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Abstract

Video editing and synthesis often introduce object inconsis-
tencies, such as frame flicker and identity drift that degrade
perceptual quality. To address these issues, we introduce
ObjectAlign, a novel framework that seamlessly blends per-
ceptual metrics with symbolic reasoning to detect, verify, and
correct object-level and temporal inconsistencies in edited
video sequences. The novel contributions of ObjectAlign
are as follows: First, we propose learnable thresholds for
metrics characterizing object consistency (i.e. CLIP-based
semantic similarity, LPIPS perceptual distance, histogram
correlation, and SAM-derived object—-mask loU). Second,
we introduce a neuro-symbolic verifier that combines two
components: (a) a formal, SMT-based check that operates
on masked object embeddings to provably guarantee that ob-
Jject identity does not drift, and (b) a temporal fidelity check
that uses a probabilistic model checker to verify the video’s
formal representation against a temporal logic specification
(®). A frame transition is subsequently deemed “consistent”
based on a single logical assertion that requires satisfying
both the learned metric thresholds and this unified neuro-
symbolic constraint, ensuring both low-level stability and
high-level temporal correctness. Finally, for each contigu-
ous block of flagged frames, we propose a neural network
based interpolation for adaptive frame repair, dynamically
choosing the interpolation depth based on the number of
frames to be corrected. By decoupling consistency verifica-
tion from the heavy generative diffusion process, ObjectAlign
operates with minimal computational overhead, making it
highly suitable for resource-constrained edge deployments.
Our results show up to 1.4 point improvement in CLIP Score
and up to 6.1 point improvement in warp error compared to
SOTA baselines on the DAVIS and Pexels video datasets.

1. Introduction

Recent advances in artificial intelligence have significantly
enhanced the quality, realism, and efficiency of synthetic im-
age and video generation models [14, 18, 35, 44]. These im-
provements have broadened applications in content creation,

real-time video editing, and interactive media [10, 27, 33].
Despite these strides, a critical yet often overlooked chal-
lenge persists, namely maintaining consistent object repre-
sentation across different video frames. This is important
since subtle inconsistencies, including semantic drift, visual
flickering, or transient artifacts, frequently arise during video
synthesis and editing, diminishing the visual coherence and
perceptual realism [14].

Current diffusion-based editing methods [14, 32, 37, 42,
53], predominantly use extended attention mechanisms to
propagate information across frames to maintain tempo-
ral coherence. However, extending attention across mul-
tiple frames significantly increases the computational cost
and memory requirements, often becoming prohibitively
expensive[ 14, 37] and unsuitable for deployment on memory-
constrained edge devices. Moreover, these approaches do
not provide formal guarantees for consistency, leaving room
for errors that degrade the video quality.

To overcome these limitations, there is an emerging need
for robust verification methods capable of provably ensuring
consistency between frames. Unlike methods relying solely
on perceptual metrics which may still miss subtle inconsis-
tencies or offer no formal assurances, a provable guarantee,
such as that provided by a Satisfiability Modulo Theories
(SMT) solver [11], can offer a mathematically-grounded as-
sertion that specified consistency constraints (e.g., bounds on
semantic feature drift) are met. This is crucial for detecting
errors that evade heuristic checks.

In this paper, we propose ObjectAlign, a neuro-symbolic
framework that can rigorously verify and adaptively repair
object-level and temporal inconsistencies in edited video
sequences. Our approach bridges perceptual metrics with
symbolic verification techniques, ensuring both practical
performance and formal consistency guarantees. To this end,
we introduce three key contributions:

* First, we propose a new methodology that integrates multi-
ple perceptual and semantic metrics, including CLIP-based
semantic similarity, LPIPS perceptual distance, color his-
togram correlation, and segmentation-mask IoU, into a
unified, learnable threshold-based classifier for identify-
ing object-level inconsistencies. By learning thresholds
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Figure 1. Overview of ObjectAlign. (D We first learn per-metric consistency thresholds from “positive” original video clips and “negative” inconsistently
edited clips. @ Next, for each consecutive frame pair in a newly edited video, we compute semantic and perceptual similarities and apply both the learned
threshold checks and an SMT-based object consistency check on the embeddings to flag inconsistent transitions. 3 Finally, each contiguous block of flagged
frames is repaired by adaptively interpolating between the nearest preceding and succeeding consistent keyframes, with the interpolation depth chosen
according to the segment length. The corrected frames can then be re-verified in a closed loop until no inconsistencies remain.

directly from data, our approach offers both flexibility and
interpretability in inconsistency detection.

