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FluxJoin: Skew-Resilient Adaptive Joins for Disaggregated Cloud
Databases

Anonymous Author(s)

Abstract

Disaggregated databases execute joins while compute, memory, and
storage vary independently. A plan selected from a stale sample
can therefore choose the wrong build side, overload a small set
of workers under key skew, or move data that could have been
filtered locally. Existing adaptive schemes typically repair one of
these failures after a blocking boundary. We present FluxJoin, a
join operator that makes bounded, reversible decisions throughout
execution. It combines a symmetric radix pipeline, mergeable heavy-
hitter sketches, and credit-based exchange. Each partition begins in
a low-cost sampling state and independently commits to broadcast,
repartition, or local completionwhen the observed evidence exceeds
a confidence threshold. A compact migration protocol changes
strategy without replaying input or duplicating output. We describe
the operator, its safety invariants, and an evaluation methodology
covering skew, estimation error, network variability, and elasticity.
In the illustrative results included to demonstrate this template,
FluxJoin lowers median runtime by 1.7–2.4× and p99 network
queueing by 3.1× relative to static repartition joins. These numbers
are examples, not empirical claims; a submission must replace them
with measurements from a reproducible implementation.
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1 Introduction

Disaggregation lets a cloud database scale compute without rewrit-
ing durable storage, but it removes assumptions on which con-
ventional join planning rests. The optimizer may compile a query
before a compute pool expands. Pages fetched from remote storage
can arrive at a different rate than the sample predicted, and a single
popular key can redirect most intermediate tuples to one worker.

The physical plan is consequently asked to remain efficient under
cardinality, skew, bandwidth, and parallelism errors at the same
time.

Static optimizers remain essential: they explore join order, select
access paths, and expose useful global structure. Yet even accurate
estimates are not guarantees. Classical adaptive query processing
revises a plan using runtime observations [5]; modern systems
can also interleave planning and execution to reduce sensitivity to
estimation error [9]. Existing techniques often place adaptation at
an operator or stage boundary. A distributed join that discovers
skew after a shuffle has already paid the dominant network and
queueing costs.

This paper asks a narrower question: can one join operator adapt
early enough to avoid a bad transfer, yet preserve bounded memory
and exactly-once output while its workers change? FluxJoin answers
with partition-scoped, reversible decisions. Both inputs first pass
through a symmetric sampling pipeline. Mergeable sketches expose
heavy keys without centralizing raw data. A controller then selects
among three execution modes for each partition: broadcast the
smaller fragment, repartition both fragments, or finish locally when
storage placement makes exchange unnecessary. Decisions become
durable only after a versioned barrier; tuples buffered before that
barrier migrate through an idempotent handoff protocol.

FluxJoin is deliberately an operator, not a replacement opti-
mizer. The optimizer supplies a candidate join, predicates, and soft
resource budgets; the operator handles errors local to that join. This
separation makes the mechanism usable inside vectorized, morsel-
driven engines [7] and keeps global plan search outside the critical
path.

The paper makes four contributions:
• a partition-level adaptive join that chooses broadcast, repartition,

or local completion from continuous evidence rather than a single
sample;

• mergeable statistics and a confidence rule that bound decision
delay while isolating heavy hitters from the regular hash domain;

• a versioned migration protocol with explicit safety invariants
for exactly-once output, bounded buffering, and elastic worker
membership; and

• an evaluation protocol that separates performance gains due to
cardinality correction, skew handling, and backpressure.
All quantitative values below are clearly labeled illustrative so

the file can serve as a complete, compilable template without mas-
querading as a completed study.

2 Background and Motivation

2.1 Why one global join choice is brittle

For relations 𝑅 and 𝑆 , a conventional distributed hash join compares
the cost of repartitioning both inputs with broadcasting a smaller

1
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Figure 1: FluxJoin separates the tuple data path (solid) from

compact control messages (dashed). Policy is scoped by par-

tition and epoch.

build relation. A simplified model is

𝐶rep = ( |𝑅 | + |𝑆 |)𝑐𝑛 +max
𝑤

𝐿𝑤𝑐ℎ, (1)

𝐶bcast (𝑅) = (𝑝 − 1) |𝑅 |𝑐𝑛 + |𝑆 |𝑐ℎ, (2)

where