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Abstract

Image change captioning (ICC) poses great challenges stem-
ming from describing subtle differences between two simi-
lar images in natural language, significantly increasing the
complexity of feature extraction and cross-modal learning
compared to the image captioning task. Existing ICC meth-
ods often suffer from two key challenges: 1) Massive ir-
relevant information of uni-image features leads to subop-
timal visual difference representations; 2) Imprecise inter-
modality correspondence degrades the quality of generated
captions. This paper proposes a Difference-aware Contrastive
Diffusion Model with Adversarial Perturbations (DECIDER)
for ICC due to the excellent performance of diffusion mod-
els in image/text generation. Technically, difference-aware
cross-modal learning is developed to suppress irrelevant in-
formation and learn compact yet robust visual difference rep-
resentations. This is achieved by optimizing a novel objec-
tive mathematically derived from the information bottleneck
principle that excels in filtering redundant features and high-
lighting differences. Furthermore, we propose to dynamically
generate “hard” positive and negative samples via adversar-
ial perturbations, which are involved in contrastive diffu-
sion training with a tighter variational bound. This design
encourages our DECIDER to excavate and construct com-
plex correspondences between visual differences and cap-
tions, thereby improving generalization performance. Exten-
sive experiments on four datasets demonstrate that DECIDER
significantly exceeds state-of-the-art performance.

Code — https://github.com/zgj77/DECIDER

Introduction
The natural modality gap between vision and text poses
great challenges for machines to understand visual infor-
mation by using textual descriptions and promotes the birth
of Image Captioning (IC) (Vinyals et al. 2015), which aims
at generating accurate linguistic captions for an image. Be-
yond IC, Image Change Captioning (ICC) (Jhamtani and
Berg-Kirkpatrick 2018) involves an in-depth comparison of
two similar images and describes their tiny differences in
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(a) Irrelevant information in visual difference representation

Image Pair Generated Caption

Generated: “the people

walking have moved positions.”

Ground Truth: “the car is 

missing.”

Generated: “the tiny blue 

object changed to gray.”

Ground Truth: “the tiny blue 

cube became yellow.”

Failed to locate 
changing 

object

Failed to 
describe 

fine-grained 
attribute

(b) Incorrect inter-modality correspondence

Figure 1: Examples to show two ICC challenges: one is the
presence of irrelevant information in visual difference repre-
sentations, and the other is the failure of correspondence in
matching generated captions with input images.

natural language, raising significant technical challenges.
Even large vision-language models like Qwen-VL (Bai et al.
2023) and LLaVA (Liu et al. 2024), which excel in various
multi-modal tasks, struggle with ICC task attributed to their
limited ability to accurately model visual differences. Since
ICC has high practical values in real-world applications like
reporting industrial anomalies, detecting and describing le-
sions, it is crucial to develop an effective model for ICC.

Most existing ICC methods employ the encoder-decoder
framework to uniformly model the complex cross-modal
correlations between visual differences and linguistic rep-
resentations. The visual encoder specifically aims to cap-
ture the subtle differences between two images (Park, Dar-
rell, and Rohrbach 2019), while the linguistic decoder pro-
duces descriptions accordingly (Kim et al. 2021). With the
advent of transformers (Vaswani et al. 2017), recent studies
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(Yao, Wang, and Jin 2022) introduce transformers with sev-
eral auxiliary losses into the ICC task. Despite their success,
these autoregressive models usually suffer from the error
accumulation problem (Gu et al. 2022). Alternatively, non-
autoregressive diffusion models have recently shown supe-
rior performance in text/image generation (Li et al. 2022b)
due to their advantages in preventing mode collapse (Zhong
et al. 2023a) and training instability. In the realm of image
captioning, it has been demonstrated that diffusion models,
which erode discrete text tokens and then restore them (Zhu
et al. 2022), can generate accurate captions by effectively
exploring the complex inter-modality correlations.

Motivated by this, we attempt to design a diffusion model
for ICC by exploring its key challenges. First, unlike the
comprehensive description of an image required in the IC
task, ICC focuses on describing local regions with subtle
changes between two similar images. This increases the dif-
ficulty of encoding visual differences, as the vast amount
of irrelevant information in uni-image features would in-
evitably interfere with the encoding process (see Fig. 1
(a)). Second, the generated captions sometimes fail to lo-
cate changing objects or to describe fine-grained attributes,
etc., which illustrates that the complex correspondence be-
tween captions and visual differences is lost due to the inter-
modality heterogeneity (see Fig. 1 (b)).