* Second, we introduce a formal verification method to prov-
ably verify semantic and temporal consistency. Specif-
ically, we embed object features as constraints within a
symbolic reasoning framework, enforcing per-dimension
semantic bounds on masked CLIP embeddings. We also
ensure temporal fidelity verification through a probabilistic
model checker to verify the video satisfies a given tempo-
ral logic specification (®). This ensures a mathematically
grounded guarantee of semantic and temporal consistency
within defined thresholds.

* Finally, we develop an adaptive interpolation strategy for
correcting flagged inconsistencies. Our repair mechanism
dynamically adjusts the interpolation depth based on the
number of contiguous inconsistent frames identified, re-
constructing corrupted frames from adjacent consistent
keyframes, thus preserving a smooth temporal coherence.

Indeed, as shown in Figure 1, ObjectAlign effectively inte-
grates learnable perceptual metrics, formal semantic veri-
fication, and adaptive interpolation-based correction into a
unified end-to-end pipeline. Our evaluation demonstrates
that ObjectAlign reduces perceptual flickering and semantic
drift, decreasing the warp error [30] from 107.4 to 101.3
compared to Plug and Play Diffusion (PnP) [53] on clips
from the DAVIS [45] and Pexels [1] video datasets.

The remainder of this paper is structured as follows: Sec-
tion 2 discusses related work in video synthesis and formal
verification techniques. Section 3 provides necessary back-
ground on diffusion models, perceptual metrics, and SMT
solvers. Section 4 describes the ObjectAlign methodology
and technical innovations in detail. Experimental results
and ablations are presented in Section 5. Finally, Section 6
summarizes our main contributions.

2. Related work
2.1. Video Editing and Object Consistency

Recent works have explored training-free frameworks for
improving or stylizing text-to-video generation by leverag-
ing pre-trained text-to-image (T2I) models to edit video
frames [21, 23, 54, 58]. Approaches such as SDEdit [42],
InstructPix2Pix [4], and ControlNet [62] provide general-
purpose image editing capabilities that have been adapted
for video by applying them frame-by-frame or with addi-
tional guidance. Several methods enhance video genera-
tion through refined text prompts [24, 36], or by combining
text and image modalities for editing [61]. Plug-and-Play
Diffusion [53] and Free2Guide [24] further enable flexible,
training-free editing. Dreamix [43] and Tune-A-Video [55]
demonstrate the use of video diffusion models and spatio-
temporal tuning for improved consistency and style transfer.
Real-time editing approaches such as StreamDiffusion and
StreamV2V [27, 33] enable efficient video editing.

A key limitation of these approaches lies in their dif-
ficulty to maintain temporal coherence and object consis-
tency across frames. Methods like TokenFlow [14], Reren-
der [58], and VideoP2P [34] address this by identifying key
frames [5] and propagating features across frames. Other
approaches, such as Ground-A-Video [21], FateZero [46],
and Ada-VE [37], rectify cross-frame attention or integrate
motion cues to improve consistency. Despite these advances,
cross-frame attention remains computationally expensive
and does not provide formal guarantees of consistency [14].

2.2. Neuro-Symbolic Verification

Neuro-symbolic methods aim at integrating the advancement
of neural networks with the rigor of symbolic reasoning
[9, 16]. Neuro-symbolic methods use symbolic reasoning to
provide formal guarantees in various domains. Specifically,
in image and video synthesis, formal verification approaches
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such as SMT [11] and temporal logic [7, 50] can rigorously
validate the consistency and semantic correctness of the
generated content.

Recently, neuro-symbolic verification has been be ex-
plored for video searching, editing, and evaluation tasks
[7, 50]. Video classification employs graph-based re-
lational modeling [13, 52], while event detection lever-
ages spatiotemporal pattern recognition in video streams
[31, 40, 57]. Neuro-symbolic frameworks enhance video
question-answering [6, 59], with applications extending to
robotic action planning [15, 28, 51] and safety verification
in autonomous driving systems [22, 41]. These methods ei-
ther construct graph structures [39, 56, 60], use latent-space
representations as symbolic representations [3, 29, 49], or
use formal language methods [2] to design specifications.

