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Abstract. Pose-driven human-image animation diffusion models have
shown remarkable capabilities in realistic human video synthesis. De-
spite the promising results achieved by previous approaches, challenges
persist in achieving temporally consistent animation and ensuring robust-
ness with off-the-shelf pose detectors. In this paper, we present TCAN,
a pose-driven human image animation method that is robust to erro-
neous poses and consistent over time. In contrast to previous methods,
we utilize the pre-trained ControlNet without fine-tuning to leverage
its extensive pre-acquired knowledge from numerous pose-image-caption
pairs. To keep the ControlNet frozen, we adapt LoRA to the UNet layers,
enabling the network to align the latent space between the pose and ap-
pearance features. Additionally, by introducing an additional temporal
layer to the ControlNet, we enhance robustness against outliers of the
pose detector. Through the analysis of attention maps over the temporal
axis, we also designed a novel temperature map leveraging pose infor-
mation, allowing for a more static background. Extensive experiments
demonstrate that the proposed method can achieve promising results
in video synthesis tasks encompassing various poses, like chibi. Project
Page: https://eccv2024tcan.github.io/

Keywords: Image-to-Video Generation- Human Animation - Diffusion
Model

1 Introduction

Pose-driven human-image animation is a task that breathes life into a static
human in an image. Given a source image and a driving video, the task aims
to transfer the motion in the driving video to a human in the source image. Al-
though it is an intriguing task because of its wide impact on many applications
such as social media, entertainment, and movie industry, several factors make
this task challenging. First, the identity in the source image should remain the
same over time, changing only the pose. In other words, the appearance of a hu-
man in the generated video should not be affected by the appearance of a human
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Fig. 1: Generated results of TCAN: The first two rows show the results on the TikTok
dataset, and the last two rows show the results on chibi animation characters. All
results are generated using TCAN trained on the TikTok dataset. Severely erroneous
input poses are highlighted in red. Note that the proposed TCAN can generalize to
poses with outliers and unusual ratios, such as those of chibi characters.

in the driving video. Secondly, the occluded regions in the source image should
be naturally inpainted as the pose changes, while ensuring that the inpainted
regions remain unchanged over time.

One possible approach is to impose a pose-guided image generation model
frame-by-frame [33,34,36]. Upon the success of the Text-to-Image (T2I) diffusion
model, researchers made an effort to control the diffusion model using additional
conditions in addition to the text prompts [9,10,19,33,34,36,37]. ControlNet [34]
is the one representative work that enriches the controllability of the stable
diffusion model, embracing various conditions, including pose, depth, and edge
map. Uni-ControlNet [36] extends ControlNet to handle multiple conditions at
a time, enabling the generation of an image conditioned on a source image and a
pose image. Meanwhile, in an effort to adapt the appearance of the source image
along with text prompt, IP-Adapter [33] introduces an image prompt adapter
that embeds the fine-grained image feature into a diffusion model. As the IP-
Adapter is compatible with pose ControlNet [34], a human image with a given
pose can be generated using both. However, the aforementioned methods are
oriented towards a single image generation, not considering temporal consistency.

To incorporate temporal consistency into the diffusion model, T2V models
focus on the temporal alignment of latents by inserting temporal layers into
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the diffusion model. In general, T2V models can be extended to Image-to-Video
(I2V) models by replacing text conditions with CLIP image embedding [3] or
by concatenating an encoded initial frame to the temporal layer input along the
channel dimension [4]. However, controlling the object in the generated video
using a pose sequence is out of their research scope. To control humans in the
video, there have been several attempts to generate video conditioned on a pose
sequence [8, 15,2428 30,32]. MagicAnimate [30], which is the most similar work
to ours, extracts pose features from fine-tuned ControlNet and feeds them into
the skip connection of Stable Diffusion UNet. Since MagicAnimate fine-tunes
the ControlNet with the dataset of the target domain, it tends to overfit to
the target domain poses. Meanwhile, using the pre-trained ControlNet without
fine-tuning does not guarantee generalizability or target domain performance,
because there is no way to align the appearance and pose features when the
ControlNet is frozen.

