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Abstract
Visual identity transfer in dynamic scenes refers to the process of generating a video in which the motion, viewpoint, and environment of a
source sequence are preserved while the appearance of the central subject is replaced by the identity of a target individual. Applications include
personalized content creation, privacy-aware editing, and virtual production, where a single image of a new identity is often the only available
reference. This one-shot regime is challenging because the model must infer viewpoint- and illumination-consistent identity features from
incomplete observations while maintaining temporal coherence under arbitrary motion. Existing approaches typically rely on multi-view capture,
subject-specific fine-tuning, or strong priors that can limit fidelity or generalization. This work studies a general formulation of one-shot visual
identity transfer using target images in unconstrained dynamic scenes and introduces a model that separates identity from scene dynamics within
a conditional generative framework. A single target image is mapped to a compact identity embedding that drives a spatiotemporal generator
conditioned on a source video. The method combines appearance modeling, motion-aware warping, and temporally consistent adversarial
training to synthesize videos that preserve source motion and background while approximating the target identity. The study examines the impact
of architectural choices, training objectives, and numerical optimization schemes on identity preservation and scene consistency, and analyzes
failure modes such as extreme pose mismatch and occlusions. The resulting formulation highlights the interaction between representation,
training dynamics, and generalization in one-shot identity transfer for dynamic visual content.

1. Introduction

Visual content creation is increasingly driven by models that
synthesize images and videos conditioned on text, reference
examples, or structured control signals. A central task in this
space is visual identity transfer, in which the appearance of
a subject in a source sequence is replaced by the identity of
a different person or object while preserving motion, camera
trajectory, and background structure. When the available in-
formation about the target identity is limited to a single image,
the problem becomes a one-shot generalization challenge. The
model must extrapolate how the target identity would appear
under novel viewpoints, lighting, and deformations that are not
present in the reference, while ensuring that the resulting se-
quence remains coherent and consistent across time.

One-shot visual identity transfer in dynamic scenes com-
bines difficulties from several domains. From a representation
perspective, it requires a factorization of the observed scene
into identity, motion, and background components such that
identity can be substituted without corrupting the remaining
factors (1). From an optimization perspective, it involves train-
ing a model that generalizes across identities without identity-
specific fine-tuning, which requires careful regularization and
conditioning strategies. From a numerical standpoint, the learn-
ing process involves high-dimensional, temporally correlated
data and non-convex objectives driven by reconstruction, per-

ceptual, adversarial, and regularization terms that interact in
complex ways.

A direct approach to this problem might attempt to encode
the target image into a latent vector and feed it to a generic
video generator conditioned on the source frames. However,
such a naive scheme is prone to identity drift, temporal flicker-
ing, and geometric inconsistencies, especially under rapid mo-
tion or large pose variations. A more structured design needs
to recognize that identity, at least for human subjects, has both
global attributes, such as facial geometry and skin tone, and
local attributes, such as fine-grained texture and hair configu-
ration. These factors need to be injected into the generative
process at appropriate spatial and temporal scales. In addition,
dynamic scenes often contain complex interactions between
the subject and environment, including occlusions and motion
blur, which require the model to reason about visibility and
continuity over time.

In this work, the task is formulated as learning a mapping
from a source video and a single target image to an edited
video where the source identity is replaced while the motion
and scene context are preserved. The formulation explicitly
separates identity embedding, motion representation, and spa-
tiotemporal generation. An identity encoder produces a low-
dimensional representation of the target appearance. A motion
encoder processes the source video to obtain a representation



Table 1. Problem setting for one-shot visual identity transfer in dynamic scenes.

Aspect Dynamic-scene requirement One-shot constraint
Input evidence Source video with complex mo-

tion, occlusions, and lighting
Single target image as identity exemplar

Output video Preserves scene layout, back-
ground, and camera motion

Central actor rendered with target iden-
tity across all frames

Content preservation Maintain body kinematics and
high-level action semantics

Avoid altering non-identity content such
as environment and motion

Identity transfer Replace facial features, skin and
hair texture, and clothing details

Generalize target appearance to unseen
poses and views

Temporal coherence Enforce consistency of appear-
ance and geometry over time

No per-identity fine-tuning or optimiza-
tion during inference

Table 2. Comparison of supervision assumptions between existing approaches and the proposed formulation.

Setup Identity supervision Geometric assumptions Practical limitations
Multi-view methods Multiple synchronized

cameras and viewpoints
Often rely on calibrated
rigs or multi-view geom-
etry

Rarely available in un-
constrained, in-the-wild
videos

Long reference
videos

Dozens or hundreds of
images for each identity

Implicitly learn appear-
ance priors from many
frames

Expensive data collec-
tion and per-identity
storage

Explicit 3D models Parametric face or body
templates

Require accurate fitting
and controlled capture

Limited appearance di-
versity and stylization
flexibility

Single-image editing One or few images,
static setting

2D alignment and warp-
ing dominate

Weak temporal model-
ing; hard to extend to
full videos

Proposed one-shot
video transfer

Single target image plus
source video

No explicit 3D geometry
at test time

Designed for dynamic,
unconstrained scenes
with minimal identity
evidence

of dynamics and camera behavior. A conditional generator
composes these elements to synthesize the final video. The
mapping is learned in a data-driven manner from collections
of videos without requiring subject-specific optimization at in-
ference.

