Architecting Real-Time Enterprise Big
Data Systems: Message Brokers, Stream
Processing, and Lakehouse Integration

The architectural landscape of enterprise big data has undergone a profound paradigm shift,
transitioning from batch-oriented, monolithic data warehouses to decoupled, real-time event
streaming architectures. As organizations demand sub-second latency, strict data consistency,
and petabyte-scale throughput, the message broker and the stream processing engine have
become the central nervous system of the modern data stack. Furthermore, the downstream
persistence of these streaming pipelines into open data lakehouses requires advanced
columnar storage formats and massively parallel query engines. Designing these end-to-end
systems requires a rigorous understanding of distributed consensus, memory management,
disk I/0O mechanics, and exactly-once processing guarantees. The following analysis
deconstructs the foundational architecture of Apache Kafka, evaluates next-generation broker
alternatives, investigates the profound engineering complexities behind distributed state
management in Apache Flink, and synthesizes how these streaming ecosystems integrate with
advanced lakehouse storage and query execution engines.

Deconstructing Apache Kafka and the Distributed
Commit Log

Apache Kafka pioneered the concept of the distributed commit log, fundamentally altering how
enterprise systems communicate. Rather than treating messages as ephemeral data points to
be queued and deleted upon consumption, Kafka modeled data as an immutable, append-only
log. This design decision unlocked unprecedented scalability and durability, allowing multiple
disparate consumer systems to process the same streams of events at their own pace without
impacting the performance of the broker.

The Logical Architecture: Topics, Partitions, and Consumer Groups

At its highest logical level, Kafka organizes data streams into topics, which represent a
particular category or feed of messages. However, a single topic hosted on a single machine
presents a hard ceiling on scalability. To bypass the physical limitations of a single server, Kafka
divides topics into partitions. Partitions serve as the fundamental unit of parallelism and storage
in Kafka. Each partition is an ordered, immutable sequence of records that is continually
appended to. By distributing partitions across multiple broker nodes within a cluster, Kafka
allows a single topic to handle throughput that exceeds the network and disk capacity of any
single machine.

The consumer group model is Kafka’s mechanism for enabling massively parallel, yet highly
coordinated, data consumption. A consumer group consists of multiple consumer instances that
cooperate to consume data from a topic. Kafka enforces a strict rule dictating that each partition
within a topic can be consumed by exactly one consumer instance within a given consumer
group at any given time. If a topic has fifty partitions, a consumer group can scale up to fifty



instances, with each instance exclusively processing one partition. If a consumer instance fails,
Kafka triggers a rebalance protocol, reassigning the orphaned partitions to the surviving
members of the group. This model elegantly combines the broadcast capabilities of traditional
publish-subscribe systems with the load-balancing properties of message queues.

Cluster Mechanics: Leader Election and Consensus

High availability in Kafka is achieved through partition replication. For a given partition, Kafka
maintains multiple replicas distributed across different brokers. Among these replicas, one is
elected as the leader, while the others function as followers. The leader handles all read and
write requests for that specific partition, ensuring strong consistency, while the followers
passively replicate the leader's commit log and acknowledge the receipt of messages.

Leader election is a critical component of Kafka's fault tolerance. Historically, Kafka relied on
Apache ZooKeeper to manage cluster metadata, track broker availability, and coordinate leader
election. ZooKeeper acted as an external source of truth, maintaining a dynamic set of
synchronized replicas known as the In-Sync Replicas list. However, maintaining a separate
distributed system solely for metadata coordination introduced severe operational burdens,
synchronization latency, and complex deployment topologies.

To resolve these architectural limitations, Kafka introduced KRaft, formally known as Kafka Raft
Metadata mode. Making ZooKeeper obsolete in modern Kafka architectures, KRaft integrates
consensus directly into the Kafka broker ecosystem. Under KRaft, a quorum of controller nodes
runs the Raft consensus algorithm internally, storing the metadata state in a specialized internal
topic and treating cluster state changes as an event stream. This unified architecture
dramatically reduces the time required to elect a new controller, allows clusters to scale to
millions of partitions, and simplifies the overall operational footprint of the enterprise messaging
tier.

Achieving Unprecedented Throughput: Sequential /0 and the Page
Cache

A common misconception in system design is that disk storage is inherently too slow for
high-throughput messaging. Traditional enterprise messaging systems attempted to maintain all
active messages in random access memory, aggressively flushing to disk only when memory
pressure reached critical thresholds. Kafka inverts this paradigm entirely, relying on the principle
that modern mechanical and solid-state disks excel at sequential I/O.

