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ABSTRACT: Distributed stream processing systems must reconcile the order in which events occur with the order in
which they arrive at a processing cluster. Apache Flink addresses this reconciliation through event-time windowing and
a watermark mechanism that estimates completeness of an event-time stream as it flows through a distributed dataflow
graph. This article presents a detailed technical examination of event-time semantics, window assignment strategies,
and watermark generation and propagation in Apache Flink jobs, with particular attention to how these mechanisms
behave under two common production deployment models: Apache Hadoop YARN and native Kubernetes. The article
covers tumbling, sliding, session, and global windows; periodic and punctuated watermark strategies and the bounded-
out-of-orderness heuristic; late data handling through allowed lateness and side outputs; checkpointing and exactly-
once semantics as they interact with windowed state; and the operational realities of watermark skew, backpressure,
and idle source handling at scale. An illustrative deployment case and a discussion of recurring production challenges
are included, along with quantitative figures characterizing typical latency, throughput, and correctness outcomes
reported in comparable production deployments. The article closes with open challenges and directions for continued
work in watermark alignment and adaptive windowing.
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KEY TAKEAWAYS

e Event time, not processing time, is the correctness anchor for analytical stream jobs; watermarks are the mechanism
Flink uses to approximate event-time completeness without blocking indefinitely on out-of-order data [3][6].

e Bounded-out-of-orderness watermark generation, subtracting a fixed delay from the maximum observed event
timestamp, is used in an estimated 70 percent or more of production Flink windowing jobs surveyed in practitioner
reports, favored for its predictability over punctuated alternatives.

e Watermark propagation follows a minimum-of-inputs rule at every fan-in point in the dataflow graph, meaning a
single slow or idle partition can stall triggering for every downstream window unless idleness detection is explicitly
configured [6].

o Kubernetes native deployment and YARN deployment differ materially in startup latency, resource elasticity, and
operational tooling, but do not change the semantics of event time or watermark computation, which are governed
entirely by job graph configuration

L. INTRODUCTION

Stream processing systems increasingly serve as the primary computation layer for latency sensitive analytics, fraud
detection, monitoring, and real-time feature computation. Unlike batch systems, which operate over a bounded,
already-collected dataset, a stream processing engine must produce results incrementally as unbounded data arrives,
while still offering correctness guarantees comparable to batch computation. Apache Flink was designed from its
inception around a unified model of bounded and unbounded computation, and its treatment of time is central to that
design [2][4].

A recurring difficulty in stream processing is that the order in which events are generated at their source rarely matches
the order in which they are observed by a processing cluster. Network delays, partitioned producers, mobile client
buffering, and multi-region ingestion topologies all introduce skew between event time, the timestamp at which an
event actually occurred, and processing time, the timestamp at which the processing system observes the event [3]. Any
windowed aggregation, such as a 5 minute tumbling count of transactions, that is computed strictly against processing
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time will produce results that vary depending on cluster load, network conditions, and restart behavior, making the
computation non-deterministic and difficult to reason about for correctness sensitive use cases.

This article examines how Apache Flink resolves this difficulty through event-time windowing and watermarks, and
how the resulting semantics interact with two of the most common production deployment substrates for Flink clusters:
Apache Hadoop YARN, a mature resource manager originally designed for MapReduce style batch workloads [9], and
native Kubernetes deployment, in which Flink's own resource manager interacts directly with the Kubernetes API
server to provision task manager pods [11]. The article does not treat deployment substrate as incidental infrastructure
detail; rather, it treats deployment characteristics such as pod or container startup latency, node level resource elasticity,
and failure recovery behavior as first order factors that affect how quickly a job can catch up after a restart, which in
turn affects watermark progress and end-to-end latency for windowed results.

The practical stakes of getting this right are substantial. A fraud detection pipeline that computes a rolling transaction
count per account over a trailing window, for instance, directly drives automated blocking decisions; if that
computation is anchored to processing time rather than event time, a burst of delayed, replayed, or reordered
transactions following a network partition can produce a count that misrepresents the account's actual recent activity,
triggering either a false block or a missed detection depending on the direction of the distortion. Analogous stakes
apply to billing reconciliation, service level objective computation, and any other domain where a windowed aggregate
feeds a downstream decision that assumes the aggregate reflects true, ordered activity rather than an artifact of arrival
timing.

A further complication specific to large enterprises is that a single logical event stream is frequently ingested through
more than 1 physical path, for example a primary region and a disaster recovery region, or a direct producer path
alongside a change-data-capture path replicating the same underlying events from a database. Each physical path can
exhibit distinct latency and reordering characteristics, meaning the watermark tuning appropriate for one path is not
automatically appropriate for another logically equivalent path, a nuance that reinforces the per-source configuration
guidance developed later in this article.

1.1 Contributions and Scope

e A structured explanation of event time, processing time, and ingestion time semantics as implemented in the Flink
DataStream API, connecting the implementation to the underlying Dataflow Model formalism [3].

e A detailed comparison of window assignment strategies, namely tumbling, sliding, session, and global windows,
including their trigger and eviction behavior.

e An examination of watermark generation strategies, their propagation rules across shuffle boundaries and union
operators, and the operational failure modes that arise from idle sources and watermark skew.

e A discussion of late data handling, checkpointing interaction with windowed state, and deployment considerations
across YARN and Kubernetes, closing with an illustrative production case and a set of lessons learned.

1.2 Article Structure

Section 2 introduces the three notions of time used in stream processing and the formal role of watermarks. Section 3
details Flink's window assignment strategies. Section 4 covers watermark generation and propagation in depth,
including idle source handling. Section 5 addresses late data handling. Section 6 compares YARN and Kubernetes
deployment models. Section 7 discusses checkpointing and exactly-once semantics under windowing. Section 8§
addresses scaling and backpressure. Section 9 covers observability practices. Section 10 presents an illustrative
deployment case, and Section 11 draws out challenges and lessons learned from it. Section 12 compares Flink's
watermark model against alternative stream processing engines, and Section 13 discusses threats to the validity of the
figures reported throughout this article. Section 14 consolidates practical recommendations into a single checklist,
Section 15 situates this article's subject matter within the broader research lineage of fault-tolerant and out-of-order
stream processing, and Section 16 discusses future directions before a concluding section and 3 reference appendices.

II. BACKGROUND: STREAM PROCESSING TIME SEMANTICS

2.1 Event Time, Processing Time, and Ingestion Time

Flink distinguishes among three notions of time associated with a stream record. Event time is the timestamp at which
an event actually occurred at its source, typically embedded in the record payload itself. Processing time is the wall
clock time of the machine executing a given operator instance at the moment it processes the record. Ingestion time is a
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hybrid notion, assigning a timestamp at the moment a record enters the Flink dataflow at a source operator, effectively
freezing the record's timestamp at the boundary of the system rather than at its true point of origin [4].

e Event time provides deterministic, reproducible results because the same set of events, regardless of the order or
speed at which they are replayed, produce the same windowed aggregates.

e Processing time provides the lowest possible latency and the simplest implementation, since no buffering or
reordering logic is required, but results depend on runtime conditions and are not reproducible across replays.

o Ingestion time offers a middle ground, useful when source systems do not embed a reliable event timestamp, though
it still conflates true event occurrence with observation at the boundary of the system.

The Dataflow Model, which substantially influenced Flink's approach to time, formalized the separation between the
event-time domain in which windows are defined and the processing-time domain in which the system actually
executes, and introduced watermarks as the mechanism connecting the two domains [3].

2.2 Formal Correctness Expectations

It is useful to state precisely what event-time windowing does and does not guarantee, since the term correctness is
used loosely in much practitioner discussion. Event-time windowing with watermarks guarantees that, for a fixed set of
input events replayed in any order or at any speed, the final result of a window, once all allowed lateness has elapsed
and no further updates occur, will be identical [3][4]. It does not guarantee that a window will trigger at any particular
wall clock time, nor does it guarantee that a window's contents are complete at first triggering, only that the system's
own heuristic, the watermark, believed them to be complete at that moment.

e This distinction matters operationally because a dashboard consumer observing a windowed metric immediately
after first triggering is observing a value that is correct with respect to the watermark's belief about completeness, not
necessarily correct with respect to the true, unknowable set of all events that eventually occurred within that window's
range.

e Systems that require a stronger guarantee, namely that a value once emitted will never change, must either accept
the small risk of ignoring genuinely late data outside the allowed lateness window described in Section 5, or must
design downstream consumers to accept and apply revised values when late firing occurs.

2.4 Timestamp Assignment in the DataStream API

Before any watermark can be generated, every record entering an event-time keyed dataflow must be assigned an
event-time timestamp, typically extracted from a field embedded in the record payload, such as a transaction time or a
device generated capture time. Flink exposes this extraction through a timestamp assigner interface attached either
directly at a source connector or immediately downstream of it [2][4].

e Timestamp extraction logic is commonly implemented as a small, stateless function that reads a single field from a
deserialized record, such as a Unix epoch millisecond value, and is expected to execute in well under 1 microsecond
per record to avoid becoming a throughput bottleneck at high volume.

e Records that fail timestamp extraction, whether due to a malformed payload or a missing field, are commonly
routed to a dedicated error side output rather than assigned a default timestamp such as the current processing time,
since a silently substituted timestamp can introduce subtle correctness issues that are difficult to detect after the fact.

e Per-partition timestamp monotonicity is not required by Flink and is not assumed by the watermark generation
strategies described in Section 4; out-of-order arrival within a single partition is treated as the expected case rather than
an exception.

2.5 A Note on Notation

For clarity in the sections that follow, this article adopts a small set of consistent notational conventions. E(r) denotes
the event-time timestamp of a record r. P(t) denotes processing time at wall clock t. W_i(t) denotes the watermark value
at operator instance i at processing time t. A record r is considered late at operator i if E(r) is less than W_i(t) at the
processing time t when r arrives at that operator.

2.6 The Role of Watermarks

A watermark is a monotonically non-decreasing timestamp, denoted here as W(t), asserted at a point in a dataflow at
processing time t, that declares no further records with an event time earlier than W(t) are expected to arrive at that
point in the stream, barring records explicitly designated as late [4][6]. A watermark is therefore a heuristic assertion
about completeness, not a guarantee; a system can and often does experience event arrivals with a timestamp earlier
than an already emitted watermark, which Flink and the broader literature refer to as late data, addressed in Section 5.

e Watermarks allow a window operator to determine when a window's contents are, with high confidence, complete
and therefore safe to trigger evaluation.
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e Because a watermark is a heuristic rather than a hard guarantee, every production windowing job makes an explicit
tradeoff between result latency, how long the system waits before triggering a window, and result completeness, how
much genuinely late data is captured before triggering.

e A watermark that advances too aggressively produces low latency results at the cost of excluding legitimate late
arriving data; a watermark that advances too conservatively produces more complete results at the cost of higher end-
to-end latency, commonly by a factor of 2 to 5 times depending on the configured out-of-orderness bound.

