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Abstract

Diffusion-based image generation models such as Con-
trolNet enable fine-grained control over generated outputs
through structured conditions inputs such as segmentation
maps. However, these methods implicitly assume that in-
puts are clean and accurate, which limits their robustness
in real-world settings where they may be noisy or imperfect.
This work investigates the impact of corrupted segmentation
map inputs on image generation using a pretrained Control-
Net with a frozen Stable Diffusion backbone and evaluates
a simple reliability-aware conditioning strategy to mitigate
performance degradation.

Realistic annotation noise is simulated by applying
boundary perturbations, region dropout, and label flipping
to segmentation maps obtained from the ADE20K dataset.
To estimate input quality, a lightweight reliability metric
based on edge density and structural fragmentation is in-
troduced to adaptively scale the influence of the pretrained
segmentation conditioning branch during inference.

The experiments show that segmentation noise signifi-
cantly degrades generation quality, as measured by CLIP
similarity, particularly in the case of label flipping which
caused a semantic degradation of up to 32% in the base-
line. The reliability-aware approach consistently improves
performance at moderate noise levels, achieving a peak im-
provement of 18.0% in CLIP similarity under 50% label flip
noise. While performance gains diminish at extreme noise
levels, the system consistently shows better performance at
high noise levels with the reliability estimator versus with-
out. Overall, this work demonstrates that even simple, non-
learned reliability estimation can improve the robustness
of conditional diffusion models, demonstrating the impor-
tance of incorporating input quality awareness into gener-
ative pipelines.

The code for this project is available at:
https : / / colab . research . google . com /
drive / 1nLf1uNOCy9Dj — f — 7cRmzeiadtpKE _
OjY?usp=sharing

1. Introduction
1.1. Research Problem

Generative Artificial Intelligence (GenAl) has made strides
in generating media ranging from hyper-realistic images
to detailed text and even molecular design [3]. In par-
ticular, generative imaging has transformed computer vi-
sion through diffusion models, which construct images by
refining random noise via a reverse diffusion process [3].
Building on this, Stable Diffusion is a text-to-image model
that improves efficiency by operating in a latent space
(machine-learned representations of large media datasets)
[7, 9]. For greater control over image generation, Zhang
et al. [10] introduced ControlNet, a neural network archi-
tecture that augments Stable Diffusion with an additional
trainable branch. This branch enables the incorporation of
conditional inputs which are structure-defining inputs like
edge maps, depth maps, and segmentation maps to guide the
structure of the generated image [10]. The model takes both
a text prompt and a conditioning signal which allows the
users to influence not only the content of the generated im-
age but also the structure. While effective, ControlNet relies
on well-curated conditioning inputs, and like many learning
systems, is sensitive to noise in the input [5]. An example of
a conditioning input is segmentation maps, which are used
to represent object structure and spatial layout using distinct
colors and boundaries [4]. Due to variability in human la-
beling and image quality, segmentation maps often contain
noise, including imprecise boundaries, missing regions, and
artifacts [4]. Although prior work has shown segmentation
maps’ effectiveness as conditioning signals, it typically as-
sumes these inputs are reliable and clean [10].

1.2. Motivation

Noisy or ambiguous segmentation maps as inputs to the
ControlNet architecture have been largely underexplored.
This demonstrates a limitation in current conditional gen-
erative pipelines since noisy inputs can lead to outputs that
deviate from user intent. This becomes especially important
as diffusion-based models are increasingly integrated into
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real-world systems such as design tools and medical imag-
ing workflows, where robustness and reliability are essential
[1,7]. By analyzing how ControlNet performance degrades
under noisy conditions, we can identify under which types
of corruption the model begins to fail or produce seman-
tically inconsistent outputs. This allows us to characterize
the robustness boundaries of the model rather than assum-
ing uniform performance across input quality levels.