In a modern hardware configuration, sequential disk access can outpace random memory
access. For example, a redundant array of independent disks configured with standard drives
can easily achieve sequential write speeds exceeding 600 megabytes per second, whereas
random writes on the same hardware might yield a fraction of a megabyte per second. Kafka's
append-only log structure is engineered specifically to exploit this hardware reality, appending
messages sequentially and completely avoiding the latency penalty associated with disk head
seeks and rotational delays.

Furthermore, Kafka leverages the Linux operating system's Page Cache rather than allocating
massive amounts of objects within the Java Virtual Machine heap. When the Kafka broker
receives data, it does not immediately instruct the disk controller to write to the physical platter.
Instead, it writes the data into the kernel's Page Cache. The operating system's 1/0 scheduler
then asynchronously flushes these pages to disk, batching multiple small logical writes into



larger, highly efficient physical writes. By keeping data off the JVM heap, Kafka completely
sidesteps the severe performance degradation associated with garbage collection. Millions of
message objects would typically overwhelm the JVM's garbage collector, causing unpredictable
pause times. Instead, Kafka stores compact binary data in the Page Cache, effectively utilizing
all available free RAM on the machine without incurring any JVM overhead.

The Zero-Copy Principle: Bypassing the CPU

The most profound optimization in Kafka's architecture is its utilization of the zero-copy data
transfer mechanism. To appreciate the magnitude of this optimization, one must analyze the
traditional data transfer model. In a standard Java-based application serving files over a
network, transferring data from a disk to a socket requires four distinct data copies and four
context switches between user space and kernel space. The traditional path proceeds with the
application issuing a read system call, causing a context switch from user to kernel mode. The
Direct Memory Access engine copies data from the disk into a kernel buffer, and the CPU then
copies the data from the kernel buffer into the application's user-space buffer, triggering a
second context switch. Next, the application issues a send system call, initiating a third context
switch as the CPU copies the data from the user buffer into a kernel socket buffer. Finally, the
Direct Memory Access engine copies the data from the socket buffer to the Network Interface
Card buffer. This process saturates memory bandwidth, wastes CPU cycles on redundant
memory copying, and pollutes the CPU cache.

Kafka circumvents this massive overhead by utilizing the Linux sendfile system call. Because
Kafka strictly maintains the same binary message format on disk, across the network, and within
the producer and consumer clients, the broker does not need to deserialize, inspect, or modify
the data in transit. When a consumer requests data, the Kafka broker invokes the sendfile
command. The Direct Memory Access engine reads the data from the disk directly into the OS
Page Cache. From there, rather than the CPU copying the data into user space, a network
interface descriptor is appended to the socket buffer, and the hardware engine copies the data
directly from the Page Cache to the network buffer. This zero-copy transfer eliminates all CPU
involvement in the data copying process, reducing the data copies from four to two and cutting
context switches from four to two. The result is that Kafka can saturate high-speed network links
with near-zero CPU utilization, freeing the processor to handle thousands of concurrent
connections.

Next-Generation Message Brokers: Redpanda and
Apache Pulsar

While Apache Kafka remains the undisputed industry standard, the evolution of cloud-native
infrastructure and the demand for operational simplicity have spawned next-generation
alternatives. Redpanda and Apache Pulsar represent two distinct architectural philosophies
challenging Kafka's dominance in the enterprise.

Redpanda: Hardware Symbiosis and the Thread-Per-Core Model

Redpanda was engineered with a specific philosophy aiming to retain full APl compatibility with
the Kafka ecosystem while completely rewriting the underlying broker architecture in C++ to
extract maximum performance from modern hardware. Redpanda acts as a drop-in replacement



for Kafka, ensuring that existing Kafka producers, consumers, and management tools can
interface with Redpanda without code modifications.

The fundamental architectural divergence between Kafka and Redpanda lies in the concurrency
model and memory management. Kafka relies on the JVM and a multi-threaded architecture
where threads share state and coordinate via locks. Redpanda is built on the Seastar
framework, which employs an aggressive thread-per-core, shared-nothing architecture. In
Redpanda, each physical CPU core is assigned a dedicated thread, its own isolated chunk of
memory, and a specific subset of partitions. Cores do not share memory; if data must cross core
boundaries, it does so via explicit message passing rather than shared memory locks.

This shared-nothing architecture eliminates lock contention and cache invalidation across CPU
cores. By bypassing the JVM entirely, Redpanda immunizes itself against garbage collection
pauses, which are the primary culprit behind unpredictable tail latencies in Kafka deployments.
Furthermore, Redpanda integrates consensus natively by running the Raft algorithm
independently per partition group from its inception, removing the need for any external
coordinator like ZooKeeper or a separate KRaft controller quorum. Performance in Redpanda is
heavily optimized for Non-Volatile Memory Express solid-state drives, utilizing kernel-bypassing
techniques, pinned memory, and disabled CPU power-saving states to ensure that disk I/O
operates at the theoretical limits of the hardware.