In contrast with this prior work, our ObjectAlign uniquely
combines learnable perceptual metrics with symbolic con-
straints using the SMT solving, thus providing formal guar-
antees for object consistency in video editing. Additionally,
we complement our verification with adaptive interpolation
to repair inconsistencies dynamically. ObjectAlign is the
first work to explore object consistency correction by post-
processing inconsistent frames identified by learnable per-
ceptual metrics or formal verification.

3. Preliminaries

3.1. Latent Diffusion Models

Diffusion models [12, 17] are generative models comprised
of two main stochastic phases: (a) a forward process that
progressively adds noise to data, and (b) a reverse process
that learns to remove this noise to generate data.

The forward process is typically formulated as a fixed
Markov chain that gradually introduces Gaussian noise to
an initial data sample zy over 7' discrete time steps. If zg
is a sample from the true data distribution pg,, (e.g., a
clean image), this process yields a sequence of increasingly
noisy samples z1, . . ., zr. The final sample z7 is ideally dis-
tributed according to a normal distribution, N (0, I), where I
is the identity covariance matrix. The transition at each step
t is defined as:

q(zt | Ze1) :N(Zt; Vairzi g, (1— at)I), (D

where z;_; is the data sample at the previous time step, z;
is the sample at the current time step, and «y is a parameter
derived from a predefined noise schedule (e.g., oy = 1 —
B: € (0,1), where B; € (0, 1) are small positive constants
representing variance schedules).

The reverse process aims to reverse this noising proce-
dure. It starts with a sample zr ~ N(0,I) and iteratively
denoises it to produce a sample z, that resembles data from
the true distribution pgat,. This process is also a Markov

chain, parameterized by a neural network with parameters 6.
The model is trained to predict the conditional probability
distribution py(z;—1 | z;) for each step ¢:

pe(ztfl | Zt) = N(thl; IJ‘O(th)a O-? I>7 (2)

where (24, t) is the mean of the Gaussian distribution
for z;_1, predicted by the neural network conditioned on the
noisy sample z; and the time step ¢. The term o represents
the variance at time step ¢, which is often predefined or
learned as part of the noise schedule. The neural network
is trained to make pg(z;—1 | z;) accurately approximate the
true posterior q(z:—1 | z¢, Zo)-

3.2. Metrics for Object Consistency Verification

To assess object consistency between video frames, Objec-
tAlign employs a combination of perceptual metrics and
formal verification techniques. Let f;, f; € Z be two video
frames, where Z denotes the entire space of all video frames.

Perceptual Consistency Metrics. We utilize four estab-

lished metrics to capture different aspects of visual and se-

mantic similarity:

* Learned Perceptual Image Patch Similarity (LPIPS):
This metric quantifies low-level perceptual similarity. The
LPIPS distance between any two frames f;, f; is given by:

LPIPS(f;, f;) = || 6(f:) — o(f3)|, 3)

where ¢: 7 — R is a deep feature extractor [63] and
||z||2 denotes the Euclidean norm. Smaller LPIPS val-
ues indicate that the frames are more similar at a patch-
perceptual level.

¢ CLIP-based Semantic Similarity: To measure high-level
semantic alignment, we use the cosine similarity between
image embeddings from a Contrastive Language-Image
Pre-training (CLIP) model [47]:

: _ (e(fi), e(f5))
R CE e FTATRY AT P
where e: Z — RF is the CLIP image encoder, (z,y)
denote the standard dot-product and ||z||2 denotes the Eu-
clidean norm. Values closer to 1 signify stronger semantic
correspondence between the frames.

* Histogram Correlation: To check for significant color
shifts between frames, we compute the correlation be-
tween their color histograms. Let h(f) € R be the flat-
tened and normalized color histogram vector for frame
f, where ¢ represents the dimensionality. The histogram
correlation is:

: h(fi) "h(f;)
Simpise (fi, f7) = N &)
N A PRI
where () T denotes transpose. Values closer to 1 indicate
higher similarity in the overall color distributions.
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* Mask IoU: For object-level geometric consistency, we
compute the IoU of foreground object masks. Let
M: T — {0,1}7W be the binary foreground mask ob-
tained for a frame (e.g., via the Segment Anything Model
(SAM) [26]), where H and W are the frame height and
width. The IoU is:

|M(fi) 0 M(f;)]

IoU(M(fi), M(f;)) = IM(fyuM(f;)]

(6)

This value, ranging from 0 to 1, quantifies the spatial
overlap of the primary objects.

These perceptual metrics provide complementary empiri-
cal checks on object consistency, covering low-level appear-
ance, high-level semantic content, color distribution, and
object geometry, respectively. However, taken alone, they
cannot inherently provide formal guarantees of coherence.

