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1. Overview
The document supplements the main text with:
• Derivation of noise-asynchronous ChangeBridge in

Sec. 2;
• Description of the LEVIR-CC dataset with coordinate an-

notations in Sec. 3;
• Additional ablation studies in Sec. 4;
• Performance on downstream change detection tasks in

Sec. 5;
• Further qualitative results and visualizations in Sec. 6;
• Failure cases and limitations in Sec. 7.

2. Noise-Asynchronous ChangeBridge
Due to the strict theoretical definitions, the noise and drift
in the diffusion bridge are intrinsically related. In this sec-
tion, we present a theoretically rigorous version of the drift-
asynchronous diffusion bridge, which uses asynchronous
noise for both the foreground and background, along with
asynchronous drift.
Asynchronous drift and noise. Given the drift map la-
tent zd that controls pixel-level drift during the diffusion
process, we extend zd as a diffusion map latent controlling
both pixel-level drift and noise. This is achieved through the
redefined drift coefficient, where m̃t(i, j) = mt · zd(i, j),
with mt = t

T . The corresponding pixel-wise noise coeffi-
cient is then defined as:

δ̃t(i, j) = 2(m̃t − m̃2
t )

= 2
(
mt · zd(i, j)− (mt · zd(i, j))2

)
.

Then, we obtain the definition of asynchronous drift term
m̃t(i, j) and asynchronous noise term δ̃t(i, j):

m̃t(i, j) =
t

T
· zd(i, j),

δ̃t(i, j) = 2

(
t

T
· zd(i, j)−

(
t

T
· zd(i, j)

)2
)
.

(1)

Forward process. Now, the forward transition of the
strictly defined asynchronous diffusion bridge can be ex-
pressed as:

q(zt | zb,za) = N
(
zt; (1− m̃t(i, j))zb + m̃t(i, j)za, δ̃tI

)
.

(2)

Reverse process. The reverse process is the same as the
drift-asynchronous version; we incorporate the pixel-level
diffusion magnitude latent zd to adaptively reconstruct the
heterogeneous dynamics of the foreground and background.
The current reverse transition is as follows:

pθ(zt−1|zt,za,zc) = N
(
zt−1; µ̂θ(zt, t, za,zc,zd), σ̂

2
θ(t)I

)
,

(3)
Training objective. The objective modifies both the drift
term and the noise term as follows:

Lasy = Eza,zb,zc,ϵ

[∥∥m̃t(za−zb)+

√
δ̃tϵ−ϵθ(zt, t, za,zc,zd)

∥∥2]
(4)

Here, spatially adaptive drift and noise coefficient are intro-
duced.

In practice, due to a) our task not requiring different ran-
dom magnitudes for the foreground and background, and
b) the asynchronous noise schedule δ̃t making training con-
vergence difficult, we adopt the drift-asynchronous version
described in the main text.

3. LEVIR-CC Dataset with Coordinates
The original LEVIR-CC dataset consists of 10,077 pairs of
bitemporal remote sensing images, each sized 256 × 256
pixels, accompanied by 50,385 sentences describing the dif-
ferences between image pairs. The images capture vari-
ous urban changes over time, providing a rich resource for
change detection and captioning tasks.

To fit our setting of coordinate text as the condition, we
add object counting and precise object-level coordinates to
the sentences in the JSON file, leveraging the information
from LEVIR-MCI [5]. The modifications are illustrated in
Figure 1. These coordinates are highly accurate, and can
be used to convert them into bounding boxes for composed
bridge initialization.

4. Additional Ablation Studies
Different drift magnitudes. In this section, we perform
an ablation study on the background drift magnitude γbg
across three multimodal controls, with γfg = 1.0 set as the
reference unit. As shown in Table 1, we observe significant
performance gains when reducing γbg from 1.0 to the op-
timal value for each dataset. Specifically, for the semantic
mask dataset (SECOND), the best performance is observed
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Table 1. Performance of different background drift magnitude γbg . FID and IoU (%) are reported on WHU-CD, S2Looking, SECOND,
and LEVIR-CC.