To tackle the above issues, we propose a Difference-aware
Contrastive Diffusion with Adversarial Perturbations (DE-
CIDER) for ICC. DECIDER incorporates difference-aware
cross-modal learning based on the information bottleneck
principle to model compact yet robust visual difference rep-
resentations and dynamically produces “hard” contrastive
samples for diffusion training via adversarial perturbations
to enhance the correspondence between visual difference
and change description. Concretely, given a pair of images
with the corresponding description, we first employ the vi-
sion and language encoders of CLIP to encode them into pri-
mary visual difference and textual representations, respec-
tively. On this basis, we perform the proposed difference-
aware cross-modal learning whose objective is mathemati-
cally derived from the information bottleneck principle to
suppress irrelevant information of primary visual difference
representation, i.e., minimizing the mutual information be-
tween it and the input images, while maximizing the mu-
tual information between it and the change captions, thereby
facilitating precise localization of regions with subtle dif-
ferences. Afterward, we dynamically generate the “hard”
contrastive samples via adversarial perturbations, where the
positive samples have distant representations but similar se-
mantics, and the negative samples have close representations
but different semantics. Compared to naive contrastive sam-
ples, these “hard” contrastive samples provide a more robust
supervised signal for cross-modal learning. Finally, they are
both incorporated into the diffusion model to establish a
tighter evidence boundary and enhance the learning of corre-
spondences between visual differences and change captions.
Extensive experiments demonstrate that our DECIDER sig-
nificantly outperforms the state-of-the-art (SOTA) methods.
The main contributions are summarized as follows:
• Our study deeply analyzes the key challenges of the ICC

task and designs a novel difference-aware contrastive dif-
fusion model with adversarial perturbations (DECIDER)
for generating precise change captions. DECIDER is un-
derpinned by rigorous mathematical theory.

• We propose difference-aware cross-modal learning
mathematically derived from the information bottleneck
principle to facilitate inter-modality alignment, yielding
compact yet robust visual difference representations that
enhance the accuracy of caption generation.

• We propose a contrastive diffusion model that incorpo-
rates “hard” contrastive samples dynamically generated
via adversarial perturbations, achieving a tighter opti-
mization bound. To the best of our knowledge, it is the
first work to introduce adversarial strategies into text dif-
fusion training to improve generalization performance.

Related Work
Image Change Captioning
Image change captioning (ICC) aims to articulate the differ-
ences present in a pair of similar images by using natural
language (Jhamtani and Berg-Kirkpatrick 2018). Previous
research has mainly focused on the improvement of fine-
grained feature extraction in a single modality like CUDA
(Park, Darrell, and Rohrbach 2019), VAM (Shi et al. 2020),
and VACC (Kim et al. 2021). For instance, (Huang et al.
2021) and (Tu et al. 2021) design convolution-based visual
feature encoders to capture viewpoint information between
image pairs and then feed them into RNN (Li et al. 2018,
2022a) to generate change captions. Inspired by the devel-
opment of transformers (Sun 2024; Cheng and Sun 2024),
(Yao, Wang, and Jin 2022) and (Tu et al. 2023a) propose
different pre-training losses for transformers to learn the
mapping between text and visual changes. To tackle the im-
pact of pseudo-differences (Sun et al. 2024) under viewpoint
changes (Yue et al. 2024), (Tu et al. 2023b) exploits self-
supervised learning to extract invariant representations, (Tu
et al. 2024) designs a syntax-calibrated multi-aspect relation
transformer to learn effective change features. Despite the
success, these autoregressive approaches above usually suf-
fer from severe error accumulation, which affects the quality
of the generated text. Still, these approaches do not effec-
tively alleviate the effect of redundant visual information,
leading to insufficient learning of visual difference represen-
tations. Instead, we propose a contrastive diffusion model
with difference-aware cross-modal learning to eliminate ir-
relevant visual features and generate accurate change cap-
tions in a non-autoregressive manner.