Formal Verification with SMT Solvers. To address the
limitations of purely metric-based approaches and introduce
rigorous consistency checks, ObjectAlign provides formal
verification using SMT solvers. SMT solvers can determine
the satisfiability of logical formulas with respect to back-
ground theories, enabling us to enforce provable bounds on
specific features. In our context, we use an SMT solver
to enforce semantic stability by asserting bounds on the
object drift. We use object masks M; to compute sepa-
rate embeddings for the foreground object e( f;, M;) and the
background e( f;, = M;). We then use an SMT solver to for-
mally verify a conjunctive formula that ensures both object
identity stability and background stability:

(Vi | e (fi, Mi) — e;(firr, Miy1) | < €5) A -
(Vi | e (fi,~Mi) — €;(fixr, 7 Miy1) | < €bg)
where €, and €, are semantic drift tolerances. An SMT
solver checks if this set of constraints is satisfiable; if it is,
then we have a formal guarantee that no individual semantic
feature dimension has drifted beyond the specified tolerances
€, and €,4. ObjectAlign leverages this neuro-symbolic verifi-
cation to complement the aforementioned learned perceptual
metrics, providing a more robust and reliable consistency
assessment than using the perceptual metrics alone.

4. Proposed Methodology

ObjectAlign consists of three stages executed in a closed
verification—repair loop (Fig. 1): (D metric—based scoring
with learned thresholds, 2) neuro-symbolic consistency veri-
fication, and Q) adaptive frame repair via neural interpola-
tion. The loop repeats until every neighbouring frame pair
satisfies all consistency constraints.

4.1. Inconsistency identification (Step (D in Fig. 1)

4.1.1. Metric Based Consistency Scoring

Feature vector. For two consecutive frames f;, f; 11, we
extract (a) cosine similarity of CLIP embeddings Scos, ()
color-histogram correlation Sy;s, (¢) mask—IoU Sj,,, and
(d) perceptual distance Dypips. We invert LPIPS so that
larger values denote higher consistency, i.e. S]pips = —Dipips.

Hence the feature vector is s; = [SCOS, Shists Sious glpips] .
These specific metrics are chosen for their complementary
strengths in assessing frame-to-frame object consistency:
CLIP [47] similarity captures high-level semantic content
alignment, LPIPS [63] evaluates low-level perceptual appear-
ance, color histogram correlation checks for drastic color
shifts, and mask IoU quantifies object-level geometric over-
lap and spatial stability, thereby providing a comprehensive
empirical check as noted in Section 3.

Learnable thresholds. We treat each dimension of the
feature vector s; independently and learn a threshold vector
T = [TCOS, Thist, Tious ﬁpips]T from a small positive set P (ad-
jacent frames from the unedited video) and a negative set N'
(pairs of original vs. edited frames, considered inconsistent).
For each frame pair ¢, we compute the element-wise differ-
ence vector A; between its feature vector s; and the learned
threshold vector 7: A; = s; — 7. The probability that a pair
is consistent for a single threshold & (P (7)) is modeled by
the sigmoid function:

1

Pk(l) = U(AA’C)’ = 1+efz’

®)

o(z)

where )\ is a sharpness constant. The four thresholds in
T are simultaneously optimized by minimizing the binary
cross-entropy loss:

> [wilog(Pe(i))

IEPUN 9)
+ (1= i) log(1 = Pi(i) |

1
L P
BT TP+ V]

where y; = 1 fori € P and y; = 0 for ¢ € N. Optimiza-
tion is performed using Adam [25].

4.1.2. Neuro-Symbolic Verification (Step ) in Fig. 1)

While the metric classifier is effective in practice for captur-
ing perceptual inconsistencies, it offers no formal guarantee
against all forms of object drift, particularly subtle semantic
shifts that may fall within learned perceptual thresholds but
still represent a logical inconsistency. The SMT-based veri-
fication step (see ) in Fig 1) addresses this by combining
low-level feature stability with high-level temporal fidelity.

