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Figure 1. Given a single image of a user, a garment (dress) that they would like to wear, and an example video showing how they would
like to animate themselves (dance) as shown in the first row, our method Dress&Dance generates a high-quality 5s video (1152 x 720, 24
FPS) of the user wearing the target garment and following the desired motion while maintaining their accessories such as bag and shoes.

Video results are provided in our Suppl. Video (SV, demo .mp4).
Abstract

We present Dress&Dance, a video diffusion framework for
high-resolution virtual try-on with simple motion control
and flexible conditioning. Given a single user photo, gar-
ment image(s), and a reference motion video, Dress&Dance
generates a video of the user wearing the target gar-
ment(s) while following the reference motion, allowing
users to control motion by selecting or swapping motion
templates instead of recording personal full-body videos.
To handle heterogeneous and changing conditions such as
multi-garment try-on, garment transfer, and text refine-
ment, we design CondNets, which keep visual conditions
in condition-specific layer-wise streams and exchange in-
formation with text at every denoising block, together with
garment-aware target steering for accurate placement. We
also introduce a high-resolution dataset and benchmark,
combine video-image hybrid training with synthetic un-
paired supervision, and use a progressive curriculum over
resolution and frame rate. Dress&Dance generates 5-
second videos at 24 FPS and 1152 x 720 resolution; evalu-
ations show strong garment and temporal fidelity.

1. Introduction

In a fitting room, people turn, lift their arms, and take steps
to inspect drape, seams, prints, textures, and self-occlusions
that a static image cannot show. A practical virtual try-
on system should therefore support (i) user-friendly, low-
effort motion control: ideally, a user can try on a garment
from a single photo and simply choose a motion template,
instead of recording and uploading a full-body video. At
the same time, users expect (ii) flexibility in how they try
on clothes — such as simultaneously trying on multiple gar-
ments, transferring clothes from another person’s photo, or
adjusting accessories with text — which calls for a model
that can gracefully handle changing combinations of con-
ditions. Finally, for virtual try-on to be truly useful, it
must generate videos natively at (iii) high resolution and
high frame rate, so that garment details remain visible and
dynamics remain faithful. However, existing video try-on
systems [16, 25, 35, 53, 74, 80] often fall short on these
fronts: they commonly require a full-body video for both
appearance and motion, rely on input-specific conditioning
designs that are difficult to extend, and operate at low res-
olution and frames per second (FPS). As a result, there re-
mains a substantial gap between practical user needs and
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Figure 2. Dress&Dance allows for flexible virtual try-on: (a) complicated dancing motions, (b) simultaneous try-on of tops and bottoms,

and (c) transferring a garment from another user.

what current models can deliver. Dress&Dance generates
each preview in 5—10 minutes.

To bridge this gap, we formulate a user-centric video
try-on setting that decouples user appearance from motion
control. Specifically, the user provides a single photo of
themselves, one or more garment images (typically product
photos), and a motion reference video, with an optional text
prompt for lightweight refinements (e.g., adjusting acces-
sories or minor garment edits). The goal is to synthesize a
try-on video where the user appears to wear the target gar-
ment(s) while faithfully following the motion from the ref-
erence. Crucially, the reference video can be chosen from a
template library or sourced from any example clip, so users
can control motion by simply selecting a template, rather
than recording a full-body personal video. We instantiate
this setting with Dress&Dance: dress — what to wear via
garment images, and dance — how to move via the motion
reference, as illustrated in Fig. 1.

Our Dress&Dance formulates virtual try-on as an inher-
ently multi-condition generation problem: it must jointly
condition on user images, target garment images, motion
reference videos, and optional text prompts — and, in prac-
tice, users further expect flexible control that spans various
try-on modes (e.g., multi-garment try-on, garment transfer,
and text description). A core technical obstacle is therefore
the simultaneous handling of these heterogeneous, multi-
modal inputs in a single end-to-end model. Prior try-on
approaches often adopt specific conditioning strategies for
each modality, resulting in input-specific architectures that
are difficult to extend. This challenge is compounded by the
fact that these modalities are rarely pixelwise-aligned with
the generated video — garment inputs are commonly flat
product photos rather than images aligned to the user’s pose
— making aligned control designs such as ControlNet [89]
ill-suited in our setting. To address this, we design Cond-

Nets, which keep heterogeneous visual conditions in sepa-
rate layer-wise streams, exchange information with text at
each denoising block, and expose their tokens to the main
denoising attention; related conditioning mechanisms are
discussed in Sec. 2 and Suppl. Sec. B.2. During adapta-
tion of a pretrained text-to-video model, we observed that
it could underuse the geometrically harder garment input,
producing semantically similar garments with insufficient
instance fidelity. We counter this with garment-aware tar-
get steering, a training strategy that progressively increases
the geometric difficulty of garment supervision. Together,
these designs provide a unified interface that supports di-
verse try-on modes within one framework, as summarized
in Fig. 2.

In addition to architectural improvements, native high-
resolution, high-frame-rate try-on requires training signals
that preserve fine-grained details; Fig. 6 shows how low-
resolution inputs and outputs attenuate garment and user de-
tails. We therefore construct a new high-resolution training
dataset and, in tandem, a high-resolution benchmark to eval-
uate garment fidelity under realistic motion. Beyond videos,
we further improve data scaling by introducing video-image
hybrid batches, which mix a video try-on batch with several
image (as single-frame video) try-on batches during train-
ing to better leverage the large-scale image dataset. To miti-
gate the scarcity of unpaired supervision data (i.e., the same
person in comparable poses wearing different garments),
we also propose synthetic triplet generation that uses pre-
trained virtual try-on models to produce unpaired triplets
for training, thereby reducing the mismatch between train-
ing and inference. For optimization, we design a multi-stage
training curriculum that progressively increases condition
variety and spatial resolution, enabling efficient scale-up to
high-resolution.

Our contributions are threefold: (1) We formulate a



user-friendly video try-on setting where users provide a sin-
gle photo, garment image(s), and a motion reference video
(with optional text), enabling low-effort motion control. (2)
We design CondNets to organize heterogeneous visual con-
ditions as separate, text-aware layer-wise streams, together
with garment-aware target steering for accurate garment
placement under text prompts and various try-on modes.
(3) We build a high-resolution training dataset and bench-
mark, and introduce video-image hybrid batches, synthetic
triplet generation, and a multi-stage training curriculum to
enable native high-resolution, high-FPS video synthesis.
Our Dress&Dance achieves high-fidelity video try-on at
1152 x 720 resolution and 24 FPS across diverse try-on
modes, with strong garment fidelity and temporal quality
in the evaluated comparisons.

2. Related Work

Image-to-Image Virtual Try-On. The dominant line of
virtual try-on research focuses on generating a single im-
age output from a user image and one or more garment ref-
erences [2, 5, 7-9, 14, 17, 22, 24, 31, 36, 39, 40, 43, 44,
46, 51, 52, 72,73, 76, 77, 79, 82-86, 88, 99, 100]. Many
adopt a two-step design: garment warping followed by syn-
thesis using GANs [18] or diffusion models [56, 57, 61].
While effective, these methods are trained on paired data:
data pairs consisting of a garment and an image of some-
one wearing the same garment. When training, they wipe
the garment information from the image by extracting in-
termediates (e.g. agnostic masks, dense poses, efc.), which
naturally introduces information leakage and propagates ar-
tifacts. Some methods aim to jointly modify poses and gar-
ments [12, 23, 59, 63, 64], but they typically lack temporal
smoothness when extended to sequences. Our approach ad-
dresses these limitations by synthesizing unpaired training
triplets, aligning training and inference settings, and avoid-
ing intermediate representations required by paired training.
Video Virtual Try-On (VVT). Moving beyond single im-
ages, video-based try-on aims to generate temporally coher-
ent sequences conditioned on garments. Early approaches
[13, 32, 38, 96] rely on GANs and frame warping to ap-
proximate motion. With the rise of diffusion models, sub-
sequent works explore both image-to-video and video-to-
video formulations. A straightforward strategy is to first
synthesize a try-on image and then animate it using an
image-to-video module [1, 4, 20, 21, 26, 28, 34, 66, 67,
70, 81, 92, 101]. However, such modular designs suffer
from error accumulation across stages. More integrated
methods [10, 16, 25, 35, 53, 74, 80, 95] employ end-to-
end video generation to preserve garment details while en-
forcing temporal consistency. Recent DiT-based systems
include CatV2TON [10], which temporally concatenates
person and garment inputs, and MagicTryOn [42], which
uses full spatiotemporal attention and coarse-to-fine gar-

ment cues. DreamVVT [102] uses keyframe try-on guid-
ance in a two-stage pipeline; DPIDM [41] models human—
garment pose interaction; and RealVVT [45] uses pose
guidance with a video foundation model. VFR [6] gen-
erates arbitrarily long try-on videos from a single image,
while SwiftTry [53] supports long-video inference through
ShiftCaching over overlapping clips. These systems edit a
person video and thereby inherit its source motion, whereas
our setting composes a single user image with an indepen-
dently selected motion reference.

Despite this progress, existing VVT systems still face
several practical challenges. First, they struggle to effec-
tively handle the heterogeneous nature of multi-modal in-
puts. Existing approaches to image or video try-on fre-
quently design disparate conditioning strategies for each
modality, leading to complex and non-scalable architec-
tures. For instance, some use channel concatenation for
pose maps while relying on attention for garments. More
importantly, general conditioning models like ControlNet
[89] were developed for UNet [62] feature maps and aligned
spatial controls, and therefore do not directly address dif-
fusion transformers (DiTs) [56] or pixelwise-unaligned flat
garment inputs, whose placement requires complex, non-
local transformations (more details in Suppl. Sec. B.1).
Reference- and token-based mechanisms [28, 29, 69, 93] es-
tablish appearance-feature reuse, token concatenation, pa-
rameter reuse, and LoRA-based control; VACE [33] and
Phantom [48] provide related video-conditioning designs.
CondNet combines these mechanisms in a VVT-specific or-
ganization of separate layer-wise visual streams with per-
block text exchange; Suppl. Tab. B.1 provides a detailed
comparison.

Second, due to the scarcity of unpaired training data (the
same person wearing different garments in the same pose),
conventional methods rely on multiple intermediate repre-
sentations to eliminate the original garment’s information.
This process can lead to information loss, artifacts from im-
precise masks, and a mismatch between the training and in-
ference settings. Our synthetic triplets instead change the
user-image garment condition while retaining a real video
as the supervision target.

