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Abstract
This paper introduces a novel framework for generating

high-quality images from “visual sentences” extracted from video
sequences. By combining a lightweight autoregressive model
with a Vector Quantized Generative Adversarial Network (VQ-
GAN), our approach achieves a favorable trade-off between com-
putational efficiency and image fidelity. Unlike conventional
methods that require substantial resources, the proposed frame-
work efficiently captures sequential patterns in partially anno-
tated frames and synthesizes coherent, contextually accurate im-
ages. Empirical results demonstrate that our method not only
attains state-of-the-art performance on various benchmarks but
also reduces inference overhead, making it well-suited for real-
time and resource-constrained environments. Furthermore, we
explore its applicability to medical image analysis, showcasing
robust denoising, brightness adjustment, and segmentation capa-
bilities. Overall, our contributions highlight an effective balance
between performance and efficiency, paving the way for scal-
able and adaptive image generation across diverse multimedia
domains.

Introduction
Image generation from textual descriptions has emerged as

a significant area of research within the field of artificial intelli-
gence, driven by its potential applications in diverse domains such
as art creation, virtual reality, and assistive technologies. This pro-
cess involves transforming a given text into a visually coherent
and contextually relevant image, leveraging advanced deep learn-
ing models. The ability to generate images from text not only aids
in visualizing concepts but also enhances human-computer inter-
action by enabling machines to understand and represent visual
information in a human-like manner.

Despite the progress made, generating images from visual
sentences derived from video sequences presents unique chal-
lenges. Visual sentences extracted from videos encapsulate dy-
namic and complex scenes, requiring the generation model to
comprehend and faithfully represent the temporal and spatial nu-
ances embedded in the textual descriptions. Traditional models
often struggle with this complexity, leading to suboptimal image
quality and coherence.

The primary objective of this research is to develop an effi-
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Figure 1. Overview of the proposed pipeline: given partially annotated im-

ages (treated as “visual sentences”) and an unknown token, the system uses

a lightweight autoregressive model combined with VQGAN to predict and fill

in missing content, producing high-quality, coherent image completions.

cient method for generating high-quality images from textual de-
scriptions, particularly those derived from video sequences. This
will be achieved through the implementation of a light autoregres-
sion model coupled with VQGAN, aiming to balance the trade-off
between computational efficiency and image quality as shown in
Fig 1.

This paper makes several key contributions to the field of
image generation based on the visual sentence:

1. Introduction of the Light Autoregression Model: We ex-
plore a novel, lightweight autoregressive model designed to im-
prove the efficiency of image generation. This model reduces the
computational burden while maintaining the capability to gener-
ate detailed and accurate images from textual descriptions.

2. Integration with VQGAN: by integrating the light au-
toregression model with Vector Quantized Generative Adversar-
ial Network (VQGAN), we leverage the strengths of both ap-
proaches. VQGAN is known for producing high-fidelity images
utilizing a quantized latent space, which enhances texture and de-
tail preservation.

3. Case study of visual sentence on medical image analysis:
to leverage the knowledge of LLM to medical image, we provide
insights on medical visual sentence construction.
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Related work
Image generation under text guidance

In recent years, the field of image generation from text has
witnessed significant advancements, driven by the development
of sophisticated deep learning models [7, 8, 9, 10, 3]. Existing
methods for generating images from textual descriptions primar-
ily leverage autoregressive models and Variational Autoencoders
(VAEs) [2, 11]. Autoregressive models, such as DALL-E and
GPT-3, have shown remarkable ability to generate coherent and
contextually relevant images by predicting each pixel or patch
sequentially, thereby capturing intricate details from textual in-
put [12, 13]. One of the prominent advancements in this domain
is the introduction of VQGAN (Vector Quantized Generative Ad-
versarial Network), which combines the strengths of GANs and
VAEs to produce high-quality images [14, 15]. VQGAN excels
in generating high-fidelity images by utilizing a quantized latent
space, thus enabling better texture and detail preservation com-
pared to traditional GANs [16, 17]. Alongside quality, the effi-
ciency of image generation models has garnered considerable at-
tention, with research focusing on optimizing model performance
and reducing computational costs [18, 19, 20, 21, 22]. Techniques
such as model pruning, knowledge distillation, and the integration
of more efficient architectures have been explored to enhance the
speed and scalability of image generation systems [23, 6]. This re-
view aims to provide an in-depth analysis of these methods, high-
lighting their contributions and ongoing challenges in the quest
for efficient and high-quality image generation from text.