Given that the scalar perceptual metrics (e.g., Shs) are
directly evaluated against their learned thresholds (Eq. (12)),
SMT verification is reserved for the high-dimensional CLIP
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embeddings to enforce semantic stability. We therefore im-
pose an SMT constraint on the masked CLIP embeddings
(introduced in Sec. 3.2). Specifically, we verify the stability
of both the foreground object e( f, M) and the background
e(f, M) independently, defining this semantic stability con-
straint as Cheuro:

Cheuro = (V] ’ ej(fi7Mi) - ej(fi+17Mi+1) | < ES) A

10
(Vj | e;(fi, 7 M:) — e;j(fivr, "Mis1) | < 6179) 4o

We complement this stability check with a high-level
temporal fidelity metric [8, 50]. This component calculates
a satisfaction probability by verifying the video’s formal
representation (automaton .4,) against the text prompt’s
temporal logic specification () using a probabilistic model
checker function, W. A video is considered formally verified
only if it satisfies both the low-level stability constraints
(Cheuro) and the high-level temporal requirements. We define
this unified neuro-symbolic constraint, Prymal, as the logical
conjunction of these two conditions:

Prormal = Creuro A (‘I’(Aua (I)) > T) (11)
Here, Prormal 1s satisfied if and only if the SMT solver finds
the frame-to-frame drift constraints Cyeyyo (the first conjunct)
satisfiable for all frames, and the probabilistic model checker
finds that the temporal fidelity ¥ (A, , ®) meets or exceeds a
specified probability threshold 7 (the second conjunct).

4.1.3. Joint Consistency Criterion

A transition is declared consistent (C(i) = 1) if and only
if (iff) all thresholds are satisfied simultaneously and the
formal constraints are met:

C(1) :(Scos > Tcos) A (Shist > Thist)/\
(Siou > Tiou) A (Dlpips < Tlpips)/\

(Pformal(i) = 1)

12)

All indices with C(¢) = 0 form the inconsistent set Z.
Formal Consistency Guarantees. The joint consistency
criterion C'(i) defined in Eq. (12) combines the learned
threshold checks with a formal SMT constraint. Our joint
consistency criterion assures that a frame-pair declared con-
sistent by our pipeline (C'(i) = 1) exhibits a bounded drift
according to every metric and the formal semantic check
included in our criteria. These formal bounds underpin Ob-
jectAlign’s robustness in improving video consistency.

4.2. Adaptive Frame Repair (Step 3 in Fig. 1)

The adaptive frame repair stage (see Q) in Fig 1) funda-
mentally relies on the presence or eventual emergence of
consistent anchor frames surrounding any block of identified

Algorithm 1 OBJECTALIGN verification—repair loop

1: Input: edited video V = {fo,..., fr—1}
number of frames in video V.

> T is the total

2: Learn thresholds 7 on positive and negative set > Sec. 4.1
3: repeat
4: T+ 0
5: fori =0toT — 2do > Iterate over all 7' — 1 frame
transitions (f;, fi+1)
6: compute Pmetric(i)y Pformal(i)
7: if C(7) (Eq. 12) is false then
8: T+ TU{i}
9: for each contiguous run [is, 7] C Z do > is,i.: start/end
indices of a run of inconsistent transitions
10: k < ic —is+ 1 > Number of frames f;_,..., fi. to
repair
11: replace fi,, ..., fi, with corrected frames © Sec. 4.2
12: until Z =

13: return verified & corrected video V'

inconsistencies. This principle can be conceptualized using
Linear Temporal Logic (LTL) [38].

Let AP;p be an atomic proposition that is true when
a contiguous block of frames is currently identified as an
‘InconsistentBlock ‘ requiring repair. Let AP¢ 4p be true if
a ‘ConsistentAnchorBefore‘ (i.e., a suitable frame f; _1)
exists or is established, and APc 44 be true if a ‘Consis-
tentAnchorAfter (i.e., a suitable frame f; 4 1) exists or is
established. The iterative verification-repair loop of Objec-
tAlign (Algorithm 1) operates under the premise that the
video sequence will eventually satisfy the property:

O(AP;ip = (OGAPcap ANOAPcAA)) (13)

This LTL formula asserts that it is always ([J) the case
that if an inconsistent block requiring repair (A P;g) exists,
then eventually (<{>) a consistent anchor frame will be found
or established before it (APc 4 p), and eventually ({>) a con-
sistent anchor frame will be found or established after it
(APc 4 4), thus enabling interpolation. Our framework aims
to progressively achieve this state, allowing for repair even
when initial edits contain extended inconsistent segments.

