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1. Motion and Background Retrieval

Motion Acquisition. For motion retrieval, the key idea is
to retrieve the top-k closest matches by computing dynamic
time warping (DTW) distances between the recorded and
candidate motions’ orientation and translation. For orienta-
tion, we focus on the horizontal direction (yaw) since a mo-
bile phone’s IMU provides a more robust estimate in this
axis compared to roll and pitch. Moreover, yaw captures
spinning, which, along with translation, effectively repre-
sents most of the motions. For simplicity, we define orien-
tation as yaw throughout the rest of the paper. Below we
introduce the details of motion retrieval.

First, the user performs a motion while holding a phone,
recording IMU data to obtain orientation O, and global
translation 7. 5, where N is the motion length. Here, the
orientation is directly derived from the device’s motion sen-
sors, while the global translation is computed through a
multi-step process. First, we filter the acceleration data to
reduce noise. Then, we integrate the filtered acceleration to
obtain velocity, followed by a second integration to derive
translation over time.

For each candidate motion 7 in the database (stored as
RGB video), we extract the SMPL [13] sequence S i N and
global translation ’Tf v using a pretrained human pose esti-
mator [10], where N is the motion length. The candidate’s
orientation Oi: 5 is obtained from the yaw component of
the global rotation of the root joint in Si; - We compute
the distance between the recorded motion and each candi-
date as:

Di :Ddtw(ol;]\?aOi;N)+aDdtw(71:N7 1i:N)’ (1)

where D gy, 1s dynamic time warping (DTW) to handle se-
quences of different lengths. o = 0.1 is a constant that
balances orientation and translation importance. All can-
didates are ranked based on D, and the top-k motions are
retrieved for user selection. After selection, we extract the
DWPose sequence Pj. as target pose sequence.

In practice, we set our motion database to the same as
our training set, as the training videos consist of fit check

Figure 1. Examples of Images from Background Database. The
dataset contains a diverse collection of images spanning both in-
door and outdoor environments.

videos, which provide well-suited motions.

Background Acquisition. The retrieved motion must
be compatible with the new background, ensuring natural
alignment with the ground plane. One approach is to rotate
the SMPL sequence of the retrieved motion to align with
the ground plane of any given background, and then extract
DWPose from the rendered motion. However, this fails due
to foot sliding in the estimated SMPL sequence. Instead, we
opt for background retrieval, selecting backgrounds where
the ground plane is closely aligned with the retrieved mo-
tion. Specifically, we begin by utilizing a pretrained depth
estimation model [19] and a pretrained image segmenta-
tion model [8] to estimate the ground plane normal for both
the original background — where the motion was captured —
and all candidate backgrounds. Then, we retrieve the top-
k backgrounds from our database with the closest ground
plane normals. Once a background is selected, we automat-
ically scale and translate P;.y to keep foot keypoints on the
ground.

For our background database, we curate a diverse
database of indoor and outdoor environments, consisting of
800 images, including both Al-generated and real images.
Fig. | shows some examples of images from the background
database.



Figure 2. Training Frames from Fit Check Video. Samples of training frames from our fit check videos, showing that our video capture
diverse backgrounds, front and back perspectives, and a wide range of fit check motions. Four non-consecutive frames are shown for each

video.

2. Implementation Details

We will introduce the implementation details below, and
all the images and videos are operated in the resolution of
height 1024 and width 576, same as the MimicMotion. We
will release the code upon acceptance.

2.1. Our Method

Reference Image Augmentation. During training, we ap-
ply a pretrained image harmonization network [2] to adjust
the color tone of the front and back reference images, I }r
and I;,.. This network takes a composite (unharmonized)
image and a foreground mask as input, then produces a
harmonized image where the foreground seamlessly blends
with the background.

For each reference image, we first apply a pretrained im-
age matting method [15] to obtain the foreground mask. We
then randomly select a background image from our back-
ground database and composite it with the extracted human
foreground to create a composite image. The composite
image and its corresponding foreground mask are fed into
the image harmonization network, which adjusts the fore-
ground color to better match the background. After obtain-
ing the harmonized output images, we remove their back-
grounds and use the resulting images as training data. We
apply this process independently to both I%, and I, using
different background images for each. This is to accom-
modate the natural color tone variations between front and
back selfies at test time, even when captured almost simul-
taneously.

