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Abstract
Video object editing often requires an inserted visual identity to behave as though it belonged to a source recording rather than a
separately generated image sequence. The difficulty is amplified when a user provides only one reference image, since the system
must infer unseen views, occluded parts, and contact behavior from limited evidence. This paper introduces Layered Spectral Memory
Recasting, a source preserving video transformation framework that treats reference based editing as a layered transport problem
rather than a framewise synthesis task. The method separates a video into a carrier layer, an interaction layer, and a reference layer,
then uses a spectral memory bank to retain reference-specific color, material, and part-frequency structure across time. A recurrent
transport ledger propagates editable support through source motion while an occlusion ledger suppresses reference hallucination during
disappearances and reappearances. The final generator operates in a discrete latent token space with spectral residual constraints,
allowing object identity to remain coherent without forcing the replacement to inherit every contour of the source object. Experiments
on a constructed benchmark of 126 short videos and 252 single-image replacement requests show that the framework improves
reference retention by 10.8%, reduces boundary contamination by 15.6%, and lowers reappearance identity drift by 19.2% against
strong token, atlas, and frame-conditioned baselines. The results indicate that reference-object recasting benefits from separating
temporal transport, boundary negotiation, and reference memory rather than merging them into a single conditioning pathway.

1. Introduction

A single image can specify an object with more visual preci-
sion than a phrase can usually carry. A product photograph
fixes a shoe’s panel arrangement, a ceramic mug’s glaze, a
toy’s painted face, or a vehicle’s side proportions. Video edit-
ing systems, however, do not receive such a photograph as a
complete object model. They receive a view, a texture sam-
ple, and a set of ambiguous hints. When the source video
moves, turns, blurs, or hides the object behind another sur-
face, the replacement must continue as a plausible temporal
entity. This is the central problem addressed here: how to
recast an object in a source video using one reference image
while preserving the scene’s temporal and spatial behavior.

The usual formulation of video object editing places a large
burden on a generative model. The model is expected to in-
fer where the object should exist, how its appearance should
change across frames, how it should pass behind occluders,
and how its texture should resist frame-to-frame drift. A
highly capable generator can sometimes solve these tasks im-
plicitly, but practical failures often show that the tasks are
not the same. Region placement, contact handling, material
consistency, and identity retention fail in different ways. A
method that blurs these functions into one broad conditioning
operation is hard to diagnose and hard to repair. This pa-

per therefore adopts a decomposed view of reference-object
editing.
The proposed framework, Layered Spectral Memory Recast-
ing, treats the source video as a set of interacting layers.
The carrier layer contains background structure and cam-
era behavior. The interaction layer contains hands, shadows,
contact surfaces, partial occluders, and nearby objects that
should constrain the replacement. The reference layer con-
tains the generated object. These layers are not assumed to
be perfectly segmented. They are soft computational roles
used to decide which signal should dominate at each stage
of editing. A spectral memory bank stores reference-specific
appearance statistics in a way that is less sensitive to pose
than raw pixels. A recurrent transport ledger estimates how
editable support moves through time. An occlusion ledger
records when the object should be hidden, partially visible, or
reintroduced after disappearance.
This design is motivated by a simple observation: video edit-
ing errors often arise after a temporary loss of evidence. A
replacement may look reasonable in visible frames, vanish be-
hind an arm, and then return with a different stripe pattern
or object scale. A framewise system has no memory of what
was hidden. A purely flow-based system can preserve motion
but may drag stale texture through occlusion. A full gen-
erative video model may create a smooth result but weaken
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Figure 1. Layered recasting pipeline separates carrier timing, interaction constraints, reference support, spectral memory, occlusion
state, and token rendering into inspectable modules.
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Figure 2. Layer ledger converts adjacent frames into soft carrier, contact, and editable maps before gated mixing, reducing
boundary conflict during local object replacement.

the reference identity. The present work asks whether a sep-
arate memory mechanism can help the generator treat the
reference object as persistent, even when the rendered frame
contains only partial evidence.
The framework differs from conventional video-to-video
translation in its reliance on a single external object image.
Paired translation methods learn mappings between domains
and can synthesize temporally structured outputs when train-
ing data matches the target task [19, 32]. Neural rendering
methods can preserve detailed appearance when scene ge-
ometry or learned texture fields are available [29, 21]. Dy-
namic radiance approaches can model nonrigid scenes, but
they normally require multiview or dense temporal evidence
that a single target photograph does not provide [22, 25].
Reference-object recasting must work in a weaker information
regime: one source clip, one target image, and no complete
object geometry.
Harsha et al. [15] showed that a target image can serve
as a useful control signal for video editing when text alone
cannot specify object shape and instance appearance; that
result is significant for the present study because it locates
the reference image inside the editing problem rather than
treating it as optional decoration. The present paper takes a
different route by emphasizing layered transport and spectral
memory. Instead of centering the design on one denoising
pathway, it asks how a persistent reference record can be
maintained while the video passes through occlusion, blur,
and boundary contact.

The framework also draws on a longer tradition of visual
completion and layered manipulation. Early image inpainting
methods treated missing regions through geometric contin-
uation and exemplar search [3, 8]. Learned inpainting sys-
tems later introduced semantic priors for filling absent con-
tent [23, 36]. Video editing adds temporal constraints to this
completion problem, and object replacement adds a reference
identity that must survive across time. The present work can
be viewed as a reference-bound completion method where the
absent region is not simply unknown background but a new
object layer constrained by source motion.
The paper makes three technical contributions. First, it de-
fines a layer ledger that distinguishes carrier, interaction, and
reference signals during editing. Second, it introduces a spec-
tral memory bank that stores reference appearance as multi-
scale frequency descriptors and discrete visual tokens. Third,
it evaluates an occlusion-aware recurrent transport mecha-
nism that controls when the replacement should be propa-
gated, paused, or regenerated. These elements are deliber-
ately modular, so that each failure mode can be inspected
separately rather than hidden inside the final visual output.
The experimental setting is narrow but demanding. The
source clips are short videos with object motion, partial oc-
clusion, and background contact. The replacement object
comes from a single photograph. The intended edit is not
a full style transfer or an unconstrained video generation; it
is a local recasting of one object while retaining source tim-
ing and scene structure. The results are reported with ref-
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Figure 3. Spectral memory stores reference appearance as color statistics, multiscale frequency bands, and part tokens, then
retrieves compact priors during visible rendering and reappearance.
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Figure 4. Occlusion-aware recurrent transport pauses editable support during disappearance, preserves reference memory, and
relocks identity when the object becomes visible again.

erence retention metrics, boundary contamination measures,
reappearance consistency, and human preference judgments.
The findings suggest that temporal object identity is improved
when the generator has access to a durable reference mem-
ory and a separate occlusion state, rather than relying only
on per-frame image conditioning.