Diffusion Model for Text Generation
Since diffusion models (DMs) (Ho, Jain, and Abbeel 2020;
Zhong et al. 2024) have achieved significant success in au-
dio and image generation (Ruan et al. 2023), researchers
recently attempted to overcome the constraints imposed
by the discreteness of text and apply DM to text genera-
tion tasks such as sequence-to-sequence and image caption-
ing. The existing works on text generation mainly follow
two directions. Firstly, (Hoogeboom et al. 2021) gradually
adds categorical noise instead of Gaussian noise to learn
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Figure 2: The DECIDER framework incorporates the difference-aware cross-modal learning that enhances both the language
and visual difference encoders, along with a diffusion model augmented by adversarial perturbations. Within this framework,
v′
∗ and v represent the uni-image primary representation and the visual difference representation, respectively. w, w̃ and w

denote the textual representations for the anchor, positive and negative samples, respectively.

the character-level text generation in the denoising process.
(Savinov et al. 2021) and (Austin et al. 2021) design absorb-
ing states ([MASK]) and transition matrices to corrupt and
refine the text token. However, these kinds of coarse-grained
corruptions inevitably affect the semantic expression and co-
herence of sentence (Gao et al. 2022). In contrast, (Chen,
Zhang, and Hinton 2022) and (Luo et al. 2023) encode the
discrete text into binary bits. (Li et al. 2022b), (Gong et al.
2023b), and (Lovelace et al. 2024) deploy continuous DMs
on a discrete text by utilizing embedding and rounding. Mo-
tivated by these works, we introduce the DM for ICC and
leverage positive and negative samples to improve the gen-
eralization performance.

Contrastive Diffusion Model
To enhance the connection between targets and conditional
variables, (Zhu et al. 2023) proposes a conditional discrete
contrastive diffusion loss, which incorporates negative sam-
ples into the training process of DM. On this basis, (Zhong
et al. 2023b) explicitly introduces both positive and negative
samples into DM to provide a tighter bound for evidence
and derive a novel variational objective. Different from
them, our proposed contrastive diffusion model exploits ad-
versarial perturbations to dynamically produce “hard” con-
trastive samples, providing a more robust supervised signal
for cross-modal learning and generating accurate captions.

Methodology
Fig. 2 presents our Difference-aware Contrastive Diffusion
Model with Adversarial Perturbations (DECIDER) for ICC,
which consists of three parts: 1) The language and vision en-
coders convert input caption and image-pair into textual and

visual difference representations, respectively. 2) The pro-
posed difference-aware cross-modal learning promotes the
excavation of image difference features and the alignment of
bi-modal representations. 3) The proposed contrastive dif-
fusion model with adversarial perturbations generates sen-
tences describing the differences between two images.

Input Representation
The input representation module involves a vision encoder
to model the visual differences between two images (I1, I2),
and a language encoder to represent their change caption S.

Text Encoding Given a caption S with the length M , we
first tokenize each word wm and then encode them into tex-
tual representations w ∈ RM×D with dimension D by em-
ploying the language encoder EL consisting of an embed-
ding transformation fϕ(·) and Nl transformer layers as:

w = EL(S) = EL({fϕ(w1), fϕ(w2), ..., fϕ(wM )}). (1)

Visual Difference Modeling Given a pair of input images
(I1, I2), the CLIP model with excellent zero-shot perfor-
mance is introduced to convert each image into K patches
and extract primary visual representations v′

1,v
′
2 ∈ RK×D

via a siamese uni-image encoder Es consisting of Ns trans-
former layers. Then they are fed into a image-pair encoder
Ep containing Np transformer layers to obtain primary visual
difference representation v ∈ R2K×D, denoted as:

v = Ep([Es(I1); Es(I2)]), (2)

where [·; ·] denotes concatenation of two vectors.
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Difference-aware Cross-modal Learning via
Information Bottleneck
Since extracted visual features contain redundant informa-
tion that is irrelevant to the change caption, previous meth-
ods often fail to accurately encode visual changes between
two images. Inspired by the superiority of the Information
Bottleneck (IB) principle (Jiang, Liu, and Zheng 2023) in
encoding compact yet informative features, we propose a
novel approach termed difference-aware cross-modal learn-
ing to adapt pre-trained visual difference representations for
captioning, effectively locating the changing regions.