Model Architecture and Parameters. We adopt the 3D
denoising UNet, image encoder, pose encoder, VAE en-

coder, and VAE decoder architectures from MimicMo-
tion [21]. Due to computational constraints, we set 7' to
6, which means each training batch contains 8 frames (in-
cluding front and back reference image). Larger T' can be
used if more computational resource is available. While we
train on § video frames per batch, we find that the model can
be extended to generate 16-frame or 24-frame sequences at
test time, improving efficiency without a noticeable loss in
quality.

Model Training. We initialize the model using the pre-
trained checkpoint “MimicMotion_1.pth” from MimicMo-
tion. We did not apply regional loss amplification in Mim-
icMotion because we found that this does not improve the
results in our experiments. During training, we randomly
sample the front and back view images, I, and I}, , from
the training video V}.5. To sample a T-length sequence
V{.p from the training video, we apply the following strat-
egy:

* Randomly select frames from the video (20% of the time)
* Select a sequence containing at least one front-facing

frame (not necessarily [ }T) (40% of the time)
* Select a sequence containing at least one back-facing
frame (not necessarily I}, ) (40% of the time)

Additionally, we apply reference image augmentation to
both 1%, and I, for 50% of time.

During training, each conditioning feature — f,, f;, and
fp —is randomly dropped (set to zero) 10% of the time, fol-
lowing the classifier-free guidance method [5]. This allows
us to control the strength of each conditional signal during
inference. Training runs on a single NVIDIA A100 GPU
with a batch size of 1 and a learning rate of le-5, for 220K
steps (around 112 hours). Fig. 2 presents examples of our



Figure 3. Collected Front-Facing Samples for Fine-Tuning. We
collect front-facing images from the web that contain visible shad-
ows or reflections. These images are used to generate data pairs
for the fine-tuning dataset. Fine-tuning on high-quality images
enhances sharpness and improves the generation of shadows and
reflections.

training data.

Model Fine-Tuning. We fine-tune the trained model on a
high-quality image dataset. Fig. 3 presents examples of the
front-facing human images we collected, which are later
used to generate data pairs for fine-tuning. The shadow
and reflection regions are manually annotated. During fine-
tuning, we omit reference image augmentation, as we ob-
serve that the model becomes confused by color tone shifts,
resulting in frames with unnatural colors. We use the same
strategy as the training time to drop the conditioning fea-
ture. We apply a weighted loss strategy during fine-tuning.
Specifically, we assign a higher weight 5 = 2 to the loss
computed in the shadow and reflection regions, while main-
taining a weight of 1 for the rest of the region. For opti-
mization, we use a learning rate of le-6 and fine-tune for
1K steps, which takes approximately 30 minutes.

Model Inference. At inference, we set the guidance scale to
2 and the number of overlapping frames to 4. The denoising
time step is set to 25, and we use the Euler scheduler [9].

2.2. Baseline Details

Human Animation Baselines. We initialize all baselines
from their pretrained checkpoints and train them on our
dataset on a single NVIDIA A100 GPU for a fair compari-
son. Additionally, we set the frame length for all baselines
to 8, aligning with our settings.

For Animate Anyone[6], since the official code is un-
available, we choose to use a widely-adopted unofficial
implementation[12]. We follow the same hyperparameter
settings as this codebase. The first stage of training runs
for 100K steps, taking approximately 40 hours to converge.
The second stage runs for 40K steps, requiring around 24
hours to complete. We observe that further training de-
grades performance.

For Champ [22], we use the official code. The first stage
of training is conducted for 100K steps, taking approxi-
mately 35 hours to converge. The second stage runs for

40K steps, requiring about 20 hours to complete. Similar to
Animate Anyone, we find that additional training negatively
impacts performance.

For StableAnimator [17], we follow the official imple-
mentation and train the model for 220K steps with a learn-
ing rate of le-5, taking approximately 132 hours to com-
plete.

For MimicMotion [21], since no training code is pro-
vided, we implement our own training procedure. We train
the model for 220K steps with a learning rate of 1e-5, which
takes around 99 hours to complete.

