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Abstract

The recent large-scale text-to-image generative models have attained unprece-
dented performance, while people established adaptor modules like LoRA and
DreamBooth to extend this performance to even more unseen concept tokens.
However, we empirically find that this workflow often fails to accurately depict
the out-of-distribution concepts. This failure is highly related to the low quality
of training data. To resolve this, we present a framework called Controllable
Adaptor Towards Out-of-Distribution Concepts (CATOD). Our framework follows
the active learning paradigm which includes high-quality data accumulation and
adaptor training, enabling a finer-grained enhancement of generative results. The
aesthetics score and concept-matching score are two major factors that impact the
quality of synthetic results. One key component of CATOD is the weighted scoring
system that automatically balances between these two scores and we also offer
comprehensive theoretical analysis for this point. Then, it determines how to select
data and schedule the adaptor training based on this scoring system. The extensive
results show that CATOD significantly outperforms the prior approaches with an
11.10 boost on the CLIP score and a 33.08% decrease on the CMMD metric.

1 Introduction

The generative modeling for text-to-image has attained unprecedented performance most recently [37,
45, 41, 49]. Notably, by training over billions of text-image data pairs [52, 51], the family of diffusion
models has allowed high-fidelity image synthesis directed by the prompt provided in production.
Despite their massive successes, these models still fail to generate images with decent quality and
matching semantics, when encountering prompts that contain unseen or out-of-distribution concept
tokens [60, 12, 21]. Simply put, the reason causing this failure is due to that the training set is not
unbounded with limited variations. On the side of production, this limitation could significantly
impact the practicality of this technique in real-world applications.

To deal with such concepts, recent works have resorted to adaptors such as Textual Inversion [18],
DreamBooth [47, 58, 48], and LoRA [25, 66, 76], which tunes only a small part of the text-to-image
model or insert extra modules. These adaptors largely reduce the training costs, and more importantly,
preserve the visual aesthetic information originally learned by the underlying model.
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Figure 1: Comparison of images generated before/after training adaptors over concepts with different
CMMD scores. One observation is that concepts with higher CMMD scores are notably more challenging for
the underlying model to generate (the second row). Additionally, we also notice that a higher CMMD value
leads to a more notable loss of visual details when training adaptors (the third row).

However, in this paper, we have found that recent works still struggle to accurately depict the visual
details of out-of-distribution concepts (with a CMMD score above 3.5), as illustrated in Figure 1.
Adapters like LoRA are able to accurately represent the shape and color of OOD concepts compared
to the generative results before adaptor training, but they fall short when it comes to finer details such
as texture, contours, and patterns. This issue arises from the fact that current studies predominantly
focus on variations of in-distribution (ID) concepts (e.g., humans, dogs, and cats) while ignoring the
out-of-distribution (OOD) ones. This failure motivates us to think about what makes the problem of
distorted visual details happen when training adaptors.

In Figure 2, we observed that how an adaptor depicts OOD concepts can be significantly influenced
by the quality of the training data. If the model is trained on samples containing disruptive objects,
the resulting generative outputs are likely to reflect these disruptive elements. When the training data
contains images with vague or very small instances of the OOD concept, the generative results may
appear low-quality. In contrast, the high-quality data for adapting OOD concepts usually contains
a single and clear object corresponding to the given concept, which is highly distinguishable from
the background and other types of objects and helps produce accurate results with high-fidelity.
However, manually picking such high-quality data requires much human labor and expertise, which
may crucially limit the versatility of text-to-image models. Therefore, an effective paradigm to locate
high-quality samples of OOD concepts is important for the practical shipping of this field.

To this end, we developed a framework called Controllable Adaptor Towards Out-of-Distribution
Concepts (referred to as CATOD) which aims to identify high-quality samples to guide the adaptor
training. This framework follows the Active Learning (AL) paradigm [54, 44], involving iteratively
accumulating training data and updating the adaptor. The profound motivation of this approach is
to comprehensively model the interaction between training data and the underlying text-to-image
model. Specifically, CATOD includes two interconnected scores: the aesthetic score and the concept-
matching score, following the observation that object clarity and uniqueness largely impact generative
results, as illustrated in Figure 2. Based on this, we devised a weighted scoring system that adapts
itself according to the adaptor to select high-quality data while also properly balancing the two scores.
With the carefully selected high-quality data, we schedule the adaptor training based on the quality of
generative results evaluated through this scoring system.

