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Abstract

Custom diffusion models (CDMs) have attracted widespread attention due to their
astonishing generative ability for personalized concepts. However, most existing
CDMs unreasonably assume that personalized concepts are fixed and cannot change
over time. Moreover, they heavily suffer from catastrophic forgetting and concept
neglect on old personalized concepts when continually learning a series of new
concepts. To address these challenges, we propose a novel Concept-Incremental
text-to-image Diffusion Model (CIDM), which can resolve catastrophic forgetting
and concept neglect to learn new customization tasks in a concept-incremental
manner. Specifically, to surmount the catastrophic forgetting of old concepts, we
develop a concept consolidation loss and an elastic weight aggregation module.
They can explore task-specific and task-shared knowledge during training, and
aggregate all low-rank weights of old concepts based on their contributions during
inference. Moreover, in order to address concept neglect, we devise a context-
controllable synthesis strategy that leverages expressive region features and noise
estimation to control the contexts of generated images according to user conditions.
Experiments validate that our CIDM surpasses existing custom diffusion models.
The source codes are available at https://github. com/JiahuaDong/CIFC.

1 Introduction

Latent diffusion models (LDMs) [38, 33, 66, 19] have demonstrated unprecedented capabilities
in generating high-fidelity images by incorporating large-scale collections of image-text pairs in
the latent feature space. Until now, LDMs [4, 30] have achieved remarkable progress in various
application fields, including image editing [29, 26], art creation [8, 54], and reconstruction of fMRI
brain scans [48]. In order to synthesize some personalized concepts according to user preferences,
custom diffusion models (CDMs) [40, 60, 11] rely on low-rank adaptation (LoRA) [14] to finetune the
large-scale LDMs for multi-concept customization [22]. They extend the vision-language dictionary
of pretrained LDMs to bind personalized concepts with specific subjects users need to synthesize.

Generally, most existing CDMs [60, 68, 3] assume that users’ personalized concepts are fixed and
cannot incrementally increase over time. However, this assumption is unrealistic in real-world
applications, where users want to continually synthesize a series of new personalized concepts from
their own lives. To address this setting, CDMs [3, 57, 2] typically require storing all image-text

*Equal contributions (ordered alphabetically). fCorresponding authors.

38th Conference on Neural Information Processing Systems (NeurIPS 2024).


https://github.com/JiahuaDong/CIFC

training pairs of old concepts to finetune the pretrained LDMs via LoRA [14, 59]. Nevertheless, the
high computation costs and privacy concerns [52] may render CDMs impractical as the number of
old personalized concepts consecutively increases. If the above CDMs retain all low-rank weights
associated with old concepts that are obtained in previous customization tasks and then merge them
to learn new personalized concepts continually [59, 65], they may experience significant loss of
individual attributes on old personalized concepts (i.e., catastrophic forgetting [36, 6]) for versatile
customization. Moreover, in real-world scenarios, users may wish to control the contexts and objects
associated with multiple old concepts in synthesized images according to the conditions they provide
(e.g., scribble or bounding box [24, 44]). It forces CDMs [60] to heavily suffer from the challenge of
concept neglect [1] (i.e., some old concepts are missing during multi-concept composition).

To handle the above real-world scenarios, in this paper, we propose a new practical problem named
Concept-Incremental Flexible Customization (CIFC). In the CIFC setting, as shown in Fig. 1(a),
CDMs can consecutively synthesize a sequence of new personalized concepts in a concept-incremental
manner for versatile customization (€.g., multi-concept generation [21], style transfer [S6] and image
editing [29]). Additionally, users can control the context and objects of the generated images based on
the specific conditions they provide. As aforementioned, the CIFC problem faces two main challenges
for versatile concept customization in this paper: catastrophic forgetting of old personalized concepts
when learning new concepts consecutively under a concept-incremental manner, and concept neglect
when performing multi-concept composition according to users-provided conditions.

To resolve the challenges in CIFC, we develop a novel Concept-Incremental text-to-image Diffusion
Model (CIDM), which can effectively address catastrophic forgetting and concept neglect. On one
hand, to mitigate the catastrophic forgetting of old personalized concepts, we propose a novel concept
consolidation loss for training and devise an elastic weight aggregation (EWA) module for inference.
This loss employs learnable layer-wise concept tokens and an orthogonal subspace regularizer to
explore task-specific knowledge (i.e., unique attributes of personalized concepts), while learning
layer-wise common subspaces across different tasks to capture task-shared knowledge. Additionally,
the EWA module utilizes learnable layer-wise concept tokens to merge all low-rank weights of old
personalized concepts, based on their contributions to versatile concept customization. On the other
hand, we develop a context-controllable synthesis strategy to tackle concept neglect for multi-concept
composition. It leverages layer-wise textual embeddings to enhance the expressive ability of region
features and relies on region noise estimation to control the contexts of generated image, conforming
to users-provided conditions. Comprehensive experiments illustrate the effectiveness of our proposed
CIDM in addressing the CIFC problem. The main contributions of this paper are listed below:

We propose a new practical problem named Concept-Incremental Flexible Customization (CIFC),
where the main challenges are catastrophic forgetting and concept neglect. To address the challenges
in the CIFC problem, we develop a novel Concept-Incremental text-to-image Diffusion Model
(CIDM), which can learn new personalized concepts continuously for versatile concept customization.

We devise a concept consolidation loss and an elastic weight aggregation module to mitigate the
catastrophic forgetting of old personalized concepts, by exploring task-specific/task-shared knowledge
and aggregating all low-rank weights of old concepts based on their contributions in the CIFC.

We develop a context-controllable synthesis strategy to tackle concept neglect. This strategy controls
the contexts of synthesized images according to user conditions by enhancing the expressive ability
of region features with layer-wise textual embeddings and incorporating region noise estimation.

2 Related Work

Incremental Learning [25, 49, 20] accumulates previous experience to incrementally learn new
tasks without the need for retraining from scratch. To prevent catastrophic forgetting of old tasks,
most incremental or continual learning models mainly employ knowledge distillation between old and
new tasks [63, 36, 5], replay some images from old tasks [16, 43], or dynamically expand network
architecture to encode new knowledge [61, 15, 7]. Nevertheless, these methods [16, 61, 49, 36] are
primarily designed for classifying new object categories consecutively, which cannot be directly
applied to tackle continual concept customization tasks without catastrophic forgetting.

Concept Customization [11, 40, 22] focuses on extending large-scale diffusion model [31, 46, 64] to
synthesize personalized concepts for users. After [40] proposes to tackle the subject-driven generation



Figure 1: Diagram of the proposed CIDM to address the CIFC problem. It consists of (a) a concept
consolidation loss, (b) an elastic weight aggregation module to resolve catastrophic forgetting, and
(c) a context-controllable synthesis strategy to address the challenge of concept neglect.

by netuning all network parameters of the pretrained diffusion modé] pn personalized concepts,
some works use textual inversid® p3] to learn word embeddings of personalized concepdk [For
multi-concept customization2p] can jointly train multiple concepts or combine different diffusion
models by optimizing a few parameters in the cross-attention layers, vi#iTjl@ims to capture
different clusters of concept neurons. Motivated Bg]]| Hanet al. [12] netune the singular values

of latent encoding weights, thereby improving the ef ciency for concept customizad@nsy, 18]
perform ef cient test-time customization by training concept-speci ¢ encoders. Beskigd 1]

fuse multiple low-rank weights to resolve multi-concept customization. In order to tackle continual
text-to-image synthesis tasks, Seiral. [47] devise a lifelong diffusion model to accumulate concept
information. Unfortunately, it cannot control the contexts of synthesized images and suffers from
concept neglect in multi-concept compositi@2,[58]. To address the issue of missing concepts,
[66, 3] utilize spatial conditionsd.g, sketch and pose) for composition. However, these custom
diffusion models $9, 47, 51, 58] cannot consecutively learn a sequence of new concepts to tackle the
CIFC problem, as they face challenges related to catastrophic forgetting and concept neglect.

3 Preliminary and Problem De nition

Preliminary: Latent diffusion models (LDMsM3, 10] rely on some conditional inputg(g, text
prompt 33, 37] or image [L7, 32]) to control the contexts of synthesized images. They use an encoder
E( ) and a decoddd ( ) to perform image synthesis in the latent sp&&#.[Custom diffusion models
(CDMs) [12, 9, 28] utilize low-rank adaptation (LoRA)14, 55] to learn new personalized concepts
by netuning the pretrained LDMs]|, 38]. Given a pair of personalized imageand its text prompt

p, the encodeE( ) mapsx to a latent feature, andz; denotes the noisy latent feature at thth
(t=1; ;T)timestep. After the text encoddr ) (e.g, pretrained CLIP35]) mapsp to the textual
embedding = ( p), the objective to learn personalized condeptpg at thet-th timestep is:

Leoms = Eze (x)ie; N i) K o(zijc; t)K3]; 1)

where o ) denotes the denoising UNet proposed3ds, [33], and it can gradually denoisg by
predicting the noisy estimationo(z;jc; t) as Gaussian noise N (0;1). Inthe paper,®= o+ 4
consists of the pretrained parametgr= fW (g, in LDMs [39, 33] and low-rank parameter
4 = f4 W'g, updated by LORA22, 11]. W};4 W' 2 R? P denote the pretrained weight
and low-rank weight in théth (| =1; ;L) transfromer layer of° respectivelya andbare the
row and column of matrices. As introduced #0[68], 4 W' = A'B' can be decomposed as two
low-rank factorsA! 2 R2 " andB' 2 R" P, wherer  min(a;b) denotes the rank.

However, most CDMs]1, 12, 9, 28] assume that the number of users' personalized concepts remains
constant over time. This assumption is unrealistic in real-world applications, where users wish to
consecutively generate a series of new personalized concepts based on their preferences. More



importantly, they signi cantly suffer from catastrophic forgettirf] of old personalized concepts
and concept neglect when performing versatile customization in a concept-incremental manner.

Problem De nition: To address the above challenges, we propose a new practical problem named
Concept-Incremental Flexible Customization (CIFC). In the CIFC, there is a series of consecutive text-
guided concept customization tasks= ngg§:1 , whereG denotes the task quantity. According to

users' personal preferences, thh taskTy = fx'é; pg;yggﬂil , Which includesy triplets of image

x'é, text promptpg, and its concept tokerﬁj 2 Y4, belongs to one of the versatile customization
categories: multi-concept generati@®], style transfer§7] and image editingd]. Here,p'a indicates

the textual description ofg (e.g, photo of a ¥V ] [Vaog]), whereasy‘g‘ denotes the concept tokens
(.9, [V ] [Vdog]) in p'a. Yg is concept space of tigeth task, and it compriseSy new personalized
conceptsyyg = [ Egl y'é in the g-th task. Particularly, the concept spaces between any two tasks
havelgo overlapYgy\ ([ ?zllYi) = ;. Itimplies thatCy4 new concepts in thg-th task are different

from ?:11 C; old personalized concepts fragn 1 old tasks under the CIFC setting. Considering

the practicality of the CIFC setting, we don't allocate any memory storage to store or replay the
training data of all taskfsnggG=l , ensuring that all concept customization tasks are learned in a
concept-incremental manner. The CIFC setting can continually learn new personalized concepts in a
concept-incremental manner for versatile customization while tackling the forgetting on old concepts.

4 The Proposed Model

Fig. 1 shows the diagram of our concept-incremental diffusion model (CIDM) to tackle the CIFC
problem. It includes (a) a concept consolidation loss in Sec. 4.1 and (b) an elastic weight aggregation
module in Sec. 4.2 to resolve catastrophic forgetting during training and inference. Additionally, it
encompasses (c) a context-controllable synthesis strategy in Sec. 4.3 to address concept neglect.

4.1 Concept Consolidation Loss

In order to learn theg-th text-guided concept customization talgk we use the LoRAT4, 3§] to
netune the pretrained denoising UNet, () on personalized dafa; p&; y&g.S, by optimizing

Eq. (1), and then obtain an updated model( ), where § = o+ 4 4,4 = f4 Wygy,,

and4 W | = A By 2 R? Pis the updated low-rank weight in theth layer. Ay 2 R® " and

Bg 2 R" Pare low-rank factors. As introduced it4, 60], 4 g can encode most @4 personalized
concept identity within thg-th task. To address the CIFC problem, a trivial solution for learning
theg-th task is to store the updated low-rank weights of all td3kg’_, learned so far, and then
linearly merge them by evaluating their contributioB8,[65] during training. However, it may result

in substantial loss of individual characteristics within some personalized concepts, when learning new
concepts continually in the CIFC setting. This phenomenon is referred to as catastrophic forgetting
on old personalized concepts. To mitigate catastrophic forgetting during training, as show in Fig. 1(a),
we develop a concept consolidation lass:; to explore task-speci ¢ and task-shared knowledge.

Task-Speci ¢ Knowledgeindicates distinctive characteristics of personalized concepts within each
concept customization task. To explore this knowledge, we introduce learnable layer-wise concept
tokens to better preserve unique attributes of personalized concepts in the synthesized images. Itis
signi cantly different from existing textual inversion method E?, 53] that inject a uni ed text
prompt into all transformer layers ofg( ). For a tripletf x‘é; pg; Yg9in theg-th task, we de neL
layer-wise text prompts dp¥' gi, , wherep§' has its own learnable layer-wise concept tokgfis
in thel-th transformer layer. For example, given a textual descrimg)(photo of a}V ][Vuog]) Of
imagex, its text prompt of thé-th layer is de ned apf' (photo of a /'] [Vjog 1), and V'] [Vjo,]
indicates learnable concept tokerf$ in thel-th layer. After usingp§ to initialize f pk' giz, , we
inject the textual embedding’ = ( pk') encoded via the text encodér ) into thel-th layer of

o(). Whenwe train o() via Eq.(1), the learnable layer-wise concept tokens can capture unique
characteristics of old personalized concepts from different layers to surmount catastrophic forgetting.

However, the discriminative ability of task-speci ¢ knowledge to distinguish different personalized
concepts can signi cantly deteriorate as the number of concept customization tasks gradually increases



under the CIFC settings. To tackle this issue, we devise an orthogonal subspace regularizer to constrain
the low-rank weights of different customization tasks. It can enhance the discriminative ability of
task-speci c knowledge by ensunng the orthogonallty of concept subspaces across different tasks.
Given the low-rank weight ¢ = f4 W [gf, intheg-th task,4 W = A} By can be regarded as
consisting of the low-rank concept subspadée [ag  ag]2 Ra " and its linear weighting
matrixBy, =[bg';  ;bg’ 7 2 R" °, whereby' 2 Rb denotes the linear weighting coef cients of

a'g?i 2R3(i=1; ;). In theg-th task, we perform the orthogonal subspace regularizer on the
low-rank concept subspaces of different tasksl ' 1, Al(Ag)” = 0. Since the orthogonal
constraint is not differentiable, we propose an alternative optlmlzatlon s;rategy that minimizes the
absolute value of the inner product between different subspiees: 11 =1 AL(AY)”.

Task-Shared Knowledgerepresents the shared semantic information across different tasks with se-
mantically similar concepts, which is bene cial to address catastrophic forgetting on old personalized
concepts. To capture task-shared knowledge, we propose to learn a layer-wise common subspace
W' 2 R? P shared across different tasks in thth layer. Given the low-rank weighté g%,

learned so far, the learnable prOje:g:tro‘g makiik2 R® 2 can encode common semantic information

of f4 g, intow!' viaR; 9" Fk4W! H!W'KZ. Therefore, in theg-th task, the
concept consolidation lodscc, to learn both task specr c and task-shared knowledge is de ned as:
Leer = Bz (xkyick: N oinylK g(thCSJt)k§+ 1R1+ 2R3]; ()

wherec§ = fc'gi; indicatesl layer-wise textual embeddings; and , are balance parameters.

Two-Step Optimization: To train the proposed CIDM via E@2) in the g-th task, we devise a
two-step optimization strategy in each training batch. Firstly, to capture task-speci ¢ information,
we utilize Eq.(2) to update the learnable layer-wise concept tokens and low-rank weight

f4 W gf, , when xing H} andW'. Secondly, to explore task-shared knowledge, wet x,

and the learnable layer-wise concept tokens, and then onlRyse Eq. (2) to updateH! and

W' respectively. Notably, the detailed optimization procedure is shown in the appendix section
(Sec. A.1). After utilizing the two-step optimization strategy to learngtile concept customization
task, we can obtain the task leardgy = f4 W ;9 gl , wherepy = fi;' 0, andpy' is thei-th
(i=1; ;Cg)concepttoken learned at the% transformer Iayer through Eq. (2).

4.2 Elastic Weight Aggregation

To tackle catastrophic forgetting on old personalized concepts during inference, as shown in Fig. 1(b),
we storeg task learneréZ ;g’_, learned so farg  2), and develop an elastic weight aggregation
(EWA) module to adaptively merge them for versatile concept customization. Note that the memory
storage of storin@; (i =1; ;@) only accounts fof:25% of the pretrained model, making it
negligible in practical applications. Speci cally, given a text prorpgor inference, we use it to
initialize layer-wise text promptisp' g, and extract their textual embeddings fb' 2 R dg-,

via text encoder( ), wheren, andd denote the token number and feature dimension, respectively.
Given the stored task learnd; g, , we|§an collect all concept tokefs 'gh.; learned so far,
where ' = 19, 2 R"¢ consists of 9 | Ci concept tokens learned in theh layer. After

() encodes gI -, tolatent embeddrngse' 2 R"e dglz1 , we average those latent embeddings
belonging to the same task to obtain new embeddiy? RY %gl; (gis number of tasks learned

so far). Subsequently, we compute semantic relatidi®s R9 betweerb' andb', and useM to
adaptively merge low-rank weightdé W !g’_, of all learned tasks in thieth layer. Therefore, the

merged low-rank weight W ' in thel-th transformer layer can be formulated as follows:

M=max b 8) ; 4w'="° aw! M); 3)

wheremax( ) denotes the maximization function along the row axiéM ) = M 2=kM 2k 2 RY
is used to normalize the semantic relatidbhs and (M ); is thei-th element of (M ).

Inference: After employing Eq(3) to merge all low-rank weights learned so far, we obtain a new

denoising UNet o( ) for inference, where® = o+ 4 ,and4 = f4 W'g., . Notably, °
has encoded substantial distinctive attributes of all personalized concepts learned so far, which can
effectively mitigate the catastrophic forgetting of old concepts during inference.



Figure 2: Some qualitative comparisons of single-concept customization generated by SD-1.5 [38].

4.3 Context-Controllable Synthesis

When we directly use o () obtained via Sec. 4.2 to perform multi-concept customization under the
CIFC setting, it cannot generate high- delity images according to users-provided condéigns (
scribble or bounding box2H]), and heavily suffers from the challenge of concept neglcdtile.,

some concepts are missing in the synthesized images). Thus, as shown in Fig. 1(c), we devise a
context-controllable synthesis strategy to address the conditional generation and concept neglect.

Conditional Generation: Besides the initial text promgi de ned in Sec. 4.2, users can provide
U pairs of region conditiongp,;b,gY-, , whereb, is the bounding box to synthesize concepts
related to thau-th region text prompp,. Then we use( ) to extract layer-wise textual embeddings
b, = fbl, 2 R"e dgk; for py. Given the initial text prompp, we can use the new denoising UNet

o() in Sec. 4.2 to obtain its feature mép2 R" W' 9 in thel-th transformer layer encoded by

textual embedding', whereh! andw' are height and width df'. Different from 2], we perform

layer-wise regional cross-attention between textual embedyjirgdf' to obtain theu-th region
featuref, 2 R Wi dinthel-th layer, wherén!, andw/, are height and width of bounding béy.
Specically, f!, = (Q'(K.)>= d) V!, where () issigmoid functionQ' = ( f'wq 1l)2

R Wi d:K! = plw, 2 R dandV! = blw, 2 R" 9 ! 2 R" "' isthe binary region
mask in thd-th layer, where the values inside the bounding bpx®re set tdl. ( ) can retain only



Figure 3: Some qualitative comparisons of multi-concept customization generated by SBIXL [
where ITP indicates the initial text prompt, and RTP denotes the region text prompt.

the features inside,, and is the Hardmard producivg; wi; wy 2 RY 9 are mapping matrices
in the new denoising UNeto( ). Then, the values df inside the bounding boxd#,g\-, are

respectively replaced with the corresponding region featiffegi—; to obtain a new feature meﬂb.
We apply the layer-wise regional cross-attention to all layers«df) for conditional generation.

Multi-Concept Composition: After integrating the above conditional generation into the new
denoising UNet o( ), inspired by 3], we can obtain the noise estimati&h = o(zjt) + s

( o(z¢jb;t) o(z¢jt)) 2 Rt Wo du for the initial text prompp, whereE! is the output of the

L -th transformer layer in o ( ) at thet-th timesteph,_ ;w,_ ;d_ are the height, width and channel of
E!, respectively. o(z;jt) is the unconditional noise estimationy (z;jb;t) is the conditional noise
estimation based on the textual embeddingsnds = 7 :5 denotes the scale. Therefore, the noise
estimationE{, 2 R" W. d for theu-th region conditiorf p, ; b,g can be formulated as follows:

Ev= o(zijt)+s ( o(zilbu;bulit)  o(zjt)); 4

where o(z¢j[by;by];t) is the conditional noise estimation based[bp; b,]. For multi-concept
customization in the CIFC, we aggregateegion noise estimations to address concept neglect:

E'= E'+ (1 )E, (5)

u=1



