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ABSTRACT

This paper presents a software implementation for generating short video sequences on a central processing unit. A unified
interface is developed for training a compact pixel-space diffusion model and applying pretrained Stable Video Diffusion and
CogVideoX models. The educational model uses three-dimensional convolutions, diffusion-timestep conditioning, and noise-
prediction error minimization. Stochastic denoising diffusion probabilistic model and deterministic denoising diffusion implicit
model sampling are implemented. The mathematical formulation, network architecture, execution parameters, export procedures, and
diagnostic evaluation are described. The architecture of the software pipeline for generating video sequences on a CPU is presented.
The system includes three alternative branches: training and application of a compact diffusion model, image-to-video generation,
and text-to-video generation. All branches share export, evaluation, and computational resource monitoring procedures. The
dependence of the parameter count on network width is derived analytically, and the number of denoiser calls is compared across
sampling schemes. A protocol is proposed for assessing the trade-off between computational cost and video properties. Results are
reported for a smoke test of the compact model comprising two training iterations and the generation of four 8x8-pixel frames. The
test confirms that the pipeline executes successfully but does not demonstrate the learning of coherent dynamics or an advantage over
other models.This work occupies an engineering and methodological niche: it combines training a small pixel-space Denoising
Diffusion Probabilistic Model with pretrained Stable Video Diffusion and CogVideoX models while saving outputs and resource
reports. Its contribution is a transparent implementation and a reproducible research protocol; superiority over large models requires
separate experimental verification.
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temporal consistency; software pipeline
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1. Introduction. Video generation requires reproducing both the visual structure of individual
frames and changes in the scene over time. Independent frame synthesis can cause flickering,
changes in object appearance, and motion discontinuities. Diffusion generates a sample by
progressively removing noise; processing a video tensor allows the model to account for
relationships between neighboring frames [1], [5].

The main practical difficulty is the computational cost of repeatedly applying a neural network
and the increase in memory requirements with video duration and resolution. Compact CPU
implementation is useful for educational and local research tasks because it enables investigation of
the diffusion mechanism and recording of measurable execution characteristics.

The objective is to develop and formalize a software pipeline for training and applying
diffusion models for video sequence generation on a CPU. We consider three tasks: unconditional
synthesis using synthetic data, image-to-video generation, and text-to-video generation. The
contribution is engineering and methodological: a compact video denoiser, unified output reports,
and a protocol for separately evaluating quality and resource usage. No new class of diffusion
models or superiority over existing systems is claimed.

The main contributions of the paper are as follows:

— development of a compact video diffusion model for Central Processing Unit (CPU)
execution. A three-dimensional convolutional denoiser, conditioned on the diffusion timestep,
jointly processes a video clip's spatial and temporal dimensions. Noise-prediction training and
generation using Denoising Diffusion Probabilistic Model (DDPM) and Denoising Diffusion
Implicit Model (DDIM) are supported;
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— creation of a unified software pipeline for three video generation modes. The pipeline
combines unconditional synthesis using the compact model, image-to-video generation using Stable
Video Diffusion XT, and text-to-video generation using CogVideoX-2b. We implement common
procedures for video export and saving execution parameters;

— development of diagnostic and resource evaluation procedures. We calculate frame-level and
temporal indicators and record execution time and memory consumption. Separate evaluation of
original frames and decoded MPEG-4 Part 14 (a multimedia container for storing video and audio)
(MP4) video accounts for the effects of video compression on measurements;

— experimental verification of functionality and identification of implementation limitations. A
smoke test of a model with 16,867 parameters confirmed training, DDIM generation, export, and
report creation. Analysis of the resulting clip (Contrastive Language-Image Pre-training) showed
that two training iterations do not establish temporal consistency and motivated full training and
independent validation.

2. Related work. In DDPM, generation is formulated as a learned reversal of a Gaussian noise
addition process [1]. In this implementation, noise is predicted for the entire video tensor. Improved
DDPM investigates changes to the noise schedule, variance learning, and other ways to improve
diffusion synthesis [3]. Of these techniques, the educational branch supports linear or cosine
schedules; it does not implement variance learning.

DDIM allows a shorter sampling sequence without changing the basic denoiser training
procedure [2]. Diffusion Probabilistic Model Solver (DPM-Solver) offers another approach: it treats
sampling as solving a diffusion ordinary differential equation using a specialized high-order method
[18]. These studies show that generation cost depends on both the network and the numerical
method. The software implements DDPM and deterministic DDIM; DPM-Solver is a possible
future extension. Reductions in network calls must be assessed together with quality and actual
CPU execution time.

Video Diffusion Models extend diffusion to video through spatiotemporal feature processing
[5]. This processing captures inter-frame relationships within a single generation process. The
compact Three-dimensional Convolution (Conv3d) network in this work also processes the video
tensor jointly, but its local convolutions and shallow depth substantially limit the modelling of
complex scenes and long-range dependencies.

Imagen Video uses a cascade of a base video model and spatial and temporal super-resolution
modules, together with progressive distillation [9]. Make-A-Video combines learning from text—
image pairs with motion learning from videos without text annotations, supplementing generation
with temporal and spatial modules [10]. The absence of text—video pairs in the latter approach does
not mean the absence of video data. These systems demonstrate the role of dedicated motion and
scaling mechanisms; the educational DDPM has neither cascades nor knowledge transfer from a
text-to-image model.

VideoFusion changes the noise itself: frame noise is decomposed into a base component shared
across the clip and a residual component that varies over time, with two jointly trained denoisers
corresponding to these components [21]. This explicitly accounts for content redundancy between
frames. In the educational DDPM, noise elements are independent, and the network learns temporal
dependencies alone. Comparing these schemes requires a separate ablation study with identical data
and computational budgets.

Latent Diffusion Models move iterative denoising into an autoencoder space, reducing the
dimensionality of the processed data [4]. Align your Latents extends this principle to video: a
pretrained image model is augmented with temporal layers, and super-resolution is coordinated
across frames [11]. Computational savings in latent space should be evaluated together with
encoding and decoding costs.

AnimateDiff introduces a trainable motion module that can be attached to compatible
personalized image models [12]. Stable Video Diffusion investigates scaling latent video diffusion
and preparing training data [6]. VideoCrafter2 studies how high-quality images can overcome
limitations in video data quality [13]. Together, these works emphasize visual knowledge transfer,
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motion learning, and corpus quality. The pipeline uses pretrained Stable Video Diffusion XT (SVD
XT) without reproducing its training; the educational branch is trained on synthetic squares and
does not establish transfer to real scenes.

VideoCrafterl provides separate text-to-video and image-to-video models [22], while
VideoCrafter2 continues investigating training data quality [13]. LaVie combines a base latent
generator, temporal interpolation, and super-resolution using joint training on images and videos
[23]. Show-1 builds a hybrid cascade: a pixel-space model generates low-resolution video, followed
by a latent model for super-resolution [24]. These approaches show that pixel or latent
representations may differ between stages of one system. In the developed pipeline, the DDPM and
pretrained latent-model branches run separately and do not form such a cascade.

Diffusion Transformers investigates transformer processing of latent patches and diffusion
architecture scaling [7]. CogVideoX uses a specialized transformer for text-to-video generation [8];
the developed system supports CogVideoX-2b inference. This approach differs from the compact
convolutional denoiser in data representation, scale, and conditioning.

Open-Sora 2.0 treats training efficiency as the result of jointly organizing data, architecture,
training strategy, and system optimizations [14]. Wan describes large-scale video generation using a
diffusion transformer, a video autoencoder, and data preparation [15]. These technical reports
broaden the scaling context, but their resource characteristics do not directly transfer to a CPU
implementation. Running pretrained weights and fully training them are different computational
tasks.

Latte extracts spatiotemporal tokens and compares transformer processing variants that
factorize spatial and temporal dimensions [25]. HunyuanVideo treats generation as a combination
of data, architecture, progressive scaling, and training infrastructure [26]. These studies motivate
separate analyses of denoiser complexity, clip length, and resolution. Adding attention to the
compact network will require measuring memory and execution time rather than merely counting
parameters.

Tune-A-Video adapts a pretrained image model using a single text-video pair, employing
spatiotemporal attention and DDIM inversion to guide sampling structurally [19]. Text2Video-Zero
uses an image model without additional video generation training, introducing motion into latent
codes and cross-frame attention to the first frame [20]. Training savings therefore come from
limited adaptation or changes to the generation procedure. Both approaches rely on a previously
trained image model and differ from training a compact DDPM from scratch.

Dreamix investigates text-guided editing of an input video's appearance and motion after
adapting the model to that video [27]. VideoComposer combines textual, spatial, and temporal
conditions, with motion vectors providing an explicit control signal [28]. These works identify
controllability as a distinct characteristic of generation. The current system supports text and image
conditions in pretrained models but does not support input-clip editing, specified trajectories, or a
unified encoder for multiple conditions.

Fréchet Video Distance (FVD) compares real and generated video distributions in a video-
network feature space [16]. This approach accounts for clip properties and does not require frame-
by-frame correspondence for each pair, but it depends on the samples and feature extraction
procedure. VBench divides evaluation into 16 aspects, including identity preservation, motion
smoothness, and flickering [17]. Thus, a single inter-frame similarity indicator cannot capture
overall video-generation quality.

The current pipeline computes accessible diagnostic characteristics of frames and inter-frame
changes; FVD and VBench are not implemented. Low inter-frame error may correspond to a static
video, while apparent detail may result from noise. The review motivates these indicators with
motion checks, condition adherence, and perceptual evaluation.

The reviewed studies cover probabilistic formulation, accelerated sampling, temporal
architecture, knowledge transfer, and evaluation. This work occupies an engineering and
methodological niche: it combines training a small pixel-space DDPM with pretrained SVD and
CogVideoX models while saving outputs and resource reports. Its contribution is a transparent
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implementation and a reproducible research protocol; superiority over large models requires
separate experimental verification.

3. Problem Formulation. Let X=(l4,...,I F) denote a video clip containing F RGB frames,
each of size HxW. The clip is represented as a tensor XeR"3xFxHxW); a batch has shape
[B,3,F,H,W]. The index f denotes a frame, whereas t denotes a diffusion timestep. These temporal
indices are distinct.

The task is to construct a distribution p6(X|c), where c is absent for the educational DDPM, is
an image for SVD, or is text for CogVideoX. Evaluation criteria include frame properties, temporal
dynamics, and computational cost. Quality metrics and resource indicators are considered
separately.

4. Mathematical Diffusion Model. Define timesteps t=1,...,T, variances [; €(0,1),
coefficients oy =1—f; , and & =[]i=1'o;. The forward process for a clean video tensor X, is defined

by Gaussian transitions [1]:
(% %) =N (Jax.AT). (1)

A noisy sample can be obtained directly without computing all preceding transitions:

X =\&@X, +1-ae, e~N (0,1). 2)

The identity matrix | acts in the space of all video-tensor elements. One timestep t is selected
for each clip in the batch, and noise values are generated for all its pixels. The code uses indexing
0,..., T—1, equivalent to the notation adopted here after shifting the index.

The denoiser €6 estimates noise from x, and t. Training minimizes the mean error over tensor
elements:

2
e (1)

Xo.t,&e d !

L(0)=E s =3FHW . 3)

The expectation in (3) is taken over clean clips, a random timestep, and Gaussian noise. At
each iteration, it is estimated using the current batch. Low training MSE alone does not establish
realism, diversity, or correct generated dynamics.

The cosine schedule is constructed using a normalized function g(u), where u€[0,1] and
s=0.008 [3]:

_cos?[ z(u+s)/(2(1+s))]
9(u)= cosz[ns/(2(1+s))] ' @)

The software computes B. =clip(1—g(t/T)/g((t—1)/T),107°,0.999) and then recomputes & as a
product of coefficients. After clipping B: , the product may differ from the original analytical curve
g. The linear option uses B values from 107* to 0.02.

At a reverse step, the noise estimate is used to form a clipped estimate of the clean clip:

%, = clip X‘_"l_\/@%(x"t),—l,l . (5)
at

For DDIM with n=0 and the next selected timestep j<t, a corrected noise direction is used [2]:
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After the final step, the result equals xo. The correction in (6) accounts for clipping in (5).
DDPM uses a transition with a posterior mean and variance (. =B (1—a& -1)/(1—& ); no
additional noise is added at the final transition. These equations describe the educational branch
specifically, rather than the internal schedules of pretrained SVD and CogVideoX.

5. Architecture and Software Implementation. The educational denoiser contains an input
Conv3d layer 3->c, a residual block with two Conv3d layers c=>c, and an output Conv3d layer
c—>3. All kernels are 3x3x3, with stride 1 and padding=1. Group Normalization uses four groups;
the width ¢ must be divisible by four. Sigmoid Linear Unit is the nonlinearity. This is a compact
network without a multilevel U-Net or attention mechanism.

The timestep t is normalized by T and fed into an MLP with dimensions 1—c—-c. The resulting
vector is added to the input convolution features after broadcasting over the spatial and frame axes.
The residual connection preserves input-feature information. Temporal convolutions link
neighboring frames but impose no explicit constraint on the physical correctness of motion.

The synthetic generator creates one colored square against a background. Initial positions and
velocities are random; velocity components are selected from {—2, —1,1,2}. The trajectory includes
reflections at the boundaries. Color remains constant within each clip, and frame values are
normalized to [—1,1]. The square side length is max(2,|H/6]) for the square frames used. Data are
regenerated at every iteration, so the iteration count should not be interpreted as an epoch count
over a fixed dataset.

Table 1. Default configurations

Characteristic Educational DDPM SVD XT CogVideoX-2b
Condition None Image Text
Training in the code Yes No. No.
Frames and dimensions 8; 24x24 25; 1024x576 17; 720x480
Generation steps DDIM 20/ DDPM 100 15 20
Export FPS 8 7 8
Representation Pixels Latents Latents

Source: compiled by the authors

By default, DDPM training runs for 2,000 iterations with batch=4, c=16, T=100, and a learning
rate of 2x10~*. AdamW is used, with the gradient norm clipped to 1. The software saves execution
parameters, weights, and loss history in a checkpoint and reports. When loading an older checkpoint
without width or schedule information, the software uses c=32 and a linear schedule.

Pretrained models run on the CPU in float32. The SVD input image is converted to RGB and
resized to fit, with cropping if necessary. CogVideoX uses guidance=6 and checks that the frame
count is 4k+1 and no greater than 49. The — revision and — local-only options fix the weight revision
and enable local files. Exact library versions and weights should be retained to reproduce the
experiment.

6. Video Data Processing Pipeline. The pipeline combines configuration, separate generation
branches, export, and diagnostic evaluation. DDPM training is linked to sampling through a saved
checkpoint; the two commands run separately. Application of SVD and CogVideoX does not
depend on training the compact denoiser.
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Fig. 1 presents the architecture of the software pipeline for generating video sequences on a
CPU. The system includes three alternative branches: training and application of a compact
diffusion model, image-to-video generation, and text-to-video generation. All branches share
export, evaluation, and computational resource monitoring procedures.

Execution configuration. The top block specifies the command and execution parameters:
PyTorch on the CPU, random seed=42, and four computational threads. The ResourceMonitor
module records execution time and sampled peak resident set size (RSS). These data allow resource
costs to be assessed for the selected mode.

Branch A — compact DDPM training and generation. Training data are generated synthetically
as RGB video clips containing moving squares. The figure shows default settings: eight 24x24-
pixel frames and a batch of four clips. Gaussian noise is added to the original video tensor:

xB = Valbx, + V(1 — dl)e, & ~ N(0,I).

Here, X, is the original clip, X, is its noisy version, and & determines the fraction of retained
signal at diffusion timestep t. The three-dimensional convolutional network receives a video tensor
of shape [B,3,F,H,W] and the timestep, then predicts the added noise. B, F, H, and W denote batch
size, frame count, height, and width; 3 denotes the number of color channels. AdamW updates the
network parameters by minimizing the mean squared noise-prediction error. Model weights, loss
history, and a training report are saved.

1. Run configuration
CLL: command and parameters « PyTorch: CPU, seed=42, threads=4 « ResourceMonitor: timing and peak RSS
A. DDPM training | train-ddpm B. Image - video | latent C. Text - video | dit
moving_squares(); synthetic RGB videos Input: image (--image) Input: prompt and negative prompt
Defaults: 8 frames, 24 x 24, batch=4 Convert to RGB and fit to 1024 x 576 Pretrained CogVideoX-2b
Noise € ~ N(0,I); random timestep t Pretrained Stable Video Diffusion XT Parameters: guidance, frame count
Noise prediction and optimization SVD latent diffusion DiT diffusion transformer
x¢ = @ Xo + V1 — @e Image-conditioned generation Text-conditioned generation
3D CNN: input [B, 3, F, H, W] + timestep t Iterative denoising in latent space CogVideoXPipeline: denoise and decode
MSE(eg(x¢, 1), €) = AdamW Defaults: 15 steps, 25 frames Defaults: 20 steps, 17 frames
100 diffusion steps; cosine schedule Decode latents into RGB frames Resolution: 720 x 480; guidance=6
Save .pt, .loss.csvy, .training.json Call StableVideoDiffusionPipeline Frame count: 4k + 1, at most 49
)
DDPM sampling | sample-ddpm
Load .pt; initialize video x ~ N(0,I)
DDIM: 20 steps by default, n=0
Or DDPM: all checkpoint diffusion steps
Output: RGB frames in [0,1]

‘ A A 4

2. Shared export and evaluation | save_video()

RGB — uint8 — MP4 (FFmpeg / H.264) + JSON with parameters, FPS, duration and timing

Raw-frame metrics: luminance, contrast, sharpness, entropy, adjacent MAE / SSIM, temporal second differences
Reports: *_metrics.json, *_metrics.csv, *_metrics_frames.csv; resources: *.performance.json

v

3. Optional evaluation of the saved MP4 | evaluate

Read decoded frames; save evaluation.json + CSV reports with summary and per-frame metrics
Optional reference (--reference): matching FPS, frame count and dimensions, with aligned content
With a reference: MSE, PSNR and SSIM; SSIM requires scikit-image

Note: metrics are diagnostic proxies, not a universal quality score; FVD, LPIPS and CLIP are not computed.
SVD and CogVideoX use pretrained weights. This script trains only the educational DDPM model.

Fig. 1. Architecture of the CPU video generation software pipeline
Source: compiled by the authors

Generation runs as a separate command after the saved weights are loaded. An initial random
video tensor is progressively denoised. Available sampling options are DDIM with 20 steps by
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default and n=0, or DDPM using all diffusion timesteps specified in the checkpoint. The output
comprises RGB frames with values in [0,1]. Branch B — image-to-video generation. The input
image is converted to RGB and fitted to 1024x576 pixels. Pretrained Stable Video Diffusion XT
uses the image as a condition for iterative denoising in latent space. The resulting latents are
decoded into RGB frames. The diagram specifies 15 generation steps and 25 output frames. This
branch applies a pretrained model without training it within the pipeline.

Branch C — text-to-video generation. CogVideoX-2b receives a text prompt and, optionally, a
negative prompt. The diffusion transformer produces a video representation that is then decoded
into frames. Default parameters are 20 steps, 17 frames, a resolution of 720x480 pixels, and a
guidance scale of 6. The frame count must satisfy F=4k+1 and must not exceed 49.

Common export and initial evaluation. Outputs from each branch are passed to save_video().
Frames are converted to uint8 and saved as MP4 using the H.264 codec. The code also creates
JSON and CSV reports with execution parameters, duration, frame rate, execution time, and
diagnostic indicators. The code computes brightness, contrast, sharpness, entropy, inter-frame MAE
and SSIM, and second temporal difference indicators for the original frames before video
compression.

Additional evaluation of the saved video. The bottom block reads frames from the MP4 again,
enabling analysis after compression and decoding. MSE, PSNR, and SSIM can be computed when a
semantically aligned reference video is available; comparison requires matching frame rates, frame
counts, dimensions, and temporal correspondence.

Common export saves an H.264 MP4 and a JSON file with parameters. Metrics for original
frames before compression are stored separately from the results of the evaluate command, which
reads the decoded MP4. This separation accounts for how video compression affects numerical
indicators.

Overall interpretation of the diagram. The figure shows a unified interface for three video
generation approaches with common output files and diagnostic procedures. Only the compact
DDPM is trained; SVD and CogVideoX use pretrained weights. The reported metrics help identify
frame changes and artefacts but are not a universal quality assessment: static video can have low
inter-frame error, and noise can have high sharpness and entropy. FVD, LPIPS (Learned Perceptual
Image Patch Similarity), and CLIP are not computed in this pipeline.

7. Quality and Resource Evaluation Methodology. For frames Y, e[O,l We calculate

mean luminance, luminance standard deviation, Laplacian variance, and luminance-distribution
entropy. Luminance is a weighted RGB sum with coefficients 0.2126, 0.7152, and 0.0722. Entropy
uses 256 bins. High sharpness or entropy may result from noise, so we treat these quantities as
diagnostic features.

For d, =Y, -Y,,, f=2K,F,themean inter-frame change is defined as:

ac L S ldd

]3><H xW

8
F —12 3HW ®)
Changes in inter-frame dynamics are assessed using the second difference:
F |d, —d
J 1 H f f*1H1 (9)

TF-_24 3HW

The indicator A requires F>2, and J requires F>3. Small values may occur with smooth motion
or no motion at all. Large values may indicate artefacts or an abrupt real change in the scene.
Therefore, neither A nor J should be minimized without checking content. The script also saves
inter-frame SSIM, temporal pixel variance, and the fraction of transitions with MAE<1/255.

When an aligned reference R is available, the error over all frames and pixels is used:
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Y —R|’
MSE,, = % PSNR =-10log (MSE,,; ) (10)

ref

The PSNR formula in (10) assumes a maximum signal value of 1. When MSE is zero, the
result is infinite and is saved as the string Infinity. We check frame count and dimensions, and FPS
when reading MP4; we also perform semantic alignment with the reference beforehand. For
unconditional synthesis, comparison with an arbitrary clip is not a valid quality evaluation.

Resource evaluation includes loading, inference, export, and metric computation times,
together with total process duration and sampled peak RSS. Export FPS describes video playback.
Different quantities are used to assess computational performance:

F Tgen

Vg =—, RTF=—1%"_
r F /FPS

(11)

Here, 74, duration. In the current DDPM code, generation_seconds includes checkpoint
loading and preparation, whereas inference_seconds for pretrained models measures a separate
inference stage. Measurement boundaries must be aligned before direct comparison. psutil and
scikit-image are optional dependencies; missing data should be explicitly recorded.

8. Results. Results were obtained from smoke.training.json, smoke.loss.csv, smoke.json,
smoke.performance.json, smoke_metrics.json, and two CSV metric reports. Checkpoint metadata
and smoke.mp4 decoding were also checked. One CPU smoke test of the educational branch was
examined; no SVD or CogVideoX results are included in the supplied files. The test configuration
differs from the defaults in Table 1.

Table 2. Training configuration and results

Indicator Value
Network width; trainable parameters c=16; 16,867
Frames and resolution 4; 8x8 pixels

Schedule; sampling

cosine; DDIM, 10 denoiser calls

Seed; generation threads

42: 4

Training iterations

2

Training time; iterations per second

1.192528 s; 1.677110

Noise MSE at iterations 1 and 2

1.047072; 1.163834

Mean MSE over two iterations

1.105453

Source: compiled by the authors

The parameter count corresponds to P(16)=55-16%+174-16+3=16,867. MSE increased by
0.116763, or 11.15 % relative to the first iteration. Two values do not establish a convergence trend
because the training batch, diffusion timestep, and noise change. The final_100_mean_noise_mse
field actually averages the two available iterations rather than 100 observations.

The sum of generation, export, and metric computation times is 0.403480 s; the difference from
total time is 0.028324 s. Metric computation accounts for approximately 60.09 % of total time,
export for 29.50 %, and generation for 3.85 %. In the educational branch, generation_seconds
includes checkpoint loading and preparation and is not the denoiser-only time. CPU time may
exceed wall-clock time under multithreaded execution.
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Table 3. Measured generation resources

Indicator Value

Generation; export; metric computation 0.016628; 0.127372; 0.259480 s
Total process time 0.431804 s

Process CPU time 1.000000 s

Sampled peak RSS; polling interval 216.484375 MB; 0.1 s
Playback FPS; duration 8 frames/s; 0.5 s

F / generation_seconds; RTF 240.559541 frames/s; 0.033256

Source: compiled by the authors

The reports describe original frames before MP4 compression. We computed mean inter-frame
indicators over three transitions and second-difference indicators over two frame triplets. These are
descriptive characteristics of one clip, not estimates of the generator's quality distribution.

Table 4. Diagnostic clip characteristics

Indicator Value

Mean luminance; contrast 0.482328; 0.364846
Laplacian variance 2.382919
Luminance entropy 3.365255 bits

Mean inter-frame MAE 0.505269

Mean second-difference MAE 1.030731

Mean inter-frame SSIM —0.046246

Mean temporal pixel variance 0.179113
Fraction of nearly identical transitions 0.000000 at MAE threshold 1/255

Source: compiled by the authors

Table 5. Indicators for individual transitions

Transition MAE SSIM Second difference
0—-1 0.440158 0.115037 Undefined
1-2 0.560842 —0.154808 0.997549
2—3 0.514805 —0.098965 1.063914

Source: compiled by the authors

A mean MAE of approximately 0.505 for RGB values in [0,1] indicates large changes between
neighboring frames. The mean SSIM is negative, and two of the three transitions are negative. The
second difference indicates substantial changes in inter-frame increments. These characteristics are
consistent with weak temporal consistency but do not measure the physical correctness of motion.

Visual inspection reveals changing color structures without a clearly persistent object or
coherent trajectory. We obtained the image from the decoded MP4; values in Table 4 and Table 5
come from original-frame reports. The MP4 contains H.264 video with four 8x8 frames, a frame
rate of 8 frames/s, and a duration of 0.5 s; its file size is 2,030 bytes. Decoding completed
successfully.
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Fig. 2. Four decoded frames from smoke.mp4, shown from left to right and
enlarged for viewing
Source: compiled by the authors

9. Discussion. The main smoke-test result confirms the sequence of training, checkpoint
saving, DDIM sampling, export, and diagnostic report creation. Two parameter updates are
insufficient to conclude that the synthetic video-data distribution was learned. The increase in
training MSE does not prove generator degradation; it may reflect differences between two random
training examples. However, the supplied data also provide no evidence of established convergence.

Inter-frame MAE and SSIM, together with the appearance of the decoded frames, indicate
weak temporal consistency in this clip. High Laplacian variance and entropy should not be
interpreted as great detail: irregular color changes also increase these indicators. The absence of
nearly identical transitions confirms frame changes but not meaningful motion. The second-
difference indicator is not bounded by 1, even for normalized frames, so 1.030731 is not a range
error.

The values of 240.56 frames/s and RTF=0.03326 refer to generation_seconds and the extremely
small 8x8 resolution. They do not reflect realistic video-generation speed. For the entire measured
process, the time-to-video-duration ratio is 0.431804/0.5=0.863608; this was also obtained in a
single run. The dominance of export and evaluation shows that overhead operations exceed
sampling costs for such a small tensor. RSS sampling at 0.1-s intervals may miss brief peaks.
Missing processor details and environment versions limit reproducibility of the resource results.

One seed, one clip, three transitions, and two training iterations do not support justified quality
confidence intervals, statistical significance tests, or comparison of DDIM with DDPM. The
supplied files contain no independent validation, reference trajectories, FVD, perceptual evaluation,
or expert assessment. This conclusion is consistent with the need for multidimensional video
evaluation discussed in [16], [17]. SVD and CogVideoX results require separate experimental
series.

The next stage should include full training, error recording on an independent dataset, and
repeated generation using a fixed set of seeds. Comparisons of step counts should use one
checkpoint and identical conditions; architectural comparisons should use aligned training budgets.
For synthetic squares, preservation of object color and shape, velocity, and boundary reflections
should be checked separately. Store loading, denoising, export, and evaluation measurements
separately.

10. Conclusions. The smoke test of a compact video diffusion model with 16,867 parameters
completed two training iterations in 1.192528 s and produced a clip of four 8x8-pixel frames using
DDIM with ten denoiser calls. The exported MP4 decodes correctly; the total measured generation-
process time was 0.431804 s, and sampled peak RSS was 216.48 MB.

The mean training MSE was 1.105453; the two observations showed no error reduction. The
mean inter-frame MAE (0.505269) and SSIM (- 0.046246), along with visual inspection, do not
confirm coherent dynamics. The results demonstrate the tested pipeline's functionality but not its
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quality after full training, superiority over other models, or efficiency at high resolution. Further
conclusions require training to verifiable convergence and an independent series of experiments.
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Po3poOxka moaeJieit nudy3ii 19 reHepauii Bi1eonmocaiIoBHOCTEH

JluTBHHEHKO AHapiii Boaoaumuposnu?
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AHOTAIIA

VY miid craTTi MpencTaBIeHO MPOTPaMHy pealizalifo Uil TeHepalii KOPOTKHX BiJCOTOCIITOBHOCTEH Ha LEHTPaJbHOMY
nporecopi (LIIT). Po3pobieno yHidbikoBanuii iHTepdeiic s HaBYaHHS KOMIAKTHOI HUQY3iHHOT MOJIENi B MIKCEIFHOMY MPOCTOpi Ta
3aCTOCyBaHHs MomnepenHbo HaBueHnX monenet Stable Video Diffusion i CogVideoX. HaBuansHa MO/ieNIb BUKOPHCTOBYE TPUBHMIpHI
3TOPTKH, O0OYMOBJICHHS 32 KpOKOM Au(y3ii Ta MiHIMI3aIlif0 MOMUJIKA IPOTHO3yBaHHs IyMy. PeanizoBaHO MeTOHM BUOIPKH HA OCHOBI
CTOXaCTHYHOI fiMOBipHicHOT Moneni audysii 3 ycynennsm mymy (DDPM) ta nerepminoBanoi HesBHOT Mogeni audy3ii 3 yCyHeHHAM
wymy (DDIM). Omucano mMatemaTnuHe (OPMYJTIOBAHHS, apXiTEKTYypy Mepexi, mapaMeTpd BUKOHAHHS, MPOLEAYPH SKCIOpPTY Ta
JiarHOCTHYHE OLiHIOBaHHA. [IpencTaBieHO apXiTeKTypy NPOTpaMHOTO KOHBeepa M TeHepalil BifeoNmoCHifIoBHOCTEH Ha
HeHTpaJbHOMY mpouecopi. Crcrema BKJIIOYae TPH ajbTepHATHBHI TiIKM: HABYAHHS Ta 3aCTOCYBaHHS KOMIAKTHOI Audy3iitHOl
MOJIeni, TeHepamnilo Bieo i3 300pakeHHs Ta TeHepalilo BiJJeo 32 TEKCTOBUM OIUCOM. Y Ci T'JIKM BUKOPHUCTOBYIOTH CIUJIBHI IIPOIEypH
€KCIIOPTY, OILIHIOBAHHS Ta MOHITOPHHTY OOYHCIIIOBAJIBHUX PECYpPCiB. AHANITHYHO BUBEIEHO 3aJIEXKHICTh KUIBKOCTI ITapaMeTpiB Bif
LIMPUHNA MEPEXKi Ta MOPIBHAHO KUIBKICTh BUKJIHMKIB MOIYJISl YCYHEHHS LIyMY JUIS PI3HHX CXeM BHOIpKH. 3alpOIOHOBAHO IPOTOKOI
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OLIHIOBAHHS KOMIIPOMICY MiX OOYMCIIIOBILHUMY BUTpaTaMU Ta XapaKTepPUCTHKaMH Bineo. HaBeseHO pe3ysbTaTH MONEpEeIHbOro
TecTyBaHHS («smoke test») KOMITaKTHOI MOJeIi, [0 BKIIFOYAJIO JIBi iTepalii HaBYaHHs Ta TeHepallio YJOTUPHOX KapiB po3MipoM 8%8
mikceniB. TecT MiATBEpOHB yCIILIHE BUKOHAHHS KOHBEEPA, MPOTE HE MPOJSMOHCTPYBaB (OPMYBaHHS y3rOKEHO! THHAMIKH YH
mepeBar Haja iHIMMU MonensMmu. Ll poGora 3aliMae iHXEHEPHO-METONOJOTIUHY HIlly: BOHA IO€IHYE HABYAHHS HEBEIHMKOl
HMOBIpHICHOT Mojemi Andy3ii 3 yCyHEHHSIM IIyMy B HIKCEIFHOMY IIPOCTOpI i3 3aCTOCYBaHHSM IIONEPEIHHO HABYCHUX Moeneit
Stable Video Diffusion i CogVideoX, 3a6e3medyroun mpu oMy 36epeskeHHs pe3yIbTaTiB i 3BiTiB PO BUKOPHCTAHHA pecypciB. i
BHECKOM € TIpO30pa peasii3amlis Ta BiATBOPIOBAHWH OCIIIHHWIIBKMH IPOTOKOJ; MHUTAHHS IepeBard HaJl BEIMKAMH MOJIEISIMU
noTpedye OKPEeMOi eKCIIEPUMEHTAIBHOT IEPEBIPKH.

KmrouoBi ciioBa: nudysiiina Mojenp;, reHepalis Bifeo; BiJCONOCTIIOBHOCTI; TPHUBUMIpHa 3ropTKa; JaTeHTHa Au(y3is;
CogVideoX; yacoBa y3ro/pKeHicTh; IIPOrpaMHHUIi KOHBEEP
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