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I3N: Intra- and Inter-representation Interaction
Network for Change Captioning

Shengbin Yue, Yunbin Tu, Liang Li, Ying Yang, Shengxiang Gao, Zhengtao Yu

Abstract—Change captioning aims to describe the disagree-
ment of image pairs with a linguistic sentence. Compared with
single image captioning, change captioning requires not only
understanding the fine-grained information of each image, but
also determining whether change occurs and further representing
the differences of image pairs. Although much progress has been
made, it remains a severe challenge of the precise difference
representation in the distraction of viewpoint change, especially
that of tiny difference. In this paper, we propose a novel Intra-
and Inter-representation Interaction Network (I3N) to learn
the fine difference representation and be immune to viewpoint
change. In the Intra-representation Interaction stage, we design
Geometry-Semantic Interaction Refining (GSIR) to explore the
positional and semantic interactions of intra-image, which can be
a prior knowledge of enduring viewpoint change and reinforce
the cognition of semantic change. In the Inter-representation
Interaction stage, to endow the model with the capability of
pinpointing the latent difference in viewpoint change, Hierar-
chical Representation Interaction (HRI) models difference from
coarse to fine representations through the Semantic Matcher and
Change Amplifier module. The proposed approach outperforms
the state-of-the-art methods with an encouraging performance on
the existing change captioning benchmarks. Our code is available
at https://github.com/yueshengbin/I3N.

Index Terms—Change Captioning, Intra- and Inter- repre-
sentation Interaction, Geometry-Semantic Interaction Refining,
Hierarchical Representation Interaction.

I. INTRODUCTION

CHange captioning is a novel and challenging task since it
requires comprehending the contents of the image pairs

and further using a natural language sentence to summarize
their disagreement. Unlike single image captioning [1]–[5],
change captioning emphasizes the semantic change of pairs
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Image-before Image-after Change captioning

the small red 
matte ball right 
of the cyan 
rubber object 
changed to shiny.

person walking 
in foreground is 
no longer visible.

the scene is the 
same as before.

（a）

（b）

(c)

Fig. 1. Examples of the change captioning on CLEVR-Change and Spot-
the-Diff datasets. This task aims to generate a natural language sentence to
detail what has changed in a pair of images. (a) Disappearance of a person
in a full-aligned image pair; (b) Slight movement of the tiny sphere in the
presence of viewpoint change; (c) None-scene change of the object in the
presence of viewpoint change.

(e.g., moving an object) and the greater challenge is to judge
and further represent the semantic change in the distraction
of illumination or viewpoint change. It has widespread appli-
cations, such as automatically generating reports about aerial
imagery [6], [7], fault detection [8], [9], video surveillance
[10], [11], and medical diagnosis [12], [13].

Thanks to the rapid development of image captioning [14]–
[17], the existing change captioning methods have made
significant inspiration. Pioneer works [18], [19] captioned the
change on full-aligned image pairs without the distraction of
illumination or viewpoint change as shown in Fig. 1 (a). How-
ever, as shown in the Fig. 1 (b), (c), there are numerous image
pairs shot from different angles of viewpoint in a dynamic
environment, where two images are not fully aligned. In this
situation, the above works are unable to learn a difference
representation explicitly [20], [21]. To address this limitation,
Park et al. [20] first proposed to localize the change of the
unaligned image pairs with consideration of viewpoint change,
where they directly subtracted the images features to construct
the difference representation. Nevertheless, this coarse way
brings much noise to the obtained difference representation.
Some recent endeavors [21]–[28] propose methods to handle
the irrelevant change actively, which have boosted the per-
formance to a certain extent. Specifically, on the one hand,
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some works [22], [24], [28] introduce a number of auxiliary
strategies to improve the performance of the primary network.
On the other hand, these works [21]–[23], [25]–[27] focus on
improvements of the model structure.

Despite the advances, there are still two limitations in 1)
the fine-grained interaction of intra-image in pairs; 2) the
explicit difference representation learning of inter-images in
the condition of viewpoint change. First, for the representation
of intra-image: most approaches directly employ the object
information extracted from CNN to learn change, ignoring the
exploration of semantic and positional interactions. As shown
in Fig. 1 (c), there is only viewpoint change in the scene and it
appears that the locations of three objects have changed. This
often makes the model confused in distinguishing semantic
and viewpoint change. In fact, the semantic interaction and
relative location of these objects do not change. Therefore,
learning an intra-representation that integrates the position and
semantic interaction is beneficial to differentiate the viewpoint
and semantic change. In addition, embedding the absolute
position of each feature improves the model’s perception
of position change (e.g., movement). Second, the reliable
difference representation in the pairs depends on a fine-grained
interaction of inter-image. In the pairs with viewpoint shifting,
due to most areas being unchanged, the semantic change
would be overwhelmed by the majority of unchanged parts.
Especially, this situation is obvious for the small object or tiny
change as shown in Fig. 1 (b). The model will misidentify that
the two images are well-matched. To capture this semantic
change in the interacting process, an effective amplifier is
needed to reveal the latent semantic change from the common
parts to help the model describe accurate and fine differences.

In this paper, we propose an Intra- and Inter-representation
Interaction Network (I3N), which explicitly models a reliable
difference representation via exploiting the intra- and inter-
representation interaction of the image pair. Specifically, we
first design a novel Geometry-Semantic Interaction Refining
(GSIR) to tailor the features of the “before” and “after” im-
ages. GSIR models the semantics and position interaction be-
tween the object features, and this comprehensive interaction
is regarded as a priori knowledge to handle viewpoint change.
Besides, GSIR integrates absolute geometric information to
strengthen the cognition of position semantic change. Further,
we propose the ingenious Hierarchical Representation Inter-
action (HRI) consisting of a Semantic Matcher and a Change
Amplifier module, which aims to accurately learn difference
representation from coarse to fine. First, the Semantic Matcher
module roughly matches common features between the “be-
fore (after)” and “after (before)” images, then the Change
Amplifier regards the “after (before)” image as the source of
amplification and makes the latent change salient by refining
the common features. Note that the entire process of HRI is
based on the corresponding features and interactions (priors) in
the ”before (after)” and ”after (before)” images. Next, we gain
the final difference representation by fusing the bi-direction
difference features. Finally, Dual Change Navigator locates
the difference in the “before” and “after” images and feeds its
output to Language Decoder to generate natural language that
can describe the change.

The contributions of our work are three-fold:
• We design Intra- and Inter-representation Interaction Net-

work (I3N) to learn the reliable difference representation
and generate accurate and detailed captions. Extensive
experiments show that our approach can achieve state-of-
the-art performances on CLEVR-Change [20] and Spot-
the-Diff [18] datasets.

• To the best of our knowledge, we present the first
attempt to explore the comprehensive interaction of intra-
representation for change captioning. By integrating posi-
tional and semantic interaction, GSIR not only enhances
the model’s perception of fine-grained differences, but
also explores a new way of handling viewpoint change
at the level of intra-image.

• We propose the Hierarchical Representation Interac-
tion to explicitly learn change by matching multi-level
correspondence (feature, position-interaction, semantic-
interaction) of inter-image from coarse to fine. This
ingenious hierarchical mechanism empowers the model
the ability to obtain the fine difference representation
from a large number of clutters and resist viewpoint
change.

