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Abstract

Semantic segmentation requires extensive pixel-level annotation, motivating unsupervised domain adaptation
(UDA) to transfer knowledge from labelled source domains to unlabelled or weakly labelled target domains. How-
ever, learning a well-generalised representation that captures both domains remains very challenging, owing to
probabilistic and geometric discrepancies between the virtual world and real-world imagery. This work intro-
duces a semantic segmentation method based on latent diffusion models, termed Inter-Coder Connected Latent
Diffusion (ICCLD), alongside an unsupervised domain adaptation approach. The model employs an inter-coder
connection to enhance contextual understanding and preserve fine details, while adversarial learning aligns la-
tent feature distributions across domains during the latent diffusion process. Experiments on GTAS5, Synthia, and
Cityscapes demonstrate that ICCLD outperforms state-of-the-art UDA methods, achieving mloU scores of /4.4
(GTA5—Cityscapes) and 67.2 (Synthia—Cityscapes).

Introduction

Semantic segmentation, which involves assigning a semantic label to each pixel in an image, is crucial for applications
such as autonomous driving. Despite significant advances in deep learning on standard benchmarks, many state-of-
the-art (SOTA) models still struggle in real-world environments due to domain variations such as differences in lighting,
geographic location, and weather conditions. Although increasing the diversity of training data through manual an-
notation can improve performance, the high cost, for example, approximately 20 minutes per image in Cityscapes [1],
renders this approach impractical. Synthetic datasets such as Synthia [7] and GTAS [6] offer a promising alternative.
As these datasets are generated within controlled virtual environments, such as video games, pixel-level annotations
can be automatically generated. However, the substantial visual disparity between simulated and real domains can
significantly degrade the performance of models trained solely on synthetic data.

To address this issue, we propose a novel semantic segmentation framework integrating a diffusion model with
adversarial learning. Specifically, we present Inter-Coder Connected Latent Diffusion (ICCLD), which incorporates
long skip connections to bridge information between each encoder and decoder pair, effectively combining low- and
high-level features with the latent representation produced by the diffusion process. Additionally, in the context of
UDA, ICCLD employs a student and teacher learning framework, whereby the model iteratively refines its predictions
on the target domain. Adversarial learning is integrated during the denoising phase, where a denoising UNet is trained
to align feature distributions between the source and target domains by confusing a domain discriminator.

Summary of the key contributions

" Latent diffusion-based semantic segmentation model (ICCLD): We introduce ICCLD, which leverages long
skip connections between encoder and decoder modules, combined with a conditioning mechanism, to enable
the learning of more accurate semantic representations.

" Improved domain adaptation via adversarial learning: Our framework incorporates adversarial learning into
the denoising process of the latent diffusion model, aligning latent feature distributions between the source
and target domains.

" Comprehensive empirical validation: Extensive ablation studies and comparisons with existing methods
demonstrate that ICCLD achieves superior performance on unsupervised domain adaptation benchmarks,
with mloU scores of 74.4 (GTA5—Cityscapes) and 67.2 (Synthia—Cityscapes).
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Figure 1. lllustration of the workflow for the two-step domain adaptation process using the proposed Inter-Coder
Connected Latent Diffusion (ICCLD) framework.
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Figure 1 illustrates our proposed approach for unsupervised domain adaptation using the Inter-Coder Connected
Latent Diffusion (ICCLD) framework. The training process is conducted in two stages: (1) domain adaptation via
segmentation, and (2) latent distribution alignment using a latent diffusion model. In the first stage, domain adaptation
via segmentation is applied to derive a domain-adapted encoder £ and decoder D. These components are trained to
minimise pixel-wise classification error using a segmentation-based approach. To facilitate this, we generate synthetic
images and corresponding labels by combining annotated source domain data with unlabelled target domain data.
In the second stage, latent distribution alignment is performed by training the denoising network eg. The network is
primarily optimised using the noise prediction loss defined by DDPM. To further reduce the domain discrepancy in
the latent space, we introduce an additional loss term based on adversarial learning. The student model is updated
via the Exponential Moving Average (EMA) of the teacher model’'s parameters.
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Figure 2. Qualitative comparison on the UDA performance using the proposed ICCLD with HRDA [3], DAFormer
[2], and BAPA [4]. HRDA and DAFormer achieve the 2" and 3" ranked performances on mloU (See Table 1).
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GTAS5 — Cityscapes

Step 1-Domain adaptation on £ and D: After set a student model and a teacher model. Our framework takes as
input a source image x* and a target image 2!, sampled from a source dataset and a target dataset, respectively.
A mixed image z** is then generated using the ClassMix method [5], where source pixels from randomly selected
classes are overlaid on the target image with pixel-level augmentations. This mixing process is equivalently applied
to the corresponding labels. Since the target domain lacks annotations during training, pseudo labels y** for 25t are
generated by combining predicted labels ¢* obtained from the student model and prepared target label 4. The loss
function using z*, z°%, y*, and y**! is formulated based on the cross-entropy function, which is defined as follows:

Loy ", y") = — [y log(y)] , (1)

where ¢* can be defined by predicted segmentation results y* and ¢**, and y* can be defined by image labels y* and
y**t. Figure 1(a) provides a graphical explanation of the first step of DA for £ and D.

Step 2-Adversarial domain adaptation on ¢j: The second phase is applied to improve domain adaptation performance
by explicitly aligning latent feature distributions when we train the de-noising Unet €.

Since semantic segmentation is not just generating arbitrary segmentation masks. ICCLD should generate a suitable
segmentation mask corresponding with the given image so that conditioning using the latent features is essential.
As shown in Figure 1(b), the clear latent feature z,, extracted by &, is applied as a conditional factor during diffusion.
The loss function for the ¢-step diffusion and de-noising processes is formulated as follows:

Liam(t, 2%, 25, €) = ||e — (V2" + V1 — aye, t]2) ? (2)

Y
where z* can be defined by the latent features for the source image z*, mixed image 2°*!, and target image 2'. 2
indicates clear latent features that have no noise, and are extracted from source image z§, target image z5*', and
mixed image z5™". The scheduled variance defines a.

An adversarial loss is applied during every diffusion and denoising process to align the latent features from the source,
mixed, and target domains. Adversarial learning is formulated to distinguish the predicted noise for each domain.
We formulate the adversarial learning loss using KL-divergence. The adversarial loss is formulated as follows:

Loan(2,1) = E [0" log (fussleo(v/arz" + VI — aue,1)))] + E [DKL ( Fais(ea(v/ar2" + /T — ave, t))|U(%))] (3

where f;, defines a neural network that plays the role of a discriminator, and it outputs the results of the softmax
function. z* can be defined by the latent features for the source image 2%, mixed image 2%, and target image z!. ox
defines pseudo-one-hot encoded vectors for indicating the domain of latent features used for predicting noise.
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AdaptSeg | 3/.2 1792 3/2 /88 - - - 9.9 10.5 782 - 80.5 535 196 670 - 295 - 21.6 313
CBST 42.6 1680 299 763 108 14 339 228 295 /7.6 - /83 60.6 283 81.6 - 285 - 18.8 39.8
DACS 48.3 180.6 251 819 215 29 372 227 240 83.7 - 208 675 383 829 - 3389 - 285 47.6
CorDA 5501933 616 853 19.6 51 3/.8 36.6 428 849 - 9204 69.7 418 856 - 334 - 32.6 53.9
BAPA 53.3191.7 53.8 839 224 08 349 305 428 86.8 - 38.2 660 341 866 - 513 - 294 50.5
ProDA 55.518/.8 45/ 846 371 06 440 546 3/0 881 - 3844 /42 243 8382 - 511 - 40.5 45.6

DAFormer | 60.9 |84.5 40./7 884 415 65 500 550 546 860 - 39.8 /3.2 482 8/2 - 532 - 53.9 61.7
HRDA 65.8 1852 4/./ 8838 495 48 5/2 65/ 60.9 853 - 929 /94 528 890 - 647 - 63.9 64.9

Our method | 67.2 | 91.3 485 89.9 495 85 586 674 602 862 - 934 798 542 889 - 66.7 - 65.5 65.7

Table 1. Comparison with existing DA methods for UDA. The bolded figures represent the best performances.

Our method outperforms current SOTA techniques by a margin of +0.6 mloU on the GTA5—Cityscapes benchmark
and +1.4 mloU on the Synthia—Cityscapes benchmark. Class-wise improvements are observed in 11 out of 19
classes for GTAS—Cityscapes—particularly in challenging categories such as Wall, Rider, and Fence—and in 12 out
of 16 classes for Synthia—Cityscapes, as further quantified in Table 1.

Conclusion

In this paper, we introduce the Conditional and Inter-coder Connected Latent Diffusion (CICLD) model and adversarial
learning for unsupervised domain-adaptive semantic segmentation. CICLD is a variation of latent diffusion models,
and it has inter-coder connections which bridge information obtained by an encoder to a decoder. In training UNet
for the latent diffusion, we apply adversarial learning to reduce domain gaps by aligning the probabilistic character of
the predicted noise distribution. Experimental results on GTA5—Cityscapes and Synthia—Cityscapes benchmarks
show that CICLD achieves mloU scores of /4.4 and 6/.2, respectively, outperforming current SOTA methods.
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