Image/Video-to-Video Generation. See Suppl. Sec. A.

3. Dress&Dance: Methodology

High-fidelity (1152 x 720 resolution, 24 frame-per-second)
video virtual try-on requires synthesizing a dynamic video
from a complex set of heterogeneous, pixelwise-unaligned
inputs: one or more flat garment images g, a static user
image I, o of user u wearing some other garments ¢’, a
motion reference video m, and an optional text prompt p.
At inference, the model maps (g, I,,, 4/, skeleton(m), p) to

Vu,g» a video of user v wearing g and following the motion
in m, with text p providing optional refinements. The skele-



A young man with short brown hair and a toned physique, now wearing the black hoodie featuring a
bold, red graffiti-like pattern (as shown in the provided image). The background remains the
same lush, green forest setting from his original photo, with softly blurred trees that create a
calm, natural atmosphere. He stands in a relaxed posture, the hoodie’s vivid design contrasting
against the greenery. The video begins with him facing the camera directly, giving a clear view
of the hoodie’s front. He then smoothly pivots to his right, gradually revealing the side
profile and, eventually, the back of the garment. His expression is neutral yet confident
throughout, and his movements are unhurried, allowing the viewer to appreciate the hoodie’s
details and fit. The soft, natural lighting emphasizes both the subject’s features and the
striking pattern on the hoodie, maintaining a balanced focus on the person and the setting.

Text Prompt (purple = user appearance, orange = garment, green = motion)

Leffa CatVTON

OOTD

(motion transferred using Dress&Dance)

(c) Dress&Dance

Figure 3. Our model inputs a user image, a desired garment, a reference video, and an optional text description. (a) Image-try-on—then—
animation pipelines propagate errors from the intermediate image. (b) State-of-the-art commercial models, such as Kling [37], are able to
perform try-on but still struggle in capturing the nuanced motion description, as text alone is not sufficient for motion description. When
the hand occludes part of the garment in the intermediate try-on image, the separate video generator no longer receives the product image
and cannot restore that pattern after the hand moves. (c) Our Dress&Dance generates high-quality virtual try-on results that faithfully
preserve both garment and user appearance with reference-guided motion, even after the hand moves away from the garment. Video results

are provided at SV3:19.

ton contains body keypoints, orientation, and timing, but no
RGB appearance, garment texture or color, or background.
The core challenge lies in how to effectively and robustly in-
tegrate these distinct modalities and faithfully reflect them
in the final high-resolution video.

We introduce Dress&Dance (Fig. 4), a video dif-
fusion framework for high-fidelity video virtual try-on.
Dress&Dance integrates heterogeneous controls — text, mo-
tion, garment, and user appearance — via CondNets, our
conditioning networks, and improves garment controllabil-
ity with Garment-Aware Target Steering (GATS). To scale
training to high-resolution, high-FPS generation under re-
alistic motion, we curate high-resolution supervision, aug-
ment data with video-image hybrid batches and synthetic
unpaired triplets, and adopt a multi-stage training curricu-
lum that progressively increases spatial resolution while
preserving full-length clips, followed by an FPS refinement
stage to achieve high-resolution, high-FPS generation.

3.1. CondNet for Heterogeneous Try-On Conditions

Generating a high-fidelity virtual try-on video from mul-
tiple, distinct condition inputs necessitates a conditioning
mechanism that can effectively integrate them. To ad-
dress this, we introduce CondNet, a conditioning network
that leverages attention to organize heterogeneous inputs
as condition-specific, layer-wise streams before fusing their
tokens with the main denoising sequence. CondNet pro-

vides a VVT-specific organization for heterogeneous high-
resolution conditions.

Layer-wise Condition Streams. Our framework is built
upon the Diffusion Transformer (DiT) architecture [56],
which natively treats video and text as sequences of tokens
and fuses them via attention. We extend this mechanism by
converting each conditional input into a dedicated attention
sequence that is incorporated into the DiT’s denoising pro-
cess. As visualized in Fig. 4 and Suppl. Fig. E.1, Cond-
Nets are implemented as a parameter-shared copy of the
DiT’s layers, augmented with LoRA adaptors [27] for each
condition. Each CondNet processes one conditional input,
such as a user image, a garment image, or a motion skele-
ton video, and generates a corresponding attention sequence
at each layer. As each CondNet mirrors the entire chain
of DiT blocks, the token features of condition sequences
obtained in each DiT block are aligned in their original
feature space. Therefore, these conditional sequences can
be directly concatenated with the video and text sequences
within each DiT block for attention fusion. At each block,
the CondNet updates its condition sequence through cross-
attention with text; the resulting condition keys/values join
the main video/text attention, which updates only the video
and text tokens. This design allows the model to implicitly
connect every pixel of the conditions to the output video
frames through cross-attention, which supports the trans-
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Figure 4. Dress&Dance accounts for multi-modal conditioning through our unified CondNets mechanism based on attention. The “Block
Input Sequences” and “Block Output Sequences” represent the sequences passed recursively from one block to the next. At the final stage,
only the video sequence is decoded as the generated try-on video, while other sequences are discarded. More details are in Suppl. Sec. E.

fer of fine-grained garment and user details. For motion
guidance, we preprocess the reference video to extract a
sparse skeleton sequence, which significantly reduces com-
putational overhead by focusing only on the human body
parts. A mechanism-level comparison with related token-
, adapter-, and reference-conditioning approaches is pro-
vided in Suppl. Tab. B.1.

Observed Text Dominance in Garment Conditioning.
When new visual conditions were introduced into the pre-
trained text-to-video model, we observed that optimization
could preserve coarse text/video behavior while underus-
ing the geometrically harder flat-garment input, producing
semantically similar garments with insufficient instance fi-
delity. We refer to this observed training behavior as text
dominance. Fitting a flat garment to a moving person is par-
ticularly demanding because it requires placement across
poses and plausible generation of unseen views. Prelim-
inary adaptations confirmed that normal video generation
required the pretrained text pathway; fixed-prompt train-
ing left garment instance fidelity unchanged, motivating
garment-focused supervision.
Garment-Aware Target Steering. To help the model
bridge the large geometric gap from a flat garment image to
its warped, posed, and occluded appearance in video, we de-
sign a garment-aware target steering strategy. We train with
specialized synthetic target videos and a content-isolation
operation that blends irrelevant regions as « original + (1 —
«) gray with the fixed setting « = 0.1 (Fig. 5). This
strongly suppresses non-garment appearance while retain-
ing coarse body and spatial context. Progressive targets di-
vide the flat-to-posed correspondence into instance copying,
spatial placement, and posed deformation before the com-
plete try-on task.

The three phases are visualized in Fig. 5. In Phase 1,
we construct the target video by placing the flat garment
image as an overlay in front of each ground-truth frame,

while de-emphasizing the non-occluded surrounding back-
ground. This yields a direct copying objective that explic-
itly trains the model to preserve the garment’s instance-
specific appearance. In Phase 2, we position the same flat
garment overlay at the garment’s correct occurrence loca-
tion and size (estimated using a segmentation model [75])
within each ground-truth frame, encouraging spatial associ-
ation between the garment and the human body with con-
trolled difficulty. In Phase 3, the target video uses the gar-
ment segmented from the ground-truth frame, with all other
parts de-emphasized, teaching full garment placement un-
der pose, deformation, and occlusion. This guidance con-
verges quickly (approximately one to two hours per phase,
measured as wall-clock time on 8 H100 GPUs).

3.2. Dataset and Data Processing

High-Resolution Video Dataset and Benchmark. Since
existing video virtual try-on datasets [13, 16, 53] are lim-
ited to lower resolutions (< 720 x 540), we curate two
high-resolution (> 1080P) video datasets for training and
evaluation. (1) The Internet video dataset is constructed by
crawling publicly available fashion videos paired with flat
garment images, resulting in approximately 80K garment-
video pairs (g, Vi, 4). (2) The captured video dataset is cre-
ated by hiring 183 human models to record try-on videos
for various sets of garments; each model records videos
for around 100 garment sets, providing rich coverage of
the same identity across different garments. As an em-
pirical motivation for high-resolution supervision, Fig. 6
shows that fine-grained garment and user details are al-
ready severely attenuated in low-resolution inputs and fur-
ther lost in low-resolution outputs. Alongside the training
data, we construct a high-resolution benchmark to evalu-
ate garment fidelity under realistic motion; we split each
dataset into training and evaluation subsets, and report re-
sults on held-out users, garments, and motion references.
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Figure 5. Our three-phase Garment-Aware Target Steering progressively changes the supervision target from flat-garment copying, through
target placement, to posed and occluded garment synthesis. Content isolation suppresses unrelated appearance while retaining coarse spatial

context.

Synthetic triplets are confined to training-data construction;
all evaluation conditions are real held-out inputs.

Video-Image Hybrid Batches. Because image data are
much easier to obtain than video data, we additionally col-
lect a large-scale Internet image try-on dataset comprising
approximately 4M image pairs (g, I, 4). To leverage such
rich data during video training, we define a video-image hy-
brid batch as a mini-batch that contains (i) one video try-on
task (41-frame clips) and (ii) £ = 4 image try-on tasks,
where each image pair (g, I,, ¢) is treated as a single-frame
video to share the same input/output interface and losses.
This strategy enables significantly augmented data diver-
sity with minimal overhead compared to video-only train-
ing. We use the fixed setting £ = 4 to add image diversity
with modest compute overhead.

Synthetic Unpaired Triplet Generation. Our supervised
objective is defined on unpaired triplets (g, L, g/, Vag),
where g is the farget garment, V,, 4 is a target try-on video
of user u wearing g, and I, 4 is a user image of the
same user wearing a different garment ¢’ # g (used as
the appearance condition at inference). Let skeleton(-) de-
note the operator that extracts a motion skeleton sequence
from a video. Given a triplet, we train Dress&Dance with
(9, Iu,g', skeleton(V,, ¢)) as input and V,, 4 as the supervi-
sion target (with the optional text condition omitted from
the notation). For Internet-video and image-pair samples,
we construct the required unpaired appearance condition
synthetically using off-the-shelf pre-trained image try-on
models [76, 79, 85]. Let I; 9 denote a randomly sampled
frame from V,, 4, and let 7 () denote a pre-trained image
try-on model. We sample a random garment g’ and generate
a synthetic unpaired user image I,, ,, = T (¢, I, ,), which
yields the synthetic triplet (g, fu,g/, Vi,g)- In practice, we
use three complementary try-on models [76, 79, 85] and
randomly select one as 7 for each synthesis. This random-
ization increases condition diversity and reduces reliance on
artifacts from any single synthesis model. The synthesized
image fu,g/ serves only as the appearance condition, while
supervision remains the real video V,, 4. Since fuyg/ has
the same role as the inference-time appearance condition
I,,,4, this synthesis avoids extracting an agnostic interme-
diate from the target video.