The approach is expressed in a probabilistic and geomet-
ric framework (2). Videos are modeled as high-order tensors
and random variables, while identities are represented in a la-
tent manifold equipped with a metric induced by feature ex-
tractors. Temporal coherence is encouraged by explicit reg-
ularizers and by network architectures that share parameters
across time. The numerical training procedure uses stochastic
gradient methods with carefully designed loss functions and
noise schedules. The overall system is analyzed with respect
to identity preservation, motion consistency, and robustness to
challenging conditions. The remainder of the paper formalizes
the problem, describes the model components, discusses the
learning objectives and optimization strategy, and presents an
experimental study along with a discussion of observed behav-
iors and limitations.

2. Problem Formulation and Representation
The problem of one-shot visual identity transfer in dynamic
scenes is formulated by treating videos and images as random

variables defined on appropriate spaces. Let

Vsrc ∈ RT×H×W×C

denote a source video with T frames and spatial resolution H×
W with C channels. Let

Itar ∈ RH′×W′×C

be a single target image capturing the identity to be transferred.
The goal is to generate a video

V̂tar ∈ RT×H×W×C

that preserves the motion, camera trajectory, and background
of Vsrc while approximating the visual identity of the central
subject in Itar.

The generative model is represented as a mapping

Fθ : V × I → V,

where V is the space of videos and I is the space of images.
The parameters θ are learned from data such that

V̂tar = FθVsrc, Itar

approximates the conditional distribution of videos in which
the identity of the subject is that of Itar and the motion and



Table 3. Decomposition of the proposed architecture into content and identity pathways.

Module Primary role Inputs Outputs / influence
Content pathway Model spatio-temporal

scene dynamics
Source video frames,
motion cues, camera
trajectory

Latent content features
encoding background,
pose, and layout

Identity pathway Inject target-specific ap-
pearance information

Encoded target image
features

Feature-wise modula-
tion signals and cross-
attention keys/values

Regression network Infer modulation param-
eters in one shot

Single target image (or
its embedding)

Identity-conditioned
scales, shifts, and atten-
tion weights

Temporal regulariza-
tion blocks

Promote stability across
frames

Consecutive latent fea-
tures or frames

Loss terms or recur-
rent connections enforc-
ing temporal coherence

Generator backbone Synthesize output
frames

Fused content and iden-
tity features

Video frames where
source content is
rendered with target
identity

Table 4. Conceptual disentanglement between content and appearance factors.

Factor Content-dominated aspects Appearance-dominated aspects
Background Scene layout, static objects, en-

vironment geometry
Local texture and style of surfaces, light-
ing color

Body pose Global body configuration and
motion trajectory

Clothing-dependent silhouette variations

Face region Head pose and coarse alignment
with body

Identity traits such as shape, features,
and fine texture

Temporal evolution Action semantics and motion
continuity

Frame-wise variation in shading and
micro-expressions

Occlusions Which parts of the actor are vis-
ible

How occluders interact with hair, cloth-
ing, and skin appearance

background structure are consistent with Vsrc. More formally,
the objective can be expressed as modeling a conditional dis-
tribution

pθVtar | Vsrc, Itar

that concentrates its mass near videos that satisfy the identity
and motion constraints.

From a probabilistic viewpoint, one can conceptualize each
video as arising from latent identity, motion, and scene vari-
ables. Let zid denote an identity latent variable, zmot a motion
latent variable, and zbg a background latent variable. A gener-
ative process may be abstractly written as

V = Gzid, zmot, zbg,

where G is a deterministic function realized by a neural net-
work. The source video Vsrc is associated with latent vari-
ables

(
zid

src, zmot
src , zbg

src
)

, while the unknown target video corre-

sponds to
(

zid
tar, zmot

src , zbg
src

)
, under the assumption that motion

and background factors are preserved and identity is replaced.
The target identity latent variable zid

tar must be inferred from
the single image Itar.

In practice, the exact generative process and latent factor-
ization are not observed. Instead, the model learns an encoder–
decoder structure that implicitly realizes the factorization. The

source video is mapped to a motion and background representa-
tion, while the target image is mapped to an identity embedding.
Let

zmot = EmotVsrc, zid = EidItar,

where Emot and Eid are neural encoders. The generator Gθ
then outputs the edited video

V̂tar = Gθzmot, zid.

This factorization is enforced not by direct constraints on the
latent variables, but by the structure of the network and the
losses used during training.

At the level of individual frames, each video frame Vsrc
t

can be vectorized as

xt ∈ Rn, n = HWC,

and the video can be regarded as a sequence x1, . . . , xT or as
a single vector in RnT. For modeling spatiotemporal depen-
dencies, it is more natural to view the video as a tensor and
to employ convolutions or attention mechanisms that respect
spatial and temporal locality. The model defines a family of
conditional distributions

pθxt | x<t, zmot, zid



Table 5. Generative modeling frameworks considered for controllable video synthesis.

