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Appendix

The Appendix is structured as follows:
• Section A1 includes supplementary examples comparing

videos generated by advanced AI video generators.
• Section A2 elaborates on the details of FLASH.
• Section A3 describes detailed experimental setups.
• Section A4 provides more experimental results.
• Section A5 discusses the limitations of FLASH.
• Section A6 presents the Ethical Statement.

A1. Comparison of videos generated by ad-
vanced AI video generators

In Figure A1, we present four examples of animated human
action videos from Dream Machine1, KLING AI2, Wan3,
and FLASH. The videos are also available on the webpage4.
Dream Machine, KLING AI and Wan struggle to animate
these actions accurately. In the balance beam jump ac-
tion, Dream Machine and Wan produce unrealistic, physics-
defying movements, while KLING AI generates a jump but
fails to depict standard jumps on the balance beam. For the
soccer shooting action, all three models fail to generate a
correct shooting motion, with the person never kicking the
ball. In the shoot dance action, Dream Machine and KLING
AI generate unnatural, physically implausible movements,
whereas Wan produces dance movements but does not cap-
ture the shoot dance correctly. In the Ice Bucket Challenge
action, none of the three models accurately portray the mo-
tion of pouring ice water from the bucket onto the body.
In contrast, FLASH generates these actions with higher fi-
delity to the real actions.

A2. FLASH
A2.1. Components in Latent Video Diffusion Mod-

els
Temporal Attention Layers. To capture temporal dynam-
ics in videos, [12, 25, 26, 34] add temporal attention layers
after each spatial attention layer of U-Net. In each tempo-
ral attention layer, we first reshape the input features Fin ∈
RN×h′×w′×c′ to F̃in ∈ RB×N×c′ , where B = h′ × w′.
Here, we treat the features at different spatial locations as
independent samples. Then, we add temporal position en-
coding to F̃in and employ a self-attention layer to transform
F̃in into F̃out ∈ RB×N×c′ . Finally, we reshape F̃out to

1https://lumalabs.ai/dream-machine
2https://www.klingai.com/
3https://tongyi.aliyun.com/wanxiang/
4https://lihaoxin05.github.io/human_action_animation/

Fout ∈ RN×h′×w′×c′ as the output features. The temporal
attention layer integrates information from different frames
for each spatial location, enabling the learning of temporal
changes.

Cross-frame Attention Layers. To enhance temporal con-
sistency across generated frames, [44, 98] replace spa-
tial self-attention layers with cross-frame attention layers.
While self-attention layers use features from the current
frame as key and value, cross-frame attention layers restrict
key and value to the features from the reference frame (typi-
cally the first frame in image animation tasks). These layers
carry over the appearance features from the reference frame
to subsequent frames, improving temporal consistency in
the generated videos.

Noise-Free Frame Conditioning. To further preserve
the appearance of the reference image in image anima-
tion tasks, [70, 98] keep the latent reference image noise-
free in the noised latent video. Specifically, at the nois-
ing step t, the latent video Zt = ⟨zi

t⟩Ni=1 is modified to
Žt = ⟨z1

0 , z
2
t , · · · , zN

t ⟩, where z1
t is replaced by z1

0 , which
is noise-free. During inference, a sample ZT is drawn from
N (0, I), and z1

T is substituted with z1
0 = E(I), where I

is the user-provided reference image. The modified latent
video ŽT = ⟨z1

0 , z
2
T , · · · , zN

T ⟩ is then used for denoising.
This technique effectively maintain the features from the
first frame in subsequent frames.

FLASH adopts these components in its base video diffu-
sion model, and designs the Motion Alignment Module and
the Detail Enhancement Decoder on top of it.

A2.2. Strongly Augmented Videos
To create a strongly augmented version of an original video,
we sequentially apply Gaussian blur and random color ad-
justments to the original video. This process is designed to
preserve the original motion while altering the appearance
uniformly across all frames.

• Gaussian blur: A kernel size is randomly selected from a
predefined range, as specified in Sec. A3.2. This kernel
size is used to apply Gaussian blur to every frame of the
original video, ensuring a uniform level of blur through-
out.

• Random color adjustments: After applying Gaussian blur,
we randomly adjust the brightness, contrast, saturation,
and hue of the video. For each property, an adjustment
factor is randomly chosen from its respective predefined
range, detailed in Sec. A3.2. The adjustment with the

https://lumalabs.ai/dream-machine
https://www.klingai.com/
https://tongyi.aliyun.com/wanxiang/
https://lihaoxin05.github.io/human_action_animation/


(a) An athlete is performing a balance beam jump.
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FLASH

(b) A person is shooting a soccer ball.

