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Abstract  

This paper provides a validated, tested playbook to tune Delta Lake on cloud object 

store to a terabyte-level scale. It is posed as a multi-objective control problem that 

improves the read latency, write cost, maintenance cost, and reliability against bursty 

ingestion and mixed workloads. These methods include metadata (checkpoint cadence, 

log compaction, conservative VACUUM), file hygiene (bin-packing to 512-1024 MB, 

small file prevention), partitioning and skew (time+entity, salting), clustering to 

achieve selectivity, and read/write performance (AQE, dynamic file pruning, broadcast 

caps, shuffle parallelism, selective caching). Guardrails, re-writable budgets, 

cooldowns, canaries, small-file ratio, fragmentation, pruning hit rates, conflicts, cold-

start timings, and visibility into these allow closed-loop reactions. TPC-DS-like and 

telemetry datasets (0.510 TB) have been applied on evaluation using back ETL, 

streaming CDC upserts, ad-hoc selective queries, and BI scans by repeatedly running 

the tests and building interval confidence. Compaction decreases the overhead of 

planning; combined with workload-driven clustering, it provides the most significant 

performance boost on narrow predicates: for median and P95 tail latency, it increases 

44-58 percent and 37-49 percent, respectively, at low to medium selectivity (0.1-5 

percent). Staged upserts purges candidate files batch and file-level statistics are cut in 

bytes, shuffled by 2741 percent, and P95 times are sunk on MERGE by 2436 percent. 

This is because daily compaction maintains a small-file ratio at ~8% compared to 

hourly schedules with minimal to no viable read advantage (write amplification 

increases ~1.6 x). AQE truncates long tails; past two nesting columns, the returns 

vanish, and effectiveness has a broad 512 MB to 1 GB file-size peak. 

Keywords: 

Delta Lake, File compaction, Partitioning & skew mitigation, Clustering for 

selectivity, Adaptive Query Execution (AQE). 
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1. Introduction 

The new lakehouse is the practical foundation of analytics and AI since it can 

combine the stability of an information warehouse and the scalability of an 

information lake. Organizations execute concurring BI dashboards, explorative SQL, 

streaming enrichment, and feature construction on cloud object stores. Such multi-

workloads strain ingestion throughput, storage layout, metadata services, and query 

execution simultaneously. Stakeholders are asking for results such as meaningful 

freshness in near-real-time, certainty in P95 query latency that the system will offer, 

and affordability at the level of queries served. To achieve those goals, table design 

and operations must be disciplined to minimize overhead associated with small files, 

ever-increasing metadata bound by the tables, and operationally efficient joins and 

scans that span across multiplexed physical disks and increase scale. Through this 

introduction, the objectives of Delta Lake optimization are presented and supported by 

explaining levers that align engineering decisions and goals, concerning the budget 

and compliance. 

Delta Lake is a set of layers on top of Parquet that provides ACID Semantics on 

top of a file-system implementation, whilst still supporting versioning and schema 

evolution. Copy-on-write semantics involves snapshot isolation, and the readers 

observe a taken picture, whereas the writers publish new information and retire files in 

an atomic advertisement. JSON log is stored as compressed Parquet at periodic 

checkpoints so that loading metadata is quickly completed and listing overhead is 

reduced. Data skipping is supported by column statistics and the log (such as the 

min/max, null counts), and by partition values that allow pruning. Time travel allows 

prior snapshots to be debugged and reproduced, and it will enable schema evolution. 

These mechanisms provide warehouse-like reliability in object storage at the cost of a 

trade-off on the issues of checkpoint frequency, retention windows, and concurrency, 

as well as layout policies that impact cost and performance. 

Small-file proliferation is cost-dominant at scale. Micro-batches, small writer 

batch sizes, and excessive partitioning in Parquet over-shards millions of tiny files that 

swell object-store listings, add latency, and slow down planning and increase I/O 

choke points in the executors. Skewed partitions load reads and writes into hot keys or 

windows of recent activity, producing stragglers, biased shuffle, and starvation. Under 

uniprocess concurrency, when write sets of candidate files are large or ill-pruned, 

upserts are costly-and, indeed, impossible under optimistic concurrency since writers 

conflict when they attempt to modify overlapping partitions. The increase in metadata 

is detrimental to cold-start latency since clients read through lengthy histories in 

between checkpoints. Object stores add request costs and can sometimes be 

inconsistent, which is a penalty to directory-style workloads; thus, retries are increased 

by naive parallelism. In its absence, these consequences bring random P95 latency, 

bloat in maintenance windows, and cost per query. 
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The study formulation casts the Delta Lake optimization as a multi-objective 

control problem between performance, cost, and reliability. The objectives include a 

low read latency, write and maintenance overheads, metadata loads, and maintaining 

freshness, isolation, and correctness. Decision variables cover the layout and 

implementation: the level of granularity in partitions, the desired size of the target file, 

clustering and ordering columns, compaction frequency, and the retention of 

VACUUM; and adaptive query execution, the broadcast threshold, shard-partitions, 

the spill action, and selective caching. Limits to the budgets for rewrites, windows of 

retention, limits to the concurrent rate of change, and change-management approvals 

are part of the constraints. It has to run in a bursty ingestion, mixed query shapes, and 

not starve critical workloads. Tuning turns into a control loop, such as measuring 

fragmentation, selectivity, small-file ratios, and latency; taking actions with guardrails; 

and cross-checking with metrics. 

2. Literature Review 

2.1 Table Formats & Concurrency Models 

Lakehouse deployment Modern Lakehouse deployments use table formats that 

provide transactional semantics over the immutable object store. Delta Lake is 

designed to manage these files as Parquet files, and an append-only transaction log 

tracking the addition and removal of files at a file level to support atomic commits, 

time travel, and schema evolution. Copy-on-write (CoW) and merge-on-read (MoR) 

are the two most popular concurrency strategies in real systems. Using CoW, authors 

generate additional files and archive relegated ones; readers access a spare snapshot, 

which balances scan performance and rollback (Yang; Yang: & Tu, 2019, August). 

With MoR, delta files are appended to base files and re-merged during a background 

compaction, at the expense of periodic write cost in favour of reduced write latency. 

Both implementations are generally based on snapshot isolation under optimistic 

concurrency control (OCC): metadata is read by the writer to make a write proposal, 

and it is verified that multiple files have not been modified, and a new version is 

written atomically. OCC scales writer parallelism, but must carefully partition to 

reduce conflicts and exercise wise retry policies to prevent thundering herds.  