Autoregression model in LLM
The autoregression model is a fundamental approach in large

language models (LLMs), where the generation of text is condi-
tioned on the sequential prediction of the next token based on pre-
viously generated tokens. This model has been widely adopted
in prominent LLM architectures, such as GPT (Generative Pre-
trained Transformers) [1], which utilize autoregressive techniques
to predict the next word in a sequence by leveraging a unidirec-
tional attention mechanism. This autoregressive nature allows
for efficient text generation, as each token is conditioned on the
history of the sequence, mimicking human-like text generation.
However, autoregressive models also inherit challenges, such as
compounding errors over long sequences and slower inference
times compared to parallel decoding models, since tokens are gen-
erated one at a time. Despite these limitations, autoregression
remains a cornerstone for generating coherent and contextually
relevant outputs in various NLP tasks, including text completion,
translation, and summarization, demonstrating its robustness in
practical applications.

Method
The pipeline is shown in Fig. 2. The core idea is to treat an

input sequence of partial or annotated images—referred to as a
“visual sentence”—as a tokenized representation. A lightweight
autoregressive model predicts missing tokens in this sequence,
leveraging an embedding layer, a compact RNN (GNU), an at-
tention mechanism, and a decoder to learn spatial and contextual
relationships efficiently. These predicted tokens are subsequently
transformed into the final high-quality image by a VQGAN de-
coder, resulting in a coherent completion that naturally blends
with the given visual context.

Pipeline

Light Autoregression

Embedding Layer

Light RNN (GNU)

Attention Layer

Decoder

Visual Sentence Token prediction

VQGAN

Generated Image

Figure 2. Illustration of our image completion framework. A “visual sen-

tence” (sequence of partial or annotated images) is processed by the Light

Autoregression module—consisting of an embedding layer, a lightweight

RNN (GNU), an attention mechanism, and a decoder—to predict missing

tokens. These tokens are then fed into VQGAN, which synthesizes the final

high-quality image completion.

Visual Sentence Extraction
The first step in our proposed method involves the extrac-

tion of visual sentences from video sequences. Visual sentences
are composed by analyzing the frames of a video and generat-
ing descriptive textual representations for each significant seg-
ment. This process includes detecting keyframes that capture the
essence of the scene, followed by the application of natural lan-
guage processing techniques to generate coherent sentences that
describe the visual content. These sentences encapsulate the dy-
namic and spatial information present in the video, providing a
comprehensive textual description that serves as input for the im-
age generation model.

Light Autoregression Model Architecture
The light autoregression model is designed to enhance effi-

ciency while maintaining high performance in generating images
from text. The architecture consists of several key components:

Embedding Layer: Converts the input text into a dense vec-
tor representation. Recurrent Layers: Utilize lightweight recur-
rent neural networks (RNNs), such as GRUs (Gated Recurrent
Units), to capture sequential dependencies in the text while keep-
ing computational overhead low. Attention Mechanism: Incor-
porates an attention layer to focus on relevant parts of the text,
improving the model’s ability to generate contextually accurate
images. Decoder: Transforms the processed text embeddings into
pixel values, constructing the image sequentially.

VQGAN Integration
To further improve the quality of the generated images, we

integrate VQGAN with the light autoregression model. VQGAN,
a variant of GAN that operates in a quantized latent space, helps
produce high-fidelity images with detailed textures and struc-
tures. We initialize VQGAN with pretrained weights to leverage
existing knowledge (transfer learning), incorporate custom loss
functions that emphasize both pixel-level accuracy and percep-
tual quality to ensure the generated images are both realistic and
faithful to the input descriptions, and employ adversarial training
techniques to refine image quality using a discriminator network
to distinguish between real and generated images. The step-by-
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step process for generating images from visual sentences involves
the following: extracting keyframes from the video and gener-
ating textual descriptions for each segment (visual sentence ex-
traction), converting the visual sentences into dense vector repre-
sentations using the embedding layer (text embedding), using the
light autoregression model to generate an initial image represen-
tation from the text embeddings (autoregressive generation), and
passing the initial image representation through VQGAN to re-
fine and enhance the image quality (VQGAN enhancement). The
final high-quality image is then output, corresponding to the input
visual sentence. This integrated approach ensures that the gen-
erated images are not only accurate representations of the input
text but also exhibit high visual fidelity, meeting the dual objec-
tives of efficiency and quality in image generation from textual
descriptions.

