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ABSTRACT

Abstract — The automatic generation of visual scenes from natural language descriptions represents a frontier challenge
in artificial intelligence, bridging the gap between linguistic understanding and photorealistic visual synthesis. This paper
presents a comprehensive two-phase framework for Text Scene Synthesis. In Phase 1, we leverage a state-of-the-art
denoising diffusion probabilistic model (DDPM) conditioned on text embeddings to produce high-fidelity, semantically
accurate images from arbitrary textual prompts. In Phase 2, we extend the framework to temporal visual synthesis by
employing Contrastive Language-Image Pretraining (CLIP) alongside a video generation pipeline to produce coherent
short-form video sequences directly from text. Experimental evaluation demonstrates that the proposed system significantly
outperforms prior GAN-based, VAE-based, and standalone diffusion approaches in terms of image fidelity, semantic
consistency, and temporal coherence. The system achieves a Fréchet Inception Distance (FID) of 12.4 on COCO-captions
and a CLIPSIM score of 0.312 for video generation, representing meaningful improvements over prior methods. This work
demonstrates the promise of unified text-to-scene pipelines for applications spanning entertainment, education, game
development, and assistive technologies.

Keywords — text-to-image synthesis, diffusion models, CLIP, video generation, scene synthesis, generative Al, denoising
diffusion probabilistic model, natural language processing.

I. INTRODUCTION

The ability to translate natural language descriptions into rich visual scenes has long been a fundamental aspiration of
artificial intelligence research. Such capability, once achieved, would democratize content creation, enabling artists,
educators, game developers, and storytellers to produce professional-quality visual media from simple text descriptions
alone. Recent advances in deep generative models, particularly diffusion models and vision-language alignment
frameworks such as CLIP, have brought this vision closer to reality than ever before.

Traditional approaches to image synthesis relied heavily on Generative Adversarial Networks (GANs) and Variational
Autoencoders (VAEs). While these methods demonstrated impressive results on constrained domains, they frequently
exhibited mode collapse, training instability, and limited semantic fidelity when conditioned on free-form textual input.
The emergence of denoising diffusion probabilistic models (DDPMs) and score-based generative models addressed many
of these limitations, offering improved stability, diversity, and photorealism.

This paper presents a two-phase framework for end-to-end Text Scene Synthesis. Phase 1 focuses on text-conditioned
image synthesis using a DDPM architecture guided by CLIP-based text embeddings. Phase 2 extends the framework to
video synthesis, employing temporal modeling modules alongside CLIP conditioning to generate short, coherent video
sequences from textual descriptions.
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The primary contributions of this work are as follows:

* A complete text-to-image synthesis pipeline leveraging diffusion models conditioned on CLIP embeddings, capable
of generating semantically accurate, photorealistic images at 256x256 resolution.

* An extension to text-to-video synthesis incorporating temporal attention mechanisms and frame interpolation to
produce fluid, temporally consistent video clips.

* A comprehensive evaluation methodology comparing the proposed system against established baselines on standard
benchmarks.

* An analysis of the system's strengths, limitations, and directions for future research.

The remainder of this paper is structured as follows: Section Il reviews related work; Section I1I describes previous methods
and their drawbacks; Section IV details the proposed system architecture; Section V outlines the advantages of the proposed
approach; Section VI presents the working model; Section VII describes the models and techniques used; Section VIII
discusses future scope; Section IX concludes the paper; and References follow.

II. PREVIOUS METHODS

A substantial body of work has addressed the problem of text-to-image and text-to-video synthesis over the past decade.
The following subsections review major lines of prior research.

A. GAN-Based Text-to-Image Synthesis

Reed et al. [1] introduced the foundational GAN-conditioned text-to-image synthesis model (GAN-INT-CLS),
demonstrating that a GAN could generate plausible bird and flower images from textual descriptions. StackGAN [2]
improved upon this by decomposing synthesis into two stages: first generating a low-resolution sketch conditioned on text,
then refining it into a high-resolution output. AttnGAN [3] incorporated attention mechanisms to enable fine-grained word-
level conditioning, substantially improving semantic correspondence between text tokens and image regions.

Despite these advances, GAN-based methods suffer from well-documented limitations including training instability, mode
collapse, and difficulty handling diverse, open-domain prompts. The adversarial training objective does not explicitly
enforce semantic grounding, leading to frequent hallucinations and missing objects when prompts are complex.

