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Abstract—This document critically reviews Aghababyan’s 2025
master’s thesis on motion-aware object replacement in videos us-
ing a modular pipeline (detection/segmentation, motion handling,
and diffusion-based inpainting). The review summarizes the
reported approach, identifies strengths and limitations grounded
in the thesis text, and positions the work relative to task-adjacent
and task-specific literature on temporally consistent video editing
and video inpainting. To address feedback on mathematical rigor,
the review formalizes the thesis motion modules using standard
notation and derives several limitations that follow directly from
the stated transformations. External references are used only for
contextual positioning and for standard evaluation practice; they
are not used to make empirical claims about the thesis results.

Index Terms—video editing, object replacement, video inpaint-

ing, diffusion models, temporal consistency, optical flow
Primary target document: Satine Aghababyan, Al-Powered
Video Editing: Motion-Aware Object Replacement Using Gen-
erative Models, M.S. thesis, American University of Armenia,
2025 [1].
Verification policy: Statements about the thesis are limited to
what is explicitly described, implemented, or reported in the
thesis text and figures. Statements about standard practice or
alternative approaches are supported by external literature and
are presented as context rather than as claims about the thesis’
empirical outcomes.

I. OVERVIEW OF THE THESIS APPROACH

The thesis proposes a modular pipeline for replacing a
selected object throughout a video while aiming to preserve
realism and temporal consistency.

The pipeline combines object detection and segmentation
(reported as YOLOvS8), motion handling via either 2D ge-
ometric trajectory propagation or optical-flow-based warping
(RAFT) [2], and diffusion-based inpainting in the latent space
of Stable Diffusion style backbones [3]. To reduce frame-
to-frame variability in diffusion outputs, the thesis evaluates
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Fig. 1. Generic schematic of a feed-forward neural network. The thesis
pipeline uses multiple learned modules (segmentation/detection, optical flow,
diffusion denoising, and conditioning adapters), each implemented as a neural
network with task-specific architecture.

controlled inpainting mechanisms including fixed latent initial-
ization, ControlNet structural conditioning (notably monocular
depth maps) [4], and IP-Adapter image prompting [5]. The
thesis also reports negative results for latent-space warping.

II. STRENGTHS

o The thesis correctly identifies the core instability of
frame-wise diffusion inpainting for videos, namely
stochastic variation that breaks temporal coherence.

o The thesis compares multiple practical consistency mech-
anisms (trajectory transfer, optical flow warping, Control-
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Fig. 2. Tllustrative U-Net style encoder-decoder architecture, commonly used
as the denoising backbone inside diffusion pipelines (including latent diffusion
variants). Included to contextualize the diffusion-based inpainting component
described in the thesis.

Net depth conditioning, IP-Adapter, fixed latent initializa-
tion), including negative results for latent-space warping.
o The thesis motivates reuse of pretrained components
rather than training a large video generator from scratch.

III. MATHEMATICAL CLARIFICATION OF KEY
MECHANISMS (DERIVED FROM THESIS DESCRIPTIONS)

This section does not attribute new algorithms to the thesis.
It expresses thesis-described steps in standard notation to
remove ambiguity and to make several limitations precise.

A. Notation

Let a video be a sequence of frames {I;}7_, with pixel
domain  C R2. Let M; C € denote the binary mask of the
target object in frame ¢ obtained by per-frame segmentation.
Let the edited output frame be I,.

B. 2D Geometric Trajectory Propagation (Similarity Trans-
form)

The trajectory approach computes translation, scaling, and
rotation between consecutive frames and applies them to the
replacement object. A standard formulation is the similarity
transform

Tt({E) = stR(Ht)x + bt, (l)

where s; > 0 is a scale, R(6;) is a 2 x 2 rotation matrix, and
b; is a translation. One mask-derived translation is centroid
displacement:
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If a “diameter” proxy is derived from the maximum radius
from the centroid, one natural proxy is

di =2 max ||z — c¢||2. 3
1= 2 max [ ]2 3)
The thesis defines a size ratio 7 = d7, , /d7, corresponding to

an area ratio under a circular proxy. The corresponding linear
scale factor is

d
St = ;*1 =T 4)
t

Derived limitation (non-rigid motion). Any transform of the
form (1) preserves pairwise distances up to a global factor:

1T (zi) — Tie(x))ll2 = sellzi —zll2 Vai,z. (5)
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Fig. 3. Example of articulated human motion across frames (non-rigid
motion). Such motion changes internal configuration in ways a single global
similarity transform cannot represent, consistent with the derived limitation
following Eq. (5).
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Fig. 4. High-level schematic of the RAFT optical flow network (and a smaller
RAFT-S variant). Conceptually, RAFT extracts features, builds an all-pairs
correlation volume, and iteratively refines the flow estimate with a recurrent
update operator [2].