II. RELATED WORK

A. Change Captioning

In recent years, change captioning [18]–[29] is a new
branch of vision-language understanding task based on neural
encoder-decoder framework [30]. Compared to image cap-
tioning, change captioning is more challenging as it requires
locating and revealing local semantic features of change from
the global semantic space. Specifically, DUDA [20], the pio-
neer work of change captioning, adopts subtraction between
image pairs to learn their semantic difference. Nevertheless,
direct removal yields an incorrect change in the presence of
distractors. To make up for it, SRDRL [19], VACC [29] and
R3Net [25] measure the cross-semantic relation between image
pairs to distinguish the semantic change from the illumination
or viewpoint change. Furthermore, IFDC [23] designs the
fine-grained feature extraction module to explore the semantic
relationship, and SGCC [27] constructs the 3D scene graphs
of image pairs to locate change. Noteworthily, some strategies
have also been used to improve performance. Hosseinzadeh
et al. [24] involve using an auxiliary task to improve the
performance of the DUDA; Shi et al. [22] improve the de-
coding ability of the M-VAM by reinforcement learning; Yao
et al. [28] design pre-training tasks and contrastive learning
strategies to align visual differences and text descriptions. In
addition, Qiu et al. [26] design two transformer-based models
to describe the change. Different from the above state-of-the-
art methods, this paper focuses on constructing interaction
reasoning of intra- and inter-representation to learn the robust
difference representation with distractors.

B. Geometric embedding in visual understanding

Geometric relation and geometric information are so impor-
tant that fine-gained visual understanding tasks [31]–[36] often
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Fig. 2. Overview of the proposed Intra- and inter-representation Interaction Network (I3N), which consists of three key modules. The Geometry-Semantic
Interaction Refining (GSIR) integrates semantic and positional interactions of intra-image, which is a special prior knowledge of handling viewpoint change;
The Hierarchical Representation Interaction (HRI) constructs the reliable difference representation by means of Semantic Matcher (SM) and Change Amplifier
(CA). Our I3N smartly tackles the distraction of irrelevant change by novel designs of interaction learning in the intra- and inter-representation.

emphasize them. Great efforts [2], [15], [17], [37], [38] have
been dedicated to tackling this work over the past few years.
The earliest work originated from the positional embedding
of words [39], [40] in natural language processing. Inspired
by this, some works [41], [42] consider embedding geometric
information into visual information to perform downstream
tasks better. However, most of them only consider a single
and rigid geometric embedding for visual information. For
the change captioning task, position relation and position
information of visual features are critical to locate scene
change and resist distractors, so we propose a Geometry-
Semantic Interaction Refining (GSIR) to verify this idea.

III. METHODOLOGY

In this section, we elaborate each component of our model,
as illustrated in Fig. 2- 4. Concretely, we first introduce the
Intra-representation Interaction in Section III-A. Next, we
present the implementation of Inter-representation Interaction
in Sec III-B. Afterward, we perform the process of the Change
Language Decoder to generate the captions in Section III-C.
We ultimately detail the objective function utilized to optimize
the network for change captioning in Section III-D.

A. Intra-representation Interaction

Unlike most methods that directly exploit image pairs
to learn change, based on the intra-image perspective, the
Intra-representation Interaction stage considers learning the
comprehensive interaction to construct a priori knowledge for
handling viewpoint change. Specifically, we design the novel
Geometry-Semantic Interaction Refining (GSIR) to implement
this stage by flexible token interaction learning of position
and semantic. We first propose a method to powerfully model
geometric interaction and geometric information of intra-
image.
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Fig. 3. The details of the Geometry-Semantic Interaction Refining (GSIR).
Using X

′
bef as the example, we present the uni-direction modeling process.

Geometric Interaction Embedding: the position between
adjacent objects does not change as a result of viewpoint shift,
which can be regarded as the spatial priors to distinguish
the semantic and viewpoint change. we design the Geometric
Interaction Embedding (GIE) to model the position interaction
of features. Specifically, GIE designs the learnable geometric
interaction weight Gi,j

W ∈ RN×N between feature i and j as:

Gi,j
W = ReLU

((
max

(
0,W 1

r Φ(i, j) + br
))

W 2
r

)
, (1)

where br, W 1
r , W 2

r are bias and two learnable weight param-
eters, respectively. the Φ(i, j) ∈ RN×N×4 is a 4-d vector to
denote the relative position between features as:

Φ(i, j) =

(
ln

(
xi − xj

wi

)
, ln

(
yi − yj

hi

)
, ln

(
wi

wj

)
, ln

(
hi

hj

))T

, (2)

where ln is the natural logarithm. (xi, yi), wi and hi are
relative center coordinate, relative width and height of i. We
calculate a pair of the 2D relative coordinate of the feature
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Fig. 4. Detail of proposed Hierarchical Representation Interaction (HRI), which consists of Semantic Matcher and Change Amplifier module. Using Gbef

as an example, (a) presents the uni-direction modeling process; (b) vividly shows the hierarchical interaction process of the multi-levels (feature, semantic-
interaction and position-interaction) in the presence of viewpoint change. The Semantic Matcher first roughly explores the unchanged features between the
pair. Then, the Change Amplifier further reveals the fine-grained features of change. This particular architectural design gives the model the ability to locate
semantic change and be immune to viewpoint change.

i:
[(
xmin
i , ymin

i

)
, (xmax

i , ymax
i )

]
and use it to calculate the xi,

yi, wi, hi above:

(xi, yi) =

(
xmin
i + xmax

i

2
,
ymin
i + ymax

i

2

)
,

wi =
(
xmax
i − xmin

i

)
+ 1,

hi =
(
ymax
i − ymin

i

)
+ 1,

(3)

where
(
xmin
i , ymin

i

)
and (xmax

i , ymax
i ) are the relative coordi-

nate of the upper left and the lower right corner, respectively.
Absolute Geometric Embedding: the spatial and geomet-

ric information of each image can be augmented by injecting
absolute geometric information into the original image fea-
tures, which can significantly improve the model’s perception
ability of position change. Absolute Geometric Embedding
(AGE) assigns a constant token with an order to each feature.
Specifically, the AGE employs sine and cosine functions of
different frequencies to embed position as follow:

AGE (r, c) = [GEr;GEc] , (4)

where [; ], r, c indicate concatenation, row and column index,
respectively. And GEr, GEc ∈ RN/2(N = HW ) as follow:

GE(pos, 2d) = sin(pos/100002d/N ),

GE(pos, 2d+ 1) = cos(pos/100002d/N ),
(5)

where pos, d denote the position and dimension.
Geometry-Semantic Interactions Refining: in our work,

we first extract the features Xbef and Xaft ∈ RC×H×W of
the image pairs from the pre-trained CNN [43], which C,
H , W are the number of channels, height and width. Then,
we reshape Xbef , Xaft into X

′

bef , X
′

aft ∈ RN×C , where
N = HW . The GSIR tailors the features of X

′

bef and X
′

aft

to model the intra-representation interaction. Specifically, the
geometry-semantic interactions are injected into individual

features of each image based on scaled dot-product attention
[39]:

GSIR = softmax (ΥW (Q,K, V ))V, (6)

where ΥW is the comprehensive interaction measure, which
combines the geometric and semantic interaction measure:

ΥW =
(Q+AGEq) (K +AGEk)

T

√
dk

+ ln (GW ) , (7)

where AGEq , AGEk are Absolute Geometric Embedding of
Q and K. GW is geometric interaction wight, which can
calibrate semantic interaction learning. In detail, before the
operation of GSIR, Q, K and V are embedded in a same-
dimensional embedding by the Emb method:

(Q,K, V ) =
(
XiW

Q
i , XiW

K
i , XiW

V
i

)
, (8)

where WQ
i ,WK

i ,WV
i are learned parameter matrixes and

i ∈ (bef, aft). In this stage, X
′

i , i ∈ (bef, aft), serve as
the source field for GSIR:

Gi = GSIR
(
X

′

i , X
′

i , X
′

i

)
. (9)

When the model deeply grasps the comprehensive interactions
of intra-image, it is better able to judge semantic change and
irrelevant change. In other words, GSIR effectively constructs
the multi-level correspondence (feature, position-interaction,
semantic-interaction) as inputs to the Inter-representation In-
teraction stage, which is the basis for the Inter-representation
Interaction stage to learn the reliable difference representation.