To leverage the pre-acquired knowledge of ControlNet, we keep ControlNet
frozen and train additional LoRA layer to align the appearance and the pose
feature without compromising the ControlNet’s performance. Moreover, to en-
sure the background remains static while maintaining the dynamic motion of
the foreground region, we introduce a pose-driven temperature map to obtain
the static background. Finally, to enhance temporal robustness against the noise
of off-the-shelf pose estimators, we integrate temporal layers into ControlNet for
pose conditioning.

To sum up, our contributions are as follows:

— We propose TCAN, a novel human image animation framework based on the
diffusion model that maintains temporal consistency and generalizes well to
unseen domains.

— We are the first to freeze the pre-trained ControlNet and find it helpful for not
only preventing the network from overfitting to the training domain but also
disentangling appearance from the pose. By introducing the Appearance-
Pose Adaptation (APPA) layer, we effectively address artifacts caused by
frozen ControlNet adaptation.

— We propose Pose-driven Temperature Map (PTM) and Temporal ControlNet
(T-CtrIN) to enhance stability at the video level, demonstrating superior
performance improvement in the video quality metrics (FID-VID and FVD).

2 Related work

2.1 Controllable Diffusion Model for Image Generation

Thanks to the scalability and stable training of diffusion models [14, 26], gen-
erative foundation models [20, 22, 23] are now leading recent image generation
research. Building on the foundation model, active research has been conducted
on the image-based controllable diffusion model. In particular, several studies
have expanded the T2I foundation models into an image-controllable generative
model through modules using image conditioning [9, 10, 18,19, 31, 33, 34]. Such
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modules, trained on large-scale datasets, work as plug-and-play components.
They can be combined with other trained models and used across various ap-
plications. Despite their outstanding adaptation abilities at the image level, the
aforementioned methods focus only on the controllability of a single frame, rather
than a video. In this paper, we leverage modules trained on a vast amount of
image datasets and extend them to the video level, presenting a video generation
model that demonstrates enhanced generalization performance.

2.2 Pose-driven Video Diffusion Models

Several efforts [3,4, 12, 25] have expanded image generation models to video
generation models, with most employing a two-stage training scheme [4,12]. In
the first stage, the image generation model is fine-tuned using video frames. In
the second stage, temporal layers are added and trained while keeping the base
image generation model frozen.

Recent pose-driven video diffusion models follow the same two-stage training
paradigm. In the first stage, the pose-driven image generation model is trained
on individual video frames and corresponding pose images extracted using a
pose estimator. Then, the model is inflated by inserting temporal layers to cap-
ture the temporal information of the pose sequence extracted from a driving
video. Disco [28], for example, takes three properties as input — human sub-
jects, backgrounds, and poses — to achieve not only arbitrary compositionality
but also high fidelity. MagicAnimate [30] achieves state-of-the-art performance
with a parallel UNet architecture conditioned on the source image through an
attention mechanism. While both works show impressive video quality in human
image animation, they address neither overfitting nor the incompleteness of pose
sequences.

Unlike the aforementioned methods, we propose a more generalized model
that performs well on datasets beyond the real human image domain by adapting
prior knowledge from the pre-trained model. Additionally, we use the temporal
ControlNet in the second stage to address incomplete pose information. To the
best of our knowledge, both overfitting and pose incompleteness have not been
explored in previous research.

3 Method

An overview of TCAN is presented in Fig. 2. Given a source image and a driv-
ing video with F' frames, we aim to generate a video that: 1) incorporates the
foreground appearance from the source image, 2) follows the pose of the driving
video, and 3) maintains consistency in the background of the source image.