Given a contiguous sequence of frames marked as incon-
sistent, we apply adaptive neural network based interpolation
using RIFE [19]. Let [is, ie] C T represent a maximal run
of k = i, — is + 1 inconsistent frames. To reconstruct
these frames, we first identify the closest consistent frames
immediately preceding and following this sequence: f;_ _1
and f;_11 (whose existence is anticipated by the property
in Eq. (13)). We then dynamically select the interpolation
depth () as a function of the number of frames needing
repair (k), defined by: v = [log,(k + 1)]. This adaptive in-
terpolation depth ensures that longer runs of inconsistencies
are addressed with deeper interpolation, generating sufficient
intermediate frames to preserve smooth and coherent motion.
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Original

Input Wolf

SDEdit Orange
Fox

PnP Orange
Fox

Input Soccerball

StreamV2V Van
Gogh Soccerball

StreamDiffusion
Van Gogh
Soccerball

ObjectAlign Corrected

Figure 2. Qualitative comparison of ObjectAlign corrections across different editing pipelines. Before ObjectAlign correction (left), both SDEdit and
PnP in the "Orange Fox" edits incorrectly alter the wolf’s shape and color across consecutive frames (highlighted in green boxes). Similarly, StreamV2V
and StreamDiffusion in the "Van Gogh Soccerball" edits cause the soccerball to intermittently disappear and reappear (highlighted in yellow boxes). These
inconsistencies are accompanied by noticeable color and style drift, perceptual flickering, and identity misalignment. After applying ObjectAlign (right), these
issues are effectively mitigated, resulting in greater semantic and temporal consistency.

The repaired frames replace the original inconsistent frames,
producing an updated, more consistent video sequence.
The ObjectAlign pipeline re-runs Sections 4.1 to 4.2 on
V until Z = () as shown in Algorithm 1. ObjectAlign is able
to provide both empirical quality and formal consistency
guarantees through its neuro-symbolic verification pipeline.

5. Experimental Results

5.1. Experimental Setup

Our experiments utilize a dataset of 95 text-to-video prompt
pairs obtained from the DAVIS [45] and Pexels [1] datasets.
The prompts include both manually designed descriptions

and those inspired from [33, 53]. The videos cover a di-
verse array of subjects including animals and humans. The
prompts encompass various scenarios involving object ed-
its, style changes, and structural modifications. Our pri-
mary baselines for comparison are PnP [53], SDEdit [42],
StreamV2V [33], and StreamDiffusion [27] without our ob-
ject consistency corrections. Evaluations focus on object-
level consistency and semantic fidelity using established
metrics such as CLIP [47] scores and Warp Error [30]. All
experiments were performed on one Nvidia 3090 GPU.
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Table 1. ObjectAlign Improvements. Comparison of video quality and consistency metrics before (Original) and after applying ObjectAlign (Edited) to
videos processed by different base editing methods (PnP, SDEdit, StreamV2V, and StreamDiffusion). Scores are shown for different edit categories, with
(+Improvement) indicating the improvement attributed to ObjectAlign. Higher scores are better for CLIP Score and VBench [20] motion smoothness, subject
consistency, and background consistency metrics; lower is better for Warp Error.

. PnP [53] SDEdit [42] StreamV2V [33] StreamDiffusion [27]
Edit Category
Orig Edited Orig Edited Orig Edited Orig Edited

CLIP Score T 97.0 98.1(+1.1) 967 98.1(+1.4) 97.1 97.9(+0.8) 952  96.0(+0.8)

Warp Error | 107.4 101.3 (+6.1) 105.5 100.8 (+4.7) 100.5 988 (+1.7) 108.7 103.5(+5.2)

Object Edits Motion Smoothness T 0.917 0.930 (+0.013) 0.903 0.925 (+0.022) 0.916 0.935 (+0.019) 0.887 0.901 (+0.014)
Subject Consistency T 0.913 0.925 (+0.012) 0.900 0.915 (+0.015) 0.920 0.931 (+0.011) 0.884 0.899 (+0.015)

Background Consistency T 0.921 0.925 (+0.004) 0.904 0.917 (+0.013) 0.917 0.924 (+0.007) 0.892 0.908 (+0.016)

CLIP Score 1 97.6 982 (+0.6) 973 98.0(+0.7) 975 979(+04) 958  96.4 (+0.6)

Warp Error | 106.3 101.6 (+4.7) 105.3 100.5 (+4.8) 99.5 98.6(+0.9) 107.2 103.3 (+3.9)

Style Edits Motion Smoothness T 0.938 0.973 (+0.035) 0.930 0.958 (+0.028) 0.933 0.940 (+0.007) 0.920 0.936 (+0.016)
Subject Consistency T 0.905 0.937 (+0.032) 0.904 0.925 (+0.021) 0.912 0.928 (+0.016) 0.896 0.908 (+0.012)