KLING 
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(c) A person is performing a shoot dance.

Dream 
Machine

(d) A person is pouring water over their head as part of 
the ALS Ice Bucket Challenge.

KLING 
AI

Real 
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FLASH

Wan

Figure A1. Comparison of human action videos generated by Dream Machine, KLING AI, Wan and FLASH (our method). Human faces
are anonymized for privacy protection.

chosen factor is applied uniformly across all frames to
maintain consistent color alterations without introducing
cross-frame inconsistencies. We implement it with the
ColorJitter function in PyTorch.

By applying these augmentations with consistent param-

eters across all frames, the augmented video retains the
motion in the original video while showing altered appear-
ances. Figure A2 presents examples of strongly augmented
videos. These augmented videos exhibit considerable dif-
ferences from the original ones in aspects such as the back-



(a) The original videos (b) The augmented videos

Figure A2. Examples of three original videos alongside their corresponding strongly augmented videos.

ground and the actors’ clothing. However, the motion from
the original videos is preserved.

A2.3. Detail Enhancement Decoder
Multi-scale Detail Propagation. Before feeding the two
features g1

l and hi
l to the two branches, we first interpolate

g1
l to match the spatial size of hi

l and use a fully connected
layer to adjust g1

l to the same number of channels as hi
l ,

resulting g̃1
k as the input of the two branches. In the Patch

Attention Branch, before applying the cross-attention layer
A, we use a fully connected layer to transform each patch
of the two features into a feature vector.

Distorted Videos. The details of video distortions are
as follows: The random Gaussian blur and random color
adjustments follow the implementations described in Sec.
A2.2. However, the random color adjustments here differ in
that they are applied to only 80% of randomly selected re-
gions rather than to all regions. This modification is inten-
tional, as the goal is to create distorted videos with incon-
sistent color changes that simulate the distortions in latent
videos, rather than to maintain consistent color changes as
in Sec. A2.2. For random elastic transformations, displace-
ment vectors are generated for all spatial positions based on
random offsets sampled from a predefined range (detailed
in Sec. A3.2) and are then used to transform each pixel
accordingly. We implement it using the ElasticTransform
function in PyTorch.

A3. Experiment Details
A3.1. Data
We conduct experiments on 16 actions selected from the
HAA500 dataset [10], which contains 500 human-centric

atomic actions capturing the precise movements of human,
each consisting of 20 short videos. The selected actions
include single-person actions (push-up, arm wave, shoot
dance, running in place, sprint run, and backflip), human-
object interactions (soccer shoot, drinking from a cup, bal-
ance beam jump, balance beam spin, canoeing sprint, chop-
ping wood, ice bucket challenge, and basketball hook shot),
and human-human interactions (hugging human, face slap-
ping).

Training videos. For each selected action, we use 16 videos
from the training split in HAA500 for training. We manu-
ally exclude videos that contain pauses or annotated sym-
bols in the frames. Each action label is converted into a nat-
ural sentence as the action description; for example, the ac-
tion label “soccer shoot” is converted to “a person is shoot-
ing a soccer ball.”

Similarity between training videos in the same action
class. Videos within the same action class do not need to
share similar visual characteristics, such as scenes, viewing
angles, actor positions, or shot types (e.g., close-up or wide
shot). Instead, they are different on these characteristics, as
shown in the examples in Figure A3.

Testing images. For each selected action, we use the first
frames from the four testing videos as testing images. Addi-
tionally, we search online for two human images depicting
a person beginning the desired action as additional testing
images.

Similarity between training videos and testing images.
We provide the training videos and testing images (4 exam-
ple actions on the webpage5). Most testing images differ

5https://lihaoxin05.github.io/human_action_animation/

https://lihaoxin05.github.io/human_action_animation/training_videos_and_testing_images


Figure A3. Similarity between training videos in the same action
class. The first row presents three videos depicting the action ca-
noeing sprint, and the second row showcases three videos con-
taining the action push-up.

from training frames in viewpoint, subject size and appear-
ance.

A3.2. Implementation Details

We use AnimteDiff [28] as the base video generative model.
We initialize all parameters with pretrained weights of An-
imteDiff. The spatial resolution of generated videos is set
to 512 × 512. The video length is set to 16 frames, with a
frame rate of 16 FPS.

