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Question: 1 
   
A data science team must train a Gradient Boosted Trees (GBT) model on a feature table containing 150 
TB of dense numerical data for daily propensity modeling. Given the massive scale and the need for GPU 
acceleration on Databricks, which approach is recommended to leverage Spark's distributed capabilities 
for model training? 
 
A. Use the open source Python xgboost .train function within a single large Databricks ML Runtime GPU 
instance, ensuring the instance memory far exceeds 150 TB. 
B. Employ the built-in sparkdl .xgboost .XGBoostC1assifier estimator, configuring num_workers equal to 
the cluster core count to manage distributed training efficiently. 
C. Collect the entire 150 TB dataset into a single Pandas DataFrame using df.toPandas(), then train the 
model using a localized GPU library. 
D. Utilize xgboost. spark. SparkXGBC1assifier, leveraging Spark's distributed architecture to partition the 
150 TB dataset across multiple executor GPUs for concurrent training. 
E. Implement an MLflow PyFunc model wrapper around a standard single-node XGBoost instance and 
log it directly to Unity Catalog. 
 

Answer: D     
 
Explanation: 
SparkML, specifically distributed ML libraries like 'xgboost.spark', is highly recommended when the 
dataset size far exceeds the memory capacity of a single machine (150 TB). Option D, using 
'SparkXGBClassifier' (part of the modern 'xgboost.spark' module), correctly identifies the mechanism for 
utilizing Spark's distributed computing to train a scalable model across multiple executors, potentially 
leveraging GPUs if configured. Option A is infeasible as 150 TB cannot fit on a single instance. Option B 
uses the deprecated 'sparkdl.xgboost' module. Option C will result in an immediate out-of-memory 
error. Option E addresses deployment, not scalable training. 

Question: 2 
   
A financial institution needs to execute batch inference against a newly received dataset of 500 million 
records, logging results to a Delta table within a tight 4-hour SLA. A trained PyFunc model, fraud_clf, is 
registered in Unity Catalog. Which efficient and scalable implementation snippet ensures distributed 
scoring across the required volume? 

 
 
A. Option A 
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B. Option B 
C. Option C 
D. Option D 
E. Option E 
 

Answer: D     
 
Explanation: 
For high-throughput, high-volume offline scoring (500 million records, 4-hour SLA), Spark batch 
inference is mandatory. Option D demonstrates the best practice using 'mlflow.pyfunc.spark_udf' to 
wrap the MLflow model into a Spark User-Defined Function (UDF). This function automatically leverages 
Apache Arrow and distributes the model loading and inference computation across all cluster worker 
nodes, making it highly scalable and performant for batch tasks. Option A is single-threaded and non-
scalable. Option B is designed for low-latency/real-time use cases, not massive asynchronous batch jobs. 
Option C suffers from Python serialization overhead and runs poorly at scale. 

Question: 3 
   
A media company implements a Quality of Service (QOS) solution to monitor streaming video 
performance in near real-time, requiring continuous processing (latency < 5 minutes). The processing 
involves enriching incoming event data with geo-location metadata stored in a constantly updated Delta 
table and scoring the augmented data using a fault-tolerant deep learning model. Which configuration 
element confirms that Apache Spark Structured Streaming is the appropriate component for this use 
case? 
 
A. The use of the trigger (realTime="5 minutes") option ensures ultra-low latency inference suitable for 
real-time customer feedback loops. 
B. The pipeline structure enables ETL transformations, stream-stream joins (event stream + metadata 
stream), and embedding deep learning model inference as a transform()operation, all within a unified 
dataflow.  
C. The utilization of dedicated single-node compute clusters configured for the GPU-enabled Databricks 
Runtime ML. 
D. The model is deployed via Model Serving, receiving requests asynchronously from the Structured 
Streaming job via REST API calls. 
E. Data ingress uses RDD APIs to achieve fault tolerance via Kafka connectors. 
 