Framework Strengths for identity
transfer

Challenges in dynamic
scenes

Typical trade-offs

GANs High-fidelity, sharp sam-
ples with strong discrim-
inators

Training instability and
mode collapse for long
sequences

Good visual quality, but
sensitive to hyperparam-
eters

VAEs Probabilistic latent rep-
resentation amenable to
conditioning

Blurry outputs and lim-
ited detail at high reso-
lutions

Stable training with ex-
plicit likelihood bounds

Normalizing flows Exact likelihood and in-
vertible mappings

High memory cost and
architectural rigidity

Flexible density model-
ing but complex to scale
to videos

Diffusion models State-of-the-art image
quality and controllabil-
ity

High computational cost
at inference

Robust to multi-
condition inputs and
rich priors

Hybrid models Combine complemen-
tary properties (e.g.,
VAE-GAN, diffusion
with latent encoders)

Design complexity and
balancing multiple ob-
jectives

Seek balance between
realism, speed, and con-
trollability

Table 6. Temporal modeling strategies for identity transfer in videos.

Strategy Temporal signal Advantages Limitations
3D convolutions Spatio-temporal feature

volumes
Capture local motion
patterns jointly with ap-
pearance

Fixed temporal recep-
tive field and high mem-
ory usage

Recurrent networks Frame-level features
with hidden state

Model long-range de-
pendencies in a compact
state

Prone to drift and van-
ishing gradients on very
long videos

Temporal attention Sequences of frame or
patch embeddings

Flexible context selec-
tion over time

Quadratic cost in se-
quence length without
sparsity

Latent trajectory
models

Low-dimensional tempo-
ral codes

Explicit motion repre-
sentation disentangled
from appearance

Requires careful design
to avoid entanglement
with identity

Post-hoc smoothing Independent frame syn-
thesis plus regularization

Simple to implement on
top of existing image
models

Limited ability to fix se-
vere temporal inconsis-
tencies

or, in a non-autoregressive regime, a joint distribution

pθx1:T | zmot, zid.

The choice between autoregressive and non-autoregressive struc-
ture has implications for numerical stability and computational
cost (3).

An important aspect of the formulation is the notion of iden-
tity invariance and equivariance with respect to scene trans-
formations. Identity should be invariant under global rigid
transformations such as rotations and translations, and under
changes in illumination that do not alter discriminative features.
Motion representations should be equivariant with respect to
time reparameterizations and camera motion. These invari-
ances are modeled implicitly by data augmentation and explic-
itly through the architecture. For instance, convolutional en-
coders can provide a degree of translation invariance, while
spatial transformers or attention mechanisms can enable ap-
proximate equivariance to more complex transformations.

Temporal coherence is represented by the correlation be-
tween frames. A simple way to characterize temporal smooth-

ness is to define a finite difference operator along the time di-
mension. Let

Δxt = xt1 – xt,

and consider the temporal variation energy

Etemp = T–1
t=1

∥Δxt∥2
2.

A generator that produces temporally coherent videos will tend
to induce a distribution over sequences with controlled tempo-
ral variation energy. During training, regularizers are designed
to encourage the generated videos to align with the temporal
statistics of real sequences.

This formulation emphasizes that one-shot visual identity
transfer involves jointly modeling high-dimensional random
variables, latent structures, and spatiotemporal dependencies.
The next sections describe how identity information is encoded,
how dynamic scenes are generated conditionally on this iden-
tity, and how the model is trained under numerical constraints.



Source video x1:T

Target image y

Generator Gx1:T, y

Output x̂1:T

Figure 1. Problem formulation: given a source video and a single target identity image, a conditional generator produces a new video that
preserves the source dynamics and layout while replacing the main actor’s visible identity with that of the target subject.

3. Identity Embedding and Appearance Modeling
The core of one-shot identity transfer lies in how the target iden-
tity is encoded from a single image (4). The identity encoder
Eid maps the image Itar to a latent vector

zid ∈ Rd

and to a collection of spatial feature maps that capture local
appearance. In order to generalize across identities and view-
points, Eid is built from convolutional and attention layers that
aggregate information at multiple scales. The latent vector zid

is intended to capture global attributes such as facial geometry,
rough body shape, and coarse texture properties, while spatial
features encode finer details such as wrinkles, hair structure,
and clothing patterns.

A simple conceptual model of identity representation is to
treat zid as a linear combination of basis vectors in a learned
identity space. One can write

zid = Wu,

where W ∈ Rd×k is a matrix of identity basis vectors and u ∈
Rk is a coefficient vector derived from the encoder. The matrix
W is not fixed in advance but learned jointly with the rest of the
network. In practice, the encoder produces zid directly, yet the
linear decomposition view is useful for interpreting the latent
space. If the columns of W are approximately orthogonal, the
coefficients can be seen as coordinates in a low-dimensional
identity manifold.

To preserve identity fidelity in the generated video, the model
includes an identity consistency loss. Let R be a fixed feature
extractor, such as a network trained for recognition, that maps
images to feature vectors in Rm. For each generated frame

V̂tar
t , an identity feature

fgen
t = RV̂tar

t

is computed, and compared with the feature

ftar = RItar

of the target image. A basic identity loss is given by

Lid =
1
T

T
t=1

∥fgen
t – ftar∥2

2.