3.3. Training

Scaling up Conditions and Resolution with Curricu-
lum Learning. Generating high-resolution, high-frame-

rate videos from multi-modal conditions with diffusion
models requires synthesizing a large number of tokens,
making naive training at full resolution costly. We therefore
adopt a multi-stage curriculum. We initialize Dress&Dance
from CogVideoX-5B [87], a pre-trained text-to-video diffu-
sion model that generates T'=41-frame clips at 8 frames per
second (FPS). In this setting, aggressively injecting new try-
on controls can degrade the foundation model’s pre-trained
spatial-temporal priors (e.g., text understanding and long-
range consistency), i.e., catastrophic forgetting. Our cur-
riculum progressively increases task complexity along two
axes: conditions and spatial resolution (with FPS handled
by a final refinement stage).

Condition scaling. We define the conditions C =
{text, motion, garment, user} and introduce these signals
stage by stage, starting from the text-to-video base and
then progressively adding motion, garment, and user im-
age CondNets and inputs. This staged injection stabilizes
multi-condition adaptation. Each stage adds one difficulty
at a time: condition correspondences, spatial detail, then 24-
FPS refinement. Garment-aware target steering (Sec. 3.1) is
used when adding garment condition support.

Resolution and temporal scaling. We progressively scale
the spatial video resolution: Dress&Dance first learns the
controlled generation task at lower resolutions (e.g., 768 x
480), and is then trained at the final resolution. At each
stage, the associated conditions (e.g., garment and user im-
ages) are resized to match the current video resolution.
To preserve the foundation model’s high-resolution spatial
prior during early low-resolution stages, we further utilize
video-image hybrid batches (Sec. 3.2): each mini-batch
combines low-resolution, full-length 41-frame video clips
with full-resolution (1152 x 720) image try-on pairs treated
as single-frame videos. Since these additional image sam-
ples are single-frame, they add minimal overhead compared
to multi-frame video training, while continuously reinforc-
ing high-frequency spatial details. We retain 41-frame clips
at every stage to preserve CogVideoX’s long-horizon tem-
poral prior while scaling conditions and spatial resolution
[19]. The full curriculum schedule is provided in Suppl.
Sec. E.5.

Refiner. A final artifact-removing upsampler converts 8-
FPS outputs into smooth 24-FPS videos; see Suppl. Sec. F.

Efficiency. Guidance distillation and few-step refinement
accelerate inference to 5-10 minutes; see Suppl. Sec. G.
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We evaluate the performance of Dress&Dance across three
different try-on modes (Fig. 2): (1) the single garment mode
allows a user to try on a garment from a single flat image;
(2) the multiple garment mode supports the simultaneous
try-on of all provided flat garment images; and (3) the gar-
ment transfer mode enables transferring a garment from an
existing image via segmentation. We use the training data
and benchmarks introduced in Sec. 3.2.

Baselines. We evaluate two complementary baseline cat-
egories. (1) Video virtual try-on (VVT) baselines. We
first compare Dress&Dance against VVT methods, ViViD
[16], WildVidFit [25], Tunnel Try-On [80], GPD-VVTO
[74], and ClothFormer [32] in the single-garment setting.
For the garment-transfer task, we compare with Fashion-
VDM [35], whose input is a segmented garment from a
person image rather than a flat product garment required
by the single garment mode. For methods without re-
leased models, we compare qualitatively with cases shown
by their authors using matched inputs. Released-model
comparisons in Suppl. Sec. C.1 evaluate CatV2TON [10]
and MagicTryOn-Turbo/14B [42] with their official prepro-
cessing and reported or default resolutions. At the time of
evaluation, we were unable to compare DreamVVT [102],
DPIDM [41], or RealVVT [45] because complete official
custom-input inference packages with the required weights
were not available.

Details

Dress&Dance (Ours) Details
, i

- yort : e 3
Figure 6. Qualitative VVT comparison under each method’s supported input interface and native output resolution. Dress&Dance renders
fine textures and semi-transparent garments at 1152 x 720.

4. Experiments

(2) Image try-on + Image-to-video generation. We com-
pose baselines by applying an image try-on method to the
user image and then animating the result with a separate
video generation model. For image try-on, we use repre-
sentative open-source and commercial methods, including
Kling Try-On [37], CatVTON [9], Leffa [98], TPD [85],
OOTD [79], and ML-VTON (a combination of GP-VTON
[76] and HR-VTON [39]), and Dress&Dance in image-
try-on mode. The animated videos are then generated by
CogVideoX 1.5 12V [87] for text-guided animation, or our
Dress&Dance for motion-guided animation. We also apply
this strategy with commercial animation models Kling 1.6
[37] and Ray2 [60].

Qualitative Comparison. We present qualitative results in
Fig. 3 and Suppl. Figs. [.1, 1.2, and [.3, with additional ex-
amples in SV0:15, SV2:02, and SV2:48. In single-garment
try-on, Fig. 3 highlights a key limitation of “image try-on
followed by animation” pipelines: once an occluded pattern
is absent from the intermediate image, a separate anima-
tion stage receives no product-image evidence for restoring
it after the hand moves. In contrast, Dress&Dance condi-
tions on the garment throughout video generation, preserv-
ing accurate patterns, temporal consistency, and garment
fidelity. Dress&Dance also handles complex reference-
guided motion. As shown in Suppl. Fig. I.1 and SV3:14,
text-conditioned baselines fail on challenging dance mo-
tions that are difficult to describe, whereas our method fol-
lows skeleton guidance extracted from the reference video
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Method

‘PSNRT SSIMT LPIPSygg ! LPIPSAtexnet 4

Image-animation pipelines (without skeleton control)

TPD [85] + CogVideoX 12V [87] 1447 0.8305 0.2840 0.2461
OOTD [79] + CogVideoX 12V 14.68  0.8282 0.2779 0.2457
ML-VTON [39, 76] + CogVideoX 12V 1449  0.8270 0.2961 0.2520
Dress&Dance Image Try-On + CogVideoX 12V | 17.26  0.8515 0.2812 0.1635
Kling Image Try-On + Kling Video 1.6 [37] 17.33  0.8651 0.2296 0.1683
Dress&Dance Image Try-On + Kling Video 1.6 | 15.21  0.8297 0.2835 0.2066
Dress&Dance Image Try-On + Ray2 [60] 15.16  0.8290 0.2938 0.1990
Dress&Dance models (with target-derived skeleton input)
Dress&Dance, Direct Training 17.14  0.8678 0.2854 0.1338
Dress&Dance 2241 0.9038 0.2382 0.0624

Table 1. Reconstruction results on the captured benchmark. The lower panel is a pose-aligned appearance reconstruction diagnostic:
Dress&Dance and Direct Training use the skeleton extracted from each scored target video. The upper panel provides contextual image-
animation results for pipelines without this motion interface. “Dress&Dance Image Try-On +” denotes pipelines using our image try-on

result.

and produces smooth motion with faithful try-on synthesis.

We further compare with video try-on baselines in
single-garment mode in Fig. 6 and garment-transfer mode
in Suppl. Fig. [.2. Dress&Dance generates native high-
resolution videos at 1152 x 720, preserving fine garment
textures and challenging materials such as semi-transparent
fabrics, while the baselines shown in Fig. 6 use lower na-
tive resolutions (e.g., 720 x 540) with blurrier details. For
flat inputs showing only the garment front, the model gen-
erates plausible side and back appearances consistent with
the visible evidence. In the multi-garment setting (Suppl.
Fig. 1.3), Dress&Dance correctly composes top and bottom
garments without requiring explicit garment-type labels or
fixed input order. By contrast, Kling Al, despite supporting
multi-garment try-on, incorrectly renders the trousers as a
skirt in this challenging case.

Quantitative Comparison. Tab. | reports quantitative re-
sults on tasks constructed from the captured dataset, eval-
uated against ground truth using PSNR, SSIM, and LPIPS
[90]. For each reconstruction, the inputs are a target gar-
ment and an image of the same user wearing a differ-
ent garment. Dress&Dance and Direct Training (DT) ad-
ditionally receive the skeleton extracted from the corre-
sponding ground-truth video as the motion condition. This
skeleton supplies only pose and timing; it contains no
RGB or garment appearance. The lower panel compares
the two models with the same target motion. Because
the image-animation pipelines in the upper panel do not
accept skeleton control, we report them under their na-
tive interfaces as contextual results. The captured bench-
mark contains 32 held-out reconstruction tasks; the In-
ternet evaluation contains 32 single-garment, 32 multiple-
garment, and 16 garment-transfer tasks. For the Internet
dataset, its open-ended user—garment—motion combinations
motivate reference-free perceptual evaluation. Following
VQAScore [47], we use GPT [54] to evaluate garment fi-
delity (GPTryy-on), user fidelity (GPTys), motion quality
(GPTmotion), Visual quality (GPTyisua), and overall qual-
ity (GPTovyeran).- The grading prompts and rubrics are pro-

vided in Suppl. Figs. [.4 and [.5; each video is graded 40
times and averaged to reduce sampling variance. In Suppl.
Tab. C.1, GPT assigns Dress&Dance the highest garment-
fidelity score in the reported comparisons. We addition-
ally report Fréchet Video Distance (FVD) [71] on the cap-
tured and Internet sets in Suppl. Tab. C.4, and automatic
metrics for temporal consistency, motion smoothness, and
garment-region similarity in the released-model compari-
son in Suppl. Tab. C.5. We treat the GPT scores and the
40-participant user study in Suppl. Sec. C.4 as supporting
perceptual evidence. These results support Dress&Dance’s
ability to preserve both garment appearance and user iden-
tity under complex motion. Detailed analysis is provided in
Suppl. Sec. C.