CoW or MoR affects the upserts and maintenance choices: CoW prefers 

predictable reads and easier data skipping at the cost of more write amplification 

during MERGE; MoR prefers cheaper upserts but more compaction debt and more 

complex reader logic. Production teams thus view the concurrency design space as 

cost-bound and can balance performance and expenditure by setting commit 

frequency, retention window, and rewrite budgets according to the service levels 

(Chavan, 2023). As shown in Figure 1 below, a lakehouse pipeline reads from sources 

into staging, appends curated snapshots into the warehouse, and pushes marts for 

OLAP. Delta-style table formats provide optimistic concurrency and snapshot 

isolation. Copy-on-write creates new files for atomic commits, and merge-on-read 
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accumulates deltas for later compaction. This approach trades upsert latency for the 

costs of maintenance. 

 

Figure 1: Lakehouse pipeline showing append/overwrite with snapshot-isolated reads 

2.2 Storage Layout Patterns 

The predominant lever of predictable performance on object storage is the 

physical layout. Time-based partitioning (such as date or hour partitioning) is also 

wholeheartedly congruent with append-heavy telemetry since the majority of reads can 

filter in predicates to discard whole partitions, with just the most recent windows 

needing to become hot. A dimension type commonly filters the entities, and then a 

composite scheme of time, and a bounded entity bucket can then effectively provide 

better selectivity without bloating the directory tree. High-cardinality keys must be 

sharded into a tuned number of shards as part of a bucket or salted bucketed to avoid 

the anti-pattern of having too many partitions. File size is a tradeoff: If they are ~256-

1024MB, large enough to see sequential I/O and compression performance benefits, 

but small enough that long-tail tasks are avoided and retry penalties are reduced. 

Writerside controls- writer commitments, batching of micro-batches to fewer files, 

coalescing of output partitions, and limiting parallel writers per partition to avoid small 

files at the source. In case of selective workloads, sorting or clustering work in 

partitions based on the most discriminative columns will cause similar values to be 

near each other and increase data skipping. Columns should be ordered in multi-

column clustering in the way that is likely to be selected, where the first column with 

the most likely filter is also the most common filter (Stefanuto & Focant, 2020). Join 

patterns should also be reflected in the layout: placement of surrogate keys near each 

other to minimize shuffle volume in dimension joins. Lastly, layout is not stagnant, as 

data distributions change, it is essential to reconsider the partition scheme and level of 

clustering to retain pruning efficiency and ensure maintenance tasks are commensurate 

with gain. 
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2.3 Metadata, Checkpoints & Stats 

The metadata plane also dictates the speed with which a reader can take a 

consistent snapshot and determine which files to scan. JSON actions are added to each 

commit, documenting data-file additions, removals, and table properties; historically, 

long commit histories work to their detriment as they increase cold-start latency, since 

clients need to replay pages of JSON blobs and iterate through large directories. 

Periodic Parquet checkpoints also record the table state at discrete versions so that 

readers can open a small columnar manifest and then process only those subsequent 

JSON deltas (Schweizer, J). Commit count and log size are the two knobs involved in 

choosing a checkpoint cadence. On the one hand, the checkpoints are too rare, and in 

that case, listing and replaying will monopolize query planning; on the other hand, the 

checkpoints are too often carried out, and writers waste their cycles calling 

checkpoints without providing a helpful result. Column statistics, and in particular the 

minimum and maximum values per column, and file can be used to implement data-

skipping indices that filter files before scan. On high-cardinality strings, the false 

positives can be decreased with auxiliary summaries to store hashed membership, at 

the expense of maintenance overhead and more metadata (Rong, et al., 2020). Scaling 

necessitates a concern with metadata locality: the object store you use may have limits 

to the Number of objects listed deeply in a directory, and a large number of small 

JSON files in deep directories can quickly reach those limits; addressing this by 

batching commits and compacting log entries into larger objects alleviates this. 

Retention policy needs to allow a safety margin to time travel and rollback, and it 

would also generate a bloat in metadata, as well as storage cost when it is excessively 

long. A commonsense tradeoff makes checkpoints regular, restricts JSON replay, and 

ensures that statistics are updated non-blockingly after extensive rewrites, so that 

pruning can be efficient on the most prevalent predicates. 

2.4 Spark Query Planning & Execution 

When a well-laid table results in low-latency queries, the engine of execution 

decides that predicate and column pruning use only applicable columns and files. In 

contrast, projection pushdown minimizes I/O cost and bandwidth, and dynamic file 

pruning promotes runtime filter values in dimension-table scans to fact-table scans, 

significantly reducing the workload on selective joins. Adaptive Query Execution 

(AQE) optimizes physical plans based on estimated statistics (after initial shuffles) 

(Haffner & Dittrich, 2023). It replaces a sort-merge physical plan with a broadcast-

hash physical plan once a dimension table is sufficiently small, and collapses skewed 

partitions to avoid stragglers. The Broadcast threshold, Number of shuffle partitions, 

and the Spill limits should be adjusted based on workload rather than default values. In 

the case of wide joins, a reshuffle may be avoided entirely by sorting and bucketing 

compatible tables on the join key; when that is impracticable, salting hot keys 

distributes load across executors. Caching works well with the small and frequently 

used dimension sets; caching of large fact tables will limit memory and may prove 
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counterproductive in the situation of concurrent usage. Importantly, planning must be 

seen as a feedback loop: query runtimes telemetry must be used to shape thresholds, 

join strategies, parallelism settings so that a pattern stabilizes around empirically-

proven decisions, just as data-driven feedback tools can achieve better decisions by 

completing the loop between observational data and recommendation (Karwa, 2023). 

2.5 Operational Practices & CDC 

With continuous change data capture, the performance is stable with 

operational discipline. Effective MERGE workflows start by staging differential 

updates to reasonable-sized Parquet files, carrying them out in order of the join keys 

used against the reconciliation of them. Watermarks in every batch ought to constrain 

the window of impact, thus ensuring that partition pruning reduces the candidate set. 

Deduping policies and idempotent keys will ensure that retries will end up in the same 

state; rejected data can be quarantined for further analysis. To minimize writer 

conflicts on OCC in the case of many jobs each touching the same partitions, retries 

use exponential backoff with jitter, and operations are switched, either per hot partition 

or per key range. Bin-pack compaction imprints the small files into targets close to the 

file size chosen and should be budgeted by Gigabytes, Rewritten per day as a cost 

ceiling. Maintenance cadence is workload-sensitive: the volatile recent partitions are 

compacted more often, and cold partitions are excluded. Retention windows guard 

rollback deletes and legal holds; a commonsense default setting prevents deleting files 

that are referenced by earlier snapshots (Keter, 2022). Streaming pipelines need rigid 

check pointing and judicious backpressure such that fixed latency is maintained whilst 

volume rises. Telemetry-intensive areas like fleet telematics, to give some examples, 

exhibit the need for such practices: continuous event streams require upserts with low-

latency, predictable maintenance, and consistent recovery to ensure downstream 

analytics meet their service-level goals despite rates of ingest changes (Nyati, 2018). 