By studying these failure modes, we can move beyond
qualitative observations and develop a more principled un-
derstanding of sensitivity to input perturbations. In partic-
ular, introducing a reliability estimation mechanism along-
side the generative pipeline enables the model to assess the
trustworthiness of a given segmentation map before condi-
tioning on it. Such an estimator could predict when an input
is likely to produce unstable or misleading generations, al-
lowing downstream systems to down-weight corrupted con-
ditions. This is especially valuable in domains where even
small deviations from intended structure can have signifi-
cant consequences.

The goal of this research is to evaluate the structural
and semantic robustness of the ControlNet architecture un-
der corrupted segmentation inputs. This study will consider
various forms of possible noise in segmentation maps across
different levels of noise and analyze the resulting generated
image. Beyond identifying these failure modes, this work
tests and validates a simple reliability-aware conditioning
framework. The framework is designed to improve the
model’s robustness by scaling the influence of the Control-
Net branch based on a calculated reliability score (). The
research intends to demonstrate that incorporating a self-
skepticism mechanism into conditional diffusion pipelines
can mitigate the negative impacts of imperfect real-world
data without requiring additional model training or fine-
tuning. This ensures a low barrier of entry to implementing
areliability-estimator and maintains within the computation
limitations of this project.

1.3. Related Works

Previous work has similarly demonstrated efforts to extend
the flexibility and capabilities of ControlNet. For instance,
LooseControl improves the quality of generated outputs
by relaxing strict conditioning constraints for generalized
depth maps, allowing for more flexible alignment between
the conditioning signals and structure generated in the im-
ages [2]. Similarly, DC-ControlNet extends the framework
to multi-condition image generation, enabling outputs to
better reflect complex user intent through inter- and intra-
element conditioning [8].

These methods differ from this research because they
do not explicitly address that conditioning signals are of-
ten noisy or incomplete. Existing approaches assume that
conditioning inputs are reliable, or that flexibility in the

conditioning mechanism can handle variation in input qual-
ity, but robustness to corruption is not directly modeled.
This assumption is limiting because increasing flexibility or
adding additional conditioning channels does not inherently
improve robustness to noisy inputs. In fact, it may amplify
failure modes by causing the model to rely more heavily on
flawed conditioning signals, especially when those signals
are still partially structured or visually plausible.

In contrast, this research focuses directly on the robust-
ness of ControlNet under imperfect conditioning. Rather
than introducing additional structural complexity, this re-
search analyzes how noise in segmentation maps affects
generation quality and identifies the regimes under which
ControlNet begins to fail. A lightweight reliability-aware
is introduced to allow the model to adjust its reliance on
conditioning signals based on their estimated quality.

This is especially important for real-world deployment
settings, where perfect annotations cannot be assumed. By
enabling the model to distinguish between reliable and un-
reliable conditioning, this approach improves both gener-
ation stability and alignment with user intent under noisy
conditions without introducing significant computational
overhead.

1.4. Technical Approach Overview

This research investigates how segmentation map corrup-
tion affects conditional image generation in ControlNet, and
whether robustness can be improved without modifying the
underlying diffusion model. A frozen pretrained Control-
Net is built on a Stable Diffusion backbone, ensuring that
all observed effects are attributable solely to changes in the
conditioning input rather than model adaptation. Experi-
ments are conducted on a filtered subset of the ADE20K
dataset focused on a single semantic class to maintain con-
sistency across generations. Samples of the input images
and their corresponding segmentation maps obtained from
ADE20K are shown in Figure 1.

To study robustness, realistic segmentation noise is im-
plemented through three corruption types which are each
applied at multiple levels. For each corrupted segmentation
map, we generate images using a fixed text prompt and con-
trolled sampling setup, enabling direct comparison against
clean ground-truth conditions. We then evaluate how out-
put quality degrades under increasing corruption using both
semantic alignment and structural consistency metrics.