Motion Retrieval Baseline. As there are no existing IMU-
to-motion retrieval baselines, we adopt the text-to-motion
retrieval method TMR|[14] as our baseline. We use the of-
ficial implementation and run the pretrained model (trained
on the HumanML3D dataset[4]) on the recorded motion and
our motion database to retrieve the top-k matching motions.

3. Experiments
3.1. More Results for Selfie Input

Fig. 5 presents additional results of our method on real
selfie captures. Our approach generates high-quality fit
check videos featuring diverse outfits in both indoor and
outdoor settings, accurately capturing a wide range of poses
with realistic shading, reflections, and shadows.

3.2. Comparison with Baseline
3.2.1. Datasets

In addition to evaluating our model on the self-captured real
selfie dataset presented in the main paper, we conduct fur-
ther analysis on three additional test sets: (1) the test set
from our self-collected dataset, (2) the test set of UBC Fash-
ion dataset [20], and (3) the TikTok dataset [7]. We filter out
videos that do not include a back view. After filtering, our
dataset test set contains 149 videos, with an average of 68
frames per video. The UBC Fashion dataset consists of 100
videos, averaging 98 frames per video, while the TikTok
dataset includes 19 videos, with an average of 115 frames
per video.

For evaluation, we randomly sample a front and back
image as reference inputs, while the input pose sequence is
extracted from the corresponding ground truth (GT) video.
The input backgrounds in our test set and the TikTok dataset
are obtained using the same inpainting strategy as in our
training set. However, for the UBC Fashion dataset, we
use a plain white background instead, as inpainting a nearly
white background with Stable Diffusion introduces arti-
facts. Finally, we compare the generated video with the GT
video.

Notably, the input reference images in these datasets are
captured from a third-person perspective rather than as self-
ies. This setup enables us to evaluate model performance on



Figure 4. Results with the Same Capture under Different Vir-
tual Backgrounds. The first column shows the input selfies and
target pose; the others show results under different virtual back-
grounds (insets: input backgrounds). Despite strong left lighting
in the selfies, our method adapts shading to each background.

non-selfie inputs. Furthermore, since these images are sam-
pled from the GT video, they share similar lighting condi-
tions with the GT. This also differs from our selfie setup, but
we still evaluate on these datasets for a more comprehensive
evaluation.

Please note that all methods are trained solely on our
training set, with baselines initialized from their official
checkpoints.

3.2.2. Qualitative Comparison

Fig. 4 shows more results of the same captures under differ-
ent virtual backgrounds.

Fig. 6, Fig. 7, and Fig. 8 present additional comparisons
on real selfie captures. We observe the following: (1) Ani-
mate Anyone and Champ exhibit artifacts such as inaccurate
clothing patterns and artifacts around the shoes (row 3, col-
umn 3 in Fig. 7). (2) MimicMotion and Stable Animator fail
to accurately reconstruct the appearance of the back view,
demonstrating that simple modifications to these methods
do not effectively utilize the additional reference image in-
put. Additionally, they struggle to capture fine details in the
front view (e.g. missing logo in row 5 in Fig. 8) and produce
blurry patterns, whereas our method preserves accurate and
sharp patterns due to the fine-tuning stage. (3) Our method
surpasses all baselines in both appearance and pose fidelity
while also generating more realistic reflections and shadows
on the floor.

Fig. 9 presents a qualitative comparison on the UBC
Fashion dataset. We observe the following: (1) Image
diffusion-based methods (Animate Anyone and Champ) ex-
hibit noticeable background color shifts, indicating their
limited generalization ability to unseen backgrounds. Ad-
ditionally, they introduce visible artifacts on faces and bod-
ies and fail to accurately capture body shape. (2) Video
diffusion-based baselines (MimicMotion and Stable Anima-
tor) struggle to reconstruct the appearance of the back view
accurately, highlighting that simple modifications to these
methods do not effectively utilize the additional reference
image input. (3) Our method outperforms all baselines in

Table 1. Quantitative Comparisons on Our Test Set. All meth-
ods are evaluated without face refinement as post-processing. For
each metric, the best and second-best methods are highlighted
in bold and underline, respectively. Our method outperforms all
tested baselines across all metrics. The ablation variant, Ours-
RIA, achieves results comparable to Ours on this dataset because
the input front and back images share the same background as the
ground truth (GT) frames, making reference image augmentation
less necessary in this case.