Training of U-Net. For strong data augmentation, Gaus-
sian blur is applied with a randomly sampled kernel size be-
tween 3 and 10. Random color adjustment modifies bright-
ness, saturation, and contrast by random factors between
0.5 and 1.5, and modifies hue by a random factor between -
0.25 and 0.25. Before applying strong augmentations to the
original video, we first perform random horizontal flipping
and random cropping on the original video. In the Motion
Alignment Module, we set τ to 90 and apply motion feature
alignment after each temporal attention layer in the U-Net.
We combine features from the first and current frames as
keys and values in the cross-frame attention layers. Inter-
frame correspondence alignment is applied to 50% of the
cross-frame attention layers, selected randomly. For sim-
plicity, we replace Q and K of the augmented video with
those of the original video when calculating S, instead of di-
rectly replacing S. We only train the temporal attention lay-
ers, and the key and value matrices of cross-frame attention
layers. Following [39, 60], we redefine the sampling proba-
bility distribution to prioritize earlier denoising stages. The
learning rate is set to 5.0 × 10−5, with training conducted
for 20,000 steps.

training_videos_and_testing_images

Training of Detail Enhancement Decoder. The patch size
in the Patch Attention Branch is set to 2. For video dis-
tortion, Gaussian blur is applied with a random kernel size
between 3 and 10. Random color adjustment use random
factors for brightness, saturation, and contrast between 0.7
and 1.3, and a random factor for hue between -0.2 and 0.2.
For random elastic transformations, displacement strength
is randomly sampled from 1 to 20. We only train the newly
added layers, with a learning rate of 1.0×10−4 over 10,000
steps.

Hyper-parameter Tuning. We use the same hyper-
parameters for all actions without action-specific tuning.
We first select these hyper-parameters based on the model
performance on 4 actions (see Sec. A4.3 for details). Fol-
lowing this selection, we apply the same hyper-parameter
configuration to all actions.

Inference. During inference, we utilize the DDIM sam-
pling process [82] with 25 denoising steps. Classifier-free
guidance [31] is applied with a guidance scale set to 7.5.
Following [98], we apply AdaIN [37] on latent videos for
post-processing.

Computational Resources. Our experiments are con-
ducted on a single GeForce RTX 3090 GPU using PyTorch,
with a batch size of 1 on each GPU. We build upon the code-
base of AnimateDiff [26]. Training takes approximately 36
hours per action.

A3.3. Evaluation Metrics
In line with previous works [29, 97, 98], we use three met-
rics based on CLIP [69] to assess text alignment, image
alignment, and temporal consistency. (1) Text Alignment:
We compute the similarity between the visual features of
each frame and the textual features of the text prompt,
and average the similarities across all frames. (2) Image
Alignment: We compute the similarity between the visual
features of each frame and the visual features of the pro-
vided reference image, and average the similarities across
all frames. (3) Temporal Consistency: We calculate the
average similarity between the visual features of consecu-
tive frame pairs to obtain the temporal consistency score.
We use ViT-L/14 from OpenAI [69] for feature extraction.
In these three metrics, higher scores indicate better perfor-
mance.

Following [100], we utilize Fréchet distance to compare
generated and real videos. We use CD-FVD [16] to mitigate
content bias in the widely used FVD [88]. We use Video-
MAE [87], pretrained on SomethingSomethingV2 [21], for
feature extraction and calculate distance between real and
generated videos. In this metric, lower distances indicate
better performance.

To evaluate the similarity between generated videos and
ground-truth videos in the HAA dataset, we calculate the
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Figure A4. AMT user study interface.

Input
“A person is shooting a 
soccer ball.”

“A person is paddling 
quickly in a canoe.”
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#2

#3

#4

#5

#6

Figure A5. Qualitative ablation study on different components of FLASH. #1: baseline model, #2: model trained with strongly augmented
videos, #3: with motion feature alignment, #4: with inter-frame correspondence alignment, #5: with both alignments, #6: full model with
the Motion Alignment Module and the Detail Enhancement Decoder. See Table 2 for the details of each variant.

cosine similarity for each pair of the generated and ground-
truth videos. (1) Cosine RGB: We extract video features
using I3D [3], pretrained on RGB videos, for both the gen-

erated and ground truth videos, and calculate cosine simi-
larity for the pair. (2) Cosine Flow: We extract optical flow
using RAFT [85] and then use I3D [3], pretrained on optical



Table A1. The percentage of users that choose generated videos
of each FLASH variant as the best in the user study on Amazon
Mechanical Turk.