For vision encoding, we seek a robust visual difference
representation v that can be maximally predictive of the tar-
get caption w for the ICC task, while eliminating redundant
information from uni-image representations v′

1 and v′
2 to

prevent the model from focusing on irrelevant regions. For-
mally, this difference-aware learning (DAL) is formulated
by IB as an information trade-off, which aims to maximize
the Lagrangian objective to find the optimal representation:

Ldal = I(w;v)− σI(v′
1,v

′
2;v), (3)

where σ ≥ 0 is a scalar that controls the weight of infor-
mation compression, I(·; ·) denotes mutual information. The
first term in Eq. (3) enhances the correlations between target
w and visual difference representation v, while the second
term facilitates v in obtaining change-relevant information
from uni-image representation v′

1 and v′
2.

For I(w;v), we can rewrite it by leveraging the condi-
tional probability with BA lower bound (2004):

I(w;v) =

∫
p(w,v) log

p(w|v)
p(w)

dwdv

≥
∫

p(w,v) log q(w|v)dwdv −
∫

p(w) log p(w)dw

= −E(w|v) + E(w),
(4)

where E(·) denotes entropy and q(w|v) is an auxiliary dis-
tribution for p(w|v). The target entropy term E(w) can be
ignored because it is independent of the optimization pro-
cess, in which case maximizing the lower bound of I(w;v)
is equivalent to minimizing the cross-entropy E(w|v). And
we can utilize a symmetric retrieval loss between image-pair
and caption to equivalent bound maximization of I(w;v):

Î(w;v) =− 1

B

B∑
i=1

log
exp(v(i)⊤ ·w(i))∑B
j=1 exp(v

(i)⊤ ·w(j))

− 1

B

B∑
i=1

log
exp(w(i)⊤ · v(i))∑B
j=1 exp(w

(i)⊤ · v(j))
,

(5)

where B denotes the number of samples within a training
batch. Eq. (5) encourages our model to learn invariant and
discriminative features by treating paired v(i) and w(i) from
the same sample (i) as similar while pushing apart unpaired
samples. For I(v′

1,v
′
2;v) in Eq. (3), we consider its upper

bound and then derive a tighter lower bound for DAL fol-
lowing Theorem 1 (see Supplementary Material for details).

Theorem 1. (Lower Bound of DAL.) Given two uni-image
representations v′

1 and v′
2, the visual difference representa-

tion v obtained by deterministic process v = Ep([v′
1;v

′
2]).

The difference-aware learning can be bounded as:

Ldal ≥ I(w;v)− σ[I(v′
1;v) + I(v′

2;v) + DSKL], (6)

where DSKL denotes the symmetric Kullback-
Leibler divergence that is the average of divergences
DKL(p(v|v′

1)||p(v|v′
2)) and DKL(p(v|v′

2)||p(v|v′
1)).

Notably, for the mutual information I(v′
∗;v) in Theorem

1 where ∗ indicates uni-image index 1 or 2, we estimate them
in a sample-based differentiable manner (Cheng et al. 2020)
since the conditional distributions p(v(i)|v′(i)

∗ ) are tractable:

Î(v′
∗;v) =

1

B2

B∑
i=1

B∑
j=1

[log p(v(i)|v′(i)
∗ )−log p(v(j)|v′(i)

∗ )].

(7)
Eq. (7) facilitates the visual difference v more compact and
robust by optimizing the conditional distributions of v given
v′
∗. Overall, benefiting from the proposed difference-aware

cross-modal learning, we significantly suppress the redun-
dant information in visual difference representations and fa-
cilitate our input encoder to learn the inter-modality align-
ment between vision and language for the ICC task.