Apache Pulsar: Decoupling Compute and Storage

If Redpanda optimizes the monolithic broker, Apache Pulsar deconstructs it. Originally
developed at Yahoo, Pulsar was designed from the ground up for massive multi-tenancy,
geographic replication, and independent scalability. Pulsar introduces a multi-layer architecture
that strictly decouples the compute tier from the storage tier.

In a Pulsar cluster, the brokers are entirely stateless compute nodes. They handle the routing of
messages, client connections, and API requests, but they do not persist any data locally.
Instead, brokers write the data over the network to a separate, dedicated storage layer powered
by Apache BookKeeper, which acts as a highly scalable, distributed write-ahead log system.
Within BookKeeper, storage nodes persist the actual message data in distributed segments
known as ledgers.

This decoupled architecture provides profound operational advantages for cloud-native
deployments. In traditional Kafka, the broker and the storage are tightly coupled. If a Kafka
cluster requires more storage capacity, an administrator must add a new broker, which then
triggers a massive, highly intensive network operation to rebalance and copy partition data from
existing brokers to the new one. In Pulsar, scaling compute and scaling storage are isolated
operations. If throughput increases, administrators simply deploy more stateless brokers, which
instantly begin serving traffic without requiring any data movement. If storage capacity is
exhausted, administrators add more storage nodes, and the system automatically begins writing
new ledgers to the new hardware. Additionally, Pulsar's architecture is uniquely suited for
automatic tiered storage, allowing older ledgers to seamlessly offload to cloud object storage
while maintaining a unified logical view for the consumer.

Architectural Dimension|Apache Kafka Redpanda Apache Pulsar
Storage Topology Coupled compute & Coupled compute & Decoupled compute &
storage storage storage
Language & Runtime [Scala / Java (JVM) C++ (Seastar Java (JVM)
Framework)




Architectural DimensionIApache Kafka Redpanda Apache Pulsar
Concurrency Model |Multi-threaded JVM Thread-per-core Multi-threaded JVM
(Shared-nothing)

Consensus Protocol |KRaft (Internal Raft Raft natively per Apache ZooKeeper &
quorum) artition group BookKeeper

Ecosystem Native standard 100% Kafka API Pulsar native (Kafka via

Compatibility compatible KoP)

Scaling Dynamics Intensive partition Intensive partition Instant compute scaling
reassignment reassignment

The Engineering Rigor of Exactly-Once Semantics
(EOS)

Message delivery guarantees in distributed systems are traditionally categorized into three
escalating tiers. At-most-once semantics operate on a fire-and-forget basis; messages may be
lost during network partitions or node failures, but they will never be duplicated. At-least-once
semantics guarantee that no data is lost; if an acknowledgment is dropped, the producer retries
the transmission, ensuring delivery but frequently resulting in duplicate records in the log.
Exactly-once semantics is the most rigorous guarantee in distributed data processing. It ensures
that despite network failures, broker crashes, or consumer application restarts, the effect of
processing a message occurs exactly once. The engineering difficulty in achieving exactly-once
processing is immense because the messaging system and the application must cooperate
perfectly to resolve the ambiguity of network timeouts. If a producer sends a message and the
network drops the acknowledgment, the producer cannot know if the broker failed to write the
data, or if it successfully wrote the data but the network dropped the response. To prevent data
loss, the producer must retry, but without specific systemic safeguards, this retry invariably
creates a duplicate.

Kafka's Internal EOS: Idempotent Producers and Transaction
Coordinators

To achieve exactly-once processing, Kafka introduced two distinct but complementary
mechanisms encompassing Idempotent Producers and the Transactional API. Idempotence
solves the problem of producer-side duplicates for a single partition. When idempotence is
enabled, the Kafka broker assigns a unique, ephemeral Producer ID to the producer upon
initialization. As the producer sends messages, it attaches its Producer ID and a monotonically
increasing sequence number to each message batch. The broker maintains the highest
sequence number it has successfully written for each Producer ID on a per-partition basis. If a
network timeout occurs and the producer retries sending a batch, the broker examines the
sequence number. If the sequence number is less than or equal to the highest recorded
sequence number for that producer, the broker recognizes it as a duplicate, safely discards the
write, and returns a success acknowledgment to the producer.

However, idempotence alone is insufficient for complex stream processing. A stream processor
typically consumes a message from an input topic, updates an internal state store, and
produces derivative messages to multiple output partitions. A failure mid-process could leave
the system in an inconsistent state where offsets are committed but outputs are absent, or
outputs are produced but offsets remain uncommitted.



