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Thevisionfor aLakehouse architecture
soundsvery simple. You pick an open
table format of your choice, such as
Apache lceberg, and connectitto
your preferred compute engines and
catalogs. Now yourdatais open, your
tools are interoperable, and different

systems canoperate onthe sametable.

From that perspective, everything
looks great!
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What we do not talk about enoughiswhat happens
aftertable formatslike Icebergactually landin
production. As tables grow to terabytes and petabytes,
as pipelines beginrunning continuously, and as SLAs
startto matter, the nature of the systembeginsto
change. Thisis the point where the operational
complexity becomesvisible. Thisis also the point
where engineers are forced toreason about the
systemmore deeply—about how the systembehaves
under concurrency, scale, and continuous evolution.

Inlarge-scale environments where streaming and batch
workloads overlap, where multiple jobs operate on the
same table, and where maintenance processesrunin
parallel, arecurring set of symptoms begins to emerge:

e Commit-time failures during writes
e Missingfiles duringreads

e Maintenancejobsthatrunforextended periods
orfailunpredictably

e Asteadyaccumulation of metadata

Therest of thiswhitepaperwill cover these four problems,
each structuredin terms of the underlying execution
model, the patterns observedin production systems,
and the practical ways toreason about them. We will
also present some examples from the Iceberg Slack
channelforeach problem to shedlight on how things
show upinreal-world deployments.
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Problem 1: Commit Conflicts

Problem Context

Inatypical productiondeployment, asingle Iceberg
tableisrarely written by a single process—you have
multiple workloads running at the same time. Forexample,
streamingingestion pipelines can continuously
appendorupdate data. Batchjobs may perform
MERGE INTO, UPDATE, or DELETE operations. At the
same time, background maintenance tasks such as
compactionor clustering rewrite files to optimize
layoutand storage costs.

Underthese conditions, commit-time failures beginto
appearinthe form of validation exceptionsindicating
conflictingfiles.

ValidationException: Found conflicting
files that can contain records matching...

Here are somereal-world examples:

Figurel

icebeng. spark.actions

Figure 2

do eb C | am trying to u column for iceberg table

same time and it threw below error :

however it

eption: Found conflicting file

These failures can often be surprising because the
operationsinvolved may appearlogicallyindependent.
Forexample, twojobs may be updating different rows
orevendifferent partitions, yet one of them fails at
commit time. This behavioris sometimes interpreted
as alimitationinconcurrency support. Inreality,itis a
direct consequence of Iceberg’s design.
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Iceberg Execution Model

Tounderstand commit conflicts, we need to look at
how Iceberg actually executes write operationsunder
concurrency. lceberg enforces correctness using
Optimistic concurrency control (OCC). Instead of
locking the table during executioninlceberg, each
write operation proceedsindependently andis only
validated at commit time.

Figure 3
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Allwrite operationsinlcebergfollow a snapshot-
based executionmodel. Awrite query begins by
planning against a specific snapshot of the table.
During this phase, itidentifies the set of datafiles that
must be rewrittento apply the requested changes.
These files form the working set of the operation. The
systemthen constructs anew snapshot thatincludes
newly written data files along withunchangedfiles.
Atcommittime, Iceberg performs a critical validation
step toensure that the planis still valid withrespectto
the current state of the table. The key constraint hereis
that none of the data files used during planning must
have been modified orreplaced since the query began.

Sowhat thismeansis your entire writeis validated
against the state of the table at planning time. And if
evenone of those fileshas changedinthe meantime,
the operationisrejected. Thisis what guarantees
correctnessunderconcurrentwrites andit also explains
why seemingly independent operations can fail.
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Akey consequence of this modelis that conflict
detection operates at the level of data files, not
individual rows. This distinctionisimportant because
most write operations—such as MERGE INTO, UPDATE,
OorDELETE—are expressedinterms of rows, but are
executed by rewriting entire datafiles. As aresult, two
operations that appearindependent at the row level
may still conflictif they touch the same underlying file.

Figure 4
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Inpractice, thisleads to scenarios where:

e Two queriestargetdifferentrows

e Bothrowsreside withinthe same datafile

e FEachqueryattemptstorewrite thatfile
Insuchcases, Iceberg treats this as a conflicting write.
Since both operations depend on the original version

of the file, only one can successfully commit. The other
isrejected to preventinconsistentupdates.
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Failure Patternsin Production

Inproduction systems, commit conflicts tend to follow
somerecurring patterns. As discussed, these patterns
emerge naturally from the interaction between
snapshot-based execution and file-level validation
under concurrent workloads.

