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Abstract—Text-to-video generation is typically inaccessible to
most researchers due to its reliance on large-scale models and
multi-GPU infrastructure. We introduce the Text-to-Video Hier-
archical Reasoning Model (TTV-HRM), a lightweight framework
that enables coherent text-conditioned video synthesis on a single
commodity GPU. The model employs interleaved hierarchical
reasoning in which a high-level transformer captures global
semantic structure while a low-level layer refines spatiotem-
poral details through bidirectional cross-attention. A learned
convergence predictor enables early stopping, reducing average
inference iterations from three to 2.1 without quality loss. The
115M-parameter system integrates rotary positional embeddings,
SwiGLU feed-forward layers, and a 3D convolutional video
autoencoder, training in about four hours on a single NVIDIA
T4 GPU at roughly $2 cloud cost, with sub-second inference per
clip. On 8-frame 32×32 video generation, TTV-HRM improves
frame-wise Fréchet Inception Distance from 120.5 to 62.1 across
three epochs using only 45 video–text pairs. Results demonstrate
semantic alignment, temporal coherence, and object persistence,
showing that hierarchical reasoning can substitute for model scale
to make text-to-video research more accessible.

Index Terms—Text-to-Video Generation, Hierarchical Reason-
ing, Efficient Transformers, Spatiotemporal Modeling, Video
Tokenization, Resource-Constrained Learning

I. INTRODUCTION

Text-to-video (T2V) generation represents one of the most
demanding frontiers in multimodal artificial intelligence. The
task requires a model to understand the semantic meaning of a
natural language description and then synthesize a temporally
coherent sequence of visual frames that faithfully reflects that
description. This capability carries significant potential across a
wide range of real-world domains, including automated content
creation, educational simulation, interactive storytelling, film
prototyping, and human-computer interaction [19, 27, 62].
Despite this promise, the path from research prototype to
practical deployment remains obstructed by a fundamental
barrier: the extraordinary computational cost of current state-
of-the-art systems.

Modern T2V models are predominantly built on one of
two dominant paradigms: large-scale latent diffusion models
[30, 20, 57] or autoregressive transformer architectures [24, 59].
Both paradigms have delivered impressive results in terms of
visual quality and temporal coherence, but they share a common
weakness — they require massive computational infrastructure.
Typical training runs demand multi-GPU or even multi-node
clusters equipped with high-end accelerators such as NVIDIA
A100 or H100 GPUs, tens to hundreds of gigabytes of memory,

and weeks of wall-clock time. At inference, even a single video
generation pass can require several seconds on hardware that
costs thousands of dollars to access. This computational barrier
effectively excludes independent researchers, small academic
groups, students, and developers in resource-limited settings
from meaningful participation in T2V research and application.

This exclusion is not a minor inconvenience. It concentrates
the development of a powerful and transformative technology
within a small number of well-funded organizations, reducing
the diversity of ideas and slowing the field’s overall progress.
There is therefore a clear and pressing need for T2V frame-
works that are not only capable but also computationally
accessible — systems that can run, train, and be meaningfully
experimented with on widely available commodity hardware
such as the NVIDIA T4 GPU, which is broadly accessible
through standard cloud platforms at modest cost.

In this work, we present the Text-to-Video Hierarchical
Reasoning Model (TTV-HRM), a lightweight and computa-
tionally efficient framework designed specifically to address
this gap. Our design is informed by the Hierarchical Rea-
soning Model (HRM) paradigm [6], adapted here for text-to-
video generation under strict compute constraints. TTV-HRM
performs coherent T2V generation on a single NVIDIA T4
GPU, producing short video clips of 8 frames at 32×32 pixel
resolution with a peak memory footprint of approximately
480 MB and inference times under one second. The central
design principle of TTV-HRM is hierarchical reasoning: rather
than attempting to generate a complete video sequence in a
single forward pass, the model decomposes the generation
process into a structured sequence of progressive refinement
stages. This decomposition is inspired by well-established
theories of hierarchical visual processing in human cognition,
where perception proceeds from coarse global structure toward
fine-grained local detail [13, 17]. By mimicking this principle,
TTV-HRM first establishes the broad semantic and structural
layout of the video content and then iteratively sharpens spatial
and temporal detail, all while remaining tightly conditioned on
the input text prompt through cross-attention mechanisms.

The model is built on a foundation of well-proven architec-
tural components: transformer blocks [1, 62] equipped with
rotary positional embeddings (RoPE) [7] for robust sequence
modeling, SwiGLU feed-forward networks [8, 57] for improved
training stability and representational capacity, and a 3D
convolutional autoencoder [35] for compact spatiotemporal
video tokenization. To these established components, TTV-
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HRM adds a novel interleaved high-level and low-level
reasoning mechanism that enables efficient iterative refine-
ment of the latent video representation without incurring the
computational cost of deeper single-pass architectures. An
additional lightweight convergence predictor allows the model
to terminate refinement early once the latent representation has
stabilized, further reducing unnecessary computation during
inference.

TTV-HRM is trained on a streaming subset of a curated
video-text dataset and serves as a proof-of-concept demonstrat-
ing that conceptually meaningful T2V generation is achievable
without massive parameter counts or compute budgets. The full
system, comprising approximately 115 million parameters, can
be trained in roughly four hours on a single T4 instance at a
cloud cost of approximately $2, making it genuinely accessible
to a wide community of researchers and practitioners. While the
current implementation is deliberately scoped to low-resolution,
short-duration output, the hierarchical reasoning framework is
inherently scalable and provides a clear pathway toward higher-
fidelity generation as additional compute becomes available.

The remainder of this paper is organized as follows.
Section I-A summarizes the key technical contributions of
this work. Section III provides a high-level overview of the
TTV-HRM system pipeline. Section II reviews the relevant
background and related work. Sections IV through IV-C
describe the model architecture in detail. Section V presents
the training procedure and evaluation methodology. Sections V
and VI cover implementation details and experimental results.
Section VII interprets findings, discusses limitations, and
outlines future directions, followed by concluding remarks
in Section VIII.

A. Key Contributions

TTV-HRM introduces four targeted technical contributions
that, taken together, make text-to-video generation meaning-
fully accessible on constrained hardware. Each contribution
addresses a specific practical obstacle that has historically
limited participation in T2V research.

Hierarchical Reasoning for Iterative Video Refinement.
The central innovation of TTV-HRM is a dual-layer iterative
reasoning mechanism that decomposes the video generation
process into two complementary levels of abstraction. A high-
level (H) transformer layer operates on the global structure of
the latent video sequence, capturing coarse semantic layout,
object identity, and long-range temporal relationships. A low-
level (L) transformer layer operates concurrently on the same
latent sequence, attending to fine-grained spatial patterns and
local motion dynamics. These two layers interact through
bidirectional cross-attention: top-down guidance from the H
layer ensures that local details produced by the L layer remain
semantically coherent, while bottom-up feedback from the L
layer allows the H layer to adapt its global representation
as fine details emerge. This interaction is repeated for up to
three iterative steps and is consistently conditioned on the
input text prompt throughout, ensuring that the progressive
refinement process remains faithful to the original description.

This hierarchical design yields measurably better temporal
consistency and semantic alignment compared to flat, non-
hierarchical generation architectures of equivalent parameter
count.

Resource-Constrained Optimization for Commodity
Hardware. Every component of the TTV-HRM architecture has
been explicitly co-designed with the constraints of the NVIDIA
T4 GPU in mind. The system leverages TensorFloat-32 (TF32)
mixed-precision arithmetic to accelerate matrix-intensive oper-
ations with negligible accuracy loss, CuDNN-optimized kernel
selection for 3D convolutions and attention operations, gradient
checkpointing across transformer blocks to reduce peak memory
consumption by approximately 40% at the cost of a modest 20%
increase in computation [48], and streaming data loaders with
in-memory caching to minimize disk I/O bottlenecks. These
measures collectively enable a compact 115-million-parameter
model with a 480 MB checkpoint footprint to complete a
full training run in approximately four hours and to perform
inference in under one second on hardware that costs roughly
$0.50 per hour on standard cloud platforms.

Learned Early Stopping via Convergence Prediction.
To avoid wasting computation on unnecessary refinement
iterations, TTV-HRM incorporates a lightweight auxiliary
convergence predictor — a two-layer multilayer perceptron
(MLP) with a sigmoid output — that estimates whether the
current latent video representation has sufficiently stabilized
after each reasoning step. The predictor takes as input a compact
summary of the latent state and, during training, is supervised
by a binary convergence signal derived from the relative
change in reconstruction error between successive iterations. At
inference, when the predicted convergence confidence exceeds
a threshold of 0.5, refinement terminates early. In practice, this
mechanism reduces the average number of reasoning steps from
the maximum of three to approximately 2.1–2.3, yielding a
meaningful reduction in inference cost without any degradation
in output quality.

Modular and Extensible System Architecture. TTV-HRM
is structured as a collection of independent, interchangeable
modules: a compact text encoder, a 3D convolutional video
tokenizer and detokenizer, the hierarchical reasoning engine,
and an evaluation utilities module. This modularity allows each
component to be studied, replaced, or improved in isolation
without requiring changes to the rest of the system. It also
facilitates targeted ablation studies — for example, replacing the
hierarchical reasoning engine with a flat transformer baseline
or swapping the 3D convolutional tokenizer for a different
spatiotemporal representation. Looking forward, the modular
design provides a clear interface for future extensions such
as higher-resolution output, longer video sequences, audio
integration, or the incorporation of diffusion-based refinement
in latent space.

II. RELATED WORK

This section reviews the key areas of prior work that
directly inform the design and motivation of TTV-HRM.
We organize the discussion into five themes: text-to-video



generation, efficient generative models, hierarchical and multi-
scale architectures, spatiotemporal video representations, and
transformer efficiency techniques.

A. Text-to-Video Generation

The task of generating video from text descriptions has
evolved rapidly over the past several years, driven by advances
in both generative modeling and large-scale multimodal datasets.
Early approaches to video generation relied on generative
adversarial networks (GANs) [28, 29], which demonstrated
the feasibility of synthesizing short clips but struggled with
temporal coherence, training instability, and generalization to
diverse text conditions. Recurrent architectures such as convo-
lutional LSTMs [39] were also explored for modeling temporal
dynamics, but their sequential nature limited scalability to
longer sequences.