III. WINDOWING IN APACHE FLINK

A window in Flink is a bucketing mechanism that groups an otherwise unbounded stream into finite slices over which
an aggregation or other transformation can be applied. Flink's windowing API separates 3 concerns: the assigner, which
determines which window or windows a given record belongs to; the trigger, which determines when a window's
contents should be evaluated and emitted; and, optionally, an evictor, which can remove clements from a window
before or after triggering [2][4].

3.1 Tumbling Windows

Tumbling windows partition the event-time axis into fixed size, non-overlapping intervals. Every event belongs to
exactly 1 tumbling window. Tumbling windows are the most commonly deployed window type in production analytics
pipelines, used for straightforward periodic aggregation such as a count or sum computed every 1, 5, or 15 minutes.

e Alignment of tumbling window boundaries to calendar aligned intervals, for example exact 5 minute marks rather
than an offset determined by job start time, is commonly required when downstream consumers expect results to line
up with wall clock reporting periods used elsewhere in an organization.

e State per tumbling window instance is bounded by the aggregation function's own footprint, discussed further in
Section 3.6, and by the number of distinct keys active within that window, making tumbling windows the least state
intensive of the 4 window types for a given key cardinality.

3.2 Sliding Windows

Sliding windows are defined by a fixed size and a slide interval smaller than that size, causing consecutive windows to
overlap and a single event to belong to multiple windows simultaneously, typically between 2 and 10 concurrent
windows depending on the ratio between size and slide. Sliding windows support smoothed, continuously updated
metrics, such as a 10 minute moving average recalculated every 30 seconds, at the cost of higher state and computation
overhead proportional to the overlap factor.

e The overlap factor, computed as window size divided by slide interval, directly multiplies both state size and per-
event processing cost relative to an equivalently sized tumbling window, since each event must be added to every
concurrently open window it belongs to.

e Enterprises adopting sliding windows for smoothed dashboard metrics commonly cap the overlap factor at single
digits specifically to bound this multiplicative cost, preferring a coarser slide interval over an arbitrarily smooth curve
when state or compute cost becomes a concern.

3.3 Session Windows

Session windows group events by periods of activity separated by a configurable gap of inactivity, closing a window
once no new event arrives within the gap duration. Unlike tumbling and sliding windows, session window boundaries
are data dependent rather than fixed in advance, making them well suited to user activity or clickstream analysis where
session boundaries are meaningful business events in their own right, typically configured with a gap of 5 to 30 minutes
depending on the expected user interaction pattern.

e Because session boundaries depend on the gap between consecutive events for a given key rather than a fixed
calendar interval, session window count per key is inherently unpredictable in advance, complicating capacity planning
relative to tumbling or sliding windows with a known, fixed cadence.

e A dynamic session gap, computed per key from that key's own historical inter-event timing rather than a single
global constant, is sometimes adopted for user populations with highly heterogeneous interaction patterns, at the cost of
additional implementation complexity beyond the built-in static gap session assigner.

3.4 Global Windows and Custom Triggers

A global window assigns every event in a keyed stream to a single, indefinitely open window, relying entirely on a
custom trigger to determine when evaluation should occur. Global windows are used less frequently than the 3
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preceding types, typically reserved for custom count based or pattern based triggering logic that does not map cleanly
onto a fixed time interval, such as triggering evaluation after every 100 events regardless of elapsed time.

e Because a global window never closes on its own, explicit state cleanup logic within the custom trigger, or a
separate expiration mechanism, is required to avoid unbounded state growth for keys that stop producing events, a risk
that does not arise with the other 3 window types, which close naturally as event time or inactivity progresses.

e Custom triggers built on global windows are commonly used to implement count based batching, pattern
completion detection, or hybrid triggers that fire on whichever of a time bound or a count bound is reached first.

3.5 Comparative Summary
Table 1 summarizes the 4 window types with respect to their boundary determination and typical production usage
share, drawn from patterns commonly reported across enterprise streaming deployments.

Tumbling Fixed, non- | 50 to 60 percent
overlapping
interval

Sliding Fixed size, | 15 to 20 percent
overlapping
slide

Session Data-dependent | 15 to 20 percent
inactivity gap

Global Custom trigger | Under 10
only percent

3.6 Window Functions and State Accumulation

Independent of window assignment strategy, the function applied to a window's contents determines how state
accumulates during the window's lifetime. Flink offers 3 broad categories of window function, each with materially
different state footprint characteristics [2][4].

e A ReduceFunction or AggregateFunction incrementally combines each incoming element with a single running
partial result as elements arrive, keeping per-window state proportional to the size of the aggregate itself, commonly a
small, fixed number of bytes regardless of how many elements the window ultimately contains.

e A ProcessWindowFunction, by contrast, buffers the full list of elements belonging to a window until triggering,
enabling access to all raw elements and their metadata at evaluation time but causing per-window state to grow linearly
with element count, which can become significant for high volume tumbling windows spanning several minutes.

e A common production pattern combines an AggregateFunction for the incremental portion of the computation with
a ProcessWindowFunction wrapper solely to enrich the final aggregate with window metadata such as start and end
timestamps, retaining the low state footprint of incremental aggregation while still exposing window boundary
information downstream.

Listing 2. Illustrative incremental aggregation with metadata enrichment (pseudocode).

windowedStream
.aggregate(
preAggregator = SumAggregateFunction(),
windowFunction = (key, windowMeta, sums, out) -> {
out.collect(Result(key, sums.value,
windowMeta.start, windowMeta.end))
b

)

3.7 Merging Windows and Session Window Implementation

Session windows, introduced in Section 3.3, are implemented internally as merging windows: each new element
initially creates its own provisional window, which is then merged with any existing provisional window whose range
overlaps once the configured inactivity gap is taken into account. This merge process must itself respect watermark
driven triggering, and window function state, particularly for a ProcessWindowFunction, must be merged consistently
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alongside the window ranges themselves, which is handled internally by Flink's window state management but has
direct implications for custom aggregation logic that maintains auxiliary state beyond the built-in accumulator.

3.8 Window Assignment and Late-Arriving Key Registration

A subtlety that frequently surprises teams new to event-time windowing is that a window object is not allocated until
the first record belonging to that window arrives, regardless of the window's nominal start time on the event-time axis.
This means a key that has never produced any records within a given window interval will simply have no
corresponding window state at all, rather than an empty window with a zero result, which has direct implications for
downstream consumers expecting a complete, densely populated result set across all keys for every window interval.

e Consumers requiring a dense result set, for example a dashboard expecting a row for every known key on every
interval regardless of activity, commonly implement a post-processing join against a reference list of expected keys,
filling in an explicit zero or null value for combinations absent from the windowed output.

e This behavior also means that a key which stops producing events entirely will silently stop appearing in windowed
output rather than producing a sequence of zero valued windows, a distinction that matters for anomaly detection logic
that specifically wants to distinguish genuine zero activity from missing data.

3.9 Window State Time-to-Live and Cleanup

Window state, like any other keyed state in Flink, must eventually be cleared once a window closes and its allowed
lateness has elapsed, to avoid unbounded state growth across the lifetime of a long running job.

e For tumbling and sliding windows, Flink automatically schedules state cleanup for a window once the watermark
passes that window's end plus its configured allowed lateness, requiring no explicit developer intervention in the
common case.

e For global windows using custom triggers, described in Section 3.4, cleanup is not automatic and must be explicitly
implemented within the trigger or through a separate state time-to-live configuration on the underlying state itself,
making global windows the window type most prone to unbounded state growth if cleanup logic is overlooked during
initial implementation.

o Enterprises that have experienced unbounded state growth incidents specifically trace the majority of such incidents
to global window or custom operator state lacking an explicit cleanup path, rather than to the 3 built-in window types,
which handle cleanup automatically.

Regardless of window type, the assigner alone does not determine when results are produced; that responsibility falls to
the trigger, and in event-time mode, the trigger's decision is driven directly by watermark progress, which is the subject
of Section 4.

IV. WATERMARK GENERATION AND PROPAGATION

Correct windowing depends entirely on watermarks advancing in a manner that reflects genuine progress of the
underlying event-time stream. This section details how watermarks are generated at sources, how they propagate
through a distributed dataflow graph, and the operational failure modes that arise when propagation assumptions are
violated.

4.1 Periodic versus Punctuated Watermarks

e Periodic watermark generation emits a new watermark on a fixed processing-time interval, commonly every 200
milliseconds by default, computed from the maximum event timestamp observed since the previous emission, minus a
configured allowed lateness bound.

e Punctuated watermark generation emits a new watermark in direct response to specific marker records embedded in
the stream itself, typically used when an upstream system, such as a message broker partition, can assert its own
completeness signal.

e Periodic generation is used in the large majority of production Flink jobs due to its lower implementation
complexity and predictable emission cadence, while punctuated generation is reserved for sources with an explicit,
reliable completeness signal.

4.2 The Bounded-Out-of-Orderness Strategy

The bounded-out-of-orderness strategy is the most widely used periodic watermark generation approach in production
Flink deployments. It computes the emitted watermark as the maximum observed event timestamp minus a fixed
configured bound, commonly referred to as the out-of-orderness or max lateness parameter.
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e A bound configured too small, for example under 1 second for a source known to exhibit multi-second network
jitter, results in a high proportion of records arriving after the watermark has already passed their timestamp, generating
avoidable late data.

e A bound configured too large, for example 5 minutes or more for a source with sub-second typical jitter,
unnecessarily delays every window trigger by that same margin, directly inflating end-to-end latency.

e Production tuning commonly starts from an empirically measured 99th percentile of observed out-of-orderness on
representative traffic, then adds a safety margin, typically 20 to 50 percent above that measured value, rather than an
arbitrarily chosen round number.

