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ABSTRACT
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Image super-resolution is a common problem with a wide use-case, where a model
takes a low-resolution image input and outputs an upscaled image of higher res-
olution. The main challenge in super-resolution lies in recovering the finer de-
tails of high resolution image. Recent models have exhibited difficulties in re-

constructing fine-grained details, understanding complex scenes and objects

from

low-resolution images, and require significant compute and time for inference. In
this project, we introduce TokSR, an image super-resolution model that leverages
multimodal, text-supported image tokenizers that replace the variational autoen-
coders often used for image super-resolution, on top of a diffusion transformer
backbone. We show that this architecture has the capability to improve image
quality and reduce compute and time requirements when compared to current im-
age super-resolution models. We run experiments that demonstrate that our model
offers improvements in reconstruction quality in key metrics like FID, while also
significantly reducing the inference time and compute needed for image super-

resolution.

INTRODUCTION AND PROBLEM DEFINITION
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Figure 1: Overview of Proposed Image Tokenization and Super-Resolution Architectures

The goal of image super-resolution (SR) is to generate a high resolution (HR) output from a low
resolution (LR) image input. It is a highly ill-posed problem, with an infinite number of possible
HR outputs that can map to a single LR input. Therefore, these models are generative in nature, but
must be controlled to ensure high-quality generations and consistency with the input image.
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Some of the rst models, such as SRGAN (Ledig et/al. (2017)) and ESRGAN (Wang et all (2018)),
used generative adversarial networks (GANS) to perform image super-resolution. However, since the
introduction of diffusion models$ (Ho et al. (2020b)), and then diffusion transformers (DiTs) (Peebles

& Xie|(2023)), most modern super-resolution models have adopted these new architectures to create
super-resolution images that are much higher in quality and and adhere well to the input images.
However, these diffusion-based architectures are much more computationally expensive, meaning
that modern models are time and resource inef cient to run. In addition, these models typically
have dif culty with reconstructing high-de nition regions of the image, such as faces, hands, and
other ne-details. Furthermore, in complex scenes, they are often also unable to capture suf cient
semantic information from the LR images, therefore resulting in incorrect SR outputs.

Simultaneously, work is being done to improve the performance of image encoders, which are key
elements of any super-resolution model. While older models leveraged variational autoencoders
(VAES) to directly encode images into a latent space, newer techniques use both discrete and contin-
uous VAEs to create sequences of tokens that can reconstruct the input image while having a much
higher compression ratid (Kingma & Welling (2022)). Further improvements have been made in
this eld recently, allowing for further image compression using vision transformers and by incor-
porating textual information to improve reconstructions.

Given the intersection between these elds, we propose TokenSR, a DiT-based super-resolution
model that leverages text-guided image tokenization to improve the inference speed and compute
requirements while retaining, or even improving output image quality. This will be done by concate-
nating the low-resolution image input to a noise vector to create the model input, and incorporating
text and image embeddings in multiple cross-attention blocks to re ne the super-resolution output
with additional semantic and ne-grained information. Evaluation results show that our model is
able to signi cantly reduce compute and inference time, while retaining nearly all the performance
of a VAE-based model. Additionally, we show that adding text inputs allows for sharper, more
accurate super-resolution results.

2 RELATED WORK AND BACKGROUND

There is a plethora of previous work that has been done in the elds of image super-resolution,
image tokenizers, and token-based image generation models.

Super-Resolution A seminal work in image super-resolution is SR-GAN, a generative adverse-
rial network-based model capable of natural image super-resolution of up to 4 times the resolution
(Ledig et al.|(201]7)). It does this by incorporating both an adversarial loss, as well as a content loss,
which is calculated using perceptual similarity. This concept is further explored in papers such as
ESRGAN (Wang et gl (2018)) and Real-ESRGAN (Wang ét al. (2021)), which iterate on the percep-
tual loss by using features before the nal activation, and improve both generator and discriminator
architectures. Since its advent, diffusion architectures have also been pivotal in the development of
new super-resolution models. Introduced in the paper Denoising Diffusion Probabilistic Models by
Ho et all (2020b), these models iteratively denoise a noise sample to generate a high- delity output
image. This was then expanded to latent diffusion models (Rombach|et all (2022)), which operate in
the latent space instead of pixel space, using a variational auto encoder to encode and decode images
into latents. This is coupled with a series of cross-attention blocks within the denoising U-Net that
allow for conditioning inputs such as text, images, and class labels.