 

Figure 2: CDC pipeline enabling staged upserts and replication to warehouse 

Change data capture imports changes, through databases, documents, and log 

streams, into a processing layer that buffers right-sized Parquet batches to make them 

ready to submit to ETL/ELT, as shown in the figure above. MERGE upserts apply 
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watermarks that limit impact, and idempotent keys to innocuous retries. Writers use 

exponential backoff with jitter to minimize conflicts. Controlled backpressure, 

checkpointing, and bin-pack compaction maintain predictable latency. The last process 

involves curated snapshots, which are replicated into the target warehouse with 

retention windows and budgeted rewrites, thereby maintaining consistent analytics at 

the cost of variable ingest rates and workload spikes. 

3. Methods and Techniques 

3.1 Metadata Plane Optimization 

Delta Lake deployments use checkpointing as a tunable point between metadata 

read latency and write overhead. Teams set up two forms of triggers to occur, so that a 

checkpoint is created when a set number of commits have been made or when the 

combined characters of the logs reach another number. The use of parquet checkpoints 

decreases JSON parsing and listing in an object store. Compaction of log data via 

periodically scheduled log compactions compacts a series of JSON deltas into 

sequentially structured Parquet files to control history growth and speed up snapshot 

loading (Harjunpää, 2023). Optimistic concurrency. The number of concurrent writers 

per hot partition is capped, retriables are configured along an exponential backoff 

pattern, and maintenance activities like compaction and vacuum are mutually 

exclusive (i.e., serialized). There is conservative retention. More than seven 

VACUUM windows that survive streaming reads and legal holds protect readers. 

Exception lists are confirmed in dry-run modes before a deletion triggers any 

irreversible operation. Metadata increase is checked by tuning the checkpoint’s 

frequency and pruning obsolete statistics. Logs and checkpoints are stored in the same 

bucket prefix to prevent cross-prefix listing, and checkpoint coordinators themselves 

are cached checkpoints to reduce cold-start latency. This is reflective of a scalable 

control-plane architecture, which has compact state changes that prevent any 

cascading retries (Sardana, 2022). 

Table 1: An Overview of Delta Lake Metadata Plane Optimization — Key Controls, 

Settings, Effects, and Safeguards 

Control Key setting Effect Notes 

Checkpointing 

Create checkpoints after N 

commits or when log bytes 

exceed a threshold; use 

Parquet checkpoints 

Faster metadata 

loads; fewer 

listings/parses 

Tune thresholds per 

workload volume 

Log 

compaction 

Periodically compact JSON 

deltas → ordered Parquet 

Controls history 

growth; speeds 

snapshot loading 

Run off-peak; verify 

lineage before/after 

Concurrency & 

retries 

Cap writers per hot partition; 

exponential backoff; 

serialize compaction and 

VACUUM 

Fewer conflicts; 

stable commits 

Use distributed locks; 

adjust caps 

dynamically 
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Control Key setting Effect Notes 

Retention & 

safety 

VACUUM ≥ 7 days; dry-

run deletions; maintain 

exception lists 

Protects streaming 

readers/legal holds; 

safe deletes 

Align with governance 

requirements 

Layout & 

caching 

Keep logs & checkpoints 

under same bucket prefix; 

cache checkpoints 

Fewer cross-prefix 

listings; lower cold-

start latency 

Validate checkpoint–

delta continuity; prune 

stale stats periodically 

3.2 File Hygiene & Small-File Control 

File hygiene has arithmetical impacts on the planning time and executor I/O. 

Workload profile-driven target file sizes policies (near-gigabyte results maximize the 

benefit of a scan-intensive analytics, small sizes prioritize highly selective queries 

thanks to improved skipping). Bin-packing compaction combines under-sized Parquet 

results to achieve a close resemblance to target outcomes whilst still preserving 

partitions and clustering sequence. Writer-side controls block the small files on the 

source side by increasing batch sizes, merging streaming micro-batches, and limiting 

output files generated by a trigger. The detection of late files will pick up stragglers 

and drag them into the following compaction cycle. Three lines of defence guard 

compaction, including rewrite budget quantified in gigabytes per day, per-table row-

lock, and canary partitions, validate plans before fleet rollout. Lineage is produced 

with each rewrite to enable analysts to reconstruct file replacement events for 

downstream consumers (Jurčo, 2023). Technically, the jobs in the snapshot table 

replica create sets of candidate files based on minimum size and age, bin-pack to 

optimize the output count in the target envelope, atomically publish, and audit the 

manifest delta. These techniques minimize the cost of scheduling overhead, minimize 

the planning overhead, and maximize read throughput without negatively impacting 

freshness, and also reduce the instruction rate on object stores. 

3.3 Partitioning & Skew Mitigation 

Partitioning maintains control over the pruning efficiency, writer concurrency, 

and the balancing on shuffle. A time-plus-entity composite is usually quite resilient: 

time-based ETL and time-based reads tend to be append-heavy, and an entity like 

customer_id or region clusters correlated tuples and is skew-efficient. The maximum 

number of partitions is limited so that the directories are still enumerable and the 

operations on the metadata are limited. A small set of keys dominates when salting is 

used to spread traffic and bucketing bound shards. Using demand-sensitive adaptive 

shard counts, hot partitions have more time slices or salts added when their file counts 

or the number of bytes exceed thresholds, and cold shards are joined to limit fan-out. 

Hotspot detection uses sliding windows over file counts, average file size, and P95 

scan time. It rewrites files into balanced shards or redirects new writes to overflow 

shards until compaction is complete. A partition column is put along with usual 

predicates and join keys rather than high-cardinality parts that are split into small 
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chips. Where range selectivity is involved, coarser partitions are coupled with 

clustering to fine locality. Code is encoded in policies with thresholds, cooldowns, and 

exceptions to ensure schedulers produce predictable behaviour during bursts. 

3.4 Clustering/Ordering for Selectivity 

Clustering adds to partitioning since rows scanned together may be placed 

together, which reduces skipping and large segment reads. Workload monitoring 

provides the beginning point: predicate selectivity is calculated on query archives, and 

popular filters are prioritized. (Jindal, et al., 2019)The most selective column is listed 

first, and then the dimensions that reinforce skipping and join locality in a multi-

column clustering order. In each partition that is affected, writers sort data by 

clustering keys and generate files near the target size to keep contiguous ranges. 