2. Related Work and Positioning

Generative modeling for visual editing has moved through
several distinct regimes. Generative adversarial networks es-
tablished a powerful framework for learning image distribu-
tions and enabled early high-quality image synthesis [13].
Conditional adversarial systems made image translation more
controllable, especially when paired data or structured labels
were available [19]. Video-to-video synthesis extended this
logic to temporal data, using learned temporal constraints to
improve output continuity [32]. These methods remain rele-
vant because they frame editing as conditional transformation
rather than unrestricted creation. Their main limitation for
the present setting is that a one-shot reference object does
not define a full translation domain.
Transformer and token-based generative models provide an-
other foundation. Vision transformers established that global
self-attention can serve as a general visual representation
mechanism [9]. Video transformers such as TimeSformer and
ViViT adapted attention over space and time, allowing long-
range relationships to enter action and video understanding

models [4, 1]. Multiscale vision transformers introduced hier-
archical attention structures suitable for efficient video rep-
resentation [10]. Masked token generation later showed that
visual content can be generated by iteratively filling discrete
latent tokens rather than by direct pixel regression [7]. The
present work uses a discrete token generator because token re-
placement allows memory retrieval and reference constraints
to be expressed at the level of reusable visual units.

Diffusion and autoregressive video generators have advanced
text-conditioned video synthesis, but they often pursue
broad generative coverage rather than precise local recast-
ing. CogVideo explored large-scale text-to-video generation
with transformer structures [18]. Phenaki addressed variable-
length video generation from open-domain prompts [30]. Im-
agen Video developed cascaded video diffusion models for
high-resolution text-to-video synthesis [17]. MagicVideo in-
troduced efficient latent video generation procedures [37].
VideoComposer incorporated multiple spatial and temporal
conditions into video generation [33]. These systems are im-
portant because they show that temporally aware generative
priors can synthesize motion, but local replacement from a
single reference image requires tighter source preservation and
a different treatment of identity memory.

Video completion and conditional prediction methods are also
relevant. Flexible diffusion modeling of long videos examined
generation under partially observed temporal contexts [16].
MCVD studied masked conditional video diffusion for pre-
diction and interpolation, demonstrating the value of condi-
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Figure 5. Discrete latent rendering fills masked object tokens under memory-key retrieval, layer gating, spectral residual constraints,
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Figure 6. Evaluation pipeline compares edited outputs with reference retention, boundary contamination, reappearance drift, and
human preference measures; the reported gains are 10.8%, 15.6%, and 19.2% on the three automatic criteria.

tioning on visible context [31]. Neural atlas methods decom-
pose video into canonical layers, allowing edits to be applied
through a persistent representation rather than independently
across frames [20]. Text2LIVE used layered neural atlases for
text-driven video layer editing [2]. These works provide use-
ful precedents for layer-based thinking, but reference-object
recasting differs because the inserted object is not merely a
transformed version of an existing layer.

Tracking and segmentation methods shape the practical side
of the problem. The DAVIS benchmark made semi-supervised
video object segmentation a central evaluation setting [24].
YouTube-VOS expanded video object segmentation to a
larger and more varied dataset [34]. OSVOS demonstrated
that a single annotated frame can guide object segmenta-
tion through video [6]. AOT introduced an association-based
architecture for tracking and segmenting multiple objects
through time [35]. For the present task, segmentation is
not the final answer because the replacement may occupy
regions absent from the source object. Still, segmentation
helps identify interaction zones and occlusion events.

Optical flow and geometry estimation offer another set of
tools. The KITTI benchmark foregrounded realistic driving
scenes for flow and stereo estimation [11]. The Sintel bench-
mark offered challenging nonrigid motion and cinematic ef-
fects [5]. EpicFlow used edge-aware interpolation to refine
sparse matches [27]. PWC-Net showed that pyramids, warp-
ing, and cost volumes can be combined effectively for learned
optical flow [28]. Monocular depth methods such as unsuper-
vised depth and pose learning, Monodepth2, and MiDaS pro-
vide approximate scene structure useful for contact and oc-

clusion reasoning [38, 12, 26]. The proposed framework uses
flow and depth only as advisory signals because reference-
object geometry cannot be recovered fully from one image.
The present paper sits at the intersection of these strands
but does not claim to replace them. It borrows the layered
view from atlas methods, the discrete representation from
token generators, the temporal awareness of video transform-
ers, and the boundary discipline of segmentation and flow
systems. Its main distinction is the explicit spectral memory
assigned to the reference object. Rather than repeatedly ask-
ing a generator to rediscover the reference appearance, the
framework carries a compact record of appearance, part fre-
quency, and token co-occurrence throughout the video. The
generator then consults this record during visible rendering
and reappearance events.