B. Inter-representation Interaction

The Inter-representation Interaction stage highlights the
explicit learning of difference representation. It is imple-
mented via the proposed Hierarchical Representation Inter-
action (HRI), which is an ingenious hierarchical mechanism
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from coarse to fine to pinpoint the disagreement of inter-image
in the presence of irrelevant change. The HRI contains two
modules, Semantic Matcher (coarse) and Change Amplifier
(fine) as shown in Fig. 4 (a).

Semantic Matcher: The Semantic Matcher obtains the
common features of the before and after image by matching
the multi-level correspondence, as shown in Fig. 4 (b). Specif-
ically, with Gbef , Gaft ∈ RN×C as inputs, we first calculate
the corresponding measure between the image pairs:

Ψsim(Gbef , Gaft) = softmax

(
GbefG

T
aft√

chaft

)
, (10)

where chaft is the number of channel and softmax is applied to
normalize measure scores. Then we employ Ψsim to compute
common features over Gbef , which can be formulated as:

Gi
sim =

∑
j

Ψi,j ⊗Gj
aft, (11)

where i is the ith Gbef and j is the jth Gaft. Ψi,j is the
correspondence measure between the ith Gbef and the jth

Gaft.
Change Amplifier: as shown in Fig. 11 (b), the change

process is the local features change in the image pair, and
we need to distinguish these tiny local features from a large
number of clutter (global space) and generate corresponding
semantic information based on the surrounding unchanged
features. However, this surrounding unchanged information is
disrupted by viewpoint shift, which makes the surrounding
features appear to be pseudo-different. This makes these local
features often overwhelmed by the mostly unchanged features,
especially when the object is too small or changes slightly,
such change features are easily missed during the first coarse
interaction process. Hence, the Change Amplifier (CA) reveals
the signal of latent change in the acquired common features
Gsim by referring to source features Gaft. Concretely, we first
construct the amplifier Gamp and amplification source Gamp

by concatenating Gaft and Gsimto R2C×N :

Gsrc = Ws [Gaft;Gsim] + bs,

Gamp = Wa [Gaft;Gsim] + ba,
(12)

where Ws,Wa ∈ R2C×N and bs, bs are bias. Next, the fine
common features G

′

sim is constructed under the guidance of
the amplifying signals Samp:

G
′

sim = FC (Gsrc ⊙ Samp) ,

Samp = sigmoid (Gamp) ,
(13)

where ⊙ and FC denote element-wise and a fully-connected
layer. The amplifying signals Samp measure the multi-level
similarities between corresponding locations in Gaft and
Gsim. Finally, the uni-direction difference Gb

diff is captured
by purifying G

′

sim from Gbef :

Gb
diff = Gbef −G

′

sim. (14)

For the entire HRI, we cross-utilize Gbef and Gaft to match
and amplify against each other, and then project them to obtain
the bi-direction difference representation:

Gb
diff = HRI (Gbef , Gaft) ,

Ga
diff = HRI (Gaft, Gbef ) ,

Gdiff = ReLU
(
FC
[
Gb

diff ;G
a
diff

])
,

(15)

where FC is a fully-connected layer. With this coarse-to-fine
mechanism, the model can distinguish semantic change from
irrelevant change and obtain the fine difference representation.

C. Change Language Decoder
The Change Language Decoder aims to generate a sentence

that describes the change, which consists of two modules,
namely Dual Change Navigator and Language Decoder.

Dual Change Navigator: the difference representation
Gdiff is constructed by the Equation 15. We exploit it as
the query to tell the model where the change is in each
representation (Gbef , Gaft). Specifically, the Dual Change
Navigator first calculates two separate attention maps Si

nav.
Then the changed features di are localized via applying Si

nav
to Gi, i ∈ (bef, aft):

Si
nav = sigmoid (f2 (ReLU (f1 [Gi;Gdiff ]))) ,

di =
∑
H,W

Si
nav ⊙Gi , di ∈ RC , (16)

where [; ] and f1 f2 are concatenation and convolution op-
erations. This design navigates the model to focus on visual
representation differently depending on the type of a semantic
change and the amount of a viewpoint change.

Language Decoder: we first exploit attention LSTMs to
look for key semantic feature that is most relevant with the
word (xw) from three kinds of features dbef , daft and ddiff
(dbef − daft) :

d
(t)
s =

∑
j ℧

(t)
j dj , (17)

where j ∈ (bef, aft, diff). The attention map ℧(t)
i is

computed by the attention LSTMs, which take as input the
previous hidden state x

(∗)
w of LSTMw and the projection dall

of three visual features:
dall =ReLU (FC [dbef ; ddiff ; daft]) ,

x(t)
s =LSTMs

(
x(t)
s |

[
dall;x

(t−1)
w

]
, x(0:t−1)

s

)
,

℧(t) ∼ softmax
(
W1x

(t)
s + b1

)
,

(18)

where FC, x(∗)
s , W1 and b1 are the fully-connected operation,

hidden states of the module LSTMs, learnable parameters and
bias, respectively.

The language generation process is guided by the above
operation. We exploit attended visual feature d

(t)
s and the pre-

vious word wt−1 (ground-truth word during training, predicted
word during inference) to the LSTMw to predict a series of
distributions over the next word:

ct−1 =Embed (wt−1) ,

x(t)
w =LSTMw

(
x(t)
w |

[
d(t)s ; c(t−1)

]
, x(0:t−1)

s

)
,

w(t) ∼ softmax
(
W2x

(t)
w + b2

)
,

(19)
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TABLE I
TOTAL PERFORMANCE COMPARED WITH STATE-OF-THE-ART METHODS ON CLEVR-CHANGE, WHERE B-4, C, M, R-L, AND S ARE SHORTHAND FOR
BLEU-4, CIDER, ROUGE-L, METEOR, AND SPICE, RESPECTIVELY. RL AND PT ARE THE SHORTHAND OF REINFORCEMENT LEARNING TRAINING
AND PRE-TRAINING STRATEGIES, RESPECTIVELY. ”-” DENOTES NO RESULTS REPORTED AND ”*” DENOTES USING TRANSFORMER DECODER(TD) AS

DECODER. THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLDFACE.