Direct Training Baseline. DT uses the same architecture
and training data as Dress&Dance but trains with all condi-
tions and full-resolution targets from the outset. As shown
in Tab. 1 and SV3:14, DT remains substantially worse after
roughly 200 wall-clock hours on eight H100 GPUs, often
failing to preserve user identity and garment appearance.
Because the two rows share architecture, data, and pose-
aligned inputs, their gap supports the complete staged train-
ing recipe used by Dress&Dance.

5. Conclusion

We presented Dress&Dance, a high-resolution VVT frame-
work driven by a single user photo, garment image(s),
and reference motion. For diverse try-on settings, Cond-
Nets organize heterogeneous visual conditions in separate
layer-wise streams with per-block text exchange, along-
side garment-aware target steering for garment placement.
Together with our high-resolution dataset and benchmark,
video-image hybrid training, synthesized unpaired supervi-
sion, and progressive curriculum, Dress&Dance produces
1152 x 720, 24-FPS videos with strong garment fidelity and
motion consistency across evaluated settings.
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Dress&Dance: Supplementary Material

This document contains additional analysis and extra exper-
iments.

Contents.
* Sec. X: Supplementary video.
* Sec. Y: Dataset release and construction.
* Sec. Z: Code release.
* Sec. A: Additional related work.
» Sec. B: CondNet versus other conditioning mechanisms.
— Sec. B.1: Comparison with ControlNet.
— Sec. B.2: Comparison with token- and reference-based
conditioning.
¢ Sec. C: Quantitative result analysis.
— Sec. C.1: Recent released-model comparisons.
— Sec. C.2: “Image try-on + image-to-video generation”
baselines.
— Sec. C.3: Video virtual try-on baselines.
— Sec. C.4: User study.
* Sec. D: Prompt generation and text-only try-on.
— Sec. D.1: Obtaining text prompts.
— Sec. D.2: Text-only try-on.
» Sec. E: Implementation details.
— Sec. E.1: Detailed architecture.
— Sec. E.2: Basic designs.
— Sec. E.3: Conditioning networks.
— Sec. E.4: Pose condition implementation.
— Sec. E.5: Training setting.
— Sec. E.6: Evaluation setting.
* Sec. F: FPS upsampling and artifact removal.
— Sec. F.1: Auto-regressive video generation.
— Sec. F2: Data augmentation for visual refinement
training.
— Sec. F.3: Implementation details.
 Sec. G: Efficiency optimization and fast inference.
— Sec. G.1: UniPC multi-step scheduler.
— Sec. G.2: CFG strategy and distillation.
— Sec. G.3: Upsampling model 1-step generation.
— Sec. G.4: Modes and results.
* Sec. H: Limitations.
* Sec. I: Additional results and GPT prompts.
¢ Sec. J: Ethics and reproducibility.

X. Supplementary Video (SV)

We provide a Suppl. Video (SV) as demo .mp4 to visualize
our videos and comparisons against baselines. Here is a
summary of the SV contents:

* SV0:00: Introduction and try-on modes.

* SV0:15: Single garment try-on.

e SV2:02: Multiple garment try-on.

e SV2:48: Garment transfer.

* SV3:09: Text-only try-on.

* SV3:14: Comparison with baselines and ablation study.
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* SV3:29: FPS upsampling and artifact removal (Sec. F).
e SV3:34: Fast inference (Sec. G).

In the following sections, we use SV to refer to this sup-
plementary video.

Y. Dataset Release and Construction

The benchmark contains a captured subset and an Internet-
derived subset, independently collected or assembled by the
authors. It is distributed as one complete research release
through a data vendor: after the vendor’s standard due-
diligence and licensing process, approved researchers can
download the full package. The two subsets retain separate
consent, privacy, and redistribution checks under that pro-
cess. This access model permits research use while preserv-
ing the applicable participant and source-media obligations.

Regarding the construction of our captured dataset, we
adhered to strict ethical standards for all 183 participants
involved. First, regarding conditions, data collection was
conducted in a fully equipped professional studio environ-
ment. To ensure the safety and comfort of the partici-
pants, each subject was assisted by a dedicated support team
of five professionals, including photographers and stylists.
Second, we obtained explicit informed consent from all
participants; each subject signed a formal service agreement
prior to the session, authorizing the data capture and its us-
age for research purposes. Finally, regarding compensa-
tion, all participants received compensation for their time
and effort.

Z. Code Release

Upon acceptance, we will release the complete training,
inference, and evaluation implementation, including data-
preparation utilities, configurations, training schedules, and
evaluation scripts.

A. Related Work: Video Generation

Image-to-Video Generation. A representative method,
Stable Video Diffusion (SVD) [3], generates short videos
from a single image but is limited to landscape formats and
short durations. Similarly, I2VGen-XL [91] takes an image
and text prompt to produce short landscape videos. A more
flexible solution, CogVideoX-I2V [87], supports portrait
videos and integrates text guidance for controllable synthe-
sis. Commercial systems, such as Kling Video 1.6 [37]
and Ray2 [60], also enable portrait image-to-video gener-
ation with text input, offering customizable outputs. These
methods highlight progress in animating still images but do
not address garment try-on or motion-driven control. We
note that Kling also provides a separate image try-on model,
which we analyze in this work.


https://immortalco.github.io/DressAndDance/demo.html
https://immortalco.github.io/DressAndDance/demo.html
https://immortalco.github.io/DressAndDance/demo.html
https://immortalco.github.io/DressAndDance/demo.html
https://immortalco.github.io/DressAndDance/demo.html?t=0:00
https://immortalco.github.io/DressAndDance/demo.html?t=0:15
https://immortalco.github.io/DressAndDance/demo.html?t=2:02
https://immortalco.github.io/DressAndDance/demo.html?t=2:48
https://immortalco.github.io/DressAndDance/demo.html?t=3:09
https://immortalco.github.io/DressAndDance/demo.html?t=3:14
https://immortalco.github.io/DressAndDance/demo.html?t=3:29
https://immortalco.github.io/DressAndDance/demo.html?t=3:34
https://immortalco.github.io/DressAndDance/demo.html

Video-to-Video Generation. A related body of work in-
vestigates video editing and translation for general con-
tent manipulation. For example, VideoShop [15] propa-
gates edits from the first frame to subsequent ones using
a diffusion model, and BIVDIiff [65] refines frame edits
to improve temporal consistency. CogVideoX-V2V [87]
combines a pre-trained text-to-video diffusion model with
SDEdit [49] for text-driven video translation. While these
methods demonstrate the power of temporal editing, they do
not address virtual try-on specifically. Our setting requires
independent user, garment, and motion inputs withina VVT
system.

B. CondNet versus Other Conditioning Mech-
anisms

B.1. Comparison with ControlNet

ControlNet [89] established parameter-copying and additive
feature injection for spatial controls in a UNet. Its feature-
map interface is especially natural for aligned conditions
such as edges and depth. A flat product garment and its
posed video appearance are spatially unaligned; CondNet
represents the garment as tokens participating in non-local
attention, matching the correspondence structure of VVT.

At each block, CondNet supplies condition key/value to-
kens to the main video/text attention (Figs. 4 and E.1). Each
condition keeps its native image or sparse-video extent be-
fore fusion, avoiding a dense F' x H x W expansion for a
single image or sparse skeleton.

The resulting overhead relative to the CogVideoX base
model is reported in Tab. G.1.

B.2. Comparison with Token-, Adapter-, and
Reference-Based Conditioning

ReferenceNet-style appearance injection [28], OminiCon-
trol [69], IC-LoRA [29], EasyControl [93], VACE [33],
and Phantom [48] provide close precedents for appearance
features, sequence concatenation, parameter reuse, LoRA
adaptation, unified adapters, and triplet-based text—image
alignment. Tab. B.1 summarizes how these interfaces relate
to CondNet’s VVT-specific organization.

CondNet’s separate streams delay the mixing of se-
mantically different conditions, while per-block text ex-
change coordinates their roles. A matched study of single-
stream, shared-branch, no-text-exchange, and ControlNet-
style variants would require separately training several
high-resolution 5B VVT models; Direct Training itself
required roughly 200 wall-clock hours on eight H100
GPUs. We evaluate this concrete organization through the
complete Dress&Dance system, whose end-to-end results
demonstrate effective heterogeneous conditioning.

14

C. Quantitative Result Analysis

C.1. Recent Released-Model Comparisons

Both protocols retain 24 FPS and exact frame-index
correspondence without temporal resampling. The
processed  motion-reference, Dress&Dance, and
CatV2TON videos are 480 x 768; MagicTryOn
outputs follow its released 624 x 832 geometry.
For reproducibility, Full-frame DINO/CLIP Con-
sistency uses facebook/dinov2-base [55] and
openai/clip-vit-base-patch32 [58]; for each
frame after the first, we average its cosine similarities to the
preceding and first frames, then average over time. AMT-S
is the official VBench MotionSmoothness score [30]. For
Masked CLIP-I/DINO, the supplied agnostic try-on mask
is resized by nearest-neighbor interpolation, its bounding
region is composited on white, and cosine similarity to the
target-garment crop is averaged over all valid frames using
the same encoders.

With the common motion-video input, all three baselines
operate directly on the processed motion-reference clip.
When the target-dressed Dress&Dance output is used as
person-video input, the Dress&Dance source retains higher
Masked CLIP-I/DINO than all three generated baseline out-
puts, especially across side/back views, while maintaining
comparable full-frame temporal consistency and smooth-
ness. MagicTryOn-Turbo and MagicTryOn-14B contain
approximately 1.58B and 16.45B denoising-transformer pa-
rameters, respectively, complementing our approximately
5B backbone at two scale regimes. '

We include additional quantitative results, user studies,
and computational analyses in Tabs. C.1, C.2, C.3, C.4, C.5,
and G.1.

C.2. “Image Try-On + Image-to-Video Generation”
Baselines

The quantitative results of our approach comparing with
“Image Try-On + Image-to-Video Generation” baselines are
presented in Tab. C.1.

Within this shared task block, GPT'ry-on assigns higher
point scores to pipelines using our try-on component. Fol-
lowing VQAScore [47], repeated fixed-rubric grading pro-
vides a rubric-controlled perceptual signal alongside FVD
and released-baseline automatic metrics.

Rows combining our image try-on with Kling or Ray2
evaluate the same try-on output under external animation
backbones. Motion scores follow each pipeline’s native in-
terface: text-driven animation for Kling/Ray2 and skeleton
control for Dress&Dance.