| Method | SSIMt LPIPS| PSNRT FID| FVD-VID| FVD| |
Animate Anyone [6] 0733 0242 19.60  128.8 57.43 217
Champ [22] 0763 0.231 20.60  91.72 32.40 372.9
StableAnimator [17] 0771 0219 2103 97.26 33.33 394.7
MimicMotion [21] 0779 0211 2134 88.02 30.51 366.1
Ours-FG-MRA-FT 0776 0.205 2120 89.19 29.30 356.6
Naive+RefNet 0.781 0.202 2238 87.52 29.40 342.4
Ours-MRA-FT 0782 0.198 22,64 8674 28.16 308.7
Ours-FG 0.781 0.203 2240  87.64 25.76 311.0
Ours-MRA 0796  0.186 23.08  82.82 23.71 2922
Ours-RIA 0795  0.184  23.15  79.07 22.44 2815
Ours-FT 0.786  0.196 2281  86.68 26.00 298.0
Ours-FT + Joint Training | 0.789  0.188 2301  83.22 26.42 289.3
Ours-FT + Full FT 0792 0.186 2307  81.52 2542 324.1

| Ours | 0799 0183 2361 79.02 23.11 2793 |

both appearance and pose fidelity, producing more realistic
and coherent results.

Fig. 10 presents a qualitative comparison on the TikTok
dataset. We observe the following: (1) Animate Anyone and
Champ exhibit noticeable artifacts, such as missing body
parts (e.g., row 1, column 4, and row 3, column 4) and
inaccurate clothing patterns (rows 2 to 5). (2) MimicMo-
tion and StableAnimator struggle to accurately reconstruct
the appearance of the back view, demonstrating that sim-
ple modifications to these methods do not effectively uti-
lize the additional reference image input. Additionally, they
produce blurry patterns (e.g., shorts in row 1), whereas our
method generates sharper details due to the design of the
fine-tuning stage. (3) Our method surpasses all baselines in
both appearance and pose fidelity, delivering more realistic
and coherent results.

3.2.3. Quantitative Comparison

Tab. 1, 2, and 3 present the quantitative results of our
model compared to the baselines across the three datasets.
We observe that Champ performs competitively among the
baselines on our test set in terms of video-related metrics,
FVD-VID and FVD, but performs worse on the other two
datasets. This indicates that this image diffusion-based
method achieves better temporal consistency when the in-
put reference images and background are in-distribution.
However, its performance degrades significantly for out-of-
distribution inputs, demonstrating poor generalization abil-
ity.

As discussed in the main paper, our method outperforms
all baselines on all metrics by employing a novel frame gen-
eration strategy with multi-reference attention and a fine-
tuning approach, leading to enhanced appearance fidelity



Table 2. Quantitative Comparisons on the UBC Fashion
Dataset. All methods are evaluated without face refinement as
post-processing. For each metric, the best and second-best meth-
ods are highlighted in bold and underline, respectively. Our
method outperforms all tested baselines across all metrics. The
ablation variant, Ours-RIA, achieves results comparable to Ours
on this dataset because the input front and back images share the
same background as the ground truth (GT) frames, making refer-
ence image augmentation less necessary in this case.

| Method | SSIMt LPIPS| PSNR{ FID| FVD-VID| FVD| |
Animate Anyone [6] 0.902  0.130 17.08  60.27 51.94 480.0
Champ [22] 0.888  0.130 1643 59.34 56.06 363.7
StableAnimator [17] 0914  0.071 2161 5847 31.67 191.5
MimicMotion [21] 0918 0069 2205 5627 28.04 185.7
Ours-FG-MRA-FT 0.922  0.065 2176 5655 27.88 181.7
Naive+RefNet 0922 0064 2247  49.18 24.64 183.1
Ours-MRA-FT 0.924  0.061 2258 48.99 21.02 170.7
Ours-FG 0.921 0.068  21.94  53.17 28.13 169.4
Ours-MRA 0928  0.055  23.68 47.41 13.64 149.8
Ours-RIA 0932 0055 2359 4642 12.70 1442
Ours-FT 0.925  0.057 2339  48.68 19.31 166.0
Ours-FT + Joint Training | 0.923 0.059 2354 4832 20.14 148.7
Ours-FT + Full FT 0928 0057  23.66 47.39 18.95 174.2