This loss encourages the generator to preserve identity-related
features across all frames. In practice, cosine similarity or
margin-based variants can also be used, but the squared Eu-
clidean formulation illustrates the principle and has simple gra-
dient properties.

Identity is not purely global; it is highly spatial. For com-
plex scenes, different regions of the subject, such as the face
and body, may have different visibility patterns, and partial oc-
clusions may limit the information available in some frames
(5). To handle this, the identity encoder can produce spatial
feature maps

Fid ∈ RHz×Wz×Cz ,

which are later used in the generator via cross-attention mecha-
nisms. At a given generator layer, query features derived from
the source video attend to keys and values in Fid, allowing the
network to import identity details into specific spatial regions.
A simple linear attention operation can be written as

A = softmaxQK⊤,

O = AV,



Source video Target image

Content encoder Identity encoder

Spatio-temporal generator

Synthesized video

Figure 2. High-level architecture with a content pathway that captures spatio-temporal dynamics from the source video and an identity pathway
that extracts appearance cues from a single image, both conditioning a shared generator that emits the transformed video.

Table 7. Evaluation criteria for one-shot visual identity transfer.

Metric Target property Typical implementation Notes
Identity similarity Alignment between out-

put actor and target sub-
ject

Embedding distance us-
ing a face or identity
recognition network

Should be high while
avoiding overfitting to
the single target view

Structural fidelity Preservation of source
video geometry and lay-
out

Spatial similarity metrics
between source and out-
put frames

Penalizes distortions of
pose, background, and
camera geometry

Temporal stability Consistency of appear-
ance and geometry over
time

Frame-to-frame consis-
tency losses or optical-
flow-based metrics

Sensitive to flickering,
identity drift, and tem-
poral artifacts

Perceptual quality Overall realism of syn-
thesized videos

Human preference stud-
ies or learned perceptual
metrics

Complements objective
scores with subjective vi-
sual judgments

Pose robustness Performance under large
viewpoint changes

Evaluation on subsets
with strong pose varia-
tion

Highlights the impact
of spatial alignment and
occlusion handling

where Q, K, and V are linear projections of the generator fea-
tures and identity features, arranged as matrices with compati-
ble dimensions. The output O injects identity-conditioned in-
formation into the generator’s hidden state.

To further structure identity information, the encoder may
estimate keypoints or landmarks that approximate geometric
structure. Let

Kid ∈ RJ×2

denote a set of two-dimensional keypoints in the target image,
representing approximate joint positions or facial landmarks.
Similarly, the source frames have corresponding keypoints

Ksrc
t ∈ RJ×2.

A simple linear model of geometric alignment between source

and target is given by

Ktar
t = MtKid bt,

where Mt ∈ R2×2 and bt ∈ R2 are frame-dependent transfor-
mation parameters that map canonical target keypoints into the
pose of the source frame. While the network does not explic-
itly compute such affine maps, its architecture can implicitly
learn similar transformations through spatial warping layers or
deformable convolutions (6).

Appearance modeling is not limited to geometry. Texture
statistics can be represented via Gram matrices of feature maps
(7). Suppose that Eid produces a feature map

F ∈ RCf×Nf ,

where Cf is the number of channels and Nf is the number of



Target identity image

Identity encoder

Meta-regression network

Modulation parameters {θℓ}

Figure 3. Identity pathway implemented as a feed-forward regression module: the target image is encoded and mapped to layer-wise modulation
parameters that steer the generator in a one-shot manner without per-identity optimization at test time.

Generated video x̂1:T

Total loss L

Identity similarity Structural fidelity Temporal stability

Figure 4. Training objective decomposed into complementary loss terms measuring identity similarity, structural fidelity, and temporal stability,
whose weighted combination defines the supervision signal for end-to-end learning.

spatial locations after flattening. The Gram matrix

G = FF⊤

encodes correlations between channels and characterizes coarse
texture. A texture consistency loss can be defined between
Gram matrices of generated frames and the target identity, en-
couraging the preservation of high-level appearance statistics.
The use of such second-order statistics introduces a form of
linear algebraic structure into the representation of visual iden-
tity.

Since only a single target image is available, there is an in-
herent ambiguity in how the identity should appear under novel
conditions. The model leverages priors learned from training
data to resolve this ambiguity. The identity latent vector zid

is regularized toward a prior distribution, often a multivariate
normal

pzid = N 0, Id,
which encourages the space of identities to remain smooth and

prevents overfitting to idiosyncrasies in the reference image.
This regularization is implemented by a Kullback–Leibler di-
vergence term between the approximate posterior produced by
Eid and the prior, similar in spirit to variational autoencoding
schemes.

The combined design of the identity encoder and appear-
ance modeling losses aims to provide a latent representation
that captures distinctive identity cues, is stable under modest
perturbations of the image, and interacts effectively with the
dynamic scene generator. The next section describes how this
identity representation is incorporated into a model that synthe-
sizes temporally coherent videos.

4. Dynamic Scene Generation Network
The dynamic scene generation network synthesizes the edited
video by combining motion and background information from
the source sequence with the identity embedding derived from
the target image. Conceptually, the network consists of a mo-
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Temporal module
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Figure 5. Temporal modeling aggregates neighboring frames through a dedicated module (e.g., 3D convolutions or temporal attention) to
produce dynamic content features that encode motion, occlusions, and scene evolution for the generator.