To resolve this, Kafka utilizes a Transactional API, allowing producers to send messages to
multiple partitions atomically. This is governed by a dedicated broker component called the
Transaction Coordinator. The producer is configured with a persistent transactional identifier,
which allows the coordinator to recognize the producer across application crashes and restarts,
effectively fencing out old, zombie instances of the producer.

Orchestrating the Two-Phase Commit Protocol

Kafka's transactions utilize a distributed Two-Phase Commit protocol orchestrated by the
Transaction Coordinator. The lifecycle of an exactly-once pipeline begins with initialization,
where the producer registers its identity with the coordinator, which increments an epoch
number to fence off older producers. The producer then declares the start of a transaction,
writing data to various output partitions and simultaneously registering these partitions with the
coordinator. Crucially, the producer sends the consumer offsets, representing the input data it
just processed, directly to the transaction coordinator, linking the consumption of input with the
production of output in a single atomic unit.

During the final commit phase, the Transaction Coordinator first writes a persistent
prepare-commit message to its internal transaction log. It then writes specialized control
messages known as Commit Markers to all the target output partitions and the consumer offset
partition. To prevent downstream consumers from reading partial or uncommitted data,
consumers must be configured with a read-committed isolation level. When operating in this
mode, the consumer will buffer and withhold any messages belonging to an open transaction,
yielding messages to the application only once the Commit Marker arrives in the partition log.

End-to-End Exactly-Once Processing with Apache Flink

While Kafka’s internal transactions handle exactly-once semantics within the messaging
ecosystem, enterprise architectures require data to flow from Kafka, through a complex stream
processor, and into external systems. Apache Flink is widely regarded as the premier stream
processing framework capable of projecting exactly-once guarantees across this entire
end-to-end pipeline.

True end-to-end exactly-once semantics requires a transactional source with replayable offsets,
a stateful processor with consistent distributed snapshotting, and a sink that either supports
idempotent upserts or participates in a Two-Phase Commit. Flink treats Kafka offsets identically
to its own internal state. During a Flink checkpoint, which acts as a consistent global snapshot
of the stream processing state, Flink saves the exact read position of the Kafka consumers
alongside the state of all aggregations and windowing operators. If a node fails, Flink restores
its internal state from the checkpoint and simply rewinds the Kafka consumers to the exact
offsets recorded in that snapshot, perfectly eliminating data loss.

To prevent duplicate output to external systems during a replay, Flink coordinates its internal
checkpointing mechanism with the external system's transactional capabilities via a two-phase
commit sink function. As data flows through the Flink sink, it writes the data into a pending
Kafka transaction. When the sink receives a checkpoint barrier, it stops the current transaction,
flushes the data, and prepares to commit it, immediately opening a new transaction for the data
belonging to the next checkpoint interval. Flink's central coordinator waits until every single
operator in the distributed cluster has successfully completed its local snapshot. Once global
consistency is verified, the coordinator sends a success notification to all sinks, prompting them
to issue the final commit command to the Kafka Transaction Coordinator. If any operator fails



during the checkpoint, Flink issues an abort command, the sinks abort the pending transactions
rendering the partially written data invisible, and the system rolls back to the previous successful
checkpoint.

Stateful Stream Processing and Fault Tolerance in
Apache Flink

Apache Flink distinguishes itself from legacy big data processing frameworks through its native,
continuous streaming execution model. Whereas frameworks like Apache Spark initially
approached streaming by breaking unbounded data into small, discrete micro-batches, Flink
was designed to process data entirely event-by-event.

The Continuous Streaming Model vs. Micro-batching

Spark’s structured streaming model inherently introduces latency tied to the batch accumulation
window, resulting in delays typically measured in seconds. In contrast, Flink instantiates a
long-running directed acyclic graph of operators. Data flows continuously and asynchronously
through pipelines established between these operators. Because there is no artificial waiting
period to accumulate batches, Flink routinely achieves sub-second to single-digit millisecond
end-to-end latencies. This true streaming model requires sophisticated state management, as
operators must remember past events to compute aggregations, execute window joins, or
detect complex event patterns.

Managing State: HashMap and Embedded RocksDB

Flink offers highly tunable state backends depending on the operational scale. For pipelines with
small, ephemeral state, the hash map state backend maintains state directly as Java objects on
the JVM heap within each task manager, providing exceptionally fast read and write access.
However, for enterprise workloads involving massive, long-window aggregations, maintaining
state on the heap inevitably triggers catastrophic garbage collection pauses or out-of-memory
errors.

To circumvent this, Flink provides an embedded RocksDB state backend. RocksDB is an
embedded, highly optimized key-value store built on a log-structured merge tree architecture.
Flink serializes state data into byte arrays and delegates it to RocksDB, which keeps the hottest
data in off-heap memory and seamlessly spills colder data to the local disk. This architecture
allows a single Flink task to maintain state sizes spanning terabytes, fundamentally unbounded
by the physical RAM limitations of the node, while still allowing asynchronous snapshots to
distributed storage for fault tolerance.