As shown in Fig. 2, TCAN follows a two-stage training framework widely
adopted in current diffusion-based video generation works [41, 12]: In the first
stage, the source image is transformed to match the pose of each frame in the
driving video at the image level. To achieve this, we tackle the human image
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Fig. 2: Our method involves a two-stage training strategy. We randomly select two
images from the training video and use them as the source image and the driving
image, respectively. In the first stage, the appearance UNet and the APPA layer are
trained conditioning on the source image while the ControlNet is frozen. In the second
stage, we train the temporal layers in the denoising UNet and ControlNet.

animation task as a controllable image
generation task under multiple image
conditions (i.e., a pose condition and a
source image), aiming to generate im-
ages that follow the style of the source
image while adhering to the pose of the
driving frames. We utilize OpenPose [7]
to provide the pose information from the
driving frames as input to the Control-
Net. For the source image conditioning, Source Image  w/o APPAlayer  w/ APPA layer
we use an attention mechanism [30, 37]

to pass the intermediate feature maps " only the frozen ControlNet signifi-
of the appearance UNet to the denois- cantly deteriorates texture quality, while
ing UNet, providing finer features of tpeo APPA layer accurately preserves the
the source image to denoising UNet. In  gstyle of both the foreground and back-
the second stage, we extend the image ground from the source image in the out-
generation model to a video generation put, showing notable differences.

model by adding temporal layers [12].

Fig. 3: Ablation on the APPA layer. Us-

3.1 Appearance-Pose Adaptation Layer

To leverage the well-generalized pose conditioning capability of the pre-trained
ControlNet, we opted to freeze the ControlNet in the first stage, in contrast to
previous studies. By adding the pose information from ControlNet to the denois-
ing UNet’s encoder feature z, we embed the pose information into the denoising
UNet. This is similar to MagicAnimate [30], but we use the feature from the
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frozen ControlNet, unlike MagicAnimate. Along with pose information, we in-
ject the appearance information z, of the source image through the attention
layer as in MagicAnimate [30], which is formulated as the following equation:

Attention(Q, K, V) ft (QKT) A%
ention(Q, K, = softmax ,
Vd

Q=W§2,K=W(z|z2),V=W)(| z),

(1)

where || denotes the concatenation operation along the spatial dimension and
W denotes the projection matrix of the denoising U-Net. We observe that
solely training the appearance encoder with an adaptation of the pre-trained
ControlNet allows for the successful reflection of the driving pose in the generated
images. However, we also note a severe texture degradation in generation results,
as shown in Fig. 3. We conjecture that the degradation of texture information
is attributable to the misalignment between the pose information from the pre-
trained ControlNet and newly trained appearance information. Therefore, we
propose an APpearance-Pose Adaptation layer (APPA layer), which preserves
the appearance of the source image while maintaining pose information from
the frozen ControlNet by aligning the feature of two different properties. Our
proposed APPA layer is illustrated in Fig. 2 (c). We implement the APPA layer
by employing low-rank adaptation (LoRA) to the existing attention layers of the
denoising UNet, specifically formulating the attention layer into the following
equation, where appearance information z, is injected:

Q= (W5 + AW®)z, K = (Wi + AWS) (2 || 2), V = (Wg + AWY) (2 || z0).

(2)
Here, AW{@EV} — BIQKVIA{QK VY The matrices B € R¥” and A € R"*¢
denote low-rank-parameterized matrices with rank r. The appearance UNet and
LoRA layers are trained in the first stage. By introducing the APPA layer, we
effectively address artifacts caused by the frozen ControlNet adaptation. More-
over, we found that such an approach is helpful for preventing the network from
overfitting to the training domain and disentangling appearance from the pose.

3.2 Temporal ControlNet

Pose-guided human image animation methods, including our TCAN, are condi-
tioned on the pose sequence estimated from the driving video. Consequently, the
quality of the generated outputs relies on the accuracy of the pose estimator,
making them inherently susceptible to inaccuracies in the predicted poses. One
potential method to mitigate the impact of errors from the pose estimator is
to fix the false detections from the estimated poses before use. However, dis-
tinguishing noisy keypoints from true positives or adding missing keypoints is
challenging and tedious. Moreover, this frame-by-frame noise removal approach
fails to ensure temporal consistency across multiple frames of the pose sequence.

To prevent the generated video from collapsing due to abrupt and erroneous
pose changes, we propose Temporal ControlNet. Temporal ControlNet incorpo-
rates temporal layers, referred to as the motion module in AnimateDiff [12],
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Fig. 4: Visualization of the attention maps from the temporal transformer block at a
resolution of 64 x 64. Best viewed when zoomed in.

which converts a T2I diffusion model into a T2V diffusion model. When the
input tensor z € RbXexfxhxw of ¢ frames is given, we reshape the tensor as
z € RPhwxfxe and feed it to the temporal layer. The output tensor from the
temporal layer is reshaped as z € RPXeXfxhxw sq that the next layer can ex-
tract features with respect to the spatial dimension.