γbg
WHU-CD S2Looking SECOND LEVIR-CC

FID ↓ IoU↑ FID ↓ IoU↑ FID ↓ mIoU↑ FID ↓ CosSim↑
1.0 56.24 71.87 80.38 73.21 70.45 59.04 46.73 0.69
0.9 48.52 73.04 76.64 75.30 68.25 64.77 42.84 0.73
0.8 45.47 75.30 72.56 78.45 65.31 69.98 38.36 0.82
0.7 47.84 74.48 74.29 77.68 62.24 73.47 41.79 0.77
0.6 49.69 73.56 75.81 76.92 66.17 70.55 40.56 0.70

Figure 1. LEVIR-CC dataset with coordinates. we add object
counting and precise object-level coordinates to the sentences.

Table 2. Performance of our ChangeBridge with different
backbones. FID, IS, and IoU (%) are reported on WHU.

Backbone FID ↓ IS ↑ IoU↑
SD1.5 76.81 4.85 65.29

UNet-based ChangeBridge 45.47 5.88 75.30
DiT 50.73 6.04 72.58

DiT-based ChangeBridge 40.12 6.77 78.13

at γbg = 0.7, resulting in a reduction in FID by 10.61 and an
improvement in mIoU by 10.94%. For the instance layout
datasets (WHU-CD and S2Looking), γbg = 0.8 achieves
the best performance, reducing FID by 10.77 and 7.82, and
improving IoU by 3.43% and 5.24%, respectively. For the
coordinate text dataset (LEVIR-CC), the best result is at
γbg = 0.8, with FID reduced by 8.37 and CosSim increased
by 0.13, showing the most consistent performance improve-
ment across all datasets.

Background consistency analysis. In this section, we eval-
uate whether the unchanged background regions are consis-
tently preserved during cross-temporal generation. To this
end, we report the Structural Similarity Index (SSIM) be-
tween generated and ground-truth post-event images specif-
ically on background regions. As shown in Table 3,
our method consistently achieves higher background SSIM
across three representative multimodal settings, including
instance layout (WHU-CD), semantic mask (SECOND),
and coordinate text (LEVIR-CC). These results indicate
better preservation of non-changing areas compared to ex-
isting methods.

Table 3. Background SSIM comparison under three conditions.

Dataset Method SSIM

Instance Layout
UNITE 0.824

ControlNet* 0.510
Ours 0.879

Semantic Mask
UNITE 0.786

ControlNet* 0.802
Ours 0.825

Coordinate Text
DreamBooth 0.862

Instruct* 0.879
Ours 0.907

Variants of ChangeBridge. We present our ChangeBridge
implemented with different backbones, including the UNet
and DiT variants, as shown in Table 2. For the SD1.5 base-
line and DiT baseline, we incorporate pre-event and event
controls into the denoising process, ensuring that the input
and output remain consistent with our method. As shown in
the table, compared to the baseline methods, we achieve sig-
nificant improvements in performance, with our UNet vari-
ant reducing FID from 76.81 to 45.47, IS increasing from
4.85 to 5.88, and IoU rising from 65.29 to 75.30. Similarly,
our DiT variant achieves a reduction in FID from 76.81 to
40.12, an increase in IS from 4.85 to 6.77, and an improve-
ment in IoU from 65.29% to 78.13%. These results indi-



Table 4. Evaluation of different fusion mechanisms of drift-
aware denoising. FID, IS, and IoU (%) scores are reported.

Conditional Fusion FID ↓ IS ↑ IoU↑

SD1.5
Concat 50.95 5.63 73.26
Cross-Attn 45.47 5.88 75.30

DiT
Concat 50.73 6.04 72.58
FiLM 40.12 6.77 78.13

rectly validate the effectiveness of directly building cross-
spatiotemporal diffusion for spatiotemporal image genera-
tion.
Fusion mechanisms of drift-aware denoising. We per-
form ablation for the fusion mechanism of the drift mag-
nitude map zd into the denoising network. As shown
in Table 4, we evaluate the effectiveness of different fu-
sion mechanisms, including concatenation (Concat), cross-
attention (Cross-Attn), and FiLM modulation.