Asynchronous Barrier Snapshotting (Chandy-Lamport Algorithm)

The cornerstone of Flink’s fault tolerance is its distributed snapshotting mechanism, which is an
optimized variant of the classic Chandy-Lamport algorithm known as Asynchronous Barrier
Snapshotting. The fundamental challenge in distributed stream processing is capturing a
globally consistent snapshot of the system state across dozens of distributed nodes without
halting the entire data processing pipeline.

Flink accomplishes this through the injection of logical markers called checkpoint barriers. The



central coordinator periodically initiates a checkpoint by instructing all source operators to inject
a barrier into the data stream. These barriers flow downstream through the graph exactly like
normal data records, maintaining strict first-in, first-out ordering. The barrier effectively slices the
unbounded data stream, determining that all events preceding the barrier belong to the current
checkpoint, and all trailing events belong to the next.

When a single-input operator receives a batrrier, it pauses briefly to snapshot its current state to
durable storage, and then immediately forwards the barrier to its downstream consumers. The
complexity arises in multi-input operators, such as stream joins. To maintain global consistency,
these operators must execute a process known as barrier alignment. When a multi-input
operator receives a barrier on one of its input channels, it must stop processing data from that
specific channel. It buffers the incoming data while continuing to process data from its other,
slower channels. Only when the operator has received the barrier from all of its input channels
is the state considered perfectly aligned. At this exact microsecond, the operator snapshots its
combined state, forwards the barrier downstream, unblocks all channels, and resumes normal
processing.

While barrier alignment guarantees that no event is processed twice and no event is missed, it
can become a bottleneck in highly congested networks. If one input channel is heavily delayed,
the operator must block the fast channel, exacerbating systemic backpressure. To mitigate this,
modern Flink architectures can employ unaligned checkpoints, where an operator immediately
snapshots its state upon receiving the first barrier, simultaneously snapshotting the raw, in-flight
data sitting in the network buffers of the slower channels. This significantly accelerates the
checkpointing process and prevents backpressure cascades.

Downstream Sinks and Lakehouse Storage Formats

Once a stream processor like Flink successfully checkpoints state and commits transactions,
the data must persist in a durable downstream sink for historical analytics and machine learning.
In modern enterprise big data systems, this sink is invariably an open table format resting on a
distributed object store, requiring an understanding of physical storage layouts like Apache
Parquet and table formats like Iceberg, Delta Lake, and Hudi.

Apache Parquet: Hybrid Storage and Nested Data Encoding

Apache Parquet serves as the foundational physical storage layer for modern data
architectures. Unlike traditional CSV or JSON formats that write records row by row, Parquet
utilizes a hybrid storage layout. To prevent the massive inefficiency of purely columnar files
stretching across entire datasets, Parquet slices a table horizontally into large chunks known as
row groups, typically ranging from 128 megabytes to 1 gigabyte in size. Within each row group,
the values are stored vertically as contiguous column chunks, which are further subdivided into
extremely granular data pages. This architecture allows distributed engines to assign different
row groups to parallel workers while enabling aggressive column pruning, skipping over column
chunks that are irrelevant to a specific query.

Parquet achieves exceptional storage efficiency through advanced encoding techniques, most
notably dictionary encoding and run-length encoding. For columns containing repetitive data,
Parquet avoids writing the full string repeatedly; instead, it builds a localized dictionary mapping
strings to small integers, physically storing only the integers.

To handle complex, nested schemas common in event streaming, Parquet implements the



record shredding and assembly algorithm derived from Google's Dremel paper. Rather than
serializing nested arrays or structs into bulky JSON strings, Parquet shreds the nested fields
into flat columns, utilizing two crucial metadata integers stored alongside the data: Definition
Levels and Repetition Levels. Definition levels indicate exactly how many optional fields in the
nested schema path are physically present, effectively managing deeply nested null values.
Repetition levels indicate when a new item within a repeated field, such as an array, begins,
allowing the exact reconstruction of complex, multi-level structures from flat binary lists. Parquet
files are inherently self-describing, finalizing with a metadata footer containing minimum,
maximum, and null count statistics for every column chunk, enabling query engines to leverage
predicate pushdown to skip entire row groups before reading the data.

Table Formats for Streaming Data Integration: Iceberg, Delta Lake,
and Hudi

While Parquet provides unparalleled physical storage efficiency, raw Parquet files on object
storage lack transactionality, concurrency control, and schema evolution capabilities. To solve
this, the industry relies on table formats that provide a metadata layer over the raw files, turning
cloud object storage into a transactional database.