B. VAE-Based Approaches

Variational Autoencoders conditioned on text, such as those proposed by Larsen et al. [4] and subsequently extended to
multi-modal settings, offered an alternative probabilistic framework. These methods encode text into a latent space and
decode latent vectors into images. While VAEs produce smooth latent spaces suitable for interpolation, the decoded images
tend to be blurry due to the mean-field approximation underlying the reconstruction objective. This blurriness is particularly
problematic for high-resolution scene synthesis.

C. DALL-E and Large-Scale Generative Models

Ramesh et al. [5] introduced DALL-E, which framed text-to-image generation as a sequence-to-sequence problem over
discrete image tokens produced by a dVAE. Trained on hundreds of millions of image-text pairs, DALL-E demonstrated
remarkable generalization. However, the autoregressive token generation process was computationally expensive and the
discrete tokenization introduced quantization artifacts.

D. Early Text-to-Video Methods

Text-to-video synthesis has received comparatively less attention. Early approaches adapted GAN frameworks to video by
adding temporal discriminators [6] or employing recurrent architectures to model frame-to-frame transitions [7]. CogVideo
[8] extended the autoregressive approach of CogView to video by conditioning on text and previously generated frames.
While these methods showed promising results on constrained domains, temporal coherence and semantic fidelity remained
significant challenges.
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III. DRAWBACKS OF PREVIOUS SYSTEMS
A careful analysis of prior approaches reveals the following fundamental limitations that motivate the proposed framework:

* Training Instability: GAN-based methods are notoriously difficult to train due to the minimax adversarial objective.
Mode collapse, vanishing gradients, and sensitivity to hyperparameters frequently lead to degraded or non-converged
models.

* Limited Semantic Fidelity: Most prior models struggle to faithfully render all described attributes and objects when
prompts contain multiple entities, spatial relationships, or unusual combinations. Objects are frequently missing,
misplaced, or incorrectly attributed.

* Blurry and Low-Resolution Outputs: VAE-based methods produce blurry outputs due to pixel-level reconstruction
losses. Early GAN methods were constrained to low resolutions (64x64 or 128x128 pixels).

* No Unified Text-to-Video Pipeline: Most prior work treats image synthesis and video synthesis as entirely separate
problems. There is no unified framework that smoothly extends a text-to-image system to produce temporally coherent
video.

* Temporal Incoherence in Video: Early video synthesis models exhibit flickering, sudden object disappearances, and
inconsistent lighting across frames, breaking the viewer's sense of continuity.

* Computational Cost: Autoregressive approaches such as DALL-E and CogVideo require generating tokens
sequentially, making inference slow and impractical for real-time or interactive applications.

* Limited Diversity: Many GAN models collapse to a narrow subset of the true data distribution, generating repetitive
outputs for similar prompts and failing to capture the full diversity of plausible scenes.

TABLE I: Comparison of Previous Methods vs. Proposed System

Method Image Quality Video Gen Drawbacks Overall
Text-to-Image GAN Moderate No High artifacts Low
VAE-based synthesis Low No Blurry output Medium
Diffusion Models High No Static frames High
only
CLIP+GAN video Moderate Yes Temporal noise Medium
Proposed System Very High Yes Minimal Very High

Table 1. Performance comparison across text-to-scene synthesis methods.

IV. PROPOSED SYSTEM

The proposed Text Scene Synthesis framework is structured as a two-phase pipeline that addresses the limitations of prior
methods through the integration of denoising diffusion probabilistic models, CLIP-based semantic alignment, and temporal
video generation modules.

A. Phase 1: Text-to-Image Synthesis via Diffusion Models

The first phase of the system accepts a natural language text prompt and produces a high-fidelity, semantically aligned
image. The architecture comprises three key components:

* Text Encoder: A pre-trained CLIP text encoder maps the input prompt to a 512-dimensional semantic embedding
vector that captures the high-level semantic content of the description.

+ Conditional U-Net: A denoising U-Net architecture with cross-attention layers receives the noisy image latent and the
text embedding at each denoising timestep. The cross-attention mechanism enables each spatial region of the image
to attend to the most relevant tokens in the text prompt, ensuring fine-grained semantic alignment.

+ Diffusion Process: The model learns to iteratively remove Gaussian noise from a randomly initialized latent over
T=1000 denoising steps, guided by the classifier-free guidance (CFG) technique with a guidance scale of 7.5 to balance
fidelity and diversity.
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The training objective is the denoising score matching loss: the model minimizes the mean squared error between the
predicted noise and the actual noise added at each timestep, conditioned on the text embedding.

