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Problem
In current ControlNet training, each control is designed to influence all
areas of an image, which can lead to conflicts when different control signals
are expected to manage different parts of the image.

Solution & Case
• Introduce silent control signals: First introduce silent control signals that
should remain inactive when other control signals are engaged, improving the com-
pactness of the generation.
• Feature injection and combination: Employ strategies based on multi-
objective optimization principles to improve model performance.
• Theoretical contribution: Develop and integrate a conservativity loss function
within a large modular network architecture.
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To tackle these challenges, adhering to the principle of “less is more”, we introduce the Minimal
Impact ControlNet (MIControlNet), a novel framework designed to refine the integration of mul-
tiple control signals within diffusion models. Our approach includes strategic modifications to the
training data to reduce biases and utilizes a multi-objective optimization strategy during the feature
combination phase, as well as addressing the asymmetry in the score function’s Jacobian matrix
induced by ControlNet. These methods aim to minimize conflicts between different control sig-
nals and between control signals and the inherent features of the dataset, thereby ensuring better
compatibility and fidelity in the generated images.
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Figure 1: The silent control signal from OpenPose ControlNet (outside the blue box) suppresses
the high-frequency control signal from Canny ControlNet (inside the red box). The black regions of
the control signals represent the silent control signals.

To summarize, our main contributions are three-fold as follows:

• Introduce silent control signals: First introduce silent control signals that should remain in-
active when other control signals are engaged, improving the compactness of the generation.

• Feature injection and combination: Employ strategies based on multi-objective optimization
principles to improve model performance.

• Theoretical contribution: Develop and integrate a conservativity loss function within a large
modular network architecture to ensure more stable learning dynamics.

By addressing the fundamental issues in training data preparation and signal integration, MICon-
trolNet enhances the model’s ability to follow the correct control signals in areas previously affected
by control signal conflicts. Additionally, it improves controllability in high-frequency regions.

2 PRELIMINARIES

2.1 DIFFUSION MODELS FOR TEXT TO IMAGE GENERATION

Diffusion Models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Rombach et al., 2022; Podell et al.,
2023; Song et al., 2021) has gain great success as a generative models, especially in the text to image
generation task (Rombach et al., 2022; Podell et al., 2023).

Suppose the image data distribution is q(x) = q0(x0), where x → X ↑ RCHW . We define a
forward process through a sequence of distributions, qt(xt) = N (ωtx0, (1 ↓ ω2

t )I), with {ωt}
decreasing for t → [0, T ]↔Z. Here, ω0 = 1 and ωT ↗ 0. In the generation process, we initiate from
xT ↘ N (0, I) and iteratively generate a sample of the previous timestep using a denoising network
εω(xt, t), trained by minimizing the prediction of added noise as follows:

Ex0→q0(x0),t,ε→N (0,I)w(t)≃εω(ωtx0 + ϑtε, t) ↓ ε≃2
2, (1)
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2). To enforce the conservativity of the score function directly, suppose the Jacobian
matrix of st with respect to xt is denoted as Jst,xt

. We propose using the following
loss function:

LQC =
1

2
Et,xt

∥∥Jst,xt
− JT

st,xt

∥∥2
F
, (1)

where F represents the Frobenius norm. That formula can be equivalently expressed
as (Chao et al., 2022):

LQC = Et,xt

[
tr(Jst,xt

JT
st,xt

)− tr(Jst,xt
Jst,xt

)
]
, (2)

Suppose v fits a distribution whose expectation is 0 and variance is I, by the Hut-
chinson’s estimator, we have a unbiased estimation of LQC, which is

Lest
QC = Ev,t,xt

[
vTJst,xt

JT
st,xt

v − vTJst,xt
Jst,xt

v
]
. (3)
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• Data Augmentation.
• Heuristic Coefficient:

λ∗
i (v1,v2) = mı́n

[
1,máx

[
(v2 − v1)

Tv2

∥v2 − v1∥22
, 0

]]
. (4)

• Simplified Conservatively Loss:

Proposition 1 (Decomposition of Jacobian Matrix).

Jst,xt
= Je

st,xt
+ Jc

st,xt
. (5)

Assumption 1 (Responsibility for Conservativity).

∇ϕJ
e
st,xt

= 0. (6)

Lc
QC = Ev,t,xt

vT
[
2Je

st,xt
JcT
st,xt

− 2Je
st,xt

Jc
st,xt

+ Jc
st,xt

JcT
st,xt

− Jc
st,xt
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st,xt

]
v. (7)

We have

Proposition 2.Under Assumption 1,

∇ϕLc
QC = ∇ϕLest

QC. (8)

Define
Lsimple
QC = Ev,t,xt

vT
[
Jc
st,xt

JcT
st,xt

− Jc
st,xt

Jc
st,xt

]
v. (9)

Theorem 1. Suppose the Frobenius norm of Je
st,xt

is uniformly bounded by M ,
we have

Lc
QC ≤ 2

√
2M

√
Lsimple
QC + Lsimple

QC , (10)

which indicates that if the simplified loss is zero, the original loss is
also zero.

Experiment

Canny / Hed ControlNet MIControlNet (1-stage) MIControlNet (2-stage)

Published as a conference paper at ICLR 2025

Canny / Hed ControlNet MIControlNet (1-stage) MIControlNet (2-stage)

Figure 5: Comparision of ControlNet and MIControlNet for single condition generation.

5.3 MULTI-CONTROL SIGNALS

In this subsection, we examine the improvements introduced by our method when using multiple
control signals. We randomly selected 2,000 images from the LAION-Aesthetics dataset and ex-
tracted the central portion of two conditions in equal measure for sampling. These conditions were
randomly resized and placed on either the left or right side, with the remaining area filled by silent
signals. We then used these modified control signals to generate images. To save space, we present
both conditions in a single image in Figure 7.

Table 1: The FID of the multi-condition scenario. Each condition is associated with its own FID.
the FID scores are presented with the best result highlighted in bold and the second best underlined.

Methods Openpose-Canny Openpose-Hed Canny-Hed Hed-Depth
ControlNet 80.37 / 111.30 76.98 / 84.20 123.59 / 86.43 91.98 / 86.25

ControlNet0.5 105.86 / 123.13 145.88 / 107.52 143.67 / 106.40 -/-
ControlNet1.5 74.37 / 99.44 74.52 / 86.57 120.84 / 88.38 -/-
ControlNet→ 77.43 / 89.57 76.69 / 78.31 122.10 / 85.45 78.14 / 90.65
ControlNet→→ 92.98 / 84.02 87.33 / 78.49 77.02 / 75.46 74.28 / 81.16

Uni-ControlNet 96.50 / 74.55 139.87 / 76.06 88.77 / 75.47 73.68 / 89.94
Ours (1-stage) 76.13 / 77.22 70.32 / 68.42 74.19 / 70.26 71.16 / 71.93
Ours (2-stage) 75.77 / 72.25 73.45 / 71.74 71.34 / 69.35 69.68 / 71.18

5.3.1 QUALITATIVE COMPARISON

FIDs for each control signals. We calculate the FIDs for two conditions in a multi-condition
scenario. For each condition, we extract the relevant part of the generated image and compute the
FID against the original 1,000 images. As shown in Table 1, our 2-stage MIControlNet achieves
the best FIDs in most cases, indicating that our method outperforms the baselines and highlights its
effectiveness in multi-condition scenarios. Our feature injection and combination technique achieves
an average improvement of 9.79 over the vanilla ControlNet with silent control signal targeted data
augmentation. The data augmentation alone achieves an average improvement of 11.26.

Cycle consistency for each control signal. Table 2 in Appendix G.2 shows the L1 distance be-
tween the extracted condition from the generated images and the original condition. Our MICon-
trolNet achieves the lowest values in most cases, indicating better preservation of control signals
(excluding silent control signals) in the generated images.
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Baseline. We select the newest ControlNet v1.1 and Uni-ControlNet (Zhao et al., 2024) as our
baseline. For the ControlNet baseline, we provide both the original feature combination and a bal-
anced version, labeled as ControlNet*. We also introduce fixed scaling factors for the first control
signals, labeled ControlNet0.5 and ControlNet1.5, maintaining a total scaling factor of 2.0 to match
the original ControlNet and our feature combination method. Additionally, we include Control-
Net**, which is trained with the same data augmentation as our method.

Some other models, such as ControlNet++ (Li et al., 2024), are optimized for precise control, making
them less suitable as baselines in our experimental settings.

5.2 SINGLE CONTROL SIGNAL

In this subsection, we primarily examine the improvements our method brings when using a single
control signal. The main improvement lies in the inpainting ability of the silent control signal.

5.2.1 QUALITATIVE COMPARISON

We mainly conduct two qualitative comparisons:

Total Variance under Silent Control Signals. For the calculation of the total variance, we sam-
ple 500 images from the LAION-Aesthetics dataset and calculate the total variance in the regions
controlled by the silent control signals. We then compare the results with ControlNet. As shown in
Figure 4a, the results indicate the ability of our method to generate more diverse texture patterns in
these situations.
Asymmetry in the Jacobian Matrix. We analyze the asymmetry of the extra part of the Jaco-
bian matrix introduced by ControlNet, as discussed in Asym metric defined by Chao et al. (2022).
This indicates the asymmetry of the Jacobian matrix. As shown in Figure 4b, our method reduces
the asymmetry, leading to more stable and consistent control. The Asym metric is estimated on
the MultiGen-20M dataset, using a batch size of 64 for 100 steps. We observed that after the
second-stage training, the asymmetry introduced by ControlNet significantly diminishes, indicat-
ing a smaller impact on the original U-Net, There is also an interesting phenomenon where the
decreases in Asym are similar on a logarithmic scale.

We also compare the FID and convergence speed as described in Appendix G. Our model achieves
similar image quality with faster convergence compared to the ControlNet baseline.

(a) Total variance under silent control signals. (b) Asymmetry in the Jacobian Matrix.

Figure 4: Two qualitative comparisons for single control signal.

5.2.2 VISUAL COMPARISON

We compare the visual results for single control signals of the ControlNet and our MIControlNet in
Figure 5. More results are in the Appendix H. Our method demonstrates the ability to generate more
texture patterns in areas corresponding to silent control signals, which aligns with the quantitative
results shown in Figure 4a.
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