Data and experimental design
Dataset

SA-1B is a large-scale dataset designed to enhance the capa-
bilities of AI models in image generation tasks from [3]. Compris-
ing over 1 billion image-text pairs, this dataset provides a diverse
range of high-quality images paired with detailed textual descrip-
tions. The dataset includes various categories such as objects,
scenes, activities, and abstract concepts, ensuring comprehensive
coverage of visual and contextual information.

Evaluation Metrics
The evaluation of our image generation model uses the Dice

score to measure the similarity between generated images and
ground truth images. The Dice score, defined as

Dice Score =
2×|A∩B|
|A|+ |B|

(1)

where A is the set of pixels in the generated image and B is
the set of pixels in the ground truth image. Dice score assesses the
overlap between two sets of data, A higher Dice score indicates
greater similarity, reflecting the model’s ability to produce accu-
rate and high-quality images. This metric provides a rigorous and
quantitative evaluation of the model’s performance.

Baseline Comparison
The model setting follows LVM [4] and DeLVM [5], VQ-

GAN is used as the image generator, the pretrained LLM is used
for the auto-regression. The two components are most relevant
with the model setting: LLM and VQGAN. The LLM is resource-
intensive. To optimize efficiency of the LVM pipeline, we pro-
ceed in two ways: (1) use smaller LLM model and (2) maintain
smaller codebook of VQGAN. The LLM is from LlaMA pre-
trained model by Meta. The size of LLM model are range from
7B, 1B and 300M. The default codebook parameter is 256 to-
ken, codebook shape is 8192×64. To test the effect of codebook
shape, we change the codebook size to smaller size ranging from
8192, 4096, 2048 and 1024.

Medical image analysis case
To evaluate the SimLVM model performance on medical im-

age analysis tasks, we create the medical image dataset: pathol-
ogy image denoising dataset, MoNuSeg dataset [6] and pathol-

ogy image brightness dataset. We construct the medical image
visual sentences as the prompts and target images as query im-
ages. Three tasks are evaluated: image denoising, segmentation
and brightness tuning.

Results
Our studies evaluate the model from two aspects: quantita-

tive results by dice score and qualitative results by showing the
generated images.

Quantitative result
The model is performed on the LLM model and VQGAN

model with difference parameters. The purpose is to provide
more efficiency model structure. The LVM model performance
is shown in Table. 1. The model use LlaMA-300M and VQGAN
when cookbook size is 8192 has the superior performance.

Qualitative result
In this section, we provide the qualitative results by showing

the image generated by the SimLVM. In figure1, segmentation
results provided by difference size of LLM is shown in Fig. 3. It
is obvious to see the segmentation results by LlaMA-1B shows
more details. The qualitative results are evaluated by showing the
denoise and brightness adaptation on the pathology image data
with pretrained model in Fig. 4,Result for model capacity

Visual sentence

Generated imageQuery image
Llama – 300M Llama – 1B 

Figure 3. Comparison of image completion results under different model ca-

pacities. The top row shows the “visual sentence” (contextual partial images),

while the bottom row presents a new query image (left) and two generated

completions (middle and right) produced by our Llama-300M and Llama-1B

models, respectively.

(2) One failed task on pathology image segmentation is also
shown in Fig. 5. While the model correctly segments some re-
gions, it overlooks subtle boundaries and misclassifies critical tis-
sue structures (indicated by the highlighted regions). As a result,
the predicted segmentation deviates significantly from the ground
truth, emphasizing the challenges of capturing fine-grained fea-
tures in complex histopathological data.