For the SD1.5 baseline, we observe that the cross-
attention fusion mechanism achieves significant improve-
ments, with FID decreasing by 5.48, IS increasing by 0.25,
and IoU improving by 2.04%. For the DiT backbone, FiLM
modulation outperforms the other methods, reducing FID
by 10.61, increasing IS by 0.73, and improving IoU by
5.55%. These results help us select the most effective fu-
sion mechanisms for drift-aware denoising.

5. More Results on Downstream Change De-
tection

In this section, we further evaluate the effectiveness of
ChangeBridge as a data engine for downstream change de-
tection tasks. Specifically, we focus on the most com-
mon binary change detection task. For baselines, we
use the OpenCD toolkit [4] with four baselines: BiT [3],
STANet [2], ChangeFormer [1], and ChangeStar [6]. Eval-
uation metrics include F1 score and IoU.

Table 5 shows the improvements of our methods across
all baselines. Our ChangeBridge consistently enhances
change detection performance across different models and
datasets. On the WHU-CD dataset, as an augmenta-
tion technology, ChangeBridge improves the F1-score of
STANet, BiT, ChangeStar, and ChangeFormer by +1.52%,
+2.29%, +2.88%, and +2.38%, respectively, while the IoU
gains range from +2.12% to +3.11%. Similarly, on the
S2Looking dataset, ChangeBridge leads to F1-score in-
creases of up to +2.27% and IoU improvements of up to
+1.70%. Notably, ChangeFormer achieves the highest per-
formance boost among all baselines, highlighting the adapt-
ability of our augmentation to transformer-based architec-
tures. These results confirm that ChangeBridge provides a
strong data augmentation strategy, significantly benefiting

change detection models by improving their ability to cap-
ture and recognize meaningful scene transformations.

Table 5. Improvement of the data augmentation of our
ChangeBridge for downstream change detection models. F1
score (%) and IoU (%) are reported.

Method
WHU-CD S2Looking

F1 ↑ IoU ↑ F1 ↑ IoU ↑
STANet 69.37 53.11 57.22 40.81
+Ours 70.89+1.52 55.42+2.31 58.14+0.92 42.30+1.49

BiT 83.98 72.39 62.74 46.94
+Ours 86.27+2.29 74.65+2.26 64.05+1.31 48.11+1.17

ChangeStar 84.16 74.02 66.30 49.75
+Ours 87.04+2.88 77.13+3.11 68.57+2.27 51.36+1.61

ChangeFormer 85.05 74.92 65.76 48.99
+Ours 87.43+2.38 77.04+2.12 68.01+2.25 50.69+1.70

5.0.1. Comparison with Change Synthesis Methods.
We evaluate ChangeBridge against existing change synthe-
sis methods under two training settings: adaptation learn-
ing and zero-shot learning. In both cases, the models are
evaluated on real test data, but the use of synthetic and real
data in training differs. In adaptation learning, models are
pre-trained on synthetic data and fine-tuned on real-world
data, evaluating how the synthetic-to-real transfer enhances
change detection. Zero-shot learning, on the other hand,
uses only synthetic data for training, with models tested di-
rectly on real data without fine-tuning.
Adaptation performance. Table 6 shows the adaptation
performance on the S2Looking dataset. Models are pre-
trained on synthetic data and fine-tuned on real-world im-
ages. Results show that ChangeBridge outperforms all
methods, especially those not using pre-event images.

Methods incorporating pre-event images outperform
those without, as background variation due to factors like
lighting, seasonal shifts, and human activity presents a ma-
jor challenge in change detection. Using pre-event images
allows models to handle these variations better, leading to
more accurate change detection.

Among these methods, ChangeBridge achieves the
best adaptation performance, improving the F1-score
by +2.74 over the baseline and outperforming UNITE
and ControlNet-IPA. This highlights the effectiveness of
ChangeBridge’s spatiotemporal diffusion approach in align-
ing spatial structures and ensuring semantically consistent
change synthesis.
Zero-shot performance. We also evaluate zero-shot per-
formance on the WHU-CD dataset, as shown in Table 7.
In zero-shot learning, models are trained only on synthetic
data and tested on real data. Despite this, ChangeBridge
performs the best, surpassing all other methods.



