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Abstract. In this paper, we introduce PoseCrafter, a one-shot method
for personalized video generation following the control of flexible poses.
Built upon Stable Diffusion and ControlNet, we carefully design an in-
ference process to produce high-quality videos without the correspond-
ing ground-truth frames. First, we select an appropriate reference frame
from the training video and invert it to initialize all latent variables for
generation. Then, we insert the corresponding training pose into the tar-
get pose sequences to enhance faithfulness through a trained temporal
attention module. Furthermore, to alleviate the face and hand degrada-
tion resulting from discrepancies between poses of training videos and
inference poses, we implement simple latent editing through an affine
transformation matrix involving facial and hand landmarks. Extensive
experiments on several datasets demonstrate that PoseCrafter achieves
superior results to baselines pre-trained on a vast collection of videos
under 8 commonly used metrics. Besides, PoseCrafter can follow poses
from different individuals or artificial edits and simultaneously retain the
human identity in an open-domain training video. Our project page is
available at https://ml-gsai.github.io/PoseCrafter-demo/.

Keywords: Personalized Video Generation - Pose Guidance - One-Shot
- Diffusion Models

1 Introduction

The generation of digital humans, particularly through pose-guided techniques
that allow for the creation of personalized human videos following specific pose
instructions, holds significant promise in both practical and entertainment are-
nas. At the front of this area, pose-guided image-to-video approaches |6}/20./41,/45|
involve the conversion of a static human photograph into a dynamic video se-
quence adhering to given pose sequence. Despite its promising prospects, this
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technique confronts challenges due to the high-dimensional nature of video data,
necessitating extensive datasets of high-quality human videos, often beyond pub-
lic accessibility [20]. Moreover, the computational costs involved in processing
such data can be exceptionally daunting.

To circumvent the challenges associated with large-scale data requisites and
substantial training expenditures, this paper focuses on a one-shot setting where
we aim to generate videos, retaining the identity in a single training video and
following the control of flexible poses. Notably, while existing video editing meth-
ods [4,126},3643[51] have provided valuable insights, their applicability is limited
because they significantly rely on real video frames corresponding to the target
poses. This prerequisite poses a significant challenge within the realm of video
generation, where such frames are unavailable, compounding the difficulty of
generating high-quality content. Particularly, our empirical findings, as detailed
in Tab. [I| and Tab. [2| vividly demonstrate that a representative approach [51]
produces videos with notably inferior quality.

To relieve this dependency, in this paper, we present PoseCrafter, a one-
shot method for personalized video generation following the control of flexible
poses. Built upon Stable Diffusion [33] and ControlNet [47], PoseCrafter requires
merely fine-tuning the pre-trained model on a single open-domain video. Tech-
nically, we carefully design an inference process to produce high-quality videos
following flexible pose control without the corresponding frames. First, we select
an appropriate reference frame from the training video and invert it to initialize
all latent variables for generation. Then, we insert the corresponding training
pose into the target pose sequences to enhance faithfulness through a trained
temporal attention module. Furthermore, to alleviate the face and hand degrada-
tion resulting from discrepancies between poses of training videos and inference
poses, we implement simple latent editing through an affine transformation ma-
trix involving facial and hand landmarks.

Compared with the aforementioned image-to-video methods [6}20}|41}/45],
PoseCrafter is both computational and data efficient. Besides, leveraging a video
as a source offers a richer tapestry of information than a single image, e.g., un-
covering occluded details. Moreover, fine-tuning with a video source facilitates
a deeper comprehension of individual identities and environmental nuances, sig-
nificantly enhancing the authenticity and fidelity of the generated video content.

Experimentally, we conduct extensive evaluations on two publicly accessi-
ble datasets, TikTok 23] and TED |[37], covering real-life dancing and speaking
scenarios. Quantitative (under 8 common metrics) and qualitative results (see
Sec. demonstrate that PoseCrafter produces videos of higher quality than
available image-to-video baselines [41}/45], including commercial-grade applica-
tions such as GEN-2 [11], and fine-tuning based approaches for specific sub-
jects |41L/51]. Moreover, we illustrate that PoseCrafter can follow flexible pose
control including different poses from the same individual, artificially designed
poses, and poses of different individuals (see Sec. . These findings strongly
support the potential of one-shot methods for pose-guided video generation.