| Ours | 0937 0052 2373 4533 12.36 138.7 |

Table 3. Quantitative Comparisons on the TikTok Dataset. All
methods are evaluated without face refinement as post-processing.
For each metric, the best and second-best methods are highlighted
in bold and underline, respectively. Our method outperforms all
tested baselines across all metrics. The ablation variant, Ours-
RIA, achieves results comparable to Ours on this dataset because
the input front and back images share the same background as the
ground truth (GT) frames, making reference image augmentation
less necessary in this case.

| Method | SSIMt LPIPS| PSNR{ FID| FVD-VID| FVD| |
Animate Anyone [6] 0779 0236 18.78  81.02 4455 551.9
Champ [22] 0.774  0.243 1824 90.89 53.81 669.2
StableAnimator [17] 0.784 0242 18.48  90.43 46.20 473.4
MimicMotion [21] 0.787  0.235 1867  87.22 38.14 4335
Ours-FG-MRA-FT 0790  0.234 18.64  87.36 37.54 435.6
Naive+RefNet 0795  0.226 1872 87.11 37.15 433.9
Ours-MRA-FT 0.802  0.224 1898  85.19 37.22 436.3
Ours-FG 0799  0.229 1839  81.96 36.11 399.8
Ours-MRA 0.805 0217 19.42  78.60 32.35 387.5
Ours-RIA 0.808 0216 1971  76.70 30.85 384.5
Ours-FT 0.803  0.221 1933 83.58 35.77 390.8
Ours-FT + Joint Training | 0.794 0.221 19.13  79.48 34.21 390.2
Ours-FT + Full FT 0.801 0.219 1951 78.79 33.85 428.5

| Ours | 0.807 0.215 19.65  76.65 3121 3821 |

and frame quality.

3.3. Body Size, Garment Accuracy, Realism

Tab. 4 reports the full results of our human study, which
evaluates body size, garment accuracy, and overall realism.
Our method consistently outperforms all baselines across
all criteria.

Tab. 5 presents the corresponding automatic evaluation
results for body size, garment accuracy, and realism. De-
tailed descriptions and discussions are provided below.

For quantitative body size evaluation, we used the
SMPL-based estimator CLIFF [10] to estimate shape pa-

Table 4. Results of Human Study. Our method outperforms all
baselines.

| Method | Body Shape Accuracy T Garment Accuracy T Realism 1 |
Animate Anyone [6] 2.55 2.45 2.03
Champ [22] 3.02 2.88 2.32
Stable Animator [17] 3.10 2.18 2.76
MimicMotion [21] 3.20 2.05 2.82

| Ours \ 3.88 4.08 375

Table 5. Results of Quantitative Evaluation of Body Size, Gar-
ment Accuracy, and Realism. Our method outperforms all base-
lines.

Method Shape Parameter ~Garment Region ~ Garment Appearance VLM Realism

Difference | ToU 1 LPIPS | Score 1
Animate Anyone [6] 0.073 0.853 0.539 5.8
Champ [22] 0.075 0.861 0.512 5.6
StableAnimator [17] 0.071 0.884 0.616 6.2
MimicMotion [21] 0.062 0.895 0.601 6.7
Ours \ 0.053 0.923 0.485 75

rameters on predicted and real frames from our self-
captured dataset. We calculated shape difference by aver-
aging the absolute differences between shape parameters of
predicted and real frames. Our method achieved a shape
difference of 0.053, outperforming the best baseline, Mim-
icMotion (0.062), by 17%.

We evaluated garment accuracy via region alignment
and appearance similarity. For region alignment, we used
SAM?2 [15] to segment garment regions in predicted and
ground-truth frames from self-captured dataset and com-
puted the average IoU. Our method achieved 0.923, better
than the best baseline, MimicMotion (0.895). For appear-
ance similarity, we calculated LPIPS within the segmented
garment regions, with our method scoring 0.485, outper-
forming the best baseline, Champ (0.512).

