128.9 71.7

Ours 56.4 41.6 129.0 74.7
CLIP4IDC 2022 56.9 38.4 150.7 76.4
VIR-VLFM 2023 58.2 42.6 153.4 78.9
Ours(w/ CLIP) 58.9 42.7 153.6 79.1

Table 2: Comparison with the state of the arts on CLEVR-Change.

the first and 0.06 in the second). These threshold values are
determined based on experimental performance. We first per-
form the training process based on PLC [Yao et al., 2022].
After that, we train the Fine-Grained Semantic Change Per-
ception to improve the understanding of detail semantics. In
the FGFL step, we perform fine-grained classification tasks
for birds in Birds-to-Words dataset [Forbes e al., 2019], and
classify the change types for CLEVR-Change [Park et al.,
2019] dataset. Then we generate the preliminary results by
first fine-tuning the change captioning task with 1 iteration
and generating pseudo labels for WSD. Afterwards, we ex-
ecute the second fine-tuning phase. In the fine-tuning stage,
the learning rate is set as 3e-5. Early-stop is applied on the
main metric to avoid overfitting.

4.3 Comparisons with State-of-the-art Methods

Results on Birds-to-Words Dataset

Birds-to-Words dataset contains a significant amount of fine-
grained changes, which can effectively demonstrate the effec-
tiveness of our method in fine-grained changes. To validate
the superiority of our proposed method F&P, we compare our
method with other well-known change captioning methods. It
can be observed that our F&P achieves the best performance.

As shown in Table 1, methods in the upper part of the table
are not pre-trained specifically for Birds-to-Words Dataset,

Model BLEU-4 METEOR CIDEr ROUGE-L
DUDA 2019 8.1 11.8 325 29.1
VAM+ 2020 11.1 12.9 42.5 332
DUDA+Aux 2021 8.1 125 34.5 29.9
CLIP4IDC 2022 11.6 14.2 47.4 35.0
DIRL+CCR 2024 10.3 13.8 40.9 32.8
VIR-VLFM 2023 12.2 15.3 48.9 36.2

SCORER+CBR 2023c 10.2 12.2 389 -

Ours 12.4 15.3 49.1 36.7

Table 3: Comparison with the state of the arts on Spot-the-Diff.
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Model BLEU-4 METEOR CIDEr ROUGE-L
Relational Speaker 2019 6.7 12.8 26.4 37.5
DUDA 2019 6.5 12.4 22.8 37.3
BiDiff 2022 6.9 14.6 27.7 38.5
SCORER+CBR 2023c¢ 10.0 15.0 33.4 39.6
NCT 2023b 8.1 15.0 34.2 38.8
DIRL+CCR 2024 10.9 15.0 41.0 34.1
VIXEN-C 2024 8.6 15.4 38.1 42.5
VARD-T 2023a 10.0 14.8 35.7 39.0
Ours 11.0 15.4 48.4 43.1

Table 4: Comparison with the state of the arts on Image-Editing-
Request.

while the lower part of the table introduces the birds pre-
training methods. Compared to the previous class of meth-
ods, it can be seen that our method is 1.6 points higher
on BLEU-4 and 6.6 points higher on ROUGE-L than the
L2C(+CUB) [Yan er al., 2021] method and 3.1 points higher
on CIDEr than the Natural Naturalist method. Compared with
the latter method, our method is 2.4, 2.3, 2.8, and 3.1 points
higher than PLC [Yao et al., 2022] method on BLEU-4, ME-
TEOR, CIDEr, and ROUGE-L. This is because compared to
the latter, our F&P method focuses on fine-grained features
and selects discriminative regions from them, truly treating
the change captioning task as a “finding the changed regions”,
“perceiving semantic change” and “generating descriptions”
pattern. Compared to other novel methods, we additionally
use a better finding and perceiving method and introduce
the pre-training understanding tasks. Overall, our method
achieves new state-of-the-art performance on the Birds-to-
Words dataset.

Results on CLEVR-Change Dataset

The CLEVR-Change dataset is a widely used benchmark
for image change captioning. We compare our F&P model
with state-of-the-art encoder-decoder and vision-language
pre-training methods, as shown in Table 2. The upper section
reports results with traditional inputs, while the lower section
shows results with vision-language pre-training. Compared
to SCORER+CBR [Tu et al., 2023c], F&P achieves gains of
0.1 BLEU-4, 0.4 METEOR, 2.2 CIDEr, and 0.2 ROUGE-L.
Although the improvement is less pronounced than on Birds-
to-Words, this is due to CLEVR-Change focusing on subtle
changes (e.g., color, size), which limits the benefit of our fine-
grained feature extraction. Nonetheless, F&P outperforms
prior methods on most metrics.