Variant #1 #2 #3 #4 #5 #6

Preference Rate 10.99% 9.34% 15.38% 15.93% 20.33% 28.02%

flow data, to extract video features for cosine similarity cal-
culation. In these two metrics, higher similarities indicate
better performance.

A3.4. Baselines
We compare FLASH with several baselines: (1) TI2V-Zero
[63], a training-free image animation model that injects the
appearance of the reference image into a pretrained text-
to-video model. We directly test image animation on its
checkpoints. (2) SparseCtrl [25], an image animation model
that encodes the reference image with a sparse condition en-
coder and integrates the features into a text-to-video model.
It is trained on large-scale video datasets, and we directly
test image animation on its checkpoints. (3) PIA [112], an
image animation model that incorporates the reference im-
age features into the noised latent video. It is trained on
large-scale video datasets, and we directly test image ani-
mation on its checkpoints. (4) DynamiCrafter [100], an im-
age animation model that injects the reference image fea-
tures into generated videos via cross-attention layers and
feature concatenation. It is trained on large-scale video
datasets, and we directly test image animation on its check-
points. (5) DreamVideo [96], a customized video gener-
ation model which learns target subject and motion using
a limited set of samples. We train it to customize mo-
tion per action using the same training videos as FLASH.
(6) MotionDirector [116], a customized video generation
model which learns target appearance and motion with lim-
ited videos. We train its motion adapter per action with
the same training videos as FLASH and train its appear-
ance adapter per sample with the testing reference images.
Therefore, MotionDirector has access to more data (i.e., the
testing reference images) than other methods. (7) LAMP
[98], a few-shot image animation model which learns mo-
tion patterns from a few videos. We train it per action with
the same training videos as FLASH.

A4. Results
A4.1. User Study
We conducted a user study on Amazon Mechanical Turk
(AMT), where workers were asked to select the best gen-
erated video from a set of candidates. For each action, we
randomly selected four different reference images and their
corresponding generated videos for this user study. The
AMT assessment interface, shown in Figure A4, presented

workers with the following instructions: “You will see a
reference image on the left and eight human action videos
on the right, all generated from that reference image and an
action description. Please carefully select the one video in
each question that: (1) Best matches the action description
and displays the action correctly and smoothly. (2) Main-
tains the overall appearance of the reference image on the
left.” The interface also displayed the reference image and
action description.

To identify random clicking, each question was paired
with a control question that has obvious correct answer.
The control question includes a real video of a randomly
selected action alongside clearly incorrect ones, such as a
static video, a video with shuffled frames, and a video from
the same action class that mismatches the reference image.
The main question and the control question were randomly
shuffled within each question pair, and each pair was evalu-
ated by 10 different workers. Responses from workers who
failed the control questions were marked as invalid.

Comparison with Baselines. Each question contains gen-
erated videos from the baselines and FLASH. In total, we
collected 488 valid responses. The preference rates for dif-
ferent methods are shown in the pie chart in Figure 3 in the
main paper. FLASH was preferred in 66% of the valid re-
sponses, significantly outperforming the next best choices,
DynamiCrafter(13%) and LAMP (11%). We also provide
4 examples where humans prefer LAMP or DynamiCrafter
on the webpage6, which are mainly low-range motion.

Ablation Study. Each question contains generated videos
from different variants of FLASH (see Table 2). In total,
we collected 182 valid responses. The preference rates for
these FLASH variants are presented in Table A1. We ob-
serve that variants #3, #4, and #5 achieve higher preference
rates than variant #2, and variant #6 outperforms variant
#5. These results validate the effectiveness of each designed
component in FLASH.

A4.2. More Results
The definitions of the FLASH variants are consistent with
those in the main paper (Table 2). Variant #1 serves as
the baseline, excluding both the Motion Alignment Mod-
ule and the Detail Enhancement Decoder. Variant #2 uses
strongly augmented videos for training without any align-
ment technique. Variants #3, #4, and #5 progressively in-
corporate motion feature alignment, inter-frame correspon-
dence alignment, and both, respectively, on top of variant
#2. Lastly, variant #6 builds upon variant #5 by incorporat-
ing the Detail Enhancement Decoder.

Applicability with Fewer Training Videos. To assess the
few-shot learning capability of the Motion Alignment Mod-

6https://lihaoxin05.github.io/human_action_animation/
example_other_methods_win

https://lihaoxin05.github.io/human_action_animation/example_other_methods_win
https://lihaoxin05.github.io/human_action_animation/example_other_methods_win


Table A2. Analysis of training with fewer videos and joint training with multiple action classes.