Total
Method RL PT B-4 C M R-L S

Capt-Dual (ICCV2019) [20] × × 43.5 108.5 32.7 - 23.4
DUDA (ICCV2019) [20] × × 47.3 112.3 33.9 - 24.5

M-VAM (ECCV2020) [22] × × 50.3 114.9 37.0 69.7 30.5
M-VAM+RAF (ECCV2020) [22]

√
× 51.3 115.8 37.8 70.4 30.7

DUDA+AT (CVPR2021) [24] × × 51.2 115.4 37.7 70.5 31.1
VACC (ICCV2021) [29] × × 52.4 114.2 37.5 - 31.0
IFDC (TMM2021) [23] × × 49.2 118.7 32.5 69.1 -
SGCC (MM2021) [27] × × 51.1 121.8 40.6 73.9 32.2

R3Net+SSP (EMNLP2021) [25] × × 54.7 123.0 39.8 73.1 32.6
SRDRL (ACL2021) [21] × × 54.8 121.0 40.1 73.2 32.6

SRDRL+AVS (ACL2021) [21] × × 54.9 122.2 40.2 73.3 32.9
I3N (OURS) × × 55.5 123.0 41.0 74.2 33.4

*MCCFormers-D (ICCV2021) [26] × × 52.4 121.6 37.0 - 32.6
*MCCFormers-S (ICCV2021) [26] × × 57.4 125.5 41.2 - 32.4

*IDC (AAAI2022) [28] × × 32.7 89.8 27.2 57.2 -
*IDC (AAAI2022) [28] ×

√
51.2 128.9 32.5 71.7 -

*I3N-TD (OURS) × × 55.8 125.6 40.6 73.9 32.8

where W2, b2 are learnable parameters. Embed is a one-hot
encoding of the word wt−1.

D. Training

The proposed network is trained end-to-end by minimizing
the negative likelihood of the observed word sequence. Given
the target ground-truth words (w1, ..., wm) and a captioning
model with parameters θ, we minimize the following cross-
entropy loss:

Llan(θ) = −
m∑
t=1

log
(
pθ
(
w∗

t | w∗
1:t−1

))
, (20)

where m is the length of the caption. The Intra-representation
Interaction and Inter-representation Interaction receive no di-
rect supervision for difference representation learning. The
only available supervision is obtained through the language
decoder, which then guides the Intra- and Inter-representation
Interaction to learn the difference representation.

IV. EXPERIMENTS

A. Datasets

CLEVR-Change dataset [20] is an enormous dataset gener-
ated by the CLEVR engine [44], which contains 79,606 com-
plex scenarios and 493,735 captions. The dataset is divided
into two main categories: One (i.e., none-scene change) has
only illumination/ viewpoint change (distractors). The other
(i.e., scene change) has both scene change (color/ material
change, adding/ dropping/ moving an object) and distractors.
Based on the official split, we use the split with 67,660 for
training, 3,976 for validation, and 7,970 for testing.

Spot-the-Diff dataset [18] consists of 13,192 image pairs
without distractors, which are extracted from surveillance
videos of different time periods. This dataset is set up as a
change for each image pair with no distractors. The dataset is
split into training, validation, and testing with an official ratio
of 8:1:1.

B. Evaluation Metrics

We use metrics commonly used in captioning to evaluate
the quality of the generated sentence. Including BIEU-4 [45],
METEOR [46], CIDEr [47], ROUGE-L [48] and SPICE [49].
Generally, those scores are higher if the semantic content
and grammatical structure are more accurate. In addition,
to evaluate the accuracy of change localization, we use the
Pointing Game [50] to evaluate our method. Concretely, we
up-sampled the attention map to the size of the original image
and check if the points with the highest activation are within
the bounding box of ground truth.

C. Implementation Details

Following the approaches of change captioning, we employ
the pre-trained ResNet-101 [43] on the ImageNet [51] to
extract visual features, with the dimension of 1024× 14× 14.
Then, the visual features are embedded into a low-dimensional
embedding of 512. The hidden size of the whole model is set to
512 and the number of attention heads is set to 4. Besides, each
word is represented by a 300-dim vector. For the 38-epoch
training stage, the model is trained by the Adam Optimizer
[52] with a learning rate of 0.001/0.0002 and a batch size
of 128/64 on the CLEVR-Change/ Spot-the-Diff dataset. Both
training and inference are implemented with PyTorch [53] on
the Titan XP GPU. Moreover, the training time and memory
cost for the convergence of our model are about 15/10 GB
and 3/2 hours on CLEVR-Change/Spot-the-Diff dataset.

D. Experimental Results

1) Results on CLEVR-Change Dataset
To demonstrate the superiority of our model, we compare

it with state-of-the-art methods [20]–[29] on CLEVR-Change
[20]. We present the conclusion from five perspectives: Total
change in Table I; Scene change in Table II; None-scene
change in Table II; Representative scene change in Table III;
Measuring robustness to viewpoint change in Fig 5.
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TABLE II
SCENE/ NONE-SCENE CHANGE PERFORMANCE COMPARED WITH STATE-OF-THE-ART METHODS ON CLEVR-CHANGE. RL IS THE SHORTHAND OF

REINFORCEMENT LEARNING TRAINING STRATEGY. ”-” DENOTES NO RESULTS REPORTED AND THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLDFACE.

Scene Change None-scene Change
Method RL B-4 C M R-L S B-4 C M R-L S

Capt-Dual (ICCV2019) [20] × 38.5 89.8 28.5 - 18.2 56.3 108.9 44.0 - 28.7
DUDA (ICCV2019) [20] × 42.9 94.6 29.7 - 19.9 59.8 110.8 45.2 - 29.1

M-VAM+RAF (ECCV2020) [22]
√

- - - - - - 122.6 66.4 - 33.4
DUDA+AT (CVPR2021) [24] × 49.9 101.3 34.3 65.4 27.9 62.4 116.3 50.5 53.9 35.0

SGCC (MM2021) [27] × - - - - - - 116.5 52.2 - 35.0
IFDC (TMM2021) [23] × 47.2 105.4 29.3 63.7 - 52.5 114.2 40.1 74.4 -

R3Net+SSP (EMNLP2021) [25] × 52.7 116.6 36.2 69.8 30.3 61.9 116.4 50.5 76.4 34.8
SRDRL+AVS (ACL2021) [21] × 52.7 114.2 36.4 69.7 30.8 62.2 117.0 51.3 76.9 34.9

I3N (OURS) × 53.1 117.0 37.0 70.8 32.1 62.2 116.7 52.0 77.5 35.0

Total change performance. We simultaneously evaluate for
scene change and none-scene change in Table I. To keep the
comprehensiveness and fairness of the comparison, we com-
pare SOTA methods from two perspectives based on the struc-
ture of the decoder. One is based on the LSTM decoder. We
observe that our model outperforms the above SOTA methods
on all metrics with an encouraging performance. Compared
with the previous best SRDRL+AVS [21], the main motivation
of I3N is how to learn an effective difference representation
while being immune to the interference of viewpoint change,
which is similar to the SRDRL. In contrast to SRDRL, I3N
circumvents the distraction of irrelevant change by learning
the interaction of intra- and inter-representation. Compared to
SRDRL, I3N achieves improvements of 1.3%, 1.7%, 2.2%,
1.4% and 2.5% on BLEU-4, CIDEr, METEOR, ROUGE-L and
SPICE metrics, respectively. This indicates that our model can
construct more reliable difference representation. When gener-
ating the words, SRDRL introduces Part-of-Speech knowledge
and designs an AVS module to calibrate the cross-modal
alignment, which further improves its performance. In this
case, our I3N still outperforms SRDRL+AVS on all metrics.
Since changed objects are subtle and easy to ignore, their
features would be weak. This makes the model difficult to
align them with target words. Further exploration of cross-
modal alignment is necessary in future research.

