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Populate-A-Scene: Affordance-Aware Human Video Generation

Supplementary Material

1. Video Results

We present the video version of all the data and results we
show in the paper, along with additional results, to demon-
strate the generalizability of our model. Please refer to
the video folder for the results. You can also click on
video_results.html link to open it with your favorite
browser (loading faster in Chrome than Safari!) to see ev-
erything all at once. Specifically, we present results of the
following kinds:

* Single-person insertion results.

* Two-person insertion results.

e Multi-prompt interaction results.

» Comparison with image-to-video baselines.

We hope those real video results can showcase the qual-
ity of our generative model. Note that we tried to not do
aggressive cherry picking on those results. All of the shown
videos are generated in one pass without tweaking the ran-
dom seed, and picked out of around one hundred validation
samples to cover a diverse range of interesting behavior.

2. Data Processing Details

2.1. Data Filtering

We get the raw human-related dataset following the prac-
tice of video personalization in [5]. Specifically, we first
get human videos by selecting videos with human-related
concepts in their captions. We extract frames at one-second
intervals and apply a face detector to keep videos that con-
tain a single face and where the ArcFace cosine similar-
ity score [2] between consecutive frames exceeds 0.5. This
processing provides us with around one million text-video
pairs where a single person appears, with duration from 4s
to 16s. We additionally apply OpenPose [1] to only keep
those with at least knee joints in the frame to avoid extreme
close-ups. At the top of Fig. | we show some cases that we
discard during the filtering process.

Note that interestingly, as we apply all the detection on
middle frame, some earlier and later frames might not sat-
isfy our requirements of full bodies. We choose to not
specifically tackle these edge cases as they tend to have rich
interactive contents with large-scale motions.

2.2. Human Removal

To process the data, we take the first and last frames of a
video for human removal to get the scene image.

Human segmentation. We apply GroundingDINO [4] with
the keyword human to get bounding boxes for each human

in the image. We apply SAM 2.1 with the bounding box as
guidance to segment out the binary human mask.

Inpainting. We apply the SDXL diffusion inpainting
model. To avoid fuzzy segmentation boundary, we use
OpenCV to dilate each binary mask by 50 pixels so that
it’s guaranteed to cover the whole human area. The positive
prompt we use is “natural, photorealistic, empty, environ-
ment, blank, background, bg”, and the negative prompt is
“person, human, text”. For two people videos, we separate
the two person masks, and does inpainting with each mask
separately. At the bottom of Fig. | we show a few additional
data samples, including mask and detected poses.

2.3. Prompt Post-processing.

We split the prompt by sentences. For each sentence, we
ask the LLaMA model [3] whether it describes the person
or the background. If it’s defined as a background prompt,
we remove it from the caption. We additionally remove all
sentences with the concept of camera in it, as we are not
explicitly modeling any human-camera interaction.

3. Implementation Details
3.1. Base Model

We explain some training details of our base model be-
low. Refer to [5] for more illustration. Note that while the
training scheme and datasets are the same, we use a much
smaller counterpart than the publicly announced Movie Gen
model due to resource limitation.

We perform generation in a learned latent space rep-
resentation of the video. This latent code is of shape
T xC'x HxW. To prepare inputs for the Transformer back-
bone, the video latent code is ’patchified’ using a 3D convo-
lutional layer and then flattened to yield a 1D sequence. The
3D convolutional layer uses a kernel size of ky X ky, X Ky,
with a stride equal to the kernel size and projects it into
the same dimensions as needed by the Transformer back-
bone. Thus, the total number of tokens input to the Trans-
former backbone is THW/ (kikpk,). We use k; = 1 and
ky = ky = 2, i.e., we produce 2 x 2 spatial patches.