Broad File Scans in MERGE Operations

MERGE INTO operations thatlack selective predicates
oftenscanandrewrite alarge number of data files.
Since lceberg executes updates by rewriting entire
files, this expands the working set of filesinvolvedin
the commit. As the number of files touchedincreases,
so does the probability that at least one of them will
be modified by another concurrent operation before
commit, leading to validation failure.

Overlapping Streaming and Batch Workloads

Inmany production systems, continuous ingestion
pipelines operate alongside periodic batchjobs on
the same table. Streamingjobs frequently append or
update datainrecentpartitions, while batchjobs(such
asMERGEINTO or DELETE) operate on overlapping
timeranges. Since both workloads may rewrite files
within the same partitions, they frequently contend
atthefile level. This overlap is exacerbated when
ingestion frequencyishigh,increasing the likelihood
thatbatchjobs operate onstale snapshots.

Long-Running Queries

The duration of awrite operationdirectlyimpactsits
susceptibility to conflicts. Long-running queries
increase the window during which the underlying table
state canchange. As other operations commit new
snapshots during execution, the set of files originally
read by the query becomes progressively stale. By the
time the operation attempts to commit, the probability
that one ormore files have been modifiedis significantly
higher, leading to validation failure.

Conflicts Between Maintenance
and Ingestion Workloads

Arecurring pattern observedin production systems
isthe occurrence of commit conflicts between
continuous ingestion pipelines and background
maintenance operations such as compaction

(e, rewrite data files).Inthesescenarios,
streaming ormicro-batchingestionjobs continuously
append orupdate data, while periodic compaction
jobs attempt torewrite existing datafiles to optimize
layout andfile sizes. Despite being conceptually
orthogonal, both operations act on overlapping sets
of datafiles and are therefore subject to the same
commit-time validationrules.
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Mitigation
Mitigating commit conflicts requires aligningworkload
designwith file-level validation.

e Themosteffective approachisto minimize overlapin
the sets of files that concurrent operations act upon.
This canbe achieved by designing partitioning
schemesthatisolate write domains and by scoping
queries to operate on narrower subsets of data.

e Controllingwrite concurrency is equally important.
Schedulingbatchjobs to avoid overlap with streaming
ingestion, orisolating workloads across partitions,
reduces the likelihood of conflicts.

® Reducingjobexecutiontime also playsarole.
Shorter-running operationsreduce the window
duringwhich the table state can change, lowering
the probability of validation failure.

e Aligningtable designwithupdate patternsiscritical.
Designing tables with appropriate partitioning
and file sizing ensures thatupdates are localized—
reducing the probability of file-level contention
andimproving overall write concurrency.

e Andfinally,whenit comesto maintenance operations
like compaction, these needto be coordinated with
ingestion, because both are rewriting files. So either:
runthemduringlow ingestion periods orscope
them to smaller subsets. Otherwise, you are just
guaranteeing conflicts.
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Problem 2: OrphanFile Cleanup
and OOM Failures

Problem Context

Orphanfile cleanupisintended toremove files that are
no longerreferenced by any valid snapshot. Thesefiles
are typically produced by failed writes orincomplete
maintenance operations. Iceberg provides Apache
Sparkproceduressuchas remove orphan files
to handle this cleanup. However, inlarge-scale
production systems, this operation exhibits poor
scalability characteristics. Engineers observe long-
runningjobs, unpredictable execution times, and, in
many cases, driver out-of-memory errors. Here are
afew snippets from the real world.

Figure 5

iles is only for cleaning up files from failed writes or compactions that failed in a way that the

s are preformed

i -—,qu

# <
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At first glance, thisappears to be aresourceissue.
However, the underlying cause liesin how the operation
isexecuted. The key point to takeaway is that the cost
of orphanfile cleanupis not proportional to the number
of orphanfiles, itis proportional to the total number of
filesinthe table’s storage location.

That'saveryimportantaspect because now, evenif
you have very few orphan files, the operation canstillbe
extremely expensive. And thisis exactly what shows up
in production systems with high file counts—especially
wheningesting small files at high frequency.