'The MagicTryOn counts exclude the VAE, T5, and CLIP components.



Method Primary scope Established condition interface Relation to CondNet

ControlNet Spatial image con- | Copied UNet branch with additive, spatial | Precedent for parameter reuse; CondNet

[89] trol feature injection uses attention tokens for unaligned/native-
shape inputs.

ReferenceNet | Appearance- Reference appearance features enter atten- | Reference appearance injection with sep-

[28] guided animation | tion; pose is supplied separately arately supplied pose; CondNet extends
this organization to wearer, garment, and
motion streams.

OminiControl | General DiT im- | DiT VAE/blocks are reused; condition and | Establishes unified token processing for

[69] age control image tokens are jointly processed with | aligned and unaligned image controls.

IC-LoRA [29]

EasyControl
[93]

VACE [33]

Phantom [48]

CondNet (ours)

In-context
tasks

image

Efficient DiT con-
trol

Video
ation/editing

cre-

Subject-to-video

Single-image
+ independent-
motion VVT

dynamic positions

Multiple images are concatenated and
jointly captioned; task-specific LoRA ac-
tivates DiT in-context generation

An isolated Condition Injection LoRA pro-
cesses a control; position-aware training
and cached causal attention improve flex-

ibility/efficiency
Dense context channel-packs reac-
tive/inactive latents and masks, then

additively couples to noisy-video tokens
through a Context Adapter

Joint text-image injection is learned
from text-image—video triplets for sin-
gle/multiple subjects

User, flat garment, and sparse skele-
ton use separate parameter-shared/LoRA
layer-wise streams; each exchanges with
text before main attention

Establishes concatenation and LoRA
adaptation as prior art.

Closest precedent for isolated LoRA con-
dition processing; CondNet uses multi-
ple persistent VVT streams with per-block
text exchange.

Generic reference+pose  composition
through dense context; CondNet assigns
separate wearer, flat-garment, and sparse-
motion roles.

Establishes cross-modal reference align-
ment and triplet training for subject con-
sistency.

Task-specific organization of heteroge-
neous high-resolution VVT conditions
with per-block text exchange.

Table B.1. Mechanism-level comparison of conditioning interfaces. CondNet organizes token conditioning, parameter reuse, LoRA

adaptation, and triplet supervision as separate wearer, garment, and motion streams for high-resolution VVT.

Table C.1. Fixed-rubric GPT comparison of image-try-on—plus—animation pipelines on a shared set of tasks. “Ours” and “Commercial”
identify pipeline components. Forty repeated grades reduce sampling variance; bold, underlined, and italic values indicate the within-table

ranking.

Table C.2. Fixed-rubric GPT-based VVT comparisons. Each two-row block uses a case from the named method’s official presentation and

Method Property Method Evaluation of Try-On Capability and Visual Quality
Ours _Commercial GPTry.on T GPTuser T GPTnotion T GPTviswar T GPToveran T FIDimermer | FIDcapurea 4
TPD [55] +CogVideoX 12V | 69.67 73.98 68.15 65.45 68.64 1146 753
00TD [79] +CogVideoX 12V | 70.57 7641 68.71 70.78 70.76 1089 884
ML-VTON +CogVideoX 12V | 69.69 76.62 68.50 69.95 70.50 1185 739
v Dress&Dance Image Try-On_+ CogVideoX 12V | 85.05 87.54 75.68 76.88 8071 1109 760
% Kling Image Try-On +Kling Video 16 | 80.10 89.97 8548 §4.70 8438 982 635
v v Dress&Dance Image Try-On +Kling Video 1.6 | 86.85 89.77 82.59 84.94 85.85 1008 700
v v Dress&Dance Image Try-On _+ Ray2 86.79 88.99 7931 83.48 84.18 1094 735
% Dress&Dance, Direct Training 79.48 7847 72.00 7124 7485 1073 788
v Dress&Dance 87.41 88.89 8035 8448 84.95 1055 691

is interpreted as a paired within-block comparison. GPTotion €valuates motion realism and smoothness.

Source case Method GPTTry-On T GPTyser T GPTwmotion T GPTvisuat T GPToveran T
ClothF [32] ClothFormer 65.0 724 75.2 60.6 68.8
othrormer > Dress&Dance 90.6 88.5 85.0 87.4 885
— [GPD-VVTO 70.9 758 784 65.1 721
GPD-VVTO [74] | 1) cis&Dance | 92.4 90.9 87.1 88.1 89.2
.7 | Tunnel Try-On 742 86.0 82.0 69.2 74.8
Tunnel Try-On [801| 1, o &Dance 76.9 $8.6 80.0 75.4 81.6
o ViviD 722 789 781 686 84.0
ViviD [16] Dress&Dance 85.6 87.3 6.3 84.6 85.2
o WildVidFit 824 834 771 758 81.0

-

WildVidFit [25] | 1) &Dance 6.0 86.4 0.2 74.6 81.4
) _ SwiftTry 70.8 70.9 727 56.0 652
SwiftTry [53] Dress&Dance 83,5 83.1 78.6 75.2 80.3
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Table C.3. Aggregate point preferences from 40 participants. Each value weights Strongly Prefer/Prefer/Slightly Prefer as 5/3/1 and reports
the preference rate of Dress&Dance over a baseline; values > 50% indicate preference for Dress&Dance. Humanwotion is reported only

for the Kling and Ray2 animation comparisons.

Method Humanryy.on 7 Humanyser T Humanyioion 7 Humanyia T Humanoeran 1
Prefer Dress&Dance to Image Try-On (Ours) + Kling [37] 77.0 71.3 86.5 76.5

Prefer Dress&Dance to Image Try-On (Ours) + Ray2 [60] 77.0 76.5 85.5 75.0 77.0
Prefer Dress&Dance to Image Try-On (Ours) + Fashion-VDM [35] 84.8 78.8 - 78.8 78.8
Prefer Dress&Dance to ClothFormer [32] 85.0 73.5 78.0 78.0
Prefer Dress&Dance to GPD-VVTO [74] 71.0 76.5 70.0 70.0
Prefer Dress&Dance to Tunnel [80] 74.3 63.8 63.0 63.0
Prefer Dress&Dance to WildVidFit [25] 73.3 67.3 66.5 67.0
Prefer Dress&Dance to ViViD [16] 76.3 67.5 69.5 68.8
Prefer Dress&Dance to SwiftTry [53] 61.3 70.5 60.5 60.5

Table C.4. FVD [71] comparison on Internet and captured benchmarks. Lower values indicate better temporal distribution quality.

Benchmark Method FVDJ
Internet Dress&Dance Image Try-On + CogVideoX 12V 174
Internet Kling Try-On + Kling Video 197
Internet Dress&Dance Image Try-On + Kling Video 184
Internet Dress&Dance Image Try-On + Ray2 207
Internet Dress&Dance 157
Captured Dress&Dance Image Try-On + CogVideoX 12V 42
Captured Kling Try-On + Kling Video 49
Captured Dress&Dance Image Try-On + Kling Video 45
Captured Dress&Dance Image Try-On + Ray2 88
Captured Dress&Dance 20
Input setting Method Full-frame DINO Cons.t Full-frame CLIP Cons.T AMT-St Masked CLIP-IT Masked DINOT
o CatV2TON (repaint) [10] 0.774429 0.883410 0.991603  0.750302 0.297751
l\/ll(x));l(;n mp%n MagicTryOn-Turbo
(105 frames) (105-frame extension) [42] 0.852983 0.940497 0.992758 0.764597 0.231090
MagicTryOn-14B
(105-frame full sequence) [42] 0.817690 0.943373 0.993892 0.759915 0.236756
Dress&Dance source 0.824177 0.904180 0992722 0.751365 0.398013
Dress&Dance output  CatV2TON (repaint) [10] 0.768184 0.901619 0.991993 0.689312 0.246528
(121 frames) MagicTryOn-Turbo
(121-frame extension) [42] 0.825594 0.921624 0993183  0.709624 0.251073
MagicTryOn-14B
(121-frame full sequence) [42] 0.820540 0.938463 0.993346  0.720419 0.282375

Table C.5. Fixed-case automatic metrics on unmodified full-length outputs under two input settings. The first block uses the processed
105-frame motion-reference clip from the same fixed Dress&Dance example as every baseline’s person-video input. The second gives ev-
ery baseline the 121-frame target-dressed Dress&Dance output as person-video input. All outputs remain at 24 FPS with one-to-one frame
alignment and no temporal resampling. Results are interpreted within each block because the inputs and timelines differ. DINO/CLIP
columns measure full-frame temporal consistency; AMT-S measures smoothness; masked columns measure garment-region feature sim-
ilarity. CatV2TON uses its official repaint option, which restores the input video outside the try-on mask. MagicTryOn-Turbo extends
its released 81-frame sequence budget without changing weights; MagicTryOn-14B uses its released full-sequence path at the non-default

105- and 121-frame lengths.

C.3. Video Virtual Try-On (VVT) Baselines

In Tab. C.2, each pair follows a task presented by the respec-
tive baseline authors, preserving its intended conditions and
supporting a paired within-block comparison.

All methods are graded repeatedly with the same fixed
rubric, which reports try-on fidelity and visual quality as
separate criteria.

C.4. User Study

In Tab. C.3, we report the results of a user study comparing
our Dress&Dance against each baseline. For each compari-
son, participants were presented with the input user image,
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garment image, and motion reference, and asked to indi-
cate their preference based on five criteria: Humanty_on
(faithfulness to the garment), Humany,, (preservation of
user identity), Humanyoion (fidelity to the reference mo-
tion), Humany;g, (overall visual quality), and Humangyeran
(comprehensive assessment). Humanyogon is reported for
the Kling and Ray2 animation comparisons, where partic-
ipants compare each generated video with the displayed
reference motion. For person-video VVT methods, whose
input videos determine motion, we report the applicable
Try-On, User, Visual, and Overall criteria. We adopted a
weighted scoring system where users selected a degree of



preference from {Strongly Prefer, Prefer, Slightly Prefer},
corresponding to weights of 5, 3, and 1, respectively. The fi-
nal preference rate is calculated as the ratio of the weighted
sum favoring our method to the total weighted sum.

We conducted the study with 40 participants. Aggregate
point preferences exceed 50% in every reported comparison
under the stated criteria.

