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Abstract

Well-designed prompts have demonstrated the potential to
guide text-to-image models in generating amazing images.
Although existing prompt engineering methods can provide
high-level guidance, it is challenging for novice users to
achieve the desired results by manually entering prompts
due to a discrepancy between novice-user-input prompts
and the model-preferred prompts. To bridge the distribu-
tion gap between user input behavior and model training
datasets, we first construct a novel Coarse-Fine Granularity
Prompts dataset (CFP) and propose a novel User-Friendly
Fine-Grained Text Generation framework (UF-FGTG) for
automated prompt optimization. For CFP, we construct a
novel dataset for text-to-image tasks that combines coarse and
fine-grained prompts to facilitate the development of auto-
mated prompt generation methods. For UF-FGTG, we pro-
pose a novel framework that automatically translates user-
input prompts into model-preferred prompts. Specifically, we
propose a prompt refiner that continually rewrites prompts to
empower users to select results that align with their unique
needs. Meanwhile, we integrate image-related loss functions
from the text-to-image model into the training process of text
generation to generate model-preferred prompts. Addition-
ally, we propose an adaptive feature extraction module to en-
sure diversity in the generated results. Experiments demon-
strate that our approach is capable of generating more visu-
ally appealing and diverse images than previous state-of-the-
art methods, achieving an average improvement of 5% across
six quality and aesthetic metrics. Data and code are available
at https://github.com/Naylenv/UF-FGTG.

Introduction
Generative foundation models, including language models
and text-to-image models, can be prompted to follow user
instructions. Recent advancements in text-to-image synthe-
sis such as Stable Diffusion (SD) (Rombach et al. 2022) and
Midjourney (Holz 2023) have facilitated the generation of
high-fidelity images based on text prompts. Concurrently,
recent studies have revealed that prompt design plays a cru-
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a painting of green tree house in
the middle of a lake, birds flying
around

a large tree house in the middle of a
lake surrounded by trees

Stable Diffusion

a green tree

a green tree  at night while it rains
a painting of green tree house in
the middle of a lake

a large tree in a forest with a person 

UF-FGTG

UF-FGTG

···

Novice User Pompts Model-Preferred Prompts

a green tree

a green tree with moss growing
on the ground and trees in the
background, with a lake in the
middle, Florence Engelbach,
forest, an impressionist painting,
naturalismDatasets

Novice User

Gap a painting of green tree house in
the middle of a lake, birds flying
around, Anton Fadeev,
comfortable, reasonable structure,
shock, high detail, abundant a
detailed matte painting, rossdraws
global illumination, neo-primitive
pastel colors, photorealism, 8k

Figure 1: (a) We uncover an inconsistency in the word
length distribution between prompts in the text-to-image
training dataset and those provided by novice users, lead-
ing to a misalignment between model-preferred prompts and
novice user prompts. (b) Our proposed UF-FGTG continu-
ally rewrites prompts, allowing users to select results of in-
terest based on their needs until satisfied.

cial role in determining the quality of the generated im-
ages (Ko et al. 2023; Liu, Qiao, and Chilton 2022). Adjust-
ing the prompt to better reflect the user’s intentions can lead
to superior results. This issue is particularly pronounced in
text-to-image models, as the capacity of their text encoders
is relatively limited, such as CLIP text encoder (Radford
et al. 2021) in Stable Diffusion. Empirical observations have
also shown that common user inputs are often insufficient
to produce aesthetically pleasing images using current mod-
els (Hao et al. 2023).

However, previous research has primarily focused on
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manually designing prompts for specific text-to-image mod-
els (Liu and Chilton 2022; Pavlichenko and Ustalov 2023),
typically adding some modifiers to the original prompts.
While these studies have provided valuable insights, they are
labor-intensive and only offer high-level suggestions, fail-
ing to offer personalized recommendations for users seek-
ing specific aesthetics. Novice users, who lack experience in
prompt writing and familiarity with relevant keywords, face
significant challenges in achieving their desired results due
to this. Therefore, it is essential to develop a method that
can automatically rewrite prompts, thereby assisting novice
users in generating model-preferred prompts.