Apache Iceberg constructs a highly scalable metadata tree designed to address the
performance bottlenecks of traditional data lake architectures. Iceberg’s metadata hierarchy
begins with a catalog pointer that resolves to a central metadata JSON file containing the table's
schema, partition spec, and a list of immutable snapshots. Each snapshot references a manifest
list, which in turn points to individual manifest files. These manifest files record the exact storage
path of individual Parquet data files alongside critical column-level statistics. This multi-level
pruning allows query engines to filter out irrelevant manifest files at the group level before
filtering individual data files using column bounds, eliminating expensive file system listing
operations.

Crucially, Iceberg enables advanced schema and partition evolution. Iceberg tracks schema
evolution not by column name or physical position, but by assigning unique, immutable column
IDs. This prevents silent data corruption when columns are dropped and recreated, ensuring
that adding, dropping, or renaming columns occurs safely without ever rewriting underlying data
files. Furthermore, Iceberg supports transparent partition evolution, allowing a table to transition
from monthly to daily partitioning without migrating data. Engines perform split planning
dynamically, applying old partition logic to legacy manifests and new partition logic to modern
manifests seamlessly.

Delta Lake takes a different structural approach, maintaining a central transaction log
composed of ordered JSON files that record every operation committed to the table. Delta Lake
leverages optimistic concurrency control, assuming conflicts are rare and detecting them only at
commit time. When executing concurrent writes to cloud storage systems like Amazon S3,
which historically lacked strong consistency for concurrent operations, Delta Lake orchestrates
coordination using an external lock manager, typically Amazon DynamoDB, to ensure that
multiple query engines do not overwrite each other's commits.

Delta Lake optimizes physical layout dynamically using Liquid Clustering, a modern
replacement for rigid Hive-style partitioning and Z-ordering. Liquid clustering uses tree-based
algorithms to incrementally cluster new data based on specified keys without requiring a
complete rewrite of existing files, automatically managing data skew and high cardinality. To
handle high-frequency row-level deletions common in stream processing, Delta Lake employs



Deletion Vectors. Instead of utilizing an expensive copy-on-write operation that rewrites an
entire Parquet file to remove a single row, Delta Lake writes a highly compressed Roaring
Bitmap that marks the logical position of deleted rows. The query engine filters out these bits at
read time, massively reducing write amplification during streaming updates.

Apache Hudi explicitly targets incremental processing and stream ingestion, popularizing the
Merge-On-Read storage paradigm. Hudi structures its data into file groups containing base
columnar files and subsequent row-based log files storing deltas and updates. Hudi maintains a
sophisticated metadata table formatted as an internal Hudi Merge-On-Read table itself, using
HFile formats that emulate SSTables. This HFile structure is meticulously designed for
high-performance point lookups, serving file listings and column statistics efficiently to bypass
cloud storage API rate limits.

Feature Category Apache Iceberg Delta Lake Apache Hudi

Metadata Structure |Hierarchical Tree Sequential Transaction [Timeline and Internal
(Manifest Lists & Files) |Log (JSON/Parquet) [Metadata Table

Partition Evolution Native, transparent Handled via Liquid Supported via physical
split-planning Clustering path updates

Concurrency Control |[Optimistic with atomic [Optimistic (DynamoDB [Optimistic concurrency
catalog swaps lock on S3) control

Schema Tracking Unique Immutable Name and position Name and position
Column IDs based based

Deletion Mechanics |[Copy-on-Write & Deletion Vectors Merge-on-Read with
Merge-on-Read (Puffin)|(Roaring Bitmaps) Log Files

Execution Engines Processing the Stream and Lake

As event streaming pipelines populate these advanced storage formats, organizations require
execution engines capable of querying massive datasets with low latency. Architecturally, the
mechanisms that execute these queries dictate system performance, primarily differentiating
between general-purpose distributed processing frameworks like Apache Spark and heavily
optimized massively parallel processing engines like Trino.

Apache Spark: Tungsten and Whole-Stage Code Generation

Apache Spark is a general-purpose, cluster-based compute engine designed to execute highly
complex, multi-stage data transformations with robust fault tolerance. Historically, big data
engines suffered from extreme overhead due to Java object serialization and virtual method
dispatches. Spark directly addressed these hardware bottlenecks through Project Tungsten, an
initiative focused on CPU and memory efficiency.

Tungsten shifts Spark away from storing data as standard Java objects, which suffer from
massive header overhead and trigger severe garbage collection pressure. Instead, Tungsten
utilizes a compact binary memory representation, mapping data into off-heap memory using
low-level, unsafe memory access APIs. By storing data contiguously in binary format, Tungsten
optimizes for modern CPU cache locality and bypasses the JVM’'s memory manager entirely.
Furthermore, Tungsten abandons the traditional Volcano iterator model. In a traditional
database execution engine, rows pass through operators one at a time via a chain of virtual
function calls, devastating CPU pipelining and generating enormous instruction overhead.
Through Whole-Stage Code Generation, Spark's Catalyst optimizer dynamically compiles the
entire execution plan of a query stage into a single, highly optimized Java function. This fuses



multiple operators, such as filters and projections, into a single tight loop that executes directly
on CPU registers without any virtual function calls, delivering performance that mirrors
hand-written, bare-metal C code.