When pre-event images are used, all methods improve,
with ChangeBridge achieving an F1-score of 79.25, a +0.33
increase over ControlNet-IPA and +1.11 over UNITE. This
improvement demonstrates the effectiveness of Change-
Bridge’s spatiotemporal diffusion approach in generating
accurate changes, enhancing generalization in real-world
scenarios.

These results emphasize the importance of pre-event-
aware synthesis in both adaptation and zero-shot learn-
ing. ChangeBridge not only outperforms existing pre-event-
based methods but also sets a new benchmark for zero-shot
change detection performance. Its ability to align synthe-
sized changes with spatiotemporal structures ensures reli-
able predictions even when models are trained solely on
synthetic data.

Table 6. Comparison of adaptation performance for change
detection with change synthesizing methods, with ChangeStar as
the baseline on the S2Looking dataset. F1 score (%) is reported.

Method Adaptation
Baseline 66.30

w/o Pre-Event
Input

+Copy-Paste 66.70
+Inpainting 66.30
+Changen 67.10
+Changen2 67.30

w/ Pre-Event
Input

+UNITE 67.89
+ControlNet-IPA 68.02
+Ours 69.04

Table 7. Comparison of zero-shot performance for change de-
tection with change synthesizing methods, with ChangeStar as the
baseline on the WHU-CD dataset. F1 score (%) is reported.

Method Zero-Shot

w/o Pre-Event
Input

+Copy-Paste 3.80
+Inpainting 21.80
+Changen 26.60
+Changen2 76.30

w/ Pre-Event
Input

+UNITE 78.14
+ControlNet-IPA 78.92
+Ours 79.25

6. Further Qualitative Results
Example diversity. In this section, we present the diver-
sity of generated examples, with sampling performed under
the same conditions and pre-event images. As shown in
Fig. 2, the generated samples vary significantly across ex-
amples while maintaining consistency with the correspond-
ing controls and pre-event scenarios.

Figure 2. Example Diversity of our ChangeBridge, where sam-
pling is performed under the same conditions and pre-event im-
ages.

Figure 3. Varying conditions on the same given scenes, where
sampling is performed on the same pre-event image with differ-
ent conditional contexts. This shows the interactive capability of
ChangeBridge for land planning.

Varying conditions on the same scenes. To demonstrate
the interactive capability of ChangeBridge for land planning
scenarios, we enable users to provide different control con-
texts for the same scene. As shown in Figure 3, we apply
varying coordinate texts on the same pre-event image, al-
lowing users to adjust the conditional context. This results
in diverse post-event scenarios while maintaining the spatial
and temporal consistency, highlighting the flexibility and
interactivity of ChangeBridge in supporting dynamic land
planning tasks.
Visualization of pure cross-temporal generation. In this
section, we present pure cross-temporal generation samples
without additional event controls on the WHU-CD dataset.
This is achieved by sampling from a zeroed control latent.
As shown in Figure 4, this demonstrates the model’s capa-
bility in spatiotemporal generation modeling.
More comparison and synthesized examples. We present
additional comparisons with multi-condition methods and



Figure 4. Visualization of pure cross-temporal generation with-
out additional controls. This demonstrates the model’s capability
in spatiotemporal modeling.

change generation methods, including instance-layout gen-
eration in Figure 6, semantic-mask generation in Figure 7,
and coordinate-text generation in Figure 8.

7. Failure Cases and Limitations
Failure cases. In this section, we analyze challenging sce-
narios where the proposed method may fail. As shown in
Fig. 5, road regions remain a typical failure case. Due to
their thin and elongated structures, these regions are highly
sensitive to minor appearance variations, which may lead
to broken connectivity or distorted artifacts in the generated
results.

Figure 5. Examples of failure cases, where thin structures such as
roads are difficult to preserve.

These observations indicate that preserving structural
continuity and reducing domain discrepancy remain key
challenges. Future work may incorporate topology-aware
constraints and artifact-aware strategies to mitigate the
synthetic–real domain gap.



Figure 6. Comparison of instance-layout generation results.



Figure 7. Comparison of semantic-mask generation results.



Figure 8. Comparison of coordinate-text generation results.
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