As shown in Fig. 1(a), we analyze the probability dis-
tribution of prompt word lengths in text-to-image training
datasets as compared to those actually used by novice users.
Specifically, we employ DiffusionDB (Wang et al. 2022), a
large-scale dataset frequently employed for training in text-
to-image tasks, as our analysis dataset. Following (Wu et al.
2023), we use DiscordChatExporter (Holub 2022) to col-
lect novice user prompts from the ‘dreambot’ channel on
the Stable Diffusion Discord. Our analysis reveals a ten-
dency among novice users to input short, coarse-grained
prompts, contrasting with the long, fine-grained prompts
used in model training. We believe that this gap results in
a discrepancy between the intentions of novice users and the
prompts that the model prefers.

Traditional methods for converting user-input prompts
into model-preferred prompts rely on generative language
models. However, existing generative language models such
as GPT (Radford et al. 2019) and T5 (Raffel et al. 2020)
are restricted to uni-modal text information during training,
which constrains their ability to generate genuinely model-
preferred prompts. To overcome this limitation and generate
high-quality images in text-to-image tasks, the need for a
multi-modal training framework is clearly highlighted.

To solve the above issues, we propose the Coarse-
Fine Granularity Prompts dataset (CFP), a collection of
81,910 data instances from popular text-to-image commu-
nity. Specifically, we refer to prompts in Lexica.art (San-
tana 2022) as fine-grained prompts. Then we generate cor-
responding images from the fine-grained prompts and use
a summarization model (sshleifer 2021) to produce coarse-
grained prompts, thereby creating a triplet dataset.

Building on our CFP dataset, we propose a novel User-
Friendly Fine-Grained Text Generation framework (UF-
FGTG) for automated prompt optimization. Specifically, we
first propose a prompt refiner, which transforms coarse-
grained prompts into fine-grained prompts. Secondly, we
incorporate image-related loss functions in text-to-image
tasks, ensuring the generated fine-grained prompts as model-
preferred prompts. Thirdly, nearly every word in a text-to-
image task prompt can find corresponding semantics in the
generated image. However, many stylistic details of an im-
age, particularly those described in short texts, are not repre-
sented. To prevent the generation in a fixed style, we propose
an adaptive feature extraction module to ensure the diver-
sity of the generated results. As shown in Fig. 1(b), our UF-
FGTG continually refines prompts, enabling users to select
outcomes of interest as per their requirements until satisfac-

tion is achieved. Through extensive experiments on the CFP
dataset, we demonstrate the effectiveness of our proposed
method on both quantitative and qualitative measures.

Our major contributions are as follows:

• We propose a novel Coarse-Fine Granularity Prompts
dataset (CFP), a unique triplet dataset designed to bridge
the gap between user behavior and model-preferred
prompts. To the best of our knowledge, CFP is the first
dataset that comprises fine-grained prompts with corre-
sponding images, as well as coarse-grained prompts.

• We propose a novel training framework for text gener-
ation in text-to-image tasks, which transforms coarse-
grained prompts into a fine-grained prompt feature
space, named User-Friendly Fine-Grained Text Genera-
tion (UF-FGTG).

• We propose an adaptive feature extraction module that
aligns prompt features with adaptive image features to
prevent the generation of monotonous style results, en-
suring diversity in the generated results.

Related Work
Text-to-Image Generative Models
Text-to-image generative models enable users to create im-
ages based on textual input. Researchers have explored a va-
riety of architectures to enhance image quality, including au-
toregressive models (Ramesh et al. 2021), generative adver-
sarial networks (GANs) (Sauer et al. 2023), and diffusion
models (Rombach et al. 2022). Several subsequent works,
including DALL-E-2 (Ramesh et al. 2022), GLIDE (Nichol
et al. 2022), Imagen (Saharia et al. 2022), and Stable Dif-
fusion (Rombach et al. 2022), have brought the magic of
text-to-image generation to public attention. Among these
models, Stable Diffusion stands out as an open-source model
with an active user community. Although text-to-image
models can generate impressive images, they demand high-
quality input prompts. Novice users, lacking experience in
prompt writing and unfamiliar with relevant keywords, may
still struggle to generate the desired images.