We use a factorized learnable positional embedding to
enable arbitrary size, aspect ratio, and video length. Ab-
solute embeddings of D dimensions can be denoted as a
mapping ¢(i) : [0, maxLen ] — R where i denotes the ab-
solute index of the patch. We convert the ’patchified’ tokens
into separate embeddings ¢y,, ¢, and ¢, of spatial h, w, and
temporal ¢ coordinates. We define Hax, Winax, and Tiax
as the maximum sequence length for each dimension, which
corresponds to the maximum spatial size and video length
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Figure 1. Additional illustration of our data processing pipeline. We include discarded data samples on top, and intermediate outputs of

detection and filtering on bottom.

of the patchified inputs. We calculate the final positional
embeddings by adding all the factorized positional embed-
dings together, and finally adding them to the input for all
the Transformer layers.

3.2. Conditioning Branch

We build our cross attention conditioning branch by con-
catenating the text and image features. Specifically, we ap-
ply 2 layers of text enhancer self attention, 2 layers of im-
age enhancer deformable attention, then 6 layers of cross-
attention with image as key/value and 6 layers of cross-
attention with text as key/value. We combine the enhanced
image feature with the pre-trained text feature for cross-
attention with Transformer layer outputs.

4. Evaluation Details
4.1. Baseline Details

T2I Inpainting. We deploy a pre-trained text-to-image in-
painting model on the given scene frame. We use the ground
truth human bounding boxes from GroundingDINO’s pre-
diction as a guidance mask for inpainting. Because the
baseline’s text encoder is not designed for long prompts, we
only take the first two sentences in our caption as the posi-
tive inpainting prompt. In practice, they are able to describe
the human action and appearance adequately. Note that this
is not an exactly fair comparison, as we give the model a
ground truth bounding box. We are able to show that, how-
ever, our model is able to generate more natural interaction
even without a pre-defined position signal.

InstructPix2Pix and AnyV2V. Both of them are based on
InstructPix2Pix, except that the second one is an extension
into video after editing the first frame. We use LLaMa [3]
to rewrite our prompts so that it falls into the instruction
distribution. Instead of describing “the video shows a man”,

we rewrite the prompt as “adding a man”. Similarly, due
to the limit number of tokens the text encoder can take in,
we only rewrite the first two sentences. We use the same
prompt for both stages of AnyV2V.

Note that our baselines are mostly trained with squared
images. Even though our model is exclusively trained with
landscape videos, our Transformer architecture essentially
enables generation of arbitrary aspect ratio. To accommo-
date the baselines, we use squared images for comparison in
the main paper. We additionally provide some non-squared
comparisons with the two image-based models in the next
section.

4.2. Evaluation Metrics

FVD. FVD calculates the feature distance between two sets
of videos. (the I3D features). We take the evaluation code
and checkpoints from [6]. Specifically, the metric is com-
puted by

FVD = |lux — py|* + T <2X Yy — 2(2X2Y)1/2>

where p1x, iy are the mean vectors and X x, Xy are the
covariance vectors.

CLIP. We compute the CLIP similarity between generated
visual contents and the text prompts. For videos, the dis-
tance is computed every one second, and averaged across
the whole video.

Action Score. We design this metric to eliminate the influ-
ence of human appearance and solely evaluate whether the
inserted human is doing the correct action. We ask LLaVA-
Next [7] what the human is doing in a video, and provide
samples of our action prompts as examples. We then com-
pare the CLIP similarity between our prompt and the output.
For the static images, we repeat the single static frame to
make a video sequence. We notice that, as LLaVA is only
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Figure 2. Additional comparison with baselines on non-square
image inputs.

taking a few key frames to answer the question, repeating
the static frames is a reasonable way to decide human ac-
tions in an image.

4.3. Human Evaluation Details

We run a user study to recruit thirty-seven people evaluat-
ing the results of our model. We randomly shuffle the re-
sults of ours versus the three baselines and the three types
of ablations. Among the users, fourteen fill out the small
questionnaire with 10 groups of randomly selected results,
and twenty-three of them fill out the complete questionnaire
with 80 groups. People are asked to select their preference
of the results based on four dimensions as described in the
main paper.