To evaluate realism, we used a VLM [ 1] to rate generated
videos on a 1-10 scale (higher is better). Our method scored
7.5, outperforming the best baseline, MimicMotion (6.7).

3.4. Comparison to Models Trained on Other
Datasets

We further compare our method with models trained on dif-
ferent datasets: Veo 3.1 (References to Video) [3] and Phan-
tom (built on Wan2.1 [18]) [11]. These models take one
or multiple reference images and a text prompt as input to
generate a video. In our experiments, we provide three ref-
erence images — the front selfie, back selfie, and background
image — along with a text description of motion to generate
fit-check videos.

We use the following text prompt for Veo 3.1 (Refer-
ences to Video): “Generate a fit-check video. The person
[specify the motion]. The person’s appearance must remain
consistent with the first and second images (front and back
selfies), and the background should match the third image.



The camera should remain static and the viewpoint must not
change. ”

We additionally include a background description in the
text input for Phantom, as it tends to ignore the provided
background image. The text prompt is: “Generate a fit-
check video. The person [specify the motion]. The per-
son’s appearance must remain consistent with the first and
second images (front and back selfies), and the background
should match the third image. The background is [descrip-
tion of background]. The camera should remain static and
the viewpoint must not change. ”

Note that, unlike our method, which takes a motion se-
quence as an explicit input, these models rely solely on text
to determine motion. Therefore, their generated motions
may differ from ours.

Fig. 11, Fig. 12, and Fig. 13 show qualitative compar-
isons. Both Veo 3.1 (References to Video) and Phantom
only support landscape-mode video generation. Phantom
generates inaccurate outfit (see Fig. 11). It also struggles
to maintain consistency with the provided background im-
age, often leading to incorrect scene composition. Veo 3.1
may produce inaccurate visual details (see the red arrow in
Fig. 11 and Fig. 12).

3.5. Ablation Study

3.5.1. Qualitative Comparison

Fig. 14 shows additional comparisons of our variants with
the full method. We observe the following: (1) Ours-
FG-MRA-FT (naive) fails to render accurate back views,
indicating that simple modifications do not effectively
encode features from additional reference images. (2)
Naive+RefNet incorporates ReferenceNet, improving back
views but introducing artifacts (rows 1 to 2) and failing in
the case of a white background (rows 3 to 4). This demon-
strates that using ReferenceNet reduces the model’s gener-
alization ability to unseen backgrounds. Additionally, it in-
troduces extra parameters for training, which negatively im-
pacts training efficiency. (3) Ours-MRA-FT (Naive + FG)
applies our frame generation strategy, producing better back
views than naive methods, but still suffers from blurry pat-
terns. (4) Ours-FT (Naive + FG + MRA) further integrates
multi-reference attention, enhancing back view patterns.

Importantly, all the variants fail to produce realistic
reflections or generate weaker, blurry reflections on the
ground (rows 1 and 2). In contrast, our method effectively
achieves this by leveraging a fine-tuning strategy specifi-
cally designed to enhance shadows and reflections. In sum-
mary, our full model produces sharper results with more ac-
curate patterns while effectively generating realistic shad-
ows and reflections.

Table 6. Video quality under different numbers of input views.
Our method generalizes better than MimicMotion.

Two Selfies  Front-only
LPIPS FVD LPIPS FVD LPIPS FVD

Method Back-only

MimicMotion 0.413 947.8 0.435 951.5 0.452 947.1
Ours 0.381 854.9 0.395 859.2 0.411 847.5

3.5.2. Quantitative Comparison

Tab. 1, 2, and 3 present the quantitative results of our model
compared to its variants across the three datasets. As dis-
cussed in the main paper, our method outperforms most
variants across all metrics by employing a novel frame
generation strategy, a multi-reference attention, and a fine-
tuning approach, resulting in improved appearance fidelity
and temporal consistency.

The ablation variant, Ours-RIA, achieves results compa-
rable to Ours on this dataset because the input front and
back images share the same background as the ground truth
(GT) frames, making data augmentation less essential in
this scenario.