Generality Results on Other Two Datasets

To verify the generality of our method, we evaluate F&P
on Spot-the-Diff [Jhamtani and Berg-Kirkpatrick, 2018] and
Image-Editing-Request [Tan et al., 2019], where changes are
less fine-grained. We replace the FGFL module with CLIP-
based features [Guo er al., 2022], retaining the DE mod-
ule to form a general FGSCP. As shown in Table 3 and Ta-
ble 4, F&P outperforms VIR-VLFM [Lu er al., 2023] by 0.2
BLEU-4, 0.2 CIDEr, and 0.5 ROUGE-L on Spot-the-Diff,
and surpasses VARD-T [Tu et al., 2023a] by 0.2 BLEU-4, 0.6
METEOR, 0.7 CIDEr, and 1.1 ROUGE-L on Image-Editing-
Request. It is worth noting that most of the changes in these
two datasets are significant content changes, with few fine-
grained changes that need to be clearly pointed out. The
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<Img1> <Img2> <Generated Caption>

Ours: Animal 1 has a white chest and

a gray head, while Animal 2 is darker
"7‘ and plumper.
e Baseline: animall and animal2 are
the same animal.

GT: animall is light gray with a darker gray on its back and head. animal2 is a
darker gray with white on its belly and chest . animal2 is also fluffier and
chubbier than animall, who appears lean.

<Ilmgl> <Ilmg2> <Generated Caption>

Ours: the brown matte cylinder
turned metal.

Baseline: the scene is the same as
before.

GT: the brown rubber thing became metallic.

Figure 3: Examples of generated cases from Birds-to-Words(first
block) and CLEVR-Change(second block) by F&P and baseline.
The wrong phrases and fine-grained information are highlighted in
red and blue respectively.

results demonstrate that our method still performs well on
datasets with few fine-grained changes.

4.4 Ablation Study

To verify the effectiveness of our F&P, we conduct ablation
studies on Birds-to-Words [Forbes et al., 2019] and CLEVR-
Change [Park ef al., 2019]. The results are shown in Table 5.

Fine-Grained Semantic Change Perception

We divide FGSCP into two parts: Fine-Grained Feature
Learning (FGFL) and Difference Enhancement (DE) to eval-
uate its performance. In order to evaluate the effectiveness
of FGFL, we set up a control group to extract image fea-
tures only with Transformer blocks with the same layers num-
ber, instead of initialising FGFL with the pre-training of fine-
grained classification. As shown in Table 5, when we perform
FGFL, it can promote the improvements 1.3/0.7 of BLEU-4,
1.3/0.6 of METEOR, 1.6/0.7 of CIDEr, 0.9/0.8 of ROUGE-
L, on Birds-to-Words/CLEVR-Change. It can be seen that the
FGFL shows better performance on the fine-grained Birds-to-
Words dataset, which shows that the FGFL effectively assists
the network in the extraction of fine-grained words. More
visual details are expanded in Section 4.5.

For DE, our F&P can promote the improvements 0.5/1.8 of
BLEU-4, 0.4/1.0 of METEOR, 1.1/1.7 of CIDEr, 0.4/2.2 of
ROUGE-L, on Birds-to-Words/CLEVR-Change. The experi-
ment shows that DE shows an effective improvement in both
two datasets while the performance on the CLEVR-Change
dataset is better. The reason is that the content of paired im-
ages of CLEVR-Change dataset changes less, and most of
them are limited to local changes, so the DE step for calcu-
lating regional similarity brings greater improvement. When
it comes to Birds-to-Words dataset, the difference between
paired images is too large, and it is difficult to judge the
change only by the local content similarity. This also con-
firms our previous statement.