The key contributions of this paper are summarized as follows:
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e We present PoseCrafter, a one-shot pose-guided personalized video genera-
tion framework, designed to circumvent the need for large-scale high-quality
human video datasets and extensive training resources.

e PoseCrafter introduces reference-frame selection and insertion to improve
sample quality, and further alleviates face and hand degradation through
simple latent editing.

e PoseCrafter fine-tuned on a single video achieves superior results to baselines
pre-trained on a vast collection of videos under 8 commonly used metrics.

e PoseCrafter can follow poses from different individuals or artificial edits and
simultaneously retain the human identity in an open-domain training video.

2 Related Work

2.1 Controllable Image Generation

Recently, because of the capacity to produce high-fidelity samples, diffusion mod-
els are inherently utilized in controllable image generation |1410,(16}/27,50,/52].
Text-prompt-based methods [324|33,/35] often struggle with precise control, lim-
ited by text-image pair quality and complexity of lengthy inputs. Attention con-
trol [10,/16] and latent editing [7}/30] can somewhat enhance alignment of text-
to-image generation. Personalized methods [19,[34] capture the common concept
across a few images and reproduce that concept in generated images. Further-
more, some research [28,/47] introduces adapters that input various conditions
like skeleton images to steer semantics and spatial structures. Our work centers
on controllable video generation with pre-trained adapters and latent editing.

2.2 Video Editing and Predicting

Video editing aims to modify given videos to meet specific requirements. Training-
based methods [8|11}/25] involve collecting and training on large-scale videos, in-
curring high costs. To circumvent this, train-free methods [31,42.{48| effectively
extend existing text-to-image models into the video domain but may compro-
mise on capabilities. One-shot methods [4}26,,36,43,51] offer a balance between
computational cost and performance, requiring tuning on just a specific video
instance. Our work also focuses on the one-shot setting but surpasses video edit-
ing, as it eliminates the need for corresponding original videos of input pose
conditions. Video prediction [13,/40,/44] is intended to forecast a segment of a
video based on other segments. In our context, when training and inference poses
originate from the same individual, our task can be viewed as video prediction.

2.3 Personalization Video Generation

Text-to-video models [17}24,38| create a specific subject video through text de-
scription. Image-to-video approaches [2}/12}[29] animate a still image to produce
a dynamic variation about it. To harness the vast array of personalized image
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models in the community, certain techniques [15] transfer these into video gen-
eration models by incorporating temporal modeling modules pre-trained on a
large-scale video dataset. Concentrating on controllable human-centric genera-
tion, some human pose transfer works [37,49] migrate the motions of a source
video to a target subject. However, these methods are inflexible due to using
the original video as guidance. More relevant to our work, pose-guided image-
to-video generation [6,20,/41},|45] adapts a given image to match specific pose
sequences. Due to the complex distribution of human video data, they often
need to train on extensive high-quality human videos that may be unavailable.
To circumvent the need for large-scale human video datasets and extensive train-
ing resources, we adopt a one-shot setting. Disco |41], which underwent training
on the TikTok dataset |23] offers a strategy for fine-tuning on a single video. In
contrast, our method eliminates the need for pre-training on video data, requir-
ing tuning only on a single video of the target individual. Similar to our work,
Everybody-Dance-Now [5] excludes additional training videos but requires long
videos of a target subject (8-17 minutes), while our method merely needs a few
video frames (e.g., 8 frames).

3 Preliminary

ControlVideo [51] is a representative one-shot video editing method following the
additional control based on ControlNet [47]. For video editing, formally, given a
source prompt ps, a reference video with N frames X = {x;}}¥ , a target prompt
pt, and extracted condition Q from X, it aims to generate a high-quality video
V = {v;}¥,. In the following, we present the technical details of ControlVideo.