D. Prompt Generation and Text-Only Try-On
D.1. Obtaining Text Prompts

When other image and video conditions are present, this
text prompt can be easily generated using a vision-language
model (VLM) like GPT [54]. We follow a simple multi-
step process: first, we send sampled frames of the reference
video to the VLM and request a detailed description of the
motion. Then, we send the user and garment images, ask-
ing the VLM to generate a detailed prompt of the form: “the
person in the user image, changing the garment to the one
in the garment image, performing the motion as described
in the motion description.” This composite approach gener-
ates a plausible and comprehensive text prompt. In practice,
since most of the critical information is contained in the im-
age and video conditions, our Dress&Dance remains highly
effective even with a very simple text description.

D.2. Text-Only Try-On

In our Dress&Dance, the text prompt can serve as a crucial
function as a fallback or refinement mechanism: if certain
required information is not fully described in other condi-
tions, the details provided in the text will be utilized. This
capability allows our framework to achieve text-only try-on
without any garment images. As shown in Fig. D.1, our
Dress&Dance supports text-guided virtual try-on, enabling
users to specify a garment and even add new accessories
purely through the prompt.

E. Implementation Details

E.1. Detailed Architecture

Fig. E.1 visualizes the detailed architecture of our diffusion
transformer integrated with CondNets for multi-modal con-
ditioning. The CondNet for a specific condition, e.g., the
garment image, contains LoRA-augmented [27] parameter-
shared copies of each transformer block. At every trans-
former block, the main sequence is constructed by concate-
nating the video sequence, the text sequence, and the condi-
tion sequences (specifically, the key and value sequences
from the attention). The model then computes only the
output video and text sequences. The output condition se-
quences for each transformer block are computed in their
respective CondNet branches through cross-attention with
the text sequence.
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E.2. Basic Designs

Our main video diffusion model generates a 41-frame, 8-
FPS video at 1152 x 720 (resulting in a video length of
approximately 5 seconds, consistent with prior work like
CogVideoX [87] which generates a 49-frame, 8-FPS video
of 6 seconds). The subsequent upsampling model oper-
ates on overlapping 25-frame segments to produce a 121-
frame, 24-FPS video at 1152 x 720. All image conditions
are maintained at a resolution of 1152 x 720. The skeleton
videos are ViTPose [78] outputs at the same resolution and
length as the target video, featuring a gray background and a
customized skeleton coloring to clearly distinguish left and
right arms and legs.

E.3. Conditioning Networks

We utilize LoRA [27] adapters to enable the heteroge-
neous behavior required for different conditions. Specifi-
cally, we apply LoRA adapters in the to_query, to_key,
to_value, and to_out linear layers of the attention mod-
ules, as well as in the feed-forward and convolutional layers.
The rank of LoRA is set to 64 to ensure sufficient capacity.

E.4. Pose Condition Implementation

To provide precise motion guidance and resolve geometric
ambiguities (e.g., distinguishing frontal from dorsal views),
we employ a modified skeleton representation based on
ViTPose [78]. We introduce three specific enhancements
to the standard visualization scheme to enforce structural
consistency:

Auxiliary Midpoints and Central Axis. We introduce
three additional auxiliary keypoints representing the mid-
points of the eyes, shoulders, and hips. We connect these
midpoints to their respective left and right anatomical key-
points (e.g., connecting the left shoulder to the shoulder
midpoint) using edges with distinct colors. This explicitly
defines the body’s central axis and symmetry plane.

Lateral Color Differentiation. We implement a strict
color separation strategy for the body topology. The edges
representing the left limbs (arms, legs) and the left side of
the torso are rendered in contrasting colors to their counter-
parts on the right side. This provides the model with unam-
biguous strong signals regarding the subject’s orientation.

Robust Hand Representation. We use one consistent
edge color for all fingers of each hand, matching its cor-
responding arm (e.g., all left fingers share the left arm’s
color). This simplification reduces the visual complexity
of the condition map and improves the model’s robustness
against high-frequency jitter or errors in finger pose estima-
tion.



Compressing Skeleton Videos Into Sparse Sequences.
A naive approach for converting a F-frame, H x W-
resolution skeleton video into a sequence is to treat it
as a standard F' - H - W sequence, similar to ordinary
videos. However, this dramatically increases computational
costs, doubling the main sequence length and quadrupling
the self-attention computation. We observe that skeleton
videos contain numerous “empty” pixels (background re-
gions without any part of the skeleton), accounting for
roughly 80% of each frame. Since our primary concern is
the human pose, we convert the skeleton video into a sparse
sequence of variable length by masking and preserving only
the sequence elements that correspond to non-background
regions. With positional embeddings tracking the location
of each sparse element, our Dress&Dance is able to learn
the correct motion from this sparse sequence. This strat-
egy significantly reduces computational costs by 70% while
preserving the non-background pose tokens.

E.5. Training Setting

We build our Dress&Dance architecture based on
CogVideoX [87]-5b. We reuse the parameters of the
pre-trained CogVideoX model and initialize the new
parameters related to CondNets. We set separate learning
rates for non-attention parameters (4 x 107°), non-LoRA
attention parameters (107°), and LoRA parameters
(2.5 x 107%). We use an AdamW optimizer with default
hyperparameters and no scheduler.

We train our Dress&Dance on a single machine with 8
NVIDIA H100 GPUs. During garment-aware target steer-
ing, we train Dress&Dance’s main video diffusion model
for 500 iterations for each of the three phases. Follow-
ing this, we execute resolution scaling in stages: we train
the main video diffusion for 24,000 iterations in stage 1 at
768 x 480 resolution, and then 11,000 iterations in stage 2;
afterward, we add the skeleton video condition and Cond-
Net, and continue to train the main video diffusion for 6,000
iterations in stage 3 at 768 x 480 resolution, and then 6,000
iterations in stage 4 at full resolution to obtain our initial
main video diffusion model. Then, initialized from this
main video diffusion, we train our subsequent upsampling
model for 12,000 iterations at full resolution, and continue
to train the main diffusion model for another 12,000 itera-
tions in stage 4. The 1-2 hours per GATS phase in Sec. 3.1
and the roughly 200-hour Direct Training baseline in Sec.
4 are wall-clock times measured on this 8-GPU setup; the
corresponding GPU-hours are 8 x larger.

E.6. Evaluation Setting

Evaluation uses held-out real user images, garment images,
and motion references; synthetic image-try-on triplets are
confined to training-data construction. For the captured
dataset with ground truth, we randomly sample 32 virtual
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try-on tasks from the test subset as our evaluation bench-
marks. For the Internet dataset, we sample tasks by ran-
domly pairing user images and garment images from the
test subset, and construct 32 single garment try-on tasks,
32 multiple garment try-on tasks, and 16 garment transfer
tasks. We compute the Fréchet Inception Distance (FID) of
a generated video with respect to a randomly sampled sub-
set of 8,192 videos from the corresponding dataset.

F. FPS Upsampling and Artifact Removal

The CogVideoX backbone produces 41-frame videos at 8
FPS per forward pass. Our subsequent refinement stage
converts them into 121-frame, 24-FPS outputs while im-
proving contrast, color, sharpness, and motion quality. We
initialize this refinement stage from the final main-model
checkpoint after progressive training. The upsampling
model operates in an auto-regressive manner, refining the
video segment by segment with overlaps. To train the up-
sampling model, we construct training data by temporally
downsampling raw 24-FPS ground truth videos to 8 FPS
and applying various data augmentations to the downsam-
pled videos to simulate potential artifacts. This specialized
training equips the upsampling model with the ability to re-
move artifacts and further enhance the final visual quality.

F.1. Auto-Regressive Video Generation

For memory-efficient high-resolution refinement, we train
the upsampling model on overlapping 25-frame segments
generated from 9-frame, 8-FPS source clips. The CondNet
for this source video condition repeats each 8-FPS frame
three times to form a coarse 24-FPS sequence and then a
standard ' - H - W sequence. To generate a 121-frame
video, we divide it into seven 25-frame segments with 9-
frame overlaps and refine them progressively, leveraging
DiffEdit [11] for consistent overlap refinement.

F.2. Data Augmentation for Visual Refinement
Training
The upsampling model is trained within a standard diffusion
training process, where we construct 8-FPS video inputs by
temporally downsampling the ground truth videos and train
the model to restore the original video. We observe that,
beyond temporal upsampling, the model also has the poten-
tial to refine visual quality by removing artifacts. Therefore,
we retain all input conditions used to generate the original
video, and then apply extensive data augmentations to the 8-
FPS video inputs during training. These augmentations in-
clude color jitter, Gaussian blur, VAE compression (encod-
ing and decoding the video with VAE, which may lose de-
tails), noising, local pixel shuffling [97], and temporal blur-
ring, to simulate various artifacts that may occur in the gen-
erated source video. These intentional degradations make
the refiner learn both temporal interpolation and restoration,



Table G.1. Computational analysis of the main 41-frame video
diffusion model for one denoising forward pass at 1152 x 720
resolution. Both models are measured under the same inference
setup.

Metric Dress&Dance CogVideoX Base
Resolution 1152 x 720 1152 x 720
Frames 41 41
VRAM Peak 19 GB 16 GB
FLOPs/Forward 3.18P 1.01P
Latency/Forward 20 sec 5 sec

completing the progressive training regimen. With this ro-
bust training strategy, our upsampling model significantly
enhances the visual quality of the final video, especially in
addressing blurriness, contrast, and brightness issues.

F.3. Implementation Details

The full refined video is a 121-frame, 24-FPS video, refined
from a 41-frame, 8-FPS video. We first repeat each frame
three times and remove the last two frames to convert the
41-frame video into a coarse 121-frame version. Then, we
refine this coarse video segment by segment. In the first
step, we take frames [0, 25) as the input to the upsampling
model to generate the refined segment. In the subsequent
steps, given the last refined index ¢ where frames [0, 7) are
already refined, we take frames [¢ — 9,7 + 16) as the input
to the upsampling model, where frames [ — 9,%) are pre-
served, and frames [i,7 + 16) are newly refined. We apply
DiffEdit [11] on the first 9 frames to ensure they preserve
the previously refined frames [i — 9, ), and the model gen-
erates smooth frames [i,7 + 16) as the continuation. The
entire refinement process is completed in 7 steps through
7 segments: [0,25), [16,41), [32,57), [48,73), [64,89),
[80,105), and [96, 121).

