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Abstract

To improve detection robustness in adverse conditions (e.g., haze and low light),
image restoration is commonly applied as a pre-processing step to enhance image
quality for the detector. However, the functional mismatch between restoration and
detection networks can introduce instability and hinder effective integration—an
issue that remains underexplored. We revisit this limitation through the lens of
Lipschitz continuity, analyzing the functional differences between restoration and
detection networks in both the input space and the parameter space. Our analy-
sis shows that restoration networks perform smooth, continuous transformations,
while object detectors operate with discontinuous decision boundaries, making
them highly sensitive to minor perturbations. This mismatch introduces instability
in traditional cascade frameworks, where even imperceptible noise from restoration
is amplified during detection, disrupting gradient flow and hindering optimiza-
tion. To address this, we propose Lipschitz-regularized object detection (LROD),
a simple yet effective framework that integrates image restoration directly into
the detector’s feature learning, harmonizing the Lipschitz continuity of both tasks
during training. We implement this framework as Lipschitz-regularized YOLO
(LR-YOLO), extending seamlessly to existing YOLO detectors. Extensive experi-
ments on haze and low-light benchmarks demonstrate that LR-YOLO consistently
improves detection stability, optimization smoothness, and overall accuracy.

1 Introduction

Adverse imaging conditions introduce challenges for object detection by causing various image
degradations, including reduced contrast, blurred edges, and obscured object boundaries. A typical
way to alleviate this issue is to employ image restoration as a pre-processing step, aiming to improve
image quality before detection [} 2, 3]. However, its effectiveness is limited by the functional
mismatch between restoration and detection networks. This inconsistency can introduce instability,
where imperceptible noise introduced during restoration is amplified during detection, leading to
unreliable predictions [4] 5]. Moreover, the underlying differences between these tasks remain
underexplored, hindering opportunities for better integration and enhanced robustness. To bridge this
gap, understanding their functional behaviors is crucial for achieving effective synergy. To this end,
we analyze the conventional Image Restoration—Object Detection cascade framework through the
lens of Lipschitz continuity, focusing on two aspects: the input space and the parameter space.

fCorresponding Author.  Code available: https://github.com/diasuki/LR-YOLO

39th Conference on Neural Information Processing Systems (NeurIPS 2025).


https://github.com/diasuki/LR-YOLO

W

(a) Image Restoration (b) Object Detection (c) Cascade (d) Ours

Figure 1: Visualization of network functional behaviors under input perturbations. (a) Image
Restoration networks exhibit smooth, continuous mappings, where input changes lead to gradual
adjustments. (b) Object Detection networks display sharp discontinuities due to abrupt decision
boundaries in classification and bounding box regression. (c) Cascade frameworks (Image Restoration
— Object Detection) magnify instability, resulting in fragmented and non-smooth behavior. (d) Our
method integrates low-Lipschitz image restoration into the feature learning of high-Lipschitz object
detection, promoting smoother transitions and enhanced stability.

From the input space perspective, we leverage the concept of Lipschitz continuity, which characterizes
the sensitivity of a model’s output to input perturbations [6]. Networks with lower Lipschitz constants
exhibit smoother, more predictable changes, while higher constants indicate heightened sensitivity
and instability. By computing the Jacobian norm [[7] with respect to haze density variations, we
observe that the Lipschitz constant of the object detection network is nearly an order of magnitude
larger than that of the restoration network, highlighting its substantially lower smoothness. This
disparity highlights the differences in their functional behaviors. Restoration networks exhibit smooth,
continuous mappings, where small input perturbations result in gradual and predictable adjustments
to the restored image. This smoothness stems from pixel-wise processing that consistently enhances
local regions and propagates changes smoothly across the image. In contrast, object detection
networks are inherently discontinuous, characterized by sharp decision boundaries in classification
and bounding box regression. Even minor pixel-level changes can cause abrupt shifts in class
predictions or bounding box coordinates, reflecting non-smooth, step-like transitions in the output.
This sharp contrast in behavior contributes to instability when the two networks are cascaded. To
further illustrate this disparity, we visualize the functional behaviors in Figure[I](a) and (b), where
the smooth transitions of restoration sharply contrast with the abrupt shifts observed in detection.
This inconsistency introduces instability when the two networks are cascaded: imperceptible noise
introduced during restoration can be amplified during detection, resulting in overall non-smooth
behavior in the cascade framework, as shown in Figure[T](c).