Model Architecture. ControlVideo consists of two main components: a large-
scale latent diffusion model (i.e. Stable Diffusion) for image generation [33],
and a condition control model, ControlNet [47]|, which ensures the generated
images adhere to input conditions Q. To adapt this image generation framework
to video applications, ControlVideo integrates two key temporal modules: key-
frame attention and temporal attention.

Key-Frame Attention. To achieve an intersection in the temporal axis across
frames, ControlVideo advances self-attention as key-frame attention, in which
all frames in a video share the key and value of a certain frame. Specifically, for
a hidden feature map = € R(/»%¢) where f indicates video length and d is the 1D
spatial dimension, given a query matrix @);, key matrix K;, and value matrix V;
in a self-attention for the i-th frame, key-frame attention is formulated as:

QK]
Je

where ¢ is the hidden feature dimension and k is the index of the key frame
providing the key and value for all frames.

Softmax( VWi, (1)
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Temporal Attention. To further improve temporal consistency, ControlVideo
introduces temporal attention [18], which computes feature similarity at the
same spatial location across all frames. Specifically, it firstly exchanges the frame
length and the spatial dimension so that z € R(%/:¢). Then, given the Qj, K;
and Vj for the j-th spatial location, temporal attention is computed as:

KT
Softmax(Q]\;zj V. (2)

Training and Inference. To enable parameter-efficient fine-tuning based on
pre-trained weights from large-scale image generation models |33|, partial param-
eters in key-frame attention and temporal attention are trainable. In particular,
ControlVideo model €g can be trained on a single training video with extracted
conditions Q by the mean-squared error:

]Et,X,ENN(O,I)||6 - ee(g(Xt)at7Q7p8)||ga (3>

where X indicates a noise video at the timestep ¢, and £(+) is an encoder function
compressing X, into a lower-dimensional latent variables Z; = £(X;) which is
reversible through a decoder function D(:) [33|. During inference, it employs
DDIM inversion [39] of X to create an initial latent Z; as guidance, which is a
crucial step for detail preservation of X and is represented as:

Zr = DDIM-inv(X, Q, ps). (4)

4 PoseCrafter

For crafting pose-guided personalized videos in a one-shot setting, we introduce
a holistic framework PoseCrafter in Sec. [f.I] and propose two key techniques, i.e.
reference-frame selection and insertion in Sec. and latent editing in Sec.

4.1 Settings and Framework

Our goal with a human-centric reference video is to create a high-quality video
that follows a specific target pose sequence while preserving the identity from
the reference. This task is notably more complex than video editing due to the
absence of corresponding videos for the target poses. Applying ControlVideo in
this scenario is not straightforward, as it depends on the DDIM inversion of
non-existent videos to generate the initial latent Z; for guidance (see Eq. (4)).
Formally, given a source prompt ps, a reference video with N frames X =
{x;}¥, and corresponding extracted poses Q = {q;}¥,, along with a target
prompt p; and a pose sequence consisting of M frames P = {p;}},, we aims
to generate a high-quality video V = {v;}M . This video should be of superior
fidelity, exhibit exceptional faithfulness to X, and accurately align with P.
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Fig. 1: Inference framework of PoseCrafter. First, we select a frame from the training
video to form a pseudo reference video, followed by DDIM inversion. Next, the pose
from the reference frame is inserted into the inference poses. Finally, we edit latent to
refine the generation of faces and hands by affine transformation.
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As illustrated in Fig. [T we introduce a novel framework PoseCrafter, which
shares a similar model and training protocol as ControlVideo yet a distinct in-
ference process to address the aforementioned challenge. In particular, we utilize
Stable Diffusion for video generation, coupled with the condition control
model ControlNet to accurately dictate specific postures in digital humans
(see Sec.[3). The training employs the loss function (see Eq. (3))) on an individual
video. Moreover, to mitigate GPU memory constraints on long video training, we
randomly sample n frames from a training video along the time dimension as a
minimal batch at each training iteration. For the inference phase, to bypass the
reliance on videos corresponding to target poses P, we introduce a reference-
frame selection and insertion technique to enhance faithfulness (see Sec. [4.2)),
and latent editing to refine face and hand details (see Sec. .