Answer: B     
 
Explanation: 
Apache Spark Structured Streaming is recommended for continuous data processing workloads where 
the complexity involves incremental ETL, stream-stream joins (e.g., enriching events with Delta table 
data), and high-throughput scoring, supporting near real-time requirements (latency < 5 minutes). 
Option B correctly describes how Structured Streaming unifies these capabilities, using transformations 
and model UDFs applied directly within the data stream. Option A's trigger is valid for low latency but 
'realTime' mode is intended for operational workloads where latency is sub-second (ms), not near real-
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time (minutes). Option C limits scalability. Option D introduces unnecessary latency overhead compared 
to using distributed UDFs directly in Spark. 

Question: 4 
   
A team developing a large-scale recommendation system requires extracting features from 50 TB of raw 
user log data (Bronze tables) and materializing rich features (Gold tables). The ETL pipeline involves 
complex data aggregation, deduplication, and cleaning operations. Why is Apache Spark essential for 
the feature engineering phase, even if the eventual model training algorithm (e.g., a simple linear 
model) could run on a small sampled dataset? 
 
A. Spark automatically performs semantic type detection required for metadata extraction before 
cleaning the data. 
B. Spark provides native integration with RDD APIs necessary for efficient data aggregation workflows in 
the Bronze layer. 
C. The use of vectorized Pandas UDFs within Spark allows the transformation and aggregation of the 50 
TB dataset to be distributed and scaled efficiently across the cluster before model training, preventing 
out-of-memory issues. 
D. The complexity of deduplication and cleaning at scale requires SQL syntax, which is only executed 
efficiently via the Spark engine. 
E. It is required for compliance that all feature engineering workloads utilize a dedicated MLIib 
Transformer, regardless of data scale. 
 

Answer: C     
 
Explanation: 
Spark is critical for the Data Prep and Feature Engineering phase when dealing with massive volumes of 
raw data (50 T B). Even if the model input is small, the initial ETL must scale. Option C highlights the 
ability of Spark (using optimizations like Pandas/Arrow UDFs for efficient parallel row operations) to 
distribute the computationally intensive aggregation and cleaning across worker nodes, which a single-
machine solution could not handle due to memory limits. Option B is outdated; modern ETL relies on 
Structured APIs (DataFrames/SQL). Option D ignores that complex transformations often require 
Python/Scala logic. 

Question: 5 
   
An e-commerce company needs to build a scalable model for collaborative filtering (product 
recommendations) using implicit feedback from millions of users and billions of product interaction 
events. Since high dimensionality and large user/item matrices are expected, which algorithm and 
platform choice provides optimal distributed processing for this specific task? 
 
A. Use the built-in "learn. cluster. KMeans algorithm on a single node after downsampling the 
interaction data to 5 GB. 
B. Implement a custom deep learning network trained via PyTorch Distributed (TorchDistributor) to 
handle matrix factorization iteratively. 
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C. Leverage Spark MLIib's distributed implementation of the Alternating Least Squares (ALS) algorithm to 
efficiently perform matrix factorization across the distributed user-item dataset. 
D. Use MLflow's Prompt Engineering tools to train a Large Language Model (LLM) for personalized 
recommendations. 
E. Use the GraphFrames library to model the user-item interactions and apply a distributed Shortest 
Path algorithm. 
 

Answer: C     
 
Explanation: 
Recommendation systems, particularly those using collaborative filtering with large, sparse user-item 
interaction matrices (implicit feedback), are classic big data problems where models scale poorly on 
single machines. Spark MLIib includes the distributed ALS algorithm specifically for this purpose (matrix 
factorization), providing an optimal, scalable solution for large datasets. Option A is unsuitable due to 
the massive loss of fidelity from extreme downsampling. Option B is overly complex when a specialized, 
tested SparkML algorithm exists. Option D (LLMs/Prompt Engineering) is generally reserved for 
generating content or human-readable summaries, not for high-volume collaborative filtering matrix 
operations. 
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