To grant the upsampling model the capability to re-
generate blurred parts, it also takes all the conditions used
by the main video diffusion model. More specifically, we
directly pass the same garment image(s) and user image,
and the corresponding segment of the skeleton video. The
refinement source frames are also input to the upsampling
diffusion model through an individual CondNet. This de-
sign lets the model preserve the first 9 input frames or re-
fine the whole segment, while DiffEdit maintains overlap
consistency.

G. Efficiency Optimization and Fast Inference

Our acceleration reduces the 100-step two-stage pipeline
from roughly four hours to 4—10 minutes while maintaining
visual quality comparable to the unaccelerated pipeline. As
shown in Tab. G.1, the main overhead over the CogVideoX
base model comes from jointly handling multiple high-
resolution conditions, such as multiple garment images,
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user appearance, and motion guidance. We combine sam-
pler acceleration with two complementary techniques: CFG
distillation [50, 61] to remove the extra guidance forward
pass, and one-step denoising for the upsampling model.

G.1. UniPC Multi-Step Scheduler

Our standard generation process uses the DDIM [68] sched-
uler, which relies only on the first-order derivative and re-
quires numerous denoising steps. We replace this with the
UniPC [94] multi-step scheduler, which leverages higher-
order derivatives to perform denoising based on the pre-
dicted noise in multiple steps. With UniPC, we are able
to reduce the denoising steps from 100 to 10 for the main
model and from 100 to 2 for the upsampling model while
maintaining comparable quality. Notably, this replacement
can be applied to a pre-trained model in an out-of-the-box
manner without requiring specific training with the UniPC
scheduler.

G.2. CFG Strategy and Distillation

CFG Strategy. To handle multiple heterogeneous condi-
tions effectively, we categorize them based on their guid-
ance strength and conditioning difficulty into two sets:

* Easy Conditions (Cc.sy): Conditions that provide strong,
unambiguous signals which the model follows easily. In
our framework, this includes motion, user image, and the
source video (in the refiner module).

* Hard Conditions (Cy,.q): Conditions requiring com-
plex semantic interpretation or mapping, specifically fext
prompts and garment images.

We apply guidance scaling specifically to the hard condi-

tions while treating the easy conditions as the unconditioned

baseline. Let f(z,t,C) denote our DiT-based noise predic-
tor network, where z, is the noisy video latents at timestep

t. We compute the joint noise prediction €,); using all condi-

tions Call = Ceasy U Chard, and the baseline prediction €easy

using only easy conditions:

€all = f(ztat7call)7 (1)
The final classifier-free guided noise e¢ is computed as:
2

where w is the guidance scale (set to w = 5.0 in our exper-
iments).

€easy = f(zta tvceasy)-

€cfg = W - (Eall - 6casy) + €easy

Distillation. Standard CFG necessitates two network
evaluations per denoising step, doubling the inference la-
tency. To eliminate this overhead, we employ a distillation
approach building upon the framework introduced by [50].
We train a distilled model g to directly predict the guided
noise €., derived from our strategy above. The distillation
objective is to minimize:

Laisein = Eq, ¢.¢ [[|9(2¢, t, Can) — €cte||”] - 3)



By applying this distillation training to both the main video
diffusion and the upsampling model, we enable the model
to output the guided result in a single forward pass instead
of two passes for €, and €qasy, effectively reducing the in-
ference time by half.

G.3. Upsampling Model 1-Step Generation

As the upsampling model’s task is relatively simple and can
already support 2-step generation in a training-free manner,
we further train it for one-step generation. This training
involves training the distilled model to output a noise pre-
diction such that using it to denoise the noisy video obtains
the target original video. Through this training, we achieve
1-step generation for the upsampling model.

G.4. Modes and Results

Finally, we support three different modes to trade off be-
tween efficiency and quality. Each mode is marked as
“a{,D} 4+ b{,D}”, e.g., “25D+1D” or “10+1D”, represent-
ing a mode with ¢ main video denoising steps and b up-
sampling model denoising steps, with (marked as a ‘D’ af-
ter a and/or b) or without (no ‘D’) CFG distillation. The
“25+1D” mode (25-step non-distilled generation with 1-
step distilled refinement) generates videos at very simi-
lar visual quality in 8-10 minutes. The “25D+1D” and
“10+1D” modes provide faster 4-5 minute operating points;
the former favors complicated garments and high-frequency
detail, and the latter favors user and garment fidelity. The
results are visualized in Fig. G.1 and in SV3:34.

H. Limitations

Performance can degrade for very fast or unusual motion
because the 8-FPS main stage undersamples rapid transi-
tions and such poses may fall outside the training distribu-
tion.

I. Additional Results and GPT Prompts

This section provides additional qualitative results and the
GPT evaluation prompts.

* Fig. [.1: Try-on with dancing motion.

 Fig. [.2: Garment transfer from another given user image.
* Fig. [.3: Simultaneous try-on of multiple garments.

e Figs. 1.4 and 1.5: Prompts for GPT evaluator.

J. Ethics and Reproducibility

Intended use and misuse. Dress&Dance is intended
for consent-based, offline clothing visualization and re-
search. As a face-, identity-, garment-, and motion-
conditioned human-video generator, it can also be mis-
used for impersonation, deceptive media, harassment, or
biased/stereotyped portrayals. Any deployment should re-
quire authorization to use a person’s likeness, apply access
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controls and provenance/watermarking, retain auditable
generation records, and present outputs as synthetic pre-
views rather than evidence of real events or physical gar-
ment fit. Dataset and model audits should cover identities,
body shapes, garments, and motions.

Participant data. The captured collection contains 183
consenting participants recorded in a professional studio.
Each participant signed a service agreement authorizing
capture and research use and received compensation. Studio
staff, including photographers and stylists, supported safe
and comfortable sessions. Distribution is mediated by the
vendor access process in Sec. Y, which preserves consent,
privacy, and licensing obligations.

Reproducibility. Upon acceptance, we will release the
complete training, inference, and evaluation implementa-
tion, including preprocessing, configurations, and sched-
ules. The benchmark is distributed under the vendor-
managed terms in Sec. Y. Hyperparameters, training stages,
pose representation, refiner, and efficiency settings are doc-
umented in Secs. E-G.


https://immortalco.github.io/DressAndDance/demo.html?t=3:34

Motion-video try-on (processed 105-frame input)

Method / setting source f0 source f17 source f34 source f51 source f68 source f85 source f104

Processed motion video
105-frame timeline

CatV2TON (repaint)
105 frames

MagicTryOn-Turbo
105 frames (extended)

4 o o d 4 4

MagicTryOn-Turbo not generated not generated
(run covers (run covers
81-frame suffix (f24--f104) 24-104) 124-f104)
. not generated not generated not generated
MagicTryOn-Turbo (run covers (1un covers (run covers
65-frame suffix (f40--f104) 140-f104) 140-1104) 140-104)

MagicTryOn (14B)
105 frames (non-default)

a° ” B uD” BD” e’ uo”
- 09-1P-1-19-P-1p-
15-19-9-9-9- 1P

MagicTryOn (148) i ey i
65-frame suffix (f40--f104) 140-f104) 140-1104) 140-f104)
Figure C.1. Motion-video try-on using the processed 105-frame motion-reference clip; columns are source frames

0,17,34,51, 68, 85, 104. Rows show the input motion video, CatV2TON (repaint), MagicTryOn-Turbo 105-frame output, MagicTryOn-
Turbo 81-frame suffix (frames 24-104), MagicTryOn-Turbo 65-frame suffix (40-104), MagicTryOn-14B 105-frame output, and
MagicTryOn-14B 65-frame suffix (40-104). All rows remain at 24 FPS and map one-to-one to the labeled source frames without tem-
poral resampling; gray cells mark frames preceding each generated suffix. The full-length MagicTryOn rows use the original zip-front
garment caption; the suffix rows use the corrected pullover-hoodie caption and are presented as separate qualitative settings. The input and
CatV2TON rows are 480 x 768; MagicTryOn rows are generated at 624 x 832 and corrected only for display, while metrics use unmodified
full-length outputs.



Try-on using Dress&Dance output as person-video input

Method / setting source f0 source f20 source f40 source f60 source f80 source f100 source {120

Dress&Dance output
person-video input
(121 frames)

CatV2TON (repaint)
121 frames

MagicTryOn-Turbo
121 frames (extended)

not generated not generated

MagicTryOn-Turbo
81-frame suffix (140-f120) et il

not generated not generated
(run covers (run covers.
156-120) 156-1120)

not generated
(run covers
156-120)

MagicTryOn-Turbo
65-frame suffix (f56--f120)

MagicTryOn (14B)
121 frames (non-default)

i not generated not generated not generated
MagicTryOn (14B) (run covers (run covers (run covers
65-frame suffix (f56--f120) 156-1120) 156-1120) 156-1120)

Figure C.2. Baselines given the target-dressed Dress&Dance output as person-video input on the 121-frame timeline; columns are frames
0, 20, 40, 60, 80, 100, 120. Rows show the Dress&Dance input, CatV2TON (repaint), MagicTryOn-Turbo 121-frame output, MagicTryOn-
Turbo 81-frame suffix (40-120), MagicTryOn-Turbo 65-frame suffix (56—120), MagicTryOn-14B 121-frame output, and MagicTryOn-14B
65-frame suffix (56—120). Every baseline therefore receives direct access to the target appearance. All rows remain at 24 FPS and map one-
to-one to the labeled source frames without temporal resampling; gray cells mark frames preceding each generated suffix. The full-length
MagicTryOn rows use the original zip-front garment caption; the suffix rows use the corrected pullover-hoodie caption and are presented as
separate qualitative settings. The Dress&Dance input and CatV2TON rows are 480 x 768; MagicTryOn rows are generated at 624 x 832
and corrected only for display, while metrics use unmodified full-length outputs.
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User Image  Dress Dance Prompt Dress&Dance
4 B 0:00.0 0:00.¢ 0:01. 0:01.8, 0:02.4, 0:03.0 0:03.6, 0:04.2,

... ashort-sleeve top ...
repeating high-frequency

pattern of horizontal stripes ...
. . D&D
... blue athletic shorts with leg '

sleeves ...
... gradually turns to right ...
facing forward ...