4.2 Reference-Frame Selection and Insertion

Our preliminary experiment suggests that using random noise as the initial la-
tent Zp struggles to preserve human identity and background. To tackle this
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problem, we select the frame x, (r € [1, N]) whose pose coordinates are clos-
est to the inference poses from the training video as the reference frame. Given
training poses {q;})¥.; and inference poses {p;}},, we determine the index of
the reference frame x, as follows:

. 2
r=a 1£ISHN 1<Z<:M fac =il ?
VS

where || -||2 denotes the ¢ norm. Subsequently, we replicate x, M times to create
a pseudo reference video {x, }*, matching the length of the inference poses. This
allows us to use the DDIM inversion [39] of this pseudo video as the initial latent.

Notably, by inverting the reference video {x, } to initial latent Zr = {z, }
and then generating the video V guided by inference poses P, we can endeavor to
preserve as much detail as possible in the training video. Previous work [41] uses
the same fixed noise latent for all generated frames rather than different random
noise latent to maintain better temporal consistency, so we prefer merely one
reference frame instead of multiple frames to form the pseudo reference video.

To further enhance identity faithfulness, we insert the pose q, of x, into in-
ference poses {P;},, creating an extended sequence of M + 1 elements, i.e.
{qr,P1,P2,-- .,pM}El Following this augmented sequence, we generate M +
1 frames and subsequently remove the redundant frame after inference. This
method effectively deepens the connection between the generated video and the
reference frame, i.e. faithfulness, as DDIM inversion and sampling [39] can ac-
curately reconstruct the original image (i.e. the reference frame) while temporal
modules (see Sec. [3)) encourage generated frames to be consistent.

4.3 Improve Face and Hand Generation by Editing Zr

Our initial experiments reveal that a higher number of landmarks for faces and
hands, coupled with the demand for finer details in the generated results, ne-
cessitates a tailored approach to editing latent variables for facial and hand
features to enhance generation quality. Specifically, we draw inspiration from
classical methods in face alignment [22], calculating the corresponding affine
matrix based on facial landmarks from the reference frame pose and the target
frame pose. More precisely, given a face landmark (z,y) and its corresponding
target (z’,y’), we can achieve that mapping by an affine transformation:

/

T T abece T
v | =Aly|=|def]| |y]|, (6)
1 1 001 1

where A is an affine transformation matrix with six degrees of freedom. For
scenarios involving multiple landmarks, we solve the following least square opti-

3 To be compatible with key-frame attention, we place q, as the key frame with
position k, and in our experiments, we set k = 1 by default.
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mization problem to get the affine transformation matrix Ap,:

— : _ 2
Ap, = argmin Z AV — vy, |5, (7)

veFly,

where Fy, consists of all face landmarks for the reference pose p, and vp, is the
landmark in the target pose p; corresponding to v.

As illustrated in Fig. [} for each inference pose p;, we edit its latent variable
z.., derived from the DDIM inversion process, using the specific affine matrix
Ay, . Specifically, we apply the affine transformation to the entire latent variable
z,, creating a transformed version zP'. We then selectively transfer the facial
area of zP’, defined as the minimal bounding rectangle encompassing the facial
landmarks of p;, directly onto the corresponding areas of z, for generating tar-
get frame v;. Moreover, similar operations based on hand landmarks are also
performed, resulting in improved hand features in our experiments (see Fig. @
We believe that this latent editing can be extended to more body parts like legs.

It is noted that the latent variable for each frame is a copy of the latent
variable from a single reference frame, hence we perform the DDIM inversion
operation just once. Subsequently, different affine transformation matrices are
applied to obtain corresponding final latent variables. This approach is more
efficient than performing affine transformations on the reference frame followed
by separate DDIM inversions for each. Moreover, editing directly in pixel space
reduces image quality obtained after DDIM inversion and subsequent sampling.