Listing 1. Illustrative bounded-out-of-orderness watermark strategy configuration (pseudocode).

watermarkStrategy = WatermarkStrategy
forBoundedOutOfOrderness(maxOutOfOrderness = 12 seconds)
.withTimestampAssigner((record, ts) -> record.eventTimeMillis)
.withldleness(idleTimeout = 90 seconds)

source
.assignTimestampsAnd Watermarks(watermark Strategy)
.keyBy(record -> record.userld)
.window(TumblingEventTimeWindows.of(size = 5 minutes))
.allowedLateness(2 minutes)
.sideOutputLateData(lateDataTag)
.aggregate(CountingAggregateFunction())

4.3 Propagation Across Parallel Operators and Shuffle Boundaries

In a distributed dataflow graph, a downstream operator with multiple upstream input channels, such as a keyed window
operator receiving shuffled input from several upstream parallel instances, computes its own effective watermark as the
minimum of all watermarks received across its input channels [6]. This minimum-of-inputs rule is essential to
correctness: it guarantees that a downstream operator never advances its notion of event-time completeness past the
slowest of its upstream sources, preventing premature window triggering.

e The minimum-of-inputs rule means that watermark progress for the entire downstream dataflow is bounded by the
single slowest upstream partition, channel, or source instance.

e In ajob with 100 or more source partitions, even a single partition experiencing elevated lag, whether due to a hot
key, a slow broker replica, or a network partition, can stall watermark advancement, and therefore window triggering,
for the entire keyed operator downstream.

e This behavior is a frequent source of production incidents that manifest as windowed results appearing to stop
updating entirely, even though the majority of partitions continue to process records normally.

4.4 Idle Sources and Watermark Alignment

A special case of the minimum-of-inputs problem arises when a source partition becomes genuinely idle, producing no
records at all for an extended period, rather than merely lagging. Without explicit handling, an idle partition's
watermark contribution simply stops advancing, which under the minimum-of-inputs rule stalls the combined
watermark indefinitely even though every other partition continues to make progress.

o Flink addresses this failure mode through explicit idle source marking, in which a source instance that has produced
no new elements within a configured timeout, commonly set between 30 seconds and 5 minutes, is excluded from the
minimum-of-inputs computation until it resumes producing records.

o Idle source timeouts configured too aggressively risk excluding a genuinely slow but still active partition, causing
its eventual late arriving records to be treated as late data unnecessarily.

e In multi-source jobs combining sources with structurally different volume characteristics, for example a high
volume clickstream topic unioned with a low volume reference data topic, per-source idle timeout tuning is frequently
necessary since a single global timeout rarely suits both source types well.

4.5 Multiple Watermark Strategies within a Single Job

A job that unions or joins several distinct source streams frequently requires a distinct watermark generation strategy
per source, since different sources rarely exhibit identical out-of-orderness characteristics. Flink supports per-source
watermark strategy assignment prior to a union or join operator, so that a high jitter mobile client stream and a low
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jitter internal service stream can each be tuned independently before their respective watermarks are combined under
the minimum-of-inputs rule described in Section 4.3.

o Configuring a single, shared out-of-orderness bound across structurally different sources commonly forces a choice
between excessive latency for the well behaved source or excessive late data for the noisier source; per-source
configuration avoids this false tradeoff.

o Enterprises operating joins across 3 or more heterogeneous sources report that per-source watermark tuning, applied
before the join rather than adjusting a single post-join parameter, reduces overall end-to-end latency by 15 to 30 percent
compared to a single shared configuration tuned to the worst-case source.

4.6 Watermark Alignment for Heterogeneous Source Volume

A related but distinct concern from idle source handling, discussed in Section 4.4, arises when multiple active sources
produce watermarks that advance at substantially different rates due to differing volume rather than differing jitter.
Without additional handling, a high volume source can race far ahead of a low volume source in event time, causing
downstream operators to buffer disproportionate state for the lagging source while waiting for its watermark to catch
up, a pattern sometimes referred to as watermark alignment skew.

o Explicit watermark alignment groups, where sources sharing an alignment group are prevented from advancing
their combined watermark more than a configured drift beyond the slowest member of the group, cap the amount of
buffered state that a fast source can force onto the system before a slow sibling catches up

e Typical alignment drift bounds in production configurations range from several seconds to roughly 1 minute,
chosen to balance state buffering against the risk of unnecessarily throttling a fast source that is behaving normally.

4.7 Comparative Summary of Watermark Strategies

Periodic Fixed Majority of

(bounded out- | processing-time | production jobs

of-orderness) interval

Punctuated Explicit marker | Sources  with

records native

completeness
signal

Idle-aware Periodic  plus | Multi-source

periodic idleness timeout | jobs with
skewed volume

4.8 Watermarks in Interval and Windowed Joins

Event-time joins between 2 streams, whether an interval join matching records within a bounded time offset of each
other or a windowed join grouping both streams into shared windows before matching, depend on watermark progress
from both input streams in exactly the manner described by the minimum-of-inputs rule in Section 4.3, since a join
operator is, structurally, a 2 input operator.

e An interval join retains buffered, unmatched records from both sides for the duration of the configured interval
bound, and can only safely discard a buffered record once the combined watermark has advanced past the latest
possible match window for that record, directly tying join state size to watermark advancement speed.

e A join between a fast moving stream and a slow moving stream inherits the same skew considerations described in
Section 4.6, and in practice, join buffer state size is one of the most common causes of unexpectedly large checkpoint
sizes in jobs that combine multiple sources of differing volume.

e Enterprises operating high volume interval joins commonly report that join buffer state constitutes 40 percent or
more of total job state size when source volumes differ by an order of magnitude or more, making watermark alignment
tuning, described in Section 4.6, particularly consequential for join heavy jobs.

V.LATE DATA HANDLING: ALLOWED LATENESS, SIDE OUTPUTS, AND TRIGGERS
Because watermarks are heuristic rather than guaranteed, every production event-time windowing job must define an

explicit policy for records that arrive after the watermark has already advanced past their event timestamp. Flink
provides 3 complementary mechanisms for this purpose.
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e Allowed lateness extends the lifetime of a window's state past the point at which the watermark first triggers
evaluation, permitting the window to be re-evaluated and its result updated if additional late records arrive within the
configured allowance, commonly set between 30 seconds and 10 minutes depending on observed source behavior.

o Side outputs route records that arrive after even the allowed lateness window has expired to a separate output stream
rather than silently dropping them, allowing a downstream job or reconciliation process to handle genuinely late data
through an alternate path.

o Custom triggers can implement early firing, emitting a provisional result before the watermark passes the window
end, which is commonly combined with a final firing at watermark completion to give consumers both a low latency
provisional value and an eventually consistent final value.

In practice, enterprises processing financial or billing sensitive event streams frequently combine all 3 mechanisms: a
moderate allowed lateness window to capture the majority of genuinely late but still relevant records, a side output to
capture and audit the remaining tail of very late records rather than discarding them, and an early firing trigger to
satisfy downstream dashboards that require sub-second visibility into in-flight aggregates.

5.1 Operational Tradeoffs

o Extending allowed lateness increases the duration for which window state must be retained in the configured state
backend, directly increasing checkpoint size and, in extreme cases, increasing per-key state by 2 to 3 times compared to
a job with no allowed lateness configured.

o Enterprises that measure the volume of records captured by a side output stream commonly find that fewer than 1
percent of total events fall outside even a conservatively configured allowed lateness window, once the bounded-out-
of-orderness parameter from Section 4.2 has been properly tuned.

e Early firing triggers, while valuable for latency sensitive dashboards, roughly double the number of downstream
writes for a given window in typical configurations, an important consideration when the downstream sink itself
charges per write or has limited throughput capacity.

5.2 Interaction with Exactly-Once Sinks

Late data handling interacts directly with sink level exactly-once guarantees, discussed further in Section 7, because
each re-triggering of a window under allowed lateness produces an additional, revised output record for what a
downstream consumer may treat as the same logical window result.

e A transactional sink that commits output atomically alongside checkpoint completion still delivers each firing,
whether the first firing or a subsequent late-triggered revision, exactly once, but does not by itself deduplicate or
supersede an earlier firing for the same window; that reconciliation responsibility falls to the downstream consumer or
to an idempotent upsert pattern keyed by window identity.

e Sinks that support upsert semantics keyed by a combination of window key and window end timestamp allow a
later, more complete firing to simply overwrite an earlier provisional firing for the same window, which is the most
common pattern adopted when early firing triggers, described in Section 5.1, are combined with allowed lateness.

e Append only sinks lacking upsert support instead accumulate every firing as a distinct record, requiring downstream
consumers to explicitly select the most recent firing per window key during query time, a pattern that shifts
reconciliation complexity downstream rather than eliminating it.

5.3 Reprocessing and Backfill Considerations

Distinct from ordinary late data arriving during normal operation, enterprises periodically need to reprocess a historical
range of already processed data, whether to correct a discovered bug in aggregation logic or to backfill a newly added
metric against historical events. Because the windowing and watermark mechanisms described throughout this article
operate identically regardless of whether input is arriving live or being replayed from historical storage, a backfill job
can reuse the same job graph as the live pipeline, provided the replay source can supply events in a manner compatible
with the configured watermark strategy.

e A backfill job replaying historical data at high speed, far faster than the original real time arrival rate, can cause
periodic watermark generation, described in Section 4.1, to advance in large discrete jumps corresponding to each
emission interval's worth of replayed data rather than smoothly, which is generally harmless for final window
correctness but can produce misleadingly coarse intermediate results if early firing triggers are enabled during the
backfill.

e Because a backfill job typically shares a job graph with its live counterpart but targets a different output location to
avoid corrupting production results, enterprises commonly parameterize the sink target explicitly rather than relying on
any implicit distinction between backfill and live execution modes.
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e Backfill jobs processing several months or more of historical data commonly complete materially faster than
equivalent real time processing simply due to parallelism and the absence of any need to wait for watermark driven
triggering delays, though checkpoint overhead during a large backfill should be tuned separately from the live job's
steady state configuration to avoid excessive snapshot frequency during a short lived, high throughput run.

VI. DEPLOYMENT ARCHITECTURES: KUBERNETES VERSUS YARN

Apache Flink separates the concerns of dataflow execution from cluster resource management, delegating the latter to a
pluggable resource manager. The 2 most widely used production resource managers as of this writing are Apache
Hadoop YARN and native Kubernetes, each with materially different operational characteristics.

Deployment substrate decisions are frequently made once, early in a platform's adoption curve, and then persist for
years across dozens of individual jobs, making the comparative characteristics developed in this section relevant well
beyond any single job's requirements. A platform team choosing between YARN and Kubernetes is effectively
choosing the default operational model that every subsequent Flink job on that platform will inherit, including how that
job's failures are diagnosed, how its capacity is planned, and how quickly it can be migrated or upgraded in the future.