The rationale behind this strategy is that when the ControlNet, pre-trained
at the image level, receives a sequence containing erroneous poses as input, we
want ControlNet to refrain from directly conditioning the denoising UNet on
the erroneous poses. Instead, by introducing temporal layers into ControlNet,
we can mitigate the erroneous poses by referencing neighboring correct poses
along the temporal axis. During training, only the temporal layers are trained
in the second stage, while the pre-trained ControlNet remains frozen.

3.3 Pose-driven Temperature Map

Even with APPA layers and temporal ControlNet, the TCAN trained up to the
second stage experiences flickering in the static region (i.e., background). To ad-
dress this issue, we propose a novel Pose-driven Temperature Map (PTM). The
PTM is motivated by the observation that, compared to the foreground, the back-
ground tends to have a less specific focus over the temporal axis. Fig. 4 supports
the idea by visualizing the attention maps m € R*f*%f of the temporal attention
layer after the second stage training , where h and w are 64 and the resolution
of each attention map is f x f. Each attention map represents the attention of
each location along the temporal axis across consecutive video frames. For ease
of interpretation, we resized the generated frames and the driving pose frame
to a size of attention maps m and overlaid them. Interestingly, we observe that
the attention map corresponding to the moving parts, i.e., foreground objects,
shows higher diagonal values compared to the static background. This indicates
that dynamic objects stay at the same location temporally, thereby referencing
adjacent frames more than the static background region. Consequently, we de-
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signed a temperature map to smooth the attention scores far from the dynamic
object.

Given driving OpenPose sequence P = {P? | P* € R3>*H>*W i =1 . f} of
f frames, we first generate a binary mask B € {0, 1}#*W indicating the presence
of OpenPose in each pixel. Formally, this can be expressed as follows:

B(u,v) = méxf( B'(u,),

1=

B (u, ) = {1 if Pi(u,v) # (0,0,0) "

0 otherwise,

where u and v indicate the pixel coordinates. Let B’ = {(u,v)|B(u,v) = 1} be
the set of pixel coordinates in B with a value of 1. Then, we can calculate the
distance map D € R¥*W as follows:

min{y/(z —u)? + (y — v)*|(u,v) € B}
V(H/2)? + (W/2)?

where x and y indicate the pixel coordinates of distance map D. Based on the
distance map, we smooth the attention map corresponding to regions far from
the foreground objects , i.e., the background. We define the PTM 7 € RF*W
as follows:

D(x,y) =

, (4)

T =71prm - D+1, (5)

where 7prp; serves as a hyper-parameter that adjusts the scale of the temper-
ature values. The value of 1 is added in order to maintain the attention map
of the region near the OpenPose unchanged. Experimentally, 7p7y; = 3 shows
reasonable performance, and we use this value throughout the paper. Finally,
the PTM 7T is resized to match each temporal layer’s spatial size in the denois-
ing UNet and used as the temperature value for its attention operation. The
formulation applied to the temporal layer of PTM T during inference stage is
as follows (using einops [21] notation):

P
[

rearrange(Q,K7, dbhw ff—-bffhuw
T' = rearrange(T, bhw—b11hw

A = rearrange(A’/(T'Vd), b £ f hw— (b h w) £ f)
2" = softmax(A)V

where Q, = W2 K, = WKz, V, = WYz Here, W¢ WK, and W) are
weight matrices of the temporal layer.