Variant
# Videos
Per Class

joint
Training

Cosine
RGB
(↑)

Cosine
Flow
(↑)

CD-FVD
(↓)

Text
Alignment

(↑)

Image
Alignment

(↑)

Temporal
Consistency

(↑)

#1 16 ✘ 83.80 68.06 1023.30 22.53 77.10 95.43
#2 16 ✘ 83.98 70.61 932.92 22.48 76.72 94.91
#5 16 ✘ 84.46 72.24 906.31 22.52 76.35 95.01

#1 8 ✘ 82.50 68.13 995.43 22.70 76.05 94.79
#2 8 ✘ 83.30 70.09 962.82 22.62 74.37 94.40
#5 8 ✘ 83.40 72.01 943.54 22.66 75.02 94.51

#1 4 ✘ 81.40 68.02 1050.03 22.22 72.81 94.24
#2 4 ✘ 81.88 70.15 1045.49 22.60 72.00 93.83
#5 4 ✘ 82.22 71.83 1031.87 22.46 72.56 94.22

#5 16 ✘ 84.46 72.24 906.31 22.52 76.35 95.01
#5 16 ✔ 85.01 72.32 897.05 22.61 77.47 95.39

Table A3. Evaluation of the Detail Enhancement Decoder with
DINO-V2.

Variant Image Alignment (↑) Temporal Consistency (↑)

#5 87.02 97.48
#6 87.75 97.85

ule, we conduct experiments using 4 and 8 videos randomly
sampled from each of the following action classes: sprint
run, soccer shoot, canoeing sprint, and hugging human. The
results are shown in Table A2. Across different numbers of
training videos per action class, Variant #5 consistently out-
performs Variants #1 and #2 on CD-FVD, Cosine-RGB and
Cosine-Flow. The results show that the Motion Alignment
Module enhances the motion quality of animated videos in
different few-shot configurations.

Joint Training with Multiple Action Classes. We exam-
ine whether the model benefits from joint training across
multiple action classes. We use all the training videos
from four action classes (sprint run, soccer shoot, canoe-
ing sprint, and hugging human) to train a single model with
100,000 steps. The results in Table A2 show improvements
across all metrics. The improvements in Image Alignment,
Temporal Consistency, and Cosine RGB are considerable.
The results suggest that joint training with multiple ac-
tion classes enhances the quality of the generated videos.
This makes our technique more practical for applications
that have accessible example videos of multiple delicate or
customized human actions. In practice, the model can be
trained per action or on multiple actions, depending on the
application.

To further verify the applicability of our multi-action

model across diverse actions, we train a new model on
8 new actions with 100,000 steps. These actions include
atlatl throw, axe throwing, backward roll, balance beam
flip, balance beam rotation, baseball swing, bench dip, and
burpee. We conduct a qualitative comparison between the
action videos generated by Wan7 and FLASH, with the re-
sults accessible on the webpage8. The results show that
FLASH generates actions that are more realistic and plau-
sible than Wan, validating the broad applicability of multi-
action FLASH across a variety of human actions.

Evaluation of the Detail Enhancement Decoder with
DINO model. The CLIP vision encoder, trained on vision-
language tasks, may have limited ability to perceive fine-
grained visual details [86], which can affect the evaluation
of Image Alignment and Temporal Consistency. Therefore,
we use the DINO-V2 [64] vision encoder, which excels
at capturing rich, fine-grained details at the pixel level, to
assess Image Alignment and Temporal Consistency. The
results in Table A3 demonstrate that the Detail Enhance-
ment Decoder enhances both Image Alignment and Tempo-
ral Consistency, illustrating its effectiveness in improving
transition smoothness.

Effects of Text Input Alterations on Video Generation.
To assess how modifications to text input influence video
generation outputs, we present results from experiments
where subject-related terms in the text prompt were varied
(see Figure A6). We observe that when the subject term in
the input text misaligns with the subject of the reference im-
age, the visual appearance of the generated subject exhibits
distortion. For example, in Figure A6(b), the facial features
of the panda are clearly distorted, highlighted by red boxes.

7https://tongyi.aliyun.com/wanxiang/
8https://lihaoxin05.github.io/human_action_animation/
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Table A4. Ablation studies on different values of τ for motion feature alignment, different values of p for inter-frame correspondence
alignment, and the impact of the Warping Branch and Patch Attention Branch in the Detail Enhancement Decoder.

