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Abstract

Visual autoregressive (VAR) models have recently emerged as an efficient paradigm
for text-to-image generation. Despite their strong generative capability, existing
VAR-based personalization methods remain limited to static settings, failing to ac-
commodate evolving user demands. In particular, sequential concept learning leads
to severe catastrophic forgetting, while multi-concept synthesis often suffers from
feature entanglement and attribute inconsistency. In this work, we present the first
systematic study of continual personalized generation in VAR models. We identify
two key challenges: (i) preserving previously learned concepts during sequential
customization, and (ii) composing multiple personalized concepts in a controllable
manner. To address these issues, we propose a unified framework with two core
components. For continual single-concept learning, we introduce Gradient-based
Concept Neuron Selection (GCNS), which identifies concept-relevant neurons and
constrains only conflicting parameters across tasks, effectively mitigating forgetting
without additional model expansion. For multi-concept synthesis, we propose a
context-aware composition strategy that performs multi-branch feature modeling
and localized cross-attention fusion guided by spatial conditions, enabling precise
and disentangled concept composition. Extensive experiments demonstrate that our
method significantly improves performance in long-sequence continual personal-
ization while achieving superior results in multi-concept image synthesis compared
to existing baselines. These findings highlight the potential of VAR models for
scalable and controllable personalized generation.

1 Introduction

Recent advances in text-to-image generation[27, 30, 32, 41] have been largely driven by diffusion
models, which achieve remarkable visual quality through iterative denoising processes. More recently,
Visual Autoregressive (VAR) models[38, 13] have emerged as a promising alternative, reformulating
image generation as a coarse-to-fine next-scale prediction problem. By shifting the autoregressive unit
from spatial tokens to resolution scales, VAR enables both high-quality synthesis and significantly
improved inference efficiency[47].

Despite these advantages, current VAR models remain limited in personalized generation. In practical
applications, users often wish to generate images involving specific concepts, such as personal objects
or customized styles, which are difficult to fully describe via text prompts alone. Existing personal-
ization approaches address this by fine-tuning models on a small set of images, achieving promising
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results for single-concept generation. However, real-world personalization is inherently dynamic and
incremental. Users continuously introduce new concepts over time, necessitating a continual personal-
ization framework. Unfortunately, existing methods[45, 42, 4] struggle in this setting. First, sequential
learning of new concepts leads to catastrophic forgetting, where previously acquired concepts are
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Figure 1: Schematic overview of our method (GCNS) versus
the traditional full fine-tuning continual personalization ap-
proach: generating a special cat after learning two concepts.

overwritten[31, 7]. Second, compos-
ing multiple learned concepts in a
single image introduces severe fea-
ture entanglement, resulting in in-
correct attribute binding and visual
artifacts[3, 9, 15, 19, 24, 40, 43].
While continual learning and compo-
sitional generation have been exten-
sively studied in diffusion models[37,
17, 6, 28], directly transferring these
techniques to VAR proves ineffective.
Our empirical study reveals that ex-
isting methods suffer from substan-
tial performance degradation when
applied to VAR architectures, due to
differences in generation dynamics
and representation structure.

In this paper, we present the first systematic investigation of continual personalized generation
in VAR models. We identify two fundamental challenges: preserving concept knowledge across
sequential updates and enabling controllable multi-concept composition. As illustrated in the Figure
1, traditional full-parameter fine-tuning during continual personalization causes subsequently learned
concepts to completely overwrite previously acquired ones, thereby resulting in attribute overriding
and catastrophic forgetting. To address these challenges, we propose a unified framework with two
key components. For continual single-concept learning, we introduce Gradient-based Concept Neuron
Selection (GCNS), which dynamically identifies neurons most relevant to each concept based on
gradient contributions. By enforcing regularization only on overlapping neurons across tasks, GCNS
effectively mitigates catastrophic forgetting while avoiding unnecessary constraints on unrelated
parameters. For multi-concept synthesis, we propose a context-aware composition strategy tailored to
the hierarchical generation process of VAR. Specifically, we perform multi-branch feature modeling
at critical scales and introduce spatially guided cross-attention fusion using user-provided conditions
such as bounding boxes[21, 35]. This design enables precise control over concept placement and
significantly reduces feature interference.

Extensive experiments demonstrate that our approach outperforms existing baselines in both long-
horizon continual personalization and multi-concept image synthesis. Our results highlight the unique
challenges of personalization in VAR models and establish a strong foundation for future research in
scalable and controllable generative systems. Our contributions are summarized as follows:

• We present the first study of continual personalized generation in VAR models, revealing
the limitations of existing approaches in this setting.