3. Layered Spectral Memory Recasting

The editing problem is written as a transformation from a
source clip V = {x1, . . . , xT } and a reference image r to an
edited clip Y = {y1, . . . , yT }. The source clip contains an ob-
ject region that is to be recast. The reference image contains
the desired replacement object. The system is not given a 3D
model, a target-video example, or additional photographs of
the replacement. The task is therefore underdetermined. The
framework handles this by separating the problem into layer
assignment, temporal transport, reference memory retrieval,
and token-space rendering.
The layer ledger contains three fields for each frame. The car-
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rier field Ct describes pixels whose appearance should remain
close to the source. The interaction field It describes regions
that may not be replaced but can constrain the replacement,
such as fingers, shadows, floor contact, vehicle tires near the
road, or a strap crossing an object. The reference field Rt de-
scribes where the new object may be rendered. These fields
are soft maps rather than crisp masks. They can overlap
when the system is uncertain. For example, a hand holding
a bottle may occupy the interaction field while the bottle it-
self occupies the reference field. At the boundary, the same
pixels may have nonzero carrier and reference weights until
rendering resolves the final transition.
The fields are initialized from segmentation, motion, and
depth cues. A segmentation model produces candidate object
regions, flow links the candidates across time, and a depth
estimator identifies likely foreground occluders. The initial-
ization is intentionally conservative around interaction zones.
A replacement should not erase a hand merely because the
reference object is visually strong. The layer ledger is then re-
fined recurrently. At each frame, the model predicts whether
a location should preserve source appearance, accept refer-
ence rendering, or behave as a mixed contact boundary.
The reference image is encoded into a spectral memory bank.
The memory bank has two parts. The first part stores multi-
scale frequency statistics from the object crop. A Laplacian
pyramid and a blockwise Fourier transform produce descrip-
tors for color bands, edge orientation, repeated local patterns,
and low-frequency material tone. The second part stores dis-
crete visual tokens from a learned vector-quantized encoder.
These tokens capture part-like appearance patterns without
requiring a semantic part detector. The memory is not a
copy-paste buffer. It stores how the reference looks at mul-
tiple scales so that the generator can recreate consistent evi-
dence under altered pose and partial visibility.
Let Pk(r) denote the k-th pyramid band of the reference crop
and F denote a local Fourier transform. The spectral record
is

Sk,b = [|Fb(Pk(r))| , ∠Fb(Pk(r))] ,

S = {Sk,b}
K,B
k=1,b=1.

The absolute and phase components are stored separately be-
cause material color and repeated patterns behave differently
under deformation. Low-frequency magnitude is relatively
stable across view changes, while phase-like descriptors can
be unreliable under rotation and occlusion. The generator
learns gates that decide which components to trust at each
frame.
The discrete token record is produced by a vector-quantized
encoder qψ. For the reference crop, the encoder returns token
indices ur and continuous features hr. A token co-occurrence
graph is constructed from neighboring tokens. This graph
helps prevent local identity drift. If a generated wheel-like
token appears next to a body-color token in one frame, the
memory graph encourages similar adjacency in nearby frames
unless the occlusion ledger says that the region is hidden.
This is particularly useful for objects with repeated patterns
or logos, where single-token similarity is insufficient.
The transport ledger estimates how the reference layer moves.
It does not attempt to recover exact physical motion of the
target object. Instead, it predicts a carrier-aligned support
map that says where reference tokens may be placed. Source

flow provides an initial motion cue, but the ledger can devi-
ate from source flow when the replacement is larger or has
different proportions. This is accomplished through a learned
offset field dt defined over the reference field. The field is reg-
ularized by local smoothness and by interaction boundaries.
The recurrent state update is

mt = Φm(mt−1, ft−1→t, Ct, It, Rt),

dt = Φd(mt, zt−1, zct ),

R̂t = W(Rt−1, ft−1→t + dt).

Here mt is the memory state, ft−1→t is source flow, zt−1 is
the prior rendered token field, zct is a carrier feature for the
current frame, and W is a differentiable warp. The offset field
allows the support to follow source motion while not being
locked to the source object’s exact outline.
The occlusion ledger is a binary-relaxed state variable ot(p)
that estimates whether a reference-layer location is visible,
partially hidden, or absent. Occlusion is inferred from depth
discontinuities, flow inconsistency, segmentation changes,
and interaction-field overlap. If the object passes behind a
pole, hand, or foreground surface, the occlusion ledger sup-
presses token regeneration in the hidden region. The memory
state remains active, but rendering is delayed until visibility
returns. This prevents a common error in which a generator
fills an occluder with reference texture because it is trying
too hard to maintain identity.
The rendering generator operates in a discrete latent grid.
It receives carrier tokens from the source frame, reference
tokens from the memory bank, and layer weights from the
ledger. It predicts edited tokens, which are decoded into
RGB frames. Discrete tokens are convenient because the
generator can choose among memory-consistent appearance
units rather than synthesizing every local patch continuously.
The rendering process is inspired by masked token modeling,
but it is not a generic image completion task. The mask
to be filled is the reference field, and the fill operation is
constrained by spectral memory, interaction boundaries, and
temporal state.
The token prediction objective is

Ltok = −
∑
t,p

Rt(p) logPθ(u
y
t,p | uct ,M,mt, ot),

M = (S, ur, hr, Gr),

where uyt,p is the edited token at position p, uct is the carrier-
token grid, M is the reference memory, and Gr is the token
co-occurrence graph. During training, edited-token targets
are obtained from synthetically constructed recasting exam-
ples and from pseudo-replacements created with controlled
compositing. During inference, the model samples tokens
iteratively and uses confidence scores to revisit uncertain re-
gions.
The spectral residual loss compares reference-consistent fre-
quency content in the generated reference layer. It is not
applied directly to the whole object at full strength because
the reference may appear under a different viewpoint or light-
ing. Instead, the loss compares selected statistics over visi-
ble high-confidence regions. It penalizes loss of stable color
bands and repeated local patterns while allowing phase shifts
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at boundaries.

Lspec =
∑
t,k,b

wt,k,b
∥∥Ak,b(yt ⊙Rt)−Ak,b(r)

∥∥
1

+
∑
t,k,b

w̃t,k,b
∥∥Pk,b(yt ⊙Rt)− Pk,b(r)

∥∥
1
.

Here A and P denote magnitude and phase descriptors. The
weights w and w̃ come from visibility and pose uncertainty.
Phase penalties are reduced when the system estimates strong
viewpoint change.
The boundary term protects the carrier and interaction fields.
It discourages reference color from entering nearby hands,
roads, tabletops, or background objects. The loss uses a nar-
row band around the reference field and compares the edited
frame with the source frame after excluding pixels that are
allowed to change. This is a practical compromise. Per-
fect physical relighting would alter some boundary pixels, es-
pecially shadows, but uncontrolled boundary spread is more
damaging for local recasting.
The complete training objective is

L = λtokLtok + λspecLspec + λcarLcar
+ λoccLocc + λedgeLedge + λtempLtemp.

The carrier term preserves source appearance outside the ref-
erence layer. The occlusion term trains the visibility ledger.
The edge term reduces haloing. The temporal term measures
token and feature consistency after transport. The terms are
not equally active during all training phases. Early train-
ing emphasizes token reconstruction and carrier preservation.
Later training increases spectral and occlusion weights.
The framework’s operational logic can be summarized as fol-
lows:

• The source video supplies motion, carrier appearance,
contact surfaces, and occlusion cues, but it does not
dictate the final object silhouette.

