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In this Appendix, we present the following:
• Additional details on the proposed benchmark for controllable
image-to-video generation evaluation (Sec. 1).

• Attempt and observation on one-shot fine-tuning for better object
consistency (Sec. 2).

• Additional qualitative results generated by the proposed IVA0

and baseline models (Sec. 3).

1 CONTROLLABLE I2V BENCHMARK

BUILDING

Data Collection & Annotation: We gather 20 real-world images
from public tracking/segmentation datasets [2] alongside 80 syn-
thetic images created using the StableDiffusion-2.0 model [3]. For
the synthetic images, we craft specific text prompts to guide the
image generation process with StableDiffusion. The images are se-
lected to include either single or multiple objects, ensuring there’s a
clear, unoccupied space suitable for demonstrating noticeable object
motion. To streamline the annotation process, we manually label
only the essential layout boxes for each image. These boxes are then
interpolated to simulate the effect of user interaction, which aids
in generating a sequence of layouts during inference. Furthermore,
for each image and its corresponding layout, we create detailed
motion-related captions. These captions serve to train baseline mod-
els [7] that do not support layout input directly. We display the
data—consisting of images, key boxes, and captions—in the format
illustrated in Fig. 1.

2 MORE EXPERIMENTS & ANALYSIS

One-shot Fine-tuning for Object Consistency.With the IVA0

pipeline described in the main paper, we can animate objects in a
given image and let them follow user-provided layouts. However,
as shown in Fig. 2, we find that although the object appearances are
consistent across frames with the help of the motion module, they
do not exactly match the object in the given image. One possible
reason for this is that we only use CLIP image embedding to control
the object appearance, while CLIP can capture high-level semantic
features, e.g.color and category, but lacks low-level features like
shape. Such difference is further amplified when we apply IVA0 to
the real-world images due to the potential domain gap present in the
pre-training text-to-imagemodel [1]. To quantify this, we computed
the SSIM↑ between ground-truth objects and the reconstructed
images. The results indicate that inpainted objects share only 22%
SSIM↑ score with the GT, highlighting an unavoidable loss of low-
level structural details.

To eliminate this gap, we are motivated by recent one/few-shot
tuning text-to-video generation work [5, 6] to try to extend our
Img2VidAnim-Zero to a one-shot learning setting. Specifically,
we adopt the parameter-efficient fine-tuning strategy, where we
freeze the CLIP encoder and the autoencoder in the pipeline, while
only updating the CLIP image embedding and the value projection

A gray car moves on the road, from the 
right to the left bottom of the image.

A man rides a bike from the right to the 
left of the image.

A white wolf 
runs in a 
right-bottom 
direction from 
the left-top to 
right-bottom of 
the image.

the bottom 
air hot 
balloon flies 
up to the 
middle of 
the image.

A deer 
under a 
balloon 
walks 
from the 
left to the 
right.

the bottom 
black 
butterfly 
flies up to 
the middle 
of the 
image.

A lion walks 
from the 
right to the 
left of the 
image.

A ball rolls 
in a 
right-top 
direction.

Figure 1: Data examples. We collect both real and gener-

ated images for our controllable Image-to-Video benchmark.

The red boxes are manually annotated key boxes. We write

motion-related captions for each image-layout pair for our

baseline method. Best viewed in color.

Zero-shot Inpainted One-shot InpaintedVAE ReconstructedOriginal Image

Figure 2: Comparison among the original image, VAE recon-

structed image, and zero-shot inpainted image. We observe

the inconsistency issue in the inpainted image due to the

lack of low-level features.
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inside the diffusion U-Net. In this case, we force the model to use
the CLIP-initialized image feature to inpaint the masked initial
image 𝑥1 as closely as possible with the standard MSE loss over
predicted and GT noises for better object consistency. However, our
results show that such one-shot learning is not helpful for object
consistency due to worse generation quality. We assume more low-
level image features from visual models like VGG [4] are needed
for this inconsistency issue. We leave this part for deeper future
studies.
Multi-object Animation.To validate the performance in themulti-
object cases, we conduct quantitative analysis. For vIoU@0.5 ↑, the
multi-object (50 samples) animation scores 86.0% v.s. 86.4% on the
single-object (50 samples) animation task. For FVD↓, multi-object
animation achieves 1268, only marginally inferior to 1227 of the
single-object animation. This confirms that IVA0 shows competitive
performance across multiple and single-object animations.

3 MORE QUALITATIVE RESULTS

In this section, we provide more qualitative results, Fig. 3 to Fig. 8
showcase additional generated video examples from our methods.
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Figure 3: More generated examples comparison among proposed IVA
0
and baseline methods. The green boxes represent

condition layout sequences. Best viewed in color.
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Figure 4: More generated examples comparison among proposed IVA
0
and baseline methods. The green boxes represent

condition layout sequences. Best viewed in color.
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Figure 5: More generated examples comparison among proposed IVA
0
and baseline methods. The green boxes represent

condition layout sequences. Best viewed in color.
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Figure 6: More generated examples comparison among proposed IVA
0
and baseline methods. The green boxes represent

condition layout sequences. Best viewed in color.
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Figure 7: More generated examples comparison among proposed IVA
0
and baseline methods. The green boxes represent

condition layout sequences. Best viewed in color.
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Figure 8: More generated examples comparison among proposed IVA
0
and baseline methods. The green boxes represent

condition layout sequences. Best viewed in color.
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