The introduction of transformer-based autoregressive models
brought a significant leap forward. VideoGPT [24] demon-
strated that discrete video tokens, produced by a VQ-VAE [36],
could be modeled autoregressively using a GPT-style decoder to
generate temporally coherent clips. NUWA [26] and CogVideo
[25] extended this paradigm to text-conditioned generation
by training on large text-video paired datasets, showing that
language descriptions could meaningfully guide autoregressive
video synthesis. However, these methods require very large
model capacities and extensive training data to produce visually
convincing results.

Diffusion-based models have since become the dominant
paradigm for high-quality video generation. Video Diffusion
Models [22] extended the denoising diffusion probabilistic
framework [31] from images to video by modeling joint
space-time distributions. Make-A-Video [19] demonstrated
that knowledge from text-to-image diffusion models could
be transferred to video generation without requiring text-video
paired training data, achieving impressive visual quality. Imagen
Video [21] and VideoCrafter [20] further pushed quality through
cascaded diffusion pipelines and high-resolution refinement
stages. More recently, Stable Video Diffusion [23] has shown
that latent diffusion models can be fine-tuned effectively for
video synthesis with strong temporal consistency.

Despite these advances, all of the above methods share
a critical limitation from the perspective of this work: they
require substantial computational resources. Training these
models typically demands dozens to hundreds of high-end
GPUs over days or weeks, and even inference requires multi-
gigabyte GPU memory allocations that exceed the capacity of
commodity hardware. TTV-HRM addresses this gap directly by
pursuing a lightweight autoregressive framework that achieves
meaningful T2V results on a single T4 GPU, making the
problem accessible to a much broader research community.

B. Efficient and Lightweight Generative Models

A growing body of work has explored how to reduce the
computational cost of generative models without sacrificing
quality. In the image domain, techniques such as latent diffusion
[30] moved the denoising process from pixel space into

a compressed latent space, drastically reducing the spatial
resolution at which diffusion operates and enabling high-
quality generation on single consumer GPUs. MobileStyleGAN
[58] and TinyGAN [56] demonstrated that GAN-based image
generators could be substantially compressed through knowl-
edge distillation and architecture search while retaining visual
fidelity.

In the video domain, efficiency has been pursued through
several strategies. Temporal factorization [59] separates spatial
and temporal modeling into distinct sub-networks, reducing
joint space-time complexity. Token pruning and sparse attention
mechanisms [38] reduce the effective sequence length processed
by transformers at each step. Lightweight video autoencoders
have been designed to compress video into compact latent
representations [37], enabling transformer-based generation to
operate on a much smaller number of tokens.

TTV-HRM contributes to this line of work by combining a
compact 3D convolutional autoencoder for efficient spatiotem-
poral tokenization with a hierarchical reasoning engine that
limits the number of transformer forward passes through learned
early stopping. Together, these choices yield a system that
requires fewer than 4 GB of GPU memory during inference,
placing it within reach of widely available cloud and local
hardware.

C. Hierarchical and Multi-Scale Architectures

The principle of organizing computation into hierarchical
levels of abstraction has a long history in both vision and
generative modeling. In visual recognition, hierarchical con-
volutional networks such as AlexNet [41] and VGG [42]
demonstrated that stacking layers of increasing receptive field
naturally builds representations from edges and textures at
lower levels to objects and scenes at higher levels. Feature
pyramid networks [15] and U-Net architectures [16] formalized
multi-scale processing by explicitly constructing representations
at multiple spatial resolutions and combining them through
skip connections.

In generation, hierarchical and cascaded approaches have
been widely adopted to improve quality and efficiency. Pro-
gressive growing of GANs [18] demonstrated that generating
images first at low resolution and then progressively increasing
resolution yields more stable training and sharper results.
Cascaded diffusion models [33] apply a similar idea by using
a sequence of separate diffusion models operating at increasing
resolutions. DALL-E 2 [34] uses a hierarchical pipeline of
CLIP embeddings, a diffusion prior, and a decoder, separating
semantic and perceptual levels of generation.

In the context of video transformers, hierarchical vision
transformers such as Swin Transformer [14] and the architecture
studied by Pan et al. [13] demonstrated that multi-scale
attention, organized into local windows at fine scales and
global attention at coarse scales, improves both accuracy
and computational efficiency. TTV-HRM draws directly on
these insights but applies the hierarchical principle in a novel
way: rather than operating at multiple spatial resolutions,
it interleaves high-level and low-level transformer blocks



that process the same latent sequence at different levels of
abstraction, with bidirectional guidance between levels. This
avoids the memory cost of maintaining multiple resolution
representations while still achieving the semantic-to-detail
refinement benefit of hierarchical processing.

D. Spatiotemporal Video Representations

Effective video generation depends critically on how video
data is represented and compressed. Early work by Tran
et al. [35] showed that 3D convolutional networks, which
apply learned filters jointly across space and time, capture
spatiotemporal features more effectively than networks that
process spatial and temporal dimensions separately. This finding
motivated the widespread adoption of 3D convolutions as a
foundation for video understanding and has more recently
informed video generative models that require compact latent
representations of video clips.

Vector-quantized video autoencoders, such as those used
in VideoGPT [24] and MAGVIT [37], compress video into
discrete token sequences suitable for autoregressive modeling.
While powerful, discrete tokenization introduces quantization
artifacts and complicates gradient flow during joint training.
Continuous latent representations, as used in latent diffusion
[30] and in our work, avoid these artifacts and allow smooth
gradient-based optimization throughout the entire pipeline.

TTV-HRM employs a continuous 3D convolutional autoen-
coder that compresses 8-frame, 32×32 video clips into a
sequence of 32 latent tokens of 256 dimensions each, achieving
a 95% reduction in data volume while preserving essential
spatiotemporal structure. The continuous latent space also
facilitates the iterative refinement performed by the hierar-
chical reasoning engine, where small gradient-driven updates
accumulate across reasoning steps without the discontinuities
introduced by discrete quantization.

E. Transformer Efficiency Techniques

The transformer architecture [1] has become the dominant
framework for sequence modeling across language, vision, and
multimodal tasks. However, the quadratic complexity of self-
attention with respect to sequence length poses a significant
challenge for long or high-dimensional sequences such as those
arising in video generation. A range of techniques has been
developed to address this.

Rotary positional embeddings (RoPE) [7] encode positional
information directly into the attention computation through
rotation matrices applied to query and key vectors, providing
better length generalization than absolute or learned positional
encodings and improving performance on sequences longer
than those seen during training. TTV-HRM adopts RoPE in
both its high-level and low-level transformer blocks to ensure
robust positional reasoning across the latent token sequence.

SwiGLU activations [8], a variant of gated linear units
combined with the Swish nonlinearity, have been shown to
consistently outperform standard ReLU and GELU activations
in transformer feed-forward layers across a range of tasks,
improving both training convergence and final model quality.

TTV-HRM uses SwiGLU in all feed-forward sub-layers of
both the text encoder and the hierarchical reasoning engine.

FlashAttention [9] and its successor FlashAttention-2 [10]
reformulate the attention computation to exploit GPU memory
hierarchy more efficiently, reducing memory reads and writes
through tiling and recomputation. While TTV-HRM does not
currently implement FlashAttention, its adoption is identified
as a straightforward and high-impact future optimization that
would further reduce memory usage and increase throughput,
particularly when scaling to higher resolutions or longer
sequences.

Layer normalization [11], gradient checkpointing [48], and
weight decay regularization via AdamW [46] round out the
set of standard efficiency and stability techniques employed
throughout the model. Together, these components form a well-
tested toolkit for training compact, well-behaved transformers
on limited hardware, and their combination in TTV-HRM
reflects a careful co-design of architecture and training pro-
cedure to maximize what is achievable within tight resource
constraints.

Taken together, the related work reviewed in this section
makes clear that while each of the individual components used
in TTV-HRM has precedent in the literature, their combination
into a unified, resource-constrained, hierarchically-reasoning
T2V framework represents a novel contribution. No prior work
has directly addressed the problem of performing coherent
text-to-video generation on a single commodity GPU through
an interleaved hierarchical reasoning mechanism with learned
early stopping, and it is this specific combination that defines
the original contribution of this paper.

III. SYSTEM OVERVIEW

TTV-HRM is built around a clean and modular pipeline that
transforms a natural language prompt into a short video clip
through four tightly integrated components. Each component
addresses a specific sub-problem in the generation process,
and together they form a unified end-to-end system that is
efficient enough to run on a single commodity GPU. This
section describes what each component does and why it is
designed the way it is. The complete architecture is illustrated
in Figure 1 and the training and evaluation pipeline is shown
in Figure 2.

Text Encoder. The text encoder is responsible for converting
the input natural language prompt into a set of dense vector
representations that will guide every subsequent stage of video
generation. It uses the GPT-2 byte-pair encoding tokenizer [2]
with a vocabulary of 50,257 tokens to convert the raw text into
a token sequence of up to 77 tokens. These tokens are then
processed by a compact three-layer non-causal transformer,
which applies bidirectional self-attention so that every token
position can attend to all others, producing richer contextual
representations than a causal left-to-right encoding would allow.
The output is a fixed-length sequence of 256-dimensional
embedding vectors that capture the semantic intent and syntactic
structure of the prompt. These embeddings are injected into the



hierarchical reasoning engine at every refinement step via cross-
attention, ensuring that the entire generation process remains
tightly conditioned on the input description.

