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Figure 1a. The reference eleven-step ML Figure 1b. Excerpt of the full ML FMEA Template containing
Pipeline. the first two ML Pipeline steps: Collect Data Requests and
Collect Data.
Abstract

The integration of Machine Learning (ML) into safety-critical applications continues to
raise challenges related to risk management and standardization. This paper presents a
structured approach to safe ML development, readily applicable to sectors such as
automotive, autonomous vehicles and systems, defense, healthcare, pharmaceuticals,
manufacturing, logistics, and aerospace. The proposed method addresses a current gap
in existing Al and ML standards by combining established ML development practices with
the Process Failure Mode and Effects Analysis (PFMEA) framework. This approach
considers ML development as a holistic, iterative process, emphasizing the importance of
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risk identification and mitigation throughout the pipeline rather than focusing exclusively
on model performance. Each stage of a typical ML pipeline is examined, with associated
failure modes and corresponding mitigations defined. To support practical
implementation, the paper includes a pre-populated ML FMEA Template, designed to
assist machine learning development teams in assessing, documenting, and
communicating risks, while facilitating coordination with safety and assurance
stakeholders.

Introduction

Incorporating machine learning into a safe product is a challenge within many industries
today including automotive, autonomous vehicles, defense and security, healthcare,
pharmaceuticals, manufacturing and industrial robotics, warehouse distribution,
aerospace, etc. It presents a unique set of challenges that differ from those encountered
in traditional, deterministic software systems. One primary challenge is the inherent
complexity and opacity of ML models. Unlike conventional software, where decisions are
based upon explicit, human-written code, ML models often operate as black boxes,
making it difficult to understand how decisions are made. This lack of transparency can
be problematic in safety-critical applications, where understanding the decision-making
process is crucial for verifying and validating the system’s behavior.

Another significant challenge is the variability in ML performance due to changes in input
data. Machine learning models rely on data to learn and make predictions. However, if
the operational environment differs from the training environment, the model’s
performance can degrade, leading to potentially unsafe decisions. Ensuring that the ML
model can generalize well to new, previously unseen scenarios is vital, yet challenging,
especially in safety-critical systems where failures can have severe consequences.

Additionally, the verification and validation (V&V) of ML components in safety-critical
systems are complex and not yet standardized. Traditional V&V methods for software
systems involve extensive testing and formal methods to prove correctness and
reliability. However, applying these methods to ML models is difficult due to their
probabilistic nature and the vastness of potential input scenarios. This necessitates the
development of new V&V techniques tailored for ML, which can rigorously ensure the
safety and reliability of these systems.

Regulatory and certification issues pose another challenge. Our automotive application
has stringent regulatory requirements and standards that must be met. These standards
are often based on the assumption of deterministic and well-understood system
behaviors, which conflicts with the probabilistic and opaque nature of ML models.

Related Work
Standards Review

Several established standards that are widely used to guide the development and
deployment of autonomous vehicles (e.g. ISO 21448 [1] and UL 4600 [2]) as well as
emerging standards such as ISO PAS 8800 [3] make reference to the need to ensure the
safety of ML applications. For example, the ISO 21448 Safety of the Intended
Functionality (SOTIF) standard states that it is necessary to identify potential functional
insufficiencies associated with the “specification of machine learning” as well as
“‘measurement data for machine learning”. Annex D of ISO 21448 describes the need to
conduct an “analysis of off-line training process of machine learning algorithms” (Section
D.2.5). UL 4600 also refers to several required activities in order to satisfy safety claims
about ML algorithms used in autonomous vehicles. Some examples include:
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1. Arguments that V&V procedures follow best practices for machine learning (8.5.2.2)
Evidence of suitable engineering rigor in the use of tools and techniques that are
safety related (8.5.2.2)

3. Machine learning training and V&V shall use acceptable data (8.5.3)

4. Machine learning-based functionality shall be acceptably robust to data variation

The recently published technical regulation ISO TR 5469 [4] lists fault model
methodologies including the performance of a FMEA “at the process level’. However,
little guidance is provided. The emerging standard ISO PAS 8800 deals specifically with
safety of ML algorithms similarly and prescribes the need for analyses to ensure that
engineering rigor and best practices are applied to the ML pipeline.

In summary, while the above standards mention the need to systematically ensure safety
of ML, they fail to prescribe specific techniques and methodologies to ensure that all
engineering and V&V activities involving the holistic ML pipeline are performed in a
satisfactorily rigorous manner in order to argue with sufficient evidence that the ML
algorithm when deployed in an AV application is absent unreasonable risk.

Literature Review

In addition to the standards literature several notable and recent publications have begun
exploration of ML within safety applications. Salay et al. [5] identified gaps within ISO
26262 Part 6 software development process and proposed new requirements to address.
The requirements sought to increase the model’s functional clarity and interpretability.
Studer et al. [6] adapt an established data mining approach for machine learning and
propose a method for ML quality assurance. While notable, the topic of safety is not
addressed. Faria’s (2018) [7] survey of ML safety presents ML characteristics that safety
engineers should become familiar with in order to better understand potential failure
modes such as Markov Decision Process and safe reinforcement learning issues.
Mohseni et al. (2022) [8] provided a taxonomy of machine learning safety by linking key
safety principles to machine learning safety limitations. They discuss three strategies that
should be employed for safe machine learning; these are, inherently safe design,
enhancing performance & robustness and run time error detection. Salay et al (2019) [9]
applied an FMEA to an Al classification model and applied it to a AD case study. Most
recently the International Systems Safety Society 2024 conference focused on machine
learning safety. One example from this conference is the introduction of the STPAI where
Murphy (2024) [10] applied STPA to an Al chatbot.

In summary, a literature review shows that the field of Al safety is continuing to grow and
is moving from performance to quality assurance to safety via rethinking and adapting
established formal safety analyses. None of the methods reviewed directly connect ML
Pipeline step with specific ML failure modes with known mitigations.

The Contribution
This paper details two main contributions:

The ML FMEA Method. The contribution of this paper combines a proven method to
mitigate risk in the automotive industry with machine learning best practices. It looks at
machine learning as a process (i.e., the ML pipeline), rather than a model and applies the
automotive Process Failure Mode & Effects Analysis (PFMEA) to identify, prioritize, and
mitigate risk. The method directly connects ML Pipeline step with relevant failure modes
with known mitigations.

The ML FMEA Template. Another contribution of this paper is providing the Machine
Learning FMEA Template. The ML FMEA Template connects ML development pipeline
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failure modes with machine learning best practices as mitigations. The intent of the
template is to enable development teams to assess risk to the machine learning model
development and tailor specific mitigations. Since the ML FMEA Template generally
follows the Process FMEA flow, the approach is designed to be transparent and familiar
to reviewers and experienced safety professionals.

Laying the Foundation

Before detailing the ML FMEA Method, a basic background on the machine learning
development pipeline and the process failure analysis tool is needed.

The Machine Learning Pipeline

A typical machine learning pipeline is a structured process that begins with data
collection, followed by preprocessing steps like cleaning, normalization, and feature
engineering to prepare data for model training. Once the model is trained, tested, and
optimized, it is deployed, with ongoing monitoring to ensure performance and retraining
when necessary.

While there are several variants of the machine learning pipeline [11] [12] [13], this paper
will utilize the eleven step pipeline shown in Figure 1 and referenced throughout the
paper. To clarify the value addition of each pipeline step, the authors have phrased each
pipeline step in the form of a function:

Collect Data Requests
Collect Data

Ingest Data

Validate Data
Preprocess Data
Train Model

Tune Model

Analyze Model

Deploy Model
Validate Model
Analyze Model Feedback

S20oNooR~WN =

- O

The Process FMEA

The Process Failure Mode and Effects Analysis (PFMEA) [14] [15] [16] [17][18] is a
proven method employed widely across the automotive, defense and military, energy,
medical devices, pharmaceuticals, manufacturing, industrial robotics, and aerospace
industries. A PFMEA is a systematic method used to identify and mitigate potential
failure modes in processes within the automotive industry. Although its typical use is in
manufacturing settings, it is often applied to processes in general. The primary objective
of PFMEA is to enhance product quality, reliability, and safety by preemptively
addressing process weaknesses that could lead to defects or failures. This analysis
involves a detailed examination of each step in the process to identify possible failure
modes, their causes, and their effects on the overall system. By assessing the severity,
occurrence, and detection of each potential failure, PFMEA helps prioritize risks and
develop effective countermeasures to prevent or control these failures.
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The PFMEA process typically involves a cross-functional team comprising engineers and
other relevant process stakeholders. Together, they systematically review each process
step, brainstorming potential failure modes and documenting their findings. The team
assigns a risk priority number (RPN) to each identified failure mode, calculated by
multiplying the severity, occurrence, and detection ratings. High RPNs indicate areas that
require immediate attention and corrective actions. By implementing these actions, such
as redesigning process steps, enhancing process controls, or improving detection
methods, the team aims to reduce the likelihood and impact of failures, thereby ensuring
a more robust and reliable manufacturing process for automotive components. When a
high RPN is identified the safety engineer prescribes a strategy to detect the failure and
respond appropriately so that a safety critical system fails safe or fails operational.

The PFMEA process and associated artifacts are well established and understood across
numerous industries. As such safety professionals are readily able to analyze the
associated living documents and artifacts. They are able to identify high risk areas, areas
needing corrective actions, and unmitigated risk gaps.

The ML FMEA Method

Here is a detailed breakdown of each step in the machine learning pipeline, including
related potential failure points if the step is not executed well. Connected with these
failure points are best practices or mitigation to minimize failures and ensure safe
machine learning. The authors note that the mitigations are typically known to ML
experts and deployed in an agile manner to address model performance deltas rather
than from a holistic, proactive safety and failure mode method.

For added clarity, examples of mitigations are provided from an ML pipeline model
development intended for use in an autonomous vehicle application.

Step 1: Collect Data Requests

Description: Data collection requests initiate the entire machine learning (ML) pipeline
by specifying the types of data needed for model training and evaluation. The request
defines the scope of the problem, the features to be used, and the relevant sources of
data. This step is crucial because the quality, relevance, and availability of the data
directly impact the model's performance and safety.

Potential Failure 1: Incomplete or insufficient data requested for collection can lead to
an incomplete or insufficient training dataset.

¢ Possible Mitigation: Clear Problem Definition and Goal Alignment. The data
collection requests must align with the goals of the machine learning project. The
clearer the definition of the problem, the more specific the data request will be.
This reduces the chance of irrelevant or noisy data, which can lead to model
errors. Clear goal alignment ensures that data relevant to the learning task is
collected, reducing the risk of introducing biases or irrelevant information into the
model.

Potential Failure 2: Incorrect prioritization of data collection requests can lead to biased
or incorrect models.

o Possible Mitigation: Cross-Functional Input. Collaborate with domain experts
to ensure that data requests reflect operational realities and domain-specific
knowledge. This reduces the chance of missing important data dimensions or
collecting incomplete datasets. By leveraging domain expertise, the data
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collected is more representative of real-world use cases, preventing models from
making inaccurate assumptions due to incomplete or misunderstood data
sources.

Potential Failure 3: Late or lengthy data collection requests can cause models to be
trained on outdated information (such as changing of seasons).

¢ Possible Mitigation: Constraints for Collection. Data collection requests
should include constraints to ensure the collected data intent is met. For
example, data may have to be geographically constrained, seasonally
constrained, or constrained by other conditions such as time of day or
precipitation.

Step 2: Collect Data

Description: Data collection involves gathering raw data from identified sources such as
sensors, databases, or user inputs. This is a critical step as the quality, volume, and
diversity of the collected data will significantly influence the performance and
generalization of the ML model.

Potential Failure 1: Incomplete or insufficient data collected can lead to an incomplete or
insufficient training dataset.

o Possible Mitigation: Diverse and Representative Sampling. Ensure that data
collection captures a wide variety of scenarios, especially edge cases and rare
events. This ensures that the model learns from a comprehensive set of
examples. By collecting data that covers the full spectrum of possible situations,
models are less likely to fail when encountering novel or unexpected inputs.

Potential Failure 2: Manual data collected is incorrect or does not match the intent of the
collection request.

e Possible Mitigation: Automated Data Collection with Monitoring. Automate
data collection wherever possible to minimize human error and introduce robust
monitoring to detect anomalies or data drift during collection. Automation reduces
the likelihood of introducing errors from manual data handling, while continuous
monitoring ensures data quality and integrity remain high, preventing issues
downstream in the pipeline. An excellent example of automated data collection
for autonomous vehicle model development is active learning with language
embedding. [19]

Potential Failure 3: Late or lengthy collection of data can cause models to be trained on
outdated or incorrect information (such as changing of seasons).

¢ Possible Mitigation: Constraints for Collection. Data collection should have
clear constraints that may impact representative data collection. For example,
data may have to be geographically constrained, seasonally constrained, or
constrained by other conditions such as time of day or precipitation.

Step 3: Ingest Data
Description: Data ingestion is the process of collecting and importing data from various
sources for immediate use or storage in a database. This step ensures that

comprehensive and reliable data is gathered, forming the foundation for the entire
machine learning pipeline.

Torc Public | Page 6 of 23



Potential Failure 1: Incomplete or inaccurate data collection can lead to biased or
incorrect models.

o Possible Mitigation: Automate the Ingestion Process. Utilize robust ETL
(Extract, Transform, Load) tools and frameworks to automate data collection.
Automation ensures consistent and error-free data collection, preventing gaps
and inconsistencies that could compromise model performance. Automation
minimizes human error, ensuring that data is ingested accurately and efficiently,
thus reducing the risk of introducing incomplete or erroneous data.

Potential Failure 2: Security breaches during data ingestion can compromise sensitive
data, leading to ethical and legal issues.

e Maintain Data Security. Secure data transmission through encryption and
ensure compliance with data protection regulations. Use access controls and
audit logs to monitor data access. Protecting sensitive information during
ingestion prevents unauthorized access and ensures the trustworthiness of the
data used for training.

Potential Failure 3: Delays in data ingestion can cause models to be trained on outdated
information.

¢ Possible Mitigation: Ensure Data Quality. Implement initial data checks for
integrity, accuracy, and completeness. Tools like Apache Giriffin or Great
Expectations can automatically detect and rectify anomalies. Ensuring data
quality from the start reduces the risk of the model learning incorrect patterns,
improving the reliability of the model's predictions.

Additional Examples: Data quality issues during the data ingestion process in
autonomous driving systems often stem from synchronization, communication, and data
format inconsistencies. Here is a breakdown of common challenges and mitigation
strategies from an autonomous vehicle application example. Note that these example
challenges are likely common across other industries such as defense, aerospace,
medical device, pharmaceutical, etc., that employ Machine Learning within a complex
system with redundant or complementary sensing systems.

e Sensor Synchronization Issues: Misalignment in the timing of data collected
from multi-modal sensors, such as cameras, RADAR and LiDAR, can result in
inconsistencies. To mitigate this, time-stamping sensor data and utilizing real-
time synchronization methods help align the data more accurately. Additionally,
leveraging multi-modal redundancy—cross-referencing data from different
sensors—can identify and correct temporal misalignments. [20] [21]

o Dropped Messages: Data packet loss during transmission can create gaps in
the data stream, potentially missing crucial information. Buffering and retry
mechanisms are effective in ensuring that lost packets are re-transmitted.
Additionally, multi-modal redundancy, using other sensors to verify missing data,
can help bridge these gaps.

o Data Format Inconsistencies: Data from different sensors often comes in
various formats, resolutions, or coordinate systems (autonomous vehicle
example: point clouds from LiDAR, images from cameras, and radar readings).
Furthermore during the development process the respective firmware get
updated, leading to increased capabilities over the development cycle. These
inconsistencies can create challenges during data fusion, leading to
misinterpretations or loss of information. Implementing standardized data
formats, using preprocessing pipelines to align resolutions, and running
consistency checks can ensure uniformity across sensor data, enabling
seamless integration in later stages. [22]
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These strategies focus on ensuring the consistent collection, transmission, and formatting
of sensor data, creating a robust foundation for accurate analysis in the subsequent
stages of the autonomous ML pipeline.

Step 4: Validate Data

Description: Data validation involves verifying that the collected data meets quality
standards and is suitable for analysis. This step ensures the data is accurate, complete,
and free from significant errors before it progresses further in the pipeline.

Potential Failure 1: Invalid or corrupt data can lead to erroneous model training and
predictions.

¢ Possible Mitigation: Schema Validation. Enforce data structure and type
constraints through schema definitions. Tools like JSON Schema or Apache Avro
can automate schema validation. Schema validation catches and corrects errors
early, preventing structural inconsistencies that could lead to model misinterpretation
and incorrect learning.

Potential Failure 2: Undetected anomalies can introduce biases and reduce model
performance.

o Possible Mitigation: Anomaly Detection. Implement automated checks to detect
and handle anomalies such as outliers, missing values, and duplicate records.
Identifying and mitigating anomalies ensures the model learns from clean, consistent
data, reducing the risk of learning misleading patterns. A good example of anomaly
detection for autonomous driving is the survey method. [23]

Potential Failure 3: Lack of validation can result in using incompatible or irrelevant data
for training.

e Possible Mitigation: Consistent Monitoring. Continuously monitor data quality
metrics and set up alerts for significant deviations. Early detection and rectification of
data issues help maintain the consistency and reliability of the data, reducing the
risk of model degradation.

Additional Examples: Validation processes ensure that ingested data maintains high
quality, catching issues such as structural inconsistencies, projection errors, and
anomalies. Key challenges and strategies include:

1. Schema Validation: Enforcing data structure and type constraints through schema
definitions ensures that the ingested data adheres to expected formats. Tools like
JSON Schema or Apache Avro can automate schema validation, making it easier to
detect and correct structural inconsistencies. Validating the schema in the datalake
helps catch errors early, preventing issues like unexpected data structures that
could lead to model misinterpretation and incorrect learning.

2. Anomaly Detection: Automated checks for anomalies such as outliers, missing
values, and duplicate records can help ensure the integrity of the data. These can
be achieved by applying a large scale offline digital twin or model replaying the
collected samples for comparison. This allows early detection of misbehaviors and
provides important data samples for model refinement.

3. Consistency Check: Another source of incompatible data in complex systems are
sensor measurement discrepancies. Aerospace Example: Inconsistent readings
between redundant systems, such as differences in altitude measurements between
two independent altimeters, may spawn autopilot misbehavior or fail-safe activation.
Manufacturing Example: Within a manufacturing line sensors and monitoring
systems such as temperature and pressure readings of a casting process. Sterile
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Pharmaceutical Line Example: Air particle counters and sterility test results may not
align. Autonomous Vehicle Example: An autonomous driving stack involves multi-
modal sensors such as LIDAR and stereo cameras which may not align and impact
perception accuracy. During validation, cross-referencing multi-modal data ensures
accurate alignment and data integrity.

4. Dirty Sensor Prevention: Physical contaminants like dust or moisture on sensor
lenses can distort data. Validation systems that compare current sensor readings
against pre-recorded baselines can identify deviations caused by dirty sensors.
Automated cleaning systems can mitigate this issue by keeping sensor surfaces
clear.

5. Sensor Configuration Check: Misalignment or calibration errors between sensors
can lead to measurement inaccuracies. Automated calibration tools and validation
checks during data ingestion ensure consistent alignment. Aerospace Example:
Misaligned or improperly calibrated sensors, such as those measuring pitch, roll, or
yaw may compromise flight control system accuracy. Manufacturing Example:
Misalignment of robotic arms or tools may lead to imprecise assembly or
measurements. Pharmaceutical Example: Misaligned sensors or improperly
calibrated pipetting systems used in liquid formulations may lead to incorrect
ingredient volumes. Autonomous Vehicle Example: Cross-referencing depth
information from multiple sensor types, like LIDAR and stereo cameras, further aids
in validating sensor alignment. Mis-calibrated datasets are marked and further
refined in pre-processing steps.

6. Software Continuous Integration: Software bugs or incompatibilities in sensor
firmware can introduce data inconsistencies. Continuous integration testing and
version control, paired with offline perception systems, help detect and address such
anomalies during validation.

A powerful data validation process can be applied by implementing the above described
steps. Thereby, identifying errors early on ensures high quality datasets for downstream
machine learning. Further continuous monitoring alongside cross-referencing methods
and automated calibration can help to spot issues in the data collection fleet early and fix
issues in the upstream processing steps.

Step 5: Preprocess Data

Description: Data preprocessing involves cleaning and transforming raw data into a
format suitable for model training. This step includes handling missing values,
normalizing or scaling features, encoding categorical variables, and feature engineering.

Potential Failure 1: Poor handling of missing values can introduce biases.

¢ Possible Mitigation: Standardize Data Cleaning Procedures. Establish and
follow standardized procedures for handling common data issues like missing values
and outliers. Standardizing data cleaning procedures ensures consistency and
reliability in the data used for training, reducing the risk of introducing biases and
errors. As a healthcare industry approach example, active label cleaning is a proven
approach to clean noisy annotation labels. [24]

Potential Failure 2: Incorrect normalization or scaling can distort relationships in the
data.

¢ Possible Mitigation: Automate Feature Engineering. Use automated feature
engineering tools like Feature tools to systematically create and evaluate new
features. Automation reduces the risk of overlooking critical data transformations,
ensuring that the model captures all relevant information.
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Potential Failure 3: Inadequate feature engineering can lead to suboptimal model
performance.

¢ Possible Mitigation: Document Transformations. Keep detailed records of all
transformations applied to the data. Documentation ensures reproducibility and
facilitates debugging, helping identify and correct preprocessing steps that may
introduce errors. As an example for autonomous vehicle environmental sensing via
lidar, LidarAugment can be employed to augment 3D objects for robust detection.
[25]

Step 6: Train Model

Description: Model training involves using preprocessed data to train machine learning
models. This step includes selecting appropriate algorithms, configuring model
parameters, and fitting the model to the training data.

Potential Failure 1: Overfitting or underfitting can occur if the model is not trained
properly.

¢ Potential Mitigation: Use Cross-Validation. Employ techniques like k-fold cross-
validation to ensure the model's performance is consistent across different data
subsets. Cross-validation provides a more reliable estimate of the model's
generalization ability, reducing the risk of overfitting.

Potential Failure 2: Incorrect algorithm selection can lead to poor model performance.

¢ Potential Mitigation: Hyperparameter Optimization. Automate hyperparameter
tuning with tools like Grid Search, Random Search, or Bayesian Optimization.
Proper tuning ensures the model performs optimally, preventing underfitting or
overfitting.

Potential Failure 3: Poor parameter configuration can prevent the model from learning
effectively.

o Possible Mitigation: Monitor Training Process. Track training metrics such as
loss and accuracy in real-time. Tools like Tensor Board provide visual insights into
the training process. Real-time monitoring allows for early detection of issues and
timely intervention, ensuring the model trains correctly.

Step 7: Tune Model

Description: Model tuning involves fine-tuning the trained model to improve its
performance. This step includes adjusting hyperparameters, selecting features, and
potentially re-training the model with updated configurations.

Potential Failure 1: Suboptimal hyperparameter settings can degrade model
performance.

¢ Possible Mitigation: Systematic Hyperparameter Tuning. Use systematic search
methods or automated tools for hyperparameter tuning. Techniques like Bayesian
Optimization or Hyperband systematically explore the hyperparameter space.
Systematic tuning ensures optimal model performance and reduces the risk of
suboptimal configurations that could degrade performance.

Potential Failure 2: Irrelevant or redundant features can increase model complexity and
reduce accuracy.
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o Possible Mitigation: Feature Selection. Evaluate the importance of features and
remove irrelevant or redundant ones. Techniques like Recursive Feature Elimination
(RFE) or LASSO can help. Feature selection reduces model complexity and
improves generalization, preventing overfitting and enhancing accuracy.

Potential Failure 3: Lack of proper evaluation can result in a tuned model that does not
generalize well.

e Evaluate on Validation Set: Use a separate validation set to assess the
performance of the tuned model. Proper evaluation prevents overfitting on the
training data, ensuring the model's reliability in real-world applications.

Step 8: Analyze Model

Description: Model analysis involves evaluating the performance of the model using
various metrics and techniques. This step helps understand the model's behavior and
identify areas for improvement.

Potential Failure 1: Over-reliance on a single metric can provide an incomplete picture
of model performance.

o Possible Mitigation: Comprehensive Metrics. Use a range of evaluation metrics
to cover different aspects of model performance. Multiple metrics provide a holistic
understanding of model strengths and weaknesses, preventing optimization for a
single aspect that might not capture all performance facets.

Potential Failure 2: Failure to conduct thorough error analysis can leave critical issues
unaddressed.

¢ Possible Mitigation: Error Analysis. Conduct a thorough analysis of the model's
errors to identify limitations and areas for improvement. Understanding
misclassification patterns helps implement targeted refinements, preventing
repeated mistakes and improving overall model accuracy.

Potential Failure 3: Lack of clear visualizations can make it difficult to interpret and act
on model performance data.

o Possible Mitigations: Visualizations. Use visual tools like confusion matrices,
ROC curves, and precision-recall curves to provide clear insights into the model's
performance. Visualizations facilitate better interpretation and decision-making,
helping identify and correct potential issues.

Step 9: Deploy Model

Description: Model deployment involves integrating the trained model into a production
environment where it can start making predictions on live data. This step requires careful
planning to ensure the model operates efficiently and reliably in production.

Potential Failure 1: Inadequate infrastructure can lead to performance bottlenecks.

e Possible Mitigation: Continuous Integration / Continuous Deployment (CI/CD).
Implement CI/CD pipelines to automate the deployment process. CI/CD ensures
smooth updates and minimizes manual errors, preventing deployment failures and
maintaining model consistency.

Potential Failure 2: Poor monitoring can result in undetected performance degradation.
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e Possible Mitigation: Monitoring and Logging. Continuously monitor the deployed
model performance and log predictions. Set up alerts and analyze logs to detect
issues early. Early detection allows for prompt intervention, preventing prolonged
periods of poor performance and maintaining the model's reliability.

Potential Failure 3: Lack of rollback mechanisms can make it difficult to address issues
post-deployment.

¢ Possible Mitigation: Implement Software Rollback. A software rollback feature
can revert the software back to a known release with known limitations that may
have adequate mitigations.

Potential Failure 4: Integration can mask model failures and introduce integration
failures

o Possible Mitigation: Performance Thresholds. Define and adhere to performance
thresholds that the model must meet before deployment. Ensuring the model meets
required standards prevents the release of suboptimal models, maintaining high
performance and reliability.

Potential Failure 5: Scaling of the deployed model can introduce unaccounted for
effects.

o Possible Mitigation: Scalability and Reliability. Use scalable and reliable
infrastructure to host the model. Cloud services like AWS, GCP, or Azure provide
robust options. Scalable infrastructure ensures the model can handle varying loads
and maintain performance, preventing downtime and degraded performance.

Potential Failure 6: Model learns incorrectly through on-line learning and failure is not
identified through validation

¢ Possible Mitigation: Do not enable on-line learning. On-line learning can lead to
unvalidated content in the algorithm which can cause unwanted output. By not
enabling on-line learning additional deployment and testing cycles may be
necessary but it will mitigate deploying untested algorithms that may have undesired
outputs.

Step 10: Validate Model

Description: Model validation involves confirming that the model performs well on
unseen data and meets required performance standards. This step typically involves
using a test dataset or conducting a separate validation phase.

Potential Failure 1: Overfitting to the training data can result in poor performance on
new data.

o Possible Mitigation: Holdout Validation. Use a holdout validation set or cross-
validation to ensure the model's performance generalizes well to new data. This
practice provides a realistic estimate of how the model will perform in real-world
scenarios, reducing the risk of overfitting.

Potential Failure 2: Validation on an unrepresentative test set can provide a false sense
of model reliability.

o Possible Mitigation: Real-World Testing. Validate the model with real-world data,
if possible. Real-world testing highlights discrepancies between the training
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environment and real-world scenarios, preventing unexpected failures post-
deployment.

Potential Failure 3: Validation to a dependent or derivative test set can provide a false
sense of model reliability.

o Possible Mitigation: Independent data set. Ensure an independent data set is
collected, created, and curated for validation.

Potential Failure 4: Ignoring real-world scenarios can lead to unexpected failures post-
deployment.

¢ Possible Mitigation: Real-World Testing. See potential failure 2.

Step 11: Analyze Model Feedback

Description: Model feedback involves collecting and analyzing the performance of the
deployed model in the real world. This step helps identify any drift or degradation in
model performance and provides insights for further improvements.

Potential Failure 1: Lack of feedback can result in undetected performance drift.

o Possible Mitigation 1: Feedback Loops. Establish feedback loops to collect data
on the model's predictions and outcomes. Continuous learning and improvement
ensure that the model adapts to changing conditions, maintaining its accuracy and
relevance.

e Possible Mitigation 2: Monitor for Drift. Continuously monitor for data and
concept drift to ensure early detection of performance degradation. Tools like Alibi
Detect can identify changes in data dynamics. Monitoring for drift allows for timely
retraining and updates to the model, preventing long-term degradation.

¢ Possible Mitigation 3: Performance indicators. Establish clear safety
performance indicators that can capture ML issues. Safety performance indicators
that have an established range can identify emerging issues with a model before
they become a hazard.

Potential Failure 2: Ignoring user feedback can lead to models that do not meet user
needs.

o Possible Mitigation: User Dashboard. Establish performance metrics from a user
perspective. Establish an appropriate frequency to capture user feedback as well as
the dashboard presentation view for key decision makers.

Potential Failure 3: Delayed updates can cause the model to become obsolete.
¢ Possible Mitigation: Regular Updates. Schedule regular updates and retraining
sessions for the model to incorporate new data and maintain performance. Regular

updates ensure the model stays current with the latest data, preventing
obsolescence and maintaining high performance.

Summary

By following these best practices at each step of the machine learning pipeline,
organizations can create a safer and more reliable machine learning system, minimizing
failures and ensuring high-quality performance throughout the model's lifecycle.
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The ML FMEA Template

Another contribution is the ML FMEA Template. The ML FMEA Template connects ML
development pipeline failure modes with ML best practices as mitigations. In many ways,
the ML FMEA Template is framing and connecting the material above within a familiar,
tabular format. The intent of the ML FMEA Template is to enable development teams to
identify and assess risk to the machine learning model development and tailor specific
mitigations. Additionally, it provides familiar transparency to safety assessors.

Common Columns
Most ML FMEA columns are common with a typical Process FMEA template. These
include Severity, Potential Effect on Higher Level System or Customer, Occurrence,

Detection, RPN, Guide Words, Actions Recommended, and Owner. The utilization of
these columns is unchanged from standard practice. See Figure 2 for the visualization.

Common with PFMEA template

FPIRENEE  c(*TS— At o arvers Clner Probtems Gufatson ond Gas Abgrement. Lomeres Shot
omers Partiet Pmctiem 0 [ 048 retevems 1 e toarreng tamh ® cotected

Figure 2. ML FMEA columns common with a typical Process FMEA template.

Modified Columns

Columns that are modified or pre-populated within the ML FMEA Template include the
following.

Modified

Macrine Purenesal Faibare Wt Level Ll
Spvtem oe Potemtio . Correme M patine Bese Practicn & Procems - Acvens O aed Target -
ooy Guste words | et of Irneremt Cusmamer Sow | Pipatons Comsen Comtron WN Secemmendes e Actesatoben  Sev O Dm W

fosin o Aoumen o wntetnae o ots et e the Mg ot @ cotmctod

Figure 3. ML FMEA columns that are in common with a typical Process FMEA template.
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Table 1. Tabulation of the ML FMEA columns, the correlating Process FMEA columns,

Example rows

and the modifications.

Column Correlation Change
This column
Machine maps to the This column is
. PFMEA populated with the
Learning
Pipeline Ste Process steps of the ML
p P Step/Function Pipeline.
column.
Potential E:S:;)h:}t:;ﬂ This column is
Failure Mode PFII\)/IE A populated with failure
of the ML Potential modes relevant to the
Model of . specific ML Pipeline
Failure Mode
Interest step.
column.
;}:Sscgl:}rlr;n This column is
Potential ML P populated with
o PFMEA . .
Pipeline . specific potential
Potential
Causes causes of the ML
Effects of .
. model failure modes.
Failure column.
This column is
Current ML This column populated with ML
Pipeline Best maps to the Pipeline best practices
Practice or PFMEA or process controls
Process Current that potentially
Control Controls mitigate the particular

ML failure mode.

To clarify the benefits of the ML FMEA Template, a few example rows are provided from
the Ingesting Data pipeline step.

As described within the ML FMEA Method Preprocess Data pipeline process step above
a potential failure of Preprocess Data is “Poor handling of missing values can introduce
biases”. See Figure 4. Within the ML FMEA Template this actually maps to a cause the
Preprocess Data failure mode of “Insufficient data processing”, from the guide word
“Missing”. Within the Template, the ML Pipeline Best Practice is “Standardize Data
Cleaning Procedures:..” as described above.

From the guide word “Incorrect”, the next Preprocess Data failure mode “Insufficient data
preprocessing” cause is “Incorrect normalization or scaling can distort relationships in the
data”. Within the ML FMEA Template this is linked to the ML Pipeline Best Practice,
“‘Automate Feature Engineering:...” as described above.

The third Preprocess Data failure mode, from the guide phrase “Too little” is “Insufficient
data preprocessing”. The associated cause is “Inadequate feature engineering can lead
to suboptimal model performance”. Within the ML FMEA Template this is linked to the
ML Pipeline Best Practice, “Document Transformations”. See Figure 4.
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Potential Effect on
Machine Potential Failure Higher Level
Learning Failure Mode Mode of the ML System or Current ML Pipeline Best Practices & Process ML

Pipeline Step Guide Words Model of Interest Customer Sev Potential ML Pipeline Causes Occ Controls Det RPN

Preprocess Data Missing Insufficient data Poor handling of missing values Standardize Data Cleaning Procedures: Establish and follow

preprocessing can introduce biases. standardized procedures for handling common data issues

like missing values and outliers. Standardizing data cleaning

procedures ensures consistency and reliability in the data

used for training, reducing the risk of introducing biases and

errors. As a healthcare industry approach example, active

label cleaning is a proven approach to clean noisy

annotation labels.

Incorrect Insufficient data Incorrect normalization or scaling Automate Feature Engineering: Use automated feature
preprocessing can distort relationships in the engineering tools like Feature tools to systematically create
data. and evaluate new features. Automation reduces the risk of
overlooking critical data transformations, ensuring that the
model captures all relevant information.
Too little Insufficient data Inadequate feature engineering Document Transformations: Keep detailed records of all
preprocessing can lead to suboptimal model transformations applied to the data. Documentation ensures
performance. reproducibility and faciltates debugging, helping identify and

correct preprocessing steps that may introduce errors. As
an example for autonomous vehicle environmental sensing
via lidar, LidarAugment can be employed to augment 3D
objects for robust detection.

Figure 4. Example ML FMEA rows from the Preprocess Data ML Pipeline step.

The Detailed Template

Figure 5 below is an excerpt of the ML FMEA Template containing the first two ML
Pipeline Steps. The full ML FMEA Template is provided in the Appendix for reference.
Additionally, the ML FMEA Template is also available for review and download from
github at https://github.com/TallPaul67/MachineLearningF MEA.

The ML FMEA Template

reque
an incomplete or insufficient . the
training dataset. more spacific the data request will be. This reduces the

y data,
errors. Clear goal alignment ensures that daa relevant to
the learning task is collected, raducing the risk of introducing
bases or rrelevant information into the model.

Missing Missing data

colecton requests collection o
biased or incorrect models. ‘Gomain-specific knowledge. This reduces the chance of
i o
Gatasets. By leveraging domain expertse, the data
collected is more representative of reakworld use cases,
toincomplete or misunderstood data sources.
Toolate Late data colecton Late or lengthy data colection Constraints for Collection: Data collection requests shoud
requests s mode’s to be t
trained on outdated informaton For example, data may have to be geographicaly
(such i ns). trained, nstrained,
other conditions such as tme of day or precipitation.
CollectData Incorrector  Insufficient data Incompiete.
missing colected incomplete e wide variety of scenarios, espacially
ini odg s
learns from a comprehensive set of exampies. By colectng
data that covers the full spectrum of possible situations.
models are less lkely to fail when encountering novel or
unexpected inputs.
Incorrect Insufficient data
o does not match the intent of the pos:
collection request. introduca robust monitoring to detect anomalies or data drift
during collecton. Automation raduces the likeliood of
introducing errors from manual data handing, while
continuous monilaring ensures data qualty and ntegrity
remain high, preventng Ssues downstream in the ppaine.
Toolate Late data colecton Late o lengthy i« i

constraints i
outdated or incorrect informaton For example, data may have o be geographicaly
(such as changing of seasons). constrained, seasonaly constrained, or constrained by

‘conditions such as time of day or preciptation.

Figure 5. Excerpt of the full ML FMEA Template containing the first two ML Pipeline
steps: Collect Data Requests and Collect Data. Full version is available for reviewing
and download on github at github.com/TallPaul67/ MachineLearningFMEA

Discussion

This paper argues that the ML FMEA method and the ML FMEA Template are novel
contributions that address gaps in the applicable standards involving the development
and deployment of ML in safety critical applications across industries including
automotive, autonomous vehicles, defense and security, healthcare, pharmaceuticals,
manufacturing and industrial robotics, warehouse distribution, and aerospace. The ML

Torc Public | Page 16 of 23



FMEA approach is not designed to be a stand-alone tool, but rather key part of a
comprehensive safety management system and safety case.

Some of the benefits of the ML FMEA method and the ML FMEA Template applied to the
ML pipeline include:

1. The ML FMEA method can directly identify steps in the ML pipeline that could have
the highest impact on risk and can therefore get higher levels of attention and
diligence.

2. The ML FMEA method can aid in demonstrating agreement with ISO TR 5469 which
recommends a PFMEA for the offline training process.

3. The ML FMEA method can aid in compliance with ISO PAS 8800 which requires the
employment of an engineering rigor best practice.

4. The ML FMEA Template can be used as a “checklist’ to ensure that no critical steps
were missed in the ML pipeline development.

5. The ML FMEA Template can serve as a quick reference in the event of a
performance limitation or failure in the field, providing the ability to quickly go back
and review all the potential failures and mitigations to check if something in the ML
pipeline was not sufficiently addressed and led to the performance degradation or
failure, resulting in an update to the ML FMEA Template.

6. The ML FMEA Template provides a systematic way of identifying and documenting
functional insufficiencies and mitigations associated with the ML pipeline.

7. The ML FMEA Template and ML FMEA method can serve as important evidence
artifacts supporting a safety case claim that the ML pipeline was developed with the
highest level of rigor.

8. Since the ML FMEA Template generally follows the Process FMEA flow, the
approach is designed to be transparent and familiar to reviewers and experienced
safety professionals.

The ML FMEA is a specific methodology that can address many if not all of the required
and recommended activities described in the most widely followed standards governing
the development and deployment of autonomous vehicles.

Future Work

The field of safety engineering analysis applied to machine learning is new with limited
examples. Future work is needed to demonstrate a proof of concept that provides an
example benefits of an applied ML FMEA approach.

In a subsequent publication the authors intend to describe specific examples and benefits
of applying the ML FMEA method.

Additionally, it is worth noting that during the research and development of this approach
a trend emerged. When looking across the full ML Pipeline, potential failure modes fit
into three categories:

1. Data Issues: including bias, insufficient data or outdated data
2. Model Limitations: including over or under fitting
3. Deployment limitations: including integration failures or scalability

The authors plan to study this classification further and evaluate as potential ML failure
mode guide words, in a manner similar to FMEA guide words. [26]
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Appendix

The ML FMEA Template for reference is provided. Note the pre-populated columns Machine Learning Pipeline Step,
Potential Failure Mode of the ML Model of Interest, Potential ML Pipeline Causes, Current ML Pipeline Best Practice or
Process Control. The detailed ML FMEA Template is also available for review and download from github at
https://github.com/TallPaul67/MachineLearningFMEA.

The ML FMEA Templat

Machine
Learning

Calkect Data

Potential Fallure
Failure Mode  Mode of the ML
Guide Words Model of Interest
Incarrectar  Insuffickent data
mesig roquests

Missing Missing dats.

collecton requests

Late data comction
roquests

Incorractor  Insufficiert data
missing cobechd

Incorract Insufficiect dats
cobechd

Late data comction

Incorract or

Insufficiert data
missing Peation

Incorrect ar

missing

Insufficlert data
Peation

Late data ingeston

Insufficiect dats
valdaton

Incorract or
mesig

Incorrect ar

mesig

Insuffickert data
vaidaton

Incorrector  Data vakdaton not
mesig peavded

Proprocess Data Missing Insufficiect dats

proprocessing

Potential Effect on

Higher Lavel
System or
Customer

Incorrect peioelization of data
callection requests can kead o

loarming peoject. Tha clearer the denticn of the pretiam, the
ew specii: the data requnst wil be, This reduces the
charce of Freevant o nosy dats, which can wed lo model
ecrary, Clear goal akgnment ersures It data remvant to

s colocted,
biases o Fralevant Infarmation ko the model

Cross-Furtionsl kgt O*mmwdm-uwnw

biased or

Late o lngthy dsta colecion
1obe

knowledge. Thes rodu
dimensios

datasets. By leveraging domain experise, the data

cobucted i more representatis of res-warkd e cages,

o Incamplete or maunderstood data sources.

Constraints for Cobection: Dats colaction requests shouks
i s ot

trained on ouldsted infarmatin
(such as changing of seasons).

Ircomplets of insulficient data

For axample, data may have ko be grographicaly
conatraned, seasonsll constrained. or cans¥ained by
‘other candiicns such as Smo of day cf preciptaton.
Oberte s Regrasoraive Samplng Ensure thl dota
coluction variny of scenarios, eapeciely

loarrs from a comprehensive set of exampkes. By calecting

models are keas Ry 10 il when encountaring novel or
urmpactsd nouts,

wmmmhmmwm
collection request

Latn of lnngthry callection of data
can cause modets 1o be raimd on

or incorrect informtion
(such as changing of seasons).

mmmmt»bmomuwtm
Iniroduce detect anomales or data drift

Introducing errors from manual data handing, whiks

mmnMnfnmnu-dm::;mnmw
for Cobection Dt colwcion shou have ciar

ciher condtons such a3 Sme of day cr preciitaton.

coluction can wad fo bissed or
Incarrect madsis.

Utiize robust ETL (Extract,

Transhorm, Load) tooks and (rameworks 1o sutomate data

collection. Automation ensures conaistent and errcr-free.
that

Automaton
irimmizes human ertor, snsuring that dsta is ngested
accursiey and effcunty, thus reducing the risk of
inlroducing incomplet of arroneous data

Ingosfon can compromiee
sensiive deta. lesding 1o ethicsl
oo

complance wih data protaction regustions, Use access
‘conirols and sudt logs 1o montor da sccess. Prolecing

access and ensures the inzstwarthiness of the data used
for traning.

Daty: can cause.
Frodals 10 be Iraned on audated
information.

Tenvakd or coenupt dala can wad to
erranscus model tranig and
prodictions.

Undetictod anomaks can
Introduce bises and reduce model
performance.

Lack of

for
integrity, sccuracy, s comphetaonss, Tooks ke Ansche

reduces tha risk of the model karning ncorrect patiema,
Improving the relabiity of the models predicions.
Ex 9

amphe:
“Sescr Synchronization lssues: Misgigrmen i the tiving
of cat cobected from mut-modl sensors, such ss
cameras, RADAR and LIDAR, can resut i Inconslstencies.
To mtigate this, 4me-stamping sensor data and utkzing real-
tima symchronzaticn methods holp alkgn the data mare
sccurslel. Addonaly, leveesging mult-mods!

‘can croate 9aps In e data stroam, potentialy mssng
cruela inkamuatin, Butlrng and roy machasimo are

Addiiorsly, muti-modst uunwy mwm sansors to
werty miasing data, can hep brdge hese Gaps.

‘often comes n varous farmats, reschssons, or coordnate
Syshms (sulonomous vehicls sxsmphs: point chuds from
LIDAR, images From camerss, and rader resdngs).

Schems Valdaton: Erforce dats siructure and type
conatrants through schema deftiors. Toos ke JSON
Schema or Apache Avro can autcmate schemsa valdaton.
Schems vaidation calches and corrects erars early,
praventing sinacaursl nconsistncies that could ked to
ol misnlarpeatation and ncorrect kerr
Anomaly Detacticn: Implmant automated chacks o dotoct
such as outhers, and

ermures e mocel ks from clean, consistent dats,
reducing the fisk of leaming miskadng patierns.

using Incompaibie or krelevant
st for aing

Puoor harding of missing vaues

cata quatty
metrics -mmwummmmnmm Early

mm-wwn”:mumu
ol checy wdston

Examples:

1.5chema Valdaton: Erforcing data structure and type
conatrants thrcugh schema defntions ensures that the
ingested dats adheres 1o expectud formats. Todls ke

waldaticn, making & easier fo detect and correct structral

Valdatng
‘catch errors oarly, preventng Bsues ke Lnexpectod data

incarrect marring

2 Anomaly Detwction: Autamstad checks for snomabes

suchas outhers, mnrquu- and duplcato rocards can

help e

nm-».conmmaw.mwu
the cnline stack and the driver

nuw mhm«mnumbum

ngios
2 Consistancy lssues: An sucncmous dmving stack
Invaves

example in mapping depth information from LIDAR and

Standardize Dats Chwaning Procedures. Estabish and fobow
procedures for it
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Ike mssing vales and outhers. Siandardizing data cleankg
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Train Model

Deploy Model

Incorract

Too lttle

Incorrect

Incorrect

Too lttle

Too much

Too itk

Too ltle

Too itk

Incorrect

Toolitle

Incorrect

Incorrect

Too late

Insufficiert data
Preprocessing

Insufficiert data
Pproprocessing

Insufficiert model
tranig

Insulficieet model
traning

Insufficlert model
traning

Insufficlent medel
nig

Model s crmetuned

Insufficiert model
tunirg
Insutficiect model

anask

Missing madel
analst

Missing rodel
analsis

Insufficiert model
deplyment

Insufficiert model
duphoyment

Insufficiert model
deployment

Insufficlent model
duployment

Insufficlent model
duphyment

Insufficlent model
duphyment

Insuffcient model
deplyment

Insufficiert model
duplyment

Late moda!
duplyment

Missing madel
valdaton

Insufficiert medel
vakdason
Insuffickent model
valdason

Insufficient model
vakdaton

Automate Feature Engimering: Use aulomated fealure

e Feature todls 1o systematically creats
aexd mvahastn new features. Automaton recuces the fisk of

Quaefiting of undeefiting can
octur Tthe model & nol trained

ble f the models
mnammmkdowm

lasd %0 poor model performance.

Poor parameter cenfiguration can
pravent the model from marming
elfuctively.

turing with looks e Grid Search, Rardom Search, or

 preventin
Moritor Tralning Process: Track rakning metrics such as.
lound»eumnrdh Tooks fe Tensor Board
Reaktime
mnmmuumu--mmmy
Infervention, ensuring the model trains correctly.

settings can degrade mcdel
pecformance.

Iereivant o redundsnt fealures

Tuning: Use systematc search
methcds o automated tooks for hyperparameter funing.

space.

tunng ensures and
reduces the risk of suboptimal configurations that coud
degrade performance.

Fuhns-bcum Evausle the impartance of fuskres and

can increase model compluxity emove relevant of recundant ones. Technigues ke
A roduce SCCUrBCY. mmanmm(wemwwmm
model complexty
generalzation, preventng averfiting and echancirg
accuracy.
Lack of propee i Evab Valdation Set o

muh-mcmmmwan
ot generaize wel.

mawmmmdvmwmww«

reladity in reak werkd

Metrics: Us metrics.

can provide an incompiete picture 10 cover diferent aspects of modal performance. Mubiple
of model performance. metrics provide a halistic understanding of model strengths
9 for a sirgle aspect
might tocety.

Falure to conduct thorough error Error Analysis: Conduct a thorough analysis of the model's

aralysis can leave criical Bsues errors to kentsy Imtaticns and areas for mprovement.

uaccressed. Understandng misclassitoaton patiems heips implement
targeled refinements, preventing rapealed mistakes sod
mwwhw«dmﬂlucm

Lack of char

muat:mummwm
on model performance data.

ROC ocurves, lnd mnul curves 1o provide clear
Insights nto the model's performance. Visualzatons

idtly and carrect ootectisl B5UsS.
Fheoration |

(cueo).

Poor moniloring can resudtin
urdntncled performance

degradaton.

ppeines o
process. CUCD ensures smooth updates and minmazes
and

manisinng model consslency.
Mwhsmme Contiruously monioe IMW

Mabpbdmclln—uﬂy mnmm
for pramet interventicn, preventing proknged periods of

poce
Lack of rolback A soltware ralback festure
mﬁnmmmm-m— wak known
post-depioyment. Iimkations that may have adecquate mbigatons.

Integraton can mask model Perfarmance Threshoids. Define and adhere to

fadures integrati heesholds Tt the

falures.

Scalng of the deployed model can
inroduce wflocts.

provents e rekase of 'uw Mh mantaining high
performance and

‘Scakbity and Rll..; m-cmmm

Moadel learns Incorrectly trough
8 not

host the model. Cloud services ke AWS,
GCP, o Azure provide robust apions. Scalible
infrastruchare snsures thw model can handi varying oads
and maintain performance, preventing downtme and
D o O

g can kead o

iderifnd through vakdston

Lack of feedback can resul in
urdntnglnd it

lgroring user feadback can wad to
modals hal do nol mee! user
eeds.

Dolyed updates can cause the
modal 1o become obsalle,

Querftting to the trainng data can

cutput. By ot

deplaymect 8nd lesling Cychs may be recessary but it wil
mitgate deplaying unlestod akgorthers that may have
undeaed outputs.

Foodback Loops. Estatiish feedback bops to colec! dats
mnmwntmmwm Cartirnans

o
qumnmumym

mmnfm ‘Contnuously montor for data and concept
aitto dutaction of
Tooks ke Albi Detect can dently changes in dats
dyriamics. Montorng for crilt alows for Smely relrainiog and
updates 1o the model, preventing kong-term degradaton.
ndiatoes. safety
indcators that can caphure ML ssues, Sefety perkarmance
indicators hat have an established rarge can identity
eeeeging Bsuss with & model before tey become 8 hazerd.

User Dashboard. Establish parformance melrics fom o
e purspective. Estabish an approprate frequency 1o
caphure user feedback as well as the dashboard
presentaton view for key decision makers.

Reguar Updates. Schodue reguiar updates and retrainng
seasiors for the model fo incarporate new data ard maintain
pecformance. Regulse updates ersurs the model stays

maintaining high performance.
Hoidout Valdation. Use a hoidout vaikdation set of cross-
performance

resut in poor parformance cn new waldaticn to enzure the modefs generalzes
cala. well to new dats. This practicn provides o reaksic estmate
of how e model wil pecform in reak-workd scenarios.
reducing the risk of overfiting.
Vakdason Testing. data,
test set can provide a false sense If possible. Real-workd testing highlghts dscrepancies
of model ruksbity. g scereiy,
praventing unexpected failires pos!-deplayment
Vakdaton ar E
derwative tost set can provide a coliected, created, and curated for valdaton
mmoumm
Irneng res- Testing ekt duls,
Mbmwlﬁlﬂnnw if passi. mmmmnmmm
deployment.
mmmwm_mnm
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Analyze Model  Not provided  Insufficient model
Faadback fredback ansyss

Not provided  Insuffickent model
fredback andyss

Too late Late mode! feeddack
analysk

Lack of feedback can resul in
urdntecind performance drit.

Igroring user feedback can lead fo
odels thal do nol meet user
Pends,

Oobyed updates can cawmse e
moel 1o Becoma obsokte.

Foedback Loops. Estatiish feedback bops to colect dats
on the models predictions and oulcomes. Cartinuous.
that

1o
changing condions, malntaining ks acouracy and
relevance.

Moeitor for Drift. Contnuously monitor for data and concept
o y dtction of

Tooks Fke Albi Detect can dentiy changes in dats
dyramics. Monioeng for ceift alows for mely rerainiog and

eeeeging Bsuss with & model before they become 8 hazard.

User Dashboard. Establsh performance metrics from a
user Estatish aly frequency to
caphure user faadback s wel 88 the deshibasd
presentaton view for key decision makers.

Rogular Updates. Schadule raguisr updates and mirning
Session for B model 12 incorporate sew data and mantain
performance. Regular updates ensure the model etays current
Wih the latest data, praventing obschescance and maistaising
high pedormance.

Not sure whare & e best place 1o nsen this but a discussion
on oeine vs cft4ne frning may be relewant i order to have
@ vabdated ML you can cely swppod offies traising 50 that may
be 3 mitigabion to specty.
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