6.1 YARN Deployment Model for Flink

Under YARN, a Flink job is submitted to a YARN ResourceManager, which allocates containers across the cluster's
NodeManagers to host the Flink JobManager and TaskManager processes [9]. YARN's container allocation model,
originally built for MapReduce style batch workloads, predates Flink itself and remains widely deployed in enterprises
with an existing Hadoop ecosystem investment.

e YARN deployment benefits from mature, widely understood queue based resource allocation and multi-tenant fair
sharing, allowing a Flink job to coexist with existing MapReduce, Hive, or Spark workloads on the same physical
cluster.

o Container allocation latency on a moderately loaded YARN cluster typically ranges from several seconds to under 1
minute, though contention with other tenants during peak batch windows can extend this considerably.

e YARN deployment ties Flink's resource elasticity to the same queue capacity and scheduler fairness policies
governing every other workload on the shared cluster, which can be an advantage for capacity sharing but a
disadvantage for workload isolation.

e Operational tooling for YARN, including its web based resource manager interface and long established command
line tooling, benefits from over a decade of accumulated operational familiarity within enterprises that adopted Hadoop
early, reducing the training burden for staff already experienced with the platform.

e Long running streaming jobs under YARN occupy their allocated containers indefinitely for the life of the job,
which is a natural fit for YARN's original batch oriented design in the sense that resource accounting is straightforward,
but means that idle or lightly loaded streaming capacity is not automatically released back to the shared pool the way a
short lived batch job would release it upon completion.

6.2 Kubernetes Native Deployment Model

Under native Kubernetes deployment, Flink's own resource manager communicates directly with the Kubernetes API
server, requesting TaskManager pods on demand rather than relying on an external allocator such as YARN [11]. This
model, formalized as a first class deployment mode in Flink's own release cycle, allows a Flink cluster to participate in
the same declarative, container native operational model used by the rest of a modern cloud native platform.

e Pod scheduling latency on a Kubernetes cluster with available node capacity is commonly under 10 to 20 seconds,
though image pull time can add materially more on a node that does not already have the Flink container image cached
locally.

o Kubernetes native deployment integrates directly with standard cloud native tooling, including horizontal pod
autoscaling primitives, service meshes, and centralized logging and metrics agents already deployed for other
workloads on the same cluster.

o Namespace level resource quotas provide workload isolation between a Flink deployment and other tenants on a
shared Kubernetes cluster, achieving an isolation model broadly comparable to YARN queues but expressed through
Kubernetes native constructs.
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6.3 Comparative Operational Considerations

Typical Several seconds | 10 to 20
allocation to 1 minute seconds,  plus
latency image pull
Multi-tenancy Queues and fair | Namespaces
model scheduler and resource
quotas
Ecosystem fit Existing Cloud native /
Hadoop container
investment platforms
Elasticity Container level | Pod level,
granularity autoscaler
compatible

6.4 Flink Deployment Modes: Session, Per-Job, and Application

Orthogonal to the choice of resource manager, Flink jobs can be deployed under 1 of 3 deployment modes, each
affecting how cluster lifecycle relates to job lifecycle regardless of whether the underlying resource manager is YARN
or Kubernetes.

e Session mode starts a long lived Flink cluster in advance, capable of accepting multiple job submissions over its
lifetime; this mode is commonly used for interactive or exploratory workloads but risks resource contention and fault
isolation gaps between unrelated jobs sharing the same cluster.

e Per-job mode starts a dedicated cluster for a single job submission, with the cluster's lifecycle tied directly to that
job, providing strong isolation at the cost of slightly higher startup latency for each job launched, since a fresh cluster
must be provisioned every time.

e Application mode, the most recently introduced of the 3 as of this writing, runs the job's main method inside the
cluster itself rather than on a separate client machine, reducing client side resource requirements and simplifying
submission for containerized deployment pipelines, and has become the commonly recommended default for new
production Kubernetes deployments.

6.5 High Availability Considerations

Production deployments of either resource manager require a highly available JobManager to avoid a single point of
failure for job coordination, including checkpoint coordination and watermark aware scheduling decisions.

e Under YARN, JobManager high availability commonly relies on an external coordination service such as
ZooKeeper to elect a leader among standby JobManager instances and to persist pointers to the most recent checkpoint
metadata.

e Under Kubernetes native deployment, high availability can instead rely on Kubernetes native primitives, using a
Kubernetes ConfigMap for leader election and checkpoint metadata storage in place of a separate ZooKeeper ensemble,
simplifying the overall operational footprint for teams already standardized on Kubernetes.

e Failover time from JobManager leader election to resumed job scheduling is commonly under 30 seconds in both
models when properly configured, though actual resumption of watermark progress still depends on the backlog catch-
up dynamics described in Section 7.2.

6.6 Cost and Resource Elasticity Considerations

Beyond the operational characteristics already discussed, deployment substrate choice carries direct cost implications
that enterprises factor into long term platform decisions.

e YARN clusters are frequently sized for peak batch workload demand and shared across tenants, meaning
incremental Flink capacity can sometimes be absorbed within existing headroom at little marginal cost, provided queue
capacity planning already accounts for the additional streaming workload.

e Kubernetes deployments, particularly on public cloud infrastructure with cluster autoscaling enabled, can scale node
capacity up and down in response to aggregate pod demand across all workloads on the cluster, commonly reducing
idle infrastructure cost by 20 to 40 percent compared to a statically sized cluster sized for peak demand at all times.

e Idle TaskManager capacity, whether under YARN or Kubernetes, directly wastes reserved resource cost without
contributing to watermark progress or throughput; rightsizing parallelism to actual measured throughput requirements,
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rather than provisioning generously as a precaution, is a consistently cited cost optimization opportunity in production
Flink deployments.

6.7 Networking and Access Control Considerations

Network topology and access control models differ meaningfully between the 2 deployment substrates, with direct
implications for how a Flink cluster is secured and integrated with surrounding systems.

e Under YARN, access control is commonly managed through Hadoop's own authentication and authorization
framework, integrating with an existing enterprise directory service already governing access to other Hadoop
ecosystem components sharing the same cluster.

e Under Kubernetes, role based access control and network policies native to the Kubernetes API govern which
services and users can interact with a Flink deployment's JobManager and TaskManager pods, integrating with the
same access control model already used for other workloads on a shared Kubernetes cluster.

e Network policy enforcement under Kubernetes can restrict TaskManager to TaskManager shuffle traffic, and
JobManager to TaskManager coordination traffic, to only the specific ports and peer pods required, an isolation
granularity that requires more manual network configuration to achieve under a traditional YARN cluster's flatter
network model.

Critically, neither deployment model changes the semantics of event time or watermark computation described in
Sections 2 through 5; these are properties of the job graph and its configured time characteristics extractors, not of the
underlying resource manager. What does change across deployment models is the speed and predictability of recovery
after a failure or rescale operation, which directly affects how quickly watermarks resume advancing and how much
accumulated event-time lag a job must work through after an interruption.

VII. CHECKPOINTING, STATE BACKENDS, AND EXACTLY-ONCE SEMANTICS UNDER WINDOWING

Windowed aggregation inherently requires the accumulation of state, whether the raw elements of a window or a
partially aggregated value, across the duration of the window. Flink's checkpointing mechanism, based on distributed
snapshot barriers flowing through the dataflow graph, provides the durability guarantee that allows this accumulated
window state to survive a failure without loss or duplication [2][4].

o Checkpoint barriers are injected at source operators and flow downstream alongside regular records, with each
operator aligning barriers from all input channels before taking its own state snapshot, ensuring a globally consistent
point-in-time view of all in-flight window state.

e State backend choice, commonly a choice between an in-memory heap backend and an embedded key-value store
backend, materially affects checkpoint duration for large windowed state; enterprises with window state exceeding
several hundred megabytes per task commonly report checkpoint durations 3 to 5 times longer under a heap backend
compared to an embedded key-value store backend configured with incremental checkpointing.

e Exactly-once end-to-end semantics require that both the checkpointing mechanism and the connected sink support
transactional or idempotent writes; without a transactional sink, window results can still be delivered more than once
following a restart, even though Flink's own internal state remains exactly-once consistent.

7.1 Interaction with Allowed Lateness

Allowed lateness, discussed in Section 5, directly extends the duration for which a window's state must remain
checkpointed rather than being cleared immediately upon first triggering. Enterprises configuring long allowed lateness
windows, particularly in combination with wide sliding windows described in Section 3.2, should expect checkpoint
size to grow accordingly, and should size state backend resources and checkpoint intervals with this compounded effect
in mind rather than considering allowed lateness and window size independently.

7.2 Savepoints versus Checkpoints

Flink distinguishes between checkpoints, automatically triggered snapshots used for failure recovery, and savepoints,
manually triggered snapshots used for planned operations such as job upgrades, rescaling, or migration between
deployment substrates.

e Checkpoints are typically retained only for a small number of recent snapshots, commonly 1 to 3, and are managed
automatically by Flink's checkpoint coordinator without operator intervention.

e Savepoints are retained indefinitely until explicitly deleted, are triggered deliberately by an operator or deployment
pipeline, and are the mechanism used when migrating a running job from one deployment substrate to another, such as
the YARN to Kubernetes migration described in the illustrative case in Section 10.
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e Because savepoints capture the same windowed state described throughout this article, a savepoint taken mid-
window preserves in-flight window contents exactly as they existed at trigger time, allowing a migrated or upgraded
job to resume windowing computation without discarding partially accumulated results.

7.3 State Backend Tuning Notes

Beyond the choice between a heap based backend and an embedded key-value store backend introduced earlier in this
section, several tuning parameters materially affect checkpoint behavior for windowed jobs specifically.

e Incremental checkpointing, available with an embedded key-value store backend, persists only the delta since the
previous checkpoint rather than a full state snapshot, commonly reducing checkpoint duration by 60 percent or more
for jobs with large, slowly changing windowed state.

e Checkpoint interval, commonly configured between 10 seconds and 5 minutes depending on tolerance for
reprocessing volume after a restart, directly trades off steady state overhead against recovery time; a shorter interval
reduces the backlog that must be replayed during the watermark catch-up period described in Section 7.4, at the cost of
more frequent snapshot overhead during normal operation.

e Asynchronous checkpoint snapshotting, the default mode for most production configurations, allows an operator to
continue processing new records while a snapshot of its current state is persisted in the background, avoiding the
throughput pause associated with fully synchronous snapshotting.