3.4 Training and Long-Term Video Prediction

Training We initialize the denoising UNet with the pretrained weights of Stable
Diffusion 1.5' , the appearance UNet with those of Realistic Vision?, and employ
the weights of OpenPose ControlNet . In the first stage, we freeze all modules
except the appearance UNet and the LoRA layer within the APPA layer. In the

YHugging Face SD 1.5: https://huggingface.co/runwayml /stable-diffusion-v1-5
2Civitai RealisticVision: https://civitai.com /models/42017model Versionld=130072

3Hugging Face OpenPose: https://huggingface.co/lllyasviel /sd-controlnet-openpose
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Fig. 5: Qualitative comparison with baselines on the TikTok [16] dataset. Frames from
segments of the driving video are arranged sequentially.

second stage, we introduce temporal layers to the denoising UNet and ControlNet
while keeping the rest of the weights frozen. The training objective function in
both stages follows the simplified loss of the latent diffusion model [22
Long-Term Video Prediction Due to the memory constraints, TCAN can-
not generate long-term video all at once. However, generating the video of F
frames by concatenating short videos of f frames does not take temporal consis-
tency into account. To address this, during inference, we apply MultiDiffusion [2]
along the temporal axis. This involves overlapping certain pose sequences in the
model’s input and averaging predicted noise for overlapping frames.

4 Experiments

Evaluation setting During training, we use the TikTok dataset [16] only. For
evaluation, we utilize two different datasets. First, we use 10 TikTok-style videos
collected from DisCo [28] as our test dataset, referring to it as the TikTok dataset
evaluation. Second, to assess the generalization of TCAN, we evaluate the model
trained on the TikTok dataset using animation characters. Note that the textures
and body proportions of the animation characters are quite different from those
of real human datasets. We select 10 images from the Bizarre Pose Dataset [7]
as source images and use the 10 TikTok-style test videos as driving videos. We
refer to this as the Bizarre dataset evaluation.

4.1 TikTok Dataset Evaluation

Qualitative Results As shown in Fig. 5, we qualitatively compare our method
with two baselines, DisCo [28] and MagicAnimate [30], both of which demon-
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Method L1}  SSIMf LPIPS| FID||FID-VID] FVDJ
IPA [33]+CtrIN [31] | 7.38E-04 0.459 0.481 69.83| 113.31 802.44
IPA [33]+CtrIN [31]-V| 6.99E-04 0.479 0.461 66.81| 86.33  666.27
DisCo [2¢] 3.78E-04 0.668 0.292 30.75| 59.90  292.80
MagicAnimate 3.13E-04 0.714 0.239 32.09| 2175 179.07
TCAN (w/ mmi1) |885E-05 0.734 0.299 29.07| 29.74 189.77
TCAN (w/ mm2) |8.81E-05 0.745 0.294 29.35| 19.42 154.84

Table 1: Quantitative results on TikTok dataset evaluation. Metrics for baseline meth-
ods are cited directly from MagicAnimate [30]. The best performance is highlighted in
bold, and the second best is underlined. mm1 and mm2 refer to version 1 and version
2 of the pretrained motion module from AnimateDiff [12].

strate state-of-the-art performance in human image animation. Note that Mag-
icAnimate utilizes DensePose, while the others use OpenPose. Due to errors in
the off-the-shelf pose extractor, significant pose information loss is evident in the
fourth frame of Fig. 5(a) and the third and fourth frames of Fig. 5(b). As a
result, DisCo generates an anomalous frame with severe blurring and artifacts
(third frame of Fig. 5(b)). Similarly, MagicAnimate, which is heavily dependent
on DensePose, generates results that align with erroneous DensePose outputs
(Fig. 5(a)). On the other hand, despite using the same OpenPose outputs as
DisCo, TCAN generates temporally consistent outputs without significant dis-
tortion or artifacts, especially in the fourth frame of Fig. 5(a).

Quantitative Results In Tab. 1, we compare our TCAN with four diffusion-
based generation models. The TPA + CtrIN is the model which combines IP-
adapter [33] and pre-trained OpenPose ControlNet [34], and IPA + CtrIN-V is
the model that extends IPA + CtrIN as a video generation model by inserting
the temporal modules. DisCo [28] and MagicAnimate [30] are recently proposed
human image animation baselines.