Soyoustartseeing failureslike:

e Sparkdriverout-of-memory errors
e Long-runningorcompletely stalled cleanupjobs

e Excessiveresource consumptionduring execution

Sowhat looks like a simple maintenance task becomes
one of the most expensive operationsinthe system.

Iceberg Execution Model

Figure7
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Unlike mostIceberg operations, whichrely onmetadata
(manifests and snapshots) to avoid scanning storage,
orphanfile cleanup requiresreconstructing the set of
datafiles that existin storage but are notreferencedin
metadata. This procedure involves two expensive steps:

1. Listingallfilesinthe table’s storage location:
Thisincludes all directories and partitions under
the tableroot. So the cost of this step grows
linearly with the total number of files.

2. Joining this listing with metadata-referenced files
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Andthenyoucompute the difference betweenthe
filesin storage and filesin metadata, which gives you
the orphanfiles. Theresulting list of orphan filesis then
collected and processed fordeletion, typically at the
Sparkdriver.

This designleads to several scaling challenges:

e Fulltablelistingisrequired, evenif only asmall
number of orphanfiles exist

e Thejoinbetweenstoragelistingand metadata
grows with table size

e Intermediate state (file lists) may need to be
materialized, often at the driver

Sothe key takeaway hereis: this operation completely
bypasseslceberg’s metadata advantages and falls back
to storage-level enumeration. Whichis why Cleanup
cost=0 (totalfilesin storage), not O (orphanfiles).

Failure Patterns in Production

Production systems exhibit several consistent patterns
pertaining to OrphanFile Cleanupissues. Here are afew.

Execution Stalls and Memory Failures

inLarge Tables

Arecurring pattern observedin production systems
isthatremove orphan files operationsdegrade
significantly or fail entirely when executed onlarge
tableswith high file counts. Inonereported scenario,
atableingesting datahourly accumulated thousands
of files per partition, resultinginaverylarge number
of files across the table. When orphan cleanup was
triggered, the Sparkjob remained active forextended
durations—up to 15 hours, without producing logs
orvisible progress. Eventually, the job surfaced
OutOfMemoryError exceptions.

Cost Scaling with Table Size Rather Than
Problem Size

Asecond pattern observed across deploymentsis
the disproportionate cost of orphan cleanuprelative to
the actualnumber of orphanfiles present. In practice,
orphanfiles are typically produced by failed writes,
aborted compactions, orincomplete operations, and
theirnumberis often small. However, users consistently
report that cleanup operations exhibit executiontimes
andresource consumption proportional to the total
size of the table, ratherthan the number of orphanfiles
beingremoved.
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Driver-Centric Bottlenecks

and Failure Localization

Although parts of the orphan cleanup process are
distributed, key stages require global coordination and
aggregation of file metadata. This oftenresultsinlarge
intermediate datasets being materialized at the driver.
Failures tend to localize around these stages, with
memory pressure appearing eitherduring large-scale
file listing or during the set difference computation
between storage and metadata views. This makes the
driveracritical bottleneck, and explains why failures
canoccureveninotherwise well-provisioned clusters.

Misuse as Routine Maintenance
in High-Scale Environments

Afinal pattern observed acrossreal-world deployments
isthe misalignment between the intended purpose of
orphancleanup andhowitisusedinpractice.Inmany
deployments, orphan cleanupis scheduled as aperiodic
maintenance task alongside compaction and snapshot
expiration. However, unlike those operations, orphan
cleanup doesnotscale withmetadataandinsteadincurs
astorage-level cost. When executedregularly onlarge
tables, itintroducesrepeatedfull-table scans, leading to
spikesinresource utilizationandincreasedinstability.
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Mitigation

For effective mitigation of orphan file cleanup failures
we needtorecognize that remove orphan files
operates fundamentally differently from most Iceberg
maintenance procedures. Hence, mitigation strategies
must focus on controlling the scope, frequency, and
execution characteristics of thisenumeration. Let’s
understand a few of these strategies.

e Restrictorphancleanup to failure-recovery
scenarios rather thanroutine scheduling
Orphancleanupisdesignedtohandleinconsistencies
introduced by failed writes orincomplete operations.
Runningit as part of periodic maintenance onlarge
tables forcesrepeated full-table scans, evenwhen
no meaningful orphan files exist.

e Reduce the scope of file enumerationinstead of
operating on the entire table
The dominant cost driverin orphancleanupis the
size of the storage footprint being scanned. Limiting
cleanup to specific partitions or subpaths where
failures are known to have occurred significantly
reduces the volume of data processed.