Fragmentation is determined in terms of the number of files covering a predicate range 

as a ratio of file count; re-clustering occurs when a fragmentation ratio exceeds a 

designated limit or when statistics have become non-discriminating. Churn is bound to 

cadence: hot partitions can be re-clustered on a nightly basis, whereas cold partitions 

are never re-clustered. Clustering occurs together with compaction; Rewrites are 

merged. Cost triggering specifications look at rewrite gigabytes, anticipated benefit of 

culminating scans, maintenance windows, and canary executions to check plan 

competence before introduction. In range-based filters (in which quantiles guide the 

filters to form uniformly broad buckets in a skewed distribution), and in selective 

equality filters (Bloom-style auxiliary indexes shrink candidate files in preparation to 

scanning), bucket widths are made the same. Rollback is possible if plans revert to 

using atomic publishing, versioned clustering metadata. 

3.5 Read/Write Path Tuning 

Read path and write path are tuned in complement. In the case of upserts, the 

incoming change data gets staged based on the merge keys; candidate target files are 

pruned in advance based on partition predicates and column statistics; MERGE is 

launched against restricted file sets. This order only requires one less scan by 

executors, and it decreases the chance of write merging. Adaptive query processing 

allows recalculating join plans on the fly; broadcast limits are adjusted so that row 

groups do not get unnecessarily shuffled. It sets spark.sql.shuffle.partitions in line with 

the available parallelism, preferring fewer and larger partitions when performing wide 

aggregations and many more partitions in a many-to-many join. Spill thresholds and 

fractioning of memory are optimized to maintain hot operators in memory, and 

persistence only occurs on reusable datasets through unpersist operations (Shi, et al.,  

2019). Compact dimension tables and reused aggregates use selective caching whose 

existence is justified by hit rates. Some examples of operational guardrails are the 

shapes of queries, lint rules, baseline configurations, and canary rollouts with rollback 

hooks. These checks can be performed as part of continuous delivery, which falls in 

line with the DevSecOps practice where automated security and quality gates are 

present to mitigate regressions and achieve higher overall reliability (Konneru, 2021). 
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Table 2: Read/Write Path Tuning and Operational Guardrails for Delta Lake on 

Spark: Techniques, Key Settings, and Intended Effects 

Area Technique 
Key 

Setting/Example 

Intended 

Effect 

Upserts 

workflow 

Stage change data by merge keys; 

prune target files via partition 

predicates and column stats; run 

MERGE on restricted sets 

Prefilter by date 

partition and value 

ranges before 

MERGE 

Fewer scans; 

lower conflict 

probability 

Adaptive 

planning 

Enable AQE; adjust broadcast 

threshold to fit small dimensions 

Broadcast dims to 

avoid shuffles when 

under threshold 

Reduced 

shuffle; faster 

joins 

Shuffle 

parallelism 

Set spark.sql.shuffle.partitions to 

match cluster cores; fewer, larger 

partitions for wide aggregations; 

more for many-to-many joins 

Tune per 

workload/profile 

Balanced 

tasks; 

improved 

runtime 

Memory & 

spill 

Tune spill thresholds and executor 

memory fractions; persist only 

reusable datasets; unpersist() 

promptly 

Keep hot operators 

in memory; 

minimize disk spill 

Lower I/O; 

stable 

performance 

Selective 

caching 

Cache compact dimension tables 

and reused aggregates; monitor 

cache hit rate 

Evict if hit rate falls 

below target 

Faster reads 

with 

controlled 

memory use 

Operational 

safeguards 

Enforce query lint rules and 

baseline configs; canary rollouts 

with rollback hooks; integrate gates 

in CI/CD 

Automated checks in 

deployment pipeline 

Fewer 

regressions; 

higher 

reliability 

7. Evaluation Methodology & Workload Design 

4.1 Workload Taxonomy 

The measurement separates five workload categories of production grade that 

put pressure on sharing different elements of the Delta stack. ETL pipelines on a batch 

schedule consume massive daily or hourly increments and perform heavy aggregates; 

they focus on sequential scan bandwidth and stable compaction, and deterministic 

maintenance. Streaming ingestion using upserts generates frequent micro-batches and 

MERGE statements; it practices optimistic concurrency control (hopeful), candidate-

file pruning (optimistic), and checkpointed recovery when nodes or the network fail 

(optimistic). Ad-hoc selective queries also use highly selective predicates on some 

small number of columns and take advantage of clustering, data skipping, and partition 

pruning; they become sensitive to file sizes and the freshness of column statistics (Ta-
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Shma, et al., 2020, December).. BI scans power dashboards with semi-predictable 

SQL patterns and prefers standard P95 latency, dynamic file pruning, and join 

strategies on dimensions. Feature and ML training pipelines also concretize the 

training dataset and feature; they combine both wide scan, dedupe, and incremental 

join, highlighting the importance of shuffle skew along with the necessity of small-file 

cleanliness. The combination of these classes gives coverage over read-heavy, write-

heavy, and mixed behavior, so that it is possible to make controlled comparisons 

between layout and execution policies. 

4.2 Datasets & Scale Factors 

Two families of datasets that have the shape of real data and retain 

controllability. The synthetic family uses a TPC-DS-like schema scaled to 0.5, 1, 3, 

and 10 TB, with append-only event tables to emulate logs as presented in Figure 3 

below. Keys have realistic cardinalities and Zipf-like skew to generate hotspots and 

long tails. The masked telemetry is the production-style family comprising request 

events, change-data-capture feeds, and dimensional reference tables that have slowly 

changing attributes. Row widths range from narrow logs of the order of 30 bytes per 

row to huge facts that are over 200 bytes per row (Huang, et al., 2019). To model 

selectivity behavior, frequent column filters have their distributions parameterized 

against which correlation between columns being filtered is manipulated to investigate 

the robustness of data-skipping filters. Partitions by date and by composite keys are 

also varied over each scale factor to examine granularity. Last, every table will have a 

synthetic CDC to fulfill MERGE loads and a history of schema changes to run schema 

evolution and reader compatibility tests. 

 

Figure 3: Estimated rows vs. scale (0.5–10 TB) for narrow logs (~30 B/row) and wide 

facts (~200 B/row) 
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4.3 Infra & Cluster Configuration 

Emerging experiments are conducted on cloud object storage, having read-

after-write and eventual consistency on new objects and listings, respectively. They 

are autoscaling executors on a cluster that have scratch with SSD and 10-25 Gb/s 

networking. As shown in the table and graph below, executors assign 8 to 16 vCPUs 

and 64 to 128 GiB RAM; all drivers are isolated to reduce head-of-line blocking. To 

stabilize the memory behavior of the JVM, off-heap and shuffle spill thresholds are 

trapped at the same level across runs. The file system connectors are optimised to list 

in parallel, throttle adaptively, and back off exponentially.  

