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Abstract 

Despite unprecedented ability in imaginary creation, 
large text-to-image models are further expected to 
express customized concepts. Existing works 
generally learn such concepts in an optimization- 
based manner, yet bringing excessive computation 
or memory burden. In this paper, we instead 
propose a learning-based encoder for fast and 
accurate concept customization, which consists of 
global and local mapping networks. In specific, the 
global mapping network separately projects the 
hierarchical features of a given image into multiple 
“new” words in the textual word embedding space, 
i.e., one primary word for well-editable concept and 
other auxiliary words to exclude irrelevant 
disturbances (e.g., background). In the meantime,   
a local mapping network injects the encoded patch 
features into cross attention layers to provide 

 
understanding ability, and generate diverse and 
photo-realistic images being accordant to given text 
prompts. Owning to their unprecedentedly creative 
capabilities, they have been applied to various 
tasks, such as image editing [14, 19], data 
augmentation [20], and even artistic creation [22]. 
However, despite diverse and general generation, 
users may expect to create imaginary instantiates 
with undescribable personalized concepts [15], e.g., 
“corgi” in Fig. 1. To 
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omitted details, without sacrificing the editability of 
primary concepts. We compare our method with 
prior optimization-based approaches on a variety of 
user-defined concepts, and demonstrate that our 
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method enables more high-fidelity inversion and 
robust editability with a significantly faster encoding 
process. Our code will be publicly available at 
https://github. com/kumaresh-rgb. 

 
 

1. INTRODUCTION 

Recently, large-scale diffusion models [3, 25, 28, 
30] have demonstrated impressive superiority in 
text-to-image generation. By training with billions of 
image-text pairs, large text-to-image diffusion 
models have exhibited excellent semantic 

Figure 1. Given an input image, customized text-to- 
image generation learns a pseudo-word (S*) in 
word embedding space to represent the target 
concept. With S*, one can synthesize or edit the 
concept with text prompts flexibly. The time to learn 
a new concept is listed at the bottom, and our 
method learns the new concept faster. this end, 
many recent studies have been given to 
customized text-to-image generation [13, 15, 29], 
which aims to learn a specific concept from a small 
set of user-provided images (e.g., 3∼5 images). 
Then, users can flexibly compose the learned 
concepts into new scenes, e.g., A S* wearing 
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sunglasses in Fig. 1. Given a small image set 
depicting the target concept, Textual Inversion [13] 
learned a new pseudo-word (i.e., S*) in the well- 
editable embedding space of text encoder to 
represent the user-defined concept, yet failed to 
capture image-specific details. DreamBooth [29] 
finetuned the entire diffusion model to accurately 
align the target concept with a unique identifier. 
Custom Diffusion [15] balanced the fidelity and 
memory by selectively finetuning K, V mapping 
parameters in cross attention layers. Since text 
prompts are usually not sufficient to precisely 
describe a specific object [13], customized 
generation is more practical for specific concept 
synthesis and editing. Albeit flexible generation has 
been achieved by [13, 15, 29], the computational 
efficiency remains a challenging issue to obtain the 
textual embedding of a visual concept. Existing 
methods usually adopt the per-concept optimization 
formulation, which requires several or tens of 
minutes to learn a single concept. From Fig. 1, the 
most efficient Custom Diffusion [15] still takes 
around 6 minutes to learn one concept, which is 
infeasible for online applications. In contrast, in the 
field of GAN inversion, efficient learningbased 
methods [27] have been proposed to accelerate the 
optimization process. They trained an encoder to 
infer the latent code directly, which only needs one 
step forward inference. Driven by the above 
analysis, we propose a learningbased encoder for 
Encoding visuaL concepts Into Textual Embeddings, 
termed as ELITE. As shown in Fig. 2, our ELITE 
adopts a pre-trained CLIP image encoder [24] for 
feature extraction, followed by a global mapping 
network and a local mapping network to encode 
visual concepts into textual embeddings. Firstly, we 
train a global mapping network to map the CLIP 
image features into the textual word embedding 
space of the CLIP text encoder, which is analogous 
to [13]. Since a given image contains both the 
subject and irrelevant disturbances, encoding them 
as a single word embedding severely degrades the 
editability of subject concept. Thus, we propose to 
separately learn them with a welleditable primary 
word and several auxiliary words. Using the 
hierarchical features from CLIP intermediate layers, 
the word learned from the deepest features naturally 
links to the primary concept (i.e., the subject), while 
auxiliary words learned from other features describe 
the irrelevant disturbances (e.g., background). 
Following [15], the parameters of K, V projection in 
cross attention layers are finetuned during global 
training for a better inversion. When deploying to 
customized generation, we only use the primary 
word to avoid editability degradation from auxiliary 
words. Usually, a visual concept is 