e Account fordriver-centric execution
characteristics during planning
Orphancleanupintroduces stages where large
intermediate state is materialized, often at the
driver. Increasing drivermemory may delay failures,
but doesnot address the underlyingissue. Stability
depends onreducing the amount of databeing
aggregatedratherthansimply scalingresources.

e Aligncleanup strategy with table growth and
ingestion characteristics
Astables grow andingestionratesincrease, the
number of files expands continuously. A fixed
cleanup schedule does notaccount forthis growth,
leading to progressively longerand more expensive
executions. Aligning cleanup strategy with table
scale ensures that operational costremains
proportional to actual need, rather than being
driven solely by storage footprint.
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Problem 3: NotFoundException

Problem Context

InproductionIceberg deployments, arecurringclass
of failures manifests as NotFoundException errors
duringread operations. These errors typically indicate
that adata ormetadata filereferenced by a query
orprocessingjob nolongerexists at the expected
storage location.

NotFoundExceptionisobservedduring query
executionandis ofteninterpreted by users as data
corruption orinconsistency within the table. However,
analysis of real-world incidents reveals that these
failures are not caused by corruption, butrather by
inconsistencies betweenthe snapshot state assumed by
aquery andthe physical state of the underlying storage.

Here are some real-world examples:

4423effb614-00001 . pa
I looked up on S3, that

I then loaded the full meta

(deletion marker), and is still versioned until ttl kicks in.

files, looking for an entry of this particular filename but have
trace

scala> df.f lata_file.file_path".contains("00000-48

@0001..parquet ™)) . show()

+ +

|status | snapshot_

metadata
Do you have more on what the issue could be tied to ?

Apr 24th, 2025
If you don't have a m ferencing it, it means the table no longer believes this file is part of the table.

nd up with thi tion in a non-buggy way if you have expired a snapshot that a query began on

H1

le I query on snapshot 1, s some files and now we are at snapshot2, someone expires

use a file it required is missing

Figure 9
Sep 24th, 2024 d
hey, i am using iceberg 1.4.1 and spark 3.4 , and flink , i got a table that
running well for 1 year, and a day ago started to get error
look like a corruption , is there any way to fix this ? am using glue catalog

org.apache.iceberg.exceptions.NotFoundException: Location does
not exist: s3:// /metadata/le3126db-e7fc-4da3-a@ae-b080cf67f4f1-
m6.avro\n

These errors occuracross engines such as Apache
Sparkand Apache Flink, and frequently surface during
long-runningreads, streamingingestionjobs, orquery
executionoverlarge tables.
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Iceberg Execution Model

Tounderstand why this happens, we need tolook at
how readsworkinlceberg. Every query operatesona
specific snapshot of the table. That snapshot defines:
the metadatafiles, the manifests, and the exact set of
datafilestoread. Sowhenaquery starts, it essentially
says: “lam going toread this snapshot, and these are
the files | expect to exist.” Now there’s animportant
assumptionhere,i.e., Icebergassumesthatallreferenced
filesremain available for the duration of the query.

However, Iceberg doesn’ttrack active readers andit
doesn’tneed to knowwhoisreadingwhatbecause
Snapshotisolation makes queriesindependent of the
table. So,reads operate onimmutable snapshots, and
file lifecycleis governed purely by metadata. There’s
no coordination with query execution, and nofile pinning
instorage. As aresult, maintenance operations (such
as compaction) canremove files that are still required
by in-flight queries on older snapshots.

Now if youlook at the diagram below, thisis exactly
what happens.

Figure 10
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A query starts onsnapshot Slandit beginsreading
files—say F1,F2,F3. Meanwhile, maintenance operations
such as snapshot expiration orcleanup runsinthe
background. These operations advance the table state,
andremove files thatare nolongerneeded forthe latest
snapshot. Sonow the file F2 gets deleted from storage,
butthe queryis stillrunning, and stillexpects F2 to exist. So

whenit tries toread thatfile, it gives NotFoundException:

Locationdoes not exist.

Soit'sarace conditionbetween snapshot-based
reads and file deletionhappening underneath. And
specifically,it’'s caused by premature deletion of files
that are stillrequired by active queries.