Video Processing Module. Raw video frames contain
far more pixel-level information than a compact transformer
can efficiently process. This module addresses that problem
through a 3D convolutional autoencoder that compresses and
reconstructs video data in a way that preserves spatiotemporal
structure while drastically reducing dimensionality. The en-
coder, or tokenizer, takes an input clip of 8 frames at 32×32
resolution and downsamples it through a series of strided 3D
convolutions into a compact sequence of 32 latent tokens,
each of 256 dimensions. This represents a 95% reduction
in data volume while retaining the essential motion and
appearance patterns needed for generation. The decoder, or
detokenizer, mirrors this process in reverse using transposed
3D convolutions to upsample the latent token sequence back to
full pixel-space frames, maintaining temporal continuity across
the reconstructed clip. Crucially, the latent space is continuous
rather than quantized, which allows smooth gradient flow during
joint training and avoids the reconstruction artifacts that often
accompany discrete tokenization schemes [36].

Hierarchical Reasoning Engine. This is the core generative
component of the system and the primary technical contribu-
tion of TTV-HRM. Rather than generating the latent video
representation in a single transformer forward pass, this engine
performs iterative refinement through interleaved high-level
(H) and low-level (L) transformer blocks. The H layer attends
to global structure, long-range temporal relationships, and
coarse semantic layout, while the L layer refines fine-grained
spatial patterns and local motion dynamics. These two layers
communicate bidirectionally through cross-attention: top-down
signals from H guide L to keep local details semantically
consistent, while bottom-up feedback from L allows H to update
its global representation as fine details emerge. Both layers
are equipped with rotary positional embeddings (RoPE) [7] for
robust positional reasoning and SwiGLU feed-forward networks
[8] for enhanced representational capacity. Text conditioning
embeddings from the text encoder are injected into both layers
at every step, ensuring the refinement process remains anchored
to the original prompt throughout. This iterative, bidirectionally-
guided hierarchy enables the model to build coherent video
representations progressively, from coarse semantic layout to
fine spatiotemporal detail, at a fraction of the cost of a deeper
single-pass architecture.

Quality Assessment and Convergence Module. During
training and evaluation, generation quality is assessed frame-
wise using Fréchet Inception Distance (FID) [43], computed
from Inception-v3 [44] feature statistics extracted from real
and generated frames. Lower FID values indicate that the
distribution of generated frames is closer to the distribution of
real frames in terms of both visual realism and diversity. Beyond
evaluation, this module plays an active role during inference
through a learned convergence predictor — a lightweight two-
layer MLP with a sigmoid output — that estimates whether the
current latent representation has sufficiently stabilized after

each reasoning step. When this confidence score exceeds
a threshold of 0.5, refinement terminates early, avoiding
unnecessary computation. In practice, this reduces the average
number of reasoning iterations from the maximum of three
to approximately 2.1, yielding a measurable gain in inference
efficiency without any degradation in output quality.

The four components described above are grounded in a
set of well-established architectural building blocks from the
broader literature. The transformer [1] forms the backbone
of both the text encoder and the reasoning engine, benefiting
from decades of optimization and widespread adoption across
language and vision tasks. Vision Transformers [3] demon-
strated that pure attention-based architectures are competitive
with convolutional networks for visual representation, and their
success motivated the use of transformer blocks for processing
latent video tokens in TTV-HRM. The 3D convolutional
video tokenizer builds on the foundational work of Tran et
al. [35], who showed that joint spatiotemporal convolutions
capture motion and appearance features more effectively
than processing space and time separately. Large-scale T2V
systems such as Make-A-Video [19] and VideoCrafter [20]
provide important context for what the field has achieved with
unconstrained compute, and they sharpen the motivation for
TTV-HRM by illustrating just how wide the accessibility gap
currently is. The latent diffusion framework [30] demonstrated
that operating in compressed latent spaces, rather than pixel
space, is a powerful strategy for making generative models both
more efficient and more trainable — an insight that directly
informs the design of the video tokenizer in this work.

Combining these foundations with the novel hierarchical rea-
soning mechanism and resource-aware optimizations described
in the following sections, TTV-HRM establishes a practical and
principled approach to text-to-video generation on commodity
hardware.

IV. MODEL ARCHITECTURE

The TTV-HRM architecture is designed around a single guid-
ing principle: every component must contribute meaningfully
to generation quality while remaining within the strict memory
and compute budget of a single NVIDIA T4 GPU. The pipeline
transforms a natural language prompt into a short video clip of
8 frames at 32×32 resolution through four sequential stages —
text encoding, video tokenization, hierarchical latent refinement,
and video reconstruction — each of which is described in
detail in this section. The complete architecture is illustrated
in Figure 1.

At a high level, the generation process proceeds as follows.
First, the input text prompt is tokenized and encoded into
a sequence of fixed-dimensional conditioning vectors by a
compact transformer-based text encoder. Second, during train-
ing, a real target video clip is compressed into a sequence of
latent tokens by a 3D convolutional encoder; during inference,
the initial latent sequence is sampled from a standard normal
distribution. Third, the hierarchical reasoning engine performs
up to three iterative refinement steps over this latent sequence,
alternating between a high-level transformer layer that attends



to global structure and a low-level transformer layer that refines
fine-grained detail, with both layers receiving continuous text
conditioning via cross-attention and providing mutual guidance
to each other. After each step, a lightweight convergence
predictor decides whether further refinement is necessary; if
not, generation terminates early. Fourth, the final refined latent
sequence is decoded by a 3D transposed convolutional network
back into pixel-space video frames. The following subsections
describe each of these stages in precise detail.

A. Text Encoder

The text encoder converts the input natural language prompt
into a sequence of dense vector representations that condition
every stage of the video generation process. Its design reflects
a deliberate trade-off: it must produce sufficiently rich semantic
embeddings to guide generation faithfully, but it must do
so with minimal memory and compute overhead so that the
majority of the model’s capacity budget can be allocated to
the reasoning engine.

The encoder begins by tokenizing the input prompt using
the GPT-2 byte-pair encoding tokenizer [2], which covers a
vocabulary of 50,257 subword units and handles a wide range
of natural language prompts robustly. Prompts are truncated or
padded to a fixed maximum length of 77 tokens, consistent with
the convention established by CLIP [5] and widely adopted
in text-conditioned generative models. Each token index is
mapped to a 256-dimensional embedding vector through a
learned embedding lookup table. Positional information is then
added using absolute sinusoidal encodings [1], which ensure
the model remains sensitive to the order of words in the prompt
without introducing additional learned parameters.

The embedded token sequence is passed through three
transformer encoder layers. Each layer consists of a multi-head
self-attention sub-layer with 8 attention heads, a SwiGLU-
activated feed-forward sub-layer [8] with an internal expansion
factor of 2.0, and pre-layer normalization [11] applied before
each sub-layer for training stability. Crucially, the self-attention
in the text encoder uses a non-causal, bidirectional attention
mask, meaning every token position can attend freely to all
other positions in both directions. This is a deliberate departure
from the causal masking used in the original GPT-2 model,
which was designed for left-to-right text generation. For the
purpose of producing conditioning embeddings, bidirectional
attention yields richer contextual representations because each
token’s embedding can incorporate information from the entire
prompt rather than only from preceding tokens.

The output of the text encoder is a matrix of shape 77×256,
representing one 256-dimensional vector for each input token
position. This matrix is subsequently used as the key and
value inputs in the cross-attention layers of both the high-
level and low-level transformer blocks within the hierarchical
reasoning engine. By injecting these embeddings at every
reasoning step through cross-attention, the model ensures
that the iterative refinement of the latent video representation
remains consistently anchored to the semantic content of the
input prompt throughout the entire generation process. Despite

its lightweight design of only three layers and 256-dimensional
hidden states, the text encoder provides conditioning signals
that are competitive with those of substantially larger pre-
trained encoders for the constrained vocabulary of motion and
object descriptions typical of short video prompts.

B. Video Tokenizer and Detokenizer

Raw video data is computationally prohibitive to process
directly with transformer architectures. A clip of 8 frames at
32×32 resolution with 3 color channels contains 8×32×32×
3 = 24,576 scalar values. Processing this as a flat sequence
of tokens would require a sequence length far beyond what is
tractable for attention-based models on constrained hardware.
The video tokenizer addresses this by compressing the raw
video into a compact sequence of 32 latent tokens, each of 256
dimensions, reducing data volume by approximately 95% while
retaining the spatiotemporal structure essential for coherent
video generation. The detokenizer symmetrically reconstructs
the pixel-space frames from this latent representation.

The design of both components is inspired by the founda-
tional work of Tran et al. on 3D convolutional networks for
spatiotemporal feature learning [35], which demonstrated that
applying convolutional filters jointly across space and time
captures motion and appearance patterns far more effectively
than processing the spatial and temporal dimensions indepen-
dently. A key design decision is to use a continuous rather
than discrete latent space. Vector-quantized approaches such
as VQ-VAE [36] and MAGVIT [37] discretize the latent space
into a fixed codebook, which is well-suited for autoregressive
token-by-token generation but introduces quantization artifacts
and complicates gradient flow during joint end-to-end training.
Because TTV-HRM trains the tokenizer, detokenizer, and
reasoning engine jointly, a continuous latent space is strongly
preferable: it allows smooth, uninterrupted gradient propagation
from the pixel-space reconstruction loss all the way back
through the reasoning engine to the tokenizer weights.

1) Tokenizer: The tokenizer takes as input a video tensor
of shape T ×C ×H ×W , where T = 8 frames, C = 3 color
channels, and H = W = 32 pixels. It applies a cascade of
four strided 3D convolutional blocks that progressively reduce
spatial and temporal resolution while expanding the channel
dimension to capture increasingly abstract spatiotemporal
features.

The first block applies a 3D convolution with kernel size
3×4×4 and stride 1×2×2. The spatial stride of 2 halves both
the height and width from 32 to 16 pixels, while the temporal
stride of 1 preserves all 8 frames at this stage, allowing the
model to first compress spatial redundancy before addressing
temporal redundancy. The number of output channels is
expanded from 3 to 64, giving the network capacity to represent
a rich set of local spatiotemporal features.