Table 3: Executor configuration vs. P95 query latency (ms): higher vCPU/RAM and 

25 Gb/s are fastest 

vCPU RAM (GiB) Network (Gb/s) P95 latency (ms) 

8 64 10 1095.0 

8 64 25 868.2 

8 128 10 996.6 

8 128 25 756.9 

16 64 10 918.9 

16 64 25 646.9 

16 128 10 765.1 

16 128 25 480.0 

To reduce interference, transaction log services and catalog services are 

segregated to different nodes. Disk spill with reserved IOPS is applied in shuffle 

services to decrease tail latency. These options instantiate one of the principles of 

learning systems: Dynamic memory management necessitates direct control over the 

allocation and eviction processes to prevent thrashing, wherein filling up the system 

may limit specific processes, or eviction may force other processes to fill up the 

system again (Raju, 2017). Correspondingly, executor memory fractions, broadcast 

limits, and cache TTLs are all pegged to pre-destined ratios to maintain the 

reproducibility of results. 
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Figure 4: More vCPU/RAM and 25 Gb/s network cut P95 query latency 

4.4 Baselines & Controls 

The naive append-only baseline writes micro-batches directly to partitions with 

unchecked small-file proliferation and default writer characteristics; default checkpoint 

frequencies and no clustering are assigned; VACUUM is allowed to use defaults set by 

a provider. The optimized state uses bin-packing compaction of target file sizes, multi-

column clustering of frequent predicates, tuned checkpointing, and conservative 

VACUUM retention as safety preservation. Single-variable ablations switch one 

technique independently (compaction on/off, clustering depth, file size of targets, or 

broadcast threshold), and fix all other parameters (Ram, 2023). The seeds are anchored 

to generate datasets and workload drivers in order to stabilize the inputs of join orders 

and partitioning. In order to mitigate cache noise, each run order alternates warm-

cache and cold-start tests, and executors are recycled between runs. The form of load 

is created with a constant-rate arrival on streaming and constant concurrency on BI 

sessions. Lastly, guardrails ensure rewrite budgets and wall clock constraints to 

prevent maintenance activity from starving foreground workloads; failed guardrails 

abort the run. 

4.5 Measurement Protocol 

Performance metrics are P50 and P95 latencies of representative queries, read 

throughput in rows/s and GB/s read, write latency, compaction latency, and commit 

latency, as well as conflict or retry rate with optimistic concurrency. Efficiency is 

calculated as cost per query, a sum of compute-hour prices and the number of 

operations on the object-store. Indicators of the healthiness of storage are the small-file 

ratio, mean file size, partition per-fragmentation, and the compaction backlog trend. 

The metadata overheads are monitored through the log parse time, checkpoint load 

time, and time-to-first-row during a cold start. All the configurations are performed 
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three times; the averages and the 95 percent confidence intervals are produced. 

Uncertainty reporting and unconcealed methods are pointed out to foster inferences 

and trustworthiness of gains that align with the concept of explainability that drives 

clarity towards results (Singh, 2022). Live measurement and configuration manifests 

are versioned to make them reproducible. 

5. Experiments and Results 

5.1 End-to-End Read Performance 

The paper quantifies scan latency and throughput on 0.5 TB to 10 TB tables in 

cloud object storage. On day partitions, Tables would be divided up by day; day-hour 

partitions could only exist on the hottest streams to avoid directory fan-out. The 

dimensions (customer_id, region, status) were the most selective dimensions used for 

clustering over the last 30 days. Comparisons were made between three states: (A) 

naive append-only, (B) compacted to 512-1024 MB, and (C) compacted plus 

clustering.  

 

Figure 5: An Overview of End-to-end read latency improvement vs. baseline across 

selectivity bands 

The selectivity was between 0.01% and 80%. On narrow predicates, state C 

showed the most significant gains of all dynamic file pruning on median latency: 44-

58% faster at 0.1-5% selectivity and P95 37-49% faster versus state A. The histograms 

at broad scans (≥50%) indicated that compaction alone (state B) reduced most of the 

gap as fewer files prevailed in planning and I/O; the cache traces indicated that 

clustering increased locality on the hot keys, though cache could over-cache facts with 

detracted concurrency. 
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Table 4: Read latency improvements by table state and predicate selectivity 

Scenario / State 
Predicate 

Selectivity 

Median 

Latency vs A 
P95 Latency vs A 

A — Naive append-only 

(baseline) 
0.01%–80% Reference (0%) Reference (0%) 

B — Compacted to 512–

1024 MB 

≥50% (broad 

scans) 

Most of gap 

closed 

(qualitative) 

Most of gap closed 

(qualitative) 

C — Compacted + 

clustering (customer_id, 

region, status) with dynamic 

file pruning 

0.1%–5% 

(narrow) 
44–58% faster 37–49% faster 

C — Compacted + 

clustering (cache locality on 

hot keys) 

Repeated hot-

key queries 

Improved 

locality 

(qualitative) 

Over-caching facts 

can reduce 

concurrency 

(qualitative) 

5.2 Write Path & Upsert Outcomes 

Tune-intensive workloads with a heavy emphasis on change-data-capture 

upserts through MERGE INTO make use of optimistic concurrency. File predicates 

and min/max file statistics were used to reduce candidate files. Pre-shuffle planning 

using partition predicates and file-level min/max statistics further reduced the read set. 

A staging pattern was contrasted with direct streaming MERGE: aggregate CDC into a 

staging table in bulk, sorted by join keys and time ranges using large, sorted batches, 

and MERGE into the target periodically by partition (Machireddy, 2023). Compared 

to direct streaming MERGE, staged upserts decreased shuffled bytes by 27 41 percent 

and decreased P95 MERGE time by 24 36 percent at 2 4 TB size. The rate of conflicts 

decreased when MERGE operations were coordinated in overlapping partitions, and 

freshness SLAs were maintained with growing microbatch size. The compactions that 

followed upserts performed the best when they were delayed until the number of 

candidate files passed a threshold per partition; earlier compaction increased write 

amplification without any significant increase in reads. CandidateId and shuffle 

consumed commit timelines and refined pruning minimized the number of driver 

planning and launching executor tasks, dampening peaks in cluster resource usage, 

especially. 
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5.3 Compaction Frequency vs. Cost 

Compacting cadence varied at ablations of hourly to weekly, with budgets of 

rewrite enforced in GB/day. On stable-selectivity append-only telemetry, daily 

compaction was resilient: it held a small-file ratio below 8 percent total and 

constrained median file size between 768 MB and 832 MB, establishing a satisfying 

tradeoff among read latencies and write amplification. Hourly compaction costs an 

extra ~4% in P95 reads at the cost of 1.6x amplification write and often chasing dead 

rewrite budgets. Volatile key event streams also enjoyed the benefit of twice-daily 

compact plus re-clustering of hot partitions, resulting in improvement on selective scan 

P95 by 19 to 28 percent with no budget breaches. These results remind us of the 

importance of creating strict operational lines: limiting maintenance to clear areas of 

time and major areas reduces costs and contention to predictability [1]. The retention 

of VACUUM was set to seven days in every operation; other time windows resulted in 

optimized costs of storage but allowed data-recovery holes and were vetoed in 

governance provisions. 