Prompt Engineering
In the specific field of text-to-image generative models,
prompt engineering research is nascent, which aims to
use carefully selected and combined sentences to achieve
a specific visual style in synthesized images (Oppenlaen-
der 2023). The input texts, known as the prompts, di-
rect the model to generate specific images. Manual prompt
engineering is a natural method for optimizing prompts.
Pavlichenko et al. (2023); Oppenlaender et al. (2023); Liu
et al. (2022) explore how to find model-preferred prompts
manually. While manual prompt engineering can lead to sig-
nificant progress, the process of designing prompts requires
time and experience, and may not always yield optimal re-
sults. Therefore, various methods have focused on automat-
ically searching for prompts through mining (Jiang et al.
2020), parsing (Haviv, Berant, and Globerson 2021), text
generation (Hao et al. 2023) and LLMs (Zhu et al. 2023;
Chakrabarty et al. 2023). Additionally, many previous works
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Figure 2: The architecture of our User-Friendly Fine-Grained Text Generation (UF-FGTG) Framework. The crux of the text
generation network is the prompt refiner, which primarily comprises a fine-grained text encoder ET and a text decoder DE .
The encoder ET transforms coarse-grained prompt features into fine-grained prompt features. This process is supervised by
fine-grained text TF , a Stable Diffusion model ϵθ, and an adaptive feature extraction module N , ensuring the generated fine-
grained prompts are not only model-preferred but also diverse. During inference process, only the prompt refiner is necessary.

have focused on gradient-based prompt learning methods,
such as (Zhou et al. 2022; Wen et al. 2023). However, these
gradient-based methods are not human-readable, which may
hinder their application in human-AI collaboration.

Our work is closely related to prior research in the
field of prompt engineering. For example, Google’s recent
study (Hao et al. 2023) introduced a reinforcement learning-
based approach to prompt training. However, their strategy
is essentially a training methodology that can be applied to
other models. Another related work by Wang et al. (2023)
is limited by its reliance on manual design and may not be
easily applicable to other domains. In this work, we propose
a user-friendly prompt engineering framework that is data-
driven and interpretable for text-to-image generation.

Coarse-Fine Granularity Prompts Dataset
Motivation. Existing datasets primarily depend on fine-
grained prompts and corresponding images for model train-
ing (Wang et al. 2022). However, in real-world scenar-
ios, users frequently input coarse-grained prompts, leading
to a disparity between the model’s training and inference
phases. Addressing this discrepancy to align native-user-
input prompts with model-preferred prompts is crucial. To
bridge this gap, we construct the Coarse-Fine Granularity
Prompts dataset (CFP).

Fine-Grained Prompts Collection. We build a coarse-
fine granularity prompts dataset based on Lexica.art (San-
tana 2022), which consists of 81,910 fine-grained prompts
filtered and extracted from user communities.

Coarse-Grained Prompts and Fine-Grained Images.
For each fine-grained prompt obtained, following (Wang
et al. 2022), we use Stable Diffusion-v2.1 (Rombach et al.
2022) to generate a corresponding image. The parameters
used for image generation include “step”, “seed”, “height”,
“width”, “CFG scale”, and “sampler”. Additionally, we
employ BART (Lewis et al. 2020) as a summarization
model (sshleifer 2021) to generate coarse-grained prompts
of three different lengths: 1-5 tokens, 6-10 tokens, and 11-15
tokens. During training, one of these coarse-grained prompts
is selected randomly.

Data Format. Finally, we obtain a total of 81,910 data
instances, each consisting of one fine-grained prompt, one
fine-grained image, and three coarse-grained prompts. We
split 73,718 data pairs as the training set and 8,192 data in-
stances as the testing set.

NSFW Contents. Following (Wu et al. 2023) and (Schuh-
mann et al. 2022), we observe that a small subset of data
instances may contain NSFW (not safe for work) content.
To avoid the potential harm caused by such content, we em-
ploy an NSFW detector (michellejieli 2022) to filter out fine-
grained prompts that contain NSFW elements. We suggest
using only the data with scores below 0.9, which amounts to
a total of 79,447 data instances.

UF-FGTG Framework
Motivation. Existing text generation methods are uni-
modal, which can ensure the transformation of coarse-
grained prompts into fine-grained ones, but cannot guar-
antee model-preferred prompts. To solve this issue, we
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propose the User-Friendly Fine-Grained Text Generation
framework (UF-FGTG), which has the capability to trans-
form coarse-grained prompts into the feature space of fine-
grained, model-preferred prompts, thereby generating high-
quality images. More specifically, we propose a prompt
refiner, which has the ability to transform coarse-grained
prompts into fine-grained prompts. To ensure the generated
prompts are model-preferred, we incorporate image-related
supervision from Stable Diffusion. Additionally, we propose
an adaptive feature extraction module that ensures diversity
in the generated results.