Notably, PoseCrafter can follow poses from different individuals or artificial
edits and simultaneously retain the identity in an open-domain training video.

5 Experiments

5.1 Experimental Settings

Datasets. We train and evaluate our method on test splits of two public datasets
TED [37] and TikTok |23|. Due to changes in user privacy and download permis-
sions, we can only download 128 TED test videos from YouTube using download
links provided in [37|. Following prior work [6}/41}/45], we use 10 TikTok test
videos presented in [41]. We also gather 10 high-quality videos from YouTube,
encompassing a variety of scenes such as interviews, movie clips, and talk shows.
For each video, we designate 100 frames as test frames and uniformly select N
frames from their preceding frames as training frames. We crop and resize all
videos to a uniform 512 x 512 resolution. See Appendix A.1 for more details.

Implementation Details. We initialize the models with the publicly available
realistic model, leosamsMoonfilm [9], based on Stable Diffusion 1.5. For accurate
pose extraction, we employ DWpose [46], an excellent 2D pose extractor. During
training, we set the learning rate as 0.003 and the minimal batch size n =
8. Note that our method requires only 2 minutes to complete training on an
individual video with 8 frames using an RTX3090 GPU, and all experiments are
implemented on RTX3090 GPUs. Please refer to Appendix A.2 for more details.
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Evaluation. We evaluate video quality encompassing temporal consistency,
faithfulness, fidelity, and pose alignment by 8 common quantitative metrics.
Specifically, we measure temporal consistency by calculating the average CLIP
similarity (CLIP-T) among all frames of the generated video. To assess faith-
fulness, we use the average similarity (CLIP-I) between reference images and
generated frames. Regarding video fidelity, we adopt FID and FVD. For pose
alignment, we compute the mean squared error (MSE-P) between 2D keypoint
coordinates of all pose pairs extracted from generated images and real images.
Additionally, we consider common reconstitution measures such as SSIM, PSNR,
and LPIPS, which calculate the average distance between all pairs of generated
images and corresponding ground truth, involving temporal consistency, faith-
fulness, fidelity, and pose alignment.

Baselines. We select four representative methods as baselines for a compre-
hensive comparison. (1) Pose-guided image-to-video methods: Disco [41] and
MagicAnimate [45], which are pre-trained on a combination of large-scale image
data and smaller video data. We utilize their provided public checkpoints trained
on TikTok videos (around 350 videos with 10-12 seconds and 30 fps)ﬂ (2) Pose-
guided one-shot fine-tuning methods: ControlVideo and fine-tuned Disco. For
ControlVideo, we inverse the 1-st frame in the training video and edit it guided
by inference poses. For Disco, we use their introduced methods to fine-tune it
on each video. More details are provided in Appendix A.3.

5.2 Main Results

We demonstrate that PoseCrafter fine-tuned on a single video achieves superior
quantitative and qualitative results to baselines pre-trained on a vast collection of
videos. Note that, for a fair comparison, we unify image resolution, test dataset,
and evaluation codes which may differ across all methods.

Quantitative Comparisons. Tab.[[]and Tab. 2| present the quantitative com-
parison on TikTok and TED, separately. Although training on 8 frames, by the
comprehensive framework and sophisticated inference algorithm, PoseCrafter
achieves competitive results on all 8 metrics to the state-of-the-art baseline Mag-
icAnimate on TikTok, but superior results than it on TED which indicates its
limited generalization capability. Moreover, our method significantly improves all
metrics than ControlVideo and one-shot Disco, demonstrating the superiority of
our training and inference framework. Remarkably, PoseCrafter, which requires
only about 12 minutes of training on 32 frames with a single RTX3090 GPU, sig-
nificantly outperforms MagicAnimate and excels in all quantitative metrics than
all baselines on TikTok. This underscores the potential of one-shot methods,
which, even with limited training, can surpass approaches relying on extensive
training for crafting high-quality pose-guided personalized videos.