5.4 Mixed Workloads & Concurrency 

Continuous streaming ingestion, daytime BI dashboards, and ad-hoc SQL were 

used together with coexistence experiments. Adaptive Query Execution was turned on, 

with coalescing and skew processes, and broadcast settings were biased towards star-

schema joins. AquaGuardrails inhibited compaction during high-load periods, batched 

MERGE statements across partitions that partially overlap with each other, allowed 

limited rewrite per-table rewrite budget, and inserted regular Parquet checkpoints to 

ensure that the time to log loads would be capped. With these controls in place, BI P95 

was maintained at baseline ±7% during maintenance in the background, and ingestion 

lag was kept within the SLA. Peak-hour compaction bloated BI P95 by 2540 percent 

and triggered occasional MERGE retries, without guardrails in place. The required 

observability to schedule and throttle maintenance and interactive BI shows the 

intersection of the analysis and DevOps and practices because similar predictive 

intelligence and operational telemetry are used to co-pilot decisions (Kumar, 2019). In 

practice, queueing maintenance on each table, priority, and avoidance of overlapping 

writers of hot partitions produced the most stable concurrency behavior. 

5.5 Statistical Significance & Sensitivity 

Each setting was run 15 times, and cold-cache and warm-cache alternatives 

were used to limit the variance and estimate steady-state behavior. Paired non-

parametric tests were conducted comparing medians and P95s; the family-wise error 

was to be controlled by the Holm-Bonferroni adjustment of the hypothesis groups. 

Improvements in all headlines were beyond p<0.01 adjusted. A wide optimum of 
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target filesize between 512 MB and 1024 MB was found in sensitivity sweeps: 

planning/listing overhead dominated executions with less than 256 MB, and causing 

straggler I/O and skewed split worsened the tail latency at more than 1.25 GB.  

Table 5: Significance and sensitivity results for Delta Lake optimization parameters 

(caching, file size, clustering, AQE 

Item 
Evaluated Settings / 

Range 
Result / Optimal Notes 

Runs & Caching 

15 runs per setting; cold-

cache and warm-cache 

alternated 

Variance bounded; 

steady-state 

estimates obtained 

Alternating cache states 

reduced bias from cache 

warmth across repeats 

Statistical Test 

& FWER 

Paired non-parametric 

tests on medians and P95; 

Holm–Bonferroni across 

hypothesis groups 

All headline 

improvements 

significant at 

adjusted p < 0.01 

Controls family-wise error 

while comparing multiple 

configurations 

Confidence 

Intervals 

Bootstrap 95% CIs on 

relative improvements 

All 95% CIs 

excluded zero 

Indicates consistent positive 

effect across runs 

Target File Size 256 MB → 1.25 GB+ 
Broad optimum: 

512–1024 MB 

<256 MB: planning/listing 

overhead dominates; >1.25 

GB: straggler I/O and skewed 

splits worsen tail latency 

Clustering 

Depth 
1 → 4+ ordered columns 

Diminishing returns 

beyond 2 columns 

Deeper ordering helped only 

when predicates stacked on ≥3 

dimensions 

AQE: Skew 

Coalescing 
Off vs On On preferred 

Reduced long-tail tasks by 

mitigating data skew at shuffle 

AQE: Dynamic 

Partition 

Pruning 

Off vs On On preferred 

Lowered file reads for 

selective queries; synergistic 

with clustering 

Broadcast 

Thresholds 
Default auto vs Capped 

Cap in mixed 

workloads 

Prevented executor memory 

pressure when many 

concurrent queries broadcast 

dims 

Clustering depth was diminishing in most tables past the two-column depth; 

more profound ordering only helped in situations where query predicates were 

stacking on three or more dimensions. AQE sensitivity showed that the preferred 

options were to turn on skew coalescing and dynamic partition pruning, which yielded 

the most benefits; Auto-broadcast thresholds needed to be capped in case of mixed 
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workloads due to memory pressure. Relative improvement CIs were calculated 

through bootstrap over query runs, and in each test, 95% CIs never included zero. 

6. Discussion 

6.1 When Each Technique Wins 

Compactionery can win when latency is ruled by metadata and listing records 

rather than ordinary scanning bandwidth. Microbatch consumption, scale of concurrent 

writers, and minimal partitions generate an elongated tail of small Parquet files that 

bloat object-store LISTs and footer reads. Collapsing file counts with 2561024 MB of 

RAID buffer improves read-ahead and data-skipping granularity, along with sharper 

P95 scan times. Narrowing MERGE candidate sets also reduces shuffle fan-out and 

commit contention because of compaction. Clustering is an advantage in situations 

where queries commonly filter by a small number of high-selectivity columns that also 

exhibit temporal locality (Koutroumanis & Doulkeridis, 2021). Sorting by those 

predicates imposes co-location of ranges that enables dynamic file pruning and 

column-stats filters to skip most files. Caching is preferred when a fixed set of 

dimensions or aggregate data is re-accessed frequently; pinning that working set 

removes redundant I/O, but must be scoped tightly to avoid evicting shuffle memory 

used by the executors. The related cross-cutting trade-off is partition granularity: 

coarse partitions lessen the number of conflicts and the risk of small files, but finer 

partitions increase point-lookups by decreasing commits and maintenance. 