The other is based on the Transformer decoder. Our model
achieves the best performance on SPICE, CIDEr and ROUGE-
L without the aid of the pre-training strategy. Although the
IDC [28] with the pre-training strategy improves the perfor-
mance, its computational cost is too expensive and almost
all metrics are lower than ours, which indicates that I3N
can achieve the best performance while saving computational
costs. Note that compared with MCCFormers-D [26], I3N-
TD outperforms it on most metrics, and even I3N without
the Transformer decoder outperforms it on ROUGE-L and
SPICE. This indicates that our intra- and inter-representation
interaction mechanism can construct a more reliable difference
representation than the common Transformer encoder struc-
ture. To conclude, the generalization ability of the proposed
method is superior to that of the current SOTA methods, which
benefits from the intra- and inter-representation interaction
mechanism.

None-scene/ Scene change performance. As the M-VAM
[22], VACC [29], MCCFormers-D [26], MCCFormers-S [26]

and IDF [28] do not report the results on none-scene/scene
change, we only compare with the methods that provide
official results. In the case of scene change, the image pairs
have both scene change and illumination/viewpoint change.
From Table II, our method surpasses all SOTA methods by a
large margin, especially SPICE (from 30.8 to 32.1). In the case
of none-scene change, the image pairs have only illumination
or viewpoint change. From Table II, we can observe that
the METEOR and CIDEr of M-VAM+RAF are higher than
ours, and we consider that this lies in the introduction of
reinforcement learning. This shows that reinforcement learning
does have an improvement on performance in this setting, but
it dramatically increases the training time and computational
complexity simultaneously. Nevertheless, I3N far surpasses M-
VAM+RAF and M-VAM in total performance (Table I), so our
approach is more robust while reducing training complexity.

Representative scene change performance. We evaluate
five typical change scenes: color/texture change (static change)
and adding/dropping/moving an object (dynamic change) in
Table III. We compared with the SOTA approaches that
reported the results on CLDEr, METEOR and SPICE. we
can observe that our model achieves competitive results for
all kinds of change types and obtains impressive results for
“COLOR”, “ADD”, “DROP” and “TEXTURE” change types.
In particular, “TEXTURE” and “MOVE” are challenging in
this task, because the viewpoint shifting makes locating these
types of changes more difficult. Obviously, benefiting from
the intra- and inter-representation interaction, we achieve an
excellent effect in the change of the object’s texture and
disappearance. In general, this experiment indicates that our
model can accurately capture the dynamic and static change
of object in the distraction of viewpoint change.

Measuring robustness to viewpoint change. To explore
the robustness of our model against viewpoint change, we
measure the amount of viewpoint shift for an image pair
by IoU and sort the test examples based on the mean of
these IoUs. Specifically, we calculate the IoU of the object’s
bounding boxes in the scene across the image pair. When
the viewpoint change more, the less the bounding boxes of
image pairs overlap. As shown in Fig 5, we plot the graph
of CIDEr scores (on the left) and Locating Accuracy (on the
right) under different degrees of viewpoint shift (measured by
IoU), and compare with some SOTA methods that provided
official code: SRDRL+AVS [21] and R3Net+SSP [25]. For the
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TABLE III
A DETAILED BREAKDOWN OF CHANGE CAPTIONING EVALUATION ON CLEVR-CHANGE BY DIFFERENT CHANGE TYPES: “COLOR” (C), “TEXTURE”
(T), “ADD” (A), “DROP” (D), AND ”MOVE” (M). RL IS THE SHORTHAND OF REINFORCEMENT LEARNING TRAINING STRATEGY. ”-” DENOTES NO

RESULTS REPORTED AND THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLDFACE.

CIDEr METEOR SPICE
Method RL PT C T A D M C T A D M C T A D M

Capt-Dual (ICCV2019) [20] × × 120.4 86.7 108.2 103.4 56.4 32.8 27.3 33.4 31.4 23.5 21.1 18.3 22.4 22.2 15.4
DUDA (ICCV2019) [20] × × 120.4 86.7 108.2 103.4 56.4 32.8 27.3 33.4 31.4 23.5 21.1 18.3 22.4 22.2 15.4

M-VAM+RAF (ECCV2020) [22]
√

× 122.1 98.7 126.3 115.8 82.0 35.8 32.3 37.8 36.2 27.9 28.0 26.7 30.8 32.3 22.5
DUDA+AT (CVPR2021) [24] × × 120.8 89.9 119.8 123.4 62.1 36.1 30.4 37.8 36.7 27.0 29.7 27.4 31.4 30.8 23.5

SGCC (MM2021) [27] × × 128.0 122.9 117.1 116.9 77.1 37.8 36.1 38.9 36.7 32.8 30.0 31.1 30.8 30.1 25.3
IFDC (TMM2021) [23] × × 133.2 99.1 128.2 118.5 82.1 33.1 27.9 36.2 31.4 31.2 - - - - -

R3Net+SSP (EMNLP2021) [25] × × 139.2 123.5 122.7 121.9 88.1 38.9 35.5 38.0 37.5 30.9 31.6 30.8 32.3 31.7 25.4
SRDRL+AVS (ACL2021) [21] × × 136.1 122.7 121.0 126.0 78.9 39.0 35.6 38.9 38.0 30.1 32.4 30.9 33.0 32.4 25.4

IDC (AAAI2022) [28] ×
√

131.2 101.1 133.3 116.5 81.7 - - - - - - - - - -
I3N (OURS) × × 139.2 127.6 125.5 131.8 78.5 39.9 36.7 39.9 38.1 30.6 33.6 33.1 33.9 33.8 25.8
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Fig. 5. CIDEr and Locating Accuracy (%) by IoU difficulty. The more
significant the viewpoint shifting, the more difficult the IoU. Values are
acquired for every 10th percentile.

CIDEr scores, our method outperforms the SOTA methods,
including the more significant viewpoint shift. In the Locating
Accuracy graph, all methods trend downward as IoU difficulty
increases, as accurate localization becomes more difficult with
the drastic viewpoint shift, while our method achieves the
highest accuracy rate. These results that the captioning and
locating performance of our method is more robust to varying
degrees of viewpoint change compared to existing SOTA
methods.

2) Results on Spot-the-Diff Dataset
We evaluate the performance of our model in the real

environment. We compare with the state-of-the-art methods
[18], [20]–[27], [29], [54], [55] that reported the results
on the Spot-the-Diff dataset [18]. From Table IV, we can
observe that our I3N attains the best results on BLUE-4,
METEOR and SPICE when training without reinforcement
learning. Even when compared to M-VAM+RAF [22] with
reinforcement learning, our method still beats it on METEOR
and SPICE. As this dataset does not consider the distractions
of viewpoint/illumination change and each pair is set to a
change, the model does not have to judge whether a change
has occurred. the superiority mainly results from the fact that
the GSIR module can enhance the model’s understanding of
the fine-grained information and interaction. We note that the
CIDEr and ROUGE-L of SGCC [27] are higher than ours, and
the reason is that they introduce additional 3D information of

TABLE IV
PERFORMANCE OF OUR METHOD AGAINST STATE-OF-THE-ART METHODS

ON SPOT-THE-DIFF DATASET. RL IS THE SHORTHAND OF
REINFORCEMENT LEARNING STRATEGY. ”-” DENOTES NO RESULTS

REPORTED AND THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLDFACE.

