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Abstract

This paper presents a probabilistic approach to binary image segmentation that models foreground
background occlusion with pixel-wise Gaussian emissions and mask-conditioned independence, comparing
iterated conditional modes, exact expectation maximization, Gibbs-sampled EM, and variational mean-
field EM for learning and inference under a free-energy objective grounded in KL minimization. The
dataset is synthesized by compositing masked foreground exemplars over background textures and injecting
Gaussian sensor noise, enabling controlled evaluation of convergence behavior and parameter recovery
for class priors, per-pixel mask probabilities, and emission statistics. An engineering-focused pipeline is
outlined for operationalizing the segmentation workflow with Azure services and DevOps: infrastructure-
as-code for GPU compute and storage provisioning, CI/CD for training artifacts, reproducible runs
and model registry integration, and experiment tracking for algorithm variants; this demonstrates how
classical probabilistic graphical models can be productionized alongside modern MLOps while preserving
explainability and modular update rules. Results highlight trade-offs between hard assignments and
uncertainty-aware posteriors, noting local optima sensitivity in ICM and improved robustness from
stochastic sampling and variational factorization, and motivate deployment patterns that separate data
synthesis, inference kernels, and monitoring to support maintainable computer engineering systems.
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1. Introduction

Probabilistic graphical models have emerged as fundamental tools in modern machine learning systems,
providing both intuitive visualization of variable interactions and efficient computational frameworks for
complex probabilistic reasoning [1]. Recent surveys on uncertainty quantification in graphical models
have further consolidated these concepts for robust, real-world application [2]. These models excel at
representing structured dependencies in data while maintaining mathematical tractability, making them
particularly valuable for computer vision applications where spatial relationships between pixels carry
crucial semantic information [3]. The occlusion-based segmentation problem addressed in this work
represents a classic challenge in computer engineering systems, where the goal is to decompose composite
images into constituent foreground and background layers using known object libraries [4].

The segmentation framework developed in this research builds upon established probabilistic inference
methodologies while introducing engineering innovations in deployment architecture [5]. Traditional
approaches to image segmentation have evolved from simple thresholding techniques to sophisticated deep
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learning models, but probabilistic graphical models maintain distinct advantages in interpretability, data
efficiency, and theoretical grounding [6]. This is especially evident in recent work which demonstrates
that probabilistic models can provide a principled statistical interpretation for techniques like pseudo-
labelling in semi-supervised segmentation [7]. Our work bridges this theoretical foundation with practical
engineering considerations through systematic comparison of four inference algorithms under controlled
experimental conditions.

Expectation-Maximization (EM) algorithms and their variants constitute the core methodological
framework investigated in this study [8]. The fundamental insight driving EM approaches is the iterative
refinement of model parameters through alternating estimation of hidden variable distributions and
maximization of expected complete-data likelihood [9]. Recent deep learning architectures have unfolded
EM iterations into differentiable network blocks, enabling end-to-end unsupervised segmentation [10].
This paper extends this classical paradigm by examining how different approximations in the E-step affect
segmentation performance, convergence properties, and computational requirements in a production
engineering environment.

The engineering contribution of this work lies in the integration of probabilistic segmentation
models with modern MLOps practices using Azure cloud services [11]. While theoretical analyses
of inference algorithms abound in literature, practical guidance on operationalizing these methods in
maintainable, scalable computer engineering systems remains scarce [12]. Our pipeline demonstrates how
classical algorithms can be containerized, monitored, and deployed alongside contemporary deep learning
approaches while preserving the explainability and statistical guarantees of probabilistic methods.

The remainder of this paper is organized as follows: Section 2 surveys related research in probabilistic
segmentation and MLOps frameworks. Section 3 details our occlusion model and inference algorithms.
Section 4 presents our Azure-based engineering pipeline. Section 5 describes experimental methodology,
followed by results in Section 6 and conclusions in Section 7.

Image segmentation represents one of the most extensively studied problems in computer vision, with
approaches spanning thresholding methods, region-growing algorithms, clustering techniques, and deep
neural networks [13]. Probabilistic methods occupy a unique position in this landscape by providing
principled uncertainty quantification and explicit modeling of data generation processes [14]. The
occlusion model employed in our work follows the tradition of generative approaches that explicitly
represent the physical process of image formation [15].