Techniques like ControlNet, introduced by Zhang et|al. (2023), enabled low-resolution inputs to
serve as conditions for latent diffusion models, effectively allowing image super-resolution. These
would be further expanded upon with the advent of the diffusion transformer (DiT), which com-
pletely replaced the U-Net in diffusion blocks with transformers, further improving performance.
(Peebles & Xie[(2023)). Many super-resolution models capitalize on this DiT architecture, such
as controlnets with newer latent diffusion modéls (Esser et al. (2024)), and Inf-DiT by Yang et al.
(2024). Inf-DiT, in particular, introduces multimodal information within the diffusion process by
using a CLIP image encoder (Radford el al. (2021)) and incorporating those with a cross-attention
block, expanding on the cross-attention layers from latent diffusion models.
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Image Tokenizers The ability to encode images is paramount for creating both unimodal models,
and multimodal models that incorporate visual information. The rst prevailing architecture used
for this purpose is the variational auto-encoder (VAE) by Kingma & Welling (2022), which proposes

a model that encodes an image into a gaussian distribution, then samples it and recreates the input
image using a decoder. VAEs have been used as the encoders and decoders for both latent diffusion
and DiT models extensively. These have been built upon to create tokenizers that have higher com-
pression ratios, thus allowing more computationally ef cient models to be built with them. One of
the rst works to do this was DALL-E by Ramesh et al. (2021), which uses a discrete VAE to con-
vert images into tokenized representations. This creates a visual vocabulary, that can then be used
by transformer models to autoregressively predict image tokens when given a text prompt. VQ-VAE

is another discrete VAE architecture that uses a codebook of a xed size instead of a continuous
gaussian as its latent space (van den Oord et al. (2018)), which has been used in many tokenizers
since. OmniTokenizer by Wang et al. (2025) uses a VQ-VAE to generate tokens, and uses a trans-
former to capture global dependencies. The discrete COSMOS Tokenizer (NVIDIA et al. (2025))
also draws from this, using a modi ed version of VQ-VAEs called Finite-Scalar-Quantization (FSQ)

by Mentzer et al. (2023) to encode images into discrete latent codes, while the continuous COSMOS
Tokenizer reverts back to a VAE backbone to generate continuous latent tokens, speci cally for la-
tent diffusion models like Stable Diffusion.

A more recent development is the Vision Transformer (ViT) by Dosovitskiy et al. (2021), which
encodes an image by rst patchifying it, adding positional encodings, and using a transformer-
only encoder to generate an output latent. This ViT architecture was capitalized upon by Yu et al.
(2024) to create a TiTok, a 1D image tokenizer, allowing for a much higher compression ratio
than the 2D-token outputs of all the aforementioned models. These could then allow for multimodal
tokenization, such as their successive work, Text-Aware TiTok (Kim et al. (2025a)). This model uses
a CLIP text encoder to pass additional tokens into the detokenizer, which helps improve semantic
alignment with the input image and text, as such details can often be hard to see or lost in LR
images. Another model, TexTok (Zha et al. (2024)), also implements a very similar architecture,
but adds text tokens to both the tokenizer and detokenizer. A newer model incorporating both text
and image tokens is FlowTok He et al. (2025), which combines text and image tokens into a single
token space, allowing for ow matching between the two modalities. Some other recent works on
tokenization include ElasticTok, another ViT-based model which can tokenize images and videos by
considering prior frames and adaptively assigning different numbers of tokens to different frames
Yan et al. (2025). Another model, FlexTok, expands on this concept for images by representing
them with a variable number of tokens and encoding information hierarchically, with a fewer-token
representation containing only higher-level details Bachmann et al. (2025).

Related Datasets For a dataset to be well-suited to this multimodal image SR task, it must have
image-caption pairs of common, everyday objects that tokenizers and encoders will have priors
on. One such dataset is Common Objects in Context (COCO) by Lin et al. (2015), which contains
83000 images, each with 5 different captions, and available in a variety of sizes. These can be
downscaled to form LR-SR image pairs for super-resolution. Another, much larger and less curated
dataset is LAION-400M (Schuhmann et al. (2021)), which has 400 million images-text pairs, with
over 20 million with a size above 1024 by 1024. This type of dataset can be useful for training
larger models with more data, or for a model trying to achieve super-resolution of higher-resolution
input images. Another commonly used, large dataset is DataComp-1B, which achieved state-of-
the-art results when used to train CLIP (Gadre et al. (2023)). This dataset also has an extremely
large number of images, which will be suf cient to train super-resolution models of any size and
architecture.
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3 TASK SETUP AND DATA

3.1 HYPOTHESES

As previously highlighted, there are three key issues that current super-resolution models suffer
from:

1. Inability to correctly construct ne-grained details such as faces and hands.
2. Dif culty capturing semantic information from LR images of complex scenes.
3. Large inference compute and time requirements due to complex architectures.

With respect to these issues, we make some primary hypotheses.