3.5.3. Number of Input Views

Tab. 6 reports video quality under different numbers of input
views (same dataset as Table 1, main paper). Our method
supports a variable number of views and consistently out-
performs MimicMotion, with more views improving ren-
dering accuracy.

3.5.4. Inaccurate Segmentation

Our method relies on pre-segmentation of the input selfies.
Therefore, we evaluate its robustness to segmentation in-
accuracies. In practice, we found the adopted SAM?2 [15]
robust for segmenting mirror selfies. For study purposes,
we dilated and eroded segmentation masks in self-captured
dataset by 5% and 10%, feeding these inaccurately seg-
mented selfies to our model. The resulting LPIPS scores
—0.383 (5% dilation), 0.386 (10% dilation), 0.384 (5% ero-
sion), and 0.388 (10% erosion) — were only slightly worse
than with accurate masks (0.381).

3.6. Evaluation on Motion Retrieval

3.6.1. Motion Retrieval Accuracy.

We collect a test set by asking five participants to perform
fit-check motions (e.g., walks, twirls) while using a phone
to record IMU data. Simultaneously, we capture video
recordings of these motions with an external camera. From
each video, we extract the corresponding SMPL sequence
as ground truth (GT), which is later used for evaluation,
constructing a dataset of 20 IMU inputs and GT SMPL se-
quences.

Since there are no existing IMU-to-motion retrieval
methods, we compare our approach against TMR [14], a



Table 7. IMU Robustness. We report similarity score, showing
our method outperforms TMR.

CP. CW. NP

TMR 0.541 0.521 0.439
Ours 0.743 0.728 0.671

text-to-motion retrieval baseline. To provide input for this
baseline, we manually annotate textual descriptions for the
motions in our test set. An example text annotation for a
motion is: “A person walks away from the camera with their
back facing it, then turns left by half a circle.”

We compare the top-k retrieved motions with the GT mo-
tion using a pretrained motion encoder [16] to evaluate their
similarity. This motion encoder takes as input a sequence of
motion parameters in the HumanML3D format [4], which
can be obtained from an SMPL sequence (details in [16]),
and outputs a motion embedding. For evaluation, we in-
put both the retrieved and GT motions into the encoder and
compute their similarity based on the dot product of their
motion embeddings. Our method achieves a similarity score
of 0.848 for k = 1 and 0.716 for k = 5, outperforming
TMR’s 0.641 (kK = 1) and 0.522 (kK = 5). These results
demonstrate the effectiveness of our approach, highlighting
that IMU-based retrieval provides more fine-grained motion
guidance than text-based retrieval.

3.6.2. Motion Retrieval Robustness.

To evaluate robustness to noisy IMU inputs and cross-
device generalization, we collect a new dataset with 5 par-
ticipants performing 20 motion sequences. For each mo-
tion, we record 3 IMU inputs — clean phone IMU (C.P.,
phone held steadily), clean watch IMU (C.W., Apple Watch
worn on the same hand), and noisy phone IMU (N.P., an-
other phone loosely held in the other hand) — together with
synchronized video capture for ground-truth (GT) motion
(the GT capture setup follows Sec. 3.6.1). For each IMU
input, we perform top-k (k=5) motion retrieval using our
method and TMR, and compute similarity scores by com-
paring the retrieved motions with the GT motion (following
Sec. 3.6.1).

Tab. 7 reports similarity scores, showing that our method
consistently outperforms TMR, is robust to noisy IMU in-
puts, and generalizes well across devices.