Background Consistency 1 0.913 0.932 (+0.019) 0.903 0.920 (+0.017) 0.915 0.928 (+0.013) 0.900 0.913 (+0.013)

CLIP Score 97.3  982(+0.9) 97.0 98.1(+1.1) 973 979(+0.6) 955  96.2(+0.7)

Warp Error | 106.9 101.5(+5.4) 1054 100.7 (+4.7) 100.0 98.7 (+1.3) 108.0 103.4 (+4.6)

Overall Average  Motion Smoothness T 0.928 0.952 (+0.024) 0.917 0.942 (+0.025) 0.925 0.938 (+0.013) 0.904 0.919 (+0.015)
Subject Consistency T 0.909 0.931 (+0.022) 0.902 0.920 (+0.018) 0.916 0.930 (+0.014) 0.890 0.904 (+0.014)

Background Consistency T 0.917 0.929 (+0.012) 0.905 0.919 (+0.014) 0.916 0.926 (+0.010) 0.896 0.911 (+0.015)
5.2. Qualitative Results Warp Error. Temporal coherence is evaluated via Warp

Figure 2 presents visual comparisons between ObjectAlign
and the baseline PnP [53] and SDEdit [42] methods on mul-
tiple challenging scenarios. We observe that ObjectAlign
significantly reduces perceptual flicker, artifact generation,
and object drift. In particular, ObjectAlign effectively main-
tains stable object identities across frames, producing results
noticeably smoother and more temporally coherent than base-
line methods.

5.3. Quantitative Results

CLIP Score. We measure semantic consistency using the
CLIP similarity score [47], defined as the cosine similarity
of CLIP embeddings between consecutive frames. Higher
scores reflect greater semantic stability (). When Objec-
tAlign is applied to correct the outputs of various base
editing methods, it consistently enhances semantic stabil-
ity. For instance, drawing from the "Overall Average" re-
sults in Table 1, applying ObjectAlign to videos edited by
PnP improves the CLIP Score from an original 97.3 to
98.2. For SDEdit, the score increases from 97.0 to 98.1;
for StreamV2V [33], it improves from 97.3 to 97.9; and for
StreamDiffusion [27], the score is enhanced from an original
95.5 to 96.2. This demonstrates that ObjectAlign effectively
preserves or improves semantic content preservation across
frames when applied to a range of editing techniques.

Error [30], which computes pixel-wise discrepancies after
warping edited frames by the original video’s optical flow.
Lower Warp Error indicates greater temporal consistency ({.).
When applied to various base editing methods, ObjectAlign
consistently reduces their Warp Error, thereby enhancing
temporal coherence. For instance, as detailed in Table 1
(Overall Average section), ObjectAlign improves the Warp
Error for PnP from an original score of 106.9 down to 101.5.
Similarly, for SDEdit, the error is reduced from 105.4 to
100.7; for StreamV2V, from 100.0 to 98.7; and for StreamD-
iffusion, from 108.0 to 103.4. These results confirm that our
method produces more temporally consistent videos when
used to correct the outputs of established editing techniques.

VBench Perceptual Metrics. To further assess video qual-
ity across diverse perceptual dimensions, we employ met-
rics from the VBench benchmark [20], specifically Motion
Smoothness, Subject Consistency, and Background Consis-
tency. For these metrics, higher scores are preferable (1).
As shown in Table 1, ObjectAlign consistently improves
these scores when applied to the outputs of different editing
methods across both object and style edit categories. For
instance, when ObjectAlign is applied to videos edited us-
ing PnP, the Motion Smoothness score increases from 0.928
to 0.952, and Subject Consistency improves from 0.909
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to 0.931. Similarly, for a baseline like StreamDiffusion,
ObjectAlign enhances Motion Smoothness from 0.904 to
0.919 and Subject Consistency from 0.890 to 0.904. These
examples, representative of the broader findings in Table 1,
indicate enhanced visual quality in terms of smoother mo-
tion, more stable subject appearance, and more coherent
backgrounds. Further details on the VBench benchmark can
be found in the original VBench documentation [20].