Additionally, fine-tuned Disco degrades many metrics on TikTok. We hypoth-
esize that Disco fine-tunes its cross-attention layers in UNet and full parameters

4 Disco additionally collects 250 internal TikTok-style videos for training.
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Table 1: Quantitative results on TikTok test dataset. NFs represent the number of
available frames for the corresponding method. Image-GT signifies that these image-
level metrics are calculated between each generated image and its corresponding ground
truth image. 1 represents we fine-tune corresponding methods using their tailored
strategies for specific subjects.

Image-GT Image Video
ks SSIM 1t PSNR 1 LPIPS | MSE-P | FID | CLIP-I1 1t FVD | CLIP-T ¢t

Method N

DisCo [41] 1 0.704 15.16 0.358 9.11E-3 76.40  0.827  689.23 0.908
MagicAnimate |45 1  0.756 17.95 0.265 5.48E-3 57.60 0.846  374.40 0.918
Discot |41] 8 0.683 15.33 0.371 8.86E-3 65.73  0.813  807.35 0.886
ControlVideo [51] 8  0.738 16.93 0.311 6.78E-3 56.50  0.827  489.30 0.912
PoseCrafter (ours) 8  0.765 17.36 0.275 5.76E-3 48.09  0.840  440.49 0.921

PoseCrafter (ours) 16 0.776 17.87 0.252 5.23E-3 42.09 0.864 397.19 0.919
PoseCrafter (ours) 32 0.786 18.56 0.233 4.05E-3 39.65 0.854 362.09 0.922

Table 2: Quantitative results on TED test dataset. NFs represent the number of avail-
able frames for the corresponding method. Image-GT signifies that these image-level
metrics are calculated between each generated image and its corresponding ground
truth image. t represents we fine-tune corresponding methods using their tailored
strategies for specific subjects.

Image-GT Image Video
Method NFs SSIM t PSNR 1 LPIPS | MSE-P | FID | CLIP-I1 1 FVD | CLIP-T 1
DisCo [41] 0.550 17.22 0.327 3.20E-3 51.57 0.794  309.62 0.909

1
MagicAnimate |45 1  0.498 13.32 0.338 1.97E-3 46.96 0.801  194.03 0.912
Discot |41] 8 0.551 17.98 0.373 3.93E-3 60.56  0.827  244.62 0.909
8
8

ControlVideo [51] 0.771 22.32 0.196 1.62E-3 29.01  0.866  109.36 0.940
PoseCrafter (ours) 0.810 23.92 0.142 1.56E-3 20.40 0.906 80.01 0.954

in ControlNet (294.95 M in total), and thus is easy to overfit to a single training
video. As a comparison, our method only requires fine-tuning 68.79M trainable
parameters (see Sec. , which is a more efficient fine-tuning strategy. Moreover,
given the variations in evaluation codes, generated image resolutions and test
frame counts among methods, we avoid directly citing their reported results. In-
stead, we standardize these elements to ensure a fair comparison. A comparison
with their originally reported results is provided in Appendix B.1.

Qualitative Comparisons. Fig. [2] shows the qualitative comparisons of our
method to all baselines on TED and TikTok. Disco and MagicAnimate rely on
OpenPose [3] or DensePose [14] without hand and face poses and thus do not
precisely control hand and face details such as facial expression. Moreover, due
to the absence of similar reference videos in their training corpus, they struggle
to preserve high-level human details such as illumination and clothing on TED.
Although fine-tuned Disco on each individual improves detail maintenance to
training videos and ControlVidoe uses the DDIM inversion, they still do not
supersede PoseCrafter, emphasizing the importance of our training and inference
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framework. As time progresses, the characters generated by a commercial-grade
application ( i.e. GEN-2) increasingly diverge from the reference image.