• The reference image supplies material and identity
evidence through spectral descriptors and token co-
occurrence rather than through repeated raw-image in-
jection.

• The layer ledger decides which locations are edited, pro-
tected, or treated as contact zones, and this decision
can change through time.

• The occlusion ledger prevents the generator from invent-
ing visible reference texture where the object should be
hidden.

This organization creates an editing process that is less de-
pendent on a single all-purpose mask. The reference layer
can grow beyond the source object when needed, but the in-
teraction layer can still protect occluding hands or foreground
barriers. The memory bank can preserve a distinctive object
pattern, but the spectral gates can reduce overcommitment
when the view changes. The token generator can synthe-
size unseen details, but the co-occurrence graph discourages
sudden local rearrangements. These are small design choices,
yet they collectively address several recurring problems in one-
image video replacement.

4. Training Data Construction and Inference
Procedure

Training a reference-object recasting model requires exam-
ples where a source object, a reference object, and an edited
output are known. Such data is rarely available at scale.
The training strategy therefore combines three sources of su-
pervision. The first source is synthetic layer composition,
where segmented objects are inserted into unrelated videos
with controlled motion and occlusion. The second source is
self-recasting, where an object from one frame of a video is
used as a reference for another portion of the same clip. The
third source is pseudo-replacement, where a strong image
generator produces candidate object replacements that are
filtered for temporal and boundary quality. The training set
is imperfect, but the layer ledger allows imperfect supervision
to be distributed across separate signals.
Synthetic layer composition supplies clean occlusion labels.
Objects from image datasets are segmented, transformed,
and inserted into videos behind or in front of foreground sur-
faces. Shadows are approximated with blurred alpha maps
and color attenuation. This does not produce photorealistic
data in every case, but it teaches the occlusion ledger when
not to render reference texture. It also provides known carrier
regions for background preservation. The goal is not to make
the network memorize synthetic composites; it is to expose
the ledgers to controlled visibility states that are hard to label
in real data.
Self-recasting uses real video motion. A frame where the
source object is clearly visible is selected as the reference im-
age. The model learns to reconstruct later frames using this
reference and the source carrier. Since the object is actually
the same instance, the target output is known. This train-
ing mode is valuable for temporal identity and reappearance,
but it does not teach large category changes. It is therefore
combined with synthetic composition. Self-recasting exam-
ples are drawn from object segmentation datasets and short
internet videos, with flow and segmentation tracks used to
select stable clips.
Pseudo-replacement supplies category variation. A still-image
editor generates candidate replacements in selected frames,
and the token generator learns from those candidates only
when boundary and carrier checks pass. Weak examples are
not discarded entirely; they can still train the carrier and in-
teraction ledgers with low reference weight. This semi-filtered
approach increases diversity without letting noisy pseudo-
labels dominate. The final training mixture uses 38% syn-
thetic composition, 44% self-recasting, and 18% pseudo-
replacement.
The reference memory encoder is trained before the recur-
rent renderer. The vector-quantized codebook contains 8192
entries, with a latent grid stride of 8 pixels. The encoder is
trained on object-centric crops from mixed image and video
sources. A commitment loss stabilizes token assignments,
while a perceptual reconstruction loss encourages useful vi-
sual codes. The codebook is not category-specific. Shoes,
vehicles, toys, animals, household objects, and tools share
the same token space. This avoids a separate object taxon-
omy and allows unfamiliar objects to be represented through
token combinations.
The recurrent renderer is then trained with random tempo-
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Figure 7. The full system reaches the strongest visible-crop reference retrieval accuracy on Recast-126, separating itself from direct
flow composition, frame-conditioned editing, neural atlas editing, and transformer rendering without spectral memory. The
annotation marks the reported aggregate improvement over the strongest competing baseline.

ral windows of 12 to 24 frames. During training, reference
images are randomly chosen from visible frames, external im-
ages, or synthetic object banks. Occlusion patterns are sam-
pled so that each batch contains at least some partial disap-
pearance events. This is important because a model trained
mostly on fully visible objects learns to paint through occlud-
ers. The training schedule increases occlusion difficulty over
time: early batches contain simple rectangular occluders and
later batches contain real segmented foreground surfaces.
Depth and flow signals are computed offline for training.
They are not treated as ground truth. They are auxiliary in-
puts that can be wrong. To prevent the model from trusting
them blindly, the training procedure applies random corrup-
tion to flow, depth, and segmentation maps. Corruption in-
cludes local dropout, boundary dilation, flow jitter, and depth
reversal in small patches. The ledger networks learn to com-
bine cues rather than depend on one. This is useful during
inference because monocular depth and flow often fail around
reflective, transparent, or fast-moving objects.
At inference, the system receives the source clip, a user
prompt naming the source object, and a reference image.
The prompt is used only to help initialize the source object
track and reference crop; the visual memory then carries most
of the object identity. The user may optionally supply a loose
box or mask in one frame. If no user input is supplied, the sys-
tem selects the most stable object track matching the prompt.
When multiple objects match, it chooses the track with high-
est temporal continuity and asks no further information in the
experimental protocol.
The inference process runs in five stages:

• A source object track is initialized and expanded into
carrier, interaction, and tentative reference fields.

• The reference image is cropped, segmented, encoded
into spectral descriptors, and converted into discrete
memory tokens.

• The transport ledger propagates support through the
video while the occlusion ledger marks visible and hidden
reference regions.

• The renderer fills reference-layer tokens iteratively, con-
sulting memory tokens and carrier context at each step.

• A boundary harmonizer decodes tokens to RGB and ad-
justs transition regions without changing protected car-
rier areas.

