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Adapter-based methods are commonly used to enhance model performance with
minimal additional complexity, especially in video editing tasks that require frame-
to-frame consistency. By inserting small, learnable modules into pretrained diffu-
sion models, these adapters can maintain temporal coherence without extensive
retraining. Approaches that incorporate prompt learning with both shared and
frame-specific tokens are particularly effective in preserving continuity across frames
at low training cost. In this work, we want to provide a general theoretical frame-
work for adapters that maintain frame consistency in DDIM-based models under a
temporal consistency loss. First, we prove that the temporal consistency objective is
differentiable under bounded feature norms, and we establish a Lipschitz bound on
its gradient. Second, we show that gradient descent on this objective decreases the
loss monotonically and converges to a local minimum if the learning rate is within
an appropriate range. Finally, we analyze the stability of modules in the DDIM
inversion procedure, showing that the associated error remains controlled. These
theoretical findings will reinforce the reliability of diffusion-based video editing
methods that rely on adapter strategies and provide theoretical insights in video
generation tasks.

1. Introduction

From natural language processing , to time series analysis and computer vision , deep learning has
made significant strides across multiple disciplines [1H7, [7HI7]]. And text-to-image (T2I) diffusion
models [[18-22]] have brought significant progress to the field of generative image modeling. Building
on their success, text-to-video (T2V) frameworks aim to preserve temporal consistency across frames.
However, many T2V solutions involve considerable training overhead or extensive parameter sizes.
To reduce these challenges, researchers have proposed fine-tuned T2I adapters for video editing [23-
26]]. A frequently used strategy is to enforce a cosine similarity constraint between feature maps of
adjacent frames during early denoising steps [27]], in addition to a binary cross-entropy objective
on noise prediction. Low-Rank (LoRA) Adaptation on cross-attention layers helps limit parameter
growth, and shared prompt tokens further promote frame-to-frame coherence.

In this paper, we offer a detailed theoretical analysis of these techniques, with particular emphasis
on the temporal consistency loss and the DDIM-based framework. In Theorem we establish
that the popular temporal consistency loss is differentiable under bounded feature norms, and its
gradient is Lipschitz continuous. This implies that gradient-based methods can optimize the loss
without risk of divergence. We then demonstrate in Theorem {4.4{that standard gradient descent will
monotonically reduce the loss and converge to a local minimum, provided the step size is suitably
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chosen. Further, Lemma [£.5shows that the temporal consistency objective can be viewed as a convex
function of the inter-frame similarity terms, revealing a favorable optimization landscape.

We also address the DDIM inversion step, where one typically seeks to refine the latent representations
of consecutive frames. Theorem [4.6 proves that incorporating bilateral filtering leads to a bounded
error that does not escalate through successive iterations of reverse diffusion. The analysis involves
characterizing how the filtering operator contracts errors and how new noise injection influences the
total error. This property ensures the stability of the video editing process and prevents divergence
even when multiple frames are processed in sequence.

Lastly, we show how shared and unshared tokens in the prompt-learning stage can theoretically
approximate any desired feature representation, if their numbers are large enough relative to the
feature dimension. Corollary states that once the token embedding space can span the entire
feature dimension, the alignment error of the cross-attention output can be driven to arbitrarily small
values. This result underlines the flexibility of prompt-based adapters in capturing nuanced frame
dependencies.

Our theoretical insights show why these adapter-based strategies are stable, convergent, and capable
of improving temporal consistency without increasing model size excessively. By ensuring bounded
errors, convex objectives, and sufficient expressive power in the token embeddings, the proposed
approach can reliably generate coherent video sequences from pretrained T2I diffusion models.

We conducted extensive empirical studies to validate our theoretical findings. Specifically, our
experiments systematically analyzed the impact of the UNet adapter, demonstrating its effectiveness
in maintaining consistent structural and semantic coherence across consecutive frames. Furthermore,
quantitative evaluations using cosine similarity metrics corroborate that our theoretical predictions
hold true empirically: models equipped with the adapter consistently exhibit higher temporal
coherence, achieving cosine similarity values approaching unity. These findings strongly support our
theoretical analysis, confirming that the adapter-based methods indeed promote temporal stability,
convergence, and consistency in practice.

The main contributions of this paper are as follows:

e We provide a detailed theoretical analysis of temporal consistency loss, demonstrating its dif-
ferentiability under bounded norms, Lipschitz continuous gradient, and favorable optimization
landscape (convexity in inter-frame similarity terms).

e For the details: (1) We theoretically establish convergence properties of gradient-based methods
optimizing the temporal consistency loss, ensuring monotonic reduction and convergence to a local
minimum with appropriate step sizes. (2) We rigorously analyze the stability of DDIM inversion
integrated with bilateral filtering, proving bounded error propagation across successive diffusion
iterations, thus ensuring stability in sequential video editing. (3) We demonstrate theoretically
that shared and unshared prompt tokens have sufficient expressive power to approximate arbitrary
feature representations, supporting flexible and robust frame-to-frame dependency modeling.

e Extensive empirical studies validate our theoretical findings, confirming the effectiveness of the
UNet adapter in maintaining structural and semantic coherence across frames, as evidenced by
significantly improved cosine similarity and temporal stability metrics.

Through these contributions, we aim to advance the field of T2V generation and editing, providing a
robust and efficient framework that can leverage the strengths of T2I models while mitigating their
limitations.

2. Related Work

Text-to-Video Editing. Text-to-Image (T2I) generation has seen rapid progress, particularly through
advances in Generative Adversarial Networks (GANSs)[28432]] and diffusion-based frameworks[33-
38]]. T2V techniques have been categorized into several strategies, including diffusion model in-
version and sampling [[39H42]], lightweight fine-tuning using adapters [43]], and post-hoc temporal
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Figure 1: An overview of the typical video generation process using LoRA-enhanced feature extrac-
tion. Depth and text embeddings are combined with latent vectors and processed through iterative
denoising, cross attention, and cosine similarity constraints between adjacent frames.

consistency enhancement via attention-based mechanisms. Representative T2V models such as Gen-
L-Video [44]], FLATTEN [45]], and StableVideo [46]] aim to improve long-range temporal alignment,
while methods like ControlVideo [47]] and MagicProp [48] target frame-level fidelity. Building on
these advances, works extend diffusion models to text-to-video editing by incorporating parameter-

efficient adapters [49-51]].

DDIM Inversion for Video Generation. Denoising Diffusion Implicit Models (DDIM) enable
latent trajectory manipulation through their invertible structure [52/]. Recent developments like
EasyInv [53] and ReNoise [54] iterate between forward and backward noise steps to improve
reconstruction. Time-varying inversion schedules, such as Eta Inversion [55]], provide enhanced
diversity by modulating noise injection spatially and temporally. Additional strategies, including
MasaCtrl [56]] and Portrait Diffusion [57]], further refine inversion through attention-based noise
representations and key-value feature alignment. In vision tasks, modular adapters have facilitated
parameter-efficient fine-tuning in architectures such as T2I-Adapter [23]] introduce task-specific
guidance into diffusion models. Moreover, Uni-ControlNet [58]] proposes a unified approach to
integrate control signals across multiple scales. Most importantly, [59] propose a General and
Efficient Adapter integrating temporal, spatial, and semantic consistency modules with DDIM
inversion to significantly improve perceptual quality and temporal coherence for text-to-video
editing.
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Although numerous recent works explore video-level consistency within diffusion-based frame-
works, a mature theoretical foundation for this area is still lacking. In particular, the theoretical
understanding of consistency losses and DDIM-based adapters remains underdeveloped. This work
aims to address this gap by establishing formal analyses to support principled video editing with
diffusion models.

3. Preliminaries
3.1. Diffusion model for video generation

The diffusion module [20] 60H63]] first encodes consecutive frames (frame;, frame; 1) into latent
representations (z;, z;+1) using a VAE. Gaussian noise is added at each diffusion timestep to produce
noise; and noises, applied separately to each frame to capture frame-specific variations. The latent
representations and their noisy versions ([z;, 2111, zt, z1+1]) support cross-frame temporal model-
ing. Time embedding vectors encode the timestep ¢, and at each step, the latent are concatenated
with control signals (ct, ¢t41, ¢t, ¢e+1). Temporal feature maps (F;, Fi11) are then injected into the
UNet. This combined latent representation enhances spatial-temporal dependencies between frames.



Figure[I|provides an overview of the standard video generation process, illustrating the practical
application of our theoretical analysis.

3.2. Frame Similarity-based Temporal-Spatial Consistency Module
For the decoder layers:
Tip1 = T + € — O(w4, 1), (1)

where z; is the image at timestep ¢, ¢, is the predicted noise, and ¢ is the UNet model. popular
methods incorporate trainable adapters into the UNet, extracting intermediate feature maps Fj,
from each block (I, b) at timestep ¢:

Fi, = Wox + B A x, (2)

where x is the input feature, and B, ; and A, ; are learnable low-rank parameters. Popular methods
use a similarity function to measure alignment between adjacent feature maps:

. F,-Fip
Sim(Fy,Fi41) = —mm - (3)
T FF el
So the temporal consistency loss is defined as:
= 5
Etemporal = ﬁ Z (Sim(Fta Ft+1) - Sim(Ft—la Ft)) ) (4>

where T’ is the total number of timesteps. A standard diffusion loss is also required:
Lgiffusion = ]Exo,s,t |:||6 — €p (xta t)HQ] , (5>

where ¢ is the noise added to z at timestep ¢, and ¢ is the modelaAZs predicted noise. The overall
objective function combines the temporal consistency and diffusion losses:
Etotal = /\temporalﬁtemporal + Adiﬁusionﬁdiﬁusiona (6>

where Aiemporal and Agifrusion are set to 1.and 0.01, respectively. In DDIM inversion for video generation,
the reverse diffusion process denoise an input x; according to:

po(xi—1|ze) = N (2115 po (e, t), So (1)), (7)

where 9(z4, t) is the predicted mean, and ¥(¢) is the variance schedule. The denoising of a noisy
input z; is governed by:

1 1-— Ot
1= - t 1—a 8
Ti—1 \/OTt (.’Et MEG(Ih )) + 1%, ( )

which is further refined by applying bilateral filtering to the latent representation [64]]. While eg(z+, )

predicts the noise, and «, & are scaling factors with z as sampled noise. We use a typical framework

with bilateral filtering step applied to the noisy latent z;:

Zye./\f(x) Gspatial(xv y)Gintensity(Iaca Iy)Iy
Zye/\/(z) Gspatial ((E, y)Gintensity (Iz ) Iy )

Ow = ) (9>

where NV (z) denotes the neighborhood of pixel x, with y as neighboring pixels, defined by their
respective intensities I, and I,,. The spatial and intensity weights are calculated by:

Gspatial(-ra y) = exp % ) (10)
Uspatial
_(Ix — Iy)2
Gintensity(lwaly) = €Xp 227 ’ (11)
Uintensity

where ogpatial determines sensitivity to spatial distances, and oingensity controls the filter’s response to
intensity differences. This framework, in reference to [59]], is both intuitive and general, as typical



existing methods incorporate a similar processing step to enhance the quality and coherence of latent
representations.

At each timestep, producing refined latents x;. The updated inversion step is:

1 ’ 1—Oét ’
= — (2 - ==t TEr— 12
Tiq ” (xt 1_@t€9($t )) + 1% (12)

where z; is the filtered latent obtained from x;, ensuring smoother and more consistent intensity
distributions.
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Figure 2: Typical adapters mechanism regarding shared and unshared token mechanism for video
generation. Shared tokens ensure global consistency across frames, while unshared tokens handle
frame-specific details. A same prefix is applied across all time steps, and only shared tokens are
updated during the final phase.

3.3. Shared and unshared Token-Based Consistency Analysis

Figure [2]illustrates the typical operation of a consistency module employing shared and unshared
tokens. The text embedding for temporal-aware fine-tuning is constructed as:

Zfinal = [Tshare§ Zframe; C(Z)] ’ (13>

where Tyhare represents the shared token embedding, Zfame is the frame-specific unshared token, and
C(Z) concatenates conditional and unconditional embeddings along the first sequence dimension.

During the denoising process, cross-attention provides text guidance by mapping the latent features
X, € RMxd to updated features X; using the final text embedding Zn, € REX*4 as keys and values:

Q=WgX:, K=WgZga, V =Wy Zgna, (14)
- KT

X; = softmax (Q ) V. (15)
Vd

where Wg € RM*M W, € REX4 and Wy € RE*4 are the learnable projection matrices for the
query, key, and value transformations, respectively. The updated cross-attention map X is integrated
into the noise prediction function ¢y to guide the denoising process. The denoising step at timestep ¢
can then be expressed as:

Tt—1 = Tt — Oétﬁe(aft,)zt% (16)

where z; € RM*? (consistent with X; and X ¢) is the noisy latent at step ¢. The final text embedding
Ziinal integrates shared, frame-specific, and conditional/unconditional embeddings to compute X;.

During training, projection layers for unshared tokens (¢) are optimized iteratively as follows:
@k-‘rl =0 — UV@LOSS(@k) (17)

With © = {¢adapter; Punshared; Tshare } Tepresenting the adapter, unshared token, and shared token
embedding parameters, and 7 as the learning rate.
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4. Theoretical Analysis

4.1. Optimizability of Temporal Consistency Loss

Theorem 4.1 (Optimizability of Temporal Consistency Loss). Given A sequence of adjacent video frame
feature maps {F}I_,, where Fy € REXWXC s the feature tensor of the t-th frame. The inter-frame similarity

function:
. (Fi,Fipq)
Sim(F,F = 18
(Fe Feit) = R oy (%)
The temporal consistency 10ss Liemporal:
| T
Ctempoml = ﬁ Z (Sim(FtthJrl) - Sim(thla Ft))2 : (19>

t=2

If the norms of the feature maps are bounded (i.e., there exists M > 0 such that ||Fy||p < M for all t), then
Liemporal 1 differentiable with respect to {F} and its gradient is Lipschitz continuous.

To prove this theorem, we want to firstly prove the following lemma:

Lemma 4.2 (Differentiability of the Cosine Similarity). For any ¥, Fy,1, the gradient of the cosine
similarity: Vg, Sim(Fy, Fyy1) Given the norm bound ||Fy||p < M, we have the bounded gradient:
2

Ve, Sim(F¢, Fey)| p < a (20)

The proof of the differentiability and smoothness property for the cosine similarity function under
the given norm boundedness assumption is in Section |B| Then we want to prove the next lemma:

Lemma 4.3 (Lipschitz Continuity of the Liemporal Gradient). The gradient of Liemporal iS: VF, Ltemporal
and Ay = Sim(Fy, Fyy1) — Sim(F,_1, Fy). Since Sim(-,-) € [—1, 1], we have |A;| < 2. Combined with
gradient boundedness, it follows that

8

HVFtﬁtcmporalHF < m

(T —2). (21)
Thus, the gradient of Liemporal S Lipschitz continuous with constant L < 1—]\?.

The detailed proof of this lemma and illustrations are provided in Section
Theorem 4.4 (Convergence of Gradient Descent). Let the parameters © be updated via gradient descent:

Ok+1 = Or —nVeLoss(Oy), (see Equation[I7) (22)
where ) is the learning rate. Suppose the gradient of Liempora is L-Lipschitz continuous and n < % Then
Liemporal decreases monotonically and converges to a local minimum as k — oo.

To make a rigid proof of this theorem, we want to prove the following lemma first:

Lemma 4.5 (Convexity of the Temporal Consistency Loss). Consider the temporal consistency loss
Ltemporar a8 a quadratic function of {Sim(Fy, Ft+1)}tT:_11:

1
£temporal = ﬁHDSH%v (23>
where .
S = [Slm(Fl, F2)7 ey Sim(FT717 FT)} 5 (24)
and D is the second-order difference matrix:
-1 1 0 --- 0
0 -1 1 - 0
D=|. . . . . |eRTEXTD (25)
0 - 0 -1 1

Since DT D is positive semi-definite, Ltemporal is convex with respect to the similarity terms Sim(Fy, Fyyq).



The detailed proof and illustrations are provided in Section[D} And the formal prove for Theorem [4.4]
is provided in Section By Theorem and Theorem the temporal consistency 10ss Liemporal is
differentiable, and its gradient is Lipschitz continuous once the feature maps {Ft¢} are norm-bounded.
This property guarantees that standard gradient-based methods can handle the optimization of
Ltemporalwithout diverging, because each gradient step remains well controlled. Moreover, the
Lipschitz condition implies that even in higher dimensional latent spaces, the changes in the objective
value do not fluctuate wildly with small alterations in the parameters.

In the accompanying corollary (not shown here but building on the same assumptions), one can
establish that gradient descent converges to a local minimum under mild step-size requirements.
This means the method has a sound mathematical basis for producing smooth transitions across
video frames and for reducing flicker effects over time. From a practical standpoint, this reliability
underpins the ability of the method to consistently refine temporal alignment, ensuring that each
training iteration draws the system closer to a stable solution. Consequently, the theoretical analysis
supports our claim that incorporating Liemporal leads to an approach that is both computable in
practice and effective for generating temporally coherent video frames.

4.2. Stability of Bilateral Filtering DDIM Inversion

Theorem 4.6 (Stability of Bilateral Filtering DDIM Inversion). Consider the DDIM inversion process

(see Equation|12|in the main paper):

1 (x, 1o o

where x} is obtained by applying bilateral filtering (Equation[9)) to the noisy latent x;:

2 reN(y) Govatial (T, Y) Gintensity (¢ (), ¢ (y)) ¢ (2)
Zxé/\/(y) Gspatial(zv y)Gintensity(:Ct(m)v z¢(y))

(:c;,t)) +v1—aiaz, (26)

Tt—1 =

i (y) = (27)

Assume the following: (1) The bilateral filter kernel parameters satisfy ospatial; Tintensity > 0, A1d Gpatial and
Gintensity are Gaussian functions (Equations[I0\and[TT]). (2) The noise predictor eg is Lc-Lipschitz continuous.
(3) The ideal noise-free latent representation is T, and the initial error satisfies E[||zp — Zr||2] < 0.

Then there exists a constant C' = C(ay, &y, Le) > 0 such that the filtered latent representation satisfies
Efllzi-1 — Ze-1ll2] < C-Ellla — Zell2] + /1 — e E[]|2]12]- (28)

We want to prove this theorem by proving three lemmas. Firstly, we want to prove:

Lemma 4.7 (Error Contraction by Bilateral Filtering). Let B be the bilateral filtering operator mapping x;
to ;. By the weighted average property of bilateral filtering, we have

lat =@l = || Y- wle,y) (@) - ae(@)) | (29)

where w(zx,y) are normalized weights. Since Ggpatial ANd Gintensity Are exponentially decaying Gaussian
functions, there exists K > 0 such that:

2t = Zell2 < loe — T2, (30)
Hence, the bilateral filter is non-expansive. The detailed proof and illustrations are provided in

Section [Fl

Lemma 4.8 (Error Propagation in a Single DDIM Step). Consider the DDIM inversion process given by
Equation [I2)in the main paper. We decompose it into ideal and noisy paths:

iy = ) (31)

Combining with the non-expansiveness result in Lemma|4.7| gives:
1 1-— ¢
oo = 21l < (= + =L 2 = ullo + VT = a1z, (32)
(e Oét(l — Oét)
c

where C depends on ., &, and L.



The detailed proof and illustrations are provided in Section|G|

Lemma 4.9 (Expected Error Control in DDIM with Bilateral Filtering). From the single-step error bound

in Lemma , taking the expectation and using the independence assumption E||z||2] = V/d (where d is the
latent space dimension), we obtain

E[Hx;—l - ft—lHQ] < C]E[Hl’f, - ff,Hz} + /1 - Ozt_l\/g. (33)
Recursively applying this from t = T down to t = 0 and usgfzg El|lzr — Zrll2] < & yields

E[llzf — Zoll2] < CTo+Vd> Ot /T—a,_, (34)
t=1

where oy € (0,1) and C' is the constant from the single-step analysis. Because C'is bounded, the above series
converges.

The detailed proof and illustrations are provided in Section[H] This result tells us that the expected
error at step ¢t — 1 is bounded by a constant C' times the error at the previous step ¢ plus an additional
term that depends on the noise injection. If the constant C is less than or equal to one or even if it
is slightly greater than one in the finite step case the error term from the previous time-step does
not get magnified significantly. Instead, it is either contracted or at most increased by a controlled
constant factor. This behavior is often called an error contraction property.

The additional error that comes from the noise, given by /1 — a;_1E[| 2|2, is also bounded (in

many cases E[||z||s] = v/d where d is fixed). Therefore, at each step the noise adds a finite amount of
error. When this recursive bound is applied over all steps (from the final time 7" to the initial time
0), the error at the final output is given by a geometric series-type bound (plus a sum of the noise

contributions): T
Ellzy — Zoll2] < CTo+Vd Y C'7'/T— a1, (35)
t=1
where ¢ is the initial error at time T. Provided that C is bounded (and ideally C < 1 for true
contraction), this series converges or remains finite for a finite number of steps.

Because neither the error propagation (scaled by C') nor the noise injection term causes the error to
grow arbitrarily large during the reverse diffusion (DDIM inversion) process, the algorithm is stable.
That is, the errors in the latent representation, when filtered and processed through each DDIM step,
remain controlled.

In summary, the inequality shows that the DDIM inversion with bilateral filtering yields a bounded
and controlled error propagation, thereby ensuring stability through the entire process.

4.3. Attention Alignment in Semantic Consistency Module) Statement

Theorem 4.10 (Attention Alignment in Semantic Consistency Module). Let: (1) X, € RM*4 pe the
latent representation of frame t, where M is the number of spatial positions and d is the feature dimension.
(2) Teare € RN=* (shared tokens) and Zyshare € RN=*? (unshared tokens) form the joint embedding. (3)
Zinat = [Tsnare; Zunshare; C(Z)] € REX4, where L = Ny + N, + dim(C(Z)). There exist X* € RM*4 and
Z* € RE*4 that achieve perfect semantic alignment:

X* = softmax(Lfg)T)V*,where Q = X"Wq, K* = Z'Wg, V* = Z*Wy. (36)

If the following conditions hold: (1) Full-rank projections: Wq, Wi, Wy are invertible, and opin(Wy ) >
d > 0. (2) Token dimension sufficiency: Ny > d and N, > d. (3) Lipschitz continuity: The Lipschitz
constant of softmax satisfies Leofimax < V/d. Then the cross-attention output X, in Equation satisﬁes the
alignment error bound:

1Xe — X* | <A Zpnat — Z* |17y ¥ = Lsottmax l2Wyllz (37)

where || - || denotes the Frobenius norm.

We plan to provide the proof in four lemmas.



Lemma 4.11 (Decomposition of Cross-Attention). From Equations and ([19)), the attention output

is given by

XtWQ Wl—(r ZﬁTnal
Vd

Define AZ = Zgna — Z*. The difference from the ideal output X* can be decomposed into two terms:

X, = softmax( )ZﬁnaIWV- (38)

X, — X* = (softmax(Q—f/g) — softmax(%))v* +softmax(%)AZWv, (39)

Term A Term B

where Q) = X Wo, K = ZanaWk, QF = X*Wq, K* = Z%Wk, and V* = Z*Wy,. Term A captures the
discrepancy in attention weights, while Term B reflects the contribution of the adapter-induced change AZ.

The detailed proof and illustrations are provided in Section ]

Lemma 4.12 (Bounding Term A). Using the Lipschitz property of the softmax function, we have

|lsoftmax(A) — softmax(B)||r < Lsoftmax||A — Bl F. (40)
Let A = % and B = Q*(%)T. Then,
[Term Allp < Lsotemax|[Woll2[Wk 2V |2 AZ ]| p. (41)

The detailed proof and illustrations are provided in Section[]

Lemma 4.13 (Bound on Term B). Under the normalization property of the softmax function
(||softmax(-)|| m < 1) and the full-rank condition on Wy, the following holds:

[Term Bl p < [|[Wy[|l2[|AZ]|F (42)

The detailed proof and illustrations are provided in Section [K]

Lemma 4.14 (Combined Error Bound on Cross-Attention). By merging Term A and Term B from the
cross-attention decomposition, we have:

1% = Xl < (LeotmaxCIWlaWiclla [W ll2 + W [12) 11AZ] - (43)

gl

Upon simplification, v can be expressed as

Lsottmax||W W ) .
= Zsoftma I (;KH?H VH2(absorbmg [Wql2 into constants). (44)

The detailed proof and illustrations are provided in Section|[]

Corollary 4.15 (Token Sulfficiency). If Ny > d and N, > d, then the column space of Zga spans R,
allowing ||AZ|| p to be minimized through optimization. Consequently, the error bound || AZ || r converges
to zero, leading to exact semantic alignment.

Theorem [4.10]shows that the alignment error of the cross-attention output can be made arbitrarily
small if the difference |AZ||r between the learned and ideal token embeddings is reduced. The
bound involves a constant  that depends on the Lipschitz continuity of softmax and the singular
values of the projection matrices. Corollary states that if the number of shared and unshared
tokens meets or exceeds the feature dimension (N, > d and N,, > d), then the column space of
the token embeddings spans all possible feature directions. In other words, the learned tokens can
represent any point in R%, ensuring that || AZ||  can be minimized through standard optimization
techniques. As a result, the cross-attention module can achieve exact semantic alignment.

This theoretical result underpins the stability and effectiveness of the proposed method. By ensuring
that the token embeddings are sufficiently rich, the attention alighment error can be driven to zero,
which guarantees that semantic information is accurately preserved and transferred.
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5. Conclusion

In conclusion, the adaptor-based strategies offer stable and convergent methods for text-to-video
editing when building upon existing text-to-image diffusion models. By defining a differentiable
and Lipschitz continuous temporal consistency objective, these methods ensure that gradient-based
optimization maintains coherent frame transitions. The DDIM-based framework, with bilateral
filtering, keeps errors bounded through reverse diffusion, preventing divergence in multi-frame edits.
Additionally, shared and unshared tokens can approximate broad feature representations, providing
the flexibility needed to represent subtle frame dependencies. Empirical evaluations confirm these
theoretical findings, showing consistent temporal alignment without demanding excessive model
size or training overhead.
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A. Empirical Study

This empirical study validates the theoretical properties established in Theorem and Corol-
lary highlighting the adapteraAZs role in reducing temporal alignment errors. Figure E]illus—
trates the significant improvements in feature alignment across adjacent frames (f1, f2) and timesteps
(t1, t2) when the adapter is employed. Without the adapter, feature heatmaps display substantial
structural discrepancies, indicating larger alignment errors. In contrast, adapter fine-tuning yields
highly consistent feature patterns. Further quantitative support is provided by the cosine similarity
analysis in Figure (3| Specifically, the left graph demonstrates that the cosine similarity between
adjacent frame embeddings steadily increases towards unity with adapter integration, achieving
higher cosine similarity and nearing 1.0, reflecting reduced alignment error |AZ| r and improved
temporal consistency. Without the adapter, the similarity demonstrates slower growth and lower final
values, indicating weaker temporal consistency. These empirical findings can strongly corroborate
our theoretical insights.

Cosine Similarity Training Process vs Cosine Similarity
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Figure 3: The left panel presents the empirical validation of Theorem 4.1} showing the average cosine
similarity between latent representations of consecutive frames across different DDIM timesteps.
With the adapter enabled, the similarity rapidly increases, approaching unity, confirming the theo-
retical prediction that temporal consistency improves when optimizing the temporal consistency
loss. The right panel further verifies this by measuring the variation in inter-frame similarity across
training epochs. Initially exhibiting substantial fluctuations without the adapter, the introduction of
the adapter stabilizes these variations significantly, aligning well with the theoretical guarantee of
gradient boundedness and Lipschitz continuity proven in Lemma

B. Proof of Lemma 4.2

Now we provide the proof of Lemmal[4.2]

Proof. For any two tensors: Fy, Fy 1 € REXWXCwith |Fy||lp < M, ||Fy1llr < M, for some M >

0,The cosine similarity as: Sim(F, Fy41) = % So, its gradient with respect to F is:
F F, F
Vr, Sim(Fy, Fypq) = s (i, Fis1) F,. (45)

AR IFeallr IR IF e

Using the submultiplicative property of the Frobenius norm, for the first term, we have

Fiiq _
[FlelFerillelly  [FllplFealle  ([Fellr

Since ||F¢||r < M the worstaARcase (largest) value for the reciprocal is achieved when ||F || is as
small as possible; however, assuming that the features are nondegenerate (or alternatively invoking
a lower bound implicitly provided by the normalization), we conclude that

1 1
< 47
Fllr = M )

F 1
_ H t-‘rl”F (46)
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Figure 4: Comparison of single-charinel féaturedeatmaps from thé cross-attention‘layers (UNet

blocks 44AS11), illustrating the impact of adapter fine-tuning on attention alignment in scenarios
"Two People in Conversation" and "Making Tomato Gumbo in the Kitchen." Labels f1/f2 indicate

adjacent frames, and t1/t2
visually confirm Theorem

represent diffusion tlmesteps (t1=932, t2=941). These empirical results
__EO| and Corollary[4.15) demonstrating that enriching token embeddings

through adapter fine-tun

ng effectively reduces the alignment error |AZ||r, leading to precise

semantic alignment and enhanced temporal consistency.

Similarly, consider the second term:

By the CauchyaASSchwarz inequality,

and therefore

e ) IRt Ll R
i Feale e~ TEEE e s
_ |(F,Frp)l
TEEIF ol
B B} < IF el Fealle, (49)
F.,F F F 1
(FuFup)l _ Fle|Foalle 1 0
FEFeale = R Foalr TR
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Again, using ||F||r > (a positive lower bound) and the worst case ||F||r < M we have

1 1
< —. 51
Fr = M (1)

Combine the bounds, by the triangle inequality,

1 1 2 2
< + = < —. 52
le </ TR T R S W (52)

HVFt Slm(Ft, Ft+1)

C. Proof of Lemma 4.3

Now we provide the proof of Lemma

Proof. For clarity, we first state the expression for the gradient (with respect to F;) of Liemporal:

T-1

2 . .
VF, Liemporal = T—1 tz_:z Ay - (VFt Sim(Fy,Fy41) — Vg, Sim(Fy_1, Ft/))z (53)

Because the cosine similarity Sim(-, -) takes values in [—1, 1] it follows immediately that |A;/| < 2.

Moreover, from Lemmawe have, for any pair (F, G):||Vr Sim(F, G)|| - < +. Thus, for any fixed
index t and any summand in the expression, let

’(/Jt/ = th Sim(Ft/, Ft/+1) - th Sim(Ftlfl, Ft/). (54)

By the triangle inequality we have

[¢wllr < [IVe, S(Fy, Fo)| g+ Ve, Sim(Fy 1, Fio)ll g

_2, 2 4 (55)
- M M M
Thus, for each ' we obtain
4 16
18ewellp < 1Avllgellr <222 = 10 (56)

The overall gradient is given by averaging over the 7" — 2 indices ¢’ (from 2 to 7' — 1). Hence, by the
triangle inequality,

T-1

2
IVE Leemporalll p < 77— Y Aty
t'=2 (57)
2 16 16(T —2)
<2 (T-2).— =22
s T-2 37 M(T —1)
it follows immediately that
16 T—-2 16
< —. <
||th»Ctempora1||F =M T—-1—-"M (58>

For any two admissible sets of feature tensors,
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T
||v£temporal({Ft}) - V‘Cternpolraul({G"t})|| < L- Z HFt - Gt” (59>
t=1

16
ith L < —.
wi <

Thus, the gradient of Liemporal is Lipschitz continuous with Lipschitz constant

D. Proof of Lemma 4.5

Now we provide the proof of Lemma

Proof. Express the loss as a quadratic form. Observe that

1 2
»Ctemporal = ﬁHDSHQ

1 (60)
_ T _ TR
_T—l(DS) (Ds) 7—1° D ' Ds.
For any vector z € RT~1, we have
z' (D'D)z = (Dz)" (Dz) = |Dz|2 > 0. (61)
Thus, DD is indeed PSD, Ltemporal 18 convex since D'Dis positive semidefinite.
E. Proof of Theorem [4.4
Proof. By Lemmafé.3|For all ©, 0’ we have
||v£temporal(@/) - vE’temporal(@)HQ S L”@/ - @HQ (62)
By Lemma[4.5] consequently, for any ©, @,
Etemporal(®/) < Etemporal(e) + <v£temporal(®)7 o - ®>
(63)

L
+ e - ol
For the gradient descent update Equation[I7] Set

‘Ctemporal (@kJr 1 ) S ‘Ctemporal (@k)
+ <v£temporal(@k)a _nv£temporal(@k)> (64)
L
+ g‘lnvlctemporal(@k)“%

The inner product term is

<v£temporal(ek)a _nv£temporal(ek)> = _7]HV£temporal(@k)Hg~ (65)

The squared norm is
||nv£temporal(@k)”§ = n2||v£’temp0ral(®k)H§' (66>
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Thus, we have:

£temporal(@k+1) < Etemporal(@k) - 77||V£temporal(®k)‘|%
Ln?
2
L
< Lompont(©1) =1 (1= 5 ) IV Cumpora (O3

+ ||v£temporal(®k)Hg' (67>

Note that since 0 < 1 < 2, the factor (1 - %) is positive. Hence, unless ||V Liemporal (©%)]|3 = 0, the
loss strictly decreases:

Etemporal(@k'+1) < ‘Ctemporal(@k')- (68>

Since Liemporal is assumed to be bounded below, the sequence {Liemporal (O )} is monotonically non-
p q p y
increasing and lower-bounded, and thus converges. Moreover, if the loss is convex, every stationary

point is a global minimum. Hence, the iterates converge to a minimizer of Liemporal-

F. Proof of Lemma 4.7

Now we provide the proof of Lemma

Proof. For each spatial location y, using the definition of the bilateral filtering operator, we have

n) —aly) = Y wey)(wlo) - w@). (69)

z€N (y)

Taking the absolute value (or the norm in the scalar case) and applying the triangle inequality yields

o) = 2] = | 3 wiwy)(we) — (o)

< Z w(m,y)|xt(x) _ft($)| < sup |$t(x) _i't(x)|'
z€N (y) TEN ()

By the definition of the Euclidean norm, we have

sup |z¢(x) — Ze(x)] < ||we — T2 (71)
zEN (y)
Thus, for each y,
|2 (y) — Ze(y)| < llwe — T2 (72)

Taking the L,-norm over all spatial positions y on both sides, we obtain
[t = Zella < flee — 2|2 (73)

This establishes that the filtering operator B is non-expansive.

G. Proof of Lemma /4.8

Now we provide the proof of Lemma

Proof. Subtract the ideal inversion from the noisy one:
1 (z}, — F4) — 1o
vor [ VI-ay

+ 1-— Qy_1%2.

! —
Ty — Tp—1 =

(eg(x;, t) — e, t))} -
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Taking the Lo-norm and applying the triangle inequality gives:

|y — T2 < — Tyll2 +

= = (1=t T eo(elat) ~ ol )]

+ /1 — Oét_1||2||2.
Since ¢y is Lc-Lipschitz, we have:
lleo (x4, 1) — eo(Te,t)|l2 < Lellwy — Tel2-

Thus,
1-—

1
Ty_q — Ty 1+ Ty — Tell2 + /1 — 1]z
Joior =il < —= (14 ZEEL ) ot =l + VT e el

(75)

(76)

(77)

By the result of the previous Lemma 4.7| (non-expansiveness of the bilateral filtering operator),

;= Zell2 < llwe — T2

Substituting this into the previous inequality yields:

1 _
;1 — Ziall2 < ( > lze = Zell2 + /1 — w1 2]]2-

7w ata

Defining
]. l1—« t

\/Oét 1—04,5

we obtain the desired bound:

21 — Zialle < Cllwy — Zella + /1 — a1 |2]2-

H. Proof of Lemma 4.9

Now we provide the proof of Lemma[4.9]

Proof. Starting with the error propagation inequality,

z;—1 = Ze-1lle < Cllwe — Zella + /1 — w1 |2]l2,

(78)

(79)

(80)

(81)

(82)

we take expectations on both sides. Using the linearity of expectation and the independence of z, we

obtain

E [|l2}_1 — Zroall2] < CE[llze — Z¢ll2) + /1= cu_1Vd.

We now unroll inequality [B3|recursively. Define E; := E [[|z; — Z||2].
Then inequality [83]for time ¢ — 1 is

Ei 1 <CE ++/1—a;_1Vd.
Applying this recursively from ¢t = T" down to ¢ = 0 proceeds as follows.
Fort =T:Er <.
Fort=T-1:

Er_1 < CEp++/1—ar_1Vd<Cs+ /1 —ar_1Vd.
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Fort=T —2:

Er o <CEp_1+/1—ar_oVd
<C(Co+ T=ariVd) +/T—ar 3V (86)
=C? +Cy/1— aT_1\/a+ V1-— OéT_Q\/a.

One obtains at ¢ = 0:

T
By =E[|zf — Zoll2] < CT6+VdY CT'\/T—a; 1. (87)

t=1

Since «a; € (0, 1], for each t we have /T — a;_; < 1 and C' is assumed bounded. Hence, the series

T
d N T—a, (88)
t=1

is a finite sum for fixed 7" and, when extended as T" — oo (if considering an infinite process), the
bound remains meaningful provided that C' < 1 or that other controlled conditions on the coefficients
hold. In our case, for a fixed number of steps T, the series converges trivially as it is a finite sum.

I. Proof of Lemma [4.11]

Now we provide the proof of Lemma[4.17]

Proof. We begin with the cross-attention output defined by [15]

- X WoWikzl
X; = softmax 2t QT K “hinal ZtinalWy . (89)
Vd
Recall the following definitions:
Q=XWq, K=ZywaWk, V= ZgaWv, (90)
and the ideal (perfectly aligned) quantities
* *\ T
X* = softmax m v,
Vd (91)

where Q" =X"Wqo, K'=Z"Wg, V*=Z"Wy.
Define the token embedding error as
AZ = Zina — Z". (92)

Then note that the error in the value term is
V - V* = ZgnaWv — Z*Wy,

93
:(Zﬁnal_Z*)WV:AZWV, ( )
Our goal is to show that
% KT *(K\T
K- X = (softmaX(Q B Softmax(m))) Vo
vd Vd
Term A
T (94)
softmax( N7 )AZWV.
Term B
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To prove this, start by writing the expression for X, — X*:

T * *\ T
X, - X*= softmax(cgj(g )V — Softmax<Q(§zl)> V.

(95)

We now add and subtract the same intermediate term softmax(7> V* to decompose the expres-

sion:
% * QKT T *
X, — X" = {softmax( Nz )V — softmax( Nz )V
KT K*
+ {SoftmaX(Q\/a)V — softmax (Qi/&))‘/*}
Notice that the first grouped term is
QKT . _ QKT
softmax( 7 )(V -V = softmax( 7 )(AZWV)7

which is exactly Term B.

The second term becomes

T w7\ T
I:SOftmax(Q\j(g ) — Softmax(Qi]/%)ﬂ V=,

which is Term A.

This completes the rigid mathematical proof of the decomposition.

J. Proof of Lemma/4.12

Now we provide the proof of Lemma[4.12]
Proof. By the Lipschitz property and sub-multiplicativity of norms,

[Term A||r < | softmax(A) — softmax(B)||r||V*||2
< Lsostmax||A — Bl ||V*|2-

Next, we bound ||A — B||r. By the definitions

A—B= (QKT Q*(K*)T).

%\

We can expand the difference as

QK" —Q*(K")" =(Q - Q)K" +Q"(K —K*)"

Term 1 Term 2

However, in our formulation the projection matrices Wy and Wi are fixed (pretrained), i.e

AWo=Wgo—-Wu=0, AWk =Wy —Wg =0.

Since
Q = XfWQ and Q* = XtWQ,
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it follows that Q — @Q* = 0 so that Term 1 is identically zero. Next, observe that

K= ZﬁnalWK and K* = Z*WK (104)

Hence,

K K* = (Zua — 2°)Wye = AZVW. (105)

Therefore, the second term becomes

Q'K - K" =Q*(WiAZ") = X;WoWEAZT. (106)

Gathering the above, we deduce

|A—B|p = ]XtWQW;AZTHF. (107)

1 |
Vd
Using the sub-multiplicative property of the Frobenius norm and the fact that for any matrix X,
| X7 < /r||X||2 when r is the rank (or simply using the induced norm properties), we can bound

IXeWoWx AZ|r < |IXellpWall2 Wi I2| AZ T . (108)

Note that ||[AZT||s = [|[AZ]|]2 < ||AZ||r (since the spectral norm is bounded by the Frobenius norm).
Thus, we have

(Wall2lWk 2

|
1A= Bllr < [ Xellpl|AZ]|F (109)

Plugging this back into the bound for Term A, we obtain

Wall2lWk 2
Vd
In many applications the feature matrix X; may be normalized such that || X;||r < v/d (or this

factor can be absorbed into the Lipschitz constant or constant of proportionality). Under such a
normalization, we arrive at the final bound

[Term Al < Lsoftmax Xl I AZ][ V2 (110)

[Term Allp < Lsosmax W l2[[Wi |2V [[2| AZ][ - (111)

This completes the rigorous derivation of the bound on Term A.

K. Proof of Lemma/4.13

Now we provide the proof of Lemma

Proof. Since the softmax operator normalizes its input such that each row is a probability distribution,
we have

KT
Hsoftmax(Q )H <1. (112)
vd /llr
Thus, by the submultiplicativity of the Frobenius norm,
[ Term BJ|p < [AZWy || (113)
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Next, applying the standard inequality for matrix norms,
[AZWy |[p < Wy 2| AZ] p- (114)
Therefore, we obtain the desired bound:

[Term B[z < [Wy [l2[|AZ]| - (115)

L. Proof of Lemma /4,14

Now we provide the proof of Lemma

Proof. We know from the previous bounds that
By Lemma Term A satisfies
[Term Allr < Lootumax W 2| Wi [V [l AZ]| (116)

and
By Lemma Term Bsatisfies
[Term B||r < [[Wy ||2||AZ]|F. (117)

the triangle inequality implies

1Xe = X* |7 < (Lsotumax [ Wall2 Wi ll2[[V* |2 + Wy [l2) |AZ]| . (118)

Recall that by definition V* = Z*Wy,. Let us assume that the ideal token matrix is bounded, namely
[1Z*|l2 < C. Then, by submultiplicativity of the spectral norm,

V¥l < [1Z7[2Wvll2 < ClWy||2. (119)
That is, defining
7 = LeottmaxC|Woll2 Wi |2 Wy [|2 + Wy (|2, (120)
we have ~
1Xe = X*|[r <AIIAZ| . (121)

Using the full-rank assumption that oyin (Wy) > 6 > 0,the smallest singular value of Wy is bounded
away from zero. We can absorb ||Wg||2 or other fixed constants into the constant. In fact, if we
reparameterize or normalize the matrices appropriately, we may simplify the bound to:

y = Lsoftmax”VV(SK”Q”WV”Q, (122>
by absorbing the constant C' and ||Wg||2 into § (or equivalently assuming that the constant factors
have been normalized).

Thus, the final combined error bound is

1Xe = X*|l 7 < (Lsotumax | Wall2 Wi 12|V |2 + W [l2) |AZ]|»

< LSOftmaX||WK||2HWV||2HAZ”F. (123)

- 4]
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