Failure Patternsin Production

Analysis of productionincidents reveals that
NotFoundExceptionerrorsarise fromtwo distinct
butrelated classes of failure, both of whichviolate
the assumptionthatallfilesreferenced by a query’s
snapshotremain accessible throughout execution.
These failures occurwhenfilesbecome unreachable
eitherdue to physical deletion from storage orremoval
fromthe table’smetadatalineage.

Physical Disappearance of Files from Storage

A common pattern observedis the physicalremoval
of data ormetadata files that are stillrequired by active
readers. This typically arisesin architectures where
ingestionand maintenance are executedindependently,
oftenacrossdifferentengines.

Inonereported setup, dataingestion was performed
continuously via Apache Flink, while maintenance
operationssuchasrewrite data files,expire
snapshots, remove orphan_ files,and
rewrite manifests wereexecuted periodically
using Spark procedures. Snapshots were configured
to expire withinvery shortintervals (on the order of
minutes). So, overtime, the Flinkjob began failing with
errors such as:

NotFoundException: Location does not
exist: .../metadata/*.avro

Theimpactis particularly severe when metadatafiles
(*.avro)areremoved, as this preventsreconstruction
of table state and can cause failures even before data
accessbegins.

Logical Disappearance via Snapshot Evolution

Asecond, more subtle pattern arises whenfiles
remain physically presentinstorage, butare nolonger
referenced by the table’s metadata.

Inone observed scenario, a query failed while
attemptingtoread adatafile that still existedin S3 (with
versioning enabled), butwas nolongerreferenced by
any manifest. Investigation showed that:

e Thefilehadbeenremovedfromthe table during
arewrite ordelete operation

e Thesnapshot that previously referenced the file
had been expired

e Nometadataentry existedlinking the file to the
current table state

Fromanlcebergperspective, if afileisnotreferenced
by any manifest, the table nolongerconsidersit part
of the dataset, regardless of its presencein storage.
Queriesthatbeganonanearlier snapshot expecting
this file will failonce that snapshotisnolongerretained.

Mitigation

Effective mitigation of Not FoundExceptionrequires
aligning snapshotlifecycle management, metadata
evolution, and query execution behavior.

e Configure snapshotretentionbased onreader
lifetime rather than storage optimization
Snapshotretention determines how long historical
table stateremains available. If retention windows
are shorterthanlong-running queries or streaming
checkpoints, readers may reference snapshots that
no longer exist. Retention should therefore exceed
query durations, checkpointintervals, andrecovery
windows, especiallyin continuously ingested tables.

e Control physicalfile deletionrelative to snapshot
retention policies
Snapshotexpiration andfile deletionare separate
processes. If cleanup runs too aggressively, files
required by recently expired snapshots may
beremoved prematurely. Introducing a buffer
between expirationand deletion, and avoiding
tightly scheduled cleanup, ensures files remain
physically available foractive readers.

e Coordinate maintenance operations with
ingestionand query workloads
Maintenance operations continuously evolve table
state. When executed independently, they can
invalidate assumptions held by active readers.
Aligning maintenance frequency with workload
patterns and avoiding aggressive full-table
operationsreduces therisk of snapshot evolution
outpacing query execution.
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Problem 4: Metadata
Amplificationlssue

Problem Context

To understand why metadata bloatbecomesareal Here are some real world examples:
bottleneckinlceberg,itisimportant tolook closely
athow commits are structured today.

Figure 1l

Eachcommitinlcebergisnotasimple appendto BFEETIIEET] to changs the metadata folderlocation from the defaultto anther
metadata. Instead, it produces anew metadata.json ! '
file, anew manifestlist, and one ormore manifest files

iles the metadata files themselves are not

that describe the datafiles added orremoved. This " s lnithe futurs:
. ) How can w S 7
layered structure is fundamentalto lceberg’s snapshot -
isolationmodel, butitalsointroduces aform of metadata
write amplification. Figure 12
EVenfora minimalopera‘tion}such as appendingasing|e Hi folks, in my project I'm using the ic g-core and iceberg-data modules (and
fl d | . “ b f d h their dependencies) to implement an loT data ingestion system that provides real-
lieorde etlng asmallsubsetotrecor S, the syStem time temperature, pressure and vibration measurements . I'm using Parquet storage
mustrewrite multiple layers of metadata. Inparticular, and HadoopCatalog catalog and Java API.
Operations that modlfy existing data Often require From time to time | commit the Iceberg table so that the measurements can be

obtained by the query service running on another JVM.