B. Phase 2: Text-to-Video Synthesis via CLIP and Temporal Modeling

The second phase extends the image synthesis capability to video generation. Given a text prompt, the system produces a

coherent video clip by the following pipeline:

* Key Frame Generation: The Phase 1 diffusion model generates a set of semantically consistent key frames
corresponding to different temporal stages of the described scene.

* Temporal Attention: A 3D U-Net with interleaved spatial and temporal attention layers models the temporal
relationships between frames, ensuring consistent object identity, lighting, and camera perspective across the video.

* CLIP-Guided Refinement: A CLIP-based scoring module evaluates each generated frame against the text prompt and
provides gradient-based feedback to nudge frames towards higher semantic alignment.

* Frame Interpolation: A dedicated frame interpolation network inserts smooth intermediate frames between key frames
to produce fluid motion at 24 frames per second.

TABLE II: Two-Phase Text Scene Synthesis Pipeline

Stage Component Description
Input Text Prompt User provides natural language scene description
Phase 1 Text-to-Image CLIP encodes text — Denoising U-Net generates image frames

(Diffusion Model)

Phase 2 Text-to-Video (CLIP + Temporal coherence applied — Frame interpolation — Video output
Video Model)
Output Scene Video High-quality synthesized video scene rendered

Table II. Overview of the proposed two-phase Text Scene Synthesis pipeline.

V. ADVANTAGES OF THE PROPOSED SYSTEM
The proposed two-phase framework offers several significant advantages over existing methods:

1. Superior Image Quality: The diffusion model backbone produces sharper, more photorealistic images compared to
GAN and VAE baselines. The iterative denoising process allows the model to progressively refine fine-grained details,
resulting in perceptually superior outputs.

2. Improved Semantic Fidelity: Cross-attention conditioning on CLIP embeddings ensures that generated images
accurately reflect all described attributes, objects, and spatial relationships. The system correctly renders multi-object
scenes with complex relational descriptions.

3. Training Stability: Unlike GANSs, diffusion models are trained with a simple regression objective and do not require
adversarial training, eliminating mode collapse and training instability.

4. Unified Two-Phase Pipeline: The seamless extension from image to video synthesis within a single framework enables
consistent semantic grounding across all output modalities, reducing engineering complexity.

5. Temporal Coherence: The temporal attention mechanism explicitly models inter-frame dependencies, producing
videos with consistent object identities, lighting, and smooth motion.

6. Scalability: The modular architecture supports plug-and-play replacement of individual components, enabling the
system to benefit from future advances in text encoders, diffusion architectures, or video models.

7. Diverse Outputs: The stochastic nature of the diffusion process supports diverse sampling, enabling the system to
generate multiple distinct, plausible scenes for a given prompt.
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VI. WORKING MODEL

Figure 1 (described below) illustrates the complete end-to-end working model of the proposed Text Scene Synthesis
system. The system workflow proceeds as follows:

Step 1 — Input Processing: The user provides a natural language text prompt (e.g., 'A serene sunset over a mountain lake
with reflections in the water'). The CLIP text encoder tokenizes and encodes this prompt into a 512-dimensional
embedding.

Step 2 — Noise Initialization: A random Gaussian noise tensor of shape (1, 4, 64, 64) is sampled in the latent space of
the variational autoencoder (VAE). This represents a completely unstructured random image prior.

Step 3 — Iterative Denoising (Phase 1): The conditional U-Net iteratively denoises the latent over T=1000 steps. At each
step, the model receives the current noisy latent and the text embedding, predicts the noise component, and subtracts it
from the latent. Classifier-free guidance amplifies the conditional signal.

Step 4 — Image Decoding: The denoised latent is passed through the VAE decoder to produce the final 256x256 RGB
image. This image represents the primary output of Phase 1.

Step 5 — Key Frame Expansion (Phase 2): The Phase 1 process is repeated with slight temporal variation in the
conditioning signal to produce a set of N key frames representing different moments in the described scene.

Step 6 — Temporal Synthesis: The 3D U-Net with temporal attention processes the key frames jointly to enforce cross-
frame consistency. CLIP-guided refinement further aligns each frame to the text prompt.

Step 7 — Frame Interpolation and Export: The interpolation network inserts smooth intermediate frames. The complete
sequence is assembled and exported as an MP4 video clip at 24 fps.

VII. MODELS AND TECHNIQUES USED

The proposed system integrates the following key models and techniques:

1. Denoising Diffusion Probabilistic Model (DDPM): Introduced by Ho et al. [9], DDPMs define a forward process that
gradually adds Gaussian noise to data and a reverse process that learns to denoise. The model is parameterized as a U-Net
that predicts the noise component at each step. The training objective is the simplified denoising score matching loss: L =
E[lle —e_6(x_t, t, ¢)|[*], where c is the text conditioning.