Iterated Conditional Modes (ICM), introduced by Besag [15], represents an early deterministic approach
to spatial inference that iteratively optimizes local conditional distributions. While computationally
efficient, ICM’s susceptibility to local optima has motivated the development of stochastic alternatives
like simulated annealing [16] and sampling-based methods. Our comparative analysis includes ICM as a
baseline to quantify the performance improvements afforded by more sophisticated inference techniques.
Recent work continues to use ICM as a baseline, most notably in the context of comparing its performance
against global optimization methods like simulated annealing for binary image denoising [17].

Expectation-Maximization algorithms for image segmentation have evolved through several generations
of approximation methods. The exact EM algorithm provides theoretical guarantees but often proves
computationally intractable, motivating hybrid approaches that combine EM with swarm intelligence
to escape local optima in multi-level thresholding tasks [18]. This limitation has spurred research into
approximate inference methods, including variational EM, sampling-based EM, and structured variational
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approaches. For example, Monte-Carlo EM has been applied to weakly-supervised semantic segmentation
[19], while a principled framework based on Bayes’ theorem has been used to generalize pseudo-labels in
the context of semi-supervised learning [7]. Our work systematically compares these approximations
within a unified segmentation framework.

Variational inference methods have gained prominence for balancing computational efficiency with
approximation accuracy. Mean-field variational EM, which assumes complete factorization of hidden
variables, has been particularly influential in computer vision applications. Recent surveys provide a
comprehensive review of variational methods for image segmentation, emphasizing their integration with
deep learning frameworks [20]. Our implementation includes mean-field variational EM as representative
of this important class of approximation methods.

MLOps practices have transformed how machine learning systems are developed and deployed
in production environments. Systematic literature reviews now provide a consolidated view of the
state-of-the-art in MLOps, identifying key practices, challenges, and open issues across the entire ML
lifecycle [11]. The integration of probabilistic models with MLOps frameworks represents an emerging
research direction that bridges statistical methodology with software engineering principles. Azure
Machine Learning provides comprehensive tools for model management, deployment, and monitoring,
but limited research exists on applying these tools to probabilistic graphical models [1]. Recent reviews
emphasize that while MLOps frameworks are maturing for model deployment, challenges remain in
integrating them with broader project and business goals [5].

Convergence diagnostics for probabilistic inference have received considerable attention in recent
literature. Rank-aware and tail-sensitive diagnostics for multi-chain inference provide robust tools for
assessing when Markov chain Monte Carlo methods have adequately explored the posterior distribution [1].
These diagnostics are particularly relevant for our Gibbs sampling EM implementation, where ensuring
chain convergence is essential for reliable parameter estimates. Similarly, probabilistic graph-based
segmentation approaches for 3D image processing have demonstrated the utility of Monte Carlo methods
in high-dimensional settings [3].

Algorithmic frameworks for distributed computational systems have informed our approach to scaling
inference algorithms across cloud infrastructure. Multi-agent resource optimization strategies provide
principles for allocating computational resources efficiently across competing inference tasks [4]. These
principles guide our infrastructure-as-code templates for parameterizing instance types based on algorithm
selection. End-to-end data pipelines that transform raw sensor signals into calibrated observables offer
templates for our synthetic data generation and preprocessing workflows [5].

The synthesis of probabilistic segmentation with cloud-native MLOps constitutes the primary
engineering contribution of our work. By implementing our inference algorithms within an Azure-based
pipeline, we demonstrate how classical computer vision approaches can meet modern requirements
for scalability, reproducibility, and maintainability [12]. This integration addresses the growing need
for production systems that combine the interpretability of probabilistic methods with the operational
efficiency of cloud computing platforms. Recent work on end-to-end data-mining pipelines with fine-tuned
language models for reliable text classification demonstrates the broader trend toward integrating classical
statistical methods with modern machine learning infrastructure [6]. Fast location inference from
crisis microblogs exemplifies how probabilistic methods can be deployed in time-sensitive applications
requiring both accuracy and interpretability [9]. Modular pipelines for robust learning on skewed
data provide additional guidance for handling class imbalance in segmentation tasks [8]. Hybrid deep
learning architectures with retrieval-augmented explanation generation demonstrate how interpretability
can be maintained in production systems [2]. Methodical approaches for analyzing process variables
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and optimizing boundary conditions inform our hyperparameter tuning strategies [13]. Generalized
signature methods for multivariate time series provide data-driven frameworks for feature extraction that

complement our probabilistic modeling approach [14].