worth more than one word, and describing it with a 
single word may result in the inconsistency of local 
details [13]. For higher fidelity of the learned 
concept without sacrificing its editability, we further 
propose a local mapping network to inject finer 
details. From Fig. 2, the local mapping network 
encodes the CLIP features into the textual feature 
space (i.e., the output space of the text encoder), 
while keeping their spatial structure. The obtained 
textual feature embeddings are injected through 
additional cross attention layers, and the output 
feature is summed with the global part to improve 
the local details. Experiments demonstrate that our 
method can encode the target concept efficiently 
and faithfully, while keeping control and editing 
abilities. The contributions of this work can be 
summarized as: • We propose a learning-based 
encoder ELITE for fast and accurate customized 
text-to-image generation. It adopts a global 
mapping and a local mapping to directly encode the 
visual concept into textual embeddings. • Multi- 
layer features are adopted in global mapping 
network to learn a well-editable primary word 
embedding, while the local mapping network 
improves the consistency of details significantly. 

 

Figure 2. Inference pipeline of our proposed ELITE. 
Given a user-provided image x, our ELITE extracts 
hierarchical features with CLIP image encoder. 
Then, it uses global and local mapping networks to 
encode a visual concept into textual word 
embeddings (i.e., w0 and w1···N ) and textual 
feature embeddings, respectively. The embeddings 
are injected into generation by cross attention. Note 
that, when deployed into customized generation, 
only the primary word w0 is used for better 
editability. • Experiments show that our encoder 
can faithfully recover the target image with higher 
visual fidelity, and also enable more robust editing. 

 

2. RELATED WORK 

2.1. Text-to-Image Generation 

Deep generative models have achieved 
tremendous success on text-conditioned 
imagegeneration [3, 6, 9, 10, 12, 17, 21, 25, 26, 
28, 30, 
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31, 34, 35] and attracted intensive recent attention. 
They can be categorized into three groups: GAN- 
based, VAE-based, and diffusion-based models. 
Albeit   GAN-based  [17,  31,  34]  and   VAE-based 
models [6, 9, 12,26,35] synthesize images with 
promising quality and diversity, they still cannot 
match user descriptions very well. Diffusion-based 
models demonstrate more unprecedentedly high- 
quality and controllable imaginary generation and 
are broadly applied in text-to-image generation [3, 
10, 21, 25, 28, 30]. GLIDE [21] firstly introduces 
diffusion models into text-to-image generation with 
classifier-free guidance. DALLE-2 [25], Imagen [30], 
and LDM [28] employ pretrained large-scale text 
encoders to provide more controllable guidance 
signals. For a trade-off between efficiency and high 
resolution, they either introduce super-resolution 
models [25,30], or encode images into the low- 
dimensional latent space [28]. Despite their 
superior performance on general synthesis,  they 
still struggle to express some specific or user- 
defined concepts [13, 15, 29], e.g., “corgi” in Fig. 1. 
Our method  focuses on  making pre-trained 
diffusion models to learn these new concepts 
efficiently. 

 

Figure 3. Training pipelines of our proposed ELITE. 
It consists of two stages: (a) a global mapping 
network is first trained to encode a concept image 
into multiple textual word embeddings, where one 
primary word (w0) for well-editable concept and 
other auxiliary words (w1···N ) to exclude irrelevant 
disturbances. (b) To address the information loss 
during global mapping, a local mapping network is 
further trained, which projects the foreground object 
into textual feature space to provide local details. In 
this stage, only the well-editable primary word (w0) 
is used. 

 

 

2.2. GAN Inversion 

GAN inversion refers to projecting real images into 
latent codes, such that images can be faithfully 
reconstructed and edited with pre-trained GAN 
models. Generally, there are mainly two types of 
GAN inversion algorithms in the literature: (i) 
optimization-based: directly optimize latent code to 
minimize the reconstruction error [5, 8, 18], and (ii) 
encoder-based: train an encoder to invert an image 
into latent space [1, 2, 23, 27, 33]. The optimization 
-based methods [5,8,18] usually require hundreds 
of iterations to obtain promising results, while 
encoder-based methods greatly accelerate this 
process via one feed-forward pass only. To  
improve image fidelity without compromising 
editability, [33] embeds the omitted high-frequency 
information into latent codes. Inspired by this, our 
ELITE also proposes a local mapping network that 
encodes the concept images into textual feature 
space to improve details consistency. 

 

2.3. Diffusion-based Inversion 

For text-to-image diffusion models, their inversion 
can be performed in two types of latent spaces: (i) 
Textual Word Embedding (TWE) space 
[11,13,15,29] or (ii) Imagebased Noise Map (INM) 
space [7, 19, 32]. In this work, our method performs 
inversion in TWE space, which has been widely 
used to invert customized concepts. From the 
perspective of GAN inversion, existing inversion 
methods in the TWE space follow the optimization- 
based formulation. Textual inversion [13] and 
DreamArtist [11] directly optimize the embedding of 
new “words” using a few userprovided images, yet 
failing to recover the target image (i.e., low-fidelity). 
DreamBooth [29] finetunes the whole pre- trained 
text-to-image model to learn high-fidelity new 
concepts with a unique identifier. To enable fast 
tuning, Custom Diffusion [15] only updates the key 
and value mapping parameters in the cross- 
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attention layers with better performance. Albeit 
these optimization-based methods have obtained 
high fidelity and editability, their learning still 
requires many iterations and multiple user-provided 
images. In contrast, our method follows the 
encoder-based formulation to accelerate the 
process. Meanwhile, using global and local 
mapping, our method faithfully learns a new 
concept with one single image. Overall, our two 
core designs significantly improve efficiency in 
terms of time and memory. 

 

3. METHODOLOGY 

Given a pretrained text-to-image model θ and an 
image x indicates the target concept (usually an 
object), customized text-to-image generation aims 
to learn a pseudoword (S*) in word embedding 
space to describe the concept faithfully, while 
keeping the editability. To achieve fast and 
accurate customized text-to-image generation, we 
propose a method ELITE to encode the visual 
concept into textual embeddings. As illustrated in 
Fig. 2, our ELITE adopts a global mapping network 
to encode visual concepts into the textual word 
embedding space. The obtained word embeddings 
can be composed with texts for customized 
generation. To address the information loss in word 
embedding, we further proposed a local mapping 
network to encode the visual concept into textual 
feature space to improve the consistency of the 
details. In the following, we begin by presenting an 
overview of the text-to-image model utilized in our 
approach (Sec. 3.1). Then, we will introduce the 
details of the proposed global mapping network 
(Sec. 3.2) and local mapping network(Sec. 3.3). 

 

3.1. Preliminary 

In our experiments, we employ the Stable Diffusion 
[28] as our text-to-image model, which is trained on 
large-scale data and consists of two components. 
First, the autoencoder (E(·), D(·)) is trained to map 
an image x to a lower dimensional latent space by 
the encoder z = E(x). While decoder D(·) learns to 
map the latent code back to the image, such that 
D(E(x)) ≈ x. Then, the conditional diffusion model 
θ(·) is trained on the latent space to generate latent 
codes based on text condition y. To train the 
diffusion model, simple mean-squared loss is 
adopted, LLDM := Ez∼E(x),y,∼N(0,1),th k − θ(zt, t, 
τθ(y))k 2 2 i , (1) where denotes the unscaled noise, 
t is the time step, zt is the latent noised to time t, 
and τθ(·) represents the pretrained CLIP text 
encoder [24]. During inference, a random Gaussian 
noise zT is iteratively denoised to z0, and the final 
image is obtained through the decoder x 0 = D(z0). 
To incorporate text information in the process 
ofimage synthesis, cross attention is adopted in 
Stable Diffusion. Specifically, the latent image 

feature f and text feature τθ(y) are first transformed by 
the projection layers to obtain the query Q = WQ 
· f, key K = WK · τθ(y) and value V = WV · τθ(y). 
WQ, WK, and WV are weight parameters of query, 
key, and value projection layers, respectively. 
Attention is conducted by a weighted sum over 
value features, Attention(Q, K, V ) = Softmax   QKT 
√ d 0 V, (2) where d 0 is the output dimension of 
key and query features. The latent image feature is 
then updated with the attention block output. 

 

3.2. Global Mapping 

Following [13, 15], we choose the textual word 
embedding space of CLIP text encoder as the 
target for inversion, which has been demonstrated 
with great editing capacity. To improve the 
computation efficiency, we propose a global 
mapping network that encodes the given concept 
image into word embeddings directly. As illustrated 
in Fig. 3(a), to facilitate the embedding learning, the 
pretrained CLIP image encoder ψθ(·) is adopted as 
feature extractor, and our global mapping network 
Mg (·) projects the CLIP features as word 
embeddings v, v = Mg ◦ ψθ(x). (3) where v ∈ R N×d 
, N is the number of words and d is the dimension 
of word embedding. Global average pooling is 
employed to obtain the final word embedding. 

 

Since the image x contains both desired object 
concept and other irrelevant concepts (e.g., 
background), encoding them into one word. 

 

(i.e., N = 1) results in an entangled word 
embedding v with poor editability. To obtain a more 
informative and editable word embedding,  we 
adopt a multi-layer approach to learn N words from 
the image x separately (N>1). Specifically, we 
select N layers from CLIP image encoder, and  
each layer ψ Li θ (·) learns one word wi 
independently. All words [w0, · · · , wN ] are 
concatenated together to form the textual word 
embedding v. Following [13], we introduce a 
pseudo-word S* to represent the new concept, and 
associate its embedding with v. To train our global 
mapping, we adopt Eqn. (1), and regularize the 
obtained word embeddings, Lglobal = LLDM + 
λglobalkvk1, (4) where λglobal is a trade-off 
hyperparameter. To condition the new concept on 
generation, we randomly sample a text from the 
CLIP ImageNet templates [24] as text input, such 
as a photo of a S*. The full template list is provided 
in the Suppl. Besides, following [15], the key and 
value projection layers in cross attention are 
finetuned during training, and the obtained new 
projections are denoted as Kg = W g K · τθ(y) and 

V g = W g V · τθ(y). Benefiting from the hierarchical 
semantics learned by different layers in the CLIP 
image encoder, the feature from the deepest layer 
(i.e., layer 25) possesses the highest comprehension 
of the image. And the word embedding associated 
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with the deepest feature is learned to describe the 
primary concept (i.e., the object), while keeping 
great editability. In contrast, word embeddings from 
shallower features are learned to describe the 
irrelevant  disturbances, such as background (see 
Sec. 4.2 for more details). Note that, we use only 
the word embedding of the deepest feature during 
local training (Sec. 3.3) and image generation 
stages for better editing capacity. 

 

3.3. Local Mapping 

Usually, a single word embedding is not sufficient 
to faithfully describe the details of a given concept, 
while multiple word embeddings suffer from 
degraded editing capacity. To improve the 
consistency between the given concept and 
synthesized image without sacrificing editability, we 
further propose a local mapping network. As shown 
in Fig. 3(b), the local mapping network Ml (·) 
encodes the multi-layer CLIP features into the 
textual feature space (i.e., the output space of text 
encoder), e = Ml ◦ ψθ(x ∗ m). (5) where m is the 
object mask to ease the redundant details of 
background. e ∈ R p×p×d keeps the spatial 
structure and p is the feature size. Each pixel of e 
contains the details information of a local patch in 
given images. To inject the local Figure 4. Visual 
comparisons of concept generation. For generating 
images, A photo of a S* is used for Textual 
Inversion [13] and ours, while A photo of a S* 
[category] is used for Dreambooth [29] and Custom 
Diffusion [15]. Our ELITE is comparable with 
competing methods. 

 

Figure 6. Visual comparisons of different variants. 
Left: [v] denotes the generation results with full 
word embeddings v, while [w] denotes the 
generation results with the primary word 
embedding w. Either learning single word 
embedding or multiple word embeddings from the 
single layer (i.e. the deepest layer) fails to achieve 
reliable editing capacity. In contrast, our proposed 
method of learning multiple words from multiple 
layers successfully learns an editable primary word 
embedding. Right: Our proposed local mapping 
improves the consistency of details between the 
input image and the generated image significantly, 
while maintaining editability. 

 

 
 

Figure 5. Visualization of learned word embeddings. 
The word associated deepest feature (i.e., w0 from 
layer 25) describes the primary concept (i.e., corgi, 
teddybear), while other words describe irrelevant 
disturbances. information of e into generation, 
additional cross attention is introduced. Specifically, 
we add two additional projection layers Wl K and  
Wl V into cross attention module, and the local 
attented feature is obtained by Attention(Q, Kl , V l ) 
where Kl = Wl K ·(e∗m) and V l = Wl V ·(e∗m).  
Then the local attented features are then fused with 
global attented features through, Out = Attention(Q, 
Kg , V g ) + λAttention(Q, Kl , V l ), (6) where λ is a 
hyperparameter and set as 1 during training. To 
focus on the object region, the obtained attention 
map QKl T is reweighted by QKgT i , where i is the 
index of w0 in the text prompt. To train the local 
mapping network, we also adopt the Eqn. (1), while 
regularizing the local values Vl , Llocal = LLDM + 
λlocalkV l k1, (7) where λlocal is a trade-off 
hyperparameter. 
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Figure 7. Visual comparisons on the effect of value 
of λ. As λ increases, the consistency of details 
between the generated image and input image 
improves, but at the cost of reduced editability. 

 

 

4. EXPERIMENTS 

4.1. Experimental Settings 

Datasets. To train our local and global mapping 
networks, we use the testset of OpenImages [16] 
as our training dataset. It contains 125k images 
with 600 object classes. During training, we crop 
and resize the object image to 512×512 according 
to the bounding box annotations. While for local 
mapping training, mask annotations are also used 
to extract foreground objects. During inference, we 
adopt images from existing work [13, 15, 29] with 
various categories, such as dog, cat, and toy, etc. 

 

Evaluation metrics. Following [15], we evaluate our 
method with the Image-alignment, Text-alignment, 
and KID. For Image-alignment, we calculate the 
CLIP visual similarity between the generated 
images and the target concept image. For Text- 
alignment, we calculate the CLIP textimage 
similarity between the generated images and given 
text prompts. The pseudo-word (S*) in the text 
prompt is replaced with the proper object category 
for extracting CLIP text feature. For KID, we select 
six evaluation datasets that each contain multiple 
images. For each dataset, we take only one image 
as the concept image, and calculate the KID [4] 
between generated images and all real images. 
Moreover, we also adopt the optimization time as a 
metric. 

Table 3. User study. The numbers indicate the 
percentage (%) of volunteers who favor the results 
of our method over those of the  competing 
methods based on the given question. Our method 
is preferred over competing methods. 

 

to evaluate the efficiency of each method. 
Implementation Details. We use the V1-4 version of 
Stable Diffusion in our experiments, and the 
mapping network is implemented with three-layer 
MLP (for both global mapping network and local 
mapping network). To extract multilayer CLIP 
features, features from five layers are selected, and 
the layer indexes are {25,4,8,12,16} in order. To 
train global mapping network, we use the batch 
size of 16 and λglobal = 0.01. The learning rate is 
set to 1e-6. To train the local mapping network, we 
adopt the batch size of 8 and λlocal = 0.0001. The 
learning rate is set to 1e-5. All experiments are 
conducted on 4×V100 GPUs. During image 
generation, unless additional stated, Unless 
mentioned otherwise, we use 100 steps of PLMS 
sampler with a scale 5. For concept generation 
(e.g., a S*), we use λ = 0.8 , while for concept 
editing (e.g., a S* is swimming), we use λ = 0.6. 

 

4.2. Ablation Study 

We conduct ablation studies to evaluate the effects 
of various components in our method, including the 
multilayer features in the global mapping network, 
local mapping network, and the value of λ. Effect of 
Multi-layer Features. Fig. 5 first gives the 
visualization of words learned by multi-layer 
features in global mapping network. For each word 
visualization, we use the text A photo of a [wi]. One 
can see that, the word embedding of the deepest 
feature (i.e., w0) describes the primary concept (i.e., 
corgi, teddybear), while other words describe some 
finer details. Meanwhile, the obtained w0 maintains 
superior editability. To further demonstrate this, we 
have conducted experiments with several variants: 
i) Single-layer Single-word: learning a single word 
embedding  from  the  deepest  feature.  ii)  Single- 
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layer  Multiwords:   learning    multiple   word 
embeddings from the deepest feature separately. iii) 
Multi-layers Multi-words: our  setting,  learning 
multiple word embeddings from the multiple layer 
features separately. Fig. 6 illustrates the results of 
concept generation and editing for  each  variant. 
For multiple word settings, we show the results of 
the full embeddings (i.e., [v] ) and the primary word 
embedding (denoted as [w]), which is obtained by 
the above analysis. As shown in the figure, 
encoding concept image into one single word 
embedding leads to entangled embedding  with  
poor editability. When learning multiple words from 
the deepest  feature,  the  obtained full  word 
embeddings v and the primary word embedding w 
are also not editable. In contrast, the primary word  
w learned by our multifeatures describes the object 
concept while maintaining superior editing capacity. 
That’s why we only keep it during image generation. 
Though a single w is not sufficient to describe the 
details of the given concept faithfully, a local 
mapping network is further proposed to address 
this. Effect of Local Mapping. We further  conduct 
the ablation to evaluate the effect of the proposed 
local mapping network. From Fig. 6, with the local 
mapping network, our ELITE generates image with 
higher consistency  with  the   concept  image. 
Meanwhile, from Table 1, the introduction of a local 
mapping network does not  compromise  the 
editable  capability,   which  demonstrates   its 
superiority over learning multiple words. Though its 
image alignment may not be the best, this is due to 
a trade-off between image alignment and text 
alignment. Effect of λ. From Eqn. 6, λ is introduced 
to control the fusion of information from the global 
mapping network and the local mapping  network. 
To evaluate its effect, we vary its value from 0 to 1, 
and the generated results are shown in  Fig  .7. 
From the figure, with the increasing of λ, the 
consistency between the synthesized image and 
concept image is improved. However, when the 
value of λ is too large, it may lead to degenerated 
editing results. Therefore, for a tradeoff between 
inversion and editability, we set λ = 0.6 for editing 
prompts and λ = 0.8 for generating prompts. We 
found these parameters work well for most cases. 
More ablations are provided in the Suppl. 

 

Figure 8. Visual comparisons of concept editing. 
Our ELITE method demonstrates superior 
editability compared to Textual Inver. 

 

4.3. Qualitative Results 

To demonstrate the effectiveness of our ELITE, we 
compare it with existing optimization-based 
methods, including Textual Inversion [13], 
DreamBooth [29], and Custom Diffusion [15]. For 
afair comparison, we trained all models using their 
official code 1 and default hyperparameters on a 

single image. 
 
 

1Since the official code of Dreambooth is not 
publicly available, we use the code implemented by 
https://github.com/XavierXiao/ images generated 
with the text prompt A photo of a S*. With only one 
concept image, Textual Inversion cannot learn a 
word emsion [13], Dreambooth [29], and Custom 
Diffusion [15].bedding that accurately describes the 
target concept. Although Dreambooth and Custom 
diffusion learn the Dreambooth-Stable-Diffusion. 
For Textual Inversion, we use their stable diffusion 
version. 

 

concept with detail consistency, their diversity may 
be limited. In comparison, our ELITE is capable of 
faithfully capturing the details of the target concept 
and generating diverse images. We also conduct 
experiments with editing prompts and compare our 
method with existing methods. As shown in Fig. 8, 
Dreambooth and Custom diffusion exhibit degraded 
editing ability, and in some cases, the editing 
prompts fail to produce the desired results (first 
row). In contrast, our method demonstrates 
superior editing performance. More qualitative 
results are provided in Suppl. 

 

4.4. Quantitative Results 

In addition to the qualitative comparisons, we 
further conduct the quantitative evaluation to 
validate the performance of our ELITE. From Table 
2, our method achieves better text-alignment 
compared to the state-ofthe-art methods, 

demonstrating its superior editability. Moreover, our 
method achieves comparable detail consistency  and 
image quality, indicating its capability to generate 
high-quality images. Furthermore, our method 
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provides a significant advantage in terms of 
computational efficiency. Unlike optimization-based 
methods that require several or tens of minutes to 
obtain the concept embedding, our method can 
obtain it in just 0.05s. This makes our method  
highly practical and efficient for realworld 
applications where speed is a critical factor. User 
Study. We then perform the user study to compare 
with competing methods. There are three questions: 
i) textalignment, the participants were given a text 
prompt and generated results from two different 
methods, and were required to select the image 
that has better consistency with the text. ii)image- 
alignment, the participants were given a concept 
image and generated results from two different 
methods, and were required to select the image 
that has better consistency with the given concept 
image. iii) editingalignment, the participants were 
given a text prompt, a concept image, and the 
corresponding generated results from two different 
methods, and were required to select the image 
that has better consistency with both the concept 
image and text. As shown in Table 3, our method is 
preferred over competing methods. 

 

5. CONCLUSION 

In this paper, we propose a novel learning-based 
encoder for fast and accurate customized text-to- 
image synthesis, termed ELITE. Compared with 
existing optimization-based methods, our ELITE 
directly encodes visual concepts into textual 
embeddings, significantly reducing the 
computational and memory burden of learning new 
concepts. Moreover, our method demonstrates 
superior flexibility in editing learned concepts into 
new scenes while preserving imagespecific details, 
making it a valuable tool for personalized text- 
toimage generation. In future work, We will explore 
to leverage multiple concept images for better 
inversion, and investigate effective methods for 
composing multiple concepts in ELITE. 
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