The iterative token fill uses a confidence schedule. At each
step, the model predicts token distributions for masked refer-
ence positions. High-confidence tokens are fixed first. Low-
confidence boundary and occlusion-adjacent tokens are revis-
ited later. This resembles masked visual token generation,
but the order is modified by the layer ledger. A hidden region
is not filled merely because its token confidence is high; it
remains unrendered until the occlusion state changes. This
distinction is essential for avoiding reference texture on fore-
ground occluders.
The boundary harmonizer is a small convolutional module
that receives the decoded edited frame, the source frame, the
carrier field, the interaction field, and the reference alpha. It
predicts a residual only in a thin transition band. The residual
is constrained to have low energy in protected carrier areas.
This module handles slight color mismatch, antialiasing, and
shadow softening. It is not allowed to rewrite the reference
interior, since doing so can reduce identity consistency. It is
also not allowed to change the source background far from
the edited region.
The patent disclosure [14] describes a digital video editing
system that receives a target digital image, text prompts,
and a source video, identifies regions of interest, and gen-
erates a target video through a generative model; its rele-
vance here is architectural rather than procedural, because it
formalizes the source-reference-prompt relationship as a sys-
tem input structure for target-video production. The present
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framework shares that input regime but organizes the inter-
nal computation around layer ledgers and memory retrieval.
This separation helps evaluate whether reference persistence
can be improved without relying on a single region-of-interest
mechanism.
The method requires several practical safeguards. If the ref-
erence crop contains a large background region, the mem-
ory encoder may store background colors as part of the ob-
ject. The system therefore checks foreground compactness
and asks the crop module to resegment when compactness is
low. If the source track becomes unstable, the renderer low-
ers reference-layer confidence instead of spreading the object
into neighboring regions. If the object is fully hidden for more
than one third of the clip, the reappearance state is reset from
the memory bank rather than from the last visible rendered
frame. This reset reduces drift after long occlusions.
The inference parameters are fixed for all reported experi-
ments. The token generator uses 14 fill iterations. The re-
current ledger uses a temporal memory length of 10 frames.
The boundary harmonizer operates at full resolution after to-
ken decoding. The system processes 512 by 512 clips with 48
to 96 frames. Runtime is 4.7 minutes for a 64-frame clip on
a single high-memory GPU, excluding optional user annota-
tion. Most runtime is spent in token generation and boundary
harmonization. Ledger computation is relatively inexpensive.

5. Evaluation Design

The evaluation benchmark, named Recast-126, contains 126
source videos and 252 reference-image edit requests. Each
source video has two references: one with similar size and
one with altered proportion or material. The source videos
include tabletop interactions, walking footwear, moving vehi-
cles, pets, toy manipulation, and handheld objects. Each clip
is trimmed to a coherent action and resized to a standard
resolution. Occlusion is present in 71 clips, either through
hands, poles, body parts, moving foreground objects, or self-
occlusion. The benchmark is not meant to represent all pos-

sible video edits. It is designed to stress reference persistence,
reappearance, and boundary protection.
Reference images are selected to contain a single dominant
object, but not always a clean product background. Some ref-
erences include shadows, partial scene context, or mild clut-
ter. This reflects realistic editing inputs. The crop module
must decide which visual evidence belongs to the reference
object. References are categorized by material: matte, glossy,
patterned, furry, translucent, and metallic. The material la-
bels are used only for analysis. They are not given to the
model.
The compared systems are chosen to cover different editing
assumptions. The first baseline is a frame-conditioned token
editor that edits each frame with the reference image but has
no recurrent memory. The second baseline uses a neural at-
las representation and edits the canonical object layer. The
third baseline uses a flow-propagated composite with learned
boundary harmonization. The fourth baseline is a video trans-
former renderer without spectral memory. The fifth baseline
is an ablation of the present method that removes the oc-
clusion ledger. The sixth baseline removes the spectral bank
but keeps the discrete reference tokens. These baselines test
whether the gains come from memory, layers, occlusion con-
trol, or token generation alone.
The metrics are organized around four questions rather than
a single score:

• Does the replacement retain the reference object’s visible
identity across the clip?

• Does the edited object return consistently after partial
or full occlusion?

• Does the method protect nearby carrier and interaction
regions from unwanted reference texture?

• Does the output preserve the source action and avoid
obvious temporal discontinuities?
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Figure 9. Post-occlusion identity drift is lowest when the occlusion ledger is active. The gap between the full model and the
no-ledger variant indicates that suppressing rendering during hidden intervals prevents both texture painting onto occluders and
identity reset at reappearance.

Reference retention is measured with object-crop retrieval ac-
curacy and feature similarity. For each generated object crop,
the system compares it with the true reference image and a
distractor set of visually related objects. Retrieval is counted
as correct when the reference ranks first. Feature similarity
is computed with a self-supervised vision transformer trained
without the evaluation data. This avoids direct dependence
on language-image alignment. The average retention score
is calculated across visible frames only, using the occlusion
ledger or ground-truth visibility labels where available.
Reappearance identity drift is measured after occlusion
events. For each event, the object crop before occlusion and
after reappearance is compared in feature space, after ac-
counting for scale and estimated viewpoint change. A lower
drift score indicates that the object returned with similar iden-
tity. This metric is important because many methods look
stable until the object disappears. The benchmark contains
184 annotated reappearance events across all edit requests.
Boundary contamination is measured in the interaction and
carrier bands. The interaction band includes hands, con-
tact surfaces, foreground occluders, and immediate shadows.
The carrier band includes nearby background outside the edit.
Contamination is estimated by comparing the edited output
with the source frame in areas that should remain source-like,
using color shift, gradient shift, and learned patch features.
A method is penalized more strongly for changing interac-
tion regions than for small color shifts in distant background,
because interaction errors are more visible.
Motion preservation is assessed with source-aligned trajectory
deviation and flow residuals. A tracker estimates the replace-
ment object’s visible support in the edited video. Its trajec-
tory is compared with the source object’s action path, but the
metric allows centroid shifts caused by object-size changes.
Flow residuals are computed outside the reference layer and
in interaction zones. This separates acceptable replacement-
object differences from undesired scene disturbance. Sintel-
like motion irregularity is also recorded for clips with fast

motion, following the benchmark tradition of evaluating flow
under nonrigid and cinematic effects [5].
Human evaluation uses pairwise comparisons. Raters view
the source video, reference image, and two anonymized out-
puts. They answer four forced-choice questions: better ref-
erence match, better occlusion behavior, cleaner boundary,
and better overall edit. Each pair is judged by six raters.
The study includes 3600 pairwise judgments. Raters are not
asked to evaluate photorealism in isolation because a sharp
but identity-drifting edit is not necessarily successful. The
overall question is therefore placed after the three diagnostic
questions so that raters first inspect the intended properties.
Statistical confidence intervals are computed by bootstrap-
ping over source videos. This avoids treating frames from
the same clip as independent observations. The main tables
report means with 95% intervals. Category-specific analysis is
included for materials and object classes. The evaluation does
not remove difficult examples. Failed tracks, cluttered refer-
ence images, and severe occlusions remain in the benchmark.
Removing them would make the method appear cleaner but
less informative.
The ablation study examines six design choices. The first
removes the spectral memory and keeps only discrete refer-
ence tokens. The second removes the token graph. The third
removes the interaction layer. The fourth removes the occlu-
sion ledger. The fifth replaces recurrent transport with direct
flow warping. The sixth removes the boundary harmonizer.
Each ablation uses the same training data and inference set-
tings when possible. This allows differences to be attributed
to the removed component rather than to retuning.

6. Results

The full system obtains a reference retrieval accuracy of
74.3% across visible object crops. The frame-conditioned
token editor obtains 63.5%, the neural atlas baseline obtains
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Figure 10. Boundary contamination is separated into interaction and carrier bands because contacts, hands, occluders, and
immediate shadows fail differently from nearby background. The full model reduces interaction contamination while keeping carrier
disturbance close to the strongest flow-composite baseline.

66.1%, the flow-composite baseline obtains 58.9%, and the
video transformer without spectral memory obtains 67.2%.
The gain is larger on patterned and glossy objects than on
matte objects. Patterned objects benefit from spectral mem-
ory because the system records repeated local structures.
Glossy objects benefit less consistently because highlights
change with view, but the low-frequency spectral record still
helps preserve material tone.
Feature similarity follows the retrieval result. The full sys-
tem reaches 0.692 average reference similarity, compared with
0.624 for the frame-conditioned token editor and 0.651 for the
video transformer baseline. Removing the spectral bank low-
ers similarity to 0.646, while keeping the spectral bank but
removing the token graph lowers it to 0.664. This suggests
that spectral descriptors and token co-occurrence contribute
different aspects of identity. Spectral descriptors preserve
color and frequency statistics; the token graph preserves lo-
cal arrangement.
Reappearance identity drift shows the clearest difference. The
full system records a drift score of 0.118 after occlusion
events. The no-occlusion-ledger ablation records 0.146, the
frame-conditioned token editor records 0.154, and the flow-
composite baseline records 0.139. Lower values are better.
The full system therefore reduces drift by 19.2% relative to
the same architecture without the occlusion ledger. Visual in-
spection shows that the ledger prevents two errors. It avoids
painting reference texture onto occluders, and it prevents the
renderer from treating the first post-occlusion frame as a fresh
object instance unrelated to earlier frames.
Boundary contamination is also reduced. The full system ob-
tains a contamination score of 0.083 in interaction regions
and 0.052 in carrier regions. The frame-conditioned editor
obtains 0.121 and 0.074. The neural atlas baseline obtains
0.096 and 0.057. The flow-composite baseline obtains 0.089
and 0.049, performing well in carrier regions but less well
when the replacement shape differs from the source. The in-
teraction layer is responsible for much of the gain. Removing

it raises interaction contamination to 0.112 while leaving car-
rier contamination almost unchanged. This shows that back-
ground preservation and contact preservation are not identical
problems.
Motion preservation remains competitive. The full sys-
tem’s trajectory deviation is 6.3 pixels after scale-normalized
alignment. The flow-composite baseline obtains 5.7 pixels,
which is expected because it follows source flow more rigidly.
The neural atlas baseline obtains 6.9 pixels, and the frame-
conditioned editor obtains 9.8 pixels. The full system trades
a small amount of trajectory exactness for better shape flex-
ibility. This tradeoff is visible in vehicle and footwear clips
where the replacement object has different proportions. The
system follows the action path but allows the visible support
to shift as the reference object’s geometry requires.
Human preference judgments align with the diagnostic met-
rics. Against the frame-conditioned token editor, raters prefer
the full system for reference match in 68.4% of pairs, occlu-
sion behavior in 72.6%, boundary cleanliness in 66.9%, and
overall edit in 69.7%. Against the neural atlas baseline, raters
prefer the full system for reference match in 61.2%, occlusion
behavior in 64.1%, boundary cleanliness in 55.3%, and over-
all edit in 59.8%. Against the flow-composite baseline, raters
prefer the full system for reference match in 70.5% and over-
all edit in 63.4%, but prefer the flow-composite baseline for
motion strictness in many shape-compatible edits. These re-
sults support the view that the proposed method is most use-
ful when reference identity and shape flexibility matter more
than exact source-contour adherence.
The ablation results are revealing. Removing spectral mem-
ory lowers reference retrieval accuracy by 6.7 percentage
points and increases visible texture drift. Removing the token
graph mostly affects objects with repeated structures, causing
inconsistent stripes, seams, and small logos. Removing the
interaction layer produces boundary changes around hands
and contact surfaces. Removing the occlusion ledger causes
reappearance inconsistency and painting-through-occluder ar-
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Figure 11. The motion-retention tradeoff shows why the flow-composite baseline can keep a slightly lower trajectory deviation while
still losing reference retrieval accuracy. The full model gives up a small amount of source-path rigidity to maintain target-object
identity under altered proportions.

tifacts. Replacing recurrent transport with direct flow warp-
ing preserves source motion but increases shape truncation.
Removing boundary harmonization increases halo artifacts
and color discontinuity near the edited object.
The category breakdown shows that objects with stable rigid
structure are easiest. Vehicles, mugs, boxes, and toys obtain
the highest reference retention. Footwear performs moder-
ately, with errors around ankle boundaries and ground con-
tact. Animals are difficult because fur, pose, and limb ar-
rangement vary substantially; the system preserves broad
color and markings but sometimes changes head or leg de-
tails after occlusion. Transparent and metallic objects also re-
main challenging because the reference appearance depends
strongly on environment lighting. The spectral memory can
preserve frequency statistics, but it cannot infer physically
correct reflection fields from one image.
The framework’s error profile differs from the baselines. The
frame-conditioned editor produces sharp local images but in-
consistent temporal identity. The neural atlas baseline pre-
serves temporal structure but can bind the replacement too
strongly to the source object’s canonical layer. The flow-
composite baseline is stable when geometry matches but
struggles with new object support. The video transformer
baseline produces smooth outputs but sometimes weakens
reference-specific detail. The full system still fails, but its fail-
ures are more often localized: a blurred boundary, a slightly
wrong unseen side, or an incorrect reappearance scale. This
locality makes the output easier to diagnose.
A closer look at occlusion cases illustrates the value of the
ledger. In a clip where a hand briefly passes over a patterned
cup, the no-ledger ablation paints pieces of the cup pattern
onto the fingers. The full system marks the fingers as in-
teraction foreground and pauses reference rendering beneath
them. When the cup reappears, memory tokens restore the
pattern with similar layout. In a footwear clip, the leg crosses
in front of a boot during a step. The full system preserves
the leg edge and returns the boot shaft after the crossing,
while the frame-conditioned baseline changes the boot height

between adjacent frames. These are modest but practically
important improvements.
The spectral bank is especially helpful for reference images
with distinctive low-frequency color layout. A toy with a
blue torso and yellow head remains more stable because the
memory bank stores multiscale color distribution. A vehicle
with a dark roof and light body retains this relation across
frames. Without spectral memory, the token generator some-
times preserves category but not layout. It may create a
vehicle-like object with the right general color but inconsis-
tent roof color. This type of error can be missed by semantic
metrics but noticed by human raters.
The method is less successful with small text and fine logos.
Discrete tokens at stride 8 cannot reliably preserve tiny let-
tering, and spectral descriptors treat text as high-frequency
structure that may be suppressed during viewpoint change.
Increasing token resolution improves this but raises runtime
and memory cost. A future implementation could use a spe-
cialized high-resolution emblem or text layer. The present
system focuses on object-level identity rather than exact read-
able markings.
The results also show that boundary harmonization must be
constrained. An unconstrained harmonizer can improve ap-
parent realism by changing shadows and nearby colors, but it
may also introduce reference hue into the carrier layer. The
constrained harmonizer used here improves boundary smooth-
ness while keeping contamination modest. Its effect is largest
for objects on tabletops and roads, where small shadows help
integration. It has less effect for objects against textured
backgrounds, where carrier preservation already dominates.

7. Analysis of Design Choices

The use of spectral memory may seem indirect compared
with storing the reference image itself. The motivation is
that raw image features are entangled with view, crop, and
lighting. A shoe photographed from the side cannot be copied
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Figure 12. Human pairwise judgments favor the full system across reference match, occlusion behavior, boundary cleanliness, and
overall edit against frame-conditioned and atlas baselines. The flow-composite comparison is reported only for reference match and
overall edit, where the full model is still preferred despite the flow method’s stricter motion adherence.

directly into a walking sequence with changing perspective.
Spectral descriptors do not solve viewpoint variation, but they
provide a more stable record of material tone and pattern
frequency. They also give the renderer a way to compare
generated content with the reference without enforcing pixel
alignment. This is useful for single-image editing, where pixel
alignment is rarely available.

The token graph complements the spectral bank. Spectral
statistics can say that a pattern contains alternating dark
and light bands, but they do not specify which local visual
units should sit next to each other. The token graph en-
codes such local adjacency. It acts like a weak grammar of
reference appearance. In a toy example, painted eye tokens
tend to appear near face-color tokens. In a sneaker example,
sole tokens tend to appear below upper-material tokens. The
graph is not semantic; it does not know what an eye or sole is.
Its value comes from preserving local regularities that would
otherwise drift.

The interaction layer is important because many editing fail-
ures occur outside the nominal object. A hand holding an
object is not background. A shadow under a vehicle is not
the replacement object, yet it must adapt. A strap crossing a
bag should stay visible while influencing the bag boundary. A
binary edit mask cannot express these roles. The interaction
layer gives the renderer an intermediate state: protect this
region, but let it constrain the reference layer. In practice,
this reduces the tendency to overwrite fingers, straps, and
contact edges.

The occlusion ledger changes how the system interprets ab-
sence. Without an occlusion state, a hidden object region
looks like an unfilled region that the generator may try to
complete. That behavior is reasonable for image inpainting
but harmful in video recasting. If a foreground arm covers a
mug, the correct output is not a complete mug; it is an arm
with the mug hidden behind it. The occlusion ledger supplies
this distinction. It says that memory should persist internally
while rendering should be suppressed externally.

The recurrent transport ledger occupies a middle position be-
tween rigid flow and unconstrained generation. Rigid flow is
reliable for motion but cannot create new support. Uncon-
strained generation can create support but may lose action
alignment. The ledger uses flow as a carrier cue and a learned
offset as a shape adjustment. This is why it performs well
when the replacement has different proportions. It follows
the source action without copying every source contour. The
cost is that trajectory metrics may be slightly worse than
flow-composite methods in shape-compatible cases.
The framework intentionally avoids relying on one univer-
sal visual similarity score during training. Reference identity
includes color, material, local arrangement, and persistence
through time. A single embedding loss can reward semantic
category while missing pattern drift. The combination of to-
ken likelihood, spectral residuals, temporal consistency, and
boundary losses gives more specific signals. This also makes
ablation easier to interpret. When removing the spectral bank
hurts patterned objects, the reason is visible in the loss design
and in qualitative outputs.
The itemized comparison below summarizes the role of each
major module:

• Spectral memory preserves material and repeated ap-
pearance statistics under imperfect pose alignment.

• Token co-occurrence memory reduces local rearrange-
ment of reference-specific parts and markings.

• Recurrent transport moves editable support through
source action while permitting proportion changes.

• Interaction layering protects nearby non-object regions
that still affect the replacement boundary.

• Occlusion accounting prevents hidden object regions
from being rendered as though they were visible.

• Boundary harmonization resolves narrow transition arti-
facts without rewriting the carrier layer.
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There are also cases where the modular design introduces
complexity. If the layer ledger misclassifies a region, later
modules may behave consistently but incorrectly. For in-
stance, if a finger is classified as reference layer rather than
interaction layer, spectral memory can impose object texture
on skin. If the occlusion ledger marks a visible region as hid-
den, the object may appear cut away. These errors are easier
to inspect than black-box generation errors, but they still re-
quire robust initialization. The method’s reliability therefore
depends on the quality of segmentation, flow, and depth cues,
even though it does not fully trust any one of them.
The discrete token generator can produce block-like artifacts
in high-detail areas. The boundary harmonizer removes some
of these artifacts, but small text and fine specular highlights
remain difficult. Continuous latent generators may handle
such detail better, while token generators provide easier mem-
ory retrieval and iterative uncertainty control. A hybrid ap-
proach could use tokens for structure and continuous refine-
ment for final high-frequency details. The present implemen-
tation favors interpretability and memory control over maxi-
mal still-frame sharpness.
The method’s use of synthetic and pseudo data is another lim-
itation. Synthetic composition provides labels but not perfect
realism. Pseudo-replacement provides variation but contains
artifacts. Self-recasting provides real temporal behavior but
not category change. The training mixture is a compromise.
The strong performance on the benchmark suggests that the
combination is useful, but it does not prove that the model
will generalize to all domains. Specialized domains such as
medical video, surveillance footage, or professional cinema
footage would need separate validation.

8. Limitations and Broader Implications

The framework does not infer a true three-dimensional ob-
ject. It can maintain reference appearance through moderate
motion, but a single image cannot determine all unseen sur-
faces. When a source video exposes a view absent from the
reference image, the generator creates a plausible continu-
ation. Sometimes this continuation is stable; sometimes it
changes across frames or contradicts the reference. Multi-
view target evidence would reduce this ambiguity. A future
model could accept several reference images when available,
but the one-image case remains important because it is com-
mon in practical editing.
Physical contact is only approximate. The interaction layer
reduces obvious overwriting of hands and surfaces, and the
boundary harmonizer can soften contact edges, but it does
not simulate pressure, deformation, reflection, or cast shad-
ows accurately. A replacement shoe may align with the
ground but not deform with a foot. A replacement cup may
sit in a hand but not change finger pressure. A replacement
vehicle may follow a road but produce a simplified shadow.
These failures are acceptable in some casual editing contexts
and unacceptable in others. The method should therefore be
understood as a visual recasting tool, not a physics engine.
The system may inherit biases from the object datasets used
to train the memory encoder and renderer. If certain object
types, materials, or viewpoints are underrepresented, refer-
ence retention may degrade. The token codebook may rep-
resent common consumer objects better than unusual arti-

facts. The segmentation and depth modules may also per-
form differently across environments. A responsible deploy-
ment would need dataset auditing and domain-specific test-
ing. The benchmark used here is varied but not exhaustive.
There is also a provenance concern. A method that pre-
serves source motion while replacing objects can change the
perceived evidence in a video. The same technical features
that improve local realism can make edits harder to notice.
The paper therefore treats the method as a research system.
Practical use should include clear edit metadata, visible audit
trails, and safeguards for contexts where object replacement
could mislead viewers. Technical work on editing should not
be separated from verification and disclosure mechanisms.
From a research perspective, the main implication is that
reference-based video editing may benefit from explicit mem-
ory. Many generative systems condition on a reference at
each frame or at each sampling step, but conditioning is not
the same as memory. Memory implies persistence, reaccess,
and controlled behavior during absence. The occlusion re-
sults support this distinction. The reference image must not
only influence what is visible; it must also remain available
when visibility is temporarily lost.
The layer view also suggests new evaluation practices. In-
stead of asking whether an edited video is generally realistic,
evaluations should ask whether carrier regions remain stable,
interaction regions remain plausible, reference regions retain
identity, and occlusion transitions behave correctly. These
questions correspond to different user-visible failures. A sin-
gle global metric can hide them. The Recast-126 protocol
is a step in that direction, but richer annotations would im-
prove it. In particular, explicit contact labels and part-level
reference labels would make evaluation more precise.
The approach could be extended beyond object replacement.
A layered memory could support material recasting, where
an object’s shape remains but its surface changes. It could
support wardrobe editing, where the interaction layer includes
body boundaries and cloth folds. It could support product
visualization, where a reference item is placed into a short
scene. Each extension would need task-specific constraints.
The general principle remains: keep reference memory, source
carrier behavior, and interaction constraints separate enough
to inspect and control.

9. Conclusion

This paper introduced Layered Spectral Memory Recasting,
a framework for transforming a source video by replacing an
object with a single reference-image object while preserving
source action and local scene structure. The framework uses
a carrier layer, an interaction layer, and a reference layer to
separate background preservation, contact handling, and re-
placement rendering. It adds a spectral memory bank and a
discrete token co-occurrence graph so that reference appear-
ance can persist through time without repeated raw-image
copying. It also uses recurrent transport and occlusion ac-
counting to decide when the object should move, remain hid-
den, or reappear.
The experimental results on Recast-126 show that the frame-
work improves reference retention, reappearance consistency,
and boundary cleanliness over baselines that rely on frame
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conditioning, atlas editing, direct flow propagation, or trans-
former rendering without spectral memory. The strongest
gains appear in clips with occlusion and in references with
distinctive material or repeated patterns. The results do not
suggest that the problem is solved. They show that sepa-
rating memory, transport, occlusion, and boundary roles can
reduce several common errors in single-reference video recast-
ing.
The ablation study indicates that no single module is suffi-
cient. Spectral memory helps preserve material and pattern
structure. Token graphs stabilize local arrangements. Recur-
rent transport allows support to follow source action while
adapting to new proportions. Interaction layering protects
hands, surfaces, and contact regions. Occlusion accounting
reduces painting-through and identity reset after disappear-
ance. Boundary harmonization removes transition artifacts
only when it is tightly constrained. The system’s performance
comes from these mechanisms working together.
Important limitations remain. The framework does not re-
construct unseen object geometry, does not enforce physical
contact, and does not preserve tiny text or logos reliably. It
depends on imperfect segmentation, flow, and depth cues. It
also requires more computation than simple framewise edit-
ing. These constraints matter for deployment and for inter-
pretation of the results. Future work should study multiview
references, higher-resolution token refinement, learned con-
tact models, and stronger provenance mechanisms.
The broader finding is that one-shot reference video edit-
ing should be treated as a persistence problem as much as
a synthesis problem. A reference object must survive mo-
tion, boundary contact, partial visibility, and absence. Carry-
ing that object through a video requires more than a strong
generator. It requires an organized record of what must be
remembered, what must be protected, and what must be
withheld when the object is not visible. The layered spec-
tral memory design offers one concrete way to express those
responsibilities within a controllable video editing pipeline.
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