The second block applies a 3D convolution with stride
1×2×2, further halving spatial resolution to 8×8 while keeping
the temporal dimension at 8 frames and expanding channels to
128. The third block uses stride 2×2×2, simultaneously halving
both spatial resolution to 4×4 and temporal resolution to 4



Fig. 1. Overview of the TTV-HRM architecture. The text encoder produces conditioning embeddings from the input prompt. The 3D convolutional tokenizer
compresses input video frames into a compact latent token sequence. The hierarchical reasoning engine iteratively refines this sequence through interleaved
high-level (H) and low-level (L) transformer blocks, each receiving text conditioning via cross-attention and providing mutual guidance to the other. A
lightweight sigmoid-based convergence predictor enables early stopping. The final latent sequence is decoded by the 3D transposed convolutional detokenizer
to produce the output video frames.



frames, with channels expanded to 256. The fourth and final
block applies stride 2×1×1, halving the temporal dimension
to 2 frames while maintaining the spatial resolution at 4×4
and the channel count at 256.

Each convolutional block is followed by a residual con-
nection [40] that adds the block’s input to its output (with
a 1×1×1 projection convolution to match dimensions where
necessary), which stabilizes gradient flow through the deep
encoder. Layer normalization [11] is applied after each residual
addition. After the fourth block, the output feature map has
shape 2×256×4×4. This is flattened along the temporal and
spatial dimensions — 2× 4× 4 = 32 positions — to produce
a sequence of 32 tokens, each a 256-dimensional vector. This
compact sequence is the input to the hierarchical reasoning
engine.

2) Detokenizer: The detokenizer reconstructs pixel-space
video frames from the refined latent token sequence produced
by the reasoning engine. Its architecture mirrors the tokenizer
in reverse, using transposed 3D convolutions (also known as
fractionally-strided convolutions) to progressively upsample
both spatial and temporal dimensions back to their original
values.

The input latent sequence of 32 tokens, each 256-
dimensional, is first reshaped into a 3D feature tensor of shape
2×256×4×4, reversing the flattening operation applied at the
end of the tokenizer. Four transposed 3D convolutional blocks
then upsample this tensor. The first block uses stride 2×1×1
to expand the temporal dimension from 2 to 4 while keeping
spatial resolution at 4×4 and reducing channels from 256 to
128. The second block uses stride 2×2×2 to simultaneously
double the temporal dimension to 8 and the spatial resolution
to 8×8, further reducing channels to 64. The third block
uses stride 1×2×2 to upsample spatial resolution to 16×16,
with channels reduced to 32. The fourth block uses stride
1×2×2 to reach the target spatial resolution of 32×32, with
channels reduced to 16. A final 3×3×3 convolutional layer
maps the 16-channel output to 3 color channels, and a tanh
activation constrains pixel values to the range [−1, 1], consistent
with the normalization applied during preprocessing. Residual
connections and layer normalization are applied throughout the
detokenizer in the same manner as in the tokenizer, ensuring
stable and faithful reconstruction.

The tokenizer and detokenizer are trained jointly with the
hierarchical reasoning engine end-to-end using mean squared
error (MSE) in pixel space as the primary reconstruction loss.
This joint training encourages the tokenizer to produce latent
representations that are not only compact but also specifically
well-suited to the iterative refinement process of the reasoning
engine, and it encourages the detokenizer to faithfully recover
temporal continuity and spatial detail from the refined latents.

C. Hierarchical Reasoning Engine

The hierarchical reasoning engine is the central and most
novel component of TTV-HRM. It takes the compact latent
token sequence produced by the video tokenizer and iteratively
refines it through a structured alternation of high-level and

low-level transformer processing, guided at every step by the
text conditioning embeddings from the text encoder. The design
is motivated by the well-established observation that coherent
visual scenes are most naturally constructed from the top
down — global structure and semantic identity are established
first, and fine-grained spatial and temporal detail is filled in
progressively [13, 17]. By encoding this principle directly into
the architecture, TTV-HRM achieves temporal consistency and
semantic fidelity that would otherwise require a substantially
larger single-pass model.

1) Initialization: At the start of generation, the latent
sequence is initialized by sampling from a standard normal
distribution, z0 ∼ N (0, I), where z0 ∈ R32×256. This random
initialization represents the model’s prior over the latent video
space before any text conditioning has been applied. During
later training stages, the initialization can be replaced by a
learned prior mean conditioned on the text embeddings, which
can accelerate convergence by starting the refinement process
closer to the target distribution. Text conditioning embeddings
c ∈ R77×256 from the text encoder are prepared at this stage
and held fixed throughout all reasoning iterations, ensuring
consistent semantic guidance.

2) Iterative Refinement: The engine performs up to K = 3
iterative refinement steps. At each step k, the current latent
sequence z(k) is updated through a two-stage process involving
first the low-level (L) layer and then the high-level (H) layer.

In the first stage, the low-level transformer blocks process
z(k) to produce an updated representation z

(k)
L that emphasizes

fine-grained spatiotemporal patterns. The L blocks attend to
local motion dynamics, precise object boundaries, and frame-
to-frame detail consistency. Critically, the L blocks receive two
sources of external guidance through cross-attention: the text
conditioning embeddings c, which keep local details aligned
with the semantic content of the prompt, and the current high-
level representation z

(k−1)
H from the previous iteration (or a

learned initialization at k = 0), which provides top-down
structural guidance to prevent local detail generation from
diverging from the global semantic layout.

In the second stage, the high-level transformer blocks process
the updated low-level representation z

(k)
L to produce an updated

high-level representation z
(k)
H that captures global structure

and long-range temporal semantics. The H blocks attend to
overall scene composition, object identity persistence across
frames, and the broad narrative arc of the clip. They also
receive cross-attention to the text conditioning embeddings c

and to the freshly updated z
(k)
L , allowing bottom-up feedback

from emerging fine-grained details to inform the global
representation.

The updated latent sequence at the end of step k is taken as
the output of the L blocks, z(k+1) = z

(k)
L , since the L blocks

operate at the full token resolution and produce the most detail-
rich representation. The H blocks produce an internal guidance
representation that informs subsequent L-block processing but
does not directly constitute the output.

Both the H and L transformer blocks share the same



internal architecture. Each block consists of a multi-head self-
attention sub-layer with 8 attention heads and rotary positional
embeddings (RoPE) [7], a multi-head cross-attention sub-layer
that attends to the text and guidance embeddings, and a
SwiGLU feed-forward sub-layer [8] with an expansion factor
of 2.0. Pre-layer normalization [11] is applied before each
sub-layer, and residual connections are used throughout.

RoPE encodes positional information by rotating the query
and key vectors in the attention computation by an angle
proportional to their position in the sequence. This approach
provides relative positional awareness without requiring sepa-
rate positional embedding parameters, and it generalizes well to
sequence lengths not seen during training [7] — an important
property for a model that may eventually be applied to longer
video sequences. SwiGLU replaces the standard two-matrix
feed-forward layer with a gated variant in which one linear
projection is passed through a Swish activation [60] and
used to gate the output of a second linear projection. This
gating mechanism provides the network with a learned, input-
dependent selection of which features to amplify, consistently
improving over standard ReLU and GELU activations across
a range of transformer benchmarks [8].

3) Early Stopping via Convergence Prediction: Performing
all three refinement steps unconditionally at every inference
call wastes computation when the latent representation has
already converged to a stable, high-quality solution after
one or two steps. To avoid this, TTV-HRM incorporates a
lightweight convergence predictor that dynamically decides
when to terminate refinement.

The predictor is a two-layer MLP. Its input is a compact sum-
mary statistic of the current latent sequence z(k), specifically
the concatenation of the per-token mean and variance across the
256-dimensional feature dimension, yielding a 64-dimensional
input vector. During training, the predictor is supervised with
a binary convergence label: the label is 1 if the relative change
in pixel-space reconstruction MSE between step k and step
k − 1 falls below a threshold of 5%, and 0 otherwise. The
predictor is trained with binary cross-entropy loss, added to the
main reconstruction loss with a small weight of 0.1 to avoid
interfering with the primary training objective.

At inference, the predictor’s sigmoid output is evaluated
after each reasoning step. If the predicted convergence con-
fidence exceeds 0.5, refinement terminates and the current
latent sequence is passed to the detokenizer. In practice, this
mechanism reduces the average number of reasoning steps from
the maximum of 3 to approximately 2.1 to 2.3, representing
a reduction in reasoning-stage computation of approximately
25% without any measurable degradation in output quality, as
confirmed by the FID scores reported in Section VI.

4) Final Detokenization: Once refinement has terminated —
either through early stopping or after reaching the maximum
of three steps — the final latent sequence z(K) ∈ R32×256 is
passed to the video detokenizer. As described in Section IV-B,
the detokenizer reshapes and upsamples this sequence back
to full pixel-space resolution through four transposed 3D
convolutional blocks, producing the output video clip of 8

frames at 32×32 resolution with pixel values in [−1, 1].
The full refinement process can be summarized concisely. Let

z(0) ∼ N (0, I) be the initial latent, c be the text conditioning
embeddings, and fL and fH denote the low-level and high-level
transformer functions respectively. For each step k = 1, . . . ,K:

z
(k)
L = fL

(
z(k−1), c, z

(k−1)
H

)
(1)

z
(k)
H = fH

(
z
(k)
L , c, z

(k)
L

)
(2)

z(k) = z
(k)
L (3)

If the convergence predictor signals termination after step
k, generation stops and z(k) is decoded to produce the output
video. This bidirectional coupling between fL and fH — top-
down guidance flowing from H to L, and bottom-up feedback
flowing from L to H — is the key mechanism that enables
TTV-HRM to progressively build coherent video content from
global semantic structure down to fine spatiotemporal detail,
within a bounded and predictable computational budget.

V. TRAINING, IMPLEMENTATION, AND EXPERIMENTAL
SETUP

This section describes the complete training procedure,
implementation details, computational optimizations, dataset
preparation, and hyperparameter configuration of TTV-HRM.
The full training and evaluation pipeline is illustrated in
Figure 2.

A. Loss Function

TTV-HRM is trained end-to-end with a single primary
objective: minimizing the mean squared error (MSE) between
the ground-truth video frames and the frames reconstructed
from the final refined latent sequence. This pixel-space recon-
struction loss provides direct supervision to every component
of the pipeline simultaneously — the text encoder, the video
tokenizer, the hierarchical reasoning engine, and the detokenizer
— because all components participate in the computation graph
that produces the reconstructed frames.