Contrastive Diffusion Model with Adversarial
Perturbations
Most DMs first map a discrete caption into a continuous text
embedding w and then corrode it by adding Gaussian noise
via Markov chains. Then DMs learn the correspondence be-
tween w and visual difference v by optimizing the varia-
tional lower bound loss via the denoising process:

Lvlb(w,v) =Eq(w1:T |w0)[log
q(wT |w0)

pθ(wT )
− log pθ(w|w0,v)

+

T∑
t=2

log
q(wt−1|w0,wt)

pθ(wt−1|wt,v)
+ log

q(w0|w)

pθ(w0|w1,v)
],

(8)
where q(·) and pθ(·) denote the forward distribution and

approximation of posterior distribution, respectively.
On this basis, we seek to further enhance the correla-

tion between v and generated text w by introducing con-
trastive learning into our diffusion model inspired by (Zhu
et al. 2023; Zhong et al. 2023b). Specifically, the train-
ing process involves both positive sample w̃ and negative
samples w, which considers a novel optimization objective,
i.e., maximizing the logarithmic joint conditional likelihood
log p(w, w̃|v) while minimizing log p(w|v):

maximize log p(w, w̃|v)− λ log p(w|v), (9)

where λ is a balanced weight. However, it is difficult to
directly optimize this objective, thus we instead seek a
tractable lower bound for it by calculating the evidence
lower bound (ELBO) of log p(w, w̃|v) and evidence upper
bound (EUBO) of p(w|v):

log p(w, w̃|v)− λ log p(w|v)
≥ ELBO(log p(w, w̃|v))− λ EUBO(log p(w|v))︸ ︷︷ ︸

a tractable lower bound of objective

. (10)
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The effectiveness of ELBO and EUBO lies in their ability to
find a tractable lower bound for optimizing the objective. By
exposing the diffusion model to contrastive samples, the cor-
respondences between captions and visual differences are
effectively explored. We provide proof that their mutual in-
formation lower bound is increased from the perspective of
information theory, which can improve the accuracy of cor-
respondences (see Supplementary Material for details).

However, selecting “hard” contrastive samples is non-
trivial. First, there is a lack of general yet effective augmen-
tation strategies in the ICC task to produce positive samples
that are semantically consistent with the target text. More-
over, negative samples randomly sampled within the same
batch may be far away from the target text in representation
space, which leads to suboptimal training. To tackle these is-
sues, we add adversarial perturbations (Lee, Lee, and Hwang
2020) to w, dynamically generating “hard” contrastive sam-
ples w̃ and w to achieve the objective in Eq. (10).

ELBO with Hard Positive Sample Concretely, the loga-
rithmic joint conditional likelihood log p(w, w̃|v) is model
by considering diffusion variables wt/w̃t at each timestep t
(see Supplementary Material for detailed proof):

log p(w, w̃|v) = log

∫
w̃t

∫
wt

p(w0,wt, w̃0, w̃t|v)dwtdw̃t

⩾Lvlb(w,v) + Lvlb(w̃,v)− Et[I(w; w̃)].
(11)

The “hard” positive sample w̃ is produced by adding a per-
turbation δ to w, which is expected to be semantically con-
sistent with w while being far away from w in the em-
bedding space. Unfortunately, it is intractable to directly
compute δ, thus we approximate it in two steps. First, we
find the gradient direction −g1 away from w by calculating
InfoNCE-form contrastive loss (He et al. 2020), and then ob-
tain an intermediate variable ẅ distant from w using gradi-
ent sign approach (Goodfellow, Shlens, and Szegedy 2014):

Linfo = log
exp(w⊤ · w̃na/τ)∑

wna∈G exp(w⊤ ·wna/τ)
, (12)

ẅ = w − η
g1

||g1||2
, where g1 = ∇wLinfo, (13)

where τ is a temperature coefficient. w̃na and wna are naive
contrastive samples, where the former is calculated by pass-
ing w through the Gaussian noise-augmented embedding
layer (Gong et al. 2023a), the latter is randomly selected.
Afterward, the KL-divergence between p(w|v) and p(ẅ|v)
is minimized to maintain the semantics of w̃:

LKL = DKL(p(w|v)||p(ẅ|v)), (14)

w̃ = ẅ − η
g2

||g2||2
, where g2 = ∇ẅLKL. (15)

Since g1 and g2 point in the directions of the steepest ascent
for Eq. (12) and (14), respectively, adding adversarial pertur-
bations in the opposite directions can generate “hard” posi-
tive samples that are semantically consistent but have distant
representations. This allows our model to more effectively
capture the essential characteristics of similar samples.