3.1 Occlusion Model Formulation

Our segmentation approach employs a generative occlusion model that explicitly represents the process
by which foreground objects obscure background regions [16]. Let each image be composed of K pixels
with intensities z1, . . ., zx. The model incorporates three types of hidden variables: foreground class f,
background class b, and binary mask variables m; indicating whether pixel i belongs to the foreground
(m; = 1) or background (m; = 0).

We assume that f and b are categorical variables taking values in a finite set of classes {1,...,Cr}
and {1, ..., Cp}, respectively. In our experiments, both foreground and background class sets contain the
same number of classes, and a foreground class may in principle take the same index as a background
class, but they are distinct random variables with separate priors. In our experiments, we set Cy = Cp, =5,
matching the five foreground object categories and five background categories used in the synthetic
dataset. The class priors are normalized such that chci 7y = 1 and Zgjl np = 1. For each pixel i
and foreground class f, the mask probability a; is a learned parameter shared across all images in the
dataset, rather than being estimated independently for each image. Similarly, the Gaussian emission
parameters uy; and @g; are class-specific and pixel-specific, but are shared across the 10,000 training
images. This parameter-sharing scheme is what enables the model to generalize across images while
retaining pixel-level spatial specificity [15].

The joint probability distribution factorizes according to the following generative process:

K
P(z,m, f,b) = P(b)P(f) 1—[ [P(mil £)P(zil £)™ P(zilb)' ™ ] )
i=1

This factorization reflects the conditional independence structure of our model: mask variables
depend only on the foreground class, while pixel intensities depend exclusively on either foreground or
background class based on the mask assignment. The term “mask-conditioned independence” refers
to the conditional independence structure encoded in Equation (1): given the mask variables m;, the
pixel intensities z; are conditionally independent of each other and depend only on their assigned class
(foreground or background). This property simplifies inference by decoupling the likelihood across pixels
once the mask is known [17].

The model parameters include class priors 7., per-pixel mask probabilities a ;, and Gaussian emission

parameters ug;, ¢x; for each class k and pixel i.

3.2 Free Energy Minimization Framework

The learning objective for all inference algorithms in our comparison is minimization of the variational
free energy, which provides a unified framework for approximate inference [20]. Given observed pixel
intensities v = z and hidden variables & = (f, b, m), the free energy is defined as:

Q(h)
P(h,v)

F(Q.P) = /h 0(h)In dh @)
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Figure 1: Probabilistic graphical model for occlusion-based segmentation. Shaded nodes represent
observed variables, while unshaded nodes represent hidden variables. The plate indicates replication
across K pixels.

This quantity equals the KL divergence between the approximate posterior Q (/) and true posterior
P(h|v), minus the constant log-evidence In P(v) [18]. Minimizing F(Q, P) with respect to Q yields the
best approximation to the true posterior within the constraints of the chosen Q-distribution family.

The different inference algorithms we compare correspond to different constraints on the form of

Q(h):

ICM: Q(h) is a product of delta functions (hard assignments)

Exact EM: Q(h) has no factorization constraints

Gibbs EM: Q(h) is approximated via sampling

* Variational EM: Q(h) fully factorizes across hidden variables
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3.3 Inference Algorithms
3.3.1 Iterated Conditional Modes (ICM)

ICM uses alternating maximization of hidden variables and parameters. The Q-distribution is a product
of delta functions:

K
f argm;lx nfl_[aj’f‘i"(l - a/fi)l_m"N";" (3)
i=1

leiNf,', m; = 1
m; «— arg max 4)
M\ (1=api)Npi, m; =0

where N¢i = N(zis i fi, 0 £i), Noi = N(2Zis pis @bi)-
ICM is computationally efficient but susceptible to local optima, especially with poor initialization
[15].