Method RL B-4 C M R-L S
DDLA (EMNLP2018) [18] × 8.5 32.8 12.0 28.6 -
DUDA (ICCV2019) [20] × 8.1 32.5 11.8 29.1 -

FCC [54] × 9.9 36.8 12.9 29.9 -
SDCM [55] × 9.8 36.3 12.7 29.7 -

M-VAM (ECCV2020) [22] × 10.1 38.1 12.4 31.3 14.0
M-VAM+RAF (ECCV2020) [22]

√
11.1 42.5 12.9 33.2 17.1

DUDA+AT (CVPR2021) [24] × 8.1 34.5 12.5 29.9 -
VACC (ICCV2021) [29] × 9.7 41.5 12.6 32.1 -

R3Net+SSP (EMNLP2021) [25] × - 36.6 13.1 32.6 18.8
SGCC (MM2021) [27] × 8.6 42.9 13.1 38.2 17.2
IFDC (TMM2021) [23] × 8.73 37.0 11.7 30.2 17.2

SRDRL+AVS (ACl2021) [21] × - 35.3 13.0 31.0 18.0
I3N (OURS) × 10.1 38.3 13.2 33.1 18.9

*MCCFormers-D (ICCV2021) [26] × 10.0 43.1 12.4 - 18.3
*MCCFormers-S (ICCV2021) [26] × 9.8 41.6 12.3 - 16.3

*I3N-TD (OURS) × 10.3 42.7 13.0 31.5 18.6

images and semantic attributes of objects. Nevertheless, our
I3N still outperforms it on most metrics, which proves the
strength of our GSIR. For I3N with Transformer Decoder
(I3N-TD), our method achieves the best performances on
BLUE-4, METEOR, ROUGE-L and SPICE compared with
MCCFormers-S [26] and MCCFormers-D [26]. These results
prove that the proposed method is more competitive than the
current SOTA method.

In conclusion, the Spot-the-Diff dataset ignores the exis-
tence of distractors and the image pairs are mostly perfectly
aligned. Our performance on Spot-the-Diff demonstrates the
ability to accurately caption change in noisy real-life and
generic scenarios without distractors.

E. Ablation Studies

To figure out contributions from different components of
the proposed model, we provide extensive ablation studies
on CLEVR-Change. 1) We begin with the baseline based
on DUDA [20]; 2) The SIR is the semantic interaction
refining without geometric embedding; 3) The SIR+AGE is
the semantic interaction refining with absolute geometric em-
bedding; 4) The SIR+GIE is the semantic interaction refining
with geometric interaction embedding; 5) The GSIR is the
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TABLE V
ABLATION STUDIES IN TERMS OF TOTAL PERFORMANCE TO DEMONSTRATE CONTRIBUTIONS FROM DIFFERENT PROPOSED COMPONENTS ON

CLEVR-CHANGE, WHERE B-4, C, M, R-L, AND S ARE SHORTHAND FOR BLEU-4, CIDER, ROUGE-L, METEOR, AND SPICE, RESPECTIVELY. THE
BEST PERFORMANCE IS HIGHLIGHTED IN BOLDFACE

Total Scene Change None-scene Change
Method B-4 C M R-L S B-4 C M R-L S B-4 C M R-L S
Baseline 53.1 115.6 37.6 70.8 30.2 50.9 102.4 33.3 65.7 27.3 61.0 114.3 49.9 75.8 34.5

SIR 53.1 116.3 38.3 71.5 31.1 51.8 103.6 33.5 65.8 28.3 61.8 115.6 51.4 77.0 34.7
SIR+AGE 54.4 119.0 39.4 72.4 31.5 52.4 109.6 35.5 68.6 30.3 61.5 114.4 50.6 76.3 34.6
SIR+GIE 54.1 118.2 38.8 72.0 31.8 51.2 106.9 34.2 67.0 28.8 62.4 115.8 51.6 77.0 34.8

GSIR 54.7 119.4 39.3 72.5 31.9 52.0 108.9 34.9 67.8 28.9 62.5 116.2 51.8 77.1 34.9
HRI w/o CA 54.5 120.0 40.2 73.1 32.6 52.1 111.7 36.2 69.8 30.6 60.8 114.9 51.6 77.2 34.6

HRI 54.4 121.6 40.4 73.6 33.2 52.3 112.8 36.3 69.8 31.1 61.2 116.1 50.7 77.2 34.7
I3N 55.5 123.0 41.0 74.2 33.4 53.1 117.0 37.0 70.8 32.1 62.2 116.7 52.0 77.5 35.0

TABLE VI
ABLATION STUDIES ON CLEVR-CHANGE BY DIFFERENT CHANGE TYPES:
“COLOR” (C), “TEXTURE” (T), “ADD” (A), “DROP” (D), AND ”MOVE”

(M). THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLDFACE.

Metrics Method C T A D M
GSIR 52.2 48.9 56.9 54.3 48.9

HRI w/o CA 50.8 49.1 56.3 52.7 48.7
BLUE-4 HRI 51.9 49.3 57.5 53.4 49.7

I3N 52.2 49.9 57.8 54.3 50.5
GSIR 134.0 115.3 122.4 125.6 75.1

HRI w/o CA 131.8 120.4 121.6 126.0 73.7
CIDEr HRI 133.4 121.0 123.1 125.6 81.8

I3N 139.2 127.6 125.5 131.8 78.5
GSIR 38.5 34.0 39.0 37.5 28.4

HRI w/o CA 38.9 35.4 38.8 37.0 29.3
METEOR HRI 39.0 35.7 39.0 37.2 30.4

I3N 39.9 36.7 39.9 38.1 30.6
GSIR 32.1 30.5 32.9 32.3 23.4

HRI w/o CA 32.7 33.0 33.1 32.3 25.9
SPICE HRI 32.3 31.1 33.5 32.6 26.0

I3N 33.6 33.1 33.9 33.8 25.8

geometry-semantic interactions refining combining two types
of geometric embedding; 6) The HRI w/o CA module is hi-
erarchical representation interaction without change amplifier;
7) HRI is the whole hierarchical representation interaction;
8) I3N is the full model that incorporated all the proposed
components.

From total performance in Table V, we can easily observe
that the metrics for each of the added modules are higher
than the baseline. The GSIR is better than the SR, where the
GSIR is improved by 3%, 2.7%, 2.6%, 1.4% and 2.6% on
metrics BLEU4, CIDEr, METEOR, ROUGE-L and SPICE.
This proves the necessity of positional interaction and position
information to locate change. Among them, we find that the
addition of the GIE is a little worse than the AGE, and we
argue that the learning of the geometric interaction information
is disturbed by the noise of the direct subtraction [20]. The
HRI is better than the HRI w/o CA, where the HRI is
improved by 1.3%, 0.5%, 2.6%, 0.7% and on CIDEr, ME-
TEOR, ROUGE-L metrics. This proves the Change Amplifier
capture those latent semantic change to compensate for the
Semantic Matcher in viewpoint change. Note that I3N is the
best of them and improves 4.5%, 6.4%, 9.0%, 4.8% and 10.6%
over baseline on BLEU-4, CIDEr, METEOR, ROUGE-L and
SPICE metrics.

From scene change performance in Table V, we obtain

TABLE VII
ABLATION STUDIES OF THE Gi AND Gsim ,i ∈ (bef, aft) CONNECTIONS
ON CHANGE AMPLIFIER. THE BEST PERFORMANCE IS HIGHLIGHTED IN

BOLDFACE.