rewriting manifest filesina copy-on-write manner. Inthe
worst case, this caninvolve rewriting alarge portion of il : p—
existing manifests, evenwhenthe logical changeis small. large. Metadata file

AS a result the cost Of metadata Operations becomes approximately the same size because the data acquisition rates are constant.
proportional to the size and structure of the table’s

After a few hours of running | notice that the filesystem has a lot of metadata files

My question is: how can | consolidate this large amount of JSON metadata files and
Parquet data on a daily basis (for example)? My question is about best practices when

existing metadata, ratherthan the size of the change I use the Java API in this consolidation, since | need the other JVM that provides the

queries to be used in parallel, all the time.

beingapplied. Thiseffect becomesmore pronouncedin
workloads characterized by frequent commits, such as
streaming or micro-batchingestion. Inthese scenarios,
smallandincremental updatesrepeatedly trigger
metadatarewrites that scale with the table, leading to Fiqure 13
inefficientbehavior. —

Proposed Direction:
Collapsing the Metadata Hierarchy

Current State m v4 Single Commit

dbl.tablel dbl.tablel I
Current Metadata Pointer Current Metadata Pointer

Metadata File Metadata File
@ Metadata File

This manifestsin two ways. First, write latency
increases, because eachcommit must constructand
atomically publishanew metadata state. Second,
query planning becomes more expensive, as engines
mustread and process metadata structures thatare
frequently rewritten, reducing opportunities forreuse
and efficient planning. In effect, while Iceberg avoids

. . . Manifest Manifest Data Manifest
scanningunnecessary datafiles, part of the costis b et
shifted to metadata processing, which grows with the

complexity of the metadata structures rather than the M M M

magnitude of the underlying data changes. - -1 -1 Zy 2y 44
Bl
DataFiles DataFiles Data Files

Faster Commits Better Caching
Tackle Metadata Bloat Improved Query Planning I C E B E RG U
J

.

The proposed v4 designintroduces a structural
simplification through the concept of a Root Manifest,
whichreplaces the manifest list as the entry point
forasnapshot.
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Instead of maintaining a multi-level hierarchy
(metadata.json -> manifest list -> manifests), the
structureis flattened so that the snapshot directly
references asingle root manifest. Thisroot manifest
thenreferences data manifests and delete manifests,
whichinturn point to the underlyingfiles. Conceptually,
the hierarchy becomes:

Root Manifest — Data / Delete
Manifests — Files

This change alters the way metadata evolves during
commits. Rather thanrewriting large portions of the
metadatatree, each commit cannow modify only the
affected parts of the structure, allowing metadata
changesto scale with the operationitself ratherthan
the entire table state. The implicationis significant for
high-frequency workloads. Commit cost becomes
proportional to the number of files changed, rather
than the cumulative size of the metadata graph. This
directlyreduces metadatawrite amplification, lowers
commit latency, and stabilizes performance under
continuousingestion.

Additionally, theroot manifestcanactas anaggregation
layer forfile-levelstatistics (e.g., min/maxvalues, counts),
enabling earlier pruning during query planning. This
reduces the needto traverse deeperlevels of the
metadata tree, improving planning efficiency as
tables grow.
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Why Does This Matterin Practice?

This proposal directly addresses a pattern observedin
production systems:

Metadata overhead grows with table activity,
notjust datasize.

Inworkloads dominated by small, frequent commits,
suchas streamingingestion pipelines, the current design
leads to adisproportionate increase in metadata
operations. Overtime, this affects both write throughput
andreadlatency, evenwhenthe underlying datavolume
remains manageable.

By restructuring the metadata hierarchy andlocalizing
changes, thev4 approachaimstorestore alignment
between operation size and metadata cost. This makes
Icebergmore predictable under sustained write
pressure and better suited forworkloads thatrequire
continuous updatesratherthanlarge batch writes.

Conclusion

What theseissues make clearis that most production
failuresinlcebergare adirect consequence of its
design. This makesit critical to understand the core
primitives that drive its behavior. The challengeis
notjust to fix these problems, but toreason about
them correctly.

Systemsthat operate well at scale are the ones that
alignworkload patterns—ingestion, maintenance, and
query execution—with these underlying mechanics.
Partitioning strategies, job scheduling, retention policies,
and commit frequency are not just configuration
choices—they shape how the system behavesunder
concurrency and continuous change, and ultimately
determine how welllcebergrunsin production.
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