To further understand the instability observed in conventional Image Restoration—Object Detection
cascade framework, we extend our analysis to the parameter space of the networks, where Lipschitz
continuity characterizes the sensitivity of a model’s output to changes in its parameters. Our findings
reveal that image restoration networks maintain relatively low Lipschitz constants, resulting in smooth
and stable optimization trajectories during training. In contrast, object detection networks exhibit
substantially higher Lipschitz constants, leading to sharp gradient transitions and erratic convergence
paths. This imbalance disrupts gradient flow, introduces mutual interference, and destabilizes joint
optimization, further compounding the instability of traditional cascade frameworks.

Given the importance of network stability in adverse conditions, a key challenge lies in harmonizing
image restoration and object detection to address the inherent differences in Lipschitz continuity.
To address this, we propose Lipschitz-regularized object detection (LROD), a simple yet effective
framework that integrates image restoration directly into the detector’s feature learning. Unlike
conventional cascades, LROD harmonizes the Lipschitz continuity of both tasks during training,
smoothing out perturbations before they propagate through the detector’s discontinuous layers. This
coupling mitigates noise amplification, enhancing stability in challenging environments. Furthermore,
LROD introduces a parameter-space regularization term to stabilize gradient flows, ensuring smoother
optimization dynamics and improved robustness under varying degradation intensities.

We implement LROD into existing YOLO detectors, taking advantage of their real-time performance,
resource efficiency, and suitability for edge deployment. This integration yields an efficient model,
called Lipschitz-regularized YOLO (LR-YOLO), which can be seamlessly applied to YOLO series



detectors (e.g., YOLOv1O0 [8] and YOLOvVS [9]]). As shown in Figureﬂ] (d), our Lipschitz-regularized
object detection achieves a smoother Lipschitz continuity compared to the cascade framework.
Extensive experiments on image dehazing and low-light enhancement benchmarks demonstrate that
LR-YOLO improves detection stability and robustness compared to traditional cascade frameworks.
In summary, our contributions are as follows:

¢ Lipschitz Continuity Analysis: we perform a detailed analysis of Lipschitz continuity in both the
input space and the parameter space of image restoration and object detection networks. Our analysis
uncovers a critical mismatch in smoothness between these tasks, which potentially introduces
instability and impedes effective integration. To our knowledge, this is the early work to provide a
detailed Lipschitz continuity analysis aimed at understanding the instability challenges in cascade-
based detection pipelines.

* Lipschitz-Regularized Framework: motivated by our analysis, we propose a simple and effective
object detection framework that integrates image restoration directly into the detector’s feature
learning, harmonizing the Lipschitz continuity of both tasks during training. This design enhances
smoothness and mitigates the instability inherent in traditional cascade-based methods.

2 Related Work

Object Detection Under Adverse Conditions. Existing research primarily focuses on cascade
frameworks, where image restoration techniques such as image dehazing [[10, [1 1], low-light enhance-
ment [12} [13]], and all-in-one restoration [[14]] are used as pre-processing steps to improve image
quality and enhance human trust in detection results compared to domain adaptation approaches [15].
ReForDe [2] uses adversarial training to generate detection-friendly labels for fine-tuning restoration
networks. SR4IR [16] introduces a training framework where image restoration is constrained by
object detection, and detection training utilizes restoration outputs Image-adaptive techniques [[1} 13|]
integrate differentiable image processing filters into the detection pipeline. FeatEnHancer [17] applies
hierarchical feature enhancement to improve detection performance. Despite these advancements, the
functional mismatch between restoration and detection networks is underexplored. Our work reports
that the large disparity in Lipschitz continuity between the two tasks exacerbates non-smoothness
when they are cascaded, leading to instability under varying degradation intensities. To address this,
we propose a Lipschitz-regularized framework that enhances the Lipschitz continuity of the detection
network, facilitating better harmonization between these two tasks.

Lipschitz Continuity Analysis. Lipschitz continuity is useful in analyzing the stability and robust-
ness of deep neural networks [[18}|19,120]. Models with lower Lipschitz constants tend to exhibit better
generalization performance, especially under adversarial conditions [21]. This has motivated further
research on regularization techniques that constrain the Lipschitz constant to enhance model robust-
ness. For instance, SN-GAN [22] controls the Lipschitz constant by restricting the spectral norm
of network parameters, while other Lipschitz-based regularization techniques have been proposed
to improve model stability [23]]. Several studies have extended these ideas to network design [24],
highlighting the critical role of Lipschitz continuity in controlling the smoothness and stability of
neural networks. In our work, we analyze object detection stability under adverse conditions from
both the input and parameter spaces using Lipschitz continuity as the lens of investigation. We
demonstrate that the disparity in Lipschitz continuity between image restoration and object detection
networks is a primary source of non-smoothness and instability in cascade frameworks.

3 Lipschitz Continuity Perspective

3.1 Input Space Analysis: Model Stability in Adverse Conditions

Object detection in adverse conditions, such as haze or low light, is highly sensitive to variations
in degradation intensity, including changes in haze density and luminance fluctuations. Traditional
Image Restoration—Object Detection cascade framework struggles with such variations, leading to
unstable detection results. As shown in Figure 2] (a), even when partially mitigated by restoration,
minor perturbations still cause significant shifts in detector features, exposing the framework’s
instability. To understand this, we analyze the problem through the lens of Lipschitz continuity, which
quantifies a model’s sensitivity to input changes. Our findings reveal that the Lipschitz constant of



Figure 2: Impact of haze density variations on feature stability and Lipschitz continuity. (a)
Distribution of the detector backbone's features between two haze irpartslx + x  under minor

haze density variationg on Pascal VOCZ6] with synthetic haze. In the cascade framework,
nearly half of the features shift under slight haze density variations, while our Lipschitz-regularized
object detection remains stable. (b) Box-plot distribution of Jacobian nkrm$ (x)k at each
samplex between image restoration and object detection task on Pascal 28D®ifh synthetic

haze. The Lipschitz constant of the object detection network is nearly an order of magnitude larger
than that of the restoration network. This large disparity in Lipschitz continuity between the two
tasks exacerbates the non-smoothness in the cascade framework. Our method constrains the Lipschitz
constant of object detection to harmonize these two tasks better. CahijiRd YOLOv8 ] are

taken as restoration and detection methods, respectively.

the detection network is nearly an order of magnitude larger than that of the restoration network,
amplifying noise and disrupting stability under adverse conditions.

We begin by recalling the de nition of Lipschitz continuity: A netwoik; ) : R ® 7! RK , de ned

on some domaidom(f) R P with parameters, is calledC-Lipschitz continuous if there exists a
real constanC > 0 such thaBx1;x, 2 dom(f) : kf(x 1;) f(x 2; )kp Ckx 1 X 2kp: For
simplicity, we will compute th&-norm, denoted as k, throughout the rest of the paper, which can
be easily generalized to other norms. Using Theorem 25 fve know that for a differentiable -
Lipschitz continuous network( ; ) : R P 7! RX |, the Lipschitz constant df ; ) can be expressed
asCx (f(X; )) =suUp  yoqomry Kr xf(X; )k = SUP,oqomy K xT(X; )k, wherer «f(x; ) is
Jacobian of w.r.t. inputx andk k denotes the dual norm (The dual norm of faporm is itself).

To quantitatively assess the Lipschitz constant of the image restoration and object detection network,
we compute the above Jacobian norm for each samjehe Pascal VOC datasei], considering
variations in haze density. As shown in Figure 2 (b), we observe that the Jacobian norm of the
image restoration network ranges frdnto 3:5 per sample, while the Jacobian norm of the object
detection network is nearly an order of magnitude larger than that of the image restoration network.
This indicates that object detection has a higher Lipschitz constant compared to image restoration.
Therefore, the large disparity in Lipschitz continuity between the two tasks leads to an unstable
framework when they are directly cascaded. Speci cally, even slight variations will inevitably be
ampli ed by the restoration network since its Jacobian norm per sample exteedsl further
destabilized by the high-Lipschitz constant of the detection network within the cascade framework.

Remark 1. Image restoration networks exhibit smooth and continuous mappings, while object
detection networks are more non-smooth from the perspective of Lipschitz continuity. This large
disparity in Lipschitz continuity between the two tasks exacerbates the non-smoothness when they are
directly cascaded, leading to instability under variations in degradation intensities.

3.2 Parameter Space Analysis: Training Stability

The disparity in Lipschitz continuity between restoration and detection networks extends beyond
the input space, impacting their training stability. To understand this, we analyze the parameter
space of the networks to capture how gradient updates in uence model stability during optimization.
Our analysis shows that restoration networks, with lower Lipschitz constants, maintain smooth
optimization trajectories, while detection networks, with substantially higher Lipschitz constants,
experience sharp gradient transitions and unstable convergence. This imbalance disrupts gradient
ow, contributing to training instability in cascade-based designs.
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