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H #88

You work for an organization that operates a streaming music service. You have a custom production model that is serving a "next
song" recommendation based on a user's recent listening history. Your model is deployed on a Vertex Al endpoint. You recently
retrained the same model by using fresh data. The model received positive test results offline. You now want to test the new model in
production while mnimizing complexity. What should you do?

¢ A. Configure a model monitoring job for the existing Vertex Al endpoint. Configure the monitoring job to detect prediction
drift, and set a threshold for alerts Update the model on the endpoint from the previous model to the new model If you receive
an alert of prediction driff, revert to the previous model.

¢ B. Deploy the new model to the existing Vertex Al endpoint Use traffic splitting to send 5% of production traffic to the new
model Monitor end-user metrics, such as listening time If end-user metrics improve between models over time, gradually
increase the percentage of production traffic sent to the new model.

¢ C. Capture incoming prediction requests in BigQuery Create an experiment in Vertex Al Experiments Run batch predictions
for both models using the captured data Use the user's selected song to compare the models performance side by side If the
new models performance metrics are better than the previous model deploy the new model to production.

¢ D. Create a new Vertex Al endpoint for the new model and deploy the new model to that new endpoint Build a service to
randomly send 5% of production traffic to the new endpoint Monitor end-user metrics such as listening time If end-user
metrics improve between models over time gradually increase the percentage of production traffic sent to the new endpoint.

EfE: B

R

Traffic splitting is a feature of Vertex Al that allows you to distribute the prediction requests among multiple models or model
versions within the same endpoint. You can specify the percentage of traffic that each model or model version receives, and change
it at any time. Traffic splitting can help you test the new model in production without creating a new endpoint or a separate service.
You can deploy the new model to the existing Vertex Al endpoint, and use traffic splitting to send 5% of production traffic to the
new model. You can monitor the end-user metrics, such as listening time, to compare the performance of the new model and the
previous model. Ifthe end-user metrics improve between models over time, you can gradually increase the percentage of production
traffic sent to the new model. This solution can help you test the new model in production while minimizing complexity and cost.
References:

* Traffic splitting | Vertex Al

* Deploying models to endpoints | Vertex Al

HH #89
While performing exploratory data analysis on a dataset, you find that an important categorical feature has 5% null values. You want
to minimize the bias that could result from the missing values. How should you handle the missing values?
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A. Move the rows with missing values to your validation dataset.

B. Remove the rows with missing values, and upsanple your dataset by 5%.

C. Replace the missing values with a placeholder category indicating a missing value.
D. Replace the missing values with the feature's mean.

Ef: C
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The best option for handling missing values in a categorical feature is to replace them with a placeholder category indicating a missing
value. This is a type of imputation, which is a method of estimating the missing values based on the observed data. Imputing the
missing values with a placeholder category preserves the information that the data is missing, and avoids introducing bias or distortion
in the feature distribution. It also allows the machine learning model to learn from the missingness pattern, and potentially use it as a
predictor for the target variable. The other options are not suitable for handling missing values in a categorical feature, because:

* Removing the rows with missing values and upsampling the dataset by 5% would reduce the size of the dataset and potentially lose
important information. It would also introduce sampling bias and overfitting, as the upsampling process would create duplicate or
synthetic observations that do not reflect the true population.

* Replacing the missing values with the feature's mean would not make sense for a categorical feature, as

* the mean is a numerical measure that does not capture the mode or frequency of the categories. It would also create a new
category that does not exist in the original data, and might confuse the machine learning model.

* Moving the rows with missing values to the validation dataset would compromise the validity and reliability of the model evaluation,
as the validation dataset would not be representative of the test or production data. It would also reduce the amount of data
available for training the model, and might introduce leakage or inconsistency between the training and validation datasets.
References:

* Imputation of missing values

* Effective Strategies to Handle Missing Values in Data Analysis

* How to Handle Missing Values of Categorical Variables?

* Google Cloud launches machine learning engineer certification

* Google Professional Machine Learning Engineer Certification

* Professional ML Engineer Exam Guide

* Preparing for Google Cloud Certification: Machine Learning Engineer Professional Certificate

B #90
You are training an object detection model using a Cloud TPU v2. Training time is taking longer than expected. Based on this
simplified trace obtained with a Cloud TPU profile, what action should you take to decrease training time in a cost-efficient way?

A. Rewrite your input fimction using parallel reads, parallel processing, and prefetch.
B. Move from Cloud TPU v2 to Cloud TPU v3 and increase batch size.

C. Rewrite your input function to resize and reshape the mput images.

D. Move from Cloud TPU v2 to 8 NVIDIA V100 GPUs and increase batch size.

EfE: B
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You need to build an ML model for a social media application to predict whether a user's submitted profile photo meets the
requirements. The application will nform the user if the picture meets the requirements. How should you build a model to ensure that
the application does not falsely accept a non-conmpliant picture?

e A. Use AutoML to optimize the model's F1 score in order to balance the accuracy of false positives and false negatives.

e B. Use Vertex Al Workbench user-managed notebooks to build a custom model that has three times as many examples of
pictures that meet the profile photo requirements.

e C. Use Vertex Al Workbench user-managed notebooks to build a custom model that has three times as many examples of
pictures that do not meet the profile photo requirements.

e D. Use AutoML to optimize the model's recall in order to minimize false negatives.