We conduct TikTok dataset evaluation of 10 test videos using both image-
level metrics (i.e., L1, SSIM [29], LPIPS [35], and FID [13]) and video-level
metrics (i.e., FID-VID [1] and FVD [27]). Given test videos, the first frame of
each video is used as the source image, and the remaining frames are used as
the driving sequence. We use all frames of test videos without sampling during
evaluation. For image quality assessment, we measure L1, SSIM, LPIPS, and
FID between the generated and real frames. For video quality assessment met-
rics, FID-VID and FVD, we use 3D ResNet-50 and Inflated 3D ConvNet [0]
pre-trained on the Kinetics dataset [17] as feature extractors, respectively. For
implementation, we follow the official DisCo repository *.

As reported in Table 1, TCAN shows state-of-the-art performance in all
metrics except LPIPS, without using the additional large-scale human dataset
as in DisCo [28] and MagicAnimate [30]. We evaluate the performance using two
versions of the motion module in AnimateDiff [12] and observe that utilizing
the advanced motion module (i.e., version 2) as the initial weight results in
noticeably higher performance.

4DisCo Repository: https://github.com/Wangt-CN/DisCo
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Fig. 6: Qualitative results of TCAN. This figure shows that our method effectively
transfers motion information to various identities, including animated characters, de-
spite differences in proportions between animation characters and humans.

4.2 Bizarre Dataset Evaluation with Pose Re-targeting

Pose Re-targeting Beyond the TikTok dataset evaluation, where both the
source image and driving sequence are derived from the same video, we extend
our model to applications where the foreground object in the source image pos-
sesses body proportions different from those of an actual human. Specifically,
when the source images are sampled from an animation domain, there are sig-
nificant differences in body proportions compared to TikTok dataset, as depicted
in Fig. 6 and Fig. 7. To address this issue, we propose a re-targeting method-
ology. The pose re-targeting is designed to transfer the body the proportions
of an object in the source image to that of the target frame, regardless of the
object proportion in the driving sequence. When used in practice, we re-target
the pose sequence estimated from the driving video so that the retargeted poses
fit the proportion of the animation character in the source image. As shown in
Fig. 6, re-targeting enables the preservation of proportions of an object in the
source image, regardless of whether the object features a human or an animated
character, while faithfully following the motions in the driving video. Detailed
explanations of the Pose Re-targeting are provided in the supplementary mate-
rial.

Qualitative Results In Fig. 7, we qualitatively compare our TCAN with exist-
ing human image animation baselines, DisCo and MagicAnimate. For the sake of
fairness, the re-targeted OpenPose sequence is used as a driving pose sequence
for DisCo. We observe that the DisCo fails to maintain temporal consistency
and character identity. Similarly, MagicAnimate, conditioned on DensePose [11],
generates videos that compromise the source image’s identity with the shape in
driving video. In contrast, thanks to the APPA layer and pose re-targeting, our
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Fig. 7: Qualitative comparison in a Bizarre dataset evaluation. As a source image, we
use an animation character with different textures and body proportions compared to
driving videos in TikTok dataset. Disco and our model, based on OpenPose are eval-
uated by applying the proposed pose re-targeting. To demonstrate the generalization
performance of proposed method, we also visualize the results obtained when training
ControlNet.

model animates following the driving video’s motion while preserving the source
image’s identity. As demonstrated in the last two rows in Fig. 7, freezing the
ControlNet plays a significant role in maintaining the identity. We conjecture
that this occurs because freezing the ControlNet allows for the disentanglement
of the network branches responsible for pose and appearance during training.
Additionally, the pre-acquired knowledge of the ControlNet trained with Open-
Pose excels at understanding uncommon body postures and proportions.

User Study We further conduct a user BikGo
study to evaluate the Bizarre dataset. A 5

total of 27 participants were shown 10 s

videos generated by DisCo, MagicAni-
mate, and TCAN, respectively. Following
this, participants were asked to rate the
video on a scale from 1 to 5 based on

MagicAnimate Ours

four criteria: 1) Motion and identity, 2)
Background, 3) Flickering, and 4) Over-
all preference. The detailed instructions Fig.8: User study results involving a
for each criterion are as follows: total of 27 participants.