6.2 Cost, Risk & Reliability 

A guardrail has to limit optimization activities. Compaction and clustering must 

be performed to rewrite budgets (e.g., gigabytes per day), cooldown schedules, and 

canary scopes to constrain blast radius whenever a job regresses. Maintenance tasks 

must have idempotent manifests, checkpoints that periodically save before each 

downturn, and abort-safe temporary directories to roll back onto only partially 

completed work without orphaning data files. Safe VACUUM needs its retention 

window to be greater than the reader maximum lag, replication delays across regions, 

and backup snapshot frequency; default values are crafted conservatively to preserve 

reproducibility and legal hold operations (Childerhose, 2023). Well-thought-out 

failures should be replied to with failure modes. It should cause exponential backoff 

and jitter on commit storms initiated by many writers, capped retries and cutouts of 

circuit-breakers on object-store throttling, and heartbeats to overcome executor 

preemption when requisite. In cases where a job threatens to break SLOs, the 

controller is then expected to perform a graceful degradation by delaying cold 

partitions for as long as possible, maintaining freshness on the hottest ranges, and 

respecting rewrite ceilings. Any operation should produce structured logs and metrics 
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to aid auditability, cost attribution, and post-incident investigations, which must occur 

quickly. 

6.3 Multi-Cloud/Storage Nuances 

How S3, ABFS, and GCS differ is material to table design. Spread-out key 

prefixes and moderate parallelism are urged by request-based throttling, prefix hot-

spotting, on S3; small parallelism limits are pushed by multipart upload thresholds and 

eventual-consistency windows above which checkpoints are more frequent, and writer 

synchronization is slowed. Life cycle policies must direct VACUUM retention and 

replication lag to ensure files are not pruned before remote copies are complete 

(Scope, et al., 2023, August). ABFS is generally more consistent but exhibits a 

throughput profile that is block-size- and account-tier dependent; sizing and 

parallelization of target file sizes, as well as tuning of file writes to avoid too many 

small write operations to preserve bandwidth, are critical. GCS has per-object 

operation limits and tail latencies that are more favorable for larger files and fewer 

directory requests. Encryption across clouds using customers’ management keys incurs 

milliseconds of latency that should be included in the P95 budget; cross-region egress 

charges and replication practices affect compaction frequency and location of backups. 

Heterogeneous acts suggest adaptive controllers that monitor throttling signals, change 

parallelism levels, set conservative commit intervals, and keep background 

maintenance under control when business is in high demand. 

6.4 Observability & SLOs 

Optimization will only happen when it is dictated by specific aims and 

quantified openly. Dashboards need to reveal a small-file ratio, average and P95 file 

size, compaction backlog (gigabytes and partitions), fragmentation indices, checkpoint 

freshness, and stats coverage. P50/P95 read latency broken down by table and 

selectivity band, dynamic file-pruning hit rates, MERGE duration distributions, 

conflict counts, and object store error codes are all required by query health. Drift 

indicators consist of changed key cardinalities, partition heat map, and selectivity 

histograms that imply the changing filter behavior (Liu;  Lu; & Zhang, 2020). The 

modeling of the workload improves observability: synthetic query combinations and 

managed data generators can be used to load test particular bottlenecks and test 

guardrails before deployment to production, just as synthetic data is currently used to 

test workload opportunely in other high-stakes areas (Singh, 2021). The SLO policy 

must specify freshness and P95 latency as well as cost-per-GB budgets per table class 

with rolling-window alert thresholds and error budgets. Either a rise in conflict rates 

can pause clustering with automated remediation, compaction can be promoted when 

the small-file ratio exceeds thresholds, partitions could be extended briefly to restore 

sanity.  
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Figure 6: An overview of SLO dashboard presenting status, error budgets, and 

notification intervals 

An SLO dashboard, as presented in Figure 6 above, summarizes status, target, 

and burn-down and shows P50/P95 performance, error budgets, and notification 

windows as well as query-health telemetry of pruning hit rates, MERGE times, 

conflicts, and object-store errors and drift alerts, such as changing cardinalities and 

heat maps, steering automated re-configuring (such as pausing clustering, promoting 

compaction, or partition widening). 

6.5 Practitioner Checklist 

Teams would benefit by gradually and reversibly introducing optimizations so 

that the adoption could be de-risked and gains compounded over time. The subsequent 

checklist organizes actions in terms of their concrete outcomes and risk thresholds. 

 Baseline: configure and freeze configure; measure latency distributions 

(P50/P95), number of files, small-file ratio, statistics coverage, and cost per 

query; profile several representative workloads; snapshot cluster resources and 

request rates. 

 Hygiene: facilitate batching of writers optimally; apply file-size-constraining at 

sources; compact conjecturally to eliminate pathological fragments; enforce 

coalescence on writer-side. 

 Layout: time-plus-entity partitioning; clustering on stable selective dimensions; 

key salting, to balance skew; validate partition heat maps; document roll-

forward; document rollback plans. 

 Query tuning: allow adaptive query execution; set broadcast thresholds 

reasonably; tune shuffle partitions to executor cores; cache only the hot 
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dimensions or aggregates; watch DPP hit rate; size executor memory 

reasonably. 

 Guarded automation: add rewrite budgets and cooldowns; wire dashboards to 

decisioning logic; canary high-risk actions; approvals for mass rewrites and 

VACUUM changes; GB/day rewrite ceilings; rollback snapshots. 

 Continuous learning: contrast baseline anx/ observed gains per week and 

month; explore and explore outliers and trends; modify cadences; base 

incidental reviews; encapsulate remedies into runbooks; monitor error budgets 

and SLO compliance; revise playbooks and on-call processes. 

7. Future Consideration 

7.1 Adaptive Layout under Data Drift 

Adaptive layout should provide a response when data distributions change at a 

higher rate than fixed policies. You can follow the histograms of predicates that are 

used frequently and trace the histograms of predicates whose key cardinalities are 

shifting, and also on small-file ratios of most recent writers. When there is a breach of 

the threshold, proposals are made: change the partition granularity (for example, day-

>hour for hot windows; hour->day for cooling tables), and rotate the clustering 

dimension to regain efficiency on data-skipping. Changes are all to begin as canary 

rewrites on a limited slice, with rollback snapshots and rewrite budgets specified 

(Grimstvedt, 2022). Scooping growth, spill reduction, and P95 read latency, as well as 

improvements in all of these parameters after the changes, should be established using 

telemetry before extending the scope. Clinical notification systems place their 

scheduling principles in the form of prioritizing interventions with low overhead and 

timeliness within rigorous safety constraints, which, in the context of maintenance 

orchestration, involves reversible, bounded actions that safeguard reliability by 

enhancing responsiveness (Sardana, 2022). 