EUBO with Hard Negative Sample The logarithmic
conditional likelihood log p(w|v) is minimized based on
EUBO theorem (see Supplementary Material) to provide a
tighter bound for variational evidence (Dieng et al. 2017):

log p(w|v) ≤ 1

2
logEq(wt)[(

p(w0,wt)

q(wt|v)
)
2

] ≜ eLvlb(w0,v).

(16)
Contrary to w̃, the “hard” negative sample w produced by
adding a tiny perturbation ξ whose norm is limited within γ
has representations close to w. At the same time, its seman-
tics are expected to be different from w, i.e., its conditional
likelihood about v remains low:

w = w + ξ, s.t. ξ = argmin
ξ,||ξ||2≤γ

log p(w + ξ|v). (17)

Notably, solving ξ exactly is intractable likewise. We find
the gradient direction −g3 that changes the semantics of
w by calculating conditional likelihood log p(w|v) and ap-
proximately implement Eq. (17), denoted as:

w = w − γ
g3

||g3||2
, where g3 = ∇w log p(w|v). (18)

This approach facilitates our model to learn the discrimina-
tive information within different samples, aligning change
descriptions and visual differences.

Training Scheme
The optimization of our DECIDER includes two parts:
Difference-aware Cross-modal Learning and Contrastive
Diffusion Model training. We first maximize the objective
Ldal in Eq. (6) to adapt the visual difference representa-
tion for change captioning. Next, the final objectives of con-
trastive diffusion model can be expressed as:

minimizeLvlb(w,v)+Lvlb(w̃,v)−Et[I(w; w̃)]−λeLvlb(w,v),
(19)

here we adopt the contrastive loss with adversarial samples
at timestep t to approximate the mutual information term
(see Eq. (12), where w̃ and w replace w̃na and wna, re-
spectively). The whole training algorithms can be found in
Algorithm 1 and 2 of the Supplementary Material.

Experiments
Experimental Setup
We conduct experiments on the following datasets: CLEVR-
Change (Park, Darrell, and Rohrbach 2019), Image-Editing-
Request (Tan et al. 2019), Spot-the-Change (Jhamtani and
Berg-Kirkpatrick 2018), and Birds-to-Words (Forbes et al.
2019). To evaluate the performance, we employ four metrics
including: BLEU-4 (B) (Papineni et al. 2002), METEOR
(M) (Banerjee and Lavie 2005), CIDEr-D (C) (Vedan-
tam, Lawrence Zitnick, and Parikh 2015), and ROUGE-L
(R) (Lin 2004). The detailed implementation settings are
provided in the Supplementary Material.

Comparison with State-of-the-art Methods
Results on CLEVR-Change In addition to several ICC
methods, we also introduce advanced large vision language
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Model Input CLEVR-Change Image-Editing-Request Spot-the-Change Birds-to-Words
B M C R B M C R B M C R B M C R

VARDTrans (TIP23) ResNet 55.4 40.1 126.4 73.8 9.9 14.8 35.7 39.0 - 12.5 30.3 29.3 25.2 19.4 14.8 45.3
SCORER (ICCV23) ResNet 56.3 41.2 126.8 74.5 10.0 15.0 33.4 39.6 10.2 12.2 38.9 - 27.6 24.6 19.2 48.7

DIRL (ECCV24) ResNet 54.6 38.1 123.6 71.9 10.9 15.0 34.1 41.0 10.3 13.8 40.9 32.8 - - - -
SMART (TPAMI24) ResNet 56.1 40.8 127.0 74.2 10.4 15.1 34.6 40.3 - 13.5 39.4 31.6 24.7 22.3 17.6 46.3

Qwen-VL Qwen-7B 48.9 36.0 119.8 71.2 8.3 12.4 30.8 36.6 9.3 10.3 34.6 29.5 26.4 22.2 20.4 45.6
LLaVA-1.5 (NeurIPS23) Vicuna-7B 49.7 35.4 122.4 70.8 8.7 12.9 31.3 36.9 9.5 11.0 34.2 28.8 27.3 22.6 21.4 46.3

DECIDER (Ours) ResNet 56.4 39.7 131.3 75.3 10.6 15.8 38.0 40.8 10.7 14.2 39.9 41.6 29.6 26.4 25.7 49.8
DECIDER (Ours) CLIP 57.2 40.4 134.6 76.5 11.3 16.7 39.5 42.4 11.5 15.4 40.3 43.2 30.8 27.6 28.4 51.5

Table 1: Performance comparison results across four datasets.