Additionally, with more training frames (N = 32), PoseCrafter generates the
highest quality videos among all methods on TikTok, which is consistent with
quantitative results. Overall, PoseCrafter yields videos most closely aligning with
the ground truth among all approaches on TED and TikTok. Remarkably, when
the extracted poses are precise, PoseCrafter is capable of generating videos of
superior quality compared to the original ground truth, exemplified by our hands
in the last image of the TED examples in Fig. 2]
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Truth
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Disco

)
i

a ﬂ,.w 2 wf._ y..
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Fig. 2: Qualitative Comparisons of all methods (M = 100). Left: TED. Right: TikTok.
Time progresses from left to right. PoseCrafter yields the hlghest quality videos.

=8

Ours
Ours
N=32

5.3 Applications

PoseCrafter, trained in an open-domain video such as interviews, movie clips,
and speeches, can follow flexible pose control: (1) poses from the same individual;
(2) artificially crafted poses; and (3) poses from different individuals.

Inference with Poses from the Same Individual. Fig.[3]depicts the results
of PoseCrafter guided by poses of the same individual as in training frames. Pose-
Crafter adeptly reconstructs intricate background elements like picture frames
and logo texts, and human details including hairstyles and wrinkles. By tweaking
the target prompt p;, it allows for modifications in human attributes, such as
changing hair color from black to red, as illustrated in the final row of Fig. 3]
In cases where partial segments in a video are of low quality yet yield reliable
poses, we can utilize PoseCrafter trained on remaining segments to regenerate
the deficient clips, serving as a form of video inpainting.
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Fig. 3: Inference from poses of the same individual (N = 100 and M = 100). Time
progresses from left to right.

Inference with Artificially Designed Poses. Using pose editors |21], we
can alter the pose of a specific training frame to create “dream pose sequences”
for guiding PoseCrafter. Illustrated in Fig. @] we demonstrate this by having a
character in entertainment videos progressively blink their right eye, a movie
character gradually turn their head to the right, and a speaker lift and wave
their left hand and finally sway their head.

Inference with Poses from Different Individuals. As depicted in Fig.
PoseCrafter effectively utilizes the poses of an individual different from that in
the training frames, successfully creating consistent and faithful videos. However,
there may be variations in the facial and body shapes of the created characters,
owing to the use of poses from figures with varying facial and body proportions.
Moreover, more results with larger and more complex movements are provided
in Appendix B.2.

5.4 Ablation

We investigate the significance of reference-frame selection, integration, and la-
tent editing. As demonstrated in the Fig.[6] the automatic selection of a reference
frame in original videos leads to a notable improvement in video quality and
faithfulness compared to ControlVideo. Its insertion into inference poses further
enhances detail preservation in training videos. In addition to refining face and
hand generation, latent editing strengthens temporal consistency in generated
videos. The quantitative analysis, detailed in Appendix C.1, corroborates the ef-
fectiveness of these distinct stages in our methodology. In summary, these critical
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Fig. 4: Inference from artificially designed poses (N = 100 and M = 8,8,16). Time
progresses from left to right. From top to bottom: the first pose sequence features a
right eye blink; the second pose sequence involves tilting the head rightward; the third
pose sequence is waving an arm followed by shaking the head.

design elements contribute to the enhancement of video quality. Furthermore,
the roles of training frame quantity and sample timestep choice in latent editing
are explored in Appendices C.2 and C.3, respectively.

6 Conclusions

In this paper, we introduce PoseCrafter, a one-shot tuning method for crafting
pose-guided personalized videos without the need for extensive data. To address
dependence on original videos of given pose sequences in video editing, we intro-
duce two crucial algorithms to enhance video quality: reference frame selection
and insertion, and latent editing. Furthermore, PoseCrafter, trained in an open-
domain video, demonstrates adaptability to a range of pose sources, including
poses from distinct individuals.

Limitations. The video quality of PoseCrafter depends on the ControlNet and
latent diffusion models, which struggle with complex poses like crossed fingers,
presenting a limitation in our approach. When using poses from others, the body
proportions of our generated characters change accordingly. Moreover, large dif-
ferences between training and inference poses can degrade video quality. Specific
failure cases are presented in Appendix B.4.
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