7.4 Checkpoint Storage Backend Considerations

Checkpoint and savepoint data must ultimately be persisted to a durable storage location independent of any single
cluster node, and the choice of that storage location interacts with deployment substrate in ways that affect both
recovery latency and operational coupling.

e Object storage services, commonly used as the durable checkpoint target under both YARN and Kubernetes
deployments, decouple checkpoint durability from any specific cluster's local disk, which is particularly relevant when
a job may be migrated between deployment substrates, as in the illustrative case in Section 10, since a savepoint written
to object storage remains accessible regardless of which cluster subsequently resumes from it.

e Read and write latency to the checkpoint storage target directly bounds checkpoint duration for very large
windowed state; enterprises operating multi-gigabyte per-task state commonly select a storage target and region
colocated with the compute cluster specifically to minimize this latency contribution.

o Distributed filesystem based checkpoint storage, an alternative to object storage in some on-premises deployments,
offers lower latency in exchange for tighter coupling to a specific physical cluster, a tradeoff that matters most for
enterprises anticipating future migration between deployment substrates.

7.5 Local Disk and Memory Considerations

An embedded key-value store backend, favored for large windowed state as discussed in Section 7.3, spills state to
local disk on each TaskManager rather than retaining the full working set in JVM heap memory, introducing its own set
of resource provisioning considerations.

e Local disk throughput and available capacity on each TaskManager node directly bound the achievable checkpoint
and restore speed for large windowed state; enterprises running large state jobs commonly provision local solid state
storage specifically for this purpose rather than relying on generic network attached storage with less predictable
latency.

e Under Kubernetes, local disk backed state benefits from being provisioned as a persistent volume tied to the
TaskManager pod's node, since pod rescheduling to a different node without preserved local state would otherwise
force a full state restore from the last checkpoint on every rescheduling event rather than only on genuine failure.

e Memory sizing for an embedded key-value store backend still requires a meaningful off-heap memory allocation for
its own internal caching and buffering, meaning naive TaskManager memory sizing based on heap requirements alone
commonly under-provisions total container memory for large state jobs.

7.6 Recovery and Watermark Catch-Up

Following a restart from a checkpoint, a Flink job resumes processing from the recorded offsets of its sources, which in
the common case of a message broker source means replaying any records produced since the last successful
checkpoint. During this catch-up period, watermarks briefly reflect event times drawn from the replay backlog rather
than the current wall clock, which can cause a burst of previously triggered windows to be re-evaluated under allowed
lateness rules, and can transiently increase end-to-end latency for new results until the backlog is consumed, typically
returning to steady state within a period proportional to the size of the backlog divided by available processing
throughput.
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VIIIL. SCALING, BACKPRESSURE, AND WATERMARK SKEW IN PRODUCTION

Windowed jobs at enterprise scale must contend with uneven load distribution across keys and partitions, and with
backpressure propagating upstream when a downstream operator cannot keep pace with its input rate. Both phenomena
interact directly with watermark behavior.

8.1 Key Skew and Hot Partitions

e A small number of disproportionately active keys, commonly following a Zipfian style distribution in real world
event streams, can cause a correspondingly small number of parallel task instances to accumulate substantially more
window state and processing load than their peers, sometimes by a factor of 10 or more.

e Because watermark computation at a keyed operator still follows the minimum-of-inputs rule across all upstream
channels described in Section 4.3, a hot partition experiencing elevated processing lag can delay watermark
advancement for every key processed by the same operator instance, not merely the hot key itself.

e Mitigation strategies commonly include key salting to spread a single hot key across multiple sub-keys for partial
aggregation, followed by a second aggregation stage to combine partial results, trading additional network shuffle for
reduced per-instance skew.

e Detecting key skew before it produces a visible incident typically relies on tracking per-task state size and
processing latency variance across parallel instances of the same operator, since aggregate, job level metrics alone tend
to average away the signal from a small number of disproportionately loaded instances.

e The degree of key salting required scales with the severity of the underlying skew; enterprises commonly start with
a modest sub-key count, such as 4 to 8, and increase it only if monitoring shows the hot key's instances remain
disproportionately loaded relative to their peers after the initial salting change.

8.2 Backpressure Propagation

When a downstream operator, such as a sink writing to an external system with limited throughput, cannot keep pace
with upstream production, Flink's credit based flow control mechanism propagates backpressure upstream through the
dataflow graph, throttling upstream operators rather than allowing unbounded buffering [2].

o Sustained backpressure, commonly measured as the percentage of time an operator spends blocked waiting to emit
records, exceeding roughly 50 percent over a sustained window is typically treated as an actionable signal warranting
investigation into the bottlenecked operator or sink.

e Backpressure at a source operator directly slows the rate at which new records, and therefore new maximum
observed event timestamps, are ingested, which in turn slows watermark advancement even though the underlying
event-time distribution of the source stream has not changed.

e Distinguishing genuine event-time lag, where source data itself is delayed, from backpressure induced watermark
stalling, where the source has data available but the pipeline cannot consume it fast enough, is one of the most common
diagnostic challenges reported by production Flink operators.

e A practical diagnostic heuristic compares source system lag, such as broker consumer group lag, against internal
Flink backpressure ratio at the same point in time; elevated broker lag alongside low internal backpressure points to a
genuinely delayed source, while low broker lag alongside high internal backpressure points to a downstream bottleneck
within the job graph itself.

8.3 Scaling Considerations

Rescaling a running job, whether through manual reconfiguration or an automated scaling controller, requires
redistributing keyed state across a new parallelism, which Flink accomplishes through key group reassignment during
restart from a checkpoint or savepoint. Enterprises operating latency sensitive windowed jobs commonly report a
transient increase in end-to-end latency of 30 seconds to several minutes immediately following a rescale event,
proportional to the volume of state being redistributed and the size of any backlog accumulated during the restart itself.

8.4 Operator Chaining and Network Buffers

Flink chains compatible operators into a single task to avoid unnecessary serialization and network overhead between
them, but chaining decisions also affect how backpressure and, by extension, watermark advancement, propagate
through a job graph.

e Operators chained into the same task share a single thread of execution, meaning backpressure within a chain is
immediate and requires no explicit flow control signaling, whereas backpressure across a network shuffle boundary
between separate tasks is mediated by Flink's credit based buffer mechanism.
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e Network buffer pool exhaustion, commonly caused by a downstream task falling behind while upstream tasks
continue producing records destined for it, is a frequent underlying cause of the backpressure conditions described in
Section 8.2, and is typically diagnosed by examining per-task input and output buffer utilization metrics rather than
CPU utilization alone.

e Increasing the number of network buffers available per task can absorb short bursts of imbalance without inducing
backpressure, but does not resolve a sustained throughput mismatch, which instead requires addressing the underlying
bottleneck operator or rebalancing key distribution as described in Section 8.1.

8.5 Autoscaling Policies

Automated scaling controllers, whether reactive, adjusting parallelism in response to observed backpressure or lag, or
proactive, adjusting ahead of a forecast traffic pattern, are increasingly layered atop the manual rescaling mechanism
described in Section 8.3, particularly under Kubernetes native deployment where pod level elasticity is a natural fit for
automated control loops.

e Reactive autoscaling controllers commonly trigger a rescale when sustained backpressure, described in Section 8.2,
exceeds a threshold for a minimum dwell time, commonly 5 to 10 minutes, specifically to avoid rescaling in response
to a short-lived, self-resolving traffic burst.

e Because every rescale operation incurs the transient latency and watermark catch-up cost described in Sections 7.6
and 8.3, autoscaling policies tuned too aggressively can produce a counterproductive oscillation, where frequent
rescaling itself becomes a larger source of latency variance than the load imbalance it was intended to correct.

e Proactive scaling ahead of known, recurring traffic patterns, such as the seasonal patterns described in comparable
capacity planning practice, avoids reactive rescaling's inherent lag between load onset and control loop response, at the
cost of requiring accurate forecasting input.

IX. OBSERVABILITY AND METRICS FOR WATERMARK HEALTH

Because watermark related failures frequently manifest as an absence of expected behavior, windowed results simply
not updating, rather than an explicit error, dedicated observability practices are necessary to detect and diagnose these
conditions before they affect downstream consumers.

9.1 Core Watermark and Window Metrics

e Per-operator watermark lag, computed as the difference between current processing-time wall clock and the
operator's current watermark, is the single most important metric for detecting stalled or delayed event-time progress,
and is commonly graphed continuously per task alongside standard throughput and latency metrics.

o Alerting thresholds on watermark lag are typically set relative to the job's own configured out-of-orderness bound
from Section 4.2, for example alerting when watermark lag exceeds 3 to 5 times the configured bound, rather than an
absolute threshold that would need separate tuning per job.

e Per-partition or per-source watermark contribution, tracked individually rather than only as the combined minimum,
allows an operator to quickly identify which specific upstream partition is responsible for stalling the combined
watermark, consistent with the minimum-of-inputs behavior described in Section 4.3.

e Side output volume, described in Section 5, is commonly tracked as a leading indicator of watermark
misconfiguration; a sudden increase in side output volume frequently precedes a broader watermark or backpressure
incident by several minutes to hours.

e Checkpoint duration and size trends, tracked over time rather than only at the most recent checkpoint, surface the
gradual window state growth described in Section 7.1 before it produces an outright checkpoint timeout failure.

9.2 Dashboard Composition Practices

Enterprises operating multiple production Flink jobs commonly standardize dashboard layout across jobs so that
operators moving between jobs during an incident do not need to relearn an unfamiliar layout under time pressure.

e A standard job level dashboard commonly presents watermark lag, backpressure ratio, checkpoint duration, and
throughput on a single view, arranged consistently across every job so that a common set of visual patterns, such as a
lag metric climbing steadily, is recognizable regardless of which specific job is being examined.

e Drill down dashboards, one level below the job level summary, expose per-partition and per-task detail only when
needed, avoiding a default view so dense with per-partition detail that a genuine anomaly is difficult to distinguish from
normal variance across dozens or hundreds of partitions.
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e Dashboard annotation of deployment events, such as a rescale or a configuration change, directly on the same
timeline as watermark lag and throughput metrics, materially speeds correlation between a recent change and an
observed behavior shift during incident investigation.

9.3 Distributed Tracing and Log Correlation

While metrics dashboards surface aggregate trends, individual record level tracing is sometimes necessary to diagnose
why a specific late record was routed to a side output or why a specific window failed to include an expected element.

o Correlation identifiers propagated from source ingestion through to sink output allow an individual record's path
through the dataflow graph to be reconstructed from logs, though this practice is used selectively, commonly only for a
sampled subset of traffic, given the volume overhead of full record level tracing at high throughput.

e Structured logging of watermark advancement events at key operators, emitted at a bounded rate rather than on
every single watermark tick, provides a lower overhead complement to full distributed tracing for watermark specific
diagnosis.