Figure 5. More Results of Our Method. The left two columns display the input selfies and background, while the right six columns show
the generated results (inset: pose input, adjusted to prevent occlusion). Given mirror selfies with various outfits and lighting conditions, our
method produces realistic fit-check videos, accurately capturing appearance from diverse poses. It also generates reflections and shadows
on the ground, ensuring seamless integration between the subject and both indoor and outdoor backgrounds.
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Figure 6. Qualitative Comparison with Baselines on Selfie Inputs. The left two columns display the input selfies, pose, and background,
while the right five columns showcase the generated results from various methods. The inset of Champ illustrates its corresponding
SMPL pose input. All results are post-processed using face refinement. Our method surpasses all tested baselines by more accurately
reconstructing appearance across diverse poses while also producing more realistic shadows and reflections on the floor.
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Figure 7. Qualitative Comparison with Baselines on Selfie Inputs. The left two columns display the input selfies, pose, and background,
while the right five columns showcase the generated results from various methods. The inset of Champ illustrates its corresponding
SMPL pose input. All results are post-processed using face refinement. Our method surpasses all tested baselines by more accurately
reconstructing appearance across diverse poses while also producing more realistic shadows and reflections on the floor.
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Figure 8. Qualitative Comparison with Baselines on Self-Captured Dataset. The left two columns display the input selfies, pose, and
background, while the right six columns showcase the generated results from various methods alongside the real frame. The target poses
are detected from the real frames. The inset of Champ illustrates its corresponding SMPL pose input. All results are post-processed using
face refinement. Our method surpasses all tested baselines by more accurately reconstructing appearance across diverse poses while also
producing more realistic shadows and reflections on the floor. Note that background images and real videos, though captured in the same
session, may vary in intensity and color tone due to auto-exposure and white balance adjustments.
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Figure 9. Qualitative Comparison with Baselines on UBC Fashion Dataset. The left two columns present the input reference images,
pose, and background, while the right six columns showcase the generated results from various methods alongside the ground truth (GT).
The target poses are detected from the GT. The inset of Champ displays its corresponding SMPL pose input. All results are post-processed
using face refinement. Note that none of the methods were trained on the UBC Fashion Dataset’s training set. Our method outperforms all
tested baselines in accurately reconstructing appearance across a diverse range of poses.
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Figure 10. Qualitative Comparison with Baselines on TikTok Dataset. The left two columns present the input reference images, pose,
and background, while the right six columns showcase the generated results from various methods alongside the ground truth (GT). The
target poses are detected from the GT. The inset of Champ displays its corresponding SMPL pose input. Note that none of the methods
were trained on the TikTok Dataset. All results are post-processed using face refinement. Our method outperforms all tested baselines in
accurately reconstructing appearance across a diverse range of poses. Disclaimer: In Fig. 2 of the main paper, the example in row 3 of this
figure is used solely for illustrative purposes and was not included in the training data.



Input

Ours

Veo 3.1
(References
to Video)

Phantom

Figure 11. Qualitative Comparison with Methods Trained on Other Datasets. The first row shows the input: front selfie, back selfie,
and background image. The remaining rows present the outputs from different methods. Both Veo 3.1 (References to Video) and Phantom
take these three images as input along with a text description of motion. Also, they only support landscape-mode video generation. In
addition, Phantom fails to effectively utilize the input background image, leading to inconsistent scene composition.
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Figure 12. Qualitative Comparison with Methods Trained on Other Datasets. The first row shows the input: front selfie, back selfie,
and background image. The remaining rows present the outputs from different methods. Both Veo 3.1 (References to Video) and Phantom
take these three images as input along with a text description of motion. Also, they only support landscape-mode video generation. In
addition, Phantom fails to effectively utilize the input background image, leading to inconsistent scene composition.
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Figure 13. Qualitative Comparison with Methods Trained on Other Datasets. The first row shows the input: front selfie, back selfie,
and background image. The remaining rows present the outputs from different methods. Both Veo 3.1 (References to Video) and Phantom
take these three images as input along with a text description of motion. Also, they only support landscape-mode video generation. In
addition, Phantom fails to effectively utilize the input background image, leading to inconsistent scene composition.
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Figure 14. Model Ablations. The inputs are shown in the left two columns. The right five columns showcase the generated results from
various variants and our full model. All results are post-processed using face refinement. Ours-FG-MRA-FT (naive) fails to render accurate
back views. Naive+RefNet incorporates ReferenceNet, improving back views but creates artifacts (row 1 to 2) and fails in the case of a
white background (row 3 to 4). Ours-MRA-FT (Naive + FG) uses our frame generation strategy and produces better back views than naive
methods. Ours-FT (Naive + FG + MRA) additionally uses multi-reference attention and enhances back view patterns. Importantly, all
the variants fail to produce realistic reflections or generate weaker, blurry reflections on the ground (rows 1 and 2), whereas our method
successfully achieves this. In summary, our full model delivers sharper results with more accurate patterns, along with reasonable shadow
and reflection generation.
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