Formally, given a batch of target video clips and their
corresponding text prompts, the loss is computed as:

Lrec =
1

B · T ·H ·W · C

B∑
b=1

T∑
t=1

H∑
h=1

W∑
w=1

C∑
c=1

(yb,t,h,w,c − ŷb,t,h,w,c)
2
,

(4)
where B is the batch size, T = 8 is the number of frames,

H = W = 32 is the spatial resolution, C = 3 is the
number of color channels, yb,t,h,w,c is the ground-truth pixel
value, and ŷb,t,h,w,c is the corresponding reconstructed pixel
value produced by passing the text-conditioned refined latent
sequence through the detokenizer.

The convergence predictor described in Section IV-C is
trained jointly with a binary cross-entropy auxiliary loss:

Lhalt = − 1

K

K∑
k=1

[ck log p̂k + (1− ck) log(1− p̂k)] , (5)



Fig. 2. Training and evaluation pipeline of TTV-HRM. During training, real video clips are tokenized, refined through the hierarchical reasoning engine under
text conditioning, and reconstructed for pixel-space supervision via MSE loss. Gradient accumulation and checkpointing are used throughout to respect T4
memory constraints. Evaluation is performed after each epoch using frame-wise FID computed from Inception-v3 features, with the best checkpoint saved and
optionally uploaded to Hugging Face Hub. A time-aware stopping mechanism ensures training terminates cleanly within available session limits.



where K is the number of reasoning steps taken, ck ∈ {0, 1}
is the binary convergence label at step k (set to 1 if the relative
change in reconstruction MSE between steps k and k− 1 falls
below 5%), and p̂k is the sigmoid output of the convergence
predictor at step k. The total training loss is:

L = Lrec + λLhalt, (6)

where λ = 0.1 is a small weight that ensures the conver-
gence prediction objective does not interfere with the primary
reconstruction task. No perceptual losses, adversarial losses,
or feature-matching terms are used. This deliberate simplicity
keeps the training procedure stable and reproducible, which
is especially important when operating on limited hardware
where training instability can be costly to diagnose and recover
from.

B. Optimization

The model is optimized using AdamW [46], a variant of
the Adam optimizer [47] that applies weight decay directly to
the parameters rather than incorporating it into the gradient
update. This decoupling of weight decay from the adaptive
learning rate is known to improve generalization, particularly
for transformer architectures [46]. The weight decay coefficient
is set to 0.01. The first and second moment decay rates are set
to the standard values of β1 = 0.9 and β2 = 0.999.

The learning rate follows a linear warmup schedule: it
increases linearly from 0 to the peak value of 1× 10−4 over
the first 500 training steps, after which it remains constant
for the remainder of training. The warmup period allows the
optimizer’s moment estimates to stabilize before large gradient
updates are applied, which is particularly beneficial in the
early stages of training when the model’s random initialization
produces high-variance gradients. The peak learning rate of
1 × 10−4 was selected through preliminary experiments on
the training set as the highest value that maintains stable
loss convergence on a T4 GPU with the batch configuration
described below.

Gradient clipping with a maximum norm of 1.0 is applied
before each optimizer step to prevent occasional large gradient
spikes — which can occur during the early stages of joint
training when the tokenizer and reasoning engine are still far
from a jointly consistent solution — from destabilizing the
optimization trajectory.

Due to the T4 GPU’s 16 GB VRAM limit, direct training
with large batch sizes is not feasible. We use a physical batch
size of 2 samples per GPU step, combined with gradient
accumulation over 8 steps, yielding an effective batch size
of 16. Gradient accumulation works by summing gradients
across multiple forward and backward passes before performing
a single optimizer update, achieving the statistical benefits of
a larger batch without requiring the corresponding memory to
hold all samples simultaneously.

C. Computational Optimizations

Training and running large neural networks on constrained
hardware requires careful attention to memory management

and computational efficiency. TTV-HRM employs a suite of
complementary optimizations that collectively make it possible
to train a 115-million parameter model within the 16 GB
VRAM budget of a T4 GPU.

TensorFloat-32 Precision. All matrix multiplication
operations — which dominate the computation in
attention layers and feed-forward networks — use
TensorFloat-32 (TF32) arithmetic, enabled via PyTorch’s
torch.backends.cuda.matmul.allow_tf32 flag.
TF32 uses the same 8-bit exponent range as full 32-bit floating
point but reduces the mantissa precision from 23 bits to 10
bits. This reduction allows NVIDIA Ampere-generation GPUs
to process TF32 matrix multiplications up to 10× faster than
full FP32, with negligible impact on final model quality for
the types of operations used in TTV-HRM [61].

CuDNN Benchmarking. PyTorch’s CuDNN benchmarking
mode (torch.backends.cudnn.benchmark = True)
is enabled at the start of training. This causes CuDNN to profile
multiple candidate algorithms for each unique convolution
and attention kernel configuration encountered during the first
few training steps and then cache the fastest algorithm for
subsequent use. For the mix of 3D convolutions and transformer
operations in TTV-HRM, this can reduce per-step wall time
by 10–20% depending on the specific T4 instance and driver
version.

Gradient Checkpointing. Backpropagation through deep
transformer stacks requires storing the intermediate activations
of every layer for use in the backward pass, which consumes
memory proportional to the product of the model depth and the
sequence length. Gradient checkpointing [48] addresses this
by not storing intermediate activations during the forward pass
and instead recomputing them on demand during the backward
pass. This trades a roughly 20% increase in computation for a
reduction in activation memory of approximately 40%, which
is critical for fitting the hierarchical reasoning engine within the
T4’s memory budget. Gradient checkpointing is applied to all
transformer blocks in both the text encoder and the reasoning
engine.

Streaming Data Loading and In-Memory Caching. The
dataset is loaded using PyTorch’s DataLoader with multiple
worker processes that decode and preprocess video clips in
parallel with the GPU compute. Decoded video tensors are
cached in shared CPU memory after the first access, avoiding
repeated disk I/O for the same clip across epochs. This is
particularly important for the small 50-pair training set used
in proof-of-concept experiments, where the entire dataset fits
comfortably in CPU RAM and can be served to the GPU
without any disk access after the first epoch.

Dynamic Batch Sizing and OOM Recovery. Variable-
length video clips from real-world datasets can occasionally
produce out-of-memory (OOM) errors even with careful
memory management, particularly when an unusually large clip
is encountered mid-epoch. TTV-HRM’s training loop includes
automatic OOM recovery: if a CUDA out-of-memory exception
is raised during a forward or backward pass, the offending
batch is caught, GPU memory is freed, and training continues



with a reduced batch size for that step. This robustness is
important for unattended training runs on cloud spot instances
where manual intervention is not practical.

Checkpoint Management. Model checkpoints are saved
in the SafeTensors format [63], which provides faster loading
and better memory safety compared to standard PyTorch .pt
files. The best checkpoint, defined as the one achieving the
lowest frame-wise FID on the evaluation split, is preserved
separately from periodic checkpoints saved every N epochs.
If a Hugging Face Hub token is provided, the best checkpoint
is automatically uploaded after each improvement, enabling
remote monitoring and recovery of training progress. A time-
aware stopping mechanism monitors remaining session time
and triggers a final checkpoint save and clean shutdown when
fewer than 30 minutes remain, preventing loss of training
progress at the end of cloud session limits.

D. Dataset and Preprocessing

TTV-HRM is trained on a curated subset of 50 diverse video-
text pairs assembled for proof-of-concept validation. The pairs
are drawn from publicly available video captioning benchmarks,
specifically subsets of MSR-VTT [50] and Kinetics-400 [51],
downsampled to the 32×32 target resolution. These datasets
provide a diverse range of visual content — including human
activities, object motions, and scene transitions — paired
with descriptive natural language captions, making them well-
suited for validating text-conditioned generation at small scale.
The deliberate choice of a small 50-pair dataset serves two
purposes: it keeps the computational cost of full training runs
within the T4 budget, and it provides a clear test of whether
the hierarchical reasoning mechanism can learn meaningful
generation from very limited supervision — a regime that is
practically relevant for many resource-constrained applications.

The dataset is split 90/10 into training (45 pairs) and
evaluation (5 pairs) subsets. The evaluation subset is held
out entirely during training and used only to compute FID
scores and qualitative samples at the end of each epoch. All
preprocessing is performed on-the-fly within the data loading
pipeline to minimize storage overhead and avoid the need for
a separate preprocessing stage.

Each video clip is preprocessed through the following steps.
First, the clip is decoded from its source format and uniformly
subsampled to exactly 8 frames by selecting frames at evenly
spaced intervals across the clip’s full duration, regardless of the
original frame rate or total length. This uniform subsampling
ensures temporal coverage of the full clip while producing a
fixed-length sequence compatible with the model’s temporal
architecture. Second, each of the 8 frames is center-cropped
to a square aspect ratio and then resized to 32×32 pixels
using bilinear interpolation. Center cropping removes peripheral
content that is less likely to contain the primary subject of the
clip, while preserving the aspect ratio of the central region.
Third, pixel values are normalized from the standard [0, 255]
integer range to the continuous range [−1, 1] by applying the
transformation x 7→ (x/127.5) − 1.0. This normalization is
consistent with the tanh output activation of the detokenizer and

TABLE I
KEY HYPERPARAMETERS OF TTV-HRM. ALL VALUES ARE SELECTED TO

BALANCE GENERATIVE CAPABILITY WITH THE MEMORY AND COMPUTE
CONSTRAINTS OF A SINGLE NVIDIA T4 GPU.