Finally, a simple reliability-aware mechanism is used
to estimate a quality score from observable segmentation
statistics and uses it to tune the strength of ControlNet con-
ditioning at inference time. This allows the model to dy-
namically reduce reliance on low-quality inputs and shift
emphasis toward the text prior when segmentation signals
are unreliable, without requiring any retraining or architec-
tural changes.
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Figure 1. Samples from the ADE20K dataset used in this study.
Images that were collected contain a ”chair” label to ensure seman-
tic consistency across conditioning trials. Each sample contains a
natural image and its corresponding segmentation map, which is
the structural conditioning input for ControlNet. These examples
show the type of scene layouts used in the experiments, where
chairs appear in different configurations. This variability is impor-
tant for evaluating robustness, as it ensures the model is tested on
both simple and cluttered indoor structures.

2. Methods

2.1. Research Objective

This research considers how noise in segmentation maps as
a conditional input to ControlNet influence generated im-
ages. Although these models rely on clean inputs, real-
world segmentation map images are often imperfect due to
subjectivity in human labeling and variation in image qual-
ity [4]. The goal is to explore whether the performance
of ControlNet under imperfect conditions can be improved
without modifying the underlying model. The research fo-
cuses on three main objectives: (i) measuring how different
types and levels of segmentation corruption affect gener-
ated images, (ii) analyzing common mode of failures that
appear under noisy conditions, and (iii) evaluating a sim-
ple reliability-based adjustment framework designed to im-
prove robustness.

2.2. Method Overview

This study uses a pretrained ControlNet model with a frozen
Stable Diffusion backbone [10] with no additional training
or fine-tuning to to ensure the isolation of the effect of the
conditioning inputs only. The experiments are conducted
with a subset of the ADE20K dataset [11, 12], specifi-
cally filtered to images containing the “’chair” class to main-
tain semantic consistency during testing. The study com-
pares the outputs generated from clean/ground-truth inputs
and perturbed inputs, where the perturbed inputs are cor-
rupted versions of the ground-truth segmentation with either
boundary noise, region dropout, or label flipping at vari-
ous noise levels. A lightweight reliability estimator is intro-
duced to address the observed sensitivity to noisy condition-
ing. The estimator computes a reliability score () from ob-
servable segmentation characteristics, including edge den-
sity and fragmentation,

2.3. Segmentation Corruption Process

To simulate realistic imperfections, corruption functions are
applied to clean segmentation maps Sgjean, producing noisy
versions S. The corruptions reflect three common failure
cases:

* Boundary perturbation: Introduces spatial noise along
object edges to simulate imperfect manual labeling.

* Region dropout: Replaces individual pixels with ran-
dom semantic values across the image, with a probabil-
ity determined by the noise level. This simulates high-
frequency noise in the segmentation map.

* Label flipping: Replaces semantic labels with incorrect
classes with a probability determined by the noise level.
This allows us to simulate semantic noise in our inputted
image.

Each corruption type is evaluated across four intensity
levels: 0%, 25%, 50%, and 75%. These levels serve two
purposes: first, to observe the degradation of the model’s
output under noisy conditions, and second, to stress-test the
reliability estimator. This allows us to verify if the proposed
(@-metric can dynamically recognize when to attenuate the
conditioning signal in favor of the prompt.

2.4. Generation Pipeline

For each segmentation map, we use a fixed text prompt and
generate images through the ControlNet-conditioned diffu-
sion process. To ensure that differences in output are at-
tributable to segmentation quality only, all external param-
eters (including random seeds, text prompts, and sampling
steps) are held constant across all conditions.

2.5. Reliability-Aware Conditioning

To mitigate the effect of noisy inputs, we introduce a reli-
ability score @ € [0,1]. This score is computed from ob-
servable corruption statistics: edge density (proportion of



boundary pixels) and fragmentation (number of connected
components). During inference, ) is used to adaptively
scale the ControlNet conditioning strength. The intuition
is that lower-quality segmentation maps should exert less
influence on the final generation, allowing the model to rely
more heavily on the text prompt priors. The full pipeline is
shown in Figure 2.

2.6. Performance Metrics

To evaluate performance, we employ both semantic and
structural criteria.

CLIP Similarity. Contrastive Language-Image Pre-
training (CLIP) [6] is used to measure semantic alignment
between the generated image and the text prompt. CLIP uti-
lizes a dual-encoder architecture to project both images and
text into a shared embedding space. Higher scores indicate
that the generated image better adheres to the text prompt
despite corrupted conditioning.

Structural Consistency. To evaluate structural fidelity,
we define a Boundary Alignment Score (BAS). This metric
uses edge detection operators (the Sobel filter for segmen-
tation maps and the Canny operator for generated images)
to extract binary edge masks (images where pixels are as-
signed a 0 or 1 depending on whether a pixel is part of an
edge or the background). These masks are compared via an
Intersection-over-Union (IoU) calculation:

_ |Eseg N E1',mg|

BAS =
|Eseq U Eimg|

where F., and Ej,,, represent the spatial boundaries of
the input and output, respectively. This quantitative mea-
sure captures the degree to which the model sticks to the
structure of the conditioning inputs.

2.7. Experimental Design

The study utilizes two experimental conditions to isolate the

benefit of the reliability estimator:

 Baseline: Generation using corrupted segmentation maps
with noise levels ranging from 0.0 to 0.75.

* Reliability-Adjusted: Generation using corrupted maps
where the conditioning strength is modulated by the pre-
dicted @ score.

Comparing the Baseline to the Reliability-Adjusted condi-

tion allows us to compare the quality of the image with

adaptive weighting versus without.

3. Results
3.1. Experimental Setup

The robustness of ControlNet under segmentation noise is
evaluated using a subset of ADE20K. To ensure results are
not biased by specific image geometries, n = 20 sam-
ples are evaluated for each noise condition. The mean

CLIP score and mean structural alignment are collected
across these samples to provide a stable measure of model
performance at each noise level. These samples are fil-
tered and are only selected if the label “chair” is contained
within their segmentation map to ensure semantic consis-
tency across the selected samples. The text prompt allows
for both structural alignment to the segmentation map and
alignment to additional elements in the prompt by instruct-
ing the generated image to contain chairs in addition to
other objects and styles:

Experimental Text Prompt (7°):
”cozy indoor room with chairs, table, and soft ambient
lighting”

We subject the model to three distinct failure modes:
boundary noise, region dropout, and label flipping, across
four intensity levels {0.0,0.25,0.5,0.75} as described in
the Methods section. All images are generated with a fixed
random seed and text prompt to isolate the effect of input
corruption.

3.2. Results Overview
3.2.1. Quantitative Results

Analysis of Table | reveals that ControlNet’s sensitivity is
dependent on the noise type. Boundary Noise had a neg-
ligible impact on semantic scores, suggesting that the dif-
fusion backbone inherently smooths edge-level imprecision
and is therefore surprisingly robust to low-resolution masks.
In contrast, Region Dropout and Label Flipping caused
substantial semantic degradation, reducing CLIP similarity
scores by up to 32% in the baseline configuration. These
show that while the model can tolerate inaccurate bound-
aries, it struggles to recover from corrupted labels or miss-
ing regions, which demonstrate that the model is highly af-
fected by noise that impacts the semantic understanding of
objects in the segmentation map.

The effectiveness of the reliability estimator is demon-
strated in Table 2. The largest improvement occurs under
50% Label Flip noise, where the reliability-aware adjust-
ment improves CLIP similarity by 18.0%. This suggests
that the model is no longer over-adhering to corrupted con-
ditioning inputs. By incorporating the reliability estimator
@, the framework dynamically increases the influence of
the text prompt while reducing dependence on unreliable
segmentation information during image generation.

3.2.2. Qualitative Results

These quantitative trends are further supported qualitatively
in Figure 3, which shows the generated outputs for Sam-
ple 3 from Figure 1. The reliability-aware method (bot-
tom row) avoids many of the structural hallucinations visi-
ble in the baseline outputs. As noise severity increases, the



Text Prompt
T

J  Q-Estimator conditioning scale \(

Structure Guidance Injection

Segmentation Map
S

1T Qe

ControlNet
’L (conditioning branch)

b

\( Stable Diffusion Generated Image
'k (frozen U-Net) I

Frozen Diffusion Backbone

Figure 2. Overview of the proposed reliability-aware ControlNet pipeline. Standard ControlNet architectures assume that conditioning
inputs, such as segmentation maps, are accurate and structurally consistent but these inputs are often noisy in real-world settings, leading
to deviations from user intent. To address this limitation, a text prompt and segmentation map are provided to a frozen Stable Diffusion
backbone through a ControlNet conditioning branch, while a lightweight reliability estimator predicts a quality score (QQ) from observable
properties of the segmentation map. This score is used to modulate the conditioning strength during inference, allowing the model to
reduce reliance on unreliable segmentation inputs and place greater emphasis on the learned text prior. The proposed framework improves
robustness to corrupted conditioning signals without requiring retraining of the underlying diffusion model.

baseline generations become increasingly incoherent, and
the reliability-adjusted outputs remain visually cleaner and
more semantically aligned with the prompt. At extreme
noise levels (0.75), the segmentation entropy becomes too
high for the @-metric to fully recover realistic room struc-
ture. However, even in the Label Flip + Reliability case, the
generated image still maintains prompt-consistent elements
such as a chair and ambient lighting, demonstrating that the
reliability-aware framework successfully shifts condition-
ing emphasis toward textual guidance when segmentation
inputs become unreliable.

Further analysis of these results are explored in the next
section.

3.3. Controlled Comparison Analysis

The ControlNet conditioning signal is considered across
varying noise regimes to analyze the degradation in gen-
erated image quality with imperfect conditions.

3.3.1. Observation 1: Geometric vs. Semantic Noise

The model shows resilience to boundary noise. The impli-
cation here is that ControlNet operates as a high-pass filter
in its early layers. It extracts the general gist of the struc-
ture while the diffusion backbone’s internal priors denoise
the boundary noise. Semantic corruptions (Dropout/Flip-
ping) lead to a performance collapse. This indicates that a
primary threat to conditional diffusion reliability is not vi-
sual noise, but semantic misinformation implied through the
conditioning inputs.

3.3.2. Observation 2: The Reliability Tipping Point

The reliability-aware method provides maximum utility at
moderate noise levels (0.25-0.50). This reveals a ”Confi-
dence Threshold” in generative models. At 50% noise, the
input is still recognizable but distracting. By reducing @,
we prevent the model from wasting sampling effort on cor-
rupted regions. This means reliability-aware systems are
most useful in real-world scenarios where data is imperfect
but not yet completely noisy.

3.3.3. Observation 3: Structural Alignment Paradox

In Table 1, Structural Alignment scores increase as noise
increases for the baseline. This is an interesting finding be-
cause it implies that a higher alignment score in a noisy
environment indicates a failure of the system. It proves
the baseline is overfitting to the noise, turning random pix-
els into random objects. The reliability-estimator method
intentionally lowers this alignment to prioritize a coherent
image, proving that adhering to a corrupted map reduces
image quality.

3.4. Failure Cases

A key limitation is observed at 0% noise (clean data), where
a slight performance dip occurs. This shows that the es-
timator occasionally misidentifies geometry (such as thin
chair legs, textured surfaces, or overlapping indoor objects)
as corruption. Since the reliability estimator is designed
to suppress uncertain conditioning regions, highly detailed
but correct segmentation structures may incorrectly receive
lower confidence values. As a result, the framework slightly
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Figure 3. Qualitative comparison of generation results using Sample 3 from Figure 1. The top row (samples a, b, c) demonstrate the
baseline images (conditioned only on the noisy segmentation maps). The bottom row (samples d, e, f) demonstrate the reliability-adjusted
images (conditioned on noisy segmentation maps and the reliability estimator Q value). Each sample, contains 4 square images that show
the generated images across noise levels 0.0, 0.25, 0.50, 0.75 from the top left square to bottom right square. With greater noise, the
image degrades since the structure of the condition loses its clarity. The reliability-aware model produces more coherent images by relying
less on the conditional input and more on the prompt. Boundary Noise primarily introduces mild mask noise (which does not largely
impact the model’s understanding of the segmentation map), Region Dropout removes object regions, and Label Flip introduces semantic
contradictions that cause object misplacement. The reliability-aware model dynamically down-weights unreliable conditioning signals,
resulting in more stable object presence under Dropout and Label Flip, although at extreme noise levels (0.75), both models degrade due to
the random nature of the conditioning input. The figure illustrates how adaptive reliability modulation improves robustness by preventing
the model from strictly following corrupted segmentation structure.

reduces the influence of useful conditioning information
even when the segmentation map is fully accurate.

Another failure mode occurs at extreme corruption levels
(0.75 noise), where the segmentation map becomes nearly
stochastic. Although the reliability-aware method still im-
proves semantic consistency relative to the baseline, the es-
timator cannot recover structural information that no longer
exists in the conditioning input. Under these conditions,
the model defaults toward the text prior, causing generated
layouts to become more generic. This demonstrates that
reliability-aware conditioning can mitigate corrupted guid-
ance, but it cannot reconstruct meaningful structure from

fully destroyed semantic inputs.

4. Discussion

The results demonstrate that even a simple, non-learned re-
liability estimator can improve robustness in conditional
diffusion models. By adjusting conditioning strength via
the @-metric, the model reduces over-reliance on corrupted
segmentation inputs and instead rebalances generation to-
ward the text prior. This behavior is most evident under
Region Dropout and Label Flip noise, where semantic in-
consistencies in the conditioning map would otherwise mis-



Noise Type Level Avg CLIP (Semantic) Avg Alignment (Structural)

0.00 25.50 0.108
Boundary 023 25.01 0.108
Y 050 25.19 0.107
0.75 25.13 0.110

0.00 25.54 0.107

Drosout 0.25 20.41 0.277
pou 0.50 19.36 0.296
0.75 17.30 0.286

0.00 25.08 0.107
025 2175 0.276
Label Flip ) 5 18.60 0.297
0.75 17.67 0.308

Table 1. Model Robustness across noise types and noise levels. Semantic consistency is measured using CLIP similarity between the
generated image and the text prompt, while Structural Alignment measures adherence to the segmentation condition. Boundary Noise
causes little change in semantic performance across all noise levels, suggesting that the diffusion backbone naturally smooths small geo-
metric perturbations. In contrast, Region Dropout and Label Flipping significantly reduce CLIP similarity as noise increases, demonstrating
that ControlNet is more sensitive to semantic corruption. Structural Alignment scores increase under severe Dropout and Label Flip noise,
indicating that the baseline model increasingly overfits to corrupted conditioning maps rather than generating semantically coherent im-
ages. These results show that semantic corruption in conditioning inputs is a major failure mode for conditional diffusion models.

Noise Type Level Baseline CLIP Rel.-Aware CLIP Improvement (%)
0.00 25.50 25.60 +0.4%
Bound 0.25 25.01 26.03 +4.1%
oundary 0.50 25.19 25.73 +2.1%
0.75 25.13 25.43 +1.2%
0.00 25.54 25.02 2.0%
Resion Drovout 023 20.41 22.80 +11.7%
egton Lropout ——, 5 19.36 20.51 +5.9%
0.75 17.30 18.59 +7.4%
0.00 25.08 25.01 -0.3%
. 0.25 21.75 23.31 +7.1%
Label Flip 0.50 18.60 21.94 +18.0%
0.75 17.67 18.10 +2.4%

Table 2. Impact of Reliability-Aware Conditioning on semantic alignment under varying segmentation noise conditions. The
reliability-aware framework adjusts conditioning strength using the estimator ). Improvements are minimal under Boundary Noise because
the baseline model is already robust to mask corruption. Significant gains occur under Region Dropout and Label Flip noise, where semantic
inconsistencies degrade baseline performance. The largest improvement occurs at 50% Label Flip noise, where CLIP similarity increases
by 18.0%, showing that the framework successfully prevents over-adherence to contradictory labels. Gains diminish at 75% noise because
the segmentation map contains little recoverable structure. Slight decreases at 0% noise suggest the estimator occasionally suppresses valid
geometric detail by interpreting complex structures as unreliable. Adaptive conditioning is most effective in moderate-noise regimes where
the input is degraded but still partially informative.

guide the model. down-weight unreliable inputs rather than blindly follow-

The implication is that current conditional diffusion ing them. This shift is important in cases like Label Flip
models behave as overly compliant systems. They strongly noise, where the structural layout remains coherent but se-
trust the conditioning signal even when it is semantically in- mantically inverted, a failure mode that standard ControlNet
correct. The introduction of a reliability-aware mechanism consistently overfits to.

adds a form of controlled skepticism, allowing the model to This work highlights a limitation of existing ControlNet-



based systems: they lack an internal mechanism for assess-
ing the validity of their conditioning inputs. Without some
reliability-estimator, they cannot distinguish between infor-
mative structure and misleading or corrupted supervision.
Introducing reliability-aware conditioning is a step toward
making diffusion models more adaptive and self-correcting,
which is key for transitioning from controlled experimental
settings to real-world applications such as interactive de-
sign tools, autonomous scene editing, and AR-based con-
tent generation, where imperfect or noisy inputs are the
norm rather than the exception.

4.1. Ethical and Societal Considerations

Diffusion-based generative models have a wide range of ap-
plications across design, art, and data synthesis, but they
also raise important concerns with misuse and bias. While
the reliability-aware conditioning mechanism improves the
robustness of generated outputs, it may also be misap-
plied in contexts involving unanticipated or sensitive data
sources, including non-consensual surveillance imagery. In
addition, the heuristic nature of the ()-metric introduces po-
tential bias, as complex or culturally specific structures may
be interpreted as noise, leading to unintended suppression
of structural diversity in the outputs.

Mitigation strategies such as digital watermarking in
downstream applications may help improve traceability. At
a broader level, this method is intended to support hu-
man—Al collaboration in creative domains by improving ro-
bustness to imperfect inputs, rather than to operate in sen-
sitive settings without careful bias evaluation and informed
consent. Extensive validation is necessary before the model
is deployed in contexts where fairness and cultural repre-
sentation may be affected.

4.2. Conclusion

In this work, the robustness of ControlNet-based diffusion
models under noisy segmentation conditioning is explored.
The experiments show that segmentation corruption signif-
icantly degrades generation quality, which demonstrates a
key limitation of current conditional diffusion frameworks.

To address this limitation, a simple reliability-aware
conditioning strategy is proposed to estimate segmenta-
tion quality using edge density and structural fragmenta-
tion, adapting conditioning strength accordingly during in-
ference. The results demonstrate that this approach im-
proves robustness at moderate noise levels by reducing
over-reliance on corrupted inputs.

From a zoomed out perspective, this work emphasizes
the importance of incorporating input quality awareness
into conditional generation pipelines. While improvements
are modest and performance remains limited under extreme
noise, the proposed method provides a practical step to-
ward more robust generative systems. Future work could

explore learned reliability estimators, integration of uncer-
tainty into diffusion training, and more advanced mecha-
nisms for handling severely degraded inputs. Overall, this
research moves us closer to deploying more diffusion-based
models in real-world applications, such as medical imaging
and professional design workflows, ultimately enabling im-
pactful and reliable uses of this technology.

4.3. Use of GenAl

I used ChatGPT to help with brainstorming a reasonable
structure of the paper. I also used it to help with some code
generation/debugging.
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