9.4 Correctness Auditing

Beyond operational health monitoring, some enterprises implement periodic correctness auditing specifically to
validate that watermark and windowing configuration continues to produce results consistent with the formal
correctness expectations described in Section 2.2.

e A common audit pattern replays a sample of historical raw events through an offline batch computation with no
windowing time constraints at all, then compares the batch result against the streaming job's originally produced
windowed result for the same event-time range, treating any material discrepancy as a signal of watermark or late data
misconfiguration rather than a batch versus streaming implementation bug.

o Enterprises that run this style of audit at least quarterly report that discrepancies, when found, trace overwhelmingly
to the out-of-orderness or allowed lateness misconfiguration patterns described in Section 11 rather than to defects in
Flink's own windowing implementation.

o Correctness audits are deliberately run against a sample rather than the full historical volume, since the purpose is to
detect systematic configuration drift rather than to exhaustively reconcile every individual record.

Enterprises that instrument the practices described in this section consistently report a reduction in mean time to
diagnose watermark related incidents from several hours of manual log correlation to under 30 minutes of dashboard
driven investigation.

X.ILLUSTRATIVE DEPLOYMENT CASE

The following case is presented as an illustrative composite drawn from patterns commonly observed across production
Flink deployments, rather than as a description of any single named organization, intended to demonstrate how the
concepts above interact in practice.

10.1 Starting Conditions

e A clickstream analytics pipeline ingesting from a partitioned message broker with approximately 200 partitions
across 3 topics, feeding tumbling and session windowed aggregations for real-time dashboards.

e An existing YARN based deployment inherited from an earlier Hadoop ecosystem investment, experiencing
container allocation delays of up to 2 minutes during shared cluster peak batch hours.

e A history of at least 2 incidents per month in which dashboard metrics appeared frozen for periods of 10 minutes or
more, later traced to individual stalled broker partitions.

e A single job graph combining tumbling windows for headline volume metrics with session windows for user
engagement analysis, sharing the same source streams but configured with independent allowed lateness settings that
had drifted out of alignment with each other over successive incremental changes made by different engineers.

e No existing savepoint based migration process, meaning any substrate change would have required a cold restart
from source offsets rather than a state preserving migration, risking a multi-hour reprocessing backlog.

10.2 Interventions Applied

o Idle source timeout configuration, set at 60 seconds per the guidance in Section 4.4, applied specifically to the lower
volume of the 3 ingested topics, which had previously been the primary source of watermark stalling incidents.

e Migration of the deployment from YARN to native Kubernetes over a 6 week period, driven primarily by a desire
for workload isolation from unrelated batch tenants rather than by any windowing correctness concern.
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e Introduction of per-partition watermark contribution dashboards and an alert threshold set at 4 times the configured
out-of-orderness bound, following the observability guidance in Section 9.

o Key salting applied to a single disproportionately active user identifier key responsible for an estimated 8 percent of
total event volume, split across 8 sub-keys with a secondary aggregation stage.

o Standardization of allowed lateness settings across the tumbling and session windowed paths described in Section
10.1, aligning both to a common, empirically derived out-of-orderness measurement rather than the previously drifted,
independently tuned values.

o Establishment of a savepoint based migration runbook, tested first against the staging environment, used to move
the running job from the YARN cluster to the new Kubernetes cluster without discarding in-flight window state or
replaying the full source retention window.

10.3 Reported Outcomes

e A reduction from 2 or more frozen-dashboard incidents per month to fewer than 1 per quarter, attributed primarily
to idle source timeout configuration and improved watermark observability.

e Job restart and rescale recovery time reduced from a typical 3 to 5 minutes under YARN to under 1 minute under
native Kubernetes, attributed to faster pod scheduling relative to prior container allocation delays.

e A 60 percent reduction in maximum observed per-instance state size for the previously hot key, following key
salting, with a corresponding reduction in checkpoint duration variance across task instances.

e Median end-to-end latency for tumbling window results improved from approximately 45 seconds to approximately
20 seconds, attributed jointly to reduced watermark stalling and faster recovery behavior under the new deployment
model.

e The savepoint based migration itself completed with under 90 seconds of measurable downstream output gap,
compared to an estimated 2 to 4 hour reprocessing backlog that a cold restart from source retention would have
required.

e Session window fragmentation, measured as the average number of session windows produced per active user per
day, decreased by approximately 15 percent following alignment of allowed lateness and out-of-orderness settings
across the 2 windowed paths.

XI. CHALLENGES AND LESSONS LEARNED

Several recurring challenges are worth surfacing for teams operating event-time windowed Flink jobs at production
scale.

e Watermark stalling caused by a single idle or slow partition is frequently misdiagnosed initially as a general
performance problem, leading operators to investigate CPU or memory utilization before checking per-partition
watermark contribution, extending mean time to resolution unnecessarily.

o Allowed lateness settings, once configured, are rarely revisited even as upstream source behavior changes over
time; enterprises that periodically re-measure actual out-of-orderness against configured bounds, ideally at least twice
per year, catch drift before it produces a meaningful increase in side output volume.

e Teams migrating from YARN to Kubernetes sometimes assume that faster pod scheduling alone will resolve
existing watermark related incidents, when in most observed cases the underlying cause is a configuration issue in idle
source handling or bounded-out-of-orderness tuning that persists regardless of deployment substrate.

o Sliding windows with a high overlap factor, while offering smoother metrics, are sometimes adopted without fully
accounting for the proportional increase in state size and checkpoint duration, leading to checkpoint timeout incidents
that surface only once state has grown over several weeks of production operation.

e Session window gap configuration is occasionally set based on an average expected inactivity period rather than a
measured distribution, producing an unexpectedly high rate of session fragmentation for users whose behavior falls in
the long tail of the inactivity distribution.

o Key salting, while effective at reducing hot key skew, introduces a secondary aggregation stage that must itself be
correctly windowed with consistent event-time semantics; teams that treat the secondary stage as a simple processing-
time aggregation reintroduce the same non-determinism that event-time windowing was originally adopted to avoid.

e Independently tuned allowed lateness and out-of-orderness settings across multiple windowed paths sharing the
same underlying source, as observed in the illustrative case in Section 10, tend to drift apart over time as different
engineers make incremental changes without revisiting sibling paths, producing inconsistent latency and completeness
characteristics across metrics that consumers reasonably expect to be aligned.
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e Join buffer state growth, described in Section 4.8, is frequently underestimated during initial capacity planning
because it depends on the interaction between 2 independent source volumes and watermark alignment settings rather
than on either source's characteristics considered in isolation.

e Absence of a tested savepoint based migration runbook prior to a planned deployment substrate change, as was
initially the case in the illustrative case in Section 10, leaves teams with no low risk fallback beyond a full cold restart if
an in-place migration attempt encounters an unexpected issue.

e Autoscaling policies tuned without accounting for the transient watermark catch-up cost described in Section 7.6
sometimes oscillate, rescaling repeatedly in response to latency spikes that are themselves caused by the previous
rescale operation rather than by genuine sustained load change.

e Append only sink usage combined with early firing triggers, without a clear downstream deduplication or most-
recent-firing selection strategy as described in Section 5.2, occasionally leads consumers to double count provisional
and final window firings as though they were independent events.

XII. COMPARATIVE ANALYSIS WITH ALTERNATIVE STREAM PROCESSING ENGINES

Apache Flink is not the only distributed stream processing engine to address event-time semantics, and situating its
watermark model against alternative systems clarifies which aspects of the model are fundamental to the underlying
problem and which are specific implementation choices.

12.1 Apache Spark Structured Streaming

Structured Streaming, built atop Spark's micro-batch execution model, introduced native event-time watermark support
expressed as a declarative withWatermark specification on a streaming dataset, computing an aggregate, single
watermark per micro-batch rather than a continuously propagated per-operator watermark [17].

e Because Structured Streaming processes data in discrete micro-batches rather than a fully continuous dataflow,
watermark advancement is naturally quantized to the micro-batch interval, commonly ranging from under 1 second to
several seconds, introducing a latency floor absent from Flink's continuous operator model.

e The minimum-of-inputs propagation concept described in Section 4.3 has a rough analogue in Structured
Streaming's handling of multiple input streams within a batch, but the per-operator, per-partition granularity of Flink's
model has no direct equivalent given Structured Streaming's batch oriented execution.

e Structured Streaming's fault tolerance model, tracking progress through offsets committed at micro-batch
boundaries, offers a comparatively simple recovery story, since recovery amounts to resuming from the last
successfully committed batch boundary rather than reconciling a continuously flowing barrier alignment protocol as
described in Section 7.

12.2 Kafka Streams

Kafka Streams, a client library rather than a standalone cluster framework, ties its notion of stream time closely to the
timestamps of records within a single partition, advancing a partition's stream time based on the maximum timestamp
observed on that partition, with grace period configuration serving a role broadly analogous to Flink's allowed lateness.
o Kafka Streams does not implement a separate, explicit watermark value propagated between operators in the way
Flink does; instead, punctuation and window closing decisions are made relative to each partition's own observed
stream time, which simplifies the model at the cost of less explicit control over cross-partition completeness heuristics.
e Because Kafka Streams applications are typically deployed as ordinary application processes rather than under a
dedicated cluster resource manager, the YARN versus Kubernetes comparison in Section 6 has a different analogue for
Kafka Streams deployments, more closely resembling ordinary containerized microservice deployment than dedicated
big data cluster scheduling.

e State management in Kafka Streams relies on changelog topics backing local state stores, conceptually similar in
purpose to Flink's checkpoint mechanism described in Section 7 but implemented through the same log based
infrastructure already underlying the broader Kafka ecosystem rather than a separate, purpose built snapshotting
subsystem.

12.3 Storm, Heron, and Earlier Generation Systems

Earlier stream processing systems such as Apache Storm and its successor Twitter Heron were designed primarily
around low latency, at-least-once or at-most-once record processing without native event-time windowing constructs,
leaving event-time semantics, when needed, to be implemented manually within user-defined processing logic [7][12].
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e The absence of a native watermark mechanism in these earlier systems means that any event-time windowing
behavior must be reimplemented by application developers on a per-job basis, including the buffering, triggering, and
late data handling logic that Flink provides as built-in, declarative constructs.

o This historical gap is a significant part of the motivation behind the Dataflow Model's formalization of windows,
triggers, and watermarks as portable, engine independent concepts, subsequently adopted natively by Flink among
other systems [3][4].

12.4 Comparative Summary

Apache Flink | Continuous Yes, per-operator,
dataflow continuously
propagated
Spark Micro-batch Yes, per micro-
Structured batch
Streaming
Kafka Continuous, Partial, via
Streams per-partition partition  stream
time
Storm / Heron | Continuous No, requires
dataflow custom
implementation

This comparison indicates that Flink's specific contribution is not the general idea of event time, which predates any
single engine, but rather a continuously propagated, per-operator watermark model that avoids the latency floor of
micro-batching while still providing the declarative windowing and triggering constructs that earlier record-at-a-time
systems lacked natively.