7.2 Next-Gen Metadata Scaling 

Table versions are proliferating as they are; cold-start time and planning 

overhead are governed by metadata I/O. A design should allow the transaction log to 

be partitioned on partition epochs in the future to reduce the read set, and 

compacted/columnar meta-indices are used to speed up predicate evaluation and allow 

faster identification of candidate files. Multi-writer commit arbitration enjoys the 

advantage of shard-local coordinators, which sequentialize conflicting updates within 

individual partition groups and confine hotspots to a minimum. Backgrounds: In the 

case of stale statistics, orphaned indexes, and running meta-gc processes within 

budgeted windows, these issues can be addressed without impacting query SLOs. The 

https://www.doi.org/10.56830/IJSIE092024


International Journal of Sustainability 

and Innovation in Engineering 

(IJSIE) 

https://www.doi.org/10.56830/IJSIE2024  Vol. 2  2024 
 
 

 
 

(311) 
 
 

evidence on algorithm-based routing in Graph Router, a physical dispatch research 

system, indicates that by walking across sharded coordination and local decision loops, 

contention and service-miss risks are minimized, which transfers into the realm of the 

coordination of commit paths and maintenance queues under varying load (Nyati, 

2018).  

7.3 Policy-Driven Optimization Governance 

To be safe and audit, optimization has to be policy-aware. Data-classification 

labels and lineage requirements restrict operations to ensure that compaction, 

clustering, partition shifts, and VACUUM do not break retention or residency policies, 

or legal holds. The guardrails are written in code through a policy engine that checks 

proposed actions and creates a simulation: predicted rewritten gigabytes, partitions 

scanned, P95 risk, and rollback effort. The benefit is quantified by running preflight 

simulations against samples of metadata and workload traces, gating risky plans to 

human verification through change tickets and explicit rollback points. The 

governance layer also needs to capture impermanent manifests of applied adjustments 

and their measures, assisting post-incident troubleshooting and audits by regulators, 

which allows secure replays in lower settings (Michail, 2020). Policies need to be 

versioned, testable, and deployed automatically across environments to avoid 

configuration drift and operational mistakes. 

Policy-driven optimization is anchored by a data governance standards map 

(shown in Figure 7 below) where classification and lineages constrain compaction, 

clustering, partition shifts, and VACUUM; access control, retention, and quality 

guardrails would be codified as part of a policy engine with preflight simulations, 

change-ticket approvals, rollback points, and manifests versioned and auto-deployed to 

prevent drift and audit failures. 
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Figure 7: A summary of Data governance standards including policy, classification, 

security, and audit tooling 

7.4 Cross-Engine Interoperability & Standards 

Lakehouse estates do not often run on one engine; hence, future development 

must ensure portability of performance. Layout and metadata choices should provide 

predictable pruning, skip, and join behavior within Spark, Trino, and Flink. Portability 

raises where engines unify around a modest, common statistics schema: per-column 

min/max, approximate distinct counts, and null rates, and congruent target file sizes 

per row width and scan pattern. Planners can observe the same layout using a 

declarative clustering description (ordered columns, granularity, and fragment 

thresholds). A conformance matrix must list features and edge cases per engine 

version and storage backend, and conformance tests measure pruning rates, partition 

discovery, and join selection on canonical datasets. The result is less regression risk 

during upgrades of engines and lower operational costs for multi-engine support. 

8. Conclusion  

This study demonstrates that a consistent strategy on performance across table 

layout, metadata hygiene, and execution-path optimization leads to sustainable, 

predictable performance in Delta Lake, rather than any one silver bullet. Described as 

a multi-objective control system, the strategy finds a balanced solution to read latency, 

write and maintenance overhead, and reliability under actual constraints: bursty 

ingestion, mixed workloads, and governance. The study shows that sound file hygiene, 

limited clustering, and careful read/write tuning enable object-store constraints to 

become matters of engineering trade-offs. Treat configuration as a guarded loop of 

control, measure fragmentation, selectivity, and small-files ratios; act on budgets, 

cooldowns, canaries; validate results with reproducible figures; and the system is made 

fresh and isolated, and the P95 behavior and expenditure per query are improved. 
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At the empirical level, gains relating to reducing file counts and right-sizing 

files were the most repeatable. Compaction to 5121024 MB increased the efficiency of 

workloads and lowered planning/listing overhead consumed by scan. Most gains were 

realized at the narrow end of the predicates when meant to scale with workload-

informed clustering of the most selective dimensions: median latencies dropped by 44 

58% and P95 tails by 37 49% across 0.15P selectivity rates. The typical advantage of 

compaction alone was accrued to broad scans. In write-heavy pipelines, CDC batch 

staging and candidate file pruning using partition predicates and file-specific statistics 

resulted in significant reductions in shuffle and collision when compared to no 

pruning. Staged upserts saved shuffled bytes by 27%, 41% and P95 MERGE times 

24%, 36% at terabyte scale, plus freshness. 

These layout choices were strengthened by engine configuration. Skew 

coalescing and dynamic file pruning allowed long tails to be substantially shortened 

and the unnecessary reads to be avoided systematically with Adaptive Query 

Execution. Broadcast joins were useful, but also needed explicit caps on clusters in 

multi-tenants so that the executor memory pressure would not be harassed. Sensitivity 

sweeps found a wide optimum between 512 MB and 1 GB file size; larger and smaller 

files suffered planning overheads, and huge files risked stragglers and split-skewing. 

Anything above two columns of clustering was likely to suffer diminishing returns 

unless three or more filters were regularly applied in queries. Compaction frequency 

was critical: The daily compactions kept a small file ratio less than ~8% and a constant 

latency, but every-hour frequencies increased write amplification by ~1.6x, and read 

savings were minimal. 

The guardrails that could be enforced made the operation reliable, along with 

abundant observability. The windows to safe VACUUM (6 or more) ensured the 

preservation of rollback and legal holds, maintenance operations were serialized, thus 

there was no covert damage inflicted, and rollback was idempotent and manifested. 

Small-file ratio and fragmentation index dashboards, statistics coverage dashboards, 

planning latency, pruning hit and MERGE conflict dashboards, and object-store error 

code dashboards aided in closed-loop decisioning and early warning of drifts. There is 

a practitioner playbook: baseline and freeze, fix file hygiene at the source, move to 

time-plus-entity partitioning, overlay with selective clustering, optimize AQE and 

shuffle parallelism, lastly automate until GB/day rewrites peak with canary and 

approvals. Prospects stand with adaptive layout, partitioned logs and columnar meta-

indices, policy-based governance, and cross-engine conforming testing, all providing 

plausible headroom. There are limitations in the representativeness of the datasets and 

the decoupling of the platform. Still, the guardrails and methodology in this case have 

reproducible steps towards confident P95 latency, bounded maintenance, and cost-

effective scale. By extension, transform the limitations of object-store to the levers of 

engineering and provide a repeatable pattern that teams can replicate: quantifiable 

baselines, methodological layout, protected fine-tuning, and automation within the 

budget, approval, and auditability in multi-tenant lakehouse states. 
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