Variant τ p
Warping
Branch

Patch Attention
Branch

Cosine
RGB
(↑)

Cosine
Flow
(↑)

CD-FVD
(↓)

Text
Alignment

(↑)

Image
Alignment

(↑)

Temporal
Consistency

(↑)

#3 90 - - - 84.44 71.40 920.39 22.64 76.48 95.06
#3 75 - - - 84.38 71.19 904.25 22.58 76.63 95.16
#3 50 - - - 84.30 70.31 934.84 22.57 77.29 95.14
#3 25 - - - 84.71 69.79 930.53 22.33 76.52 94.85

#4 - 1.0 - - 84.22 69.34 914.12 22.50 76.43 94.91
#4 - 0.5 - - 84.32 71.72 938.21 22.70 76.31 94.84

#5 90 0.5 ✘ ✘ 84.46 72.24 906.31 22.52 76.35 95.01
#6 90 0.5 ✔ ✘ 84.63 71.96 918.61 22.54 76.21 95.35
#6 90 0.5 ✘ ✔ 83.32 72.26 888.05 22.71 74.97 95.13
#6 90 0.5 ✔ ✔ 84.51 72.33 908.39 22.77 76.22 95.31

(a) A panda is pouring water over his head.

(b) A person is pouring water over his head.

(c) A boy is pouring water over his head.

Figure A6. Effects of text input alterations on FLASH video gen-
eration. The reference image is kept constant, while the subject in
the text prompt varies among “panda”, “person” and “boy”.

The results indicate the text encoder does encode the ap-
pearance of subject.

A4.3. Hyper-parameter Analysis
We tune hyperparameters on four action classes: sprint run,
soccer shoot, canoeing sprint, and hugging human. The se-
lected hyperparameters are then applied across all actions
without action-specific tuning. The definitions of FLASH
variants are consistent with those in the main paper (Table
2).
Motion Alignment Module. In Table A4, we compare the
performance of different τ values in Variant #3 and differ-
ent p values in Variant #4. For τ , we observe that decreas-
ing τ reduces performance in Temporal Consistency, CD-

FVD, and Cosine Flow, especially in Temporal Consistency
(94.85 for τ = 25) and Cosine Flow (69.79 for τ = 25).
This suggests that including more channels as motion chan-
nels degrades video quality, likely because motion informa-
tion is only encoded in a limited number of channels [99],
and aligning too many channels hampers feature learning.
Thus, we set τ = 90 for the remaining experiments. Re-
garding p, substituting inter-frame correspondence relations
in all cross-frame attention layers (p = 1.0) lowers Cosine
Flow significantly (e.g., 69.34 for p = 1.0) but doesn’t af-
fect other metrics obviously. This might be due to the ex-
cessive regularization from substituting inter-frame corre-
spondence relations in every layer, which makes learning
difficult. Therefore, we use p = 0.5 in the remaining exper-
iments.

Detail Enhancement Decoder. In Table A4, we compare
the effects of the Warping Branch and the Patch Attention
Branch in Variant #6. Using only the Warping Branch leads
to a notable improvement in Temporal Consistency (from
95.01 to 95.35). In contrast, the Patch Attention Branch pro-
vides a modest increase in Text Alignment (from 22.52 to
22.71) but results in a significant drop in Image Alignment
(from 76.35 to 74.97). When both branches are combined,
there is an enhancement in both Text Alignment and Tem-
poral Consistency, accompanied by only a slight decrease
in Image Alignment. These results suggest that the two
branches have complementary effects. Therefore, we use
the two branches in the Detail Enhancement Decoder.

A4.4. Mean and Standard Deviations
To account for the variability introduced by different ran-
dom seeds, we repeat experiments twice. We report the
means and standard deviations of the results in Table A5.



(a) A person is chopping wood. (b) A person is chopping wood.

(c) A person is running in place. (d) A person is drinking from a cup.

Figure A7. Failure cases of FLASH.

Table A5. Means and standard deviations of FLASH performance.

Method
Cosine
RGB
(↑)

Cosine
Flow
(↑)

CD-FVD
(↓)

Text
Alignment

(↑)

Image
Alignment

(↑)

Temporal
Consistency

(↑)

FLASH 85.48±0.03 77.42±0.02 815.11±20.46 23.21±0.01 79.66±0.31 95.81±0.22

Table A6. Quantitative comparison of different methods on the
UCF Sports Action Dataset. The best and second-best results are
bolded and underlined.

