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Figure 1: Teaser: DiffTrack reveals how video Diffusion Transformers (DiTs) establish temporal correspon-
dences during video generation. Given a prompt and starting points, DiffTrack tracks how individual points
align across subsequent frames via cross-frame attention in video DiTs (second row). This enables the extraction
of coherent motion trajectories (third row) from both generated and real-world videos in a zero-shot manner.

Abstract

Recent advancements in video diffusion models based on Diffusion Transformers
(DiTs) have achieved remarkable success in generating temporally coherent videos.
Yet, a fundamental question persists: how do these models internally establish and
represent temporal correspondences across frames? We introduce DiffTrack, the
first quantitative analysis framework designed to answer this question. DiffTrack
constructs a dataset of prompt-generated video with pseudo ground-truth tracking
annotations and proposes novel evaluation metrics to systematically analyze how
each component within the full 3D attention mechanism of DiTs (e.g., representa-
tions, layers, and timesteps) contributes to establishing temporal correspondences.
Our analysis reveals that query-key similarities in specific, but not all, layers play
a critical role in temporal matching, and that this matching becomes increasingly
prominent during the denoising process. We demonstrate practical applications
of DiffTrack in zero-shot point tracking, where it achieves state-of-the-art perfor-
mance compared to existing vision foundation and self-supervised video models.
Further, we extend our findings to motion-enhanced video generation with a novel
guidance method that improves temporal consistency of generated videos without
additional training. We believe our work offers crucial insights into the inner
workings of video DiTs and establishes a foundation for further research and
applications leveraging their temporal understanding.
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1 Introduction

Recent video diffusion model&5, 128,149,150, 54,163,169,/84,188], powered by Diffusion Transformers
(DiTs) [21,161], have achieved remarkable progress in generating realistic videos with high photo-
metric delity, temporal coherence, and complex motion. DiTs utilize full 3D attention to process
all frames and text in a single sequence, enabling the effective propagation of spatial and temporal
information, thus improving temporal coherence in generated videos. Their strong temporal priors
have also led to various downstream tasks, such as video depth estindatigrofe estimationd],

and 3D/4D reconstruction [23, 53, 74, 80].

Despite the success of these models, a fundamental question remains unanswered: How do video DiTs
establish temporal correspondences between frames during generation, and how can we explicitly
extract them? While existing work81, 42, 56, 57, 75, 86] explore internal representations in
U-Net-based image diffusion models, they mainly focus on two-frame correspondences.

In this paper, we introduce DiffTrack, the rst in-depth quantitative analysis framework designed
to pinpoint temporal matching within the video DiT architecture. DiffTrack provides insights into
how and where video DiTs establish temporal correspondences during video generation, enabling the
direct extraction of motion information from generated videos (cf. Fig. 1). Notably, our framework is
adaptable to any DiT-based video generative models.

Our analysis investigates 3D attention, a core component of video DiTs, to determine which repre-
sentations (e.g. query-key similarities vs. intermediate features), layers, and denoising timesteps are
most critical for establishing temporal correspondence among frames.

To systematically analyze their intricate interplays during video generation, we construct a dataset of
prompt-generated video using a video backbone under analysis and obtain pseudo ground-truth motion
tracks from an off-the-shelf tracking metho#4]. We then propose novel evaluation metrics that

jointly assess temporal matching accuracy and con dence. Given the dataset, we extract descriptors at
desired layers and timesteps, estimate temporal correspondence, and evaluate these correspondences
using our proposed metrics.

Through the analysis, we uncover several key ndings. 1) Query-key matching in 3D attention blocks
provides clear temporal matching information. 2) A few speci c layers play a dominant role in
establishing temporal matching. 3) Temporal matching strengthens throughout the denoising process.

We further demonstrate the practical value of our analysis through experiments in zero-shot point
tracking. By using the most signi cant feature descriptors for temporal matching, extracted at
the optimal layer and timestep identi ed by DiffTrack, our approach achieves state-of-the-art re-
sults compared to existing vision foundation modéfg [L8, 60, 68, 75] and self-supervised video
models [3, 6, 40, 52, 65, 83], demonstrating the effectiveness of our framework.

Additionally, we extend our analysis to motion-enhanced video generation with a novel guidance
technique, Cross-Attention Guidance (CAG). CAG works by perturbing cross-frame attention maps
in the most dominant layers identi ed by DiffTrack, and guides the model away from degraded
samples during sampling. Notably, CAG achieves signi cant gains in both human evaluations and
automatic metrics, without requiring additional training, auxiliary networks, or supervision.

In summary, our contributions are:

» We identify the importance of understanding temporal correspondence in video DiTs and
introduce DiffTrack, a novel framework that quantitatively analyzes and identi es temporal
matching information within DiTs during video generation.

 We provide a detailed analysis of the open-source video DiT models including
CogVideoX B4], HunyuanVideo 49], and CogVideoX-I12V 84], revealing key insights into
their internal mechanisms.

* We demonstrate the effectiveness of DiffTrack in zero-shot point tracking, achieving state-
of-the-art performance among existing vision foundation and self-supervised video models.

» We present motion-enhanced video generation with CAG, a novel guidance method that im-
proves the motion consistency of generated videos without auxiliary models or supervision.



2 Preliminaries

2.1 Video Diffusion Models

Video diffusion models25, 28, 49, 50, 54, 63, 69, 84, 88] generate videos from input text prompts
through iterative denoising. To enhance ef ciency, latent video diffusion mo86]pErform this
denoising in a latent space, typically using 3D Variational Autoencoders (V@& f¢r spatial and
temporal compression. A 3D VAE encodes a vide@ R +F)HW3 , with its frame count
(1+F ), height H), width (W), into a compressed latent representation. This latent is then patchi ed
and unfolded into a sequenzggeo Of length(1+f)hw , wheref , h, andw are derived from spatial
compression ratip (i.e.,h=H=p andw=W=p) and a temporal compression ratjdi.e.,f=F=q )

with often skipping the rst frame§4]. To incorporate text input, a text encodéi’] embeds the
prompt into the text embeddirmgex With sequence lengtf. Then the concatenated embeddings
(Zvideo @ndzeey; ), Of length(1 +f)hw +S | guide the denoising process, enabling text-aligned video
generation. Given a predetermined noise schedule, forward process progressively adds Gaussian
noise tozyigeot for timestept, producing noisier latentsigeo:t+1 - IN the denoising process, a neural
network (Zvideo: ; Ztext ; t) predicts and removes the noise to objgeo:t1 , aligning with the

text prompt. AfterT denoising steps, the fully denoised latepteo.o is decoded by the 3D VAE to
generate the nal video X

2.2 Video Diffusion Transformers

Following the success of Sorg4], DiT [21, 61] has become a standard architecture for video gener-
ative models 25, 28, 49, 50, 84]. DiT employs multiple layers of full 3D attention, enabling direct
interaction between visual and textual information through attention and feed-forward processing.

At each timestep, the concatenated sequenceg o andziex are augmented with 3D positional
embeddings, e.g., RoPEJ| or sinusoidal embeddingg§]. Then, at each laydy full 3D attention
transforms the sequences into quefigg, keysK ¢, , and valued/ , , all lying in R(A*Hhw+S)d
with the channel dimension d. The resulting output of full 3D attention is computed as:
Attn(Q el K Vi )=A tl Vt;lp 1)
with Ay = Softmax(Q ¢ K{, = d): 2)

To understand how the video latemiyeo:r and text embeddingey; interact in full 3D attention, the
notations of query @ and key K, can be rewritten at the token sequence level:

Qt;l = Concat(Q '};I i Qtll+f ; '{ﬁxt ) (3)
Ky = Concat(K &Ky Kty @

from the text embedding€oncat() concatenates these
across the token sequences.

Fig. 2 illustrates full 3D attention in video DiTs. It can be
categorized into four key interactions: 1) self-frame atten-

tion A}, , 2) cross-frame attentiohit;;j, , 3) text-frame at-
tentionA " or A", and 4) self-text attentioA [ ,
wherei;j 2 [1; 1+f] with i 6=j. Self-frame attention at-
tends to its own frame, focusing on nearby spatial patches
at the pixel location. Text-frame attention injects semantic

information from text embeddings into the frame latents.
Self-text attention re nes the textual context itself.

Of these, cross-frame attentiér] 2 R™™ s of par-

ticular interest to our study. Its ability to allow every pixel

in one frame to interact with any pixel in another frame ®igure 2: lllustration of full 3D attention in
what explicitly enables the model to build and understamiieo DiTs, where video frame latents and
temporal relationships across the video sequence.  text embeddings interact.



Figure 3: Our curated evaluation dataset includes: (a) an object dataset for dynamic object-centric videos and

(b) a scene dataset for static scenes with camera motion. Each dataset comprises 50 prompt-generated video
pairs per video generative model (e.g. CogVideoX-88). In the benchmark, we prede ne starting points in

the rst frame and obtain pseudo ground-truth trajectories using an off-the-shelf tracking method [44].

3 DiffTrack

We introduce DiffTrack, a framework to quantify how video DiTs capture temporal correspondence
during video generation. This is crucial yet nontrivial due to the inherent complexity of video
DiTs, which involve multiple layers, denoising timesteps, and full 3D attention. To systematically
analyze them, DiffTrack provides an evaluation dataset and novel metrics for assessing the accuracy,
con dence, and in uence of temporal matching. While we present an in-depth analysis of the
open-source video DIT model, CogVideoX-284], our framework is broadly applicable to other

DiT architectures, as demonstrated by our analyses of CogVideoX84BHunyuanVideo 49 and
CogVideoX-5B-12V [84] in Sec. B.

3.1 Evaluation Dataset

To accurately investigate temporal correspondence during video generation, it's crucial to simulate
the generation process faithfully. Reconstructing real-world videos often introduces challenges such
as inversion errors7fl] due to imprecise prompts and distribution shifts from training data. To
circumvent this, we curate specialized evaluation prompts and generate corresponding video datasets
using the speci ¢ backbone under analysis. This approach allows perfect video reconstruction during
evaluation, as we use paired prompts with xed seeds. For an analysis using real-world videos from
DAVIS [64], please refer to Sec. E.

To analyze videos with object and camera motion, we curate two distinct datasets: (1) an object
dataset for dynamic object-centric videos and (2) a scene dataset for static scenes with camera motion.
Each dataset includes 50 text prompts with corresponding 50 video486.§20 resolution49

frames, generated by CogVideoX-2B [84]).

To assess temporal matching, the datasets also include pseudo ground truth track annotations. We
prede ne a set of starting points' 2 RN 2 (in latent resolution) in the rst frame of each video,
whereN is the number of points. For the object dataset, we use S#8td segment foreground

objects and sample grid points with a spacind.e20of the video's spatial resolution. For the scene
dataset, we samplel® 10 regular grid of points across the entire frame. Fig. 3 shows examples

of each dataset; further details are provided in Sec. A. Since ground-truth tracks are unavailable for
generated videos, we use an off-the-shelf tracking method, CoTratRetd obtain pseudo ground

truth T2 RFN2  (in original resolution).

3.2 Temporal Correspondence Estimation within Video DiTs
To evaluate matching accuracy, we rst extract temporal correspondences across video frames using

feature descriptors from a video model. We independently establish pairwise correspondences
between the rst frame and each subsequent frame.

We rst construct a matching cost between the descriptors from the rst latent and ehdhtent,
L — 1 i \T P
Cii =Softmax(D i (Dy,) = d); (5)
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whereDtl;I andDjt;I are the feature descriptors corresponding to the rst frame latent andtthe

latent, andd is the channel dimension of boI:‘htl;I andDjt;I . Softmax( ) is applied over the keys for

each pixel in the query. Descriptdds;, are internal representation candidates from video DiTs, such
as intermediate features after attention blocks or query-key matrices within attention blocks.

Matched correspondence ponpfﬁ 2 RN2  at thej -th frame latent, timestefy and layed, with
the number of pointdl, are obtained througArgmax which identi es the spatial locatior of the
highest value in q‘,l within the spatial domain of the j-th latent .

pjm = Argzmax Ctlll (pt:x): (6)
X

Motion tracks along video frames are obtained by concatenaflingdat) the starting poinp?® with

the estimated matchqzﬁI across the video latent space. These tracks, in the latent spatial coordinates,
are then spatio-temporally upscaled to the original RGB coordinates through linear interpolation
(Interp), yielding T, 2 RFN2

1+f

T =Interp(Concat(p *;pZ;:::;pgy )): (7)

3.3 Evaluation Metrics

Given the estimated matched points, we propose three complementary metrics for evaluating temporal
matching in video generation: matching accuracy, con dence score, and attention score. Speci cally,
matching accuracy measures the precision of estimated tracks across frames. The con dence score
guanti es the certainty with which the starting point attends to its estimated match. The attention
score re ects the relative strength of cross-frame attention during generation, compared to self-frame
and text-frame attention.

Matching Accuracy. We evaluate point accuracy using the percentage of correct keypoints (PCK)

with a prede ned error threshold between the estimated tfa@kand visible points in the ground
truth T. The matching accuracy averages PCK over all visible points across cross-latents and videos.

Con dence Score. We use the maximum attention values between the rs ahdrame latent
“' (cf. Sec. 2.2) to measure how con dently the starting pairitsttend to their predicted matched
points, formulated as:

M' —MaxA“(p :X): (8)

which quanti es the attention gi* to the estimated point in tHeth latent at timestepand layed.
Maxtakes the maximum attention value over all spatial locatioAs . The con dence score is the
average of these maximum values across all cross-latent$ @ity : : :; 1+fg , all visible points
in ground truth, and videos.

Attention Score. We use the sum of cross-attention values across all cross-frame latents. This
allows us to assess the in uence of cross-frame interactions during video generation, in comparison
to other types of attention, such as text-frame or self-frame attention. This is formulated as:

X X Lj a1
Su = A (phx); )

j2F x2

which quanti es the sum of attention froptt across cross-frames at timestegnd layed, over all
spatial locationx 2 and all cross-frame indicg® F , whereF = [2; 1+f] . The attention score
is the average of these summation values across all visible points in the ground truth and all videos.

Three metrics must be considered together (as detailed in Sec. 3.4), as none alone is suf cient to
ensure temporal matching. For instance, even with high matching accuracy across frames, it may not
in uence the generation process when attention scores from others (e.g., self-frame or text-frame) are
higher. In another case, high con dence indicates the certainty of the matching score but does not
ensure the correctness of the match. We thus compute the harmonic mean of the normalized matching
accuracy, con dence score, and attention score to identify instances where all three metrics are high.



Figure 4: Analysis of temporal matching in CogVideoX-2B§4]. (a) Query-key matching outperforms
intermediate feature matching, highlighting the effectiveness of cross-frame interactions in 3D attention. (b) The
harmonic mean of query-key matching shows that temporal matching is primarily driven by a few speci c layers.
(c) Temporal matching improves progressively during the denoising but slightly degrades near the nal steps.

3.4 Analysis

With DiffTrack, we systematically analyze CogVideoX-284] in the context of temporal correspon-
dence. For all analyses, we use full 3D attention in the model, which consists of 30 layers with 50
denoising timesteps.

Our analysis considers the following three perspectives. Representation selection compares intermedi-
ate features and query-key representations. Layer-wise analysis explores how well temporal matching
is encoded at different depths within the attention blocks. Noise-level analysis examines how temporal
relationships evolve throughout the denoising process. Further in-depth analysis is provided in Sec. E.
Additional analyses of CogVideoX-5B4l], HunyuanVideo 49 and CogVideoX-5B-12V 84] are
provided in Sec. B.

Representation Selection. Fig. 4(a) compares the accuracy of intermediate feature matching, where
features are extracted after each attention layer, and query-key matching, where queries and keys
are obtained within each attention layer. Our results indicate that query-key matching consistently
outperforms intermediate feature matching. This nding aligns with prior wog%7], in which
guery-key matching captures geometric relationships for correspondence, while values contain visual
appearance, potentially diluting geometric cues for accurate matching.

Layer-wise Analysis. Fig. 4(b) presents the harmonic mean of query-key matching across all
timesteps and layers to identify which feature descriptors at which layer and timestep play a predomi-
nant role in temporal matching. We observe that the2@geores (red) originate from the same layer,
indicating that a speci c layer predominantly governs temporal correspondence. This behavior is
further observed in the top-50 scores (green): a limited set of layers drives temporal matching.

Noise-level Analysis. Fig. 4(c) presents the har-

monic mean of query-key matching across timesteps

in the selected layers from Fig. 4(b), which are iden-

ti ed as leading layers for temporal matching. Tem-

poral matching improves during the denoising pro-

cess but slightly degrades toward the end. This is
because earlier timesteps (1) contain noisier latents,
which hinder precise temporal matching, and (2) rely
heavily on text embeddings and self-frame attention

to establish the overall video semantics and layoy e 5: Evolution of attention scores across
Toward the nal timesteps, (3) self- and text-frame afmesteps.



Figure 7: Impact of persistent text-frame

Figure 6: Analysis of positional bias in temporal matching. - .
attention on attention score.

tention slightly increase again to re ne the remaining
appearance details, once the motion in the synthesized video has been established.

This observation is supported by Fig. 5, which shows the attention scores for text-frame, self-frame,
and cross-frame attention along timesteps. After the early denoising steps, text-frame and self-frame
attention remain low, reducing the in uence of textual guidance. Meanwhile, cross-frame attention
remains the most in uential, enhancing cross-frame coherence, with a slight drop near the end of the
timesteps.

Additional Analysis on Metrics. We further emphasize the importance of jointly considering
three metrics, matching accuracy, con dence score, and attention score. Fig. 6(a) present2the top-
timesteps and layers where the con dence score is high, but matching accuracy is low. We nd that
speci c layers exhibit this discrepancy as they are overwhelmed by positional information induced
by positional embeddings at each timestep. In Fig. 6(c), PCA visualization of queries and keys
in these layers reveals a dominance of positional cues, while Fig. 6(b) shows that in these layers,
matching cost visualizations indicate that points in the rst frame tend to match exactly with their
initial locations in other frames. This suggests that these points are not correctly matched to their
actual counterparts but instead strongly attend to the same spatial location across frames, re ecting
the impact of positional bias.

Additionally, Fig. 7(a) presents the t&8 timesteps and layers where matching accuracy and
con dence scores are high, but attention scores are low. We observe that this property is exhibited in
certain layers. As shown in Fig. 5, this occurs because text-frame attention remains highly active
in these layers, maintaining a value around 0.5, unlike in other layers where text-frame attention
drops below 0.2 (cf. Fig. 5). This reduces the attention scores, which in turn limits the in uence of
cross-frame interactions during the generation process.

4 DiffTrack for Zero-Shot Point Tracking

DiffTrack enables the joint extraction of motion trajectories and video generation, selecting the
optimal layer and timestep based on matching accuracy. We demonstrate this in zero-shot point
tracking B] on real videos, without training specialized architectured] pr ne-tuning video

diffusion models 41]. To achieve this, we use the inverted noise of real videos obtained through
DDIM inversion [71] at the selected timestep and extract features from the chosen layer. Notably, the
inversion error is negligible, as we use the nal timestepl based on our analysis of matching
accuracy in Fig. 4(a). However, this still faces challenges such as temporal context loss from 3D VAE
compression and handling of long-term video sequences. We address these challenges below. The
overall architecture and its details are provided in Sec. C.

Temporal Compression in 3D VAE. As discussed in Sec. 2.1, the 3D VAE temporally compresses
video frames into a single-frame latent with a compression tatihile linear interpolation can
recover motion trajectories from the latent to the RGB video space, it often fails to capture per-frame
motion details, limiting accuracy. To mitigate this, we getl to establish a direct one-to-one
mapping between each video frame and its latent, thereby avoiding temporal compression and
enabling precise tracking. In Sec. E, we demonstrate that the one-to-one mapped latents can still
reconstruct the original videos using the 3D VAE decoder.

Long-term Video Sequences. The xed temporal resolution of pre-trained video models (e.g. 49
frames in CogVideoX-2Bg4]) limits their ability to model long-term contexts. Naively splitting



Figure 8: Qualitative comparison. CogVideoX-2Bd4] combined with DiffTrack produces smoother and more
accurate trajectories than DINOVE( and VFS B3], which struggle with temporal dynamics and often yield
inconsistent tracks.

Backbone < 0 <1 < K2Inegc53 < 4 < Xo | < 0 < 1 < IZDAVI<S 3 < 4 < Ly

DINO (ViT-B/16) [10] 2.8 109 339 582 7438 36.1 2.9 10.7 343 598 77.0 37.3
DINOv2-Reg (ViT-B/14) [18] 2.8 10.8 32.8 60.6 78.7 37.1 3.0 11.7 365 675 84.1 40.6
DINOV2 (ViT-B/14) [60] 3.0 114 346 63.0 _80.3 384 3.1 12.1 38.7 70.7 85.8 42.1
DIFT (SD1.5) [75] 3.7 146 446 690 775 419 35 130 393 631 722 382
DIFT (SD2.1) [75] 3.7 149 454 709 79.6 429 36 133 401 658 757 397
SMTC (ViT-S/16) [65] 41 155 342 544 721 361 26 121 294 525 73.0 339
CRW (ResNet-18) [40] 52 194 427 629 743 409 31 139 347 571 705 359
Spa-then-Temp (ResNet-50) [52] 5.3 194 416 589 69.7 39.0 3.2 138 33.1 534 675 34.2
VFS (ResNet-50) [83] 54 20.1 446 654 76.6 42.4 35 152 372 608 752 384
SVD [6] 4.3 16.0 379 56.3 69.8 36.6 3.6 146 341 557 714 35.9
ZeroCo (CroCo) [3] 145 229 359 604 797 42.6 4.6 8.8 195 449 656 28.7
DiffTrack (HunyuanVideo [49]) 5.9 22.0 49.1 704 _80.3 455 4.4 18.2 448 701 8238 44.1
DiffTrack (CogVideoX-2B [84]) | 6.2 23.3 51.2 71.2 799 46.3 | 48 194 49.2 73.6 843 46.3

DiffTrack (CogVideoX-5B [84]) 6.8 259 554 749 827 49.21 5.2 205 50.7 739 _84.3 46.9

Table 1: Quantitative comparison on the TAP-Vid datasets19]. Video DiTs [49, 84] combined with
DiffTrack outperform all vision foundation models trained on single images and self-supervised models trained
on two-view images or videos for zero-shot tracking.

and processing video chunks separately disrupts direct temporal correspondence with the global rst
frame. To address this, we construct each chunk to include the global rst frame, maintaining a direct
temporal connection while interleaving subsequent frames to minimize large motion changes.

4.1 Experimental Settings

Implementation details and ablation studies are provided in Sec. C.2 and Sec. F.1. We evaluate
zero-shot tracking on two real-video datasets with precisely annotated tracks: TAP-Vid-DEYIS [

and TAP-Vid-Kinetics 19], following [46]. We measure the position accuracy of estimated tracks

as the percentage of predicted points within thresholds from visible ground-truth points. We adopt
ve threshold levels 16, 19, 44, 46): ©; 1; 2: 3. 4 corresponding to pixel distances of 1, 2, 4, 8,

and 16, respectively, and report the average accuracy across all threshgjds &farting points are
sampled from the rst frame as in [5].



Figure 10: Qualitative comparison with baseline§4] and CAG. CAG enhances temporal matching and
corrects motion inconsistencies in the synthesized videos.

4.2 Experimental Results

We compare our method with existing vision foundation models trained on single imHy4as[

60, 68, 75] and self-supervised models trained on two-view ima@gsi videos B, 40, 52, 65, 83].

As shown in Tab. 1, our approach achieves superior performance on both the Kinetics and DAVIS
datasets, ultimately obtaining the highest average accuragy,inThe results highlight our in-depth
analysis of temporal matching within the full 3D attention mechanism of video DiTs.

Fig. 8 shows predicted motion trajectories on the DAVIS dataset, alongside qualitative comparisons
between our method and prior approachés; 83]. Unlike previous methods, which struggle with
temporal dynamics and often yield inconsistent tracks, DiffTrack on CogVideoX8ZBfoduces
smoother and more accurate trajectories. Additional qualitative and quantitative results are provided
in Sec. G and Sec. H.

5 DiffTrack for Motion-Enhanced Video Generation

We extend our ndings to generate motion-
enhanced videos by improving temporal corre-
spondence within full 3D attention. As illus-
trated in Fig. 9, we propose Cross-Attention
Guidance (CAG), a novel diffusion guidance
technique applied at speci ¢ layers identi ed
in Fig. 4(b), steering video generation to-
ward motion-enhanced samples. Unlike prior
works [11, 41] that require large-scale video-
trajectory training pairs, CAG requires no addi-
tional training, external conditions, or auxiliary
modules, and operates entirely within the exist-
ing diffusion framework.

Inspired by PAG 2], CAG simulates degraded
motion by zeroing out selected cross-frame at-
tention maps (e.d.= 13;17; 21 in CogVideoX-2B, based on the harmonic mean in Fig. 4(b)), then
guides the diffusion model away from these degraded samples, promoting temporally coherent video
generation. This can be formulated as:

Figure 9: Overall architecture of CAG.

= (Zvideo;t s Ztext ;t) = (Zvideo;t s Ztext ;t)+S ( (Zvideo;t s Ziext ;t) n (Zvideo;t s Ztext ;t)); (10)

where () is the standard noise prediction at timestegonditioned on the text: () denotes the
noise prediction from a perturbed forward pass, where cross-frame attentiomdﬁapsselected

layers are zeroed out to simulate motion degradation, prodn&imgs is the guidance scale, and the
nal guided prediction~ () steers the model to denoise away from motion-degraded samples.
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