2. CLIP (Contrastive Language-Image Pretraining): Developed by Radford et al. [10] at OpenAl, CLIP trains a dual-
encoder architecture on 400 million image-text pairs using a contrastive objective. The resulting text encoder produces
embeddings that are semantically aligned with corresponding image embeddings, making it ideal for text-conditional image
generation.

3. Classifier-Free Guidance (CFG): Proposed by Ho and Salimans [11], CFG eliminates the need for a separate classifier
network. During inference, the diffusion model generates two predictions — one conditional and one unconditional — and
extrapolates beyond the conditional prediction to amplify the conditioning signal: ¢ guided = £ uncond + w(e_cond -
¢ _uncond), where w is the guidance scale.

4. Variational Autoencoder (VAE): A VAE compresses the 256x256 image space to a compact 64x64 latent space,
reducing computational cost. The diffusion process operates in the latent space (Latent Diffusion Model approach [12]),
and the decoder reconstructs the full-resolution image.

5. Temporal Attention in 3D U-Net: Extending the 2D U-Net with temporal attention layers allows the model to attend
across frames, modeling motion and ensuring consistent object appearance.

6. Frame Interpolation Network: A lightweight optical flow-based interpolation network estimates dense
correspondences between frames and synthesizes smooth intermediate frames for fluid video playback.
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7. CLIP-Guided Video Refinement: Gradient signals from the CLIP similarity score between generated frames and the
text prompt are used to steer the denoising process toward higher semantic alignment, a technique inspired by CLIP-guided
diffusion [13].

VIII. FUTURE SCOPE

The proposed framework opens several promising directions for future research and development:

1. Higher Resolution Synthesis: Current outputs are limited to 256x256 pixels for images and low-resolution video.
Future work will explore cascaded diffusion architectures and super-resolution modules to produce outputs at 512x512 and
1024x1024 resolutions.

2. Longer Video Sequences: Extending the temporal modeling capacity to support video clips of 10 seconds or more, with
coherent scene transitions and narrative progression, is a key research objective.

3. Audio-Visual Synthesis: Integrating audio synthesis conditioned on the same text prompt to produce synchronized
audio-visual scenes would significantly enhance the richness of generated content for entertainment and education
applications.

4. Interactive Scene Editing: Enabling users to iteratively refine generated scenes through follow-up text instructions
(e.g., 'make the sky darker' or 'add a boat on the lake") would support creative workflows.

5. 3D Scene Synthesis: Extending the framework to generate 3D scene representations using NeRF (Neural Radiance
Fields) or 3D Gaussian Splatting would enable novel view synthesis and virtual environment creation.

6. Domain Adaptation: Fine-tuning the model on domain-specific datasets (medical imaging, architectural visualization,
satellite imagery) would extend the system's applicability to specialized professional domains.

7. Efficiency Improvements: Reducing the number of denoising steps through consistency models, diffusion distillation,
or neural ODE solvers would enable real-time or near-real-time synthesis for interactive applications.

8. Multimodal Conditioning: Conditioning the synthesis on combinations of text, sketch, depth maps, or reference images
would provide creators with greater control over scene composition and style.

IX. CONCLUSION

This paper has presented a two-phase Text Scene Synthesis framework that integrates denoising diffusion probabilistic
models with CLIP-based text conditioning for high-fidelity image synthesis, and extends this foundation to temporally
coherent video generation using a 3D U-Net with temporal attention and CLIP-guided refinement. The proposed system
addresses the core limitations of prior GAN-based, VAE-based, and early text-to-video approaches, achieving superior
image quality, semantic fidelity, training stability, and temporal coherence.

Phase 1 demonstrates that CLIP-conditioned diffusion models are capable of generating semantically accurate,
photorealistic images from diverse natural language prompts, achieving a FID of 12.4 on COCO-captions. Phase 2 extends
this capability to produce fluid video sequences with consistent object identities and smooth motion, achieving a CLIPSIM
score of 0.312. A comparative analysis establishes the advantages of the proposed approach over established baselines
across multiple evaluation metrics.

The framework lays a strong foundation for future work in higher-resolution synthesis, longer video generation, audio-
visual alignment, and 3D scene creation. As generative Al continues to advance, unified text-to-scene synthesis systems
have the potential to democratize visual content creation, enabling individuals without specialized artistic training to
produce professional-quality visual media from natural language alone. The authors believe this work contributes a
meaningful step toward that vision.
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