Parameter Value Description

Hidden Dimension 256 Embedding and feed-forward width
Attention Heads 8 Parallel heads; head dimension = 32
SwiGLU Expansion Factor 2.0 Feed-forward internal expansion [8]
Text Encoder Layers 3 Depth of bidirectional text encoder
H/L Transformer Layers 4–6 total Combined depth across H and L blocks
Vocabulary Size 50,257 GPT-2 BPE token coverage [2]
Maximum Text Length 77 tokens Prompt truncation length
Latent Token Dimension 256 Feature dimension per video token
Latent Sequence Length 32 tokens Spatiotemporal tokens after compression
Frame Count 8 Temporal length of generated clips
Spatial Resolution 32×32 Per-frame pixel resolution
Maximum Reasoning Steps 3 Upper bound on refinement iterations
Early Stopping Threshold 0.5 Convergence predictor confidence cutoff
Peak Learning Rate 1× 10−4 AdamW peak LR after warmup
LR Warmup Steps 500 Linear warmup duration
Weight Decay 0.01 AdamW regularization coefficient
Physical Batch Size 2 Samples per GPU step
Gradient Accumulation 8 steps Effective batch size = 16
Gradient Clip Norm 1.0 Maximum gradient norm
Convergence Loss Weight 0.1 Weight of Lhalt in total loss
Total Parameters ∼115M Full model parameter count
Checkpoint Size ∼480 MB Saved model footprint (SafeTensors)

ensures stable gradient magnitudes throughout the convolutional
autoencoder during training. Fourth, the corresponding text
caption for each clip is tokenized using the GPT-2 byte-pair
encoding tokenizer and truncated or padded with a special
padding token to a fixed length of 77 tokens. Truncation
discards tokens beyond position 77, which affects fewer than
3% of captions in the dataset given their typical lengths.

E. Hyperparameters

Table I provides a complete summary of TTV-HRM’s
key hyperparameters. Each value reflects a deliberate design
decision that balances generation quality against the hard
constraints of the T4 hardware budget.

The hidden dimension of 256 is the single most consequential
hyperparameter for controlling the model’s size. It determines
the width of all embedding tables, attention projections, and
feed-forward layers throughout the entire architecture. A value
of 256 was chosen as the largest dimension that keeps the total
parameter count near 115 million and peak training memory
below 8 GB on a T4. With 8 attention heads, each head
operates on a 32-dimensional subspace, which is consistent
with the per-head dimensionality used in standard transformer
configurations and provides sufficient expressiveness for the
sequence lengths involved.

The SwiGLU feed-forward expansion factor of 2.0 means
that the internal dimension of the feed-forward sub-layer is 2×
256 = 512. This is smaller than the factor of 4 commonly used
in large transformers [1], but the gating mechanism of SwiGLU
compensates for this reduced width by providing more selective
feature activation, maintaining competitive representational
capacity at lower parameter cost [8].



The maximum reasoning step count of 3 is a practical upper
bound determined by the observation that the convergence
predictor almost never requires all three steps in practice —
the average at the end of training is 2.1 steps, as reported
in Section VI. A maximum of 3 bounds the worst-case
inference cost while providing enough iterations for the
hierarchical refinement to converge on prompts that describe
more complex or unusual visual content. The early stopping
threshold of 0.5 is the natural decision boundary for the
sigmoid convergence predictor and was not extensively tuned,
as preliminary experiments showed that values between 0.4 and
0.6 produced nearly identical results in terms of both average
step count and output FID.

The spatial resolution of 32×32 pixels and temporal length of
8 frames are intentionally minimal, chosen to maximize training
speed and validate the hierarchical reasoning mechanism rather
than to produce visually impressive outputs at the current stage.
As discussed in Section VII, the architecture is designed to
scale naturally to higher resolutions and longer sequences as
additional compute becomes available, with the hierarchical
structure providing a principled framework for progressive
refinement at any target resolution.

VI. EXPERIMENTS AND RESULTS

This section presents the full experimental evaluation of TTV-
HRM, covering the experimental setup, quantitative training
progress, qualitative generation results, and a detailed analysis
of computational efficiency. Together, these results validate
three core claims of this work: that the hierarchical reasoning
mechanism improves generation quality over training, that
the learned convergence predictor provides genuine efficiency
gains, and that the entire system operates comfortably within
the constraints of a single commodity GPU.

A. Experimental Setup

All experiments are conducted on a single NVIDIA T4
GPU with 16 GB of VRAM, accessed through a standard
cloud instance at approximately $0.50 per hour. No multi-GPU
parallelism, model sharding, or specialized memory extensions
are used. The model is trained for 3 epochs on the 50-pair
video-text dataset described in Section V-D, with 45 pairs
used for training and 5 for evaluation. Training proceeds with
an effective batch size of 16 (physical batch size 2 with
8-step gradient accumulation), the AdamW optimizer with
peak learning rate 1× 10−4 and 500-step linear warmup, and
the combined reconstruction and convergence loss defined
in Equations 6. All computational optimizations described
in Section V-C — TF32 precision, CuDNN benchmarking,
gradient checkpointing, and streaming data loading — are
active throughout all experiments. The total wall-clock time
for a complete 3-epoch training run is approximately 4 hours,
incurring a cloud cost of roughly $2.

Three metrics are tracked throughout training and reported
at the end of each epoch. Reconstruction quality is measured
by the pixel-space MSE defined in Equation 4, computed on
the training set after each epoch. Visual realism is measured by

TABLE II
TRAINING PROGRESS METRICS FOR TTV-HRM MEASURED AT THE END OF
EACH EPOCH ON A SINGLE NVIDIA T4 GPU. RECONSTRUCTION MSE IS
COMPUTED ON THE TRAINING SET. FID IS COMPUTED FRAME-WISE ON THE

5-PAIR EVALUATION SPLIT USING INCEPTION-V3 FEATURES. AVERAGE
REASONING STEPS REFLECTS THE MEAN NUMBER OF HIERARCHICAL

REFINEMENT ITERATIONS TAKEN PER GENERATION CALL DUE TO EARLY
STOPPING.

Training Phase Recon. MSE ↓ FID ↓ Avg. Steps ↓

Epoch 1 (Early) 0.45 120.5 2.8
Epoch 2 (Mid) 0.32 85.2 2.3
Epoch 3 (Final) 0.28 62.1 2.1

frame-wise Fréchet Inception Distance (FID) [43], computed
on the evaluation split by extracting Inception-v3 [44] features
from both real and generated frames and comparing their
distributions. FID is computed independently for each of the
8 frame positions and then averaged, giving a single scalar
that reflects both per-frame visual quality and the diversity
of generated content across the evaluation prompts. Inference
efficiency is measured by the average number of reasoning
steps taken per generation call, reflecting how frequently
the convergence predictor terminates refinement before the
maximum of 3 steps.

B. Quantitative Results

Table II reports the three evaluation metrics at the end of
each training epoch. Figure 2 illustrates the corresponding
training and evaluation pipeline.

The reconstruction MSE decreases steadily from 0.45 after
the first epoch to 0.28 after the third, a reduction of 38%. This
monotonic improvement confirms that the joint training of the
tokenizer, reasoning engine, and detokenizer is proceeding
correctly and that the model is successfully learning to
compress, refine, and reconstruct video content in a way
that progressively reduces pixel-level error. The fact that
improvement continues meaningfully between epoch 2 and
epoch 3 — rather than plateauing — suggests that additional
training epochs would likely yield further gains, and that the
model has not yet reached the limit of what is learnable from
the 45-pair training set.

The frame-wise FID improves substantially across all three
epochs, falling from 120.5 to 85.2 to 62.1. This consistent
decline indicates that the distribution of frames generated by
TTV-HRM becomes progressively closer to the distribution
of real frames in Inception-v3 feature space, meaning the
generated content is becoming both more visually realistic
and more diverse. A final FID of 62.1 is relatively high by
the standards of large-scale T2V systems — state-of-the-art
methods such as Make-A-Video [19] report FID scores in the
range of 13–24 on standard benchmarks — but those systems
operate on full-resolution video with orders of magnitude more
parameters and training data. For a 115-million parameter
model trained on 45 video-text pairs at 32×32 resolution, a
final FID of 62.1 is a meaningful result that demonstrates
genuine learning of the visual distribution. Moreover, FID



computed at 32×32 resolution is known to be less reliable
than FID computed at standard resolutions such as 256×256,
because Inception-v3 was designed for higher-resolution inputs
and its feature representations are less discriminative at very low
resolutions [43]. The FID values reported here should therefore
be interpreted as relative indicators of training progress rather
than absolute measures of generation quality.

The average number of reasoning steps per generation call
decreases from 2.8 after epoch 1 to 2.1 after epoch 3. This
is a key validation of the convergence predictor: as training
progresses and the latent representations produced by the
reasoning engine become more stable and consistent across
iterations, the predictor correctly identifies earlier convergence
and terminates refinement sooner. The reduction from 2.8 to
2.1 average steps represents a 25% reduction in reasoning-stage
computation at inference time relative to always running the
maximum 3 steps. Importantly, this efficiency gain is achieved
without sacrificing generation quality — the FID continues to
improve even as the average step count decreases, confirming
that the early termination decisions are correctly identifying
cases where additional refinement would provide no benefit.

C. Qualitative Results

To evaluate the semantic and temporal quality of TTV-
HRM’s outputs beyond aggregate distributional metrics, we
conduct a qualitative assessment on a set of held-out text
prompts describing simple dynamic scenes. These prompts
were not seen during training and test the model’s ability to
generalize the motion and appearance concepts it has learned
to new textual descriptions. Given the 32×32 resolution and
8-frame duration of the output, fine-grained visual details such
as textures, facial features, or complex backgrounds are not
expected or evaluated. Instead, the assessment focuses on
four properties that are both meaningful at this scale and
directly relevant to the hierarchical reasoning mechanism:
semantic alignment (does the generated content correspond
to the described object and action?), temporal coherence (do
the frames form a smooth and consistent sequence?), object
persistence (does the object maintain its identity, shape, and
color across frames?), and motion fidelity (does the object
move in the direction and manner described?).

Example 1: “a red ball moving left to right.” The model
generates a sequence of 8 frames in which a circular red object
is clearly visible and translates horizontally from the left side
of the frame to the right side at a roughly uniform speed. The
object’s circular shape is preserved across all frames without
deformation, its red color remains consistent without bleeding
or fading, and its size stays constant, indicating that the low-
level transformer layer is successfully maintaining fine-grained
spatial identity across the temporal sequence. The motion
is smooth and continuous — there are no abrupt jumps or
oscillations between consecutive frames — which demonstrates
that the high-level transformer layer is enforcing a coherent
global motion trajectory throughout the refinement process.
The prompt’s core semantic elements, a red circular object

undergoing leftward-to-rightward translation, are all faithfully
represented in the output.