Framework Overview
Fig. 2 presents an overview of our framework, specifically
designed for prompt generation. We take the Stable Diffu-
sion (Rombach et al. 2022) as an example to introduce our
methodology. Our model is trained using triplet datasets,
which we denote as S = {(tc, tf , I)}. Here, tc stands
for coarse-grained prompts, while tf represents fine-grained
prompts. The symbol I corresponds to the images that are
associated with the fine-grained prompts.

The core of our framework is prompt refiner mainly com-
posed of fine-grained text encoder and text decoder, which
are designed to transform the input coarse-grained prompts
into fine-grained prompts. For the first time, we incorporate
image-related supervision from the Stable Diffusion process
to generate model-preferred prompts, ensuring that the gen-
erated fine-grained prompts align with the model-preferred
prompts. Additionally, we observe that while nearly every
word in a prompt can find its corresponding semantics in
the generated image, many stylistic details, particularly in
short texts, are not adequately represented. This issue con-
fines our UF-FGTG to generate images in a specific style. To
tackle this problem, we propose an adaptive feature extrac-
tion module that aligns prompt features with adaptive image
features, thereby ensuring diversity in the generated results.

During inference, the user inputs coarse-grained prompts
and utilizes the prompt refiner within the framework to gen-
erate fine-grained prompts preferred by the model.

Text-to-Image Diffusion Model
Stable Diffusion. It consists of three main components:
an autoencoder A, a text time-conditional UNet denoising
model ϵθ, and a CLIP fine-grained text encoder ET . The au-
toencoder A includes a VAE encoder E and a VAE decoder
D, while the CLIP text encoder ET accepts text prompts t
as input. The encoder E transforms an image I ∈ R3×H×W

into a lower-dimensional latent space in R4×h×w, where
h = H/8 and w = W/8. Conversely, the decoder D car-
ries out the inverse operation, decoding a latent variable into
the pixel space.

Our goal is to generate fine-grained prompts tf from
the coarse-grained prompts tc provided by the user while
ensuring that the feature space can be understood by the
UNet denoising model ϵθ, which is designed to generate
fine-grained prompts that are model-preferred prompts. To
achieve this, we refer to the ϵθ convolutional input as the
spatial input γ (e.g., zt) since convolutions preserve the spa-
tial structure, and to the attention conditioning input as ψ

(e.g., [τ, ET (T )]). We train the text encoder ET by mini-
mizing the loss function defined as follows:

Lmse = EE(I),tc,ϵ∼N (0,1),τ∥ϵ− ϵθ(γ, ψ)∥22, (1)

where τ represents the diffusing time step, γ = zτ , zτ is the
encoded image E(I) where we stochastically add Gaussian
noise ϵ ∼ N (0, 1), and ψ = [τ ;ET (tc)].

Prompt Refiner
It consists of three components: a fine-grained text encoder
ET , a text decoder DT , and a domain adapter Q. We utilize
the CLIP model as the fine-grained text encoder and the T5
model (Raffel et al. 2020) as the text decoder to articulate
our methodology.

Fine-Grained Text Encoder. CLIP (Radford et al. 2021)
is a vision-language model that aligns visual and textual
information within a shared embedding space. CLIP con-
sists of a visual encoder EV and a text encoder ET .
These encoders independently generate feature representa-
tions EV (I) ∈ Rn for an input image I, and ET (L(t)) ∈
Rn for the corresponding text t. Here, n represents the di-
mensionality of the embedding space in CLIP, andL denotes
the embedding lookup layer that maps each tokenized word
t to its respective token embedding in space W .

In the original Stable Diffusion model, the CLIP text en-
coder only has the capability for text encoding. However,
our fine-grained text encoder can transform the feature space
from coarse-grained prompts tc to model-preferred fine-
grained prompts tf , by concurrently employing the fine-
grained prompt-related loss and the image-related loss su-
pervision from the Stable Diffusion. In subsequent sections,
we employ a language model to decode these features into
human-readable prompts.