Figure D.1. Our Dress&Dance supports text-only try-on. By introducing a different garment and accessories in the text prompt, our
Dress&Dance generates try-on results without corresponding images.

Our Dress&Dance includes a text prompt as part of the model input. Built upon CogVideoX [87], Dress&Dance inherits a
strong text-conditioned video prior, making text a natural semantic interface for controllable generation. Beyond this archi-
tectural compatibility, text provides complementary cues that are often unavailable from visual inputs alone. In particular,
when some regions are occluded or absent in the input images, text can specify the desired appearance of non-try-on regions
and thereby reduce ambiguity. This is especially useful in practical try-on scenarios where the target outfit is only partially
determined by the garment image and the user appearance image. Text further enables lightweight semantic control over the
final outfit, such as adjusting garment attributes or harmonizing non-try-on regions.

Inputs Sequences Diffusion Transformer Output Video Refinement Source Video
s ]
n
Noisy Video —p I i =) i
Text Prompt | - i 1'

= = S
1152 x 720
""" 5 second
o f 8 FPS

I I i
rh ] —
= = = () conditioning Network (CondNet)
5 5 Q @  Attention sequence concatenation
l l l @  Attention sequence concatenation, key/value only

Conditions
Garment Image

Video Refiner

User Image ’ [V i 3 l

S = E = = - t layer Refined Video 2
5
...... Param.-shared copy of Transformer layer 1152 x 720
Motion Sre. [ oo 3 I ﬁ I ﬁ 5 second
From Ref. Video TORAM LoRA Adapter 24 FPS
(a) Model Architecture (b) Auto-Regressive Video Refiner

Figure E.1. Our Dress&Dance designs. (a) Dress&Dance supports multi-modal conditioning through our CondNet mechanism, a unified
conditioning framework augmented with LoRA-parameter-shared [27] transformers. (b) The two core models in our Dress&Dance frame-
work: a main model for 8-FPS video generation, and an upsampling model to auto-regressively increase the frame rate to 24-FPS while
removing artifacts.
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Garment

Text Prompt (purple = user appearance, orange = garment, green = motion)

Figure G.1. In mode a{,D} + b{, D}, a and b denote main-model and refiner denoising steps, and D denotes classifier-free-guidance
(CFG) distillation. The “25+1D” mode retains quality comparable to the 100-step two-stage pipeline in 8—10 minutes; “25D+1D” and

“10+1D” reduce generation time to 4-5 minutes. More results are available in SV3:34.

remain on the vibrant patterns of the garment.

A young man with short, trimmed hair and a neat beard, fair skin tone, wearing a long sleeve top with a zip-up front,
featuring a repeating high-frequency pattern of horizontal stripes in multiple colors including yellow, red, blue, and
green. Paired with dark fitted jeans and navy sneakers for a casual, yet stylish look. Background is a simple, plain
white setting, providing a clean and unobtrusive environment. The man's motion transitions smoothly; he starts dancing
cucarachas with a steady rhythm, pausing to a relaxed standing pose with hands by his sides, occasionally turning to
reveal the back, before resuming his dance. His expression remains calm and poised throughout, allowing the focus to

ion Source

Ours

Kling Al

Ours Try-On + Ray2

‘Text Prompt (purple = user appearance, orange = garment, green = motion)

Figure I.1. Dress&Dance allows a user to dress themselves in a desired garment and perform the desired dance. These complex movements
are challenging to express with text alone, which makes motion generation difficult for models like Kling [37] and Ray?2 [60].
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https://immortalco.github.io/DressAndDance/demo.html?t=3:34

A single model wearing a vibrant royal blue satin mini dress with p V-neck and halter neckline,
Seaturing & stylish front cutout at the waist, knee-length hem, pama with elegant, open-toe lace-up
high-heeled sandals. The model alternates bstween a side and frontal position, showcasing the garment's
it and design, effortless and fluid movements, transitioning smoothly between subtle poses like a
slight step forward with hands relaxed by the sides, to a graceful half-turn displaying the back. The
smooth transition highlights the dress's silhouette and fabric flow. The background is a minimalist
white studio setting, designed to emphasize the model and outfit, ensuring clean, unobstructed focus on
the clothing, with soft lighting enhancing the dress’s sheen and providing an elegant yet simple
atmosphere

E

 single male model earing a slesk black button-up windbreake
black trousers and
s alternating betueen be:
1ling, simple white backdrop offering a clean, modern aest)

auttit texturas without shadows, focus on contemporary urben style.

jacket over a gray shirt,

¢, consistent lighting hxsh]x(htxns

Ours Motion Source

Fashion-VDM

‘e
i

Figure 1.2. Our Dress&Dance supports transferring a garment from another given image via segmentation, regardless of the pose of that
image. Notably, our Dress&Dance generates high-resolution videos at 1152 x 720 with clear appearance and more details, while the
baseline Fashion-VDM [35] exhibits color fading and generates low-resolution 512 x 384 videos.

Ours

Kling Al

V‘%:w

W

Garment 1

&

A

Texl Prompt (purple = user appearance, orange = garmenr green = motion)

a

,

K \
S8
NAR

—m t:»:p
e E-E;t
- ‘ﬂ-:ﬁ’

3

Ours Motion Source

Fashion-VDM

m |

A model wearing a sleeveless top with a
orizontal stripes, conplenented by gray 1
They accessorize with bright pink ankle bo
gth dark hair and ds styled uih

ding 2 po o nodel has.
1 hoop earrings. They star in a

1y to a back view,
uga ok %o shor iew again,
g confidence and grace. The background is a clean white space, evenly lit,
highlighting the model and garments, minimalistic and modern atmospher:

,.
—_—

Motion Source

Garment 2

w
¢

4

Text Prompt (purple = user appearance, orange

-

-
q_:‘_
C N
— 3

Aﬂl!!ll‘l

Figure 1.3. Dress&Dance supports the simultaneous try-on of a top and bottom garment, correctly understanding and representing both
without explicit labeling. In contrast, the Kling Al baseline [37] incorrectly misrepresents the trousers as a skirt. More results in SV2:02.
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https://immortalco.github.io/DressAndDance/demo.html?t=2:02

You are a professional fashion expert and an evaluator of human video generation.
You task is to evaluate the overall quality of the generated human fashion video.
In each task, You will be given:
(1) a user image, which is a photo of the model person;
(2) one or two garment frontal images, which are photos of the garments to be worn by the model person
(these images may be different from the user image, as they are the garments to be try-on)
along with several image or video as conditions, with each of their descriptions;
(3) a generation prompt, with is a detailed description of a human fashion video,
you can assume that the prompt will be consistent with the model person and the garment images;

Then, you will be given one candidate video to evaluate, which is expected to generate
the human fashion video of the model person wearing the garment (s) in the garment images,
following the generation prompt.
To evaluate the quality of the human video, you should consider the following aspects:
— "user": user appearance fidelity
Whether the appearance of the person in the generated video matches the user image.
Also, for all the other garments that are not indicated to change in the prompt and garment images,
the person should wear the same garments as in the user image.
- "garment": garment appearance fidelity
Whether the appearance of the garments in the generated video matches the garment images,
where the frontal of the garment should match the garment image from all the viewpoints at any human motion,
and the back and sides of the garment, which are not shown in the garment images, should be reasonably
— generated
to maintain a consistent appearance with the frontal.
- "motion": video motion quality
Whether the motion of the person, garments, and possible accessories in the generated video is realistic,
— smooth, and natural,
with clear appearance with reasonable speed, acceleration, and deceleration,
without sudden or unnatural movements or morphing.
- "visual": visual quality
Whether the generated video is visually appealing, with reasonable brightness, contrast, and color saturation,
with smooth and natural motion, and without visual artifacts.
The person, garments, and background should be visually clear and sharp, with high resolution and without
— blurring.
The video should be visually appealing and engaging to watch.
- "overall": overall quality
This is an "overall" evaluation, which should consider all the aspects of the video and try-on quality.
Which means it should evaluate
the fidelity of user image and garment images, the motion quality, and the visual quality,
and give an overall score based on these aspects.
To receive a high "overall" evaluation score, the video should satisfy all the aspects' requirements,
and any failure in any aspect will result in a lower score.
The overall score should be a comprehensive evaluation of the quality of such video try-on generation.
You will be paid tips based on the quality of your evaluation.

Figure 1.4. GPT evaluator prompt: different aspects.
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{{ For: each frame }}
This is the frame at {timestep} of the generated video.
{{ End For }}

Now, please evaluate the quality of the generated human video.
You should consider the four aspects: "user", "garment", "motion", and "visual", and finally provide an "overall"
— evaluation.
You should consider all the frames from the video, and have a comprehensive evaluation.
In your evaluation, for each scoring item of "user", "garment", "motion", "visual", and "overall",
you should give an integer score from 0 to 100,
where higher is better.
To better align your score:
"0" means the worst, failure, or completely wrong;
"60" means a passable quality, the generation is not contradict with the inputs, but with multiple noticeable
< 1issues;
"80" means a good quality, with minor issues that can be ignored;
"90" means a very good quality, with only very minor issues that are hard to notice;
"100" means perfect and flawless quality, with no issues at all.
For "user" and "garment",
a score of 80 means that the appearance of user or the frontal of garment is almost the same as the image.
For "motion",
a score of 80 means that the motion is at least be able to be performed by a human,
with no obvious artifacts like morphing, or the head turns 360 degrees.
For "visual",
a score of 80 means that the video is visually clear and sharp, with only a few blurring,
and the brightness, contrast, and color saturation are somehow reasonable.
For "overall",
a score of 80 means that the video can roughly score 80 in all the other aspects above.
You can provide intermediate scores like 73, 86, 92, etc., to indicate the quality more precisely.
In your reply, you should provide the evaluation scores for each aspect in json format.
For example, the evaluation can be:

{

"user": 93,
"garment": 87,
"motion": 81,
"visual": 62,
"overall": 75,

}

or

{
"user": 92,
"garment": 64,

"motion
"visual
"overall": 71,

}
These are just examples. You should provide the actual evaluation for the actual video.
Please do not include any other contents, like quotes, or markdown code blocks like "*°°
You can just directly reply with the json string, starting with "{" and ending with "}".
All other information or incorrect format will be considered as invalid,

which will result in a panelty in your payment.
Please provide your evaluation as a json string now:

json".

Figure 1.5. GPT evaluator prompt: rubrics.
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