Content preservation

Identity strength

ID-focused

Balanced

Content-focused

Figure 6. Conceptual trade-off between identity strength and content preservation, with indicative operating points that emphasize the target
identity, balance both factors, or prioritize fidelity to the original scene content.

tion encoder, which compresses the source video into a latent
representation, and a conditional generator, which reconstructs
the video while injecting the target identity (8). Let the motion
encoder produce

zmot = EmotVsrc,
where zmot may itself be a spatiotemporal tensor rather than a
single vector, to preserve local information about motion and
scene layout.

A generic formulation of the generator can be written as a
function

Gθ : Zmot × Zid → V,
such that

V̂tar = Gθzmot, zid.
Internally, the generator operates at multiple spatial and tempo-
ral scales using convolutional, recurrent, and attention-based
layers. One can view the generator as parameterizing a func-
tion

gθ : Ω × T → RC,
where Ω ⊂ R2 is the image domain, T = {1, . . . , T} indexes
time, and the function maps spatial coordinates and time in-
dices to RGB values. The dependence on zmot and zid is im-
plicit in the parameters of gθ or can be made explicit by writing

gθx, t; zmot, zid.
One way to structure the generator is via a latent volume

that encodes the dynamic scene. Consider a tensor

H ∈ RTz×Hz×Wz×Ch ,

produced by processing zmot through a stack of spatiotempo-
ral convolutions and attention layers. Identity information is
injected at several layers through modulated normalization, ad-
ditive biases, or cross-attention, using both the global vector zid

and the spatial feature maps Fid. For example, a convolutional
feature map U in the generator can be modulated by identity
via

Ũ = γzid ⊙ U βzid,

where γ and β are learned affine transformations mapping Rd

to the channel dimension of U, and ⊙ denotes element-wise
multiplication. This modulation allows identity to control the
statistics of intermediate activations.

Temporal coherence is enforced by the architecture through
operations that span time. Spatiotemporal convolutions with
kernels of shape kt × kh × kw operate on multiple frames si-
multaneously and can model motion patterns. Temporal atten-
tion layers perform weighted aggregation across frames, with
attention weights depending on both motion features and iden-
tity (9). For example, a temporal attention operation can be
defined as

At = softmax
(
qtK⊤)

,

ht = AtV,

where qt is a query derived from the features of frame t, and
K and V are stacks of keys and values across all frames. The
resulting representation ht provides a context-aware feature for
frame t that respects temporal correlations.



Table 8. Observed limitations and failure modes of the formulation.

Failure mode Underlying cause Typical visual artifact
Extreme pose mismatch Target evidence covers only a

narrow range of viewpoints
Incorrect or unstable facial structure
when the head rotates strongly

Background leakage Imperfect disentanglement be-
tween content and appearance

Residual traces of source identity or un-
intended changes to the scene

Identity ambiguity Low-resolution or noisy target
image

Blended traits that do not clearly match
either source or target subject

Occlusion sensitivity Limited modeling of self-
occlusions and external blockers

Ghosting or texture stretching when
hands or objects cross the face

Lighting inconsistency Mismatch between source video
illumination and target evidence

Inconsistent shading or unrealistic shad-
ows over time

Table 9. Application scenarios and extensions enabled by one-shot dynamic identity transfer.

Scenario Objective Practical considerations
Controllable video syn-
thesis

Generate videos where motion is
decoupled from identity

Requires reliable motion descriptors and
flexible identity conditioning

Privacy-preserving edit-
ing

Obscure real identities while
maintaining scene semantics

Must balance identity removal with
preservation of behavioral cues

Data-efficient character
re-targeting

Map performances to stylized
avatars or rare characters

Benefits from strong priors that general-
ize from single exemplars

Multi-identity extension Support switching between sev-
eral target subjects

Demands scalable conditioning and care-
ful temporal blending

Interactive control Allow users to adjust identity
strength or content preservation

Exposes trade-offs between realism,
faithfulness, and user intent

For scenes where the subject undergoes large pose changes
or self-occlusions, purely image-space convolutions may be in-
sufficient to capture the geometric relationships across frames.
An alternative is to introduce an intermediate canonical repre-
sentation, such as a three-dimensional implicit field. In this
view, the generator parameterizes a function

fθ : R3 × T → RCf ,

mapping 3D coordinates and time indices to feature vectors.
The rendered image at time t is obtained by integrating along
camera rays. For a pixel location x with camera ray rxs, the
color is

Itx = s1
s0 ws fθ

(
rxs, t

)
ds,

where ws is a weighting function derived from density or oc-
cupancy predicted by the network. The identity embedding zid

and motion encoding zmot modulate fθ, allowing the model to
represent identity-dependent appearance on a dynamic canon-
ical surface. While such volumetric formulations increase com-
putational cost, they can provide stronger 3D consistency, which
is beneficial for large viewpoint changes (10).