SimLVM application on medical image sentence
We perform the visual sentence on medical image fields from

three aspects: image denoising, image brightness tuning and in-
stance segmentation. In Fig. 4 first row, we generated results on
the medical image denosing task. In Fig. 4 second row, changing
the brightness of medical image is performing.
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Method LLM Token Codebook size Codebook dim Dice (%)

Original 7B 256 8192 64 31.01

SimLVM

1B 256 8192 64 50.79
300M 256 8192 64 61.25
300M 256 4096 64 23.79
300M 256 2048 64 24.80
300M 256 1024 64 21.70

For the LLM size, ’B’ represent billion, ’M’ represent million.

Quality result for medical image analysis

Visual sentence Query Generated

Mark

Brightness

Figure 4. Demonstration of domain transformations in histopathology images. The top row (“Mark”) shows examples where a dark circular mark appears

in different positions, while the bottom row (“Brightness”) illustrates various intensity levels. For both transformations, the “visual sentence” (middle columns)

provides partial contexts, followed by a new query image (second-to-last column) and our model’s completed result (last column).

Failed generation in medical image analysis task
Due the field gap between the medical image and natural

image, the SimLVM fails on certain medical image analysis tasks.
Fig. 5 shows the failure on pathology image segmentation task.

Discussion
The light autoregression model, with its streamlined archi-

tecture, reduces computational overhead without compromising
image quality. The integration with VQGAN further enhances the
visual fidelity of the generated images, resulting in outputs that
are both detailed and realistic. These findings highlight the poten-
tial of our approach to generate high-quality images efficiently.

However, there are limitations to our current approach. One
limitation is the dependency on the quality of the visual sentence
extraction process; inaccuracies in textual descriptions can lead
to suboptimal image generation. Additionally, while our model
performs well on standard datasets, its robustness in handling
highly complex or abstract visual scenes requires further valida-
tion. The computational cost, although reduced, remains signifi-
cant for very large-scale applications.

Future work will focus on addressing these limitations and
further improving the model. One potential direction is to enhance
the visual sentence extraction process using more advanced nat-
ural language processing techniques to ensure more accurate and
comprehensive textual descriptions. Another avenue for research
is to optimize the light autoregression model and VQGAN inte-
gration for even greater efficiency, possibly through techniques
like model distillation or the development of more compact net-
work architectures. Moreover, expanding the training dataset to
include a wider variety of scenes and contexts could improve the
model’s robustness and generalization capabilities. Exploring the

use of multimodal inputs, such as combining text with additional
metadata like audio or sensor data, could also enhance the rich-
ness and accuracy of the generated images.

Conclusion
In this work, we presented a lightweight autoregressive

model integrated with VQGAN to address the task of image gen-
eration from visual sentences derived from videos. By tokenizing
partially annotated frames and leveraging autoregressive predic-
tion, our approach captures fine-grained sequential context while
maintaining computational efficiency. The experimental evalua-
tions, conducted on both general and medical imaging datasets,
validated the ability of the proposed framework to generate high-
fidelity images at lower computational cost compared to existing
methods. Notably, our system demonstrated versatility in medical
image tasks such as denoising, brightness tuning, and segmenta-
tion, underscoring the practical potential of adopting lightweight
yet powerful generative models in specialized domains.

Despite these promising outcomes, several avenues remain
open for future work. Refining the visual sentence extraction pro-
cess with more advanced natural language and domain-specific
techniques could yield richer contextual information, ultimately
improving generation quality. Investigating strategies to further
reduce the codebook size in VQGAN without compromising fi-
delity may benefit real-time applications even more. Addition-
ally, applying the framework to higher-dimensional data (e.g., 3D
volumetric images) and exploring multimodal cues (e.g., audio,
text captions) represent natural extensions to broaden the impact
of this research. By addressing these challenges, the proposed
pipeline holds the potential to advance efficient, high-quality im-
age generation for a range of academic, industrial, and clinical
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Fail cases for discussion

Visual sentence Query Generated

Figure 5. Failure case example in medical image segmentation. The generated segmentation mask shows the limitation of SimLVm on segmentation tasks.

applications.
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