Model C T M A D
NCT (TMM23) 140.2 128.8 86.0 128.4 129.0

VARDTrans (TIP23) 140.6 128.5 82.5 125.2 127.4
SCORER (ICCV23) 146.2 133.7 92.2 131.1 133.9
SMART (TPAMI24) 146.0 135.6 90.1 129.2 136.8

Ours 157.4 131.2 106.2 133.6 137.0

Table 2: Performance comparison on different change types
of CLEVR-Change including C (Color), T (Texture), M
(Move), A (Add), and D (Drop) by CIDEr.

models Qwen-VL (Bai et al. 2023) and LLaVA-1.5 (Liu
et al. 2024) for comprehensive comparison and use “De-
scribe their differences in one sentence” as their prompts.
Table 1 demonstrates the performance comparison results on
the CLEVR-Change dataset. Benefiting from the diffusion
model with difference-aware cross-modal learning and ad-
versarial contrastive samples, DECIDER achieves promis-
ing performance with a significant improvement, boosting
the CIDEr from 128.9 to 134.6 and the ROUGE-L from
74.5 to 76.5. Although the parameter scales of Qwen-VL
and LLaVa-1.5 are much larger than that of ICC methods,
their performance is significantly worse due to their weak
capability in capturing tiny visual differences. Table 2 fur-
ther demonstrates the results of different change types. DE-
CIDER achieves the top CIDEr scores on C, M, A, and D
with salient changes between images, and the second top
scores on T with subtle changes. We analyze our approach
has a certain superiority on samples with salient changes
since the diffusion imposes global corrosion on a sentence
instead of local word masking by the previous approaches,
which is more beneficial for building a stronger correlation
between change caption and salient differences.

Results on Birds-to-Words Table 1 demonstrates the
evaluation results on the Birds-to-Words dataset. Due to the
complex natural background and subtle differences in bird
appearances, the performance deteriorates as compared to
that on the CLEVR-Change. Our DECIDER achieves a sig-
nificant improvement even compared to IDC-PCL with extra
data, which indicates that our model can also be extended to
natural scenes, effectively modeling the complex correspon-
dence between visual differences and captions.

Results on Image-Editing-Request Deploying to the
highly diverse Image-Editing-Request dataset, all the ap-

proaches also show a decrease in performance, as illustrated
in Table 1. Nevertheless, DECIDER significantly outper-
forms previous SOTA approaches, which indicates that DE-
CIDER can also be applied to datasets with high diversity.

Results on Spot-the-Change Extended to the Spot-the-
Change dataset collected by surveillance cameras, our DE-
CIDER similarly exceeds SOTA performance, where the
main metric CIDEr is improved from 38.9 to 40.3, as il-
lustrated in Table 1. The results demonstrate that DECIDER
can be deployed in real-life monitoring scenarios.

Qualitative Results
We visualize several generated cases in Fig. 3. Cases (a)
and (b) demonstrate that previous methods have incorrect
perceptions of object orientation. When extended to natural
scenes or photos with viewpoint changes, they are difficult
to generate accurate descriptions that are consistent with the
given image-pair, as illustrated in cases (c) and (e). Further-
more, case (d) shows that they fail to capture tiny changes
in the surveillance perspective. In contrast, DECIDER can
better perceive the tiny and position changes of objects.

Ablation Study and Analysis
We explore the effectiveness of the difference-aware cross-
modal learning (DCL.), the “hard” positive (Pos.) and nega-
tive samples (Neg.), where we remove them as our baseline.

Effectiveness of Difference-aware Cross-modal Learning
As shown in Table 3, the introduction of DCL. increases
CIDEr/ROUGE-L by 1.9/0.5 and 0.7/0.7 than the base-
line model on CLEVR-Change and Image-Editing-Request
datasets, respectively. This is because the DCL. eliminates
the redundant information during image-pair encoding, gen-
erating a compact yet effective visual difference representa-
tion for caption generation. Moreover, we visualize the dif-
ference representations without/with DCL. in Fig. 4, which
illustrates that redundancy and irrelevant attention exist in
the primary visual features and that DCL. can help our model
more accurately locate the change regions of interest.