• We propose GCNS, a parameter-efficient method that mitigates catastrophic forgetting via
concept-specific neuron selection and conflict-aware regularization. We introduce a context-
aware multi-concept synthesis strategy that enables precise and disentangled composition
within the VAR framework.

• We demonstrate strong empirical performance across both continual learning and composi-
tional generation benchmarks.

2 Related work

Personalization within the VAR framework Concept personalization[4, 11, 16, 20, 25, 44] aims
to adapt pre-trained T2I generation models to synthesize personalized concepts utilizing only a
limited number of exemplar images. Common personalized concepts typically encompass specific
subjects or distinct visual styles. Pioneering work, such as ARBooth[5], achieved single-concept
personalization within the VAR architecture for the first time through a Selective Layer Tuning
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strategy. This approach assigns a unique identifier[33] to a user-specific concept and specifically
finetunes the Feed-Forward Network (FFN) and Cross-Attention (CA) layers of the VAR model.
However, this method inherently assumes that the user trains the model on merely a single specific
concept. Consequently, it falls short of satisfying the practical demand for continual concept learning
and is fundamentally incapable of facilitating multi-concept generation.

Continual concept personalization Continual concept personalization further aims to incremen-
tally expand the repertoire of concepts learned within a T2I model. A variety of representative
works have already been established based on diffusion models[12, 17]. Smith et al.[37] proposed a
self-regularization loss among the LoRA weights of distinct tasks to preserve previously acquired
concepts. However, as the number of concepts increases, the newly introduced LoRA weights become
heavily constrained by all previously learned LoRA weights, resulting in a substantial degradation in
both the learning capacity for new concepts and the robustness against catastrophic forgetting. Dong
et al.[6] proposed orthogonal regularization for the low-rank matrix across different tasks, coupled
with elastic weight aggregation during the inference phase to mitigate catastrophic forgetting. Never-
theless, an escalating number of concepts ultimately compromises the efficacy of this regularization.
Furthermore, elastic weight aggregation necessitates test-time optimization, which incurs massive
computational overhead.

3 Preliminary

Under VAR[38] framework, a given image x is first mapped into a continuous feature map F ∈
Rh×w×c via a vision encoder. Subsequently, with quantizer Q, the model progressively quantizes the
feature map F into a set of discrete token maps {rs}Ss=1 across S different spatial resolutions. For
any s-th scale, its corresponding residual feature to be quantized, fs, is calculated as follows:

fs =

s∑
i=1

up(rs, (h,w)), (1)

where up(·, ·) performs upsampling of a single-scale feature map to align with a specified target
resolution, and fs represents the sum of the multi-scale feature set {rs}Ss=1. During inference,
a downsampling operation down(·, ·) is first applied to the accumulated feature map fs, yielding
f̃s = down(fs, (hs+1, ws+1)). This downsampled feature map is then prepended as initial tokens
for the prediction of the feature map at the next scale. Additionally, a scale-wise causal mask is
adopted to enable localized bidirectional information flow. The transformer is optimized to predict
the residual feature map corresponding to the subsequent scale. In the work of Infinity[13], which
adapts the VAR architecture for text-to-image generation, the original VQ quantizer[39] is replaced
by the more advanced BSQ quantizer[46]. Conditioned on a text prompt c, the overall likelihood is
expressed as:

p(r1, r2, . . . , rS) =

S∏
s=1

p(rs|r1, r2, . . . , rs−1; c). (2)

4 Method

4.1 Problem formulation and framework overview

For Custom Visual Autoregressive Model (CVAR), given a set of n subject images X = {xn}Nn=1
and a text prompt csub containing a concept token (i.e, ⟨S∗dog⟩), personalized customization is
performed using the following loss:

Lvar = −
S∑

s=1

log pθ(rs | r1, r2, . . . , rs−1; csub), (3)

where rs denotes the multi-scale token maps extracted from the subject image xn. However, most
CVARs assume that the number of a user’s personalized concepts remains constant over time,
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Figure 2: Overall framework. (a) Gradient-based Concept Neuron Selection (GCNS) resolves
catastrophic forgetting and enable continual personalization. (b) Context-aware Composition Strategy
addresses the challenge of concept neglect in multi-concept image synthesis.

failing to accommodate evolving user demands. Within the proposed Continual Personalized and
Compositional Generation framework in VAR (CPC-VAR), we decompose the task of continual
concept generation into two distinct sub-problems: (i) preserving previously learned concepts during
sequential customization, and (ii) composing multiple personalized concepts in a controllable manner.

To address the problems mentioned above, we propose Gradient-based Concept Neuron Selection
(GCNS) to achieve continual personalization while mitigating catastrophic forgetting. Specifically, we
introduce a neuron selection method based on the absolute magnitude of gradients, which identifies
a compact set of neurons for each specific concept, as illustrated in Sec. 4.2. Only the neurons
associated with the input concept require updating and regularization. Concurrently, we introduce a
context-aware composition strategy that performs multi-branch feature modeling and localized cross-
attention fusion guided by spatial conditions, enabling precise and disentangled concept composition,
as illustrated in Sec. 4.3. The overall framework is illustrated in Figure 2.

4.2 Single-concept continual learning

Concept neuron selection. When full-parameter fine-tuning is adopted, sequentially learning an
increasing number of concepts on a single model leads to severe interference: updates for newly
introduced concepts tend to overwrite parameters associated with previously learned ones, resulting
in catastrophic forgetting. Therefore, it is crucial to develop a parameter selection mechanism that
minimizes overlap across concepts and preserves previously acquired knowledge.

Our goal is to identify a mechanism that directs concept personalization toward a subset of model
parameters that are most relevant to the target concept, thereby reducing parameter overlap across
different concepts. Inspired by gradient-based saliency methods[36, 8] for input attribution, we extend
this idea to the parameter space and ask: can we construct a weight saliency map to guide continual
concept personalization? This perspective allows us to partition model parameters into two subsets:
(i) salient parameters that are critical for representing the current concept and should be updated, and
(ii) non-salient parameters that remain frozen to preserve previously learned knowledge. Empirically,
prior work such as ARBooth[5] has shown that cross-attention layers are strongly correlated with
personalization objectives. In contrast, we observe that updating feed-forward network (FFN) layers
often introduces interference among similar concepts. Based on these observations, we restrict neuron
selection to the cross-attention layers of the VAR model.

Formally, consider the t-th task with model parameters θt ∈ RD. During each training epoch, we
compute the gradient g ∈ RD of the loss function with respect to the parameters in the cross-attention
layers:
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g = ∇θtLvar(θt), (4)

where Lvar(θt) refers to Equation 3 defined previously. We define parameters whose absolute
gradients exceed the threshold as the essential parameters for the current task (see details in the
supplementary material). We then construct a binary importance mask M ∈ {0, 1}D for the model.
For the j-th parameter θj within the model, the activation rule for its corresponding mask mj is
formulated as follows:

mj =

{
1, if |gj | ≥ τ

0, otherwise
. (5)

When mj = 1, it indicates that the given neuron is strongly activated by the current concept and must
be included in the protected list.

Dynamic mask updating. We observe that important parameters vary across different training
stages, and using a fixed mask increases interference among similar concepts, leading to catastrophic
forgetting (Table 2). To address this, we periodically refresh the mask during training. For task t, the
gradient distribution is recalculated every e epochs to generate a phase-specific mask Mke

t , where
k ∈ N. After training, all phase-specific masks are merged through a logical OR operation to obtain
the final task mask Mt during E training epochs:

Mt =

⌊E/e⌋∨
k=0

Mke
t . (6)

Cross-task conflict regularization. Although task-specific masks identify important parameters,
they cannot prevent interference across tasks. When learning task t, updates for the new concept may
overwrite parameters important to previous tasks. To mitigate this, we introduce a global mask-based
regularization mechanism. Before training task t, we first aggregate the masks of all previous tasks to
form a historical mask M<t:

M<t =

t−1∨
i=1

Mi. (7)

During training, parameters with M<t,j = 0 are freely updated, while overlapping parameters with
M<t,j = 1 are constrained by an L2 regularization term. The overall objective is:

Ltotal = Lvar(θt) + λ ∥Mreg ⊙ (θt − θold)∥22 , (8)

where θold denotes the model weights of the previous task, λ is the regularization coefficient,
Mreg = M<t ∧Mke

t denotes the overlap between the current update mask and historical mask, and
⊙ denotes the Hadamard product.

Scale-wise weighted loss. We observe that coarse scales have a larger impact on generation
quality than fine scales in VAR. Therefore, we prioritize learning at coarse scales by introducing a
scale-weighted cross-entropy loss Lw−var to replace Lvar:

Lw−var = −
S∑

s=1

ws log pθ(rs | r1, r2, . . . , rs−1; csub). (9)

4.3 Context-aware composition strategy

When generating scenes containing multiple objects, traditional CVAR models often suffer from
feature confusion (unintended blending between objects) and subject neglect (only one object appears).
To address this, we propose a context-aware composition strategy for multi-concept generation.
Given B customized concepts, the inference condition consists of one global condition and B local
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conditions. The global condition yglobal, describing the overall scene, is assigned to the 0-th branch
to establish the image layout. Each local condition contains a prompt yi and a bounding box bi, where
i ∈ {1, . . . , B}. The prompt yi includes the special token learned during single-concept training and
is assigned to the corresponding local branch.

We observe that when the resolution scale reaches s ≥ 3, the global spatial structure is largely
determined, making this stage suitable for spatial intervention. During inference at s ≥ 3, the global
and local branches first independently fuse text features through cross-attention. To constrain each
concept within its target region while preserving global consistency elsewhere, we replace local
features outside the target mask with global features.

Let fG ∈ RLq×d denote the global branch feature map at the cross-attention layer, and fi ∈ RLq×d

denote the feature map of the i-th local branch. Let 1 be an all-ones tensor with the same shape as bi.
The fused local feature is computed as:

fF
i = bi ⊙ fi + (1− bi)⊙ fG. (10)

This operation preserves local concept features inside the mask while inheriting global features
outside it. To better integrate personalized concepts with the background, we further perform logits-
level fusion. Let LG and Li denote the predicted logits of the global branch and the i-th local
branch, respectively. We introduce a hyperparameter α (set to 0.05 in our experiments) to control the
influence of global features in local regions. The smoothed local logits are computed as:

L̃i = αLG + (1− α)Li. (11)

We define the background mask as bG = 1−
∨B

i=1 bi. The final merged logits are then obtained by:

LM = bG ⊙ LG +

B∑
i=1

(
bi ⊙ L̃i

)
. (12)

Finally, the merged logits LM are synchronized across all branches for prediction at the next scale.

5 Experiments

5.1 Experimental setups

Implementation details. We conduct all experiments utilizing the Infinity-2B model[13], which is
pretrained on the LAION[34], COYO[1], and OpenImages[18] datasets. We adopt the default scale
configuration (S = 13). We employ the AdamW optimizer[23] (β0 = 0.9, β1 = 0.97), setting the
learning rate to 2e-3 for the text embeddings and 2e-5 for the concept neurons. The model is finetuned
for 300 iterations at a resolution of 1024 with a batch size of 1 on a single NVIDIA A6000 GPU. We
empirically set λ to 1, and detailed ablation experiments are presented in Table 7 in Appendix.

Datasets. Following the setup of CIDM[6], we construct the first challenging benchmark for concept
incremental learning in VAR, consisting of eight sequential concept customization tasks. Within this
dataset, six customization tasks pertain to distinct object concepts (i.e., V1 dog, V2 duck toy, V3 cat,
V4 teddybear, V5 dog, and V7 cat), while the remaining two tasks involve different style concepts
collected from websites (i.e., V5 and V8 styles). We establish approximately 3 to 5 text-image pairs
for each task. Notably, we incorporate several semantically similar concepts (e.g., the dogs in V1 and
V5, and the cats in V3 and V7), thereby rendering the dataset substantially more challenging within a
continual personalization setting.

Baselines. We compare our proposed method against one representative continual learning method,
three typical diffusion-based continual personalization approaches, and two standard finetuning
baselines, which include LWF[22], CIDM[6], Continual Diffusion[37], Orthogonal Adaptation[14],
ARBooth[5], and LoRA[14]. Further details are provided in the Appendix.

Evaluation metrics. Following[10, 17, 26, 33], we evaluate both subject fidelity and text prompt
fidelity. To assess subject fidelity, we employ DINO[2] and CLIP[29] to measure the image similarity
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Figure 3: Qualitative comparison of single-concept customization with different baselines.

between the generated images and the reference subjects, denoted as DINO and CLIP-I, respectively.
To evaluate text prompt alignment, we compute the CLIP image-text similarity by comparing the
visual features of the generated images with the textual features of the prompts (substituting the
special token with its corresponding class token), denoting this metric as CLIP-T.

5.2 Qualitative comparisons

To validate the effectiveness of our model under concept incremental learning, we conduct qualitative
comparisons on single-concept customization, multi-concept customization, and custom style transfer.

As shown in Figure 3, our model achieves superior single-concept customization by mitigating
catastrophic forgetting while preserving the unique attributes of previously learned concepts. For
multi-concept customization, we incorporate the region-controllable sampling module from [12] into
baseline methods for fair comparison. As shown in Figure 4, due to the architectural differences
between diffusion models and VAR, prompts in VAR influence the generation process from the
beginning rather than only through cross-attention layers. Therefore, directly applying the CA-based
control strategy of [12] leads to severe concept neglect, where the generated image is dominated by
the main prompt and fails to synthesize the target concepts. In contrast, our model effectively resolves
this issue through the proposed context-aware composition strategy. We provide more qualitative and
quantitative results in Appendix.

5.3 Quantitative comparisons

We conduct quantitative comparisons exclusively on single-concept inference. For each concept, we
evaluate using 20 prompts and generate 10 images per prompt, resulting in a total of 200 images, over
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Table 1: Quantitative comparisons of single-concept customization across different tasks. We report
the DINO metric for each individual concept, alongside the average DINO, CLIP-I, and CLIP-T
metrics.

Methods Single Concept (DINO↑) Overall Metrics
V1 V2 V3 V4 V5 V6 V7 V8 Avg. DINO↑ Avg. CLIP-I↑ Avg. CLIP-T↑

ARBooth 40.78 45.71 62.36 66.03 61.62 17.80 78.97 40.16 51.68 75.99 31.01
LoRA 40.32 33.40 73.80 64.52 58.78 19.76 73.68 40.56 50.60 76.63 31.26
LWF 57.76 49.36 74.34 70.81 72.79 20.72 71.57 32.50 56.23 76.92 31.60
CIDM 80.52 52.61 78.92 68.27 64.33 31.37 65.36 30.51 58.99 78.64 31.79
Orthogonal Adaptation 83.62 60.53 81.54 75.05 72.60 25.90 64.22 31.64 61.89 80.80 30.85
Continual Diffusion 84.01 59.75 81.89 69.87 65.86 33.65 57.14 29.11 60.16 80.06 30.07

GCNS (Ours) 84.03 63.52 87.05 76.28 81.47 43.08 79.01 40.34 69.35 83.76 30.18

Figure 4: Qualitative comparison of multi-concept customization, where Main Prompt indicates the
global text prompt, and Branch Prompt denotes the region text prompt.

which the metrics are averaged. As presented in Table 1, our method outperforms diffusion-based
baselines in terms of both DINO and CLIP-I, demonstrating enhanced subject alignment.

It is worth noting that the CLIP-T metric places a stronger emphasis on the overall alignment between
the image background and the text prompt. However, our task definition inherently prioritizes the
quality and fidelity of the customized subject. Consequently, there is typically a trade-off between
the subject alignment metrics (DINO and CLIP-I) and the text alignment metric (CLIP-T). Taking
this trade-off into consideration, our proposed method achieves the optimal overall performance.

Concurrently, as shown in Appendix Table 5, we evaluate the memory and time consumption of
various methods when integrating eight distinct concepts. It is noteworthy that various LoRA-based
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Table 2: Ablation study on the effectiveness of Regularization, Scale Weighting, and Dynamic
Masking. We report the DINO scores for each concept and the overall average.

Components Single Concept(DINO ↑)
Reg. Weight Mask V1 V2 V3 V4 V5 V6 V7 V8 Avg.

58.80 56.10 73.98 64.77 64.93 21.21 65.37 29.41 54.32
✓ 78.20 60.16 85.99 76.20 81.09 35.21 78.08 34.56 66.19
✓ ✓ 84.23 62.22 86.75 73.32 76.37 43.45 76.94 28.95 66.53
✓ ✓ 79.86 59.39 85.68 72.99 81.40 50.39 79.20 41.35 68.78
✓ ✓ ✓ 84.03 63.52 87.05 76.28 81.47 43.08 79.01 40.34 69.35

methods necessitate additional memory and computational time resources. In contrast, GCNS
requires zero additional storage space and completely circumvents the inference-time overhead
typically associated with LoRA weights composition, thereby demonstrating an optimal balance
between fusion efficiency and high generative performance.

6 Ablation study

Figure 5: Ablation study on the intervention scale s

Impact of layer selection in multi-
concept synthesis. To validate the
necessity of our continuous multi-
scale intervention (operating consis-
tently from s ≥ 3), we conducted
an ablation study by applying the re-
gional mask intervention only at a
single high-resolution scale (e.g., ex-
clusively at s = 7 or s = 11). The
Figure 5 shows that isolated interven-
tion fails to synthesize the specific
concepts and leads to severe image
distortion, with the cross-attention
exhibiting a negligible effect. Fur-
thermore, owing to the sparse token
count at lower resolution scales (s =
1 and s = 2), the bounding boxes are
inevitably downscaled to encompass
merely one or two tokens. This ex-
treme spatial compression causes the
features injected by the final processing branch to completely override the features established by all
preceding branches, thereby rendering the method ineffective.

Effectiveness of regularization, dynamic masking and scale weighting. We investigate the
effects of regularization, dynamic mask updating and scale weighting. As shown in Table 2, without
regularization loss, a subset of these overlapping neurons is overwritten by newly introduced concepts,
consequently leading to catastrophic forgetting and a degradation in overall performance. We set
w>8 = 0.5 and set the other weight to 1.0. As shown in the second and forth row of the table,
scale weighting effectively increases the DINO metrics, indicating an enhancement in the model’s
learning capacity. Meanwhile, dynamic mask updating effectively mitigates mutual interference
among semantically similar concepts. The DINO scores for the V1dog and V3cat exhibit substantial
improvements, demonstrating the successful alleviation of catastrophic forgetting.

7 Conclusion

We address two key challenges in VAR-based personalization: catastrophic forgetting in concept-
incremental customization and feature entanglement in multi-concept synthesis. We present the first
continual multi-concept personalized generation framework for VAR. For continual learning, we
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propose Gradient-based Concept Neuron Selection (GCNS), which updates task-relevant parameter
subspaces with conflict-aware regularization, mitigating forgetting without data replay. For multi-
concept synthesis, we introduce a context-aware composition strategy that enables spatially controlled
feature fusion and branch-wise logit aggregation during inference. Experiments show that our
method outperforms state-of-the-art diffusion-based approaches in both continual customization and
multi-concept synthesis, while maintaining low computational and storage overhead.
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A Technical appendices and supplementary material

A.1 Baseline method

ARBooth[5] We clone the code base of ARBooth from official GitHub repository. The learning
rate of text embedding is 2e-5 and and Infinity model are 2e-5 while training steps is set to 300. For
multi-concept personalization, we naively feed all the trained special tokens we need to the model.

LoRA[14] We naively integrate LoRA into the CA and FFN layers of the Infinity model, with the
rank r set to 64, and conduct continual training on the same pair of LoRA matrices. The learning
rate of text embedding is 2e-5 and and LoRA matrices are 2e-5 while training steps is set to 300. For
multi-concept personalization, we naively feed all the trained special tokens we need to the model.

LWF[22] We adapt LwF method to the Infinity model. Specifically, we align the output distributions
of the teacher model and the currently training student model by utilizing the Kullback-Leibler (KL)
divergence loss, thereby ensuring that the underlying implementation logic remains strictly consistent
with the original paper. The learning rate of text embedding is 2e-5 and and Infinity model are 2e-5
while training steps is set to 300. For multi-concept personalization, we naively feed all the trained
special tokens we need to the model.

CIDM[6] Due to the architectural constraints of the Infinity model, it is infeasible to incorporate
the Layer-Wise Concept Tokens proposed in CIDM. Instead, drawing reference from the official
GitHub codebase of ARBooth, we introduce the Concept Consolidation Loss into our framework.The
learning rate of text embedding is 2e-5 and and LoRA matrices are 2e-5 while training steps is set to
300. During the inference phase, we employ Elastic Weight Aggregation to fuse the LoRA weights
across distinct tasks.

Orthogonal Adaptation[28] We adapt Orthogonal Adaption to the Infinity model by ourselves
because official code is not available. We use the randomized orthogonal basis, which is consistent
with the paper. The learning rate of text embedding is 2e-3 and LoRA is 2e-5 while training steps is
set to 300.

Continual Diffusion[37] We adapt Continual Diffusion to the Infinity model by ourself, as the
official code is unavailable. We follow the self-regularization loss presented in Continual Diffusion to
fulfill continual personalization. The learning rate of text embedding is 2e-3 and LoRA is 2e-5 while
training steps is set to 300.

A.2 Threshold of the neuron selection

We identify the top 5% of neurons as the crucial concept neurons for each task. Specifically, due
to the inherently greater difficulty associated with learning style-related concepts, we expand this
selection and designate the top 10% of neurons as the crucial neurons for style concepts.

A.3 Additional quantitative comparisons

We have added additional quantitative comparisons in this section. As shown in Table 3, Table
4, our method outperforms diffusion-based baselines in terms of CLIP-I, demonstrating enhanced
subject alignment. It is worth noting that the CLIP-T metric places a stronger emphasis on the
overall alignment between the image background and the text prompt. However, our task definition
inherently prioritizes the quality and fidelity of the customized subject. Consequently, there is
typically a trade-off between the subject alignment metrics (DINO and CLIP-I) and the text alignment
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metric (CLIP-T). As shown in Table 5, we evaluate the memory and time consumption of various
methods when integrating seven distinct concepts. It is noteworthy that LoRA-based methods
necessitate memory and computational time resources that substantially exceed those required by
GCNS. In contrast, GCNS requires zero additional storage space and completely circumvents the
inference-time overhead typically associated with LoRA weights composition, thereby demonstrating
an optimal balance between fusion efficiency and high generative performance.

Table 3: Quantitative comparisons of single-concept customization across different tasks (CLIP-I
metric).

Methods Single Concept (CLIP-I↑)
V1 V2 V3 V4 V5 V6 V7 V8 Avg.

ARBooth 76.26 77.43 77.67 79.51 77.48 61.68 80.87 77.03 75.99
LoRA 79.67 72.80 81.46 81.90 78.88 61.36 80.02 76.94 76.63
LWF 83.78 80.65 79.80 81.33 82.19 60.09 77.37 70.13 76.92
CIDM 85.64 80.32 82.76 85.22 81.49 63.21 78.93 71.55 78.64
Orthogonal Adaptation 88.29 82.66 85.68 88.09 85.32 62.96 79.92 73.47 80.80
Continual Diffusion 87.12 81.93 87.26 84.77 83.91 66.76 77.45 71.30 80.06

GCNS (Ours) 86.83 82.82 90.63 88.90 89.04 67.19 87.09 77.60 83.76

Table 4: Quantitative comparisons of single-concept customization across different tasks (CLIP-T
metric).

Methods Single Concept (CLIP-T↑)
V1 V2 V3 V4 V5 V6 V7 V8 Avg.

ARBooth 30.52 33.02 30.54 32.53 30.59 30.00 30.75 30.12 31.01
LoRA 30.08 32.41 30.85 33.06 30.86 30.84 31.91 30.03 31.26
LWF 30.71 33.26 31.43 32.83 30.75 31.03 31.55 31.23 31.60
CIDM 30.55 34.57 31.66 32.97 30.73 31.18 31.49 31.18 31.79
Orthogonal Adaptation 29.38 33.69 29.29 31.56 29.67 32.90 30.75 29.53 30.85
Continual Diffusion 30.44 32.52 28.58 31.27 29.53 29.87 30.59 27.75 30.07

GCNS (Ours) 31.02 33.41 28.95 31.75 28.33 30.37 27.94 29.66 30.18

A.4 Additional qualitative comparisons

We have added additional qualitative comparisons in this section, as shown in Figure 6. Our proposed
method inherently facilitates the seamless transfer of personalized style concepts to personalized
object concepts. Moreover, the image generation process merely requires the inclusion of both the
style special token and the object special token within the text prompt, entirely circumventing the need
for any auxiliary multi-concept synthesis strategies. This capability arises because distinct concept

Table 5: Comparisons of computational resources. Memory requirements for GPU/CPU and com-
putation time for customization indicate the additional costs for fusing concept weights previously
learned.

Methods Computational Resources
Memory(MB)↓ Time(s)↓

ARBooth 0/0 0
LoRA 137/52 1.75
LWF 0/0 0
CIDM 2137/0 3.75
Orthogonal Adaptation 1278/35 11.44
Continual Diffusion 3303/60 12.51

GCNS (Ours) 0/0 0

14



tokens can directly activate their respective concept neurons within the model, thereby enabling the
generation of the specific object accurately rendered in the designated style.

Figure 6: Qualitative comparison of custom style transfer

A.5 Pseudocode of the framework

In this section, we provide the detailed pseudocode for our proposed framework. Algorithm 1 outlines
the continual fine-tuning process with GCNS, which fundamentally resolves catastrophic forgetting.
Algorithm 2 details the multi-concept synthesis inference process.

Algorithm 1 Gradient-based Concept Neuron Selection (GCNS)
1: Input: Pre-trained Infinity model weights θ, Task datasets T = {D1, . . . ,DT }
2: Hyper-parameters: learning rates η, selection ratio p , update interval e, penalty λ , iterations

N .

3: Initialize M<t ← 0, θold ← θ
4: for each task t = 1 to T do
5: Mt ← 0, k ← 0
6: for iteration i = 1 to N do
7: if i mod e == 0 then
8: g ← ∇θLw−var(θ;Dt) ▷ Compute gradients of CA layers
9: Mke

t ← |g| ≥ Percentile(|g|, 100− p)
10: Mt ←Mt ∨Mke

t ▷ Update task mask
11: k ← k + 1
12: end if
13: Mreg ←M<t ∧Mke

t ▷ Detect overlapping parameters
14: Ltotal ← Lw_var(θ) + λ ∥Mreg ⊙ (θ − θold)∥22 ▷ Eq.8
15: θ ← θ − η · ∇θLtotal

16: end for
17: M<t ←M<t ∨Mt, θold ← θ ▷ Update global mask
18: end for
19: return θT
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Algorithm 2 Context-aware Composition Strategy
1: Input: Global prompt yglobal, local prompts and bboxes {(yi, bi)}Bi=1, Scales S
2: Hyper-parameters: Blending factor α, intervention threshold sstart.

3: Initialize B parallel branches and compute background mask bG ← 1−
∨B

i=1 bi
4: for each scale s = 1 to S do
5: if s ≥ sstart then
6: for each VAR transformer block do
7: fG ← transformer(yglobal)
8: for each local branch i = 1 to B do
9: fi ← transformer(yi)

10: fF
i ← bi ⊙ fi + (1− bi)⊙ fG ▷ Eq.10

11: end for
12: end for
13: Obtain LG and Li after all VAR transformer blocks
14: LM ← bG ⊙ LG +

∑B−1
i=1 (bi ⊙ (αLG + (1− α)Li)) ▷ Eq.12

15: Synchronize all branches with LM

16: else
17: Execute standard VAR next-scale prediction
18: end if
19: Sample tokens for scale s
20: end for
21: return Final generated image X

Table 6: Ablation study on task order in continual learning. We additionally compare the average
performance across all concepts under three different learning sequences. Metrics are reported as the
average scores over all tasks.

Task Order Avg. DINO ↑ Avg. CLIP-I ↑ Avg. CLIP-T ↑
Order 1 (Default) 69.35 83.76 30.18
Order 2 69.31 83.06 30.38
Order 3 69.00 83.52 29.74
Order 4 69.40 83.80 29.72

Table 7: Ablation study on the cross-task conflict regularization coefficient λ. Metrics are reported as
the average scores over all tasks.

Coefficient (λ) Avg. DINO ↑ Avg. CLIP-I ↑ Avg. CLIP-T ↑
λ = 0.1 68.50 83.51 29.94
λ = 1.0 (Default) 69.35 83.76 30.18
λ = 5.0 68.69 83.06 30.33
λ = 20.0 68.09 83.22 30.12

A.6 Additional ablation study

Sequence. We also conduct an ablation study regarding the sequence of concepts in continual
personalization. Specifically, order 2 is defined as (ducktoy, dog2, cat, drawing, teddybear, cat2, dog,
inkpainting), order 3 as (ducktoy, drawing, teddybear, cat, dog2, cat2, inkpainting, dog), and order
4 as (dog, drawing, ducktoy, cat, dog2, inkpainting, teddybear, cat2). As presented in the Table 6,
our experiments fully demonstrate that alterations in the training sequence exert a negligible impact
on the model’s continual learning capabilities, thereby substantiating the strong robustness of our
proposed GCNS continual learning method.

Regularization coefficient. We evaluate the impact of varying λ on the average performance across
all customized concepts. λ = 1.0 is the default setting used in our framework, which achieves the
optimal overall performance taking all three metrics into consideration.
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A.7 Societal impact

To tackle the continual personalization challenges within the VAR architecture, we introduce the
Continual Personalized and Compositional Generation framework in VAR (CPC-VAR). By incremen-
tally integrating novel concepts, this system seamlessly acquires user-specific elements over time.
It proficiently circumvents the degradation of previously learned subjects, all while facilitating the
simultaneous rendering of multiple tailored subjects within a single image. In particular, CPC-VAR
empowers users to sequentially produce image series utilizing their newly embedded customized
elements, offering the flexibility to dictate the background narrative and contextual setting of the
synthesized outputs based on individual preferences. Broadly speaking, the paradigm established
by CPC-VAR is capable of generating deeply customized content across diverse sectors, including
marketing, entertainment, and education, thereby delivering a highly engaging and contextually
pertinent user experience. Crucially, creative professionals, such as artists, designers, and content
developers, stand to benefit immensely from an instrument that dynamically aligns with their evolving
stylistic signatures and tastes. By supplying tailored recommendations and automating redundant
operations, this utility acts as a catalyst for innovation and creative expression. Consequently, the
investigation of CPC-VAR presented in this manuscript holds substantial academic significance.

Nevertheless, within the realm of continual customized generation, training models on user-specific
data inevitably raises legitimate privacy concerns. It must be acknowledged, however, that this is a
ubiquitous challenge shared by all Text-to-Image (T2I) architectures during the fine-tuning phase.
Guaranteeing the secure and ethical processing of user information is paramount to preclude misuse
or unauthorized extraction, thereby safeguarding individual privacy and sustaining public trust.

A.8 Limitation

While our framework enables effective continual personalization, scaling to an extensively large
number of sequential concepts could eventually saturate the model’s capacity, posing challenges for
long-term knowledge retention. Future work will focus on exploring more scalable architectures to
achieve true lifelong learning.
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