Therefore, if the target object undergoes non-rigid deforma-
tion where distances between at least one pair of material
points change non-uniformly over time, no single similarity
transform can match that deformation. This formalizes why
translation/rotation/scale tracking cannot represent articulated
motion (for example, humans) even if centroid tracking is
accurate.

C. Optical-Flow Warping

Let Fiy154(2) = (upr1-e(x), vi415:(x)) denote a back-
ward dense optical flow field mapping a pixel location x in
frame ¢+ 1 to a corresponding location in frame ¢ [2]. Figure 4
provides a high-level schematic of the RAFT architecture. A
standard backward warp of an edited frame [; into frame ¢+ 1
is

W (s, Fyr1oe)(z) = 1 (x + Ft+1%t($))a (6)
with interpolation for non-integer coordinates.

D. Temporal Consistency as a Measurable Constraint

A practical way to quantify temporal stability is a warping-
consistency error over visible regions. Let {2}°) C € denote



non-occluded pixels in frame ¢ 4 1. A simple measure is

Ewarp(t) = m% Z

t+1 zeQyls,

T () — W(T,, Ft+1—>t)(99)H1

(7
This definition is included to make “temporal consistency”
operational and to support the evaluation recommendations in
Sec. VII. It does not claim that the thesis used this metric.

IV. LIMITATIONS AND WEAKNESSES SUPPORTED BY THE
THESIS TEXT

A. Temporal Consistency is Not Enforced End-to-End

Temporal coherence is approached through auxiliary con-
trols around per-frame generation rather than through a unified
video-native generative model.

B. Per-Frame Mask Generation Without a Described Tempo-
ral Stabilization Procedure

Mask generation is performed per frame via detection and
segmentation. The thesis does not describe a dedicated tem-
poral mask stabilization or tracking-based mask propagation
step. Consequently, the reviewed thesis does not establish how
mask consistency is maintained across time.

C. Motion Handling Limitations

Trajectory propagation. The thesis reports that the tra-
jectory method works primarily for rigid objects, can miss
internal articulation (for example wheel spin), and fails for
non-rigid objects. Equation (5) makes this limitation explicit.

Optical-flow warping (RAFT). The thesis reports practical
artifacts such as blurring and stretching under drastic mo-
tion and notes degraded performance on real-content videos,
with discussion that RAFT is commonly trained on synthetic
datasets [2]. Occlusions and dis-occlusions are discussed and
occlusion masks are computed, but the thesis does not fully
specify a complete, reproducible frame update rule for how
occluded regions are integrated into the edited sequence.

D. Controlled Inpainting Improves Stability but Remains Lim-
ited

The thesis states that uncontrolled per-frame diffusion in-
painting produces different replacement objects across frames
even when using fixed seeds. Controlled mechanisms improve
stability, but the thesis reports that full temporal consistency is
still not achieved. The thesis also notes a structural limitation
of IP-Adapter use: the pipeline cannot provide a mask for
the reference image, so correspondence between the masked
region and reference features is not explicitly constrained [5].
The thesis further reports that multiple conditions can conflict
and misguide generation.

E. Latent-Space Warping is Reported to Fail Quickly

The thesis experiments with warping in latent space using
optical flow and reports rapid degradation, including outputs
that “fade out” after one or two generations.

F. Proposed Optical-Flow-Matching Optimization is Under-
Specified

As future work, the thesis proposes minimizing the differ-
ence between optical flow of original frames and optical flow
of edited frames via latent optimization and limited training.
However, the thesis does not fully specify reproducibility-
critical details such as what parameters are trained, objective
scope and regularization, stopping criteria, and how tradeoffs
are balanced between motion matching and visual quality.

G. Technical Clarity and Reproducibility Gaps

1) Model description inconsistency: the methodology re-
ports YOLOVS, while the preliminary description resem-
bles early YOLO formulations, reducing clarity.

2) Optical flow notation: optical flow is presented in a
way that can be read as depending on a single coordinate
rather than full pixel location.

3) Scale application ambiguity: the trajectory method
defines r = d7,, /d (area ratio under the circular proxy)
but does not specify the linear scaling factor used when
applying the scaling transform. Equation (4) shows that
a linear scale should be /7 if the intent is to match the
diameter proxy.