Identity & Motion ~ Background Flickering Overall

— Motion and Identity: Please rate how well the motion of the driving video
was reflected while maintaining the identity of the source image.
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Fig. 9: Qualitative results from our ablation study. We visualized the results of in-
corporating the proposed temporal ControlNet and PTM into the model with APPA
layer. Red boxes highlight areas with body artifacts and background flickering.

— Background: Please rate the extent to which the background of the source
image is maintained in the generated video.

— Flickering: Please rate how minimal the flickering is in the video.

— Overall: Please rate the overall preference score for the video.

As shown in Fig. 8, our TCAN consistently outperforms previous state-of-the-
art baselines. DisCo receives the lowest scores on all of the criteria due to severe
flickering, identity loss, and artifacts in the foreground character. MagicAnimate
also suffers from identity loss by generating characters that fit the DensePose of
the driving video. Thanks to our novel PTM, our model demonstrates superior
performance with minimal background flickering while maintaining the best per-
formance in other criteria. Consequently, our model achieves the highest overall
quality preference.

5 Ablation Study

Qualitative Results We first investigate the generalization performance of
APPA layer in the animation domain. We compare TCAN with a variant where
ControlNet is unfrozen, and the APPA layer is omitted, For both models, we use
re-targeted OpenPose as the input. As demonstrated in the Fig. 7, even when the
ControlNet is initialized with pre-trained weights, the model exhibits a loss of
prior pose knowledge if we unfreeze the ControlNet during training. Therefore,
it fails to incorporate the variant poses in driving videos, leading to artifacts,
particularly in the arm and torso regions. In contrast, our model, which keeps
ControlNet frozen with the APPA layer, effectively maintains the appearance of
the source image while accurately following the pose of the driving sequence.
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APPA Temporal

Layer ControlNet PTM| L1l SSIMTLPIPS| FID| FID-FVD| FVD]

X X X |113E-04 0.709 0.342 40.60  37.33 368.71
4 X X |9.52E-05 0.728 0.306 31.13  33.64 252.13
4 4 X |9.38E-05 0.724 0.311 30.83  30.04 216.78
4 v v [8.85E-05 0.734 0.299 29.07 29.74 189.77

Table 2: Ablation results of our proposed training components on TikTok dataset.
Our proposed TCAN utilizing all proposed modules shows the best performance across
all image and video metrics. The highest performance is highlighted in bold.

Also, we examine the effect of our temporal ControlNet, and PTM. Fig. 9

shows eight consecutive frames from the generated video for each experimental
scenario. First, we demonstrate the effect of the temporal ControlNet, which is
shown in the second and third rows of Fig. 9. The ControlNet branch expanded
with temporal layers smooth out erroneous poses compared to the original Con-
trolNet, where the right(orange) and left(green) arms are switched after the
second frame and get back to normal at the last frame. This improvement is
attributed to the temporal ControlNet, which effectively addresses outlier poses
compared to the time-independent pose conditions provided by the image-level
ControlNet model. Furthermore, as observed in the last row of Fig. 9, the com-
plete model with PTM effectively removes flickering artifacts caused by the yel-
low light, which is not present in the source image.
Quantitative Results Table 2 quantitatively demonstrates the effectiveness of
each proposed method. The first two rows demonstrate that using the APPA
layer to align appearance and pose significantly improves both image and video-
level metrics, supporting the notable texture quality enhancement as evidenced
in Fig. 3. Additionally, the temporal ControlNet and PTM have enhanced the
temporal consistency of the generated videos, contributing to quantitative per-
formance improvements, as shown in the last two rows of Table 2.

6 Conclusion

We present TCAN, a novel human image animation diffusion model with tem-
porally consistent pose guidance. Our approach adapts the latent space between
appearance and poses for effective utilization of the pre-trained pose ControlNet
and alleviates errors from the off-the-shelf pose extractor by incorporating the
temporal module into ControlNet. Moreover, during inference, our temperature
map derived from the input pose sequence promises a consistent background of
the output video. Experimental results on both challenging TikTok dataset and
an extension to the unseen domain using Bizarre pose dataset promise the su-
periority and generalizability of our method in animating human images. Even
so0, the potential misuse of such videos as deep fakes highlights the ongoing need
for research into verification models that can detect traces of generative models.
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