Text Decoder. The objective of our fine-grained text en-
coder is to transform coarse-grained prompt features into
model-preferred fine-grained prompt features. Additionally,
we implement a feature domain adapter Q, which utilizes a
Multilayer Perceptron (MLP) to project CLIP text features
onto the T5 text features space. Simultaneously, we employ
the T5 model as a text feature decoder, denoted as DT , to
generate the final human-readable fine-grained prompts.

More specifically, the fine-grained text encoder is ini-
tialized using OpenCLIP (Cherti et al. 2023) derived from
the Stable Diffusion model (Rombach et al. 2022). The
text decoder DT is initialized with a FLAN-T5 (Chung
et al. 2022) pretrained generative language model. The fine-
grained prompts tf are utilized as training labels. The train-
ing objective is to minimize the log-likelihood by leveraging
the teacher forcing technique (Williams and Zipser 1989):

Lsft = E(tc,tf )∼S log p(tf | Q(ET (tc))). (2)

Adaptive Feature Extraction Module
Through text-to-image model and prompt refiner in our
framework, the fine-grained text encoder ET transforms
coarse-grained prompt features into model-preferred fine-
grained prompt features. While nearly every word in a
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Our UF-FGTG

a painting of green tree house in the 
middle of a lake, birds flying 
around, anton fadeev, comfortable, 
reasonable structure, shock, high 
detail, abundant a detailed matte 
painting, rossdraws global 
illumination, neo-primitive pastel 
colors, photorealism, 8k

a woman in a blue dress standing 
in a cave where flower petals are 
visible, concept art, octane 
render, unreal engine 5, trending 
on artstation, high quality, highly 
detailed, 8k

a guitar and sings into headphones  
going into cyberpunk city, detailed, 
centered, digital painting, artstation, 
concept art, donato giancola

FLAN-T5

a green tree, with no more 
than eight leaves. The first 
four leaves are yellow

a woman in a blue dress 
catches some air around her 
neck

a guitar and sings into 
headphones is shown on a 
stage in front of a crowd

GPT-2

a green tree is in my yard 
and I am chasing after it

a woman in a blue dress. It 
is only beans that keep 
from becoming a thing that 
is

a guitar and sings into 
headphones to tell you he 
has something in his hands. 
So I told him that

A woman in a flowing blue dress 
as a source of inspiration for a 
natural language processing task, 
such as generating descriptive 
text or poetry

A musician sits on a stool in 
a dimly lit recording studio, 
strumming a guitar and 
singing into a microphone. 
The headphones cover their 
ears, and the microphone is 
suspended from a boom arm

GPT-3.5

A solitary green tree standing 
tall in a vibrant meadow under 
a clear blue sky, illuminated by 
the warm glow of the setting 
sun. Majestic

GPT-4

A single, majestic tree stands 
tall in the center of a verdant 
meadow, its leaves a vibrant 
shade of green. The tree's thick 
branches sprawl out, providing 
a canopy of shade beneath

lit by the warm glow of a setting 
sun, rendered in a romantic, 
realism style, standing on a 
cobblestone street lined with 
blooming cherry blossom trees, , 
with a gentle wind causing her 
dress and hair to flutter slightly

A passionate musician strumming a 
vintage guitar, singing soulfully into 
a pair of worn headphones in a cozy, 
dimly lit recording studio. Warm, 
muted tones, rustic, intimate, sharp 
focus, soft lighting, bokeh 
background, high detail, realistic style

Origin Prompts

a green tree

a woman in a blue dress

a guitar and sings into 
headphones

Figure 3: Comparison of prompts generated by FLAN-T5, GPT-2, GPT3.5, GPT-4, and our UF-FGTG, with corresponding
images generated by Stable Diffusion-v2.1.

prompt can find its corresponding semantics in the gener-
ated image, many stylistic details in the image are difficult
to reflect in the prompts, especially in short ones. For in-
stance, a coarse-grained text such as “a green tree” might
align with a sunny forest scene image, which, through di-
rect training, could lead to generated results adhering to a
uniform style, thereby reducing diversity. To ensure diver-
sity in the generated results, we propose an adaptive feature
extraction module that adaptively extracts image features.

Fig. 2 illustrates the architecture of our adaptive feature
extraction module. This module aims to predict the soft dy-
namic weights of image representations. Specifically, we
take the image I extracted by the CLIP image encoder EV

as the input to the dynamic weight network. The dynamic
weight network consists of self-attention layer, feed-forward
layer, and ReLU activation functions. Ultimately, the dy-
namic weights w are obtained through a SoftMax function.
These weights are then applied to weight pixel-wise features
through matrix multiplication. This method enables the au-
tomatic learning of the most suitable and relevant represen-
tation from the image feature.

The features ET (tc), which are extracted by the fine-

grained text encoder, and the features N (EV (I)), gener-
ated by the CLIP image encoder and adaptive feature ex-
traction module N , have the same dimensions. As suggested
by (Liang et al. 2023), we use the CLIP-Enhance loss func-
tion to evaluate the similarity between the prompt features
and image features. The training objective is to minimize
the CLIP-Enhance loss, where B represents the batch size:

Lclip = − 1

B
log Σ

ecos(ET (tc)i,N (EV (I))i)

Σj ̸=iecos(ET (tc)i,N (EV (I))j)
. (3)

Loss Function
The overall loss function is a weighted sum of Lmse, Lsft

and Lclip. In our experiments, we set the trade-off hyper-
parameters α1 and α2 to 0.1.

L = Lmse + α1Lsft + α2Lclip. (4)

Experiments
Experimental Setting
Implementation Details. We conduct our experiments on
NVIDIA A100 GPUs. During training, we train the fine-
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Model NIMA
-TID↑

MUSIQ
-KonIQ↑

DB-
CNN↑

TReS
↑

NIMA
-AVA↑

MUSIQ
-AVA↑

GPT-2 5.37 68.79 61.19 76.80 5.17 5.60
FLAN-T5 5.40 68.61 61.18 77.11 5.19 5.60
GPT-3.5 5.61 66.74 60.63 75.28 5.30 5.80
GPT-4 5.54 67.29 60.82 76.06 5.22 5.85
GPT-2* 5.62 69.55 62.40 80.81 5.32 5.81

FLAN-T5* 5.59 69.59 63.19 80.90 5.29 5.84

UF-FGTG* 5.73 69.74 65.21 83.34 5.48 5.97
CFP-C 5.46 68.76 62.05 78.06 5.25 5.66
CFP-F 5.81 70.15 66.97 84.18 5.62 6.07

Table 1: Image quality & aesthetic assessment. All meth-
ods first generate fine-grained prompts from coarse-grained
prompts and then evaluate the generated images using Stable
Diffusion-v2.1. “*” means trained on Coarse-Fine Granular-
ity Prompts dataset (CFP). CFP-C and CFP-F denote the
coarse-grained and fine-grained prompts in the CFP dataset.

grained text encoder, domain adapter, and adaptive feature
extraction module on our CFP dataset for 100 epochs, us-
ing the AdamW optimizer (Loshchilov and Hutter 2018), a
learning rate of 5e-5, and a batch size of 16.

In line with the Stable Diffusion-v2.1, our fine-grained
text encoder is initialized with OpenCLIP (Cherti et al.
2023). The text decoder is initialized using FLAN-T5-
base (Chung et al. 2022), while the image encoder employs
the OpenCLIP that is paired with the fine-grained text en-
coder. This consistent approach to initialization ensures the
compatibility and effectiveness of our proposed model.

Generation Strategy. In the subsequent experiments, we
use the following default configuration: during prompt gen-
eration, we generate fine-grained prompts using 6-10 tokens
of coarse-grained prompts. Following (von Platen 2020), we
employ a strategy that combines Top-p and Top-K, which
set p to 0.95 and K to 50. For the image generation phase,
we utilize Stable Diffusion-v2.1, setting the CFG scale to 7,
and perform 50 denoising steps using the Euler Ancestral
sampler (Karras et al. 2022).

Qualitative Comparison
In Fig. 3, we visualize the generation results from vari-
ous models, including GPT-2 (Radford et al. 2019), FLAN-
T5 (Chung et al. 2022), GPT-3.5 (OpenAI 2023), and
GPT-4 (OpenAI 2023). First, we rewrite the coarse-grained
prompts, setting the max tokens to 20. Then, we generate
images using Stable Diffusion-v2.1. Our method is capa-
ble of producing more visually appealing images. Further-
more, we note that traditional language models, including
GPT-2 and FLAN-T5, struggle to comprehend the format of
model-preferred prompts in text-to-image tasks. Even when
we provide ChatGPT with a prompts format during genera-
tion, it still fails to produce satisfactory results. For example,
in the case of “a woman in a blue dress”, GPT-4 modifies
the original semantics, leading to a significant deviation in
the generated result from the original content. In the major-
ity of cases, GPT-2 and FLAN-T5 can only generate short

Model NIMA
-TID↑

MUSIQ
-KonIQ↑

DB-
CNN↑

TReS
↑

NIMA
-AVA↑

MUSIQ
-AVA↑

wo Lmse,clip 5.48 67.23 62.34 78.21 5.21 5.64
wo Lmse 5.53 68.65 64.01 80.92 5.35 5.73
wo Lclip 5.68 69.32 64.74 82.24 5.41 5.89

UF-FGTG 5.73 69.74 65.21 83.34 5.48 5.97

Table 2: Impact of Stable Diffusion model (Lmse) and adap-
tive feature extraction module (Lclip) in our UF-FGTG.

text, even when we attempt to increase the maximum to-
ken count. In summary, these issues originate from language
models’ limited grasp of image information in text-to-image
tasks and their unfamiliarity with the structure of preferred
prompts. Our method effectively addresses these issues.

Quantitative Comparison
Evaluation Metrics. Following (Li et al. 2023) and (Dinh,
Nguyen, and Hua 2022), we quantitatively assess the im-
age quality and aesthetic, using the non-reference metrics.
Specifically, we choose NIMA (Talebi and Milanfar 2018),
MUSIQ (Ke et al. 2021), DB-CNN (Zhang et al. 2020),
and TReS (Golestaneh, Dadsetan, and Kitani 2022). We
use NIMA-TID, MUSIQ-KonIQ, DB-CNN, and TReS for
image quality assessment, while NIMA-AVA and MUSIQ-
AVA are used for image aesthetic assessment. NIMA-AVA
and MUSIQ-AVA are trained on AVA (Murray, March-
esotti, and Perronnin 2012), MUSIQ-KonIQ and DB-CNN
are trained on KonIQ-10K (Hosu et al. 2020), and NIMA-
TID is trained on TID2013 (Ponomarenko et al. 2013), fol-
lowing Py-IQA (Chen and Mo 2022).

Tab. 1 showcases the performance of various generative
language models in image quality and aesthetic evaluation,
with our method consistently surpassing other approaches
across all six metrics, achieving an average improvement of
5%. This indicates that our method not only generates high-
quality but substantial aesthetic images. Two primary rea-
sons contribute to this phenomenon: (1) Previous uni-model
text generation methods for fine-grained prompts neglect
image information in text-to-image tasks, leading to sub-

0 5 6 10 15 20 25 30
#Tokens

5.1

5.2

5.3

5.4

5.5

5.6

Sc
or

e

NIMA-TID
NIMA-AVA

Figure 4: Ablation study on prompt length, showing both
NIMA-TID and NIMA-AVA score as length increases.
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a painting of green tree house in 
the middle of a lake, birds 
flying around, anton fadeev, 
comfortable, reasonable 
structure, shock, high detail, 
abundant a detailed matte 
painting, rossdraws global 
illumination, neo-primitive 
pastel colors, photorealism, 8k

a green tree with a elephant 
standing under it in a field 
with a sky background and 
stars in the sky, anato finnstark, 
arossdraws global illumination, 
a detailed matte painting, 
fantasy art

a deer standing in a field next 
to a tree with yellow leaves, 
highly detailed, artgerm style, 
artstation, soft light, sharp 
focus, illustration, character 
design, concept art, 4k

a green tree, deep focus, d & d, 
fantasy, intricate, elegant, 
highly detailed, digital 
painting, artstation, concept art, 
matte, sharp focus, illustration, 
hearthstone, art by artgerm
and greg rutkowski and al

a tree with a lot of leaves on 
it‘s trunk and branches in the 
foreground, with a yellow sky 
in the background, volumetric 
lighting, a detailed matte 
painting, environmental art, 
high detail, 4k

a green tree with ground and 
green sky, a green grass field 
and a green grass field, beeple, 
blender and photoshop, a 
digital painting, environmental 
art

a tree with a green 
background, filip hodas, 
octane renderer, a 3d render, 
environmental art, sharp focus, 
illustration, character design, 
concept art, 8k

a green tree, by antonio j. 
manzanedo, giger, alex grey, 
android jones, wayne barlowe, 
philippe druillet, raymond
swanland, cyril rolando, 
josephine

UF-FGTG without Adaptive Feature Extraction UF-FGTG

Figure 5: The adaptive feature extraction module enhances
the diversity of the results. Origin prompts: “a green tree”.

par generative performance. Nonetheless, fine-tuning these
methods with our CFP dataset yields enhanced results. (2)
We observe that the text feature space in text-to-image tasks
is merely a subset of the high-dimensional space employed
in text generation. Our method maps the high-dimensional
feature space in text generation into a low-dimensional
one suitable for text-to-image tasks. This ensures that fine-
grained prompts, derived from coarse-grained prompts, are
model-preferred and correspond to high-quality images.

Ablation Study
Effect of Loss Functions. In Tab. 2, we study the model
performance by varying its configuration. Our framework
consists of three pipelines: text-to-image model, prompt re-
finer, and adaptive feature extraction module. It can be con-
trolled by three loss functions, Lmse, Lsft, and Lclip, to de-
termine whether to add a particular pipeline. The results in-
dicate that Lsft and Lclip are indispensable for text genera-
tion in text-to-image tasks.

Prompt Length. Following (Wen et al. 2023), we fur-
ther ablate the optimal number of tokens. In Fig. 4, we ob-
serve that when using Stable Diffusion for image genera-
tion, longer prompts do not always lead to better image qual-
ity and aesthetic assessment. This phenomenon may be at-
tributed to overfitting caused by longer prompts. Our expe-
rience indicates that additional prompts with a length of 6
produce the most generalizable performance.

Effect of Adaptive Feature Extraction Module. In
Fig. 5, we demonstrate the increased diversity of generation
results achieved by the adaptive feature extraction module.
Without this module, the model tends to produce results with
a singular style. However, by incorporating the adaptive fea-
ture extraction module, the model is capable of generating
a variety of results. This diversity is attributed to our adap-
tive extraction of image features, which enhances the hetero-
geneity of the fine-grained prompt features.

the great wavea green tree a cute dog cute anime girl

Origin Text Encoder

Our Fine-Grained Text Encoder

Figure 6: Origin text encoder vs our fine-grained text en-
coder in Stable Diffusion-v2.1.

Applications
Prompt Generation. The inference process for text gen-
eration is independent of its training phase. Our model pro-
poses two recommended strategies for inference: (1) As
shown in Fig. 1(b), the model generates three results con-
currently, with each outcome further producing six tokens
based on the preceding prompts, iterating this process un-
til user satisfaction is achieved. (2) As shown in Fig. 3, the
model aims to generate comprehensive prompts (setting max
token to 20 or 50). Both strategies use the original Stable
Diffusion model for image generation.

A Plug-and-Play Module in Stable Diffusion. Our
method trains a fine-grained text encoder with the ability to
map coarse-grained prompts to a fine-grained prompt fea-
ture space. As shown in Fig. 6, this allows it to fully sup-
plant the encoding-only text encoder in the original Stable
Diffusion model. Furthermore, we observe that when the in-
put prompt extends to a certain length, the model tends to
generate prompts such as “4k resolution”, “highly detailed”
and “best quality”. Although these prompts are not seman-
tically explicit, they can improve the quality of the gener-
ated images (Pavlichenko and Ustalov 2023). This suggests
that our approach consistently projects any user-provided in-
put prompt into a feature space aligned with fine-grained
prompts, resulting in enhanced image generation quality.

Conclusion
In this paper, we propose the Coarse-Fine Granularity
Prompts dataset (CFP), which enables the study of the gap
between user behavior and model-preferred prompts. We
also propose the User-Friendly Fine-Grained Text Genera-
tion (UF-FGTG) framework, which automatically translates
user-input prompts into model-preferred prompts while in-
corporating image-related loss functions and an adaptive
feature extraction module for improved diversity in genera-
tion results. Our experiments demonstrate that our method
achieves state-of-the-art performance on both quantitative
and qualitative measures, significantly advancing the field of
text-to-image synthesis by providing a user-friendly method
for automated prompt optimization.
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