Method
Cosine
RGB
(↑)

Cosine
Flow
(↑)

CD-FVD
(↓)

Text
Alignment

(↑)

Image
Alignment

(↑)

Temporal
Consistency

(↑)

TI2V-Zero 71.90 64.43 1222.35 24.62 70.16 88.87
SparseCtrl 71.56 63.21 1574.69 23.26 61.16 89.69
PIA 70.05 58.51 1385.54 23.93 66.03 94.41
DynamiCrafter 77.83 63.16 1630.83 23.95 87.84 96.75
DreamVideo 68.60 70.20 949.72 26.04 78.20 96.19
MotionDirector 75.60 63.01 1315.36 23.88 76.92 97.07
LAMP 74.15 73.78 1076.77 24.02 81.17 95.17
FLASH 86.80 79.36 480.70 24.11 85.75 96.22

Table A7. Quantitative comparison of different methods on non-
human motion videos. The best and second-best results are bolded
and underlined.

Method
Cosine
RGB
(↑)

Cosine
Flow
(↑)

CD-FVD
(↓)

Text
Alignment

(↑)

Image
Alignment

(↑)

Temporal
Consistency

(↑)

TI2V-Zero 58.96 45.31 1562.76 21.95 79.05 93.00
SparseCtrl 67.89 59.02 1441.31 21.92 76.89 93.75
PIA 68.11 57.02 1591.11 21.83 79.44 96.83
DynamiCrafter 77.14 69.90 1371.39 22.18 87.27 98.08
DreamVideo 68.80 61.44 1222.22 22.75 84.40 96.96
MotionDirector 74.57 68.41 1302.02 20.75 79.09 96.68
LAMP 79.48 71.89 1210.55 22.14 86.68 97.49
FLASH 79.53 75.48 1204.72 22.05 85.42 97.51

A4.5. Experiments on UCF Sports Action Dataset
To evaluate the effectiveness of FLASH on additional
datasets, we conducted experiments on the UCF Sports Ac-
tion Dataset [84], focusing on two actions: golf swing and

lifting. Due to the limited number of videos in this dataset,
we use only 6 golf swing videos and 4 lifting videos for train-
ing. For each class, we use the first frames of two videos for
testing.

Table A6 compares the performance of FLASH with
baseline methods. FLASH achieves superior results on CD-
FVD, Cosine RGB, and Cosine Flow, highlighting its abil-
ity to generate realistic motions. While DynamiCrafter per-
forms better on Image Alignment and Temporal Consis-
tency, this is primarily because it fails to animate the ref-
erence images and instead repeats it across frames, which
represents a failure in animation. This limitation is further
reflected in the poor scores of DynamiCrafter on CD-FVD
and Cosine Flow. For Text Alignment, DreamVideo and
TI2V-Zero outperform FLASH, but their inability to gen-
erate smooth transitions from reference images is evident
from their low Image Alignment scores. These observa-
tions, consistent with results on the HAA dataset, demon-
strate the effectiveness of FLASH in scenarios with fewer
training videos.

A4.6. Experiments on Non-human Motion Videos

To assess the performance of FLASH on non-human mo-
tion videos, we conducted experiments using two categories
of natural motion: firework and raining. The videos were
sourced from [98]. For each category, we selected two
videos for testing and used the remaining videos for train-
ing.

Table A7 presents a comparison between FLASH and
baseline methods. FLASH achieves superior performance
in CD-FVD, Cosine RGB, and Cosine Flow while not
showing a obvious decline in CLIP scores. Although Dy-
namiCrafter performs better in Image Alignment and Tem-
poral Consistency, it struggles with CD-FVD and Cosine
Flow. Similarly, DreamVideo excels in Text Alignment but
performs poorly in Cosine RGB and Cosine Flow. These
results indicate that FLASH can also animate images into
videos depicting natural scene motion.



A5. Limitations
Although FLASH can animate diverse reference images, it
encounters challenges in accurately generating interactions
involving human and objects, particularly when multiple
objects are present. For example, in Figure A7(a), while
a chopping action is depicted, the object being chopped is
not the wood. Furthermore, if the initial action states in
the reference images differ noticeably in motion patterns
from those in the training videos, the model may struggle
with animation. For example, in Figure A7(b), the initial
action status suggests a small-scale motion for chopping
wood, which differs from the large-scale motion in train-
ing videos; in Figure A7(c), the knee elevation motion con-
trasts with the steadier motion of running in place observed
in the training videos; and in Figure A7(d), a baby hold-
ing a cup with both hands deviates from the adult actions in
the training videos, where one hand is used to hold the cup
while drinking water. These results suggest that the model
still lacks a thorough understanding of motion and inter-
actions. Leveraging advanced multi-modal large language
models to improve the understanding of human-object inter-
actions could be a promising approach to addressing these
challenges.