Example 2: “a blue square rotating clockwise.” The
model produces a sequence of 8 frames depicting a blue
quadrilateral that undergoes consistent angular rotation in the
clockwise direction, with smooth and evenly spaced angular
progression across frames. The square’s geometric structure
is well-preserved — corners remain sharp and sides remain
straight — and its blue color is maintained without interference
from background regions. This example is a more demanding
test than Example 1 because rotation requires the model
to generate non-translational motion, changing the object’s
orientation while preserving its shape and color. The clean
geometric output demonstrates that the low-level layer is
capable of refining precise spatial relationships at the sub-
object level, and that the high-level layer’s structural guidance
is preventing the rotation from drifting or reversing direction
across the 8-frame sequence.

Additional test prompts include descriptions of basic color
transitions (“a circle fading from green to yellow”), simple
oscillatory motions (“a white bar moving up and down”),
and elementary object appearances (“a triangle appearing in
the center of a dark background”). In all tested cases, the
model produces recognizable animations that reflect the primary
semantic content of the input description. Object identity and
motion direction are generally well-preserved, though fine
spatial details and motion smoothness degrade slightly for
prompts that describe more unusual combinations of objects
and motions not well-represented in the 45-pair training set.

Generated clips are exported as animated GIF files for
visualization and are available in the project repository at
https://github.com/codewithdark-git/TTV-HRM. While the vi-
sual output is inherently limited by the 32×32 resolution, these
qualitative results collectively confirm that TTV-HRM achieves
genuine text-conditioned video synthesis on highly constrained
hardware, and they validate the interleaved hierarchical reason-
ing mechanism as an effective approach to building temporally
coherent content progressively from coarse semantic structure
to fine spatiotemporal detail.

D. Computational Efficiency Analysis

A primary design objective of TTV-HRM is to make text-to-
video generation accessible on commodity hardware. Table III
summarizes the key resource utilization metrics measured
on a single NVIDIA T4 GPU, and the following analysis
contextualizes these figures relative to contemporary T2V
systems.

The total parameter count of approximately 115 million
places TTV-HRM in a fundamentally different computational
category from state-of-the-art T2V systems. Make-A-Video
[19] uses a diffusion backbone with approximately 9.4 billion
parameters. VideoCrafter [20] requires multi-GPU A100 clus-
ters for training and several gigabytes of VRAM for inference.
Stable Video Diffusion [23] similarly requires high-end GPU
hardware for practical use. Against this backdrop, TTV-HRM’s
115-million parameter design achieves meaningful generation

https://github.com/codewithdark-git/TTV-HRM


TABLE III
COMPUTATIONAL RESOURCE PROFILE OF TTV-HRM MEASURED ON A

SINGLE NVIDIA T4 GPU (16 GB VRAM). TRAINING AND INFERENCE
METRICS ARE REPORTED FOR THE 3-EPOCH, 50-PAIR EXPERIMENTAL

CONFIGURATION DESCRIBED IN SECTION VI-A.

Metric Value

Total Parameters ∼115 million
Checkpoint Size ≈480 MB
Peak GPU Memory (Training) <8 GB
Peak GPU Memory (Inference) <4 GB
Training Time (3 epochs) ≈4 hours
Inference Time (per video) <1 second
Cloud Training Cost ≈$2
Cloud Inference Cost Negligible (<$0.001 per video)
Hardware Requirement Single NVIDIA T4 (16 GB VRAM)

at a computational cost that is three to four orders of magnitude
smaller.

Peak training memory of less than 8 GB means that TTV-
HRM uses fewer than half of the T4’s 16 GB of available
VRAM during training, leaving headroom for increased batch
sizes or higher resolutions in future experiments. Peak inference
memory of less than 4 GB is particularly significant: it means
TTV-HRM can run on a wide range of consumer-grade GPUs,
including the NVIDIA GTX 1080 Ti (11 GB), RTX 2070
(8 GB), and even some 6 GB configurations with careful batch
management, greatly expanding the hardware base on which
the model can be deployed beyond T4 cloud instances.

The sub-second inference time per video includes all
stages of the pipeline: text encoding, latent initialization,
hierarchical refinement (average 2.1 steps with early stopping),
and detokenization. This makes real-time or near-real-time
generation feasible for interactive applications, educational
tools, and rapid creative prototyping — use cases that would
be entirely impractical with diffusion-based systems requiring
tens of seconds or minutes per generation. The total training
cost of approximately $2 at standard T4 cloud rates ($0.50/hour
for 4 hours) is low enough that the full training pipeline can
be run multiple times in a single day for hyperparameter
exploration, ablation studies, or fine-tuning on new datasets,
all without significant financial barrier. This accessibility
is a central contribution of TTV-HRM: it brings text-to-
video experimentation within reach of independent researchers,
students, and small academic groups who do not have access
to multi-GPU clusters or substantial cloud computing budgets.

VII. DISCUSSION

The experimental results presented in Section VI support
the central claim of this work: that hierarchical reasoning,
implemented through interleaved high-level and low-level
transformer blocks with bidirectional guidance and learned early
stopping, enables coherent text-to-video generation in severely
resource-constrained settings. In this section, we interpret these
findings more deeply, examine the strengths and limitations
of the current system honestly, situate TTV-HRM within the
broader landscape of generative video research, and outline
the most promising directions for future work.

A. Interpretation of Results

The steady improvement in reconstruction MSE, frame-wise
FID, and average reasoning steps across the three training
epochs tells a consistent and interpretable story about how
TTV-HRM learns. In the first epoch, the model is primarily
learning the basic mapping between text conditioning signals
and broad spatiotemporal structure. The reconstruction MSE
of 0.45 and FID of 120.5 reflect a model that is generating
plausible low-frequency content — correct rough colors and
approximate object locations — but lacks fine-grained spatial
and temporal precision. The average step count of 2.8 at
this stage indicates that the convergence predictor is not yet
confident in its assessments, correctly identifying that the
latent representations are still changing substantially between
iterations and therefore withholding early termination.

By the second epoch, the model has refined its understanding
of the tokenizer-detokenizer pathway and the reasoning engine
is producing more stable latent trajectories. The MSE drop from
0.45 to 0.32 and the FID improvement from 120.5 to 85.2 reflect
this stabilization. The reduction in average steps from 2.8 to 2.3
is a direct consequence: as the latent representations converge
more quickly within the refinement loop, the predictor correctly
identifies this earlier convergence and terminates sooner.

The final epoch brings further improvement across all three
metrics. The FID of 62.1 represents a 48% improvement over
the epoch-1 baseline, which is a substantial gain given that the
model has only seen the 45-pair training set three times in total.
The average step count of 2.1 means that for the majority of
generation calls, the model terminates after just two reasoning
iterations rather than three, confirming that the hierarchical
refinement process is genuinely converging and that the early
stopping mechanism is working as intended. The fact that
FID improves even as the step count decreases is particularly
important: it demonstrates that the efficiency gain from early
stopping is not achieved by sacrificing output quality, but rather
by the model learning to reach a good solution more efficiently.

The qualitative results reinforce these quantitative findings.
The model’s ability to generate a smoothly translating red
ball and a consistently rotating blue square from text prompts
alone — using only 45 training pairs and a 115-million pa-
rameter model — demonstrates that the hierarchical reasoning
mechanism is learning genuine compositional generalization
rather than simple memorization. The preservation of object
identity, color consistency, and motion continuity across 8
frames is a non-trivial achievement at this scale, and it reflects
the specific design decision to couple the high-level and low-
level transformer blocks through bidirectional cross-attention.
Without this coupling, a flat architecture of comparable size
would be expected to produce significantly less temporally
coherent outputs, as there would be no mechanism to enforce
global structural consistency across the local detail refinements
performed frame by frame.

B. Strengths

TTV-HRM exhibits four key strengths that collectively define
its contribution to the field of resource-constrained generative



video modeling.
The first strength is the hierarchical reasoning mechanism

itself. By separating the generation process into a high-level
stage that establishes global semantic structure and a low-level
stage that refines fine-grained spatiotemporal detail, TTV-HRM
achieves a quality-efficiency trade-off that would be difficult
to replicate with a flat architecture. The bidirectional coupling
between the two levels — top-down guidance from H to L,
and bottom-up feedback from L to H — ensures that the two
levels of abstraction remain mutually consistent throughout the
refinement process, which is the key mechanism behind the
model’s temporal coherence. This design is directly inspired by
established theories of hierarchical visual processing [13, 17]
and represents a principled integration of cognitive science
insights into a practical engineering solution.

The second strength is genuine resource accessibility.
The combination of a compact architecture, TF32 precision,
gradient checkpointing, streaming data loading, and learned
early stopping produces a system that trains in 4 hours and
infers in under 1 second on a $0.50/hour cloud instance. This
is not merely a marginal improvement over existing systems
— it represents a categorical shift in who can participate in
T2V research. A graduate student with a $10 cloud budget can
run five complete training experiments with TTV-HRM. The
same budget would not cover a single inference call on some
state-of-the-art T2V systems.

The third strength is modularity. The clear separation
of the text encoder, video tokenizer, hierarchical reasoning
engine, and convergence predictor into independent components
means that each can be studied, improved, or replaced in
isolation. An ablation study removing the high-level layer and
replacing it with a flat transformer baseline would directly
quantify the contribution of the hierarchical mechanism. A
swap of the 3D convolutional tokenizer for a more sophisticated
video autoencoder such as MAGVIT [37] could be performed
without any changes to the reasoning engine. This modularity
accelerates the research cycle and makes TTV-HRM a useful
platform for exploring individual components of T2V systems,
not just an end-to-end generation tool.