Regardless of whether a 2D or 3D representation is used,
the generator must preserve the background and non-subject
elements of the scene. One strategy is to explicitly separate
foreground and background channels. The motion encoder can
produce a background feature tensor

Hbg ∈ RTz×Hz×Wz×Ch ,

and a foreground mask

M ∈ RT×H×W,

approximating the probability that each pixel belongs to the
subject. The generator synthesizes a foreground video

V̂fg ∈ RT×H×W×C

conditioned on identity and motion, and composes it with the
original background extracted from Vsrc via

V̂tar = M ⊙ V̂fg 1 – M ⊙ Vsrc.

This composition preserves background dynamics while only
altering foreground regions.

Incorporating stochasticity is essential to account for am-
biguity in appearance and to improve sample diversity. The
generator can be designed as part of a conditional diffusion
process. A forward noising process

qxt | xt–1

is defined that gradually perturbs the video, and a neural net-
work learns to reverse this process conditioned on zmot and zid.
For a given noise level α, the perturbed video is

xα =
√
α x

√
1 – αϵ,

with ϵ drawn from a standard normal distribution in the video
space. The network learns a score or a denoised estimate, and
the reverse process generates videos consistent with the condi-
tioning variables. This formulation introduces a probabilistic
interpretation and connects the model to multivariate stochas-
tic differential equations.



The overall dynamic scene generation network thus com-
bines identity-conditioned modulation, spatiotemporal process-
ing, and stochastic sampling (11). Its behavior is determined
not only by architectural choices but also by the training objec-
tives and optimization scheme, which are addressed next.

5. Learning Objectives and Numerical Optimization
Training the one-shot identity transfer model involves defining
a loss function that captures identity preservation, motion and
background fidelity, temporal coherence, perceptual realism,
and regularization. The total loss L is expressed as a weighted
sum of several components. A basic reconstruction term en-
courages the generated video to match a ground-truth video
under paired training. Assuming access to videos of many sub-
jects, each with identity image and corresponding video, a re-
construction loss can be written as

Lrec =
1
T

T
t=1

∥V̂t – Vt∥2
2,

where Vt is the ground-truth frame and V̂t is the generated
frame under self-identity conditioning. This term aligns the
generator with the data distribution in a mean-squared sense.

Perceptual quality is promoted by using losses defined in a
feature space. Let Φ be a feature extractor mapping images to
a set of intermediate feature maps. A perceptual loss is defined
as

Lperc =
l

1
T

T
t=1

∥ΦlV̂t – ΦlVt∥2
2,

where Φl denotes the feature maps at layer l. While the layers
used and the weighting scheme are model-specific, the princi-
ple is to match high-level representations rather than only pixel
values.

Identity consistency is enforced via the loss (12) Lid de-
scribed earlier. Temporal coherence is encouraged through ex-
plicit penalties on frame differences. A simple temporal loss
is

Ltemp =
1

T – 1
T–1
t=1

∥V̂t1 – V̂t – Vt1 – Vt∥2
2,

which aligns the temporal gradients of generated and real videos.
This loss can be interpreted as matching discrete derivatives
along the time axis, approximating a continuous-time regular-
ization ∥∥∥∥∥∂V̂t

∂t – ∂Vt
∂t

∥∥∥∥∥
2

2

dt.

Adversarial training is used to improve realism. A spa-
tiotemporal discriminator Dψ is trained to distinguish between
real and generated video clips. In a conditional setting, the dis-
criminator also observes the source video and the target image.
An adversarial loss for the generator can be written as

Ladv = –E
[
DψV̂tar, Vsrc, Itar],

while the discriminator is trained to maximize the difference
between its outputs on real and generated samples (13). Ad-
versarial training introduces a min–max optimization problem,

which is numerically sensitive but effective for matching com-
plex distributions.

The complete loss combines these components as

L = λrecLrec λpercLperc (5.1)
λidLid λtempLtemp λadvLadv, (5.2)

with non-negative weights λ· that balance the terms. The choice
of these weights has a direct impact on the trade-off between
fidelity, identity accuracy, and temporal smoothness.

In a diffusion-based variant, the objective is expressed in
terms of denoising or score matching. For a fixed noise level
α, the model is trained to predict either the clean video x from
its noisy version xα or the noise ϵ. A typical objective is

Ldiff = Ex,ϵ,α
[
∥ϵ – ϵθxα,α, zmot, zid∥2

2
]
,

where ϵθ is the network’s prediction. The reverse process cor-
responds to a discretized stochastic differential equation. The
numerical stability of this procedure depends on the step size
used in discretization and the Lipschitz properties of the score
function (14).

From a numerical analysis perspective, training involves
iteratively updating parameters θ and ψ using stochastic gradi-
ent descent or its variants. The update rule for θ can be written
as

θk1 = θk – ηk ∇θLk,
where ηk is the learning rate at iteration k and Lk is the em-
pirical loss over a minibatch. Convergence behavior depends
on properties such as the smoothness of L and the variance of
gradient estimates. If the gradient is Lipschitz continuous with
constant L, then choosing ηk < 2L provides a basic condition
to avoid divergence in simple settings. In practice, adaptive
optimizers adjust the effective step size per parameter using
estimates of first and second moments of gradients.

