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Abstract

Diffusion models have advanced from text-to-image (T2I)
to image-to-image (I2I) generation by incorporating struc-
tured inputs such as depth maps, enabling fine-grained spa-
tial control. However, existing methods either train separate
models for each condition or rely on unified architectures
with entangled representations, resulting in poor generaliza-
tion and high adaptation costs for novel conditions. To this
end, we propose DivControl, a decomposable pretraining
framework for unified controllable generation and efficient
adaptation. DivControl factorizes ControlNet via SVD into
basic components—pairs of singular vectors—which are dis-
entangled into condition-agnostic learngenes and condition-
specific tailors through knowledge diversion during multi-
condition training. Knowledge diversion is implemented via
a dynamic gate that performs soft routing over tailors based
on the semantics of condition instructions, enabling zero-shot
generalization and parameter-efficient adaptation to novel
conditions. To further improve condition fidelity and training
efficiency, we introduce a representation alignment loss that
aligns condition embeddings with early diffusion features.
Extensive experiments demonstrate that DivControl achieves
state-of-the-art controllability with 36.4× less training cost,
while simultaneously improving average performance on ba-
sic conditions. It also delivers strong zero-shot and few-shot
performance on unseen conditions, demonstrating superior
scalability, modularity, and transferability.

1 Introduction
Diffusion models have demonstrated remarkable perfor-
mance in text-to-image (T2I) generation, with models such
as DALL-E 3 (Ramesh et al. 2022), Stable Diffusion
3 (Esser et al. 2024), and Midjourney (Midjourney 2022)
generating images comparable to human-created artwork
from natural language prompts (Balaji et al. 2022; Feng et al.
2025d; Zhang, Rao, and Agrawala 2023). Their ability to
produce high-fidelity, semantically aligned outputs has po-
sitioned diffusion models as a foundation for controllable
generation. To support finer-grained and more deterministic
control, recent efforts have extended conditions beyond text
to structured visual inputs—such as depth and segmenta-
tion maps—enabling image-to-image (I2I) generation with
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Figure 1: (a) Traditional ControlNet requires training a ded-
icated model for each control type, leading to substantial
computational overhead. (b) Universal control approaches
aim to unify all conditions within a single model, but ex-
hibit poor generalization to unseen tasks. (c) DivControl ad-
dresses this by introducing knowledge diversion to disen-
tangle condition-agnostic and condition-specific representa-
tions during training, enabling unified control and zero-shot
transfer. (d) This modular design reduces training cost by
over 36.4× (165 vs. 6000 GPU hours) while achieving su-
perior controllable generation quality.

explicit spatial guidance (Zhang, Rao, and Agrawala 2023;
Zavadski, Feiden, and Rother 2024; Mou et al. 2024).

However, training separate diffusion models for each con-
trol condition is computationally prohibitive. For instance,
ControlNet (Zhang, Rao, and Agrawala 2023) requires over
600 A100 GPU hours on 3 million images to support a
single CANNY condition, with other modalities demand-
ing even more resources (Xu et al. 2024). To improve ef-
ficiency and scalability, recent works propose unified frame-
works for multi-condition control (Qin et al. 2023; Tan et al.
2024; Wang et al. 2025), aiming to handle diverse conditions
within a single model (Figure 1a, b). However, these ap-
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proaches struggle to generalize to unseen or heterogeneous
conditions, as jointly learned representations tend to be en-
tangled, hindering adaptation to novel control conditions.

While CtrLoRA (Xu et al. 2024) improves transferabil-
ity by assigning a dedicated LoRA (Hu et al. 2022) to each
condition during training, thereby shaping a more adapt-
able ControlNet, it remains computationally intensive due
to large-scale multi-condition pretraining (Feng and Zhang
2023). More critically, its rigid separation mechanism fails
to account for intrinsic inter-condition correlations, leading
to suboptimal performance, limiting modular reuse and hin-
dering generalization to unseen conditions.