IEf#: D

A -
Recall is the ratio of true positives to the sum of true positives and false negatives. It measures how well the model can identify all the
relevant cases. In this scenario, the relevant cases are the pictures that do not meet the profile photo requirements. Therefore,



minimizing false negatives means minimizing the cases where the model incorrectly predicts that a non-compliant picture meets the
requirerments. By using AutoML to optimize the model's recall, the model will be more likely to reject a non-conpliant picture and
inform the user accordingly. References:

* [AutoML Vision] is a service that allows you to train custom ML models for image classification and object detection tasks. You
canuse AutoML to optimize your model for different metrics, such as recall,

* precision, or F1 score.

* [Recall] is one of the evaluation metrics for ML models. It is defined as TP / (TP + FN), where TP is the number of true positives
and FN is the number of false negatives. Recall measures how well the model can identify all the relevant cases. A high recall means
that the model has a low rate of false negatives.

HA #92

You work at a bank You have a custom tabular ML model that was provided by the bank ' s vendor. The training data is not
available due to its sensitivity. The model is packaged as a Vertex Al Model serving container which accepts a string as input for
each prediction instance. In each string the feature values are separated by commas. You want to deploy this model to production
for online predictions, and monitor the feature distribution over time with minimal effort What should you do?

e A. 1 Refactor the serving container to accept key-value pairs as input format.
2 Upload the model to Vertex Al Model Registry and deploy the model to a Vertex Al endpoint.
3. Create a Vertex Al Model Monitoring job with feature skew detection as the monitoring objective.
¢ B. 1 Upload the model to Vertex Al Model Registry and deploy the model to a Vertex Ai endpoint.
2. Create a Vertex Al Model Monitoring job with feature drift detection as the monitoring objective, and provide an instance
schema.
e C. 1 Upload the model to Vertex Al Model Registry and deploy the model to a Vertex Al endpoint.
2 Create a Vertex Al Model Monitoring job with feature skew detection as the monitoring objective and provide an instance
schema.
¢ D. 1 Refactor the serving container to accept key-value pairs as input format.
2. Upload the model to Vertex Al Model Registry and deploy the model to a Vertex Al endpoint.
3. Create a Vertex Al Model Monitoring job with feature drift detection as the monitoring objective.

iIFf@#: B
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The best option for deploying a custom tabular ML model to production for online predictions, and monitoring the feature
distribution over time with minimal effort, using a model that was provided by the bank's vendor, the training data is not available due
to its sensttivity, and the model is packaged as a Vertex Al Model serving container which accepts a string as input for each
prediction instance, is to upload the model to Vertex Al Model Registry and deploy the model to a Vertex Al endpoint, create a
Vertex Al Model Monitoring job with feature drift detection as the monitoring objective, and provide an instance schema. This
option allows you to leverage the power and simplicity of Vertex Al to serve and monitor your model with mmimal code and
configuration. Vertex Al is a unified platform for building and deploying machine learning solutions on Google Cloud. Vertex Al can
deploy a trained model to an online prediction endpoint, which can provide low-latency predictions for individual instances. Vertex
Al can also provide various tools and services for data analysis, model development, model deployment, model monitoring, and
model governance.

A Vertex Al Model Registry is a resource that can store and manage your models on Vertex Al. A Vertex Al Model Registry can
help you organize and track your models, and access various model information, such as model name, model description, and model
labels. A Vertex Al Model serving container is a resource that can run your custom model code on Vertex Al. A Vertex Al Model
serving container can help you package your model code and dependencies into a container image, and deploy the container image
to an online prediction endpoint. A Vertex Al Model serving container can accept various input formats, such as JSON, CSV, or
TFRecord. A string input format is a type of mput format that accepts a string as mput for each prediction instance. A string nput
format can help you encode your feature values into a single string, and separate them by commas. By uploading the model to
Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, you can serve your model for online predictions with
minimal code and configuration. You can use the Vertex Al API or the gcloud command-line tool to upload the model to Vertex Al
Model Registry, and provide the model name, model description, and model labels. You can also use the Vertex Al API or the
geloud command-line tool to deploy the model to a Vertex Al endpoint, and provide the endpoint name, endpoint description,
endpoint labels, and endpoint resources. A Vertex Al Model Monitoring job is a resource that can monitor the performance and
quality of your deployed models on Vertex Al. A Vertex Al Model Monitoring job can help you detect and diagnose issues with
your models, such as data drift, prediction drift, training/serving skew, or model staleness. Feature drift is a type of model monitoring
metric that measures the difference between the distributions of the features used to train the model and the features used to serve
the model over time. Feature drift can indicate that the online data is changing over time, and the model performance is degrading.
By creating a Vertex Al Model Monitoring job with feature drift detection as the monitoring objective, and providing an instance
schema, you can monitor the feature distribution over time with minimal effort. You can use the Vertex Al API or the geloud



command-line tool to create a Vertex Al Model Monitoring job, and provide the monitoring objective, the monitoring frequency, the
alerting threshold, and the notification channel. You can also provide an instance scherma, which is a JSON file that describes the
features and their types in the prediction input data. An instance schema can he Ip Vertex Al Model Monitoring parse and analyze
the string input format, and calculate the feature distributions and distance scores 1 .