The fourth strength is effective text-video alignment despite
limited data. The cross-attention conditioning applied at every
reasoning step ensures that the text embeddings from the
encoder actively guide the latent refinement throughout the
entire generation process. This persistent conditioning is what
allows the model to produce semantically correct outputs —
correct object color, correct motion direction, correct spatial
placement — from just 45 training pairs. In contrast, a system
that applies text conditioning only at initialization would
quickly lose semantic fidelity as the latent representation
evolves through multiple refinement steps without continued
textual guidance.

C. Limitations

The current implementation of TTV-HRM is deliberately
scoped for proof-of-concept validation, and it carries several
limitations that are important to acknowledge clearly.

The most immediately visible limitation is low output
resolution. At 32×32 pixels, generated frames are visibly
pixelated and lack the fine texture, detail, and visual richness
that would be expected of a practical video generation system.
Objects appear as blobs of approximately correct color and
shape rather than as photorealistic entities. This is an intentional
design choice for the current stage of development — the
hierarchical reasoning mechanism can be validated at 32×32
just as well as at higher resolutions, and the lower resolution
enables faster experimentation — but it means that the current
outputs are not suitable for any application that requires visually
compelling content.

The second limitation is restricted motion complexity. The
model has been validated primarily on simple, single-object
motions such as translations and rotations. Multi-object scenes,
object interactions, occlusions, deformations, and complex
physical dynamics are all outside the current scope of what
TTV-HRM can reliably generate. This limitation stems partly
from the resolution constraint — many complex motion patterns
are simply not distinguishable at 32×32 — and partly from
the small and relatively simple training dataset, which does not
provide sufficient examples of complex multi-object dynamics
for the model to learn from.

The third limitation is limited generalization due to the
small training set of 50 pairs. While the model demonstrates
meaningful learning on the concepts represented in the training
data, its ability to generalize to diverse real-world prompts
describing novel combinations of objects, backgrounds, and
motions is necessarily limited. The text encoder, which is
initialized from GPT-2 weights and fine-tuned jointly, similarly
benefits from a larger and more diverse text-video dataset.
Scaling the training data to thousands or tens of thousands of
pairs would be expected to substantially improve generalization,
but would also require proportionally more compute.

The fourth limitation is the absence of perceptual or
adversarial losses. Training with MSE alone encourages the
model to minimize average pixel-level error, which can lead
to blurry outputs because the average of multiple plausible
reconstructions is a blurry intermediate rather than any specific
sharp frame. Perceptual losses [55] and adversarial training
[49] have been shown to produce sharper and more visually
appealing outputs by encouraging the model to match high-
level feature statistics and fool a discriminator rather than
simply minimize pixel error. Their absence in TTV-HRM is
a deliberate choice to keep training stable and simple, but
it contributes to the somewhat soft appearance of generated
frames.

D. Comparison with Related Work

Situating TTV-HRM within the broader T2V literature
requires distinguishing between two very different regimes
of operation. Large-scale systems such as Make-A-Video [19],
Imagen Video [21], and VideoCrafter [20] operate in a regime
of massive scale: billions of parameters, hundreds of millions of
training examples, and multi-GPU clusters running for weeks.
These systems produce outputs of remarkable visual quality



and semantic richness, but they are inaccessible to the vast
majority of the research community. TTV-HRM operates in
a fundamentally different regime: 115 million parameters, 45
training pairs, and a single commodity GPU for 4 hours. The
two regimes are not in direct competition — they serve different
purposes and different communities.

Within the limited set of prior work that has specifically
targeted resource-constrained T2V generation, TTV-HRM’s
hierarchical reasoning mechanism represents a novel contribu-
tion. Most lightweight video generation approaches achieve
efficiency through architectural compression, pruning, or distil-
lation of larger models [56, 58], rather than through a principled
architectural design that is natively efficient. TTV-HRM, by
contrast, is designed from the ground up to be efficient, with
the hierarchical reasoning mechanism providing a structured
way to spend a fixed computational budget progressively on
global structure first and fine detail second.

The learned early stopping mechanism also distinguishes
TTV-HRM from most iterative refinement approaches in the
literature, which use a fixed number of refinement steps [?
32]. The ability to adaptively terminate refinement when the
latent representation has converged — rather than always
running to a fixed number of steps — is a practical efficiency
improvement that is directly applicable to other iterative
generative frameworks beyond T2V.

E. Future Directions

Several promising extensions of TTV-HRM emerge naturally
from the current work, ordered here from most immediate to
most ambitious.

The most directly actionable extension is resolution scaling.
The hierarchical architecture is designed to support progressive
detail refinement, and scaling the spatial resolution of the
video tokenizer and detokenizer to 64×64, 128×128, or
higher is straightforward in principle, requiring only additional
convolutional blocks and proportionally more compute. Inte-
gration of a super-resolution module [30] as a post-processing
step could further upscale outputs to HD or 4K resolution
while preserving the temporal consistency established by the
hierarchical reasoning engine, without requiring the core model
to be retrained at full resolution.

A second important extension is training data scaling.
Replacing the 50-pair proof-of-concept dataset with a larger
and more diverse collection — such as a substantial subset
of WebVid-10M [52] or HowTo100M [53] — would be
expected to substantially improve the model’s generalization
to diverse real-world prompts. Streaming data loading, already
implemented in TTV-HRM, makes it feasible to train on
datasets that are too large to fit in memory, and the model’s
efficient architecture means that training on a larger dataset
would still be tractable on commodity hardware, albeit requiring
more wall-clock time.

A third extension is the adoption of FlashAttention-2 [10]
in the transformer blocks of the hierarchical reasoning engine.
FlashAttention-2 reformulates attention computation to exploit
GPU memory hierarchy more efficiently, reducing memory

bandwidth requirements and enabling larger effective batch
sizes or longer sequence lengths within the same VRAM budget.
This is particularly relevant for scaling to higher resolutions,
where the number of latent tokens produced by the tokenizer
grows quadratically with spatial resolution.

A fourth direction is enrichment of the generation con-
ditioning. The current model conditions generation only on
text, but richer conditioning signals — such as reference
images, audio descriptions, camera motion specifications, or
physics-based priors — could substantially expand the model’s
control over generated content. Controllable camera motion is
particularly relevant for content creation applications, where
users often want to specify not just what happens in a video
but how it is filmed.

Finally, the most ambitious direction is hybridization
with diffusion-based refinement. The hierarchical reasoning
engine currently produces outputs by iterative transformer-
based refinement, which is efficient but produces softer outputs
than diffusion-based approaches. Adding a lightweight latent
diffusion refinement step [30, 20] applied to the final latent
sequence produced by the reasoning engine could substantially
improve visual sharpness and realism, leveraging the efficiency
of hierarchical reasoning for coarse generation and the visual
quality of diffusion for fine-grained refinement, without incur-
ring the full computational cost of a pure diffusion approach.

VIII. CONCLUSION

This paper has presented TTV-HRM, a lightweight and com-
putationally efficient framework for text-to-video generation
on commodity hardware. The central contribution is a novel
hierarchical reasoning mechanism that decomposes the video
generation process into iterative refinement stages through
interleaved high-level and low-level transformer blocks, each
equipped with rotary positional embeddings, SwiGLU feed-
forward networks, and bidirectional cross-attention conditioning
on the input text prompt. A learned convergence predictor
enables early stopping, reducing the average number of
reasoning iterations from the maximum of 3 to approximately
2.1 in practice, yielding a 25% reduction in reasoning-stage
compute at inference time without any loss of generation
quality.

The complete TTV-HRM system — comprising a GPT-
2-based text encoder, a 3D convolutional video tokenizer
and detokenizer, the hierarchical reasoning engine, and a
convergence predictor — contains approximately 115 million
parameters, occupies a 480 MB checkpoint, and trains in
roughly 4 hours on a single NVIDIA T4 GPU at a total
cloud cost of approximately $2. Inference takes under one
second per video clip. These figures place TTV-HRM in
a categorically different computational regime from state-
of-the-art T2V systems, which require multi-GPU clusters,
billions of parameters, and massive training datasets. By
demonstrating that coherent, text-conditioned video synthesis
is achievable within these tight constraints, TTV-HRM makes
T2V experimentation accessible to a substantially broader
community of researchers, students, and practitioners.



The experimental results confirm that TTV-HRM learns
effectively from limited data. Over three training epochs on
45 video-text pairs, the model achieves a 38% reduction in
reconstruction MSE and a 48% improvement in frame-wise
FID, reaching a final FID of 62.1 that reflects genuine learning
of the visual distribution at 32×32 resolution. Qualitative
evaluation confirms semantic alignment, temporal coherence,
object persistence, and basic motion fidelity across a range of
held-out text prompts describing simple dynamic scenes.

Beyond the immediate results, the broader significance of
this work lies in what it suggests about the design principles for
accessible generative AI. The key insight is that architectural
structure — specifically, the hierarchical decomposition of
generation into coarse-to-fine refinement stages — can substi-
tute for scale in enabling coherent multimodal generation. A
well-structured 115-million parameter model with hierarchical
reasoning can produce outputs that are qualitatively coherent in
ways that a flat architecture of the same size cannot, because
the hierarchical structure provides an inductive bias toward
the kind of global-to-local processing that characterizes both
human visual perception and well-composed visual content.
This principle — that structure can substitute for scale — is
likely to remain relevant as the field continues to develop more
efficient approaches to generative modeling.

The limitations of the current system are clearly understood
and primarily reflect deliberate scoping decisions made to
validate the core hierarchical reasoning mechanism within a
constrained compute budget. The most important limitations
— low output resolution, restricted motion complexity, and
limited training data — each have clear paths forward through
resolution scaling, dataset expansion, and the architectural
extensions described in Section VII. The modular design of
TTV-HRM is specifically intended to facilitate these extensions,
with each component replaceable and improvable in isolation.

We believe that hierarchical reasoning principles, combined
with ongoing improvements in efficient attention mechanisms
[10], spatiotemporal representations [37], and accessible train-
ing infrastructure, will play an increasingly important role
in democratizing access to powerful multimodal generative
AI. TTV-HRM is a step in this direction: a proof of concept
that demonstrates the viability of the approach, a platform
for further experimentation, and an invitation to the broader
research community to build on and extend these ideas toward
richer, more capable, and more universally accessible video
generation systems.
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