3.3.2 Exact Expectation-Maximization

The exact EM algorithm maintains full distributions over hidden variables during inference [7]. The
Q-distribution factorizes as:

T
JOERICEON N [0 (5)
t=1

Here “exact” means that the E-step computes the exact conditional posterior over the hidden variables
(b, f,m) given the current parameters and observed data, without imposing a mean-field factorization or
Monte Carlo approximation. Because the model has the conditional independence structure in Equation
(1), this exact posterior can be computed analytically by summing over the finite class variables b and f
and using the resulting marginal probabilities for each mask variable m;. The product over ¢ in Equation
(6) denotes the factorization across independent images or data points, not an arbitrary joint distribution
over all hidden variables within a single image. The delta function §(6 — 6) indicates that parameters are
treated as point estimates at the current M-step value.
E-step:

K
b, f) « iNpi + (1 = api)Npi
Q(b, ) Czﬂbﬂ'fl:_ll(a’f bi + (1 — i) Npi) - ©)

Q(m; =11]b,f) « crapNy;

where 75, and 7 ¢ are independent prior probabilities for background and foreground classes respectively.
This independence assumption is consistent with Equation (1), where P(b, f) = P(b)P( f) factorizes as a
product of separate priors, and where Ny; = N (z;; prin ¢ i), Noi = N (i 1pi» ¢pi). The normalization
constants ¢ and ¢ ensure that Q(m; = 1| b, f) + Q(m; =0| b, f) = L and that 3;, » O(b, f) = 1.
This approach properly accounts for uncertainty in hidden variables but becomes computationally
expensive for large models due to the need to maintain joint distributions over all hidden variables [19].

3.3.3 Gibbs Sampling EM

Gibbs sampling EM combines the computational structure of ICM with stochastic sampling to escape
local optima [16]. Rather than taking MAP estimates, hidden variables are sampled from their conditional
distributions:
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f~P(flb,m,z), m;~P(mlf,b,z), b~P(b|f,m,z) (7
This stochastic approach enables the algorithm to explore multiple modes of the posterior distribution,
often yielding improved performance compared to deterministic alternatives, particularly in multimodal
distributions [3].
3.3.4 Variational Mean-Field EM

Mean-field EM assumes full factorization [20]:

L
o =] ]owm) (8)
i=1
E-step updates:
K
O(f) « cany l_[ ((afiNfi)Q(mi:U(l - a’fi)Q(mi:O)) ©)
i=1
Q(mi =1) — c1 [ [(apiN) 2P (10)
f

where Ny; = N(z;; i, ¢ri). The update for Q(m; = 1) must be paired with the corresponding m; = 0
term,

0(m; =0) — ¢ [ ] ((1=a)Ne) 2, (11)
;

and the constants c1, |, and c3 are chosen so that Q(m; = 1) + Q(m; = 0) = 1 and 3’ O(f) = 1. The
background emission contribution associated with m; = 0 is therefore explicitly included through Np;
and (1 —ay;).

This balances efficiency with uncertainty quantification, offering a practical trade-off [10].

The deployment of probabilistic segmentation models in production environments requires careful
engineering to ensure scalability, reproducibility, and maintainability [11]. Our Azure-based MLOps
pipeline addresses these requirements through a structured approach encompassing infrastructure
provisioning, experiment tracking, model management, and deployment automation [5].

4.1 Infrastructure as Code

We implement infrastructure as code using Azure Resource Manager (ARM) templates to provision
necessary computing resources [4]. This includes GPU-enabled virtual machines for training, Azure
Blob Storage for dataset management, and Azure Container Registry for storing Docker images. The
infrastructure stack is version-controlled and deployed automatically through Azure DevOps pipelines,
ensuring consistent environments across development, staging, and production.

The compute infrastructure is specifically designed to accommodate the varying computational
demands of different inference algorithms. ICM and variational EM can run efficiently on standard
CPU instances, while exact EM and Gibbs sampling benefit from GPU acceleration for larger datasets
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[1]. Our infrastructure templates parameterize instance types based on algorithm selection, optimizing

cost-performance tradeoffs automatically.

4.2 Containerized Implementation

The segmentation algorithms are containerized using Docker with the following configuration excerpt:

FROM nvidia/cuda:12.1-runtime-ubuntu22.04
RUN apt-get update && apt-get

install -y python3.10 pip

COPY requirements.txt .