Recently, knowledge diversion (Xie et al. 2025) was in-
troduced to explicitly disentangle task-agnostic and task-
specific knowledge by applying Singular Value Decomposi-
tion (SVD) to factorize network weight matrices into shared
learngenes and task-specific tailors, thereby improving mod-
ular reuse and cross-task transferability. Building on this
principle, we propose DivControl, which brings knowledge
diversion into controllable image generation. By factoriz-
ing ControlNet into shared learngenes and lightweight tai-
lors during training, DivControl supports unified generation
across diverse conditions and enables efficient adaptation to
novel conditions with minimal overhead.

DivControl applies SVD to decompose each weight
matrix into basic components—pairs of singular vec-
tors—which are modularly assigns them to shared learn-
genes or condition-specific tailors for structured control. To
improve parameter sharing and generalization, DivControl
replaces the binary gate (Xie et al. 2025; Xu et al. 2024) with
a dynamic gate. Specifically, each condition is described
by a textual instruction, which is encoded into a condi-
tion text embedding using a pretrained text encoder (Oquab
et al. 2024). The embedding guides the dynamic gate to as-
sign soft weights over tailors, following a mixture-of-experts
style (Zhou et al. 2022; Riquelme et al. 2021) to facilitate
modular reuse and enhance zero-shot generalization to novel
conditions. To enhance convergence and semantic alignment
during knowledge diversion, we incorporate a representation
alignment module (Yu et al. 2024), which aligns condition
image embeddings with shallow diffusion features.This aux-
iliary supervision improves early feature learning, enhances
knowledge decomposition, and strengthens alignment be-
tween generated images and target conditions.

DivControl is pretrained via knowledge diversion on Sub-
ject200K (Tan et al. 2024) using 8 base conditions and eval-
uated on COCO2017 (Lin et al. 2014) with 10 additional un-
seen conditions to assess generalization and transferability.
Remarkably, DivControl requires only 450K training steps
(∼165 GPU hours), achieving a 36.4× reduction in compu-
tational cost compared to CtrLoRA (6000 GPU hours (Xu
et al. 2024)), while improving unified controllability with
average CLIP-I gains of 0.05, respectively, on base con-
ditions. For unseen conditions, DivControl demonstrates
strong zero-shot generalization, generating high-quality out-
puts on low-shift conditions (e.g., GRAYSCALE and LIN-
EART) without finetuning. For high-shift conditions, Div-
Control achieves state-of-the-art performance by finetuning
only the tailors at minimal cost (∼0.23 GPU hours and 200

images), offering a sharp contrast to ControlNet, which re-
quires over 600 GPU hours per condition for retraining.

Our main contributions are as follows: 1) We introduce
DivControl, the first decomposable framework for control-
lable image generation. By factorizing ControlNet through
knowledge diversion, DivControl enables modular, inter-
pretable, and transferable generation with substantially re-
duced computational overhead. 2) We propose a represen-
tation alignment mechanism that bridges condition inputs
and diffusion features, enhancing controllability and accel-
erating convergence in controllable image generation. 3) We
construct a benchmark with 18 diverse control conditions to
evaluate unified controllable generation, as well as transfer-
ability and generalization of trained models. Extensive ex-
periments demonstrate that DivControl consistently outper-
forms prior methods across both seen and unseen conditions.

2 Related Work
2.1 Controllable Image Generation
Diffusion models have achieved significant progress in text-
to-image (T2I) synthesis (Balaji et al. 2022; Nichol et al.
2022; Peebles and Xie 2023). Recent efforts extend con-
trol to spatial conditions, such as depth and segmentation
maps (Chen, Luo, and Xie 2024; Mou et al. 2024). Control-
Net (Zhang, Rao, and Agrawala 2023) exemplifies this by
introducing separate branches, but training separate models
for each condition is computationally expensive.

To enhance flexibility, recent methods explore unified
controllable generation, aiming to use a single model across
diverse conditions (Qin et al. 2023; Zhao et al. 2023; Feng
et al. 2025e). However, these models struggle to generalize
to novel or semantically divergent conditions. We address
this by introducing a unified framework that integrates mod-
ular parameter decomposition with dynamic routing. By dis-
entangling condition-agnostic and condition-specific knowl-
edge during training, our method enables scalable genera-
tion across diverse conditions and efficient adaptation to un-
seen conditions, even under limited resources.

2.2 Learngene and Knowledge Diversion
The LEARNGENE framework, inspired by biological inher-
itance (Feng et al. 2025a; Wang et al. 2023), encodes task-
agnostic knowledge into modular neural units for efficient
transfer (Feng et al. 2025b; Li, Qi, and Geng 2025; Xie
et al. 2024). Existing approaches mainly emphasize knowl-
edge compression and reuse—either through heuristic layer
selection (Wang et al. 2022, 2023) or structured operations
such as Kronecker products (Feng et al. 2025c). However,
they largely focus on representation reuse without explicit
task-level disentanglement, limiting adaptability in multi-
task and cross-domain scenarios.

To address this, knowledge diversion (Xie et al. 2025) de-
composes model parameters into task-agnostic learngenes
and task-specific tailors, facilitating modular reuse through
gated routing. We extend this framework to controllable
image generation by disentangling ControlNet parameters
across conditions, enabling unified multi-condition genera-
tion and efficient adaptation to novel conditions.
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Figure 2: Overview of the DivControl. (a) Each weight matrix in ControlNet is factorized via SVD into condition-agnostic
learngenes and condition-specific tailors. A dynamic gate routes each input to relevant tailors while jointly updating shared
learngenes, enabling modular and disentangled representation across conditions. (b) Shallow features in ControlNet are aligned
with condition semantics extracted by a pre-trained vision encoder, improving consistency and accelerating convergence.

3 Methods
3.1 Preliminary
Latent Diffusion Models. Latent diffusion models
(LDMs) shift the generative process from high-dimensional
pixel space to a lower-dimensional latent space. To enable
this, an autoencoder E encodes an image x into a latent
representation z = E(x), and a diffusion model is trained to
reconstruct z through a denoising process, minimizing:

Ldiff = Ez,c,ε,t

[
||ε− εθ(zt | c, t)||22

]
, (1)

where εθ is a noise prediction network that predicts the noise
ε added to zt at timestep t, conditioned on c.

Conditional Generation In conditional LDMs, the con-
dition c is derived from external modalities such as text,
class labels, or condition images. We focus on image-to-
image (I2I) generation, where a condition image xcond pro-
vides structural guidance. A condition encoder F (e.g., Con-
trolNet (Zhang, Rao, and Agrawala 2023)) maps xcond to an
embedding c = F(xcond), which is injected into the denois-
ing network via adding or similar fusion strategies.

3.2 Knowledge Diversion in ControlNet
Decomposition of ControlNet We adopt a Diffusion
Transformer (DiT) (Chen, Luo, and Xie 2024; Peebles and
Xie 2023; Esser et al. 2024) as the backbone for genera-
tion, with the corresponding ControlNet F sharing the same
transformer-based architecture, as shown in Figure 2. To
enable flexible adaptation to diverse conditions, we apply
knowledge diversion within F , a transformer-based module
composed of L layers, each containing repeated projection
matrices in attention and MLP blocks. The parameter set

is denoted as θ = {W (1∼L)
q , W

(1∼L)
k , W

(1∼L)
v , W

(1∼L)
o ,

W
(1∼L)
in , W

(1∼L)
out }1.

Following the decomposition strategy of KIND (Xie
et al. 2025), each weight matrix W

(l)
⋆ (⋆ ∈ S =

{q, k, v, o, in, out} and l ∈ [1, L]) is factorized via SVD as:

W
(l)
⋆ = U

(l)
⋆ Σ

(l)
⋆ V

(l)
⋆

⊤
=

r∑
i=1

u
(l,i)
⋆ σ

(l,i)
⋆ v

(l,i)
⋆ (2)

where Θ
(l,i)
⋆ = (u

(l,i)
⋆ , σ

(l,i)
⋆ , v

(l,i)
⋆ ) denotes the i-th rank-1

component, and r is the rank of W
(l)
⋆ . Each component

Θ
(l,i)
⋆ captures a modular unit of structured knowledge.

Dynamic Diversion via Condition Text Embedding To
support flexible adaptation across heterogeneous condi-
tions, these components are explicitly partitioned into NG

condition-agnostic learngenes G and NT condition-specific
tailors T , where r = NG +NT . Formally:

G =
{
Θ

(l,i)
⋆ | i ∈ [0, NG), ⋆ ∈ S, l ∈ [1, L]

}
T =

{
Θ

(l,i)
⋆ | i ∈ [NG, NG +NT ), ⋆ ∈ S, l ∈ [1, L]

}
Unlike KIND (Xie et al. 2025), which relies on discrete

class labels for component assignment, or CtrLoRA (Xu
et al. 2024), which employs fixed task-specific adapters, we
introduce a continuous diversion mechanism to enable gen-
eralization to heterogeneous and unseen conditions. To com-
pensate for the limited semantics in condition images, each
condition is paired with a manually defined condition in-
struction tcond, which is encoded into the semantic embed-
ding etxt = Etxt(tcond) using a pretrained text encoder.

1W
(1∼L)
q denotes the set {W (1)

q ,W
(2)
q , . . . ,W

(L)
q }. Similar

notations throughout the paper follow this convention.
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Figure 3: Generalization to Novel Control Conditions.
(a) For low-shift conditions, DivControl leverages in-
struction embeddings to dynamically activate semantically
aligned tailors, enabling zero-shot generation. (b) For high-
shift conditions, it reuses condition-agnostic learngenes
while introducing randomly initialized tailors, supporting
efficient few-shot adaptation.

To enable dynamic adaptation, the condition embedding
etxt is processed by a lightweight gating module G, analo-
gous to the router in Mixture-of-Experts architectures (Zhou
et al. 2022; Riquelme et al. 2021). This dynamic gate pro-
duces soft weights over NT tailor components:

α = softmax(G(etxt)) ∈ RNT (3)

where α denotes globally shared mixing coefficients, ap-
plied uniformly across all layers l ∈ [1, L] and projection
types ⋆ ∈ S. These coefficients modulate tailor compo-
nents through weighted aggregation, enabling flexible and
condition-aware adaptation.

During training, the condition embedding econd activates
relevant tailor components via a dynamic gate, while shared
learngenes are updated across all conditions. The condition-
adaptive weight matrix is constructed as a gated combination
of learngenes and tailors:

W̃
(l)
⋆ = G(l)

⋆ +
K∑

k=1

α · T (l)
k,⋆ . (4)

This facilitates explicit disentanglement of condition-
agnostic and condition-specific knowledge, with all com-
ponents—learngenes, tailors, and the dynamic gate—jointly
optimized via end-to-end training.

3.3 Representation Alignment
Representation Alignment (REPA) (Yu et al. 2024) was orig-
inally proposed to improve training efficiency and synthe-
sis quality in class-conditioned diffusion models by aligning

intermediate features with those from pretrained vision en-
coders (Wu et al. 2025; Tian et al. 2025; Jiang et al. 2025;
Leng et al. 2025). We extend REPA to controllable image
generation, where it facilitates faster optimization of the
condition encoder and improves control fidelity.

Given a condition image xcond, we extract a semantic
embedding eimg = Eimg(xcond) ∈ RN×d using a frozen
vision encoder. Simultaneously, a shallow feature fcond ∈
RN×d′

is obtained from early layers of the ControlNet F .
A lightweight MLP head A(·) is trained to align fcond with
eimg via

LREPA = −Ez,c,ε,t

[
1

N

N∑
n=1

sim(A(fcond)
[n], e

[n]
img)

]
(5)

where n is the patch index. This alignment encourages F
to learn semantically grounded features, improving conver-
gence while enhancing the reliability of condition-guided
generation. The final objective combines denoising and
alignment losses to optimize both generative fidelity and
control semantics:

Ltotal = Ldiff + λ · LREPA, (6)
where Ldiff is the standard denoising loss (Eq. (1)), and λ
balances the contribution of the alignment regularization.

3.4 Efficient Adaptation to Novel Conditions
Through knowledge diversion, DivControl factorizes Con-
trolNet into condition-agnostic learngenes and condition-
specific tailors, enabling rapid adaptation to novel conditions
via reusable general features and modular activation of spe-
cialized components.

Given a low-shift novel condition xlow, we directly encode
corresponding condition instruction via a pretrained text en-
coder to obtain elow = Etxt(tlow), which is fed into the dy-
namic gate G to compute soft routing weights over NT tailor
components, as shown in Figure 3a.

αlow = softmax(G(elow)). (7)
Leveraging the semantic generalization of Etxt, this mecha-
nism enables direct zero-shot generation for unseen condi-
tions without gradient updates or task-specific retraining.

For conditions xhigh with substantial semantic shifts (Fig-
ure 3b), adaptation remains lightweight by introducing ran-
domly initialized tailors while keeping transferred parame-
ters frozen, enabling localized fine-tuning without disrupt-
ing previously acquired general knowledge.

This modular adaptation strategy promotes generaliza-
tion, facilitates cross-condition transfer, and ensures effi-
cient adaptation with minimal overhead.

4 Experimental Setup
Dataset We perform knowledge diversion on Sub-
ject200K (Tan et al. 2024) and annotate each image with 8
basic conditions for unified conditional generation. For eval-
uation, we follow CtrLoRA (Xu et al. 2024) and use the
COCO2017 (Lin et al. 2014) validation set, extended with
10 additional conditions spanning both low- and high-shift
distributions to assess DivControl’s zero-shot generalization
and efficient finetuning capabilities.
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BBOX CANNY DEPTH HED Cost
LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I GPU Hour Para.

Pixart-δ 0.255 0.766 89.43 0.283 0.473 93.69 0.232 0.823 93.20 0.246∗ 0.675∗ 95.00∗ 8×36 h 8×295M
UniControl 0.229∗ 0.777 90.11∗ 0.249 0.500 94.97 0.229 0.837∗ 93.68 0.228 0.704 95.44 5000 h 374M
CtrLoRA-SD 0.221 0.788 90.50 0.316 0.404 93.66 0.218 0.841 94.25 0.285 0.609 94.27 6000 h 656M
CtrLoRA-PA 0.249 0.768 89.62 0.284 0.473∗ 93.59 0.236 0.812 93.36 0.270 0.638 94.30 165 h 519M
DivControl 0.237 0.779∗ 89.99 0.274∗ 0.466 94.03∗ 0.223∗ 0.833 93.79∗ 0.259 0.657 94.55 165 h 477M∗

SKETCH NORMAL OUTPAINTING SEGMENTATION Average
LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I

Pixart-δ 0.260 0.718 91.70 0.400 0.705 89.96 0.061 0.898 93.42 0.458 0.652 87.92 0.274 0.714 91.79
UniControl 0.344 0.628 87.22 0.382∗ 0.728 90.58∗ 0.066 0.909 93.17 0.461 0.647 87.61 0.273 0.716∗ 91.72
CtrLoRA-SD 0.256∗ 0.721 92.08∗ 0.377 0.710∗ 91.15 0.072 0.893 92.95 0.437 0.662 89.03 0.273∗ 0.703 92.24∗
CtrLoRA-PA 0.257 0.721∗ 91.67 0.400 0.697 90.16 0.058∗ 0.914∗ 93.80∗ 0.447 0.656∗ 88.35 0.275 0.710 91.85
DivControl 0.242 0.741 92.25 0.386 0.710 90.53 0.053 0.920 94.51 0.445∗ 0.656 88.66∗ 0.265 0.720 92.29

Table 1: Performance on Basic Control Conditions. We report LPIPS (↓), SSIM (↑), and CLIP-I (↑) across eight basic control
conditions to evaluate generation fidelity and semantic alignment. “GPU Hour” indicates total training time, and “Para.” denotes
the average number of trainable parameters, reflecting overall training efficiency.

ConditionOriginal UniControl CtrLoRA DivControl

ILLUSION

LINEARTBLUR

INPAINTING BRUSH

GRAYSCALE

ConditionOriginal UniControl CtrLoRA DivControl

Figure 4: Zero-shot Generalization on Low-shift Novel Conditions. We visualize qualitative results on unseen conditions that
are semantically aligned with training conditions. DivControl achieves effective zero-shot generation by leveraging knowledge
diversion and dynamic gating, which route condition inputs to semantically relevant tailor components without any fine-tuning.

Basic Setting We build on PixArt-δ (Chen, Luo, and Xie
2024), adopting a DiT backbone with a 64 × 64 latent res-
olution. The ControlNet F shares the same 13-layer trans-
former architecture. Models are trained for 450K steps using
AdamW with a learning rate of 1.25 × 10−5, weight decay
of 3 × 10−2, and batch size 16. For knowledge diversion,
we set the number of learngenes NG and tailors NT to 576,
with 288 active tailor components per condition. For REPA,
features from the 4-th layer of F are aligned with DINOv2-
B (Oquab et al. 2024) embeddings via an alignment loss
weighted by λ = 0.05.

5 Results
5.1 Universal Generation on Basic Conditions
DivControl enables unified controllable generation by
decomposing ControlNet into reusable learngenes and
condition-specific tailors through knowledge diversion, sup-
porting scalable multi-condition control. As shown in Ta-
ble 1, DivControl outperforms CtrLoRA (Xu et al. 2024)
on all metrics in the average of eight basic conditions
(Section 4), while reducing training time to just 165 GPU
hours—much lower than the 6000 and 5000 hours required

by CtrLoRA and UniControl, respectively—demonstrating
both efficiency and strong generalization.

In contrast, existing methods face structural bottlenecks.
UniControl (Qin et al. 2023) employs a shared encoder that
lacks task-specific specialization. CtrLoRA introduces mod-
ularity through LoRA but relies on static binary gate without
semantic-aware routing or representation disentanglement,
limiting transferability and reuse.

DivControl mitigates these limitations through a dy-
namic gate, which enables semantic-aware selection of
condition-specific tailors based on condition embeddings.
By explicitly disentangling condition-agnostic learngenes
from condition-specific modulations, it promotes modu-
lar reuse, accelerates convergence, and enhances scalabil-
ity—highlighting the value of structured decomposition for
unified controllable generation.

5.2 Generalization to Novel Control Conditions
We evaluate DivControl’s generalization to unseen condi-
tions, categorized as: (1) low-shift conditions that are seman-
tically close to training modalities, and (2) high-shift condi-
tions with substantial domain or modality gaps.

Leveraging knowledge diversion and dynamic gate, Di-
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BLUR BRUSH GRAYSCALE INPAINTING Cost
LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I GPU Time Para.

Pixart-δ 0.179 0.923 94.70 0.168 0.769 94.56 0.209 0.708 96.92 0.149∗ 0.771 96.45 1.01 295M
Pixart-δ-canny 0.162∗ 0.933∗ 95.20∗ 0.148∗ 0.792∗ 95.65∗ 0.195∗ 0.723∗ 97.18∗ 0.160 0.771∗ 96.46 1.01 295M
CtrLoRA-SD 0.204 0.875 93.79 0.167 0.729 95.15 0.262 0.599 95.49 0.197 0.697 95.34 0.93 37M
CtrLoRA-PA 0.171 0.927 94.95 0.158 0.777 95.60 0.201 0.703 97.13 0.160 0.767 96.49∗ 0.23 14M
DivControl 0.143 0.946 95.84 0.136 0.800 96.28 0.195 0.724 97.33 0.144 0.778 96.97 0.23 14M

JPEG PALETTE PIXEL SHUFFLE Average
LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I LPIPS SSIM CLIP-I

Pixart-δ 0.308 0.630 92.18 0.254 0.675 88.54 0.390 0.576 87.42 0.685 0.215 84.80 0.293 0.658 91.95
Pixart-δ-canny 0.300∗ 0.656∗ 92.92∗ 0.234 0.724∗ 88.89 0.366∗ 0.616∗ 89.34∗ 0.679∗ 0.229 84.48 0.281∗ 0.681∗ 92.51∗
CtrLoRA-SD 0.356 0.570 92.07 0.285 0.663 87.48 0.465 0.500 86.37 0.692 0.196 84.74∗ 0.328 0.603 91.30
CtrLoRA-PA 0.328 0.635 92.67 0.228∗ 0.721 89.24∗ 0.383 0.588 88.76 0.681 0.237∗ 83.84 0.289 0.669 92.34
DivControl 0.297 0.668 94.23 0.224 0.736 89.30 0.365 0.640 89.84 0.674 0.244 84.74 0.272 0.692 93.07

Table 2: Performance on Novel Control Conditions. We report LPIPS (↓), SSIM (↑), and CLIP-I (↑) across 6 high-shift novel
conditions and 2 low-shift novel conditions to evaluate generation fidelity and semantic alignment. “GPU Hour” indicates total
training time, and “Para.” denotes the average number of trainable parameters.

vControl enables zero-shot generation in low-shift set-
tings and lightweight adaptation in high-shift scenarios. We
present analyses for both cases below.

Zero-shot Generalization on Low-shift Conditions For
novel conditions with minor semantic or structural devia-
tions from training conditions, DivControl enables zero-shot
generalization by embedding condition instructions into task
representations that guide the dynamic gate to softly ac-
tivate semantically aligned tailors. As shown in Figure 4,
DivControl consistently produces high-fidelity, condition-
aligned images across all low-shift novel conditions without
requiring gradient updates.

In contrast, CtrLoRA (Xu et al. 2024) only assigns base
ControlNet to each new condition, lacking a mechanism
for semantic transfer and thus failing at zero-shot adap-
tation. UniControl (Qin et al. 2023) manually composes
base-condition combinations for novel tasks, limiting flex-
ibility and scalability. DivControl overcomes these limita-
tions through input-conditioned routing over dynamically
selected tailors, enabling modular reuse and scalable gen-
eralization to semantically related conditions.

Efficient Finetuning on High-shift Conditions For novel
conditions with substantial distributional shifts, such as
PALETTE and SHUFFLE, we transfer the parameters and ini-
tialize tailors from scratch, as these cases exhibit significant
visual discrepancies and demand distinct generative priors.

As shown in Table 2, despite substantial distribution
shifts, DivControl achieves competitive performance after
just 3K finetuning steps (∼0.23 GPU hours) on 200 images,
improving average CLIP-I by 1.72 points over CtrLoRA.
This demonstrates its ability to rapidly adapt to novel con-
ditions with minimal computational overhead. Furthermore,
unlike full-model retraining which ignores transferability
and incurs substantial cost in both training time and param-
eters per condition, DivControl enables rapid, lightweight
adaptation while preserving fidelity and consistency.

These results highlight the scalability and flexibility

of DivControl, enabled by its structural decoupling of
condition-agnostic and condition-specific knowledge. This
modular design supports adaptive parameter transfer for di-
verse downstream demands, making it well suited for open-
world scenarios with evolving or unseen conditions.

5.3 Multi-Conditional Controllable Generation
DivControl enables unified controllable image generation
by disentangling condition-specific knowledge into inde-
pendently activatable tailors, which further supports flexible
composition of multiple control conditions through selective
feature reuse—enabling more challenging, fine-grained con-
trollable generation.

By aggregating task embeddings from multiple condi-
tions, DivControl activates the corresponding tailor mod-
ules, enabling seamless integration of complex controls such
as LINEART and PALETTE. As shown in Figure 5, Div-
Control produces high-quality and semantically consistent
results even under complex, combined control conditions.
This demonstrates that modular routing effectively preserves
the guidance from each input while allowing them to work
together for coherent generation.

5.4 Ablation and Analysis
Ablation Experiments To evaluate the impact of knowl-
edge diversion and REPA, we ablate each component indi-
vidually. As shown in Table 3, introducing knowledge di-
version alone yields notable gains, with LPIPS decreasing
by 0.026, SSIM increasing by 0.03, and CLIP-I improv-
ing by 1.20%, highlighting the effectiveness of modulariz-
ing condition-agnostic and condition-specific knowledge for
improved generalization.

Incorporating REPA on top yields additional gains, with
LPIPS further reduced by 0.012 and continued improve-
ments in SSIM and CLIP-I, confirming its effectiveness in
enhancing semantic alignment. These results underscore the
complementary roles of both components: knowledge di-
version enables flexible adaptation, while REPA reinforces
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Figure 5: Multi-Conditional Controllable Image Generation. DivControl leverages knowledge diversion to encapsulate
condition-specific knowledge into tailors, enabling flexible composition of multiple conditions. This facilitates high-fidelity,
semantically aligned generation under simultaneous multi-condition guidance.

Diversion REPA LPIPS↓ SSIM↑ CLIP-I↑
#1 0.328 0.663 89.43
#2 ✓ 0.302 0.693 90.63

DivControl ✓ ✓ 0.290 0.696 91.31

Table 3: Ablation study on DivControl.
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Figure 6: Inter-condition similarity derived from dynamic
gate activations (α in Eq. (3)), illustrating the gate’s capacity
to capture semantic relationships among conditions.

semantic grounding—together facilitating high-quality, con-
trollable generation across diverse conditions.

Analysis on Dynamic Gate To analyze the routing be-
havior of the dynamic gate, we visualize activation patterns
across conditions. As shown in Figure 6, semantically re-
lated conditions (e.g., SKETCH and LINEART) yield similar
tailor activations, whereas dissimilar ones (e.g., SKETCH vs.
OUTPAINTING) exhibit divergent routing.

These results indicate that the dynamic gate effectively
captures semantic similarities between conditions and mod-
ulates tailor activation accordingly. This behavior under-
pins DivControl’s strong zero-shot performance by enabling
knowledge reuse for semantically related yet unseen condi-
tions without retraining. Moreover, the emergence of such
alignment from condition instructions alone validates their

Depth Weight LPIPS↓ SSIM↑ CLIP-I↑ MSE↓ FID↓ FDD↓
2 0.2 0.301 0.685 90.73 40.22 10.44 0.046
6 0.2 0.303 0.682 90.70 40.34 10.44 0.046

4 0.005 0.307 0.681 90.61 40.47 10.73 0.046
4 0.5 0.315 0.672 89.98 40.76 11.01 0.053

4 0.05 0.290 0.696 91.31 39.84 9.73 0.040

Table 4: Impact of alignment depth and weight (i.e., λ in
Eq. (6)) in REPA on convergence speed and stability.

effectiveness as condition representations and underscores
the semantic sensitivity of the gating mechanism.

Analysis on Position and Weight of REPA We analyze
the impact of REPA’s alignment depth and loss weight λ on
training convergence. As shown in Table 4, applying REPA
at an intermediate depth (layer 4) yields the fastest conver-
gence by balancing early-stage semantic guidance and late-
stage task-specific adaptation. In contrast, shallow align-
ment lacks semantic expressiveness, while deeper alignment
introduces condition-specific noise that impairs stability.

Additionally, moderate alignment strength (λ = 0.05)
provides effective regularization without overly constrain-
ing feature learning. Excessive weighting hampers adapt-
ability, while insufficient weighting weakens alignment sig-
nals. These results highlight the importance of carefully con-
figuring REPA to ensure efficient and stable optimization.

6 Conclusion
In this work, we introduce DivControl, a novel training
framework for ControlNet that performs knowledge diver-
sion to construct a modular architecture during pretrain-
ing. By disentangling condition-agnostic knowledge into
reusable learngenes and encoding condition-specific knowl-
edge into lightweight tailors, DivControl supports dynamic,
condition-aware assembly across diverse conditions. Div-
Control supports zero-shot generalization to semantically
related conditions via a dynamic gate, and allows efficient
adaptation to large distribution shifts through plug-in ran-
domly initialized tailors. Extensive experiments demonstrate
that DivControl consistently outperforms existing methods
while substantially reducing computational overhead.
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