12.5 Guidance on Engine Selection

Engine selection in practice is rarely determined by watermark model sophistication alone, and enterprises evaluating
alternatives typically weigh it alongside operational maturity, existing team expertise, and integration with already
deployed infrastructure.

e Organizations with an existing Spark investment for batch workloads sometimes favor Structured Streaming
specifically to share operational tooling and team expertise, accepting the micro-batch latency floor described in
Section 12.1 as a reasonable tradeoff for reduced operational surface area.

e Organizations already standardized on the Kafka ecosystem for messaging sometimes favor Kafka Streams for
lighter weight stream processing needs that do not require Flink's full windowing and watermark sophistication,
reserving Flink for jobs where the specific capabilities described throughout this article, such as fine grained per-source
watermark tuning, are genuinely required.

e Flink is most clearly favored when a workload combines a genuine need for low latency, continuous processing
with correctness sensitive event-time windowing across heterogeneous, differently behaved sources, the specific
combination of requirements this article has addressed in depth.

XIII. THREATS TO VALIDITY AND INTERPRETATION OF REPORTED FIGURES

The quantitative figures presented throughout this article, including latency percentages, state size ratios, and incident
frequency reductions, are drawn from patterns commonly reported across production Flink deployments and from the
illustrative composite case in Section 10, rather than from a single controlled experiment, and should be interpreted
with several caveats in mind.

e Reported figures vary meaningfully with workload characteristics, including key cardinality, event volume, payload
size, and the specific mix of window types in use, meaning a figure reported here as typical should be treated as a
starting point for a team's own measurement rather than a guaranteed outcome.
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o The illustrative case in Section 10 is a composite constructed to demonstrate how the concepts in this article interact
in practice, and specific numeric outcomes attributed to it should be read as representative of commonly observed
magnitude rather than as a literal, single measured deployment.

e Comparative figures across deployment substrates in Section 6 and across alternative engines in Section 12 depend
heavily on the specific infrastructure, cloud provider, and cluster configuration involved, and can shift meaningfully
with infrastructure generation and provider specific implementation details not controlled for in this article.

e Where this article states a range rather than a single value, for example the 20 to 50 percent safety margin guidance
in Section 4.2, the range reflects the genuine variability observed across different production contexts rather than
measurement imprecision around a single true value.

These caveats do not undermine the qualitative conclusions of this article, namely that disciplined watermark tuning,
dedicated observability, and deployment substrate awareness meaningfully improve production outcomes; they do,
however, argue for workload specific measurement before adopting any specific numeric figure as a target.

XIV. PRACTICAL RECOMMENDATIONS CHECKLIST

This section consolidates the article's guidance into a single practical checklist, organized roughly in the order a team
would encounter these decisions when designing, deploying, and operating an event-time windowed Flink job.

14.1 Design-Time Recommendations

e Select event time over processing time for any computation whose correctness matters independent of runtime
conditions, reserving processing time for purely best-effort, latency maximizing use cases as discussed in Section 2.1.

e Choose the narrowest window type sufficient for the use case, favoring tumbling windows over sliding windows
unless a genuinely smoothed metric is required, given the multiplicative state cost of overlap described in Section 3.2.

e Prefer incremental AggregateFunction based window functions over full state ProcessWindowFunction
implementations unless raw element access is genuinely required, per the guidance in Section 3.6.

e Design explicit state cleanup for any global window or custom operator state from the outset, rather than treating
cleanup as an afterthought, per the guidance in Section 3.9.

14.2 Watermark Configuration Recommendations

e Measure actual out-of-orderness on representative traffic before configuring a bounded-out-of-orderness bound,
rather than adopting an arbitrary round number, per Section 4.2.

o Configure per-source watermark strategies rather than a single shared configuration whenever a job combines
sources with materially different jitter or volume characteristics, per Sections 4.5 and 4.6.

o Enable idle source detection with a timeout calibrated to each source's expected traffic pattern for any job with more
than 1 source or partition, per Section 4.4.

e Apply watermark alignment groups when combining sources of substantially different volume to cap join or union
buffer growth, per Sections 4.6 and 4.8.

14.3 Deployment and Operations Recommendations

e Select deployment substrate based on existing ecosystem investment, multi-tenancy requirements, and team
expertise rather than on any perceived difference in windowing correctness, since substrate does not alter event-time
semantics, per Section 6.

e Adopt application mode for new Kubernetes native deployments unless a specific requirement for session mode's
multi-job sharing exists, per Section 6.4.

e Establish and test a savepoint based migration runbook before it is needed for a genuine production migration, per
Sections 7.2 and 10.2.

e Tune checkpoint interval and state backend choice jointly with allowed lateness settings rather than independently,
given their compounding effect on state size, per Section 7.1.

14.4 Observability and Governance Recommendations

e Instrument per-operator and per-partition watermark lag as a first class dashboard metric before a job reaches
meaningful production traffic, per Section 9.1.

e Set alerting thresholds relative to each job's own configured out-of-orderness bound rather than a fixed absolute
value, per Section 9.1.

e Periodically re-measure actual source out-of-orderness against configured bounds, at least twice per year, to catch
configuration drift before it degrades either latency or completeness, per Section 11.
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e Run periodic correctness audits comparing sampled batch recomputation against streaming results to validate that
windowing configuration continues to behave as intended, per Section 9.4.

e Coordinate allowed lateness and out-of-orderness configuration across sibling windowed paths sharing a common
source, rather than allowing independent, uncoordinated tuning to drift apart over time, per Sections 10 and 11.

XV.RELATED WORK IN OUT-OF-ORDER AND FAULT-TOLERANT STREAM PROCESSING

The watermark and windowing mechanisms examined in this article did not emerge in isolation, and situating them
within the broader lineage of distributed stream processing research clarifies both their intellectual origins and the fault
tolerance guarantees on which they depend.

15.1 Foundations of Consistent Distributed Snapshots

Flink's checkpointing mechanism, discussed in Section 7, rests on the general theory of consistent global snapshots in
distributed systems, formalized well before any modern stream processing engine existed. The classical distributed
snapshot algorithm establishes how a set of independent processes exchanging messages can record a consistent,
causally coherent view of global state without halting the system, a property that directly underlies the barrier
alignment technique Flink uses to snapshot windowed state without pausing the entire dataflow [13].

15.2 Discretized and Micro-Batch Approaches
An alternative lineage of systems approached fault tolerant stream processing through discretized, micro-batch
execution, treating a stream as a rapid sequence of small batch computations rather than a continuously running
dataflow [8]. This approach, discussed further in the context of its modern descendant in Section 12.1, offers a simpler
fault tolerance model, since each micro-batch can be retried wholesale as an ordinary batch job, at the cost of the
latency floor imposed by the batch interval itself.

15.3 Alternative Stateful Processing Architectures

Other systems in the broader ecosystem have explored differing points in the tradeoff space between latency, state
management complexity, and operational simplicity. Samza, for example, ties its processing model closely to an
underlying partitioned log, using the log itself as both input and durable changelog for local state [15]. StreamScope
introduced additional structure for expressing and reasoning about continuous, resilient dataflow computation at large
scale within a widely used production environment [16]. Each of these systems addresses fault tolerance and state
management with an architecture suited to its originating environment's specific operational constraints, reinforcing the
observation from Section 12 that engine selection depends on more than watermark model sophistication alone.

15.4 Cluster Resource Management Lineage

The deployment substrate comparison in Section 6 likewise sits within a broader lineage of cluster resource
management research. YARN's generalization of resource negotiation beyond MapReduce's original, narrower
scheduling model established the pattern of a general purpose resource manager serving multiple, heterogeneous
computation frameworks on shared infrastructure [9]. Kubernetes, and the Borg system that substantially influenced its
design, extended this general pattern to a broader, cloud native operational model spanning far beyond big data
workloads specifically [10][18]. Flink's support for both substrates, examined throughout Section 6, reflects this same
lineage of resource management systems converging toward increasingly general, declarative cluster orchestration.

XVI. EXTENDED DISCUSSION: MULTI-REGION AND CROSS-CLUSTER EVENT-TIME CONSISTENCY

Enterprises operating at global scale frequently deploy independent Flink clusters per region, each processing a
regional slice of a logically unified event stream, raising additional considerations beyond the single cluster model
assumed throughout most of this article.

16.1 Independent Regional Watermark Domains

When 2 regional clusters process disjoint partitions of the same logical stream independently, each maintains its own,
entirely independent watermark domain; there is no built-in mechanism by which a watermark computed in 1 regional
cluster is visible to or influences the watermark computed in another. This independence is generally desirable for
regional fault isolation, ensuring that a slowdown or outage in 1 region does not stall watermark progress in another, an
extension of the fault isolation motivation discussed for workload separation in Section 6.2.

e Downstream consumers that must combine regional results into a single global view, for example a global rollup
dashboard aggregating regional windowed metrics, must account for the fact that each region's windowed results

IJAREEIE © 2020 | AnISO 9001:2008 Certified Journal | 2555


http://www.ijareeie.com/

International Journal of Advanced Research in Electrical, Electronics and Instrumentation Engineering (IJAREEIE)

| e-ISSN: 2278 — 8875, p-ISSN: 2320 — 3765| www.ijareeie.com | Impact Factor: 7.122| || A Monthly Peer Reviewed & Referred Journal |

|| Volume 9, Issue 6, June 2020 ||

[10.15662/IJAREEIE.2020.0906075]

become available according to that region's own watermark progress, which can differ from other regions by the same
magnitude of latency variation discussed in Section 4.2 for individual sources.

e A global rollup that naively waits for all regions to report before displaying any result inherits the worst case
latency of the slowest region, defeating much of the latency benefit regional deployment was intended to provide;
enterprises commonly instead display per-region results independently and allow a rollup value to be provisional,
explicitly flagged as pending additional regions, until all expected regions have reported.

16.2 Cross-Region Failover and Watermark Discontinuity

When traffic is redirected from a failed or degraded region to a healthy region, whether through active-active
replication or active-passive failover, the receiving region's cluster observes a sudden influx of events that may include
a backlog accumulated during the failover transition, producing a similar watermark catch-up dynamic to the
checkpoint recovery scenario described in Section 7.6, but triggered by an infrastructure level failover rather than a job
level restart.

e Idle source detection, described in Section 4.4, requires particular attention in a failover topology, since a source
that is idle specifically because its region has failed should generally be treated differently from a source that is idle
under normal operating conditions, and a static idle timeout tuned for normal operation may not be appropriate during
an active failover.

o Enterprises with mature multi-region Flink deployments commonly maintain separate, explicitly tested runbooks for
regional failover distinct from the ordinary job restart runbook, specifically because the watermark and backlog
dynamics differ enough to warrant separate operational procedures.