Method B-4 C M R-L S
Scene Change

Sum 53.2 117.0 36.5 70.2 31.1
Concat(ours) 53.1 117.0 37.0 70.8 32.1

None-scene Change
Sum 62.3 116.0 50.6 76.4 34.8

Concat(ours) 62.2 116.7 52.0 77.5 35.0

the fact that 1) all the modules have a substantial performance
improvement over the baseline. 2) I3N is the best of them
and I3N improves 4.3%, 14.2%, 11.1%, 7.8% and 17.6%
over baseline on BLEU-4, CIDEr, METEOR, ROUGE-L and
SPICE metrics. 3) Note that the augmenting of HRI shows
the indispensability of this hierarchical mechanism. The above
observations indicate that 1) understanding the semantics-
positional interaction of intra-representation is a prerequisite
for learning fine difference under the viewpoint change. 2)
HRI is an effective way to distinguish semantic change from
irrelevant change, which also proves the superiority of our
method compared to the direct subtraction approach.

From none-scene change performance in Table V, we
can observe that all values exceed the baseline. Note that
the BLUE-4 of GSIR is higher than I3N. We consider the
reason is that the model with GSIR treats the unchanged and
some changed regions as unchanged in the baseline setting
of using direct subtraction, so the performance of total and
scene change is not well. The experimental results prove that
our model can effectively determine whether semantic change
occurs in the distraction of viewpoint change.

Different change types performance. To further reveal the
contribution of GSIR (Intra-representation Interaction), HRI
(Inter-representation Interaction) and HRI w/o CA in dealing
with viewpoint change. We study five representative types of
change in the presence of distractors. From Table VI, we
get the fact that 1) I3N is better than GSIR, HRI and HRI
w/o CA; 2) Note that most of the HRI metrics are higher
than the GSIR and HRI w/o CA. We can draw the following
inferences: 1) GSIR is the basis of HRI, and the semantic-
position interactions by GSIR are of great importance in han-
dling viewpoint change and significantly perceiving position
and attribute change; 2) As the key to highlight change, this
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<Before> <After> <Before> <After>

GT1: the cyan object became purple.
GT2: the small cyan shiny cylinder left of the 
large red shiny cylinder changed to purple.

I3N (OURS) : the small cyan metal cylinder that 
is behind the big purple metal thing became 
purple.

<Before> <After>

GT1: the purple object is no longer there.
GT2: the large purple cylinder has disappeared.

I3N (OURS) : the big purple matte cylinder that 
is behind the large blue matte cube is no longer 
there.

<Before> <After>

GT1: the large yellow object turned rubber.
GT2: the big yellow metal block left of the 
purple thing became rubber.

I3N (OURS) : the large yellow metal cube that 
is left of the large cyan matte thing became 
rubber.

GT1: the large cyan thing moved.
GT2: the large metal cube is in a different 
location.

I3N (OURS) : the large cyan metal cube that is 
behind the big yellow shiny cylinder is in a 
different location.

MOVE COLOR DROP TEXURE

Fig. 6. Four visualizations of our I3N model under viewpoint change on CLEVR-Change dataset, namely “Move”, “COLOR”, “DROP”, and “TEXTURE”.
The visualizations of localization results are shown on “Before” (blue) and “After”(red). Two Ground Truths (i.e., GT1, GT2) are listed for each case and
green font indicates highlights of the change description.

hierarchical mechanism makes the model’s performance shine
in the location of different scene change; 3) The learning
of accurate difference representation is dependent on the
entire coarse-to-fine mechanism and not just on the Semantic
Matcher.

In addition, we investigate the way of the Gi and Gsim,i ∈
(bef, aft) connection on the Change amplifier. From Table
VII, it is obtained that the Concat for Gi and Gsim is better
than the Sum.

F. Qualitative Results

To present the performance generated by the proposed I3N,
we conduct qualitative studies from different perspectives on
both CLEVR-Change [20] and Spot-the-Diff [18] datasets.

Fig. 6 illustrates several examples of I3N from the test
set of the CLEVR-Change dataset. In the setting of different
types of scene change, our model not only accurately describes
the change process, but emphasizes some characteristics such
as relative location and object attribute. For example, “large
cyan metal”, “small cyan metal”, “big purple matte”, and
“large yellow matte” emphasize the size and attributes of the
changed object in these examples. ”is behind ...” and ”to the
left ...” highlight the position information. As indicated by
these examples, with intra- and inter-representation interaction,
our model can pinpoint the different scene changes to generate
accurate and detailed captions. In Fig. 7, we show several
examples of I3N from the test set of the Spot-the-diff dataset.
We can see that the sentences generated by our model can
capture the difference in the full-aligned image pairs. This
demonstrates the ability of our model to describe real-life
change.

In Fig. 8, we present some examples of our model compared
with DUDA [20], SRDRL+AVS [21], and R3Net+SSP [25],
respectively. For none-scene change: in the first example,
SRDRL+AVS and R3Net+SSP mistakenly consider that the
“purple ball” moved under the viewpoint change; In the second
example, DUDA, SRDRL+AVS, and R3Net+SSP incorrectly
describe as texture change in the scene, whereas I3N success-

<Before> <After>

GT1: the person with the red 
shirt is no longer on the sidewalk.
GT2: the person with the red 
shirt is no longer on the sidewalk.

I3N: there are no people by the 
sidewalk

GT1: the person in red is no 
longer there.
GT2: there is a person with an 
umbrella behind the gray vehicle.

I3N: the person in the red shirt is 
no longer visible.
.

Fig. 7. Qualitative results on the Spot-the-Diff dataset. the Ground Truths
(i.e, GT1, GT2) are listed here for each case.

fully describes that the scene has not changed, even though
most of the “purple cylinder” is out of sight. For scene change:
in the first example, DUDA and SRDRL+AVS both confuse
scene change and viewpoint change, and think no change
in the scene. R3Net+SSP fails to locate and describe the
changed “green cylinder”; In the second example, when a large
cylinder obscures the change object, DUDA, SRDRL+AVS,
and R3Net+SSP are unable to describe the change of “gray
sphere”. Instead, our model captions the change with an
accurate sentence. In addition, we compare the accuracy of
locating change with some SOTA methods by evaluating their
attention maps using the Pointing Game. As shown in Fig.
9, our method achieves the highest localization accuracy in
each type of change, especially for COLOR (from 43.2%
to 50.8%). Compared to DUDA/ R3Net+SSP/ SRDRL+SSP,
our average localization accuracy improved by 28.7%/ 30.6%/
21.6%. These examples indicate that our model locates and
captions change more accurately than SOTA methods.

Fig. 10 illustrates several examples of ablation studies on the
CLEVR-Change dataset. In the setting of none-scene change
with viewpoint change, GSIR and HRI both think that the
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<Before> <After>

GT1:  there is no change.
GT2: the scene remains the same

DUDA: the big purple matte cylinder that is 
right of the big purple matte cylinder changed to 
metal.

SRDRL+AVS：the large purple rubber cylinder 
that is in front of the large cyan cylinder 
changed to metal.

𝑹𝟑𝐍𝐞𝐭 + 𝐒𝐒𝐏: the big purple matte cylinder that 
is in front of the large green cylinder changed to 
shiny.

I3N(OURS)：the scene is the same as before. 