The training data consist of videos with many identities and
motions. For each training sample, different conditioning con-
figurations are constructed. In a self-reconstruction configu-
ration, the identity image is derived from the same subject as
the video, and the model is trained to reconstruct the video.
In a cross-identity configuration, the model is conditioned on
an identity image from a different subject and is trained with
weaker supervision, such as adversarial and motion-consistency
losses, to encourage plausibility under identity substitution. This
strategy introduces elements of multi-task learning and regular-
izes the identity factorization.

Discrete mathematics concepts enter in modeling temporal
structure as graphs. Frames are nodes in a directed graph with
edges connecting temporally adjacent frames (15). Higher-order
edges can connect frames that share similar motion or pose.
Regularizers can be expressed as functions on this graph. For
example, a graph Laplacian

L = D – W

built from a weight matrix W encoding frame similarity can
define a temporal smoothness energy

Egraph =
t,t′

Wtt′∥V̂t – V̂t′∥2
2,



which generalizes the simple finite difference penalty. This
interpretation connects temporal regularization with spectral
properties of graphs and suggests potential extensions using
spectral filters.

Overall, the training objective and numerical optimization
scheme shape the behavior of the model in subtle ways. Bal-
ancing the contributions of different loss terms is crucial to
achieving identity preservation without sacrificing motion fi-
delity or temporal coherence. The next section discusses how
the model performs empirically and examines qualitative and
quantitative behavior.

6. Experimental Evaluation and Analysis
The empirical evaluation of one-shot visual identity transfer in
dynamic scenes requires datasets containing diverse subjects
performing varied motions in different environments. Each
subject is associated with one or more reference images that
can be used to approximate the one-shot setting during train-
ing and evaluation. The dataset is partitioned into training and
test identities to assess generalization. In the test phase, the
model receives a video of a source subject and a single image
of a target subject and generates an edited video that should
exhibit the target identity (16).

Quantitative evaluation of identity transfer performance re-
lies on metrics that assess fidelity, identity similarity, and tem-
poral stability. Image quality can be measured using distances
between distributions of features extracted from real and gen-
erated frames. One common choice is to compute statistics of
activations in a feature space and evaluate the distance between
multivariate Gaussian approximations. Let µr and Σr denote
the mean and covariance of features on real frames, and µg
and Σg the corresponding quantities for generated frames. A
distance of the form

d2 = ∥µr – µg∥2
2 Tr

(
Σr Σg – 2ΣrΣg

12)
can be computed, providing a measure of how closely the gen-
erated distribution matches the real one. While this type of
metric is defined for static images, pooling features over frames
allows it to capture some aspects of video quality.

Identity similarity is evaluated using features from a recog-
nition network. For each generated frame V̂tar

t , a feature

fgen
t = RV̂tar

t

is computed and compared with

ftar = RItar.

The cosine similarity (17)

st =
⟨fgen

t , ftar⟩
∥fgen

t ∥2∥ftar∥2

provides a score in –1, 1, and its average over frames yields an
overall identity preservation measure. Empirically, high simi-
larity scores across frames indicate consistent identity transfer,
while significant fluctuations suggest temporal drift or instabil-
ity.

Temporal coherence is assessed through optical flow con-
sistency and temporal perceptual metrics. For each consecu-
tive pair of frames in a generated video, an optical flow field is
estimated and used to warp the earlier frame toward the later
one. The difference between the warped frame and the actual
later frame provides a temporal error. Summed over time, this
error approximates how well the motion in the video is locally
consistent. Additionally, feature-based temporal distances can
be computed by applying a perceptual loss between consecu-
tive frames, which is less sensitive to minor intensity changes.

In an experimental study, models with different architec-
tural configurations and training objectives can be compared.
For instance, a baseline model that directly concatenates iden-
tity and motion features without explicit modulation or atten-
tion may exhibit lower identity similarity and higher tempo-
ral error. Introducing identity-conditioned normalization and
cross-attention tends to improve identity scores by enabling
more precise injection of appearance details. Adding tempo-
ral losses reduces flicker and improves the smoothness of mo-
tion but may slightly reduce sharpness if weighted too strongly,
reflecting a trade-off between stability and detail.

The complexity of dynamic scenes has a noticeable effect
on performance. Scenes with slow, smooth motion and limited
occlusion typically yield higher identity similarity and lower
temporal error. In contrast, scenes with rapid motion, strong
motion blur, or large pose changes present challenges (18). In
such cases, the model may approximate the target identity in
frames where the face is clearly visible but regress toward an
average identity or the source identity when visibility is lim-
ited. Background complexity also matters; cluttered or dy-
namic backgrounds can lead to artifacts if the foreground–background
separation is imperfect, resulting in identity-related changes
leaking into the background or vice versa.

An ablation analysis of loss components provides further
insight. Removing the identity loss significantly degrades iden-
tity preservation, particularly in frames with moderate pose
variations. The model still learns to reconstruct videos but does
not align closely with target identity features. Removing tem-
poral losses increases flicker and makes fine details unstable
over time, even if per-frame quality remains reasonable. Omit-
ting adversarial losses leads to overly smooth outputs with re-
duced perceptual realism, indicating that pixelwise and percep-
tual losses alone are insufficient to capture fine-grained texture
statistics.