Weakly-Supervised Discriminator

In order to evaluate the effectiveness of WSD, we set the con-
trol group not to perform the weakly-supervised training step,
and only use one-stage training to directly generate the final
caption. The results are shown in Table 5. When we execute
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Model Birds-to-Words CLEVR-Change
BLEU-4 METEOR CIDEr ROUGE-L | BLEU-4 METEOR CIDEr ROUGE-L

Baseline 30.4 23.1 25.3 49.5 48.5 34.7 125.8 69.3
+FGFL 31.2 234 25.8 51.3 50.0 37.6 126.2 70.6
+DE 31.2 23.7 25.4 50.9 49.7 40.2 126.8 70.9
+WSD 32.0 24.1 25.9 50.7 53.5 40.6 127.1 71.4
+FGFL+DE 31.7 239 26.3 51.1 55.7 41.1 128.2 73.8
+FGFL+WSD 329 253 27.0 51.8 54.6 40.6 127.3 72.5
+DE+WSD 32.1 24.4 26.5 513 55.7 41.0 128.3 73.9
+FGFL+DE+WSD (F&P) 334 25.7 28.1 52.2 56.4 41.6 129.0 74.7

Table 5: Ablation studies on Birds-to-Words and CLEVR-Change. FGFL, DE, WSD are short for Fine-Grained Feature Learning, Difference

Enhancement and Weakly-Supervised Discriminator.

Birds-to-Words

Input After FGFL After DE After WSD luput After FGFL After DE After WSD

CLEVR-Change

Figure 4: Visualisation of the process of generating captions from Birds-to-Words and CLEVR-Change. The fine-grain information and the

discriminative parts are highlighted in , respectively.

WSD training, it can promote the improvements 1.7/0.7 of
BLEU-4, 1.8/0.5 of METEOR, 1.8/0.8 of CIDEr, 1.1/0.9 of
ROUGE-L, on Birds-to-Words/CLEVR-Change, compared
with our FGFL+DE method. Similarly, it can be seen that our
WSD shows better performance on more complex Birds-to-
Words dataset, which indicates that our WSD can effectively
locate discriminative regions among many features to guide
the generation of captions.

4.5 Qualitative Results and Visualisation

To intuitively evaluate our method, we conduct the following
qualitative analysis and visualisation. We visualise the gen-
eration results and the discriminative regions of our method
F&P and baseline. After that, we visualise the focus areas of
the three modules in our F&P.

Figure 3 shows qualitative results generated by our F&P
and the baseline method. We visualise the attention weights
of the input regions for the generated important words. As
shown in Figure 3, our proposed method F&P is able to gener-
ate more accurate and descriptive captions. It is worth noting
that our method can generate better results for texture changes
on the CLEVR-Change dataset. It is because texture changes
are closely related to fine-grained features, and our method is
sensitive to this kind of change.

Finally, to better understand the effectiveness of our find
and perceive step, we visually generate the attention weights
over tokens of our FGFL, DE, and WSD step as shown in
Figure 4. Our FGFL perceives the fine-grained features of
each paired image, DE initially perceives the differences, and
WSD ultimately locates the changed regions that need to be
described. For the Birds-to-Words dataset, it is worth not-
ing that during the perception process, some background ar-
eas that are different but unrelated to the task will be noticed

(such as the plants in Figure 4). These background regions
may be related to the living habits of this type of bird, thus
helping the perception process. but they are not related to our
task, and our WSD can find the changed regions that need to
be described in these perceived discriminative regions. More
visualisation results can be found in the appendix.

5 Conclusions

In this paper, we propose a novel change captioning learning
paradigm, Find and Perceive (F&P) to pinpoint and under-
stand the fine-grained change. Inspired by tell change pat-
tern of human-being, our F&P consists of two main compo-
nents, Fine-Grained Semantic Change Perception (FGSCP)
for perceiving fine-grained change semantics and content and
the Weakly-Supervised Discriminator (WSD) of changed re-
gions for localising the important regions. For the FGSCP,
we treat it as a two-step manner, firstly introducing the fine-
grained categorization and then enhancing the interaction of
the two paired images. For the WSD, we achieve the localiza-
tion of changed regions with a weakly-supervised approach,
which utilizes the response of the generation captions to the
changed regions to guide our F&P. Finally, we conduct ex-
tensive experiments on two commonly used datasets Birds-
to-Words and CLEVR-Change to verify the effectiveness of
F&P, and additional experiments on two datasets Spot-the-
Diff and Image-Editing-Request to verify the generality. Ex-
perimental results show that our proposed method outper-
forms existing change captioning methods and achieves new
state-of-the-art performance.
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