Effectiveness of Contrastive Diffusion Model Compared
with the baseline model, we explicitly introduce “hard” pos-
itive and negative samples, bringing 1.8 and 0.8 CIDEr im-
provements on the two datasets, respectively. This superior
performance gain proves that “hard” contrastive samples can
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SCORER: the tiny blue metal cylinder that is behind the tiny blue object changed its location
VARD-Trans:  the tiny blue metal cylinder that is behind the tiny blue object changed 
GT: the tiny purple shiny ball on the right side of the small cylinder moved
Ours: the small purple shiny sphere in front of the big green cylinder changed its location

SCORER: the small blue metal cylinder that is behind the small blue metal object is in a different location
VARD-Trans:  the metal cylinder that is behind the small blue metal object is in a different location
GT: there is no difference
Ours: no change has occurred

SCORER: remove balloons from background
VARD-Trans:  remove this whole image lighter and make picture
GT: crop the balloons and the table
Ours: crop the balloons and the table

SCORER: a man has appeared
VARD-Trans:  i see no differences difference in the images
GT: a man in the white t shirt has appeared 
Ours: a man in the white shirt has appeared

PCL: animal1 has a white breast, brown wings and a brown head. animal2 has a black and white head with a 
black and yellow breast and wings.
GT: animal1 has a white beak, grey/white breast and wings and a black patch around its eyes animal2 has a white 
breast with yellow and brown wings and a yellow and brown beak.
Ours: animal1 has grey wings and a white breast and a yellow beak. animal2 has yellow wings and white 
patch around its eyes. animal2 has a white beak and yellow beak. 

(a)

(b)

(c)

(d)

(e)

Figure 3: Visualization of generated captions. The first two rows illustrate two cases (object movement in (a) and no change
in (b)) from CLEVR-Change. Case (c) from Image-Editing-Request describes the removal of entity under view-point change.
Case (d) from Spot-to-Change presents a tiny difference in real scene. Case (e) from Birds-to-Words involves differences in
bird appearance under complex backgrounds. The highlights in red/blue fonts indicate the correct/incorrect captions.

Dataset Different Setting Metrics
DCL. Pos. Neg. C R

CLEVR-Change

- - - 131.8 75.5
✓ - - 133.7 76.0
- ✓ - 132.5 75.6
- - ✓ 132.8 75.9
- ✓ ✓ 133.6 76.2
✓ ✓ ✓ 134.6 76.5

Image-Editing-Request

- - - 38.3 41.1
✓ - - 39.0 41.8
- ✓ - 38.6 41.4
- - ✓ 38.7 41.6
- ✓ ✓ 39.1 42.0
✓ ✓ ✓ 39.5 42.4

Table 3: Evaluation results of ablation studies on CLEVR-
Change and Image-Editing-Request datasets.

facilitate our model to accurately understand and learn the
cross-modal correspondence.

Dataset λ 0 0.005 0.01 0.05 0.1

CLEVR-Change C 134.1 134.4 134.6 134.2 133.7
M 76.3 76.3 76.5 76.4 76.1

Table 4: Evaluation results of contrastive variational loss
with different weights λ on CLEVR-Change.

Analysis of Contrastive Variational Loss We set differ-
ent λ in Eq. (19) to observe the performance change as
shown in Table 4. When λ is 0, i.e., ignoring the optimiza-

“the yellow small metallic ball

that is left of the red rubber

cylinder changed position.”

Image2

Image1

w/o DCL. w/ DCL. w/o DCL. w/ DCL.

“the tiny green matte 

sphere on the right 

became metal.”

Figure 4: Visualization of visual difference representations
with/without difference-aware cross-modal learning.

tion by negative samples, the performance is the worst. As λ
increases from 0 to 0.01, the performance is improved since
“hard” negative samples can provide discriminative infor-
mation for our model to explore the correlation between vi-
sual changes and descriptions. However, the further increase
of λ would lead to a performance drop because a too-large
value overshadows the utility of positive samples.

Conclusion

In this work, we propose a novel Difference-aware
Contrastive Diffusion Model with Adversarial Perturbations
(DECIDER) for image change captioning. Extensive experi-
ments confirm the effectiveness of the proposed DECIDER.
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