One-shot generalization is examined by varying the pose
and viewpoint of the target identity image relative to the source
video. When the target image’s viewpoint is similar to dom-
inant poses in the source video, identity transfer tends to be
more accurate. As the discrepancy increases, especially for ex-
treme pose differences, the generator must rely more heavily
on learned priors to hallucinate unseen views. Performance
degrades gradually as the pose gap increases, with more pro-
nounced artifacts at oblique angles that are not well covered by
training examples. Using multiple target images at test time
can alleviate this, but the focus here is on strictly one-shot con-
ditions.

The robustness of the method to changes in lighting is eval-



uated by pairing source videos and target images captured un-
der noticeably different illumination. The identity encoder and
generator are trained with augmentations that simulate such
variations, promoting invariance to lighting for identity fea-
tures (19). Nevertheless, extreme illumination differences can
cause the generated video to exhibit inconsistent shading, with
the identity partially influenced by source lighting and partially
by target image shading. This suggests that disentangling iden-
tity from illumination remains only partially achieved.

From a numerical standpoint, stability of training is influ-
enced by the relative magnitudes of gradient contributions from
different loss terms. In experiments, large adversarial weights
lead to unstable oscillations in generator and discriminator losses,
while too small weights reduce perceptual fidelity. A moderate
choice yields a balance where losses converge to a regime of
bounded fluctuations. Learning rate schedules that gradually
decay the step size help ensure that training progresses from
coarse alignment to fine refinement. Gradient clipping is used
to avoid rare but severe updates that can move the model into
degenerate regions of parameter space.

Discrete structural constraints, such as the graph-based tem-
poral regularization, show mixed results. When frame simi-
larity is measured in feature space and used to define a graph
Laplacian penalty, temporal coherence improves for sequences
with repetitive motion patterns, but the added regularization
can oversmooth motion in sequences with rapid, non-repeating
movements. This indicates that temporal graph structure should
reflect motion statistics, possibly requiring adaptive construc-
tion conditioned on the specific sequence.

Overall, the experimental analysis suggests that the pro-
posed one-shot identity transfer framework can synthesize videos
that preserve source motion and approximate target identity un-
der a variety of conditions, with performance depending on
pose, illumination, and motion complexity. The interplay be-
tween identity encoding, dynamic generation, and numerical
optimization is critical, and the observed failure cases point to
directions where modeling and optimization could be refined.

7. Conclusion
This work has examined one-shot visual identity transfer in dy-
namic scenes using target images, focusing on a formulation
that separates identity, motion, and background within a condi-
tional generative framework. The problem was posed in terms
of learning a mapping from a source video and a single target
identity image to an edited video where the source identity is
replaced while motion and scene context are preserved (20).
Videos and images were treated as high-dimensional random
variables and tensors, and latent variables were used conceptu-
ally to describe identity, motion, and background factors.

An identity encoder was described that produces both global
latent vectors and spatial feature maps from the target image,
representing identity as a point in a learned manifold with lin-
ear algebraic structure. Appearance modeling involved identity-
consistency losses, texture statistics based on Gram matrices,
and regularization toward a prior distribution, aiming to cap-
ture distinctive but robust identity features. These identity rep-

resentations were integrated into a dynamic scene generation
network through modulation and attention mechanisms that in-
ject appearance information at multiple scales and layers.

The dynamic generator, implemented in a spatiotemporal
architecture, combined motion encodings derived from the source
video with identity embeddings. Variants ranging from purely
two-dimensional image-space processing to three-dimensional
implicit field representations were discussed, emphasizing the
role of geometric consistency in handling large pose changes.
Foreground–background separation and compositing strategies
were used to preserve scene context while editing the subject
identity, and stochastic elements, such as conditional diffusion
processes, were incorporated to handle appearance ambiguity.

Training objectives were formulated as a combination of
reconstruction, perceptual, identity, temporal, and adversarial
losses, along with diffusion-based terms where applicable. Nu-
merical optimization relied on stochastic gradient methods and
considered stability issues associated with non-convex objec-
tives, adversarial dynamics, and high-dimensional parameter
spaces. Connections to multivariate calculus, stochastic pro-
cesses, and discrete graph-based regularization provided a math-
ematical perspective on the behavior of the learning procedure.

Experimental analysis on dynamic scenes with diverse iden-
tities and motions suggested that the proposed framework can
achieve identity transfer with reasonable preservation of mo-
tion fidelity and temporal coherence under a range of condi-
tions, while also revealing limitations under extreme pose mis-
match, challenging illumination, and complex occlusions. Ab-
lation studies highlighted the importance of explicit identity
losses and temporal regularizers, as well as the influence of
adversarial training on perceptual quality.

The formulation and analysis presented here underscore
that one-shot identity transfer in dynamic scenes is governed
by the interaction of representation choices, architectural de-
sign, and numerical training procedures. Further developments
might involve more explicit three-dimensional modeling of iden-
tity and motion, improved disentanglement of illumination and
appearance, and adaptive temporal regularization leveraging
richer graph structures. These directions offer opportunities
to refine identity preservation and robustness in future systems
for personalized and controllable video synthesis (21).
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