
Background
As shown in Fig. 1 (a), existing change detection and captioning methods typically
follow such a paradigm: (1) A pair of bi-temporal images are treated as distinct
inputs, processing each image individually through a shared-weight image encoder
for spatial feature extraction. (2) Then, a well-designed change extractor, primarily
leveraging attention mechanisms, is introduced for bi-temporal feature interaction
to detect the differences between them. (3) Finally, a decoder is employed to
restore the feature map to its original resolution.

Challenges
Ø Inefficient Feature Encoding: Task-agnostic image encoding fails to effectively

focus on changes, leading to imbalanced parameter distribution with the
majority dedicated to image encoding rather than change extraction (shown in
Fig. 2).

Ø Absence of Unified Framework: Diverse change extractors tailored for various
detection and captioning tasks complicate the creation of a unified framework.

Key Contributions
Motivated by video modeling techniques that effectively capture relationships
between images, we redefine bi-temporal change detection and captioning tasks
from a video modeling perspective (see in Fig. 1 (b)). We introduce Change3D with
the following key contributions:
Ø 3D Video Modeling Paradigm: Enable unified bi-temporal feature learning with

joint spatial-temporal modeling, surpassing traditional 2D methods.
Ø Efficient Dynamic Perception: Utilize learnable perception frames for effective

change extraction through direct feature interaction.
Ø State-of-the-Art Performance: Achieve superior results on eight benchmarks

across four tasks while using only 6%–13% of the parameters compared to
current leading algorithms.
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Figure 1. Previous paradigm vs. our paradigm.

Introduction Method

Figure 3. Unified framework for multiple change detection and captioning tasks.

Experiments

Feature Visualization

To evaluate the multi-task adaptability of the Change3D framework, we apply it 
to remote sensing change detection and captioning tasks. As shown in Fig. 3, the 
core workflow includes:

Ø Caption Decoder: We employ a transformer-based decoder to describe the
changes, including masked self-attention and cross-attention blocks.

Ø Loss Function: We employ joint loss functions to optimize the four tasks.

Results on Binary Change Detection Task

Results on Semantic Change Detection Task

Results on Building Damage Assessment Task

Results on Change Captioning Task

Figure 2. Parameter distribution of different methods.

𝐹! and 𝐹" denote the bi-temporal features, 𝐹# represents the extracted changes.

Perception Feature Extraction

Ø Perception Frame Initialization: Dynamically generate learnable perception
frames 𝐼$ based on the number of task head N.

𝐼$ = nn.Parameter(torch.randn(N, C, H, W)), using PyTorch code for expression

Ø Spatiotemporal Input Construction: Stack bi-temporal images and perception
frames along the temporal dimension to form a 3D video-like sequence.

Ø Perception Feature Learning: A video encoder facilitates the interaction
between the perception frames and bi-temporal images to produce perception
features.

Deocder and Optimization

Ø Change Decoder: To more convincingly highlight the learning prowess of
Change3D, we choose to implement a simpler decoder, consisting of cascade
convolutional layer followed by an upsampling operation.

Perception feature for change detection:

Perception feature for change captioning:


