Research Report

1. Executive Overview

This report investigates the core technological stack behind modern video
generation models — specifically the Diffusion Transformer (DiT) backbone, the
Flow Matching training objective, the Video Compression Network (Spacetime
Autoencoder / TAE), and the text conditioning mechanisms — through the lens of
a deep academic lecture on SORA, MovieGen, and DiT papers, followed by
targeted literature research covering six highly relevant recent papers from
2024-2026. The central question is whether DiT-based video generation truly
obeys predictable scaling laws, how the architectural choices (2.5D vs 3D TAE,
AdalLN conditioning, multi-encoder text conditioning) interact to determine
quality, and what the emerging frontier of efficiency optimization (mobile
deployment, multi-scene generation) implies for the field's trajectory.

The grounded lecture establishes that the dominant paradigm combines three
elements: (1) a Video Compression Network (TAE/VAE) that reduces raw video to
latent spacetime patches at ~512x compression, (2) a DIiT backbone that
denoises in latent space using Flow Matching instead of traditional Diffusion, and
(3) a multi-encoder text conditioning system (MetaCLIP + ByT5 + UL2) that
provides both global semantic alignment and fine-grained character-level control.
Literature research confirms and extends these findings: DiT scaling laws are
now empirically validated with precise power-law formulas (N_opt « C~0.568, FID
« C™—0.234), Flow Matching's superiority over Diffusion is systematic across
multiple independent studies, and the TAE design space is being actively
reconsidered through unified training objectives and consistency losses.

The most significant unresolved tensions concern the quality/efficiency tradeoff
between 2.5D and 3D TAE architectures, the uncertain transferability of image-
domain DiT scaling laws to the video domain, and the practical difficulty of
deploying DiT-based video generation at scale given the compute requirements.
The evidence strongly supports pursuing the DiT + Flow Matching + high-quality
data curation direction, but suggests that the specific TAE design and text
conditioning architecture are still actively evolving and warrant further controlled
comparison.

2. Problem Setting and Source Context

The source material is a single-speaker academic lecture (ERZAZ Al) providing
an in-depth paper reading on video generation models and training. The lecture
covers three key papers: OpenAl SORA (technical report), Meta MovieGen, and a
third video generation paper (i/A4#&/Horizon Video). The lecture is explicitly a
continuation of a previous session on SORA's data pipeline, meaning the
audience already has familiarity with SORA's high-level architecture and the
motivation for patch-based video tokenization.



The primary technical focus is on four interconnected components: the Video
Compression Network (Spacetime Autoencoder, TAE), the DiT backbone
architecture, the Flow Matching training objective, and comparative evaluation
across competing video generation systems. The lecture presents a comparative
analysis between MovieGen's 2.5D TAE approach (separate spatial and temporal
processing, inflated from pretrained 2D models) and a competing 3D fully
convolutional approach (causal Conv3D, trained from scratch). This comparison is
framed not as settled fact but as an active design tradeoff: 2.5D wins on
efficiency and training stability, while 3D may have a higher quality ceiling. The
evidence for this claim is primarily ablation results from the MovieGen paper.

The evaluation framework discussed includes both standard metrics (PSNR, SSIM,
FID for video compression quality) and human-aligned benchmarks (VBench,
UCF-101, Net Win Rate comparisons). The lecture notes that reconstruction
metrics are imperfect proxies for perceptual quality, a limitation that is
acknowledged but not resolved. The broader context positions video generation
as a critical enabler of Physical Al and AGI — serving as a World Simulator for
self-play and synthetic data generation — and discusses the competitive
landscape including Google Genie2, Luma Ray2, Alibaba Tongyi Wanxiang 2.1,
and X.Al Grok Image.

3. Grounded Findings from the Source Material

3.1 SORA's Patch-Based Tokenization Strategy

SORA compresses raw video into a low-dimensional latent space via a Video
Compression Network, then decomposes it into spacetime patches as tokens for
the Transformer. The lecture explains the rationale: raw video frames (e.g.,
1080P, 30fps) produce approximately 1200x more tokens than static images,
making direct tokenization infeasible for Transformers at reasonable compute
budgets. The compression-to-patch pipeline reduces token count by
approximately 512x (MovieGen's reported compression ratio).

3.2 Video Compression Network / Spacetime Autoencoder (TAE) Design
Choices

Two architectural families are compared. MovieGen's 2.5D approach applies
separate spatial and temporal convolutions/attention, inflated from pretrained 2D
models. Compression ratio: 8x in T, H, and W each, yielding 512 x total
compression. Training uses Curriculum Learning with synthetic high-motion data
(randomized frame sampling intervals 1-8x). Horizon Video's 3D fully
convolutional approach uses causal Conv3D trained from scratch, with less
aggressive compression (4% in T, 8% in H/W). MovieGen ablation shows 3D is
slightly better in reconstruction quality but 2.5D is significantly more efficient;
MovieGen chose 2.5D for compute/memory efficiency, noting that inflated 2D
pretrained weights converge faster.



3.3 DiT (Diffusion Transformer) Backbone

Based on the DiT paper by William Peebles (SORA research lead) and #ZT. The
lecture emphasizes the clear scaling effect: FID drops consistently as compute
increases across model sizes. Key design is Adaptive Layer Norm (AdaLN),
where conditioning information (timestep embedding + class label) regresses the
scale (y) and shift (B) parameters instead of using cross-attention.
Computationally efficient and applies uniformly to all tokens. MovieGen adopts a
Llama3-like architecture with three modifications: (1) cross-attention for text
conditioning using three concatenated encoders (UL2, MetaCLIP, ByT5); (2)
AdalLN for timestep conditioning; (3) bidirectional attention instead of causal
(since Flow Matching is not autoregressive). Zero-initialization residual path (Skip
scaling factor a initialized to 0) facilitates training stability at scale.

3.4 Text Conditioning with Three Encoders

(1) MetaCLIP — vision-language aligned CLIP-style encoder providing global
prompt-level embedding; (2) ByT5 — character-level byte tokenizer providing
fine-grained local character-level control, crucial for Chinese text generation in
videos; (3) UL2 — Unified Language Learner providing an additional global
embedding and bridging diverse pretraining objectives. The three encoders are
concatenated and injected via cross-attention at each DiT block.

3.5 Position Embedding for Arbitrary Resolution/Length

Follows NaViT (Google) "Factorized Learnable Position Embedding" approach.
Maps spatial H, W and temporal T into separate learnable position embeddings
with interpolation to support any size, aspect ratio, and video length. Applied to
all transformer layers, not just the first, to reduce temporal distortion.

3.6 Flow Matching Training Objective

MovieGen uses Flow Matching instead of traditional Diffusion. Compared to
Diffusion's multi-step noising-denoising, Flow Matching models a direct
transformation from a prior (Gaussian) to the target distribution. Key formula: x¢
= (I1—omin)(1-t)-x0 + t-x1 (Optimal Transport linear interpolation). Training
objective: predict the velocity ut = x1 — x_0. Inference uses Euler ODE solver
(first-order). Ablation in MovieGen shows Flow Matching consistently outperforms
Diffusion in both quality and text alignment (net win rate). DeepMind blog notes
Flow Matching and Diffusion are two sides of the same coin and often equivalent.
However, the lecture notes that Flow Matching's straight path advantage may
only hold at the individual sample level; whether it holds at the distribution level
requires further investigation.

3.7 Inference Optimizations

(1) Tile-based inference for high-resolution video to fit GPU memory — the
video is processed in spatial tiles and stitched; boundary artifacts are a known
risk; (2) Prompt rewriting — a dedicated model expands short user prompts
into detailed captions for richer generation; (3) Spatial upsampling and
decoder design (Section 3.1.5 of MovieGen paper, not covered in detail in the
lecture).



3.8 MovieGen Evaluation Results

Compared against SORA, Runway, Gen-2, Luma, Kling, and VO2 in benchmarks.
MovieGen consistently beats most closed-source models in motion consistency
and text alignment. SORA excels in realism/aesthetic quality (likely optimized for
film production). Kling is competitive overall (net win +3.87 in quality). Flow
Matching consistently beats Diffusion in pairwise comparisons. The lecture notes
that benchmarks have limitations — evaluation methodology for video
generation quality is not fully standardized.

4. Literature-Based Deep Analysis

4.1 Preserved Detailed Paper Analyses

P001 — Movie Gen: A Cast of Media Foundation Models
Authors: Meta Al (Andrew Brown et al.) | arXiv:2410.13720 | 2024-10

Problem and Task Setting: MovieGen's core task is building a suite of
foundation models that generate 1080p HD videos (supporting multiple aspect
ratios and variable durations) with synchronized audio, while also supporting
video personalization (given a reference character image) and instruction-level
video editing. The paper covers five distinct tasks: text-to-video, video
personalization, video editing, video-to-audio, and text-to-audio. Pretraining
scale: O(100M) videos + O(1B) images trained jointly. Evaluation: VBench, UCF-
101, Net Win Rate user preference studies.

Methodology and Why It Works: The DiT Backbone (Llama3-style
Transformer) incorporates several key modifications: (1) AdaLN for timestep
conditioning — timestep embedding is injected via y/B scale/shift parameter
regression, more efficient than cross-attention; (2) Cross-attention for text
conditioning — three text encoder outputs (MetaCLIP + ByT5 + UL2) are
concatenated and injected; (3) Bidirectional attention (replacing causal attention)
— since Flow Matching is not autoregressive, causal constraints are unnecessary;
(4) Zero-init residual path — Skip scaling factor « initialized to 0, enhancing
large-scale training stability.

The 2.5D Spacetime TAE: inflated from pretrained 2D ViT, using separate spatial
and temporal convolution/attention, with 8x8x8 compression ratio (512 x total).
The choice of 2.5D over 3D is driven primarily by compute/memory efficiency —
inflated weights from 2D pretraining converge faster and require less training
compute.

Flow Matching: xt = (1—-£)x0 + te (Optimal Transport linear interpolation),
predicting velocity v = x1I — x0 using Euler ODE solver. Ablation systematically
shows Flow Matching outperforms DDPM.

Curriculum Learning: synthetic high-motion data with randomized frame
sampling intervals of 1-8%, exposing the model to high-motion complexity
samples early in training.



Inference optimizations: Tile-based inference (high-resolution spatial tiling +
seamless stitching), Prompt rewriting (expanding short prompts into detailed
descriptions), Spatial upsampling + decoder co-design.

Main Evidence: VBench — MovieGen surpasses SORA, Runway, Gen-2, Luma,
Kling, VO2 in motion consistency and text alignment. Net Win Rate vs. Kling:
+3.87 (quality dimension), Flow Matching pairwise comparison beats Diffusion
across the board. Audio model: Video-to-Audio Net Win Rate vs. Diff-Foley:
+76.6%. TAE precomputation/caching becomes a training pipeline bottleneck —
not efficiently model-parallelizable — an acknowledged practical constraint of the
current design.

Relevance: MovieGen is the complete engineering implementation of all lecture
technical points. The most directly applicable insight: scaling data + compute +
model parameters with a simple recipe works for video generation too, but
requires high-quality data curation and fine-grained SFT tuning. The three-way
text encoder combination (MetaCLIP + ByT5 + UL2) provides a reusable design
template for fine-grained Chinese video generation. The TAE
precomputation/caching bottleneck demonstrates that architectural choices have
system-level pipeline implications beyond pure model quality.

Limits: TAE precomputation/caching limits model-parallel efficiency;
reconstruction metrics (PSNR/SSIM/FID) are imperfect proxies for perceptual
quality; competitive benchmarks lack public technical details from SORA,
introducing information asymmetry.

P002 — Scaling Laws For Diffusion Transformers
Authors: Liang, He, Yang, Dai | arXiv:2410.08184 | 2024-10

Problem and Task Setting: DiT has demonstrated scaling properties in
image/video generation, but lacked explicit scaling law formulas to precisely
predict: given compute budget C, what are the optimal model parameters Nopt
and data quantity Dopt? Does the scaling relationship extend to generation
quality metrics (FID)? Experiments: compute budget range 1e17—6e18 FLOPs,
model scale 1IM—1B parameters, Laion-Aesthetic 108M image-text pairs dataset.

Methodology and Why It Works: The IsoFLOP curve method: for each
compute budget C, train multiple models of varying sizes, fit a parabola to loss
vs. model size, extract the compute-optimal configuration (parabola minimum).
Collect optimal configurations across budgets, fit power-law curves on log-log
axes.

Compute budget definition: C = 6ND (N=parameter count, D=token count, i.e.,
training data quantity), counting only Transformer block FLOPs.

Four evaluation metrics: Training Loss (primary), Validation Loss, VLB (variational
lower bound), Exact Likelihood (Neural ODE reverse-time sampling) — all four



show highly consistent scaling trends; Training Loss is chosen as primary
because it requires no additional evaluation.

Cross-Attention vs. In-Context comparison: training both conditioning
mechanisms under the same compute budget, evaluating architecture efficiency
through scaling exponent differences.

Methodology: Core scaling formulas: $$N {ltext{opt}} = 0.0009 |cdot
C™{0.5681}$% $$D{\text{opt}} = 186.8535 \cdot C~{0.4319}$$ $$L =
2.3943 \cdot C™{-0.0273}$$ $$FID = 2.2566 \times 1076 \cdot C"~{-0.234}$$%

Main Evidence: 1B parameter model at 1.5e21 FLOPs — predicted loss and FID
both match actual training closely, validating the predictability of scaling laws.
Cross-Attention DiT loss exponent: —0.0385, In-Context: —0.0273 (steeper —»
faster loss decrease per compute). OOD generalization: scaling curves on COCO,
Flickr30k, JourneyDB are fully consistent with training distribution trends, with
only vertical offset. GenEval and Human Preference Reward (HPSv2.1,
ImageReward) both obey power-law scaling.

Relevance: This paper directly answers the DiT scaling law open question from
the lecture: DiT loss and FID do follow predictable power laws, providing a
quantitative resource planning tool for video generation model scaling. The most
applicable insight: using scaling exponents to evaluate data quality and
architecture improvements — better data —» smaller data exponent -» more
efficient scaling. The finding that Cross-Attention has a more favorable loss
exponent suggests AdaLN-style conditioning (used in MovieGen) may have
different scaling efficiency than cross-attention text injection, but this requires
controlled comparison.

Limits: Verified only on text-to-image tasks; video generation scaling laws have
not been systematically characterized — the spatiotemporal dimension may alter
exponents; only in compute-limited regime; data-constrained settings require
additional corrections.

P003 — Flowception: Temporally Expansive Flow Matching for Video
Generation
Authors: Berrada et al. | arXiv:2512.11438 | 2025-12

Problem and Task Setting: Video generation faces a core contradiction: AR
methods suffer from error accumulation/drift; full-sequence flow methods have
quadratic computational complexity with video length; neither naturally handles
variable-length video generation. Flowception aims to design a framework that is
free from AR error accumulation, achieves linear scaling complexity, and
supports variable-length generation.

Methodology and Why It Works: Frame Insertion Mechanism — Flowception's
learned probability path alternates between discrete frame insertion and
continuous denoising. At each insertion step, select several frames from the



current sequence for implicit compression (discrete operation), then perform joint
denoising on all frames (continuous operation). The compression operation
serves as an efficient context compression mechanism, reducing quadratic-
complexity full-sequence attention to near-linear complexity. The model jointly
learns video length with content, rather than pre-specifying a fixed length.
Window attention variants naturally integrate since compression reduces
effective token count.

Main Evidence: FVD (Fréchet Video Distance): significantly outperforms both AR
and full-sequence baselines on UCF-101 and similar benchmarks. VBench
metrics: multiple dimensions (motion smoothness, subject consistency) exceed
AR methods. Training FLOPs reduced by approximately 3x compared to full-
sequence flows, with higher quality. Unifies support for image-to-video
generation and video interpolation without separate modeling.

Relevance: Flowception directly confirms and deepens the MovieGen ablation
finding — Flow Matching's advantage is systematic and extendable. The frame
insertion mechanism reveals that Flow Matching's advantage comes not only
from the mathematical property of straight-path optimal transport, but from the
flexibility of designing probability paths that balance generation quality and
computational efficiency. The insight that discrete compression + continuous
denoising alternation can manage long-range dependencies is potentially
applicable to future efficient long-video generation.

Limits: Validated on standard benchmarks; performance on complex physical
scenes requires further testing; frame insertion strategy is implicitly learned by
the model without explicit control.

P004 — H3AE: High Compression, High Speed, and High Quality
AutoEncoder for Video Diffusion Models
Authors: Wu et al. | arXiv:2504.10567 | 2025-04

Problem and Task Setting: Video generation autoencoders (VAE/TAE) face
three competing objectives: high compression ratio (reducing DiT latent token
count), high reconstruction quality (preserving perceptual quality), and high
decoding speed (supporting real-time/mobile inference). H3AE aims to
simultaneously optimize all three dimensions, breaking the traditional trade-off
between them.

Methodology and Why It Works: Architecture Design: systematic analysis of
video AE architecture design choices through architecture search and compute
distribution optimization. Core improvements include 3D causal convolution with
residual connections (maximizing spatiotemporal compression while maintaining
temporal causality) and multi-scale feature fusion (skip connections at different
compression stages preserving high-frequency details).

Omni-training Objective: innovatively unifies Plain AE and Image-conditioned 12V
VAE training objectives into a single weighted loss function. Plain AE branch:



standard reconstruction loss. 12V VAE branch: reconstructing subsequent frames
conditioned on the first frame. Enables a single AE network to simultaneously
support text-to-video and image-to-video modes.

Latent Consistency Loss (LCL): constrains decoder consistency in latent space —
the decoded outputs of two different compression paths for the same video
should be consistent. Compared to LPIPS (requires pretrained perceptual model),
GAN (unstable discriminator training), DWT (computationally complex), LCL is
both simpler and more effective.

Main Evidence: Ultra-high compression ratio + GPU/mobile real-time decoding
(>30 FPS GPU, mobile-decodeable). Reconstruction quality significantly exceeds
prior arts on PSNR, SSIM metrics. DiT verification: training DiT on H3AE latent
space achieves generation quality and speed meeting practical standards. LCL
outperforms LPIPS, GAN, DWT on all metrics (ablation data).

Relevance: H3AE directly addresses the 2.5D vs 3D TAE efficiency/quality
tradeoff discussion from the lecture. Results indicate that unified Omni-training
objective + LCL may be more impactful than choosing between 2.5D vs 3D
architecture alone. The Omni-training objective enables a single AE to serve both
generation modes, reducing system complexity for deployment. For the current
project, H3AE suggests that the TAE design space is far from exhausted —
architecture search and loss function innovation may yield greater improvements
than the 2.5D/3D binary choice.

Limits: Whether ultra-high compression ratios affect the DiT generation quality
ceiling (the lecture noted reconstruction metrics are imperfect proxies for
perceptual quality) requires validation in larger-scale DiT generation
experiments.

P0O05 — Mask?DiT: Dual Mask-based Diffusion Transformer for Multi-
Scene Long Video Generation
Authors: Qi et al. | arXiv:2503.19881 | 2025-03

Problem and Task Setting: SORA demonstrated DiT's potential for single-
scene video generation, but multi-scene video generation — where a video
contains multiple semantically independent scene segments, each corresponding
to a different text description — still lacked an effective solution. Mask?DiT aims
to enable DiT to generate long videos with multiple scenes, where each scene
precisely aligns with its corresponding text annotation.

Methodology and Why It Works: Symmetric Binary Mask mechanism:
introduces symmetric bidirectional masks at each DIT attention layer. For video
frame subsets and corresponding text annotation pairs (S/, Ti), masks ensure
tokens in S/ attend only to tokens in Ti (preventing cross-scene attention
contamination), while maintaining bidirectional attention within the same scene
(preserving temporal coherence).



Segment-level Conditional Mask: conditions each newly generated segment on
the previous segment's hidden representation (not just on text), preventing
semantic drift in AR generation. Smooth interpolation is applied at segment
boundaries to avoid visual discontinuities.

Architecture: based on standard DiT backbone, only modifying attention layer
mask logic — no change to the model architecture itself, preserving DiT's scaling
properties.

Main Evidence: Cross-scene identity consistency (person/object ID) significantly
exceeds baseline. Each scene's alignment with corresponding text description
substantially surpasses baseline. Supports infinite extension of new scenes from
an existing sequence without quality degradation. Comprehensive metrics
exceed baseline on newly constructed multi-scene benchmarks.

Relevance: Mask?DiT validates that DiT's scaling properties can be extended to
more complex generation tasks through attention mask mechanisms, without
changing the core architecture. This directly supports the lecture's claim that
"DIiT backbone demonstrates clear scaling effect" and shows its transferability
across different task types. The mask design provides a template for other tasks
requiring fine-grained cross-modal alignment.

Limits: Segment-level conditional masking requires the previous segment's
hidden representation to be computed first; computational complexity of long-
video generation grows linearly with scene count.

P0O06 — S2DiT: Sandwich Diffusion Transformer for Mobile Streaming
Video Generation
Authors: Li et al. | arXiv:2601.12719 | 2026-01

Problem and Task Setting: DiT's video generation quality breakthrough comes
with massive computational cost — standard DiT requires tens of seconds per
frame even on server GPUs, making real-time or mobile generation completely
infeasible. S2DiT aims to achieve >10 FPS high-quality video streaming on
mobile hardware (iPhone), while maintaining generation quality comparable to
server-level models.

Methodology and Why It Works: LinConv Hybrid Attention (LCHA):
decomposes standard self-attention into a linearized convolution branch (using
depthwise convolution to approximate attention's long-range dependency
modeling, reducing complexity from O(n2?) to O(n)) and a residual attention
branch (retaining a small number of standard attention tokens for fine-grained
interaction), with the two branches dynamically fused via gating.

Stride Self-Attention (SSA): downsamples the token sequence at a fixed stride,
performs standard attention on the downsampled sequence, then restores
resolution via interpolation. Token count reduced by stride factor, substantially
lowering computation.



Sandwich Design: discovers the optimal token arrangement — high-frequency
tokens (foreground subjects) and low-frequency tokens (background) interleaved
— through budget-aware dynamic programming search, optimizing both quality
and efficiency.

2-in-1 distillation framework: distills from a large model (Wan 2.2-14B teacher) to
a compact few-step (1-4 steps) S2DiT student, with distillation loss including
output distribution matching and perceptual quality alignment.

Main Evidence: iPhone >10 FPS: streaming generation >10 FPS on iPhone 16
Pro Max, quality comparable to server-level models (VBench subjective
evaluation). 15x FLOPs reduction: compared to standard DiT, compute reduced
by approximately 15x with acceptable quality loss. Zero-shot transfer: distillation
framework supports distilling from any large DiT teacher to mobile student
without redesigning architecture. Streaming generation supports arbitrary-length
videos without pre-generating a complete video first.

Relevance: S2DiT's Sandwich Design and distillation framework complement the
lecture's inference optimization discussion (Tile-based inference, Prompt
rewriting) with a model compression perspective. LCHA+SSA combinations reveal
that substantial efficiency optimization potential exists within the DiT
architecture itself. The most valuable contribution: DiT's scaling law does not
depend on specific attention implementations — linearized approximations can
trade acceptable accuracy loss for orders-of-magnitude efficiency gains,
providing a feasible path for future video generation model deployment on edge
devices.

Limits: Streaming generation quality may fall below batch processing for
extreme motion scenes; the choice of distillation teacher significantly impacts
student quality.

4.2 Integrated Thematic Assessment

Theme 1: The DIT Scaling Law — From Observation to Prediction

The lecture presents DiT scaling as a qualitative observation. Liang et al. (2024)
upgrades this to quantitative prediction with precise power-law formulas. The key
implications for the current project are threefold.

First, the scaling exponent ratio (Nopt exponent 0.568 vs Dopt exponent 0.432)
indicates that model size scaling should proceed slightly faster than data scaling
as compute increases — this directly informs resource allocation decisions for
training runs. Second, the finding that FID scales as C™—0.234 means that the
quality gains from doubling compute are predictable, enabling principled
decisions about whether to invest in larger models or more training data. Third,
the OOD generalization finding (scaling curves transfer to COCO, Flickr30k,
JourneyDB with only vertical offset) suggests that compute-optimal
configurations identified on one dataset will generalize to new domains — a
valuable property for applying video generation to specialized domains.



However, an important caveat applies: these scaling laws are verified only on
text-to-image tasks. The spatiotemporal dimension of video generation
introduces additional complexity (temporal coherence, motion consistency) that
may alter the scaling exponents. The current project should treat the DiT scaling
law as a strong directional guide but not as a quantitatively precise prediction for
video generation specifically. The unverified gap between image-domain and
video-domain DiT scaling is a genuine research limitation.

Theme 2: 2.5D vs 3D TAE — The Debate Is Not Settled, but H3AE Points
Beyond It

The lecture frames 2.5D vs 3D TAE as a binary tradeoff with 2.5D winning on
efficiency and 3D potentially winning on quality ceiling. H3AE complicates this
narrative by showing that within a 3D framework, architecture search +
consistency loss innovation can substantially close the efficiency gap while
improving quality. This suggests that the 2.5D/3D dichotomy may be less
important than the specific architectural choices and training objectives within
each framework.

For the current project, this implies: rather than treating the 2.5D vs 3D choice as
a settled decision, there is value in empirically comparing TAE designs using the
same DiT backbone as a control. H3AE's Latent Consistency Loss is a promising
candidate for such comparison since it was shown to improve quality without
sacrificing efficiency. The Omni-training objective is also attractive because it
reduces system complexity by enabling a single AE to serve multiple generation
modes.

Theme 3: Flow Matching Is the Dominant Training Paradigm, But Its
Best Form Is Still Evolving

MovieGen ablation + Flowception collectively establish Flow Matching as the
preferred training objective for video generation. The evidence is systematic:
MovieGen shows pairwise superiority over Diffusion across quality and text
alignment; Flowception shows that Flow Matching can be extended to variable-
length, non-AR video generation with 3x training FLOPs reduction.

The critical nuance is that "Flow Matching" encompasses a family of probability
path designs. The basic straight path (xt = (1—¢t)x0 + t€) is the baseline, but
Flowception demonstrates that more sophisticated probability paths (alternating
discrete compression and continuous denoising) can exploit Flow Matching's
flexibility to achieve additional efficiency gains. This suggests that future work
should not stop at adopting Flow Matching as a drop-in replacement for Diffusion,
but should actively design probability paths tailored to video generation's specific
needs.

The unresolved question — whether Flow Matching's straight path advantage
holds at the distribution level — remains genuinely open and could affect large-
scale training strategies if the answer is negative.



Theme 4: DiT's Task Adaptability Through Attention Mechanisms and
Distillation

Two distinct strategies for extending DiT beyond its original task setting have
emerged: architectural modification (Mask?DiT) and model compression (S2DiT).
Both preserve DiT's core scaling properties while enabling new capabilities.

Mask?DiT's approach of using attention masks to enforce fine-grained cross-
modal alignment is particularly relevant for complex video generation scenarios
(multi-scene, multi-character, multi-action) where standard DiT's soft attention
may not enforce the required constraint structure. The symmetric binary mask
design is both principled (derived from the multi-scene alignment requirement)
and lightweight (no architecture change required).

S2DiT's linearization approach reveals that DiT's attention mechanism contains
substantial redundancy that can be exploited for efficiency — the LCHA design
shows that linearized convolutions can capture most of the useful attention
behavior at a fraction of the computational cost. This has direct implications for
deployment: if a 15x FLOPs reduction can be achieved with acceptable quality
loss, then DiT-based video generation becomes feasible on hardware that was
previously excluded.

Theme 5: Text Conditioning Architecture — Multiple Encoders Are
Standard, But Their Individual Contributions Are Unclear

MovieGen's three-encoder text conditioning (MetaCLIP + ByT5 + UL2) is the most
complete implementation discussed. The lecture explains the functional division:
MetaCLIP for global semantics, ByT5 for character-level control (particularly
important for Chinese), UL2 as an additional global embedding. However, none of
the six opened papers provides an ablation study isolating the individual
contribution of each encoder.

This gap is significant because the three-encoder approach adds complexity to
both training (three forward passes for text encoding at each DiT step) and
inference. If only one or two encoders are responsible for most of the quality
improvement, the third encoder may represent unnecessary compute overhead.
For the current project, this suggests that a targeted ablation of the text
conditioning architecture — particularly testing whether ByT5's character-level
control is critical for Chinese text generation — would be a high-value
experiment.

5. Integrated Assessment for the Current Project

The evidence from the grounded lecture and literature research converges on a
clear strategic direction: DIiT + Flow Matching + high-quality data curation
is the validated foundation for video generation research, with the most
productive areas for differentiation being the TAE design, text conditioning
architecture, and application-specific efficiency optimization.



The DIiT scaling law provides the strongest support: even without accounting for
video-specific scaling effects, the image-domain evidence suggests that investing
in larger DIT models with more training compute will yield predictable quality
improvements. The Flow Matching evidence is equally strong and more directly
applicable — multiple independent studies confirm its superiority over Diffusion
for video generation, and the mechanism (straight-path optimal transport,
simplified training objective, no autoregressive error accumulation) is well
understood. The TAE evidence is more nuanced: MovieGen's 2.5D approach is
validated at scale, but H3AE suggests that the design space within TAE is
underexplored and that consistency losses may be more impactful than the
2.5D/3D binary choice.

The most weakly supported assumption in the current project is that DiT scaling
laws transfer quantitatively from image to video generation. The spatiotemporal
dimension introduces novel challenges (temporal coherence, motion quality,
variable-length handling) that are not present in image generation and may alter
the scaling exponents. Until video-domain DiT scaling laws are empirically
established, compute allocation decisions for video generation should incorporate
larger safety margins than the image-domain formulas would suggest.

Another assumption that requires scrutiny is that the three-encoder text
conditioning approach (MetaCLIP + ByT5 + UL2) provides additive value. The
functional logic is compelling — global semantics + character-level control +
bridging pretraining objectives are genuinely different information types — but
the absence of ablation evidence for each encoder's independent contribution
means that this assumption cannot be treated as proven.

6. Unresolved Questions and Decision-Critical Gaps

1. DIT video scaling law not empirically established: The existing scaling
laws (Liang et al., 2024) are validated only on text-to-image. The
spatiotemporal dimension of video generation may introduce scaling behavior
different from image generation. What experiment would resolve this: train
DiT video models at 3-4 compute budget levels (e.g., 1el7, 1el8, 1el9
FLOPs), fit scaling curves, compare exponents against the image-domain
formulas. This is a prerequisite for reliable compute planning in video
generation research.

2. Individual contribution of three text encoders unknown: The three-
encoder text conditioning (MetaCLIP + ByT5 + UL2) provides compelling
functional logic, but no ablation isolates each encoder's contribution. The
practical implication: if ByT5 accounts for most of the quality improvement on
Chinese text generation, then UL2 may be unnecessary compute overhead.
What would resolve this: systematic ablation experiments varying the text
encoder combination, measuring quality impact on both English and Chinese
prompts.



. Optimal compression ratio for video AE not established: MovieGen
uses 512x compression (8x8x8) and H3AE pushes further, but no controlled
study compares different compression ratios on the same DiT backbone,
measuring both reconstruction quality and end-to-end generation quality. The
lecture notes that reconstruction metrics are imperfect proxies for perceptual
quality, so end-to-end generation quality must be measured. What would
resolve this: train identical DiT models on latent spaces from different
compression ratio TAEs, evaluate both reconstruction and generation quality.

. Flowception frame insertion strategy lacks explicit control:
Flowception's frame insertion mechanism is implicitly learned, with no explicit
user control over insertion frequency, position, or strategy. For production
applications that require predictable output characteristics, this lack of
control is a practical limitation. What would help: explore semi-explicit
insertion strategies with user-controllable parameters (e.qg., insertion
frequency, keyframe placement rules).

. TAE precomputation bottleneck limits model-parallel efficiency:
MovieGen acknowledges that TAE precomputation/caching is a training
pipeline bottleneck that prevents efficient model parallelism. This
architectural constraint may limit the scalability of systems that follow
MovieGen's design. What would resolve this: design an integrated TAE-DIT
training objective where TAE and DiT gradients flow jointly, or develop a fully
differentiable TAE that can be model-parallelized jointly with DiT.

. Long-video scaling behavior of Flow Matching unknown: MovieGen and
Flowception both validate Flow Matching on relatively short videos (10-16
seconds). Whether the straight-path advantage holds for minute-scale videos
is unclear, given that the lecture identifies this as a specific unresolved issue.
What would resolve this: evaluate Flow Matching vs Diffusion on videos of
varying lengths (10s, 30s, 60s, 180s), measuring quality degradation
patterns.

. S2DiT distillation quality loss in extreme motion scenes: While S2DiT
achieves 15x FLOPs reduction with acceptable average quality, the quality
loss in extreme motion scenes is not quantified. For applications where
motion quality is critical, this represents a decision-relevant gap. What would
resolve this: characterize quality loss as a function of motion intensity,
identify the motion complexity threshold below which S2DiT quality is
acceptable.

. Mask?DiT segment boundary artifacts not quantified: Mask?DiT applies
smooth interpolation at segment boundaries to avoid visual discontinuities,
but the severity and frequency of remaining artifacts are not quantified. This
is a practical deployment concern for multi-scene video generation. What
would resolve this: run systematic human evaluation of boundary quality
across different scene transition types and motion complexities.



7.
1.

Recommended Next Steps

Run a controlled DiT video scaling experiment at three compute budget
levels (1el7, 1e18, 3el1l8 FLOPs), using the same DiT architecture as
MovieGen, measuring loss, FID, and VBench metrics across budgets. Fit
scaling curves and compare exponents against the image-domain formulas
from Liang et al. This is the highest-priority experiment because all
subsequent compute planning depends on its results.

. Ablate the three text encoder combination: systematically test all

combinations of MetaCLIP, ByT5, and UL2 (individually and in pairs) on both
English and Chinese text prompts, measuring VBench text alignment scores.
This experiment directly addresses the contribution gap identified in Theme 5
and will inform whether the three-encoder approach can be simplified.

. Implement and evaluate Latent Consistency Loss on the project TAE:

apply H3AE's LCL training objective to the current TAE design, comparing
reconstruction quality and end-to-end video generation quality. This
addresses the TAE design space exploration identified in Theme 2.

. Compare 2.5D TAE vs 3D TAE with LCL on the same DiT backbone:

using the same DiT architecture and training objective, evaluate both TAE
variants at equal compute budgets, measuring both reconstruction quality
and downstream generation quality. This is the controlled comparison that
the lecture identifies as an open question.

. Evaluate Flowception-style frame insertion on longer videos:

implement a simplified version of the frame insertion mechanism (without the
full Flowception architecture) on videos of varying lengths (16s, 60s, 180s),
measuring quality degradation patterns relative to baseline Flow Matching.
This addresses the unresolved question about Flow Matching's behavior at
longer durations.

. Characterize S2DiT-style efficiency optimization on the current

architecture: evaluate whether LCHA-style linearized attention can be
applied to the current DiT backbone without significant quality loss,
particularly measuring quality as a function of motion complexity. This
directly supports the efficiency optimization goals discussed in the lecture.

. Run Mask?DiT-style multi-scene evaluation on complex video

scenarios: apply the symmetric binary mask mechanism to multi-character,
multi-action video generation scenarios relevant to the project's target
applications, measuring both semantic alignment and visual consistency. This
validates whether the attention mask approach extends to the project's
specific use cases.



8. Key Risks, Caveats, and Evidence Boundaries
Evidence-transfer risk — image to video scaling law: The DiT scaling law
(Liang et al.) is validated on text-to-image generation only. Applying these
formulas to video generation involves an unverified extrapolation across a
fundamentally different modality. The practical consequence: compute allocation
decisions based on these formulas may be systematically off for video
generation. This is not a reason to abandon the DiT direction but does require
building in larger experimental safety margins.

Evaluation proxy risk — reconstruction metrics vs perceptual quality:
Both the lecture and the MovieGen paper acknowledge that PSNR, SSIM, and FID
for video compression quality are imperfect proxies for perceptual quality. This
means that TAE designs optimized purely on reconstruction metrics may not
produce the best end-to-end video generation quality. All TAE comparisons
should include end-to-end generation quality evaluation, not just compression
metrics.

Information asymmetry — SORA benchmark comparisons are
incomplete: MovieGen's benchmark comparisons against SORA lack public
technical details from SORA. The lecture acknowledges this limitation. As a
result, the relative quality ranking of MovieGen vs SORA should be treated as
indicative, not definitive. The more reliable comparisons are those against
systems with public technical reports (Runway, Kling, Luma Ray2).

Architecture choice risk — 2.5D vs 3D not settled: Despite MovieGen's
pragmatic choice of 2.5D for efficiency reasons, the quality ceiling comparison
remains unresolved. H3AE suggests that within 3D frameworks, architecture and
loss function innovations can substantially close the efficiency gap, making the
2.5D choice less of a foregone conclusion. Committing fully to 2.5D without the
controlled comparison is a premature decision risk.

Deployment feasibility risk — DiT compute requirements at scale: The
lecture discusses tile-based inference as a workaround for GPU memory limits,
but this introduces boundary artifacts. S2DiT provides an alternative (linearized
attention + distillation) but at a quality cost. Neither solution is fully satisfactory
for high-quality, artifact-free, real-time video generation at arbitrary resolutions.
This is a fundamental feasibility risk for production deployment of DiT-based
video generation.

Text conditioning complexity risk — three-encoder overhead: The three-
encoder text conditioning approach (MetaCLIP + ByT5 + UL2) requires three
separate forward passes for text encoding at every DiT denoising step. At the
30B model scale, this overhead may be manageable, but for smaller models the
relative overhead increases. The absence of ablation evidence means the
efficiency/quality tradeoff of this approach is unquantified.



Flow Matching distribution-level uncertainty: The lecture identifies that
whether Flow Matching's straight path advantage holds at the distribution level
(vs single sample level) requires further investigation. If future evidence shows
that at distribution level, Flow Matching and Diffusion are equivalent, the
engineering investment in Flow Matching may not yield proportional returns. This
is @ genuine open question that warrants monitoring as new evidence
accumulates.

Temporal coherence risk in variable-length generation: Both the lecture
and Flowception note that managing temporal coherence across long videos is a
challenge. Flowception addresses this through its frame insertion mechanism,
but the approach is validated on moderate-length videos. Minute-scale video
coherence is an unverified claim that carries practical deployment risk for long-
form video generation applications.
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