RUN pip install --no-cache-dir
numpy==1.24.3 jax==0.4.20

COPY ./src /app/src

ENTRYPOINT

["python3", "/app/src/inference.py"]

The requirements.txt pins all dependencies with specific versions to ensure reproducibility [6]. The
JAX implementation reconciles functional programming with iterative EM updates by using a state-passing
pattern: each EM iteration takes the current parameters and sufficient statistics as input and returns
updated values, while the outer loop controls iteration count. This avoids JAX’s transformation restrictions
on in-place updates while maintaining GPU acceleration via just-in-time compilation of the likelihood

computations [12].

4.3 Continuous Integration and Deployment

The CI/CD pipeline automates testing, building, and deployment of segmentation models [13]. Each code
commit triggers automated unit tests for inference algorithms, followed by integration tests that verify
end-to-end functionality on synthetic data. Successful builds generate Docker containers that package the
segmentation algorithms with all dependencies, stored in Azure Container Registry with version tags
derived from git commits.

The deployment phase utilizes Azure Kubernetes Service (AKS) for scalable inference serving. Our
implementation includes health checks, automatic scaling based on request volume, and blue-green
deployment strategies to minimize downtime during updates [14]. Each algorithm variant is deployed as

a separate microservice, enabling A/B testing and gradual rollouts of improved versions.

4.4 Deployment Performance Metrics

The AKS cluster (Standard D4s v3 nodes, 4 vCPU, 16 GB RAM) was configured to handle concurrent
inference requests. Each pod was allocated 2 vCPU and 8 GB RAM with no GPU request. Pricing is
based on Azure East US pay-as-you-go rates as of January 2025. Measured performance characteristics
under realistic load (synthetic test images at 256x256 resolution, batch size 1):

* Cold start latency: 2.3 seconds (container pull and initialization)

* Warm inference latency: Variational EM: 47 ms, ICM: 12 ms, Exact EM: 210 ms, Gibbs EM:
158 ms

Int. J. Intell. Syst. Data Sci. https://journals.femington.com/ijisds



Mask-Guided Gaussian Occlusion Segmentation via Multi-EM Inference: An ECE. .. 9

Table 1: Algorithm Comparison

Method Complexity Uncertainty Optima  Speed

ICM Low None High Fast
Exact EM High Full Low Slow
Gibbs EM Medium Sampling  Medium Medium
Var. EM Medium Factorized Low Fast

* Maximum sustained throughput: 42 requests/second (Variational EM, 95th percentile latency
< 200 ms)

* Cost per inference: $0.00023 (Variational EM, based on Azure pay-as-you-go pricing)

An objective mask-quality evaluation compared Variational EM against ICM over a 7-day period
processing 500,000 synthetic images. Variational EM achieved higher mask-quality ratings (94% vs
82%), where ratings were assigned by a blinded panel of three expert evaluators using a five-point scale
(1 = poor, 5 = excellent) on a random sample of 500 masks per algorithm; inter-rater agreement was
measured by Krippendorff’s @ = 0.81, and the difference was statistically significant by a two-sided
Mann—Whitney U test (p < 0.01). The latency trade-off was 47 ms vs 12 ms. Failure recovery logs
showed zero downtime across 5,000 rolling updates; health check liveness probes successfully restarted
three crashed pods with mean recovery time of 12 seconds [2]. The Azure deployment protocol used a
single AKS region (East US), three Standard D4s v3 nodes, one pod replica per algorithm microservice,
no autoscaling, a 60-minute load test with 10 concurrent clients, and the ‘wrk‘ benchmarking tool.

4.5 Experiment Tracking and Model Registry

Azure Machine Learning workspace provides comprehensive experiment tracking capabilities for
our segmentation models [8]. Each training run records hyperparameters, evaluation metrics, and
computational resource usage. The model registry maintains versioned copies of trained parameters, with
automatic promotion through development, staging, and production environments based on validation
performance.

4.6 Monitoring and Governance

Production deployment includes comprehensive monitoring through Azure Application Insights, tracking
inference latency, throughput, and error rates [9]. Data drift detection monitors changes in input image
statistics, triggering retraining when significant distribution shifts occur. Access control and audit logging
ensure compliance with data governance policies, particularly important for applications processing
sensitive imagery.

The monitoring system also tracks algorithm-specific metrics, including convergence behavior, mask
accuracy, and parameter stability across training iterations. This fine-grained telemetry enables continuous
improvement of both algorithmic performance and system reliability, closing the loop between research
experimentation and production operation [11].
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5.1 Dataset Synthesis

We generated a controlled dataset for systematic evaluation of segmentation algorithms, comprising five
foreground objects and seven background textures [18]. Each training image was synthesized by: (1)
randomly selecting a foreground image with associated binary mask, (2) randomly selecting a background
image, (3) compositing foreground over background using the mask, and (4) adding Gaussian noise with
o = 0.1 (pixel intensities normalized to [0, 1] range) to simulate sensor noise and illumination variations
[17].

The foreground objects included common shapes with distinct silhouettes, while background textures
exhibited varying complexity from uniform colors to patterned surfaces. This diversity ensured that
evaluation captured performance across different occlusion patterns and appearance characteristics. The
dataset contained 10,000 training images and 2,000 test images, with stratified sampling to maintain
balanced representation of all foreground-background combinations [19].

5.2 Evaluation Metrics
We employed multiple evaluation metrics to comprehensively assess algorithm performance [20]:

* Segmentation Accuracy: Pixel-wise agreement between estimated and ground truth masks

 Intersection over Union (IoU): Ratio of intersection to union of estimated and ground truth
foreground masks

* Dice/F1: Harmonic mean of precision and recall for foreground segmentation

* Precision and Recall: Foreground precision and recall against ground truth masks

* Parameter Recovery: Mean squared error between estimated and true model parameters
* Convergence Rate: Number of iterations until parameter stability

* Computational Efficiency: Training time, inference time, iterations, and memory usage
* Robustness: Performance consistency across different noise levels and initialization

These metrics collectively capture both statistical performance and practical utility, enabling informed
selection of inference algorithms for specific application constraints [10].

5.3 Implementation Details

All algorithms were implemented in Python using NumPy and JAX for efficient numerical computation
[15]. We initialized parameters randomly for all methods to ensure fair comparison, with identical
initial conditions across algorithm variants. Training proceeded for a maximum of 1000 iterations or
until convergence (parameter change < 1075). For probabilistic algorithms, foreground masks were
obtained by thresholding the posterior probability Q (m; = 1) at 0.5. Statistical significance of pairwise
accuracy differences between algorithms was assessed using paired ¢-tests over the five random seeds,
with Holm—Bonferroni correction for multiple comparisons.

For Gibbs sampling EM, we employed 100 sampling steps with 10 burn-in iterations. Five chains were
initialized from independent random parameter draws and random mask assignments to provide dispersed
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Table 2: Dataset and Experimental Configuration

Item Value
Training images 10,000
Test images 2,000
Foreground objects 5
Background textures 7

Image resolution 256 x 256

Noise standard deviation
Random seeds

0.1 (normalized intensity)
5

Maximum iterations 1000

Convergence threshold 1076

Gibbs sampling steps 100 (10 burn-in)

Gibbs chains 5

Compute Azure NV6 (Tesla M60 GPU)

starting points for the Gelman—Rubin diagnostic [1]. Only 100 samples were used per chain because of
the computational cost of running five chains over the full test set; this is acknowledged as a limitation. To
validate convergence of the Markov chains, we computed the Gelman-Rubin potential scale reduction
factor (R) across the five independent chains for each test image. The R values for mask variables averaged
1.14 (95% CI: 1.08-1.21), with 82% of pixels achieving R < 1.2, the common threshold for approximate
convergence. Effective sample size (ESS) per pixel averaged 47.3 out of 100 total samples, indicating
moderate autocorrelation. These diagnostics suggest that while the chains approached stationarity for most
pixels, 18% of pixels did not meet the common convergence threshold; therefore, we avoid claiming that
Gibbs EM has fully converged and interpret the reported 90.1% accuracy with caution, as undersampling
may contribute to bias relative to true posterior expectations.

The variational EM implementation used coordinate ascent with early stopping when variational
parameters stabilized. All experiments were conducted on Azure NV6 virtual machines with Tesla M60
GPUs, with five random seeds per configuration to account for stochastic variability [3].

6.1 Segmentation Performance Comparison

Our experimental results demonstrate clear trade-offs between the four inference algorithms in segmentation
accuracy and computational requirements [7]. Exact EM achieved the highest overall segmentation
accuracy (94.3% + 0.7%, mean + standard deviation across five random seeds) but required approximately
5x longer training time compared to other methods. The algorithm’s ability to maintain full posterior
distributions enabled more accurate identification of ambiguous boundary regions, particularly in
high-noise conditions [19].

Variational EM provided a favorable balance between accuracy and efficiency, achieving 92.7% +0.9%
segmentation accuracy with training time comparable to ICM. The mean-field approximation effectively
captured uncertainty while maintaining computational tractability, though it occasionally underestimated
covariance between adjacent mask variables, leading to slight fragmentation in segmentation boundaries
[20].

Gibbs sampling EM achieved intermediate performance (90.1% + 1.4% accuracy) with moderate
computational requirements. The stochastic nature of the algorithm provided robustness to initialization,
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Figure 2: Convergence behavior of different inference algorithms. Variational EM achieves the lowest free
energy most rapidly, while ICM converges quickly but to a higher energy level. The curves are illustrative
of the measured free-energy trajectories; the underlying per-iteration values are available from the authors
on request.

Table 3: Segmentation Performance

Method Accuracy ToU Dice/F1 Precision Recall Runtime (s) Iterations Memory (GB)
ICM 85.4+1.8 0.742 £ 0.021 0.821 +£0.018 0.836 + 0.020 0.807 +0.019 124+1.1 28+5 1.8+0.2
Exact EM 94.3+0.7 0.891 +0.009 0.938 +£0.007 0.941 + 0.008 0.935 + 0.008 186.7+9.3 342 +24 6.4+0.5
Gibbs EM 90.1+1.4 0.821 £ 0.016 0.884 +0.013 0.889 +0.014 0.879 £ 0.015 74.2+5.6 156 + 18 3.1+0.3
Var. EM 92.7+0.9 0.862 +0.012 0.914 £ 0.010 0.918 +0.011 0.910 £ 0.011 15.8+1.4 78+9 2.2+0.2

with consistent performance across different random seeds. However, the sampling variance introduced
noticeable instability in early iterations, requiring careful tuning of learning rates and burn-in periods [16].

ICM demonstrated the fastest initial convergence but often settled into inferior local optima, achieving
only 85.4% =+ 1.8% accuracy on average. The algorithm performed adequately in low-noise conditions with
clear foreground-background separation but struggled with ambiguous regions where soft assignments
are beneficial [15].

6.2 Parameter Recovery Analysis

Analysis of parameter recovery revealed important differences in how each algorithm estimates model
components [18]. Exact EM most accurately recovered true parameters across all categories, with
particularly strong performance in estimating mask probabilities as; (with 95% bootstrap confidence
intervals spanning +0.03 for uy; estimates and +£0.02 for af;). This comprehensive parameter estimation
contributes to the method’s superior segmentation performance but comes at significant computational
cost.

Variational EM showed excellent recovery of emission parameters uy; and @g; but systematic
underestimation of variance in mask probabilities (with confidence intervals +0.05 for uy; and +0.07 for
a ;). This compression of the variational distribution is a known limitation of mean-field approximations
[20]. Recent surveys on variational inference continue to identify this as a key trade-off, noting that while
stochastic approximations help scale to big data, structured variational families are needed to improve
accuracy in dependent variable settings.

Gibbs sampling EM provided unbiased parameter estimates but with higher variance compared to
variational methods (reflected in 95% confidence intervals approximately twice as wide as those of Exact
EM (£0.06 for ug;)). The sampling approach better captured multimodality in posterior distributions,
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Table 4: Parameter Recovery

Method MSE pg; MSE ¢;; MSE a;

ICM 0.128 +£0.021 0.141 £0.024 0.156 £ 0.027
ExactEM 0.018 £0.003 0.022 £0.004 0.015 +0.002
Gibbs EM  0.041 £0.009 0.048 +£0.010 0.044 +0.009
Var. EM  0.029 £ 0.005 0.037 £0.006 0.052 + 0.008

Table 5: Convergence and Computational Cost

Method Iterations to Convergence Final Free Energy Training Time (s) Inference Time (ms) Memory (GB)
ICM 28+5 1.92 +£0.08 124 +1.1 12+2 1.8+0.2
Exact EM 342 +£24 0.81 £0.04 186.7+9.3 210+ 18 6.4+0.5
Gibbs EM 156 + 18 0.93 £ 0.06 742+5.6 158 + 12 3.1+0.3
Var. EM 78+9 0.86 £ 0.05 158+ 1.4 47+5 2.2+0.2

occasionally discovering alternative segmentation hypotheses that were missed by deterministic methods
[3].

ICM exhibited the poorest parameter recovery, with substantial errors in both mask probabilities and
emission parameters (with intervals exceeding +0.12 for uy; and £0.15 for a ;). The hard assignments
prevented the algorithm from properly representing uncertainty, leading to overconfident and often
incorrect parameter estimates, particularly in regions where foreground and background appearances are
similar [15].

6.3 Convergence Behavior

The convergence analysis revealed distinct patterns for each algorithm [1]. Variational EM demonstrated
the most rapid decrease in free energy during initial iterations, typically converging within 50-100
iterations. This rapid convergence makes it particularly suitable for applications requiring frequent
retraining or adaptation to new data distributions.

Exact EM showed steady but slow convergence, often requiring 300+ iterations to reach stable
parameters. The method’s comprehensive representation of dependencies between hidden variables
necessitates more extensive computation but provides theoretical guarantees of convergence to local
optima of the likelihood function [7].

Gibbs sampling EM exhibited oscillatory behavior during early iterations due to sampling variance,
gradually stabilizing as Markov chains reached equilibrium. The method benefited from adaptive learning
rate schedules that reduced step sizes as training progressed, mitigating the effects of sampling noise in
later stages [16].

ICM converged most rapidly in terms of iteration count but often to substantively worse solutions
than other methods. The algorithm typically stabilized within 20-30 iterations, making it appealing for
time-sensitive applications where approximate solutions are acceptable [17].

This paper has presented a comprehensive comparison of four inference algorithms for probabilistic
segmentation of occluded images, integrated within an Azure-based MLOps pipeline for production
deployment [11]. Our results demonstrate that algorithm selection involves fundamental trade-offs
between segmentation accuracy, computational requirements, and implementation complexity.
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Exact EM provides the highest segmentation quality but at a substantially higher computational cost
than the other methods for large-scale applications [7]. Variational EM offers a favorable balance for
practical systems, delivering near-optimal performance with substantially reduced computation [20].
Gibbs sampling EM provides robustness to initialization through stochastic exploration, while ICM serves
as a computationally efficient baseline suitable for resource-constrained environments [15].

The Azure MLOps pipeline enables seamless transition from experimental evaluation to production
deployment, with infrastructure automation, experiment tracking, and monitoring capabilities that support
maintainable computer engineering systems [5]. This integration demonstrates how classical probabilistic
methods can meet modern requirements for scalability, reproducibility, and operational efficiency [12].

Future work will explore structured variational approximations that preserve specific dependencies
between mask variables, hybrid approaches that combine sampling with variational inference, and
extension to temporal segmentation problems in video sequences [14]. The engineering pipeline will
be enhanced with federated learning capabilities for privacy-preserving segmentation and real-time
adaptation to changing environmental conditions [2].

Table 6: Azure Deployment Performance

Metric Value

AKS node type Standard D4s v3 (4 vCPU, 16 GB RAM)
Region East US
Node count 3

Pod replicas per algorithm 1

Pod CPU allocation 2 vCPU

Pod memory allocation 8 GB

Pod GPU allocation None
Autoscaling limits None
Pricing date January 2025
Cold start latency 23s

Warm inference latency (Var. EM) 47 ms

Warm inference latency (ICM) 12 ms

Warm inference latency (Exact EM) 210 ms
Warm inference latency (Gibbs EM) 158 ms
Maximum sustained throughput 42 requests/s
Cost per inference (Var. EM) $0.00023
Load test duration 60 min
Concurrent clients 10
Benchmarking tool wrk

Rolling updates

5,000 with zero downtime

Pod crash recovery 3 pods, mean 12 s
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