


• COCO-Stuff [2] consists of bounding box annotations
covering 80 object classes and 91 stuff classes. Follow-
ing [4, 11, 12], objects occupying less than 2% of the
total image area are ignored, and only images with 3
to 8 objects are used, resulting in a dataset of 74,777
training images and 3,097 validation images.

During training, only �ltered instances are used for
generation models. However, for detection models,
these instances must be re-�ltered by selecting instances
from 80 object classes. This is because most detec-
tors are trained on the COCO 2017 [13] training set
which does not include 91 stuff classes in COCO-Stuff.
Therefore, with respect to all losses using detectors, in-
stances within the 91 stuff classes are excluded from the
loss computation. Furthermore, when computing Lpred,
small objects are not ignored to avoid introducing noise.

During evaluation, images are generated given �ltered
layouts. Following [4, 12], FID is achieved by com-
puting the similarity between the generated images and
COCO 2017 validation images. YOLO score is ob-
tained by comparing the detected bounding boxes in the
generated images with the original COCO 2017 vali-
dation annotations for a fair comparison with previous
works. Detection accuracy is measured by inferencing
the COCO 2017 validation images using detectors and
comparing the results with COCO 2017 validation an-
notations.

• NuImages [3] offers bounding box annotations across
10 categories and 6 camera views. We exclude im-
ages with more than 22 objects following [4], yielding
60,209 images for training and 14,772 images for vali-
dation.

C. Training and Testing Details

C.1. Training

We �ne-tune the pre-trained generators i.e., GeoDiffu-
sion [4] and ControlNet [19], and a object detector, i.e.,
Faster R-CNN [17] for a few more epochs. For GeoD-
iffusion, experiments on both COCO-Stuff [2] and NuIm-
ages [3] are performed.

When �ne-tuning GeoDiffusion, only the U-Net de-
noiser parameters are updated, while all other parameters
remain �xed. The text prompt is replaced with a null text
with a probability of 0.1 to allow unconditional generation
following [4]. We adopt AdamW [10] with a momentum of
0.9 and a weight decay of 0.01. The learning rate is set to
3�10 �5 , and adjusted using a cosine schedule [16] with a
3,000-iteration warm-up. The batch size is 56. GeoDiffu-
sion is �ne-tuned for 2 epochs on COCO-Stuff and 3 epochs
on NuImages, which is remarkably ef�cient. For Control-
Net, as the of�cial implementation does not support bound-
ing boxes as conditional inputs, we �rst convert bounding

boxes into masks for conditional input and train on COCO-
Stuff . Then, we �netune the pretrained ControlNet us-
ing GDCC for 2 epochs by updating only the ControlNet-
speci�c parameters and keep all others frozen.

C.2. Testing

Our GDCC framework preserves the original architectures
of both L2I and OD models, as well as the layout encoding
approach of L2I models, ensuring that the inference speed
of each model remains unchanged. During image sam-
pling, PLMS scheduler [15] is used to sample images from
the NuImages dataset layouts for 100 steps with classi�er-
free guidance (CFG) scale of 5.0, and from the COCO-
Stuff [2] dataset layouts for 50 steps with a CFG scale of
4.5. Following GeoDiffusion [4], for NuImages dataset [3],
�delity is assessed using a Mask R-CNN [8] object detec-
tor pre-trained on the NuImages training set to achieve a
comparable YOLO score in LAMA [12]. For COCO-Stuff,
YOLOv4 [1] per-trained on COCO 2017 training set is used
to derive YOLO score following [4].

The pre-trained detector �rst performs inference on the
generated images, and the resulting predictions are then
compared with the corresponding ground truth annotations.
Following [4], FID [9] is computed by generating �ve im-
ages per layout for COCO-Stuff and one image for NuIm-
age to calculate the distance between generated images and
authentic images. All images are resized into 256 � 256 be-
fore evaluation. To assess the trainability, we augment the
original training data with generated images and their cor-
responding layouts, creating a uni�ed dataset. We subse-
quently train Faster R-CNN [17] on this uni�ed dataset us-
ing the standard 1� schedule. The model employs ResNet-
50 [7] pre-trained on ImageNet-1K [5] as its backbone and
FPN [14] as the neck. The trained detection models are
evaluated on the validation set.

D. Pseudo Code of GDCC



Figure S7. More detection visual results of YOLOX on COCO 2017 [13]. YOLOX-S [6] is pre-trained on COCO training set with 1x
schedule, and GDCC is fine-tuned on it for 2 epochs. See Appendix §G for details.



Figure S8. More detection visual results of CO-DETR on COCO 2017 [13]. CO-DETR [20] is pre-trained on COCO training set with
1x schedule, and GDCC is �ne-tuned on it for 2 epochs. See Appendix §G for details.
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