XVII. FUTURE DIRECTIONS

e Adaptive watermark generation that adjusts the out-of-orderness bound automatically based on continuously
measured arrival skew, rather than a statically configured value, would reduce the manual tuning burden described
throughout Section 4.

e Finer grained, per-partition idle detection and exclusion, extending beyond simple binary idle-or-active
classification, could reduce the frequency of full watermark stalls caused by partitions that are technically active but
severely lagging rather than fully idle.

e Deeper integration between checkpoint size trending and automated alerting, closing the loop described in Section 9
on gradual window state growth, would allow teams to detect a growing checkpoint duration problem before it
produces an outright timeout.

e Continued convergence of Kubernetes native operational tooling with the maturity long available under YARN,
particularly around multi-tenant fair scheduling nuance, is likely as Kubernetes native deployment continues to gain
adoption relative to YARN in new deployments.

e Standardized, cross-organization benchmarking of watermark lag and side output volume under comparable traffic
conditions would give operators a more reliable external baseline than internally derived heuristics alone.

e Automated detection of allowed lateness and out-of-orderness configuration drift across sibling windowed paths
sharing a common source, motivated directly by the misalignment observed in the illustrative case in Section 10, would
catch a currently manual, easily overlooked class of configuration inconsistency.

o Standardized savepoint based migration tooling, reducing the operational burden of validating a migration runbook
described in Section 10.2 before it is needed in a genuine production migration, would lower the barrier to adopting a
new deployment substrate for teams currently deterred by migration risk alone.

XVIII. APPENDIX A: GLOSSARY OF KEY TERMS

The following glossary consolidates terminology used throughout this article for reference, reflecting usage consistent
with the Flink documentation and the broader stream processing literature cited in the References section.

e Allowed lateness: a configured duration extending a window's retained state past its first trigger, permitting re-
evaluation if additional records arrive within that duration.

e Backpressure: a flow control condition in which a downstream operator's inability to keep pace with input causes
upstream operators to be throttled to avoid unbounded buffering.

e Bounded-out-of-orderness: a periodic watermark generation strategy that subtracts a fixed delay from the maximum
observed event timestamp to compute the emitted watermark.

e Checkpoint: an automatically triggered, periodically taken snapshot of a job's distributed state, used for failure
recovery.
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e Event time: the timestamp at which an event actually occurred at its source, as opposed to when it was observed by
the processing system.

e Idle source: a source instance that has produced no new records within a configured timeout, excluded from
watermark minimum computation until it resumes.

o Ingestion time: a timestamp assigned to a record at the moment it enters the dataflow at a source operator, distinct
from both event time and processing time.

e Key group: a unit of keyed state partitioning used internally by Flink to redistribute state during rescaling
operations.

e Late data: a record whose event timestamp falls before the watermark already emitted at the point in the dataflow
where the record arrives.

e Minimum-of-inputs rule: the rule by which a multi-input operator computes its own watermark as the minimum of
the watermarks received across all of its input channels.

e Processing time: the wall clock time of the machine executing an operator instance at the moment it processes a
given record.

e Savepoint: a manually triggered, indefinitely retained snapshot of a job's distributed state, used for planned
operations such as upgrades or migration.

e Session window: a window whose boundaries are determined by a configurable gap of inactivity between events
rather than by a fixed time interval.

e Side output: a secondary output stream to which records can be routed, commonly used to capture records excluded
from a primary window computation.

e Sliding window: a fixed size window that advances by a slide interval smaller than its size, causing consecutive
windows to overlap.

e Tumbling window: a fixed size, non-overlapping window into which every event falls exactly once.

e Watermark: a monotonically non-decreasing timestamp asserting that no further records with an earlier event time
are expected at a given point in a dataflow, barring designated late data.

e Watermark alignment: a mechanism constraining how far a fast source's watermark contribution may advance
ahead of a slower sibling source sharing an alignment group.

e Watermark skew: a condition in which watermark advancement across sources or partitions diverges enough to
cause disproportionate state buffering or stalled triggering.

e AggregateFunction: an incremental window function interface that combines each new element with a running
partial result, keeping per-window state proportional to the aggregate itself.

e ProcessWindowFunction: a window function interface that buffers the full set of elements belonging to a window
until triggering, enabling access to raw elements at the cost of higher state.

e Interval join: an event-time join matching records from 2 streams that fall within a bounded time offset of each
other, retaining unmatched records until watermark progress permits safe disposal.

o Key group: see keyed state partitioning; the unit redistributed across TaskManagers during rescaling.

e Application mode: a Flink deployment mode that runs the job's main method inside the cluster itself rather than on a
separate submitting client.

e Per-job mode: a Flink deployment mode that provisions a dedicated cluster for the lifetime of a single job
submission.

e Session mode: a Flink deployment mode in which a long lived cluster accepts multiple job submissions over its
lifetime.

e Credit based flow control: the mechanism by which Flink propagates backpressure between tasks connected across
a network shuffle boundary.

e Watermark alignment group: a configured grouping of sources whose combined watermark advance is capped
relative to the slowest member of the group.

e Savepoint based migration: the practice of using a manually triggered savepoint to move a running job's state from
one cluster or deployment substrate to another without discarding in-flight computation.

XIX. APPENDIX B: REPRESENTATIVE CONFIGURATION PARAMETERS
Table 4 lists a representative, non-exhaustive set of configuration parameters referenced throughout this article, along
with the typical range observed across the production deployments informing this article's illustrative figures. Actual

optimal values remain workload and infrastructure dependent and should be derived from measurement rather than
applied as universal defaults.
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Out-of- 1 to 30 | Bounded-out-of-

orderness seconds orderness watermark

bound delay

Idle source | 30 seconds to | Idle source exclusion

timeout 5 minutes from minimum-of-
inputs

Allowed 30 seconds to | Post-trigger window

lateness 10 minutes state retention

Checkpoint | 10 seconds to | Steady state overhead

interval 5 minutes versus recovery
backlog

Watermark | Several Cross-source state

alignment seconds to 1 | buffering cap

drift minute

Session 5 to 30 | Session boundary

window gap | minutes inactivity threshold

Sliding 2 to 10 times Concurrent ~ window

window count per event

overlap

factor

Parameter interactions frequently matter more than any single value in isolation; for example, the compounding effect
of allowed lateness and checkpoint interval on state size, described in Section 7.1, means that both parameters should
be reviewed together rather than tuned independently.

Table 5 lists a representative set of metric naming conventions commonly adopted for the dashboards described in
Section 9, included here to illustrate a consistent naming pattern rather than to prescribe an exact taxonomy that every
organization must adopt verbatim.

flink.watermark.lag | Millisecond | Job level
s summary,
Section 9.1
flink.checkpoint.dur | Millisecond | Job level
ation s summary,
Section 9.1
flink.backpressure.r | Percent of | Job level
atio time summary,
Section 9.2
flink.sideoutput.late | Records per | Drill down,
.count interval Section 9.1
flink.state.size.bytes | Bytes Drill down,
Section 7.1
flink.partition.water | Millisecond | Drill down,
mark s Section 4.3
flink.rescale.duratio | Seconds Deployment
n event
annotation,
Section 9.2
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XX. APPENDIX C: FREQUENTLY OBSERVED ANTI-PATTERNS

The following list consolidates recurring anti-patterns observed across production Flink windowing deployments,
several of which are discussed in greater depth elsewhere in this article and are gathered here for reference.

e Configuring a single global out-of-orderness bound across structurally different sources rather than tuning per
source as described in Section 4.5, forcing an unnecessary latency or completeness compromise.

e Treating watermark lag as a secondary metric rather than a primary dashboard element, delaying detection of the
stalling behavior described in Section 4.3 until a downstream consumer notices frozen results.

e Enabling early firing triggers on a job feeding a downstream sink that charges per write or has limited write
throughput, without accounting for the roughly doubled write volume described in Section 5.1.

e Choosing a full state ProcessWindowFunction by default rather than an incremental AggregateFunction, described
in Section 3.6, for aggregations that do not actually require access to raw window elements, unnecessarily inflating
state size.

e Sizing sliding window overlap factors, described in Section 3.2, without checking the corresponding checkpoint
size and duration impact until a checkpoint timeout incident occurs in production.

e Omitting a tested savepoint based migration runbook prior to a planned deployment substrate or version change,
leaving a cold restart as the only fallback if an in-place migration attempt fails.

e Assuming that migrating from YARN to Kubernetes, or the reverse, will resolve an existing watermark stalling
incident, when the underlying cause is very frequently a configuration gap unrelated to deployment substrate, as
discussed in Section 11.

e Allowing allowed lateness and out-of-orderness settings across sibling windowed paths sharing a common source to
drift independently over successive, uncoordinated changes, producing inconsistent latency and completeness
characteristics across metrics that should be aligned.

e Sizing join buffer capacity for interval or windowed joins, described in Section 4.8, based on either input stream's
volume in isolation rather than accounting for the combined effect of volume skew and watermark alignment settings.

e Deferring dedicated watermark and checkpoint observability instrumentation, described in Section 9, until after a
first production incident, rather than establishing baseline dashboards before the job reaches meaningful production
traffic volume.

XXI. CONCLUSION

Event-time windowing and watermark management form the semantic core of correctness sensitive stream processing
in Apache Flink. Windows provide the bucketing structure over which aggregation occurs, while watermarks provide
the heuristic completeness signal that determines when a window can be safely triggered. The minimum-of-inputs
propagation rule, while essential to correctness, also concentrates operational risk in the slowest upstream partition or
source at any given moment, making idle source handling, per-partition observability, and disciplined out-of-orderness
tuning central operational practices rather than optional refinements.

Deployment substrate, whether Apache Hadoop YARN or native Kubernetes, does not alter these semantics, but does
materially affect how quickly a job recovers from failure or rescale events, and therefore how quickly watermarks
resume steady progress after an interruption. The illustrative case and lessons summarized in Sections 10 and 11
indicate that the majority of production watermark incidents trace back to configuration and observability gaps rather
than to fundamental limitations of the underlying model, suggesting that continued investment in tuning discipline and
dedicated watermark observability, described in Section 9, remains the most direct path to reliable, low latency
windowed stream processing at enterprise scale.
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