A6. Ethics Statement
We firmly oppose the misuse of generative AI for creat-
ing harmful content or spreading false information. We
do not assume any responsibility for potential misuse by
users. Nonetheless, we recognize that our approach, which
focuses on animation human images, carries the risk of po-
tential misuse. To address these risks, we are committed to
maintaining the highest ethical standards in our research by
complying with legal requirements and protecting privacy.
Additionally, we will explore implementing a content safety
mechanism, similar to the one used in Stable Diffusion [72],
as an effective way to address these concerns.
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Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fernandez,
Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, et al.
Dinov2: Learning robust visual features without supervi-
sion. arXiv preprint arXiv:2304.07193, 2023. 7

[65] Xingang Pan, Ayush Tewari, Thomas Leimkühler, Lingjie
Liu, Abhimitra Meka, and Christian Theobalt. Drag your
gan: Interactive point-based manipulation on the genera-
tive image manifold. In ACM SIGGRAPH 2023 Conference
Proceedings, pages 1–11, 2023. 1

[66] Geon Yeong Park, Hyeonho Jeong, Sang Wan Lee, and
Jong Chul Ye. Spectral motion alignment for video
motion transfer using diffusion models. arXiv preprint
arXiv:2403.15249, 2024. 3

[67] Toby Perrett, Alessandro Masullo, Tilo Burghardt, Ma-
jid Mirmehdi, and Dima Damen. Temporal-relational
crosstransformers for few-shot action recognition. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 475–484, 2021. 1

[68] Chenyang Qi, Xiaodong Cun, Yong Zhang, Chenyang Lei,
Xintao Wang, Ying Shan, and Qifeng Chen. Fatezero: Fus-
ing attentions for zero-shot text-based video editing. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 15932–15942, 2023. 3

[69] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,



Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-
ing transferable visual models from natural language super-
vision. In International conference on machine learning,
pages 8748–8763. PMLR, 2021. 6, 4

[70] Weiming Ren, Harry Yang, Ge Zhang, Cong Wei, Xinrun
Du, Stephen Huang, and Wenhu Chen. Consisti2v: En-
hancing visual consistency for image-to-video generation.
arXiv preprint arXiv:2402.04324, 2024. 2, 3, 1

[71] Yixuan Ren, Yang Zhou, Jimei Yang, Jing Shi, Di-
fan Liu, Feng Liu, Mingi Kwon, and Abhinav Shrivas-
tava. Customize-a-video: One-shot motion customiza-
tion of text-to-video diffusion models. arXiv preprint
arXiv:2402.14780, 2024. 3

[72] Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 10684–10695, 2022. 3, 10

[73] Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch,
Michael Rubinstein, and Kfir Aberman. Dreambooth: Fine
tuning text-to-image diffusion models for subject-driven
generation. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 22500–
22510, 2023. 3

[74] Dian Shao, Mingfei Shi, Shengda Xu, Haodong Chen, Yon-
gle Huang, and Binglu Wang. Finephys: Fine-grained hu-
man action generation by explicitly incorporating physi-
cal laws for effective skeletal guidance. In Proceedings of
the Computer Vision and Pattern Recognition Conference,
pages 1905–1916, 2025. 2

[75] Jing Shi, Wei Xiong, Zhe Lin, and Hyun Joon Jung. In-
stantbooth: Personalized text-to-image generation without
test-time finetuning. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pages
8543–8552, 2024. 3

[76] Xiaoyu Shi, Zhaoyang Huang, Fu-Yun Wang, Weikang
Bian, Dasong Li, Yi Zhang, Manyuan Zhang, Ka Chun
Cheung, Simon See, Hongwei Qin, et al. Motion-i2v: Con-
sistent and controllable image-to-video generation with ex-
plicit motion modeling. arXiv preprint arXiv:2401.15977,
2024. 2, 3

[77] Yujun Shi, Chuhui Xue, Jiachun Pan, Wenqing Zhang, Vin-
cent YF Tan, and Song Bai. Dragdiffusion: Harnessing
diffusion models for interactive point-based image editing.
arXiv preprint arXiv:2306.14435, 2023. 1

[78] Aliaksandr Siarohin, Stéphane Lathuilière, Sergey
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