Runtime Efficiency. The runtime overhead introduced by
ObjectAlign is minimal, requiring approximately 3% ad-
ditional computation time compared to baseline PnP [53]
editing, and 4% additional runtime compared to SDEdit
[42]. The runtime overhead is primarily due to adaptive
interpolation and SMT-based verification. The average pro-
cessing time per frame remains acceptable for practical use,
enabling ObjectAlign integration into existing image and
video-editing workflows even in compute-limited edge envi-
ronments. Overall, ObjectAlign achieves a superior balance
between semantic consistency, temporal coherence, and com-
putational efficiency compared to existing methods.

5.4. Ablation Studies

Ablation Study on Diffusion-Based Inpainting for Frame
Repair. To evaluate the efficacy of our adaptive interpola-
tion for frame repair (Section 4.2), we conducted an ablation
study comparing it against an alternative approach using a
pre-trained Stable Diffusion (SD) inpainting pipeline [48].
For this experiment, inconsistent frame outputs of PnP [53]
were targeted for repair. Segmentation masks obtained via
SAM [26] from a consistent reference frame guided the in-
painting region, and textual prompts were provided. As
shown in Table 2, the SD inpainting method yielded minimal
beneficial impact on key metrics such as CLIP Score and
Warp Error when applied to repair inconsistent PnP outputs,
improving them by only 0.1 points. In contrast, ObjectAl-
ign’s interpolation demonstrates substantial improvements
on CLIP Score [47] and warp error [30] for the same PnP
outputs. These findings support our choice of targeted inter-
polation from consistent anchor frames for frame repair.

Table 2. Ablation Study: Frame Repair Methods for PnP Outputs.
Comparison of ObjectAlign’s RIFE-based interpolation against Stable Diffu-
sion (SD) inpainting for repairing frames from the PnP baseline. "Original"
refers to PnP output before repair. SD Inpainting refers to scores after the
inpainting based repair method. Improvements (+Value) are relative to PnP
(Original). The ablation study is performed over 18 edited video sequences.

Metric Original SD Inpainting Interpolation (ObjectAlign)
CLIP Score T 97.0 97.1 (+0.1) 97.7 (+0.7)
Warp Error | 106.4 106.6 (-0.2) 100.3 (+6.1)

Ablation Study on Verification Checks. We ablate the im-
pact of individual consistency verification checks—semantic
similarity (CLIP cosine), perceptual similarity (LPIPS), his-
togram correlation, object-mask overlap (IoU), and the SMT-
based semantic embedding constraint—on identifying incon-
sistent frames. This study is performed over 35 edited video
sequences of lengths between 40 and 280 frames each. As
detailed in Table 3, we observe that the IoU-based object-
mask consistency check is most frequently triggered (22.3%
of total frames), reflecting its sensitivity to spatial discrep-
ancies in segmentation masks. The SMT-based embedding
constraint triggers second most often (16.6%), underscoring
the benefit of formal semantic bounds. The perceptual LPIPS
check triggers third (15.5%), highlighting its effectiveness at
detecting subtle visual artifacts. Histogram correlation and
CLIP-based semantic similarity check flag inconsistencies
less frequently (8.7% and 7.1%, respectively), indicating
that color and global semantic shifts are comparatively rarer.
Overall, the combined use of complementary verification
checks ensures robust detection of diverse inconsistency
types, each targeting different aspects of perceptual, spatial,
and semantic coherence.

Table 3. Ablation on individual consistency verification checks. We
report the percentage of frames flagged as inconsistent by each verification
check over all sequences. Higher percentage indicates greater sensitivity of
the check in detecting inconsistencies.

Verification Check IoU SMT LPIPS Histogram CLIP Cosine

Percentage flagged (%) 22.3 16.6 15.5 8.7 7.1

6. Conclusion

In this paper, we have introduced ObjectAlign, a neuro-
symbolic framework designed to detect, formally verify,
and adaptively correct object-level inconsistencies in edited
video sequences. Our approach integrates learnable percep-
tual metrics, neuro-symbolic verification, and adaptive neu-
ral network based interpolation to ensure semantic fidelity,
temporal fidelity, and visual coherence.

Experimental evaluations demonstrate ObjectAlign’s abil-
ity to substantially reduce semantic drift and visual artifacts,
achieving superior performance in both perceptual consis-
tency and temporal coherence, compared to existing baseline
methods. Furthermore, ablation studies confirm the impor-
tance of each component in our design, highlighting the
effectiveness of combining learnable consistency thresholds,
symbolic reasoning, and adaptive interpolation. ObjectAlign
thus represents an important step towards provably consis-
tent and visually stable video editing.
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