<Before> <After>

GT1:  the tiny metallic cylinder moved.
GT2: the tiny green metal cylinder on the left 
side of the yellow object moved.

DUDA: the scene is the same as before.

SRDRL+AVS：the scene is the same as before.

𝑹𝟑𝐍𝐞𝐭 + 𝐒𝐒𝐏: the blue cylinder that is to the 
left of  green cylinder changed its location.

I3N(OURS)：the tiny green shiny cylinder that 
is in front of the tiny cyan matte object is in a 
different location.

<Before> <After>

GT1: the tiny gray ball turned metal. 
GT2: the small gray rubber ball that is behind 
the yellow cylinder turned metal.

DUDA: the scene is the same as before.

SRDRL+AVS： the large yellow cylinder that 
is behind big metallic thing changed its location.

𝑹𝟑𝐍𝐞𝐭 + 𝐒𝐒𝐏: the tiny yellow metallic ball that 
is behind the big brown rubber cube moved

I3N(OURS)： the tiny gray matte sphere on the 
left side of the brown metallic block turned 
shiny

<Before> <After>

GT1:  no change has occurred.
GT2:  there is no difference.

DUDA: there is no change.

SRDRL+AVS：the big purple metallic ball that 
is behind the large gray metallic cylinder moved.

𝑹𝟑𝐍𝐞𝐭 + 𝐒𝐒𝐏: the big purple metal ball that is 
behind the big gray cylinder changed its location.

I3N(OURS)：the scene is the same as before. 

None-scene Change Scene Change

Fig. 8. Qualitative results of our method against state-of-the-art methods on CLEVR-Change dataset. The left is the none-scene change with viewpoint change
and the right is scene change with viewpoint change. The underlined words and bounding boxes in green denote highlight captions, while the words and
boxes in red denote incomplete or incorrect captions. Two Ground Truths (i.e, GT1, GT2) are listed here for each case.
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Fig. 9. Locating Accuracy (%) over different change types on the CLEVR-
Change dataset.

tiny block has changed. In the setting of scene change with
viewpoint change, “blue metal” and “in front of” show that
GSIR can get more details about the location and properties.
In addition, as shown in Fig. 11, we provide some examples to
illustrate the effect of the Change Amplifier. In the first exam-
ple, when both the small object and viewpoint change slightly,
the I3N w/o CA is confused to distinguish between visual
signals of viewpoint change and semantic change, resulting
in incorrectly locating the changed object. In the second
example, I3N w/o CA localizes an incorrect region on the
“after” image and therefore misidentifies “Move” as “Drop”.
Instead, I3N correctly locates and describes the “Move” of the
yellow cylinder. In the third example, the I3N w/o CA locates
an extra wrong region on both “before” and “after” images,
and the reason is that when viewpoint change overwhelms
texture change, the I3N w/o CA tends to mistake the signal of
viewpoint changes as semantic changes. In contrast, the I3N
successfully locates the region of semantic change and obtains
the correct caption. In the fourth example, when the large red
cube blocks the tiny changed object, I3N w/o CA ignores the
signal of the semantic change from the tiny object and thus
fails to locate the changed region on the “after” image. These

examples indicate that the Semantic Matcher is not sufficient to
learn an accurate difference representation, and this coarse-to-
fine mechanism does help the model to reveal semantic change
and obtain a more accurate caption.

<Before> <Before> <After>

GT1: there is no change.
GT2: the scene is the same as 
before.

GSIR: the tiny purple rubber 
block that is in front of the big 
purple matte thing changed to 
metallic

HRI: the tiny purple matte block 
that is in front of the big brown 
shiny object became metallic

I3N: the scene is the same as 
before

GT1: the blue metallic block 
moved.
GT2: the blue metal object changed 
its location.

GSIR: the blue metal block that is 
in front of the tiny brown metallic 
thing is in a different location.

HRI: the blue shiny thing is in a 
different location.

I3N: the tiny blue metallic block 
that is in front of the small yellow 
metal thing changed its location.

<After>

None-scene change Scene change

Fig. 10. Qualitative results of ablation study. The left is the none-scene change
with viewpoint change and the right is movement (i.e., scene change) with
viewpoint change. The underlined words and boxes in green denote highlight
captions, while the words in red denote incomplete or incorrect captions. Two
Ground Truths (i.e, GT1, GT2) are listed here for each case.

From these examples, we can draw the following conclu-
sions: 1) By the mechanism of intra- and inter-representation
interaction, the model can accurately locate and describe the
change of different scenarios in the presence or absence
of distractors; 2) The proposed method is more competitive
compared to current state-of-the-art methods; 3) GSIR and
HRI play an indispensable role in the proposed model; 4)
HRI empowers the model to accurately locate semantic change
and be immune to viewpoint change, which indicates the
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<Before>

I3N
w
/o
C
A

I3N

GT1: the red cube is in a different location.

GT2: the small red matte thing changed its location.

I3N w/o CA：the tiny brown sphere is in a 
different location.

I3N： the tiny red rubber cube right of the tiny blue 
matte thing moved.

GT1: the yellow metal thing became brown.

GT2: the small yellow metal ball behind the 
metallic cube became brown.

I3N w/o CA：the small brown shiny sphere that is 
behind the tiny purple matte thing changed its 
location.
I3N： the small yellow metal sphere that is behind 
the small purple metal object changed to brown.

<After> <Before> <After>

G
T

<Before> <After>

GT1: the tiny yellow metal cylinder that is to the 
left of the cyan matte object is in a different location.
GT2: the small metallic cylinder changed its 
location.

I3N w/o CA：the small yellow metal cylinder that 
is behind the tiny cyan matte cylinder is gone.

I3N： the small yellow metal cylinder that is behind 
the small cyan cylinder is in a different location.

<Before> <After>

GT1: the small blue matte cube that is behind the 
big yellow metallic object is gone.
GT2: the small blue matte block left of the brown 
sphere is no longer there.

I3N w/o CA：the scene remains the same.

I3N： the small blue matte cube behind the yellow 
metallic object is no longer there.

Fig. 11. Qualitative results of I3N and I3N w/o CA. The underlined words in green denote highlight captions and words in red denote incorrect captions.
Two Ground Truths (i.e, GT1, GT2) are listed for each case.

superiority of this particular architectural design.

V. CONCLUSION

In this paper, we propose a novel and generic encoder-
decoder architecture for change captioning. Specifically, the
proposed Intra- and Inter-representation Interaction Network
(I3N) learns the reliable difference representation and gener-
ates accurate captions in the presence of viewpoint change
from different angles. In the Intra-representation Interaction
stage, our model represents the comprehensive interactions
of semantic and geometric by applying Geometry-Semantic
Interactions Refining, and these interactions serve as priori
knowledge for immunizing viewpoint change. In the Inter-
representation Interaction stage, we propose the Hierarchical
Representation Interaction to resist distractors and pinpoint
the semantic change of inter-representation, which consists
of the Semantic Matcher and Change Amplifier. Our I3N
smartly tackles the distraction of irrelevant change by novel
designs of flexible interaction learning in the intra- and inter-
representation. Extensive experiments and encouraging per-
formances demonstrate the superiority of our approach and
achieve new state-of-the-art results on the two public datasets,
CLEVR-Change [20] and Spot-the-Diff [18]. In the future,
we will attempt to exploit reinforcement learning strategies
to further boost the performance of the proposed method. In
addition, we will optimize the decoder to better align the
change features with text features to obtain more accurate
captions.
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