In summary, our contributions are as follows: (i)-We have identified the challenge of adapting
text-to-image models to out-of-distribution (OOD) concepts, where recent studies often struggle to
accurately depict them; (ii)-We have introduced a framework called CATOD that iteratively updates
training data and the adaptor to generate OOD concepts precisely; (iii)-Our extensive experiments
verified that CATOD achieves significant performance gain with up to 11.10 on the CLIP score and
33.08% on the CMMD metric; (iv)-We have also offered theoretical insights into the key factors:
aesthetics and concept-matching, which contribute to the effectiveness of our method.
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Figure 2:Comparison of synthetic results on data with different quality. Generated images are signi�cantly
in�uenced by the quality of training data. If the training data includes disruptive objects, the generative images
may include disruptive visual details (Left). When an object within the image is too small, the results may not
accurately represent the intended concepts (Middle). In contrast, if the image contains a high-�delity object
without disruptive elements (Right), the model is more likely to generate the desired result accurately.

2 OOD Problem in Latent Diffusion Models

Revisiting Latent Diffusion Models (LDMs). Latent Diffusion Models (LDMs) [45] comprise two
components: a diffusion process operating the latent space and an auto-encoder which contains an
encoderE mapping an image into the latent space and a decoderD that reconstruct images from
latent codes. Furthermore, the diffusion process can be conditioned on the output of text embedding
models, enabling the auto-encoder to integrate the information derived from texts. Letx be the image,
the CLIP textual encoderc� that maps the corresponding texty into the latent space, the LDM loss is:

L LDM (x; y) := Ez�E (x ) ;� �N (0 ;1) ;t
�
k� � � � (zt ; t; c� (y)) k2

2

�
; (1)

wheret denotes the time step,zt denotes the latent code noised at time stept, when�; � � represents
the noised samples and the denoising U-Net [46], respectively. Through this noising-denoising
procedure applied to the latent codes, LDM enables the underlying model to integrate information
derived from texts into the visual results, while also allowing more �exibility to produce images.

The OOD Concepts for LDMs. Intuitively, out-of-distribution (OOD) concepts refer to the category
of data whose distribution deviates signi�cantly from what the model has learned. This degree
of drifting can be quanti�ed by an MMD score [27], which evaluates the discrepancy between
ground-truth images and the generative results in the image latent space. Formally, for two probability
distributionsP andQ, the MMD distance with respect to a positive de�nite kernelk is:

dist2MMD (P; Q) := Ex p � P;x 0
p � P [k(x; x 0)] + Ex q � Q;x 0

q � Q
�
k(xq; x0

q)
�

� 2Ex p � P;x q � Q [k(xp; xq)] ;
(2)

wherexp; x0
p independently follow the distributionP while xq; x0

q independently follow the distribu-
tion Q, with k the Gaussian RBF kernel [17]. In our implementation, we sample two sets of vectors
from the distributionP andQ, then use CLIP embeddings [40] to calculate this score, which is also
named as CMMD [27]. We set a concept with a high CMMD score (above 3.5) as an OOD concept.

OOD Concepts are Hard to Adapt.Recent text-to-image LDMs [45, 39] have achieved unprece-
dented performance on a wide range of concept tokens. However, we have found that there still exist
many concepts that make LDMs fail after the adapter is fully trained. As we show in Figure 1, there
are several discoveries: (i)-The concepts with higher CMMD scores are much more challenging for
the underlying model to generate or adapt. The concepts with a CMMD score above 3.0 show explicit
wrong visual details. For Axolotl and Frilled Lizards with CMMD above 4.0, the LDMs even generate
the wrong species; (ii)-A higher CMMD score indicates a more severe loss of visual details when
training adaptors. The concepts with CMMD scores above 3.5 in Axolotls and Emperor Penguin
Chicks, show explicit distorted visual details, like color, texture, and delicate details. For Axolotl,
the generative results show a wrong number and wrong positions of amateurs. For Emperor Penguin
Chicks, the generative results show the wrong fur color of their heads and wings. To summarize, the
higher the CMMD score of a concept, the more dif�cult it is for LDMs to adapt.

The High-Quality Matters. We further observe that the generative results are quite sensitive to
training data when training adaptors meet OOD concepts. As shown in Figure 2, when the training
images contain disruptive elements, the visual features of these disruptive elements will be easily
introduced into the generative results. For example, when an adult emperor penguin appears in
training data, then the black fur on their back can easily appear when generating their chicks, despite
that their chicks have white �uffs as shown in the left part of Figure 2. If the object of the desired
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