The other options are not as good as option A, for the following reasons:

* Option B: Uploading the model to Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex
Al Model Monitoring job with feature skew detection as the monitoring objective, and providing an instance schema would not help
you monitor the changes in the online data over time, and could cause errors or poor performance. Feature skew is a type of model
monitoring metric that measures the difference between the distributions of the features used to train the model and the features used
to serve the model at a given point in time. Feature skew can indicate that the model is not trained on the representative data, or that
the data is changing over time. By creating a Vertex Al Model Monitoring job with feature skew detection as the monitoring
objective, and providing an instance schema, you can monitor the feature distribution at a given point in time with minimal effort.
However, uploading the model to Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al
Model Monitoring job with feature skew detection as the monitoring objective, and providing an instance schema would not help
you monitor the changes in the online data over time, and could cause errors or poor performance. You would need to use the
Vertex Al API or the gcloud command-line tool to upload the model to Vertex Al Model Registry, deploy the model to a Vertex Al
endpoint, create a Vertex Al Model Monitoring job, and provide an instance schema. Moreover, this option would not monitor the
feature drift, which is a more direct and relevant metric for measuring the changes in the online data over time, and the model pe
rformance and quality

1.

* Option C: Refactoring the serving container to accept key-value pairs as input format, uploading the model to Vertex Al Model
Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring job with feature drift detection as
the monitoring objective would require more skills and steps than uploading the model to Vertex Al Model Registry and deploying
the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring job with feature drift detection as the monitoring
objective, and providing an instance schema. A key-value pair nput format is a type of mput format that accepts a key-value pair as
mnput for each prediction instance. A key-value pair input format can help you specify the feature names and values ina JSON
object, and separate them by colons. By refactoring the serving container to accept key-value pairs as input format, uploading the
model to Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring job
with feature drift detection as the monitoring objective, you can serve and monitor your model with mnimal code and configuration.
You can write code to refactor the serving container to accept key-value pairs as input format, and use the Vertex Al API or the
gcloud command- line tool to upload the model to Vertex Al Model Registry, deploy the model to a Vertex Al endpoint, and create
a Vertex Al Model Monitoring job. However, refactoring the serving container to accept key- value pairs as input format, uploading
the model to Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring
job with feature drift detection as the monitoring objective would require more skills and steps than uploading the model to Vertex
Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring job with feature drift
detection as the monitoring objective, and providing an instance schema. You would need to write code, refactor the serving
container, upload the model to Vertex Al Model Registry, deploy the model to a Vertex Al endpoint, and create a Vertex Al
Model Monitoring job. Moreover, this option would not use the instance schema, which is a JSON file that can help Vertex Al
Model Monitoring parse and analyze the string input format, and calcula te the feature distributions and distance scores 1 .

* Option D: Refactoring the serving container to accept key-value pairs as input format, uploading the model to Vertex Al Model
Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring job with feature skew detection
as the monitoring objective would require more skills and steps than uploading the model to Vertex Al Model Registry and
deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring job with feature drift detection as the
monitoring objective, and providing an instance schema, and would not help you monitor the changes in the online data over time,
and could cause errors or poor performance. Feature skew is a type of model monitoring metric that measures the difference
between the distributions of the features used to train the model and the features used to serve the model at a given point in time.
Feature skew can indicate that the model is not trained on the representative data, or that the data is changing over time.

By creating a Vertex Al Model Monitoring job with feature skew detection as the monitoring objective, you can monitor the feature
distribution at a given point in time with minimal effort. However, refactoring the serving container to accept key-value pairs as input
format, uploading the model to Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al
Model Monitoring job with feature skew detection as the monitoring objective would require more skills and steps than uploading
the model to Vertex Al Model Registry and deploying the model to a Vertex Al endpoint, creating a Vertex Al Model Monitoring
job with feature drift detection as the monitoring objective, and providing an instance schema, and would not help you monitor the
changes in the online data over time, and could cause errors or poor performance. You would need to write code, refactor the
serving container, upload the model to Vertex Al Model Registry, deploy the model to a Vertex Al endpoint, and create a Vertex
Al Model Monitoring job. Moreover, this option woul d not monitor the feature drift, which is a more direct and relevant metric for
measuring the changes in the online data over time, and the model performance and quality 1 .

References:

Using Model Monitoring | Vertex Al | Google Cloud
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