5. Additional Image Baseline Comparison

In Fig 2, we show additional frame-wise comparisons with
the image-editing baselines to demonstrate our model’s su-
perior ability. Note from the results how our model is able
to keep the scene consistent instead of generating something
semantically similar, and also able to insert a human with-
out a mask.

6. Ablation Visualizations

As shown in Fig. 3, our dual stream conditioning approach
with both latent concatenation and feature enhanced cross-
attention proves to be the best way of conditioning a T2V
model on the scene image. Without latent concatenation,
the model generates something semantically similar but not
pixel-wise the same. Without fused cross-attention mod-
ules, the model is prone to generating distorted, unreason-
able motions.

Input Scene w/o X-Concat w/o Cross-Attention Ours full

Distorted human extreme pose

Figure 4. Limitation and failure cases of our model.

7. Limitations

We discuss a few key limitations and failure cases we no-
ticed in our current method. Note that most of them are due
to the base text-to-video model’s limited capability, espe-
cially as we are basing our work on a smaller, lower resolu-
tion version. Overall, our method’s quality greatly depends
on the base model, and could be further improved with bet-
ter model and more computing resources.

Videos with limited motions. Our model suffers from the
common issue of generating videos with limited amount of
motions (i.e. static videos). Specifically, we observe that
some of our generated results have natural camera move-
ments and environmental changes, while having the cen-
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tral character almost static. This is due to the data dis-
tribution which we use to train and fine-tune the model,
and can likely be eliminated by providing higher quality
fine-tuning dataset, or include motion guidance as an ex-
plicit condition to the model. Notably, we notice that our
model is able to exhibit fair amount of motion with “action”
prompts, like “running”, “walking”, “riking bike” whose
underlying semantic requires great movements. And results
are more static with “status” prompts like “sitting”, “lying”,
which merely describes an existing state. Regardless of the
amount of motion, our model is always able to insert the
person into the correct place with reasonable interaction.
Human body distortion. Similar to other text-to-video
models, our model is not perfect in generating human move-
ments, especially in examples with extreme human motion
like doing sports. Specifically, we observe artifacts in limbs
and hands when the model expects to generate fine-grained,
large-scaled movements. We consider this a common issue
of current text-to-video model, and could be improved by
using better base model.

Background texture distortion. We notice that our model
fails to keep scene consistent if there is complex geometry
or texture in the input image. For example, architectures
with repetitive structures, or periodic textures with fine de-
tails. This is also an on-going issue of state-of-the-art text-
to-video models awaiting solution.

Inpainting artifacts and object disappearing. Our hu-
man removal inpainting algorithms fail on a few edge cases,
where it removes the human but replaces it with an ad-
ditional object. Training on these data teaches the model
to sometimes ‘“remove” existing objects in a scene and re-
placing it by a person, even if it shouldn’t disappear in first
place. We believe this is a relatively minor data quality issue
and could be mitigated by using better inpainting off-the-
shelf method, or add an additional round of data filtering.
Extreme human facing angles. We model is not able to
generate back-facing human. This is due to how we fil-
ter the data: we detect faces and only keep those with the
same face across the whole video, which in nature elimi-
nates back facing videos. In cases where the inserted human
is expected to face an extreme angle such that most of the
faces are unseen from the camera, our model tends to insert
person in a wrong direction.

8. Reproducibility and Benchmark Release

While we are not able to release codebase or dataset due
to copyright restrictions, we believe that with detailed de-
scriptions of the base models in [5] and the extensive expla-
nation of implementation details in this paper could provide
the audience with a clear idea of our model’s architecture
and training. Moreover, as stated earlier, our goal is not
to train the best model, but to explore how pretrained T2V
models can perceive affordance from visual signals. We be-

lieve that our conditioning mechanism and cross-attention
analysis can be applied to any such open-sourced models
as well. We demonstrate results as a proof-of-concept, and
hopefully would inspire more explorations in this field. We
will release upon acceptance the benchmark dataset that we
collected for evaluation to allow fair comparison for follow-
up works.
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