1. Latent Image Tokens Provide Superior Representations:We hypothesize that latent
image tokens, learned through visual tokenizers, offer a more effective representation than
traditional image patch tokens. By capturing high-level features instead of raw spatial
patches, latent tokens may lead to improved reconstruction and super-resolution perfor-
mance. We can test this by training a visual tokenizer and the ne-tuning a tokenizer-based
transformer model for image super-resolution.

2. Latent Image Tokens Allow for Performance IncreasesNe also propose that using la-
tent image tokens can improve performance by compressing images into a smaller latent,
therefore requiring less compute and less inference time from the DiT. Depending on the
number and size of tokens, we expect minimal degradation of performance, and even an
increase in output quality, despite a signi cantly smaller latent. We can test this by train-
ing an image super-resolution model with both traditional image encoding methods, and a
latent image tokenizer, and compare the performance.

3. Language Guidance Enhances the Quality of Latent Image Tokend/e further hypoth-
esize that incorporating language signals during visual tokenization can enhance the quality
of latent image tokens by introducing semantic awareness. By leveraging textual descrip-
tions alongside visual information, tokenization may become more structured, leading to
more meaningful and context-aware representations. To evaluate this, we can modify a
visual tokenizer architecture to integrate language guidance and compare its effectiveness
with a unimodal visual tokenizer.

4. Textually Guided Tokens Improve Robustness to Low-Quality InputsBuilding on the
previous hypothesis, we propose that text-guided tokenization can improve resilience to
low-resolution or degraded images. We hypothesize that language-conditioned tokens pro-
vide additional semantic constraints, making reconstruction more robust in cases of blur-
ring, noise, or missing details. To validate this, we can train both latent-only and text-
conditioned visual tokenizers on clean images and test their ability to recover information
from low-quality, corrupted inputs.

3.2 Data

A suitable dataset needs to be selected for the training of these models and the evaluation of the
aforementioned hypotheses. In addition, the size of the models and input and output images for
super-resolution is limited by the compute resources available to us for this project. Therefore, two
different datasets were selected.

3.2.1 COCO

The COCO 2017 train, test, and val datasets were primarily used for training and evaluation of the
super-resolution models. With over 82000 images and 414000 captions in the train set alone, this
would be a suf cient number to train the DiT models. The important aspects of this dataset included
the available image resolutions, as well as the caption length and quality.

From Figure 2, it can be seen that the images are available in a variety of sizes. However, there is
a trend for one of the image dimensions to either by 500 or 640, which are ideal sizes for training
a super-resolution model with the compute resources available for this project. The images are
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Figure 2: Image Resolutions Figure 3: Caption Length Histogram

processed to squares to t the model dimensions, then LR-SR pairs are created by simply down-
sampling the images.

Furthermore, Figure 3 indicates that most captions for COCO are fairly small, with a mean caption
length of 10.62 words. Importantly, the captions are curated by hand, ensuring accuracy with regards
to the input image, and multiple captions are available for each image. A lexical analysis of the
captions indicate that the dataset has a Measure of Textual Lexical Diversity (MTLD) of 49.8, which
can allow the model to learn a fair variety of input prompts, when compared to the average human
MTLD of 95.72.

3.2.2 IMAGENET

For training the image tokenizer, a larger dataset than COCO would help provide better results.
Therefore, ImageNet-1K-vl-Enriched from Visual Layer is selected, as it has over 1 million images
with corresponding captions, which are generated using the BLIP2 captioning model. With 1000
different classes, this dataset offers a much greater variety in images than COCO, which will be
necessary for training tokenizers with suf cient priors to address all the use-cases of the super-
resolution model.

Additionally, the ImageNet dataset has a median caption length of 37 to 51 characters, which is
similar to COCO, allowing for the trained tokenizer to t well with the super-resolution model.
Furthermore, the majority of the images fall in the same resolution range as the COCO images,
meaning they can be transformed similarly for both tasks, and the tokenizer can be trained to best
accomodate the COCO input images for the super-resolution model.

4 BASELINES

To establish effective baselines for our task, we can divide our experiments into two categories:
super-resolution baselines, and image tokenizer baselines. These can be tested separately to deter-
mine the optimal architecture for our model.

4.1 IMAGE SUPER-RESOLUTIONBASELINES

Two key baselines were selected for super-resolution: Inf-DiT and Stable Diffusion, each represent-
ing different architectures for comparison.

Inf-DIiT is a unimodal image super-resolution model that can upscale low-resolution images by
factors of 2 or 4. Built on a DiT-based architecture, it is augmented with a CLIP Encoder to incor-
porate additional information into the diffusion process. Unlike our LDM-based approach, Inf-DiT
operates directly in the pixel space and is not trained explicitly to accept or model CLIP text em-
beddings. However, we test multimodal versions of this model by incorporating text embeddings
from both “quality text” prompts (e.g., “HD, high resolution, clear”) and negative prompts (e.g.,
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