4) Incomplete experimental protocol: the thesis does not
provide a complete, reproducible protocol, including
dataset specification, diffusion sampling hyperparam-
eters, prompts and seeds, and compute and runtime
reporting.

H. Positioning and Narrative Balance (Structural Limitations
of the Write-up)

Two additional limitations concern paper structure rather
than algorithm design:

1) Related work coverage for task positioning: the thesis
places more emphasis on component-level background
(diffusion models, optical flow, and tool modules) than
on task-specific surveys of video object replacement,
video inpainting, and temporally consistent video edit-
ing. This makes it harder to interpret the contribution
relative to established baselines and typical evaluation
protocols in this area. The existence of dedicated text-
guided video editing benchmarks and challenge tracks
(for example LOVEU TGVE) underscores that task-
specific evaluation is available [18], [19].

2) Preliminaries versus evaluation space: the preliminar-
ies are written in a tutorial style with extensive back-
ground and figures for multiple modules. While these
descriptions may be correct, the imbalance reduces space
available for systematic evaluation, failure analysis, and
reproducibility details.

1. Compute Claims and Resource-Efficiency Reporting

The thesis motivates resource efficiency via reuse of pre-
trained evaluation components, but it does not report concrete
compute requirements (hardware, runtime per frame, memory



footprint). Given increasing interest in efficient, resource-
constrained deployment in adjacent vision-and-robotics set-
tings, it would strengthen the thesis to quantify computational
cost and to discuss feasible lightweight variants where appli-
cable [24], [25].

V. SUPPLEMENTARY QUALITATIVE REPRODUCTION

Separately from the thesis text itself, a reviewer-run note-
book result was supplied as a qualitative supplement to this
review. Figure 5 shows a 12-frame grid from that run, where
a small cat in the source clip is progressively replaced by
a stylized toy-like character. The sequence is informative
because it captures both a partial success and a central
failure mode discussed throughout this review. Coarse spatial
localization is largely maintained: the edited object remains
in approximately the intended ground-plane region across
frames. However, object identity is not temporally stable.
The generated replacement changes substantially in color,
facial structure, proportions, and pose across time, with the
sequence drifting from a more cat-like yellow object in earlier
edited frames toward a red, rounded robot-like character in
later frames. This behavior is qualitatively consistent with the
review’s main critique that auxiliary controls around frame-
wise generation can preserve rough placement while still
failing to enforce stable cross-frame appearance.

Because the full notebook settings, prompts, and seeds are
not documented inside this manuscript, this figure should be
interpreted as qualitative supporting evidence rather than as
a controlled benchmark comparison. Its value is diagnostic:
it visually illustrates how temporal inconsistency can remain
significant even when the edited object stays in approximately
the correct scene location.

VI. LITERATURE CONTEXT (NON-EXHAUSTIVE)

Video inpainting literature commonly treats temporal con-
sistency as a primary modeling constraint, using propagation
mechanisms, spatiotemporal Transformers, and joint optimiza-
tion across frames. Representative baselines include STTN [6],
FuseFormer [7], E2FGVI [8], and ProPainter [9]. Diffusion-
based video inpainting and editing has explored temporal
consistency through feature reuse or attention control, for
example Dreamix [10], FateZero [11], vid2vid-zero [12],
Video-P2P [13], TokenFlow [14], Rerender-A-Video [15], and
RAVE [16]. StableV2V is a recent example focusing on
shape-consistent video-to-video editing and provides addi-
tional benchmark material [17].

VII. RECOMMENDATIONS FOR STRENGTHENING THE
WORK

1) Add baseline comparisons against at least one video-
native inpainting method (for example STTN [6], Fuse-
Former [7], E2FGVI [8], ProPainter [9]) and at least
one diffusion-based video editing consistency method
(for example Dreamix [10], TokenFlow [14], Video-P2P
[13D).

2)

3)

4)

5)
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[14]

[15]

[16]

Define an explicit evaluation protocol: specify video
sources, resolutions, clip lengths, mask generation pro-
cedure, prompts, sampling settings, random seeds, and
compute hardware.

Report quantitative metrics alongside qualitative grids.
Where applicable, include SSIM [23] and a perceptual
metric such as LPIPS [22]. Add at least one temporal
stability measure with a clear definition, for example
the warping-consistency error in (7) evaluated over non-
occluded regions.

Specify the occlusion-handling update rule for optical-
flow warping, including how occluded regions are de-
tected and how they are filled or blended across time.
Consider replacing purely per-frame mask generation
with temporally coherent segmentation or propagation
modules (for example SAM 2 [20] or DEVA [21]) and
report the impact on temporal stability.
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