Trino and Vectorized Execution: The Analytics Powerhouse

While Spark excels at complex, fault-tolerant batch transformations, Trino is engineered
specifically for blazing-fast, interactive SQL queries across federated data lakes. Originating at
Facebook, Trino operates on a massively parallel processing architecture featuring a stateless
coordinator and a fleet of worker nodes.

The primary architectural distinction between Spark and Trino lies in their execution models.
Spark utilizes a staged execution model, intentionally writing intermediate shuffle data to disk to
guarantee fault tolerance across long-running pipelines. Trino, conversely, employs a pipelined
execution model. It streams data continuously between operators entirely in memory. As soon
as a portion of data completes one stage, it immediately flows to the next without waiting for the
entire stage to finish. This approach sacrifices mid-query fault tolerance—if a node fails, the
interactive query typically fails and must be restarted—but it eliminates the massive latency
penalty of disk serialization, making Trino exponentially faster for ad-hoc business intelligence.
To address the needs of massive extract-transform-load workloads, modern Trino deployments
have introduced optional fault-tolerant execution modes that spool exchange data to external
storage, bridging the gap with Spark's resiliency at the cost of execution speed.

Modern analytical query engines augment this architecture using vectorized query execution.
Abandoning the row-by-row Volcano model, vectorized engines process data in columnar
batches, typically sized between 1,024 and 4,096 values. By keeping execution loops incredibly
tight and free of branching logic, these engines compel the compiler to emit Single Instruction,
Multiple Data instructions. This allows the CPU to process arrays of data simultaneously in its
wide vector registers, multiplying analytical throughput by an order of magnitude and forming
the foundation of real-time analytical capabilities.

Conclusion

The architecture of modern enterprise big data systems is defined by an ongoing, multi-layered
optimization strategy aimed at mitigating hardware bottlenecks, network unreliability, and CPU
inefficiencies. Apache Kafka laid the foundational blueprint by transforming the filesystem from a
bottleneck into an asset, exploiting sequential /0O and zero-copy transfers to achieve massive
throughput. Next-generation systems like Redpanda and Apache Pulsar push these boundaries
further, utilizing thread-per-core hardware symbiosis and decoupled cloud-native storage
topologies to simplify operations and eliminate JVM overhead.

The successful processing of these real-time streams relies heavily on the integration of Kafka's
transactional APIs with Apache Flink's asynchronous barrier snapshotting, providing airtight
guarantees of exactly-once semantics even during catastrophic node failures. As this highly
curated data lands in the lakehouse, sophisticated columnar structures like Parquet, managed
by transactional table formats like Iceberg and Delta Lake, ensure the data is instantly
accessible, strongly consistent, and resilient to schema evolution. Finally, advanced execution
engines like Spark and Trino leverage off-heap memory, whole-stage code generation, and
vectorized pipelining to query petabytes of data in milliseconds, completing the lifecycle of the



modern, real-time enterprise data architecture.
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Here is the architectural blueprint, failure mode analysis, and cost optimization strategy for a
real-time, high-volume ride-sharing data ecosystem.

1. The Blueprint: End-to-End Architecture

To handle 5 million concurrent events per second while simultaneously calculating sub-second
surge pricing and persisting data for long-term machine learning, we must decouple the
ingestion, streaming, serving, and analytical layers.

Ingestion (Apache Kafka): Telemetry, driver locations, and rider requests are ingested
into Apache Kafka. Kafka easily handles 5 million events per second by bypassing the
CPU using zero-copy data transfers and leveraging the Linux OS Page Cache for
sequential disk I/0.

Stream Processing (Apache Flink): Flink reads the Kafka streams using a continuous,
event-at-a-time execution model to guarantee millisecond latency. We map incoming
driver and rider GPS coordinates to Uber's H3 spatial index, specifically utilizing resolution
7 (approximately a 5 square kilometer area), which is the standard granularity for
calculating surge zones. Flink computes the supply-to-demand ratio over a 5-minute
sliding window, maintaining this massive state locally in its embedded RocksDB state
backend.

Real-Time Serving (Redis): Flink continuously writes the computed surge multipliers (the
demand/supply ratio) into a Redis hash cluster. When a rider opens the app, the backend
queries Redis (HGET) to retrieve the surge multiplier in under 10 milliseconds, ensuring
the pricing UX is instantaneous.

Lakehouse Storage (Apache Iceberg over S3/GCS): Raw telemetry and aggregated
surge events are flushed from Flink to cloud object storage. Flink utilizes a two-phase
commit protocol with Kafka and Iceberg to guarantee end-to-end exactly-once semantics,
ensuring no ride data is lost or duplicated. Iceberg stores the data physically as highly
compressed, columnar Parquet files.

Interactive Analytics & ML (Trino & Spark): For financial analysts requiring instant
reporting, we deploy Trino. Trino utilizes a pipelined, memory-based execution model to
query the Iceberg tables with blazing-fast speed. For data scientists training
ETA-prediction models, Apache Spark is utilized to perform heavy, fault-tolerant batch
processing and feature engineering against the same Iceberg tables.

2. Failure Modes (The "Chaos" Analysis)

At this scale, hardware and network failures are continuous. Here are the three most critical
failure points and how to engineer around them:

Bottleneck 1: Kafka Partition Hotspotting (The "Stadium" Problem)

o The Failure: A major event, such as a stadium emptying, generates millions of ride
requests in a single H3 cell. If messages are keyed purely by the H3 geohash, all
traffic routes to a single Kafka partition, overwhelming a single broker and causing
cascading latency.

o The Engineering Fix: We will key the incoming Kafka messages using a composite
key (e.g., user_id or driver_id) rather than the geographic zone. This guarantees a
perfectly uniform distribution of messages across all partitions. Flink will then safely
shuffle and aggregate the data by H3 cell downstream, where its task managers
can scale elastically to absorb the compute load.



e Bottleneck 2: Flink Checkpoint Backpressure

o

The Failure: Flink relies on the Chandy-Lamport algorithm, injecting barriers into the
stream to take consistent snapshots. Under a 5M event/sec load, network
congestion can delay these barriers. Multi-input operators will block their fast
channels waiting for barrier alignment, causing a massive backpressure cascade
that crashes the pipeline.

The Engineering Fix: We will enable Flink's Unaligned Checkpoints. This allows
operators to snapshot their state immediately upon receiving the first barrier,
simultaneously capturing the raw, in-flight data sitting in the network buffers. This
bypasses the barrier alignment wait time entirely, guaranteeing checkpoints
complete even under severe network congestion.

e Bottleneck 3: Cloud Storage API Throttling during Queries

o

The Failure: Object stores like S3 enforce strict API limits (e.g., 5,500 GET requests
per second per prefix). When Trino attempts to query a year of historical ride data,
scanning millions of Parquet files will trigger API throttling and query failures.

The Engineering Fix: We rely strictly on Apache Iceberg's hierarchical metadata
tree (Manifest Lists and Manifest Files). This allows the query engine to evaluate
column-level statistics (min/max bounds) and prune 95% of irrelevant files during
the planning phase without ever issuing a LIST command to the object store.

3. Cost Optimization Strategies

Storing and processing petabytes of continuous telemetry will cause cloud costs to spiral
without strict architectural controls.
e Pattern 1: Asynchronous Compaction and Deletion Vectors

o

Continuous streaming creates the "small file problem," generating millions of tiny
Parquet files that destroy read performance and increase storage metadata costs.
We will deploy background jobs to bin-pack these into optimized 1GB files.
Furthermore, for GDPR compliance (user deletion requests), we will utilize Iceberg
v3 Puffin Deletion Vectors. Instead of rewriting a massive Parquet file to delete a
single user, this Merge-on-Read approach writes a tiny Roaring Bitmap sidecar file
marking the row as logically deleted, saving massive amounts of compute
overhead.

e Pattern 2: Spot Instance Fleets with Fault-Tolerant Execution

O

We will strictly separate our stateless execution workers from stateful coordinators.
The entire fleet of Trino query workers and Spark executors will run on highly
discounted AWS Spot Instances (or GCP Preemptible VMs). To mitigate the impact
of instances being reclaimed by the cloud provider mid-query, we will enable Trino's
Fault-Tolerant Execution mode. This spools intermediate exchange data to S3,
allowing surviving workers to seamlessly pick up abandoned tasks without
restarting the entire query.

e Pattern 3: Partition Evolution and Deep Archive Tiering

O

Query patterns change as data ages; analysts query recent data by the minute, but
older data by the month. We will utilize Iceberg's Partition Evolution feature to
seamlessly transition tables from hourly partitioning to monthly partitioning as data
ages, without requiring expensive data rewrites. Coupled with cloud lifecycle
policies, data older than 90 days will automatically transition to cold storage (e.qg.,
S3 Glacier). Iceberg's split-planning will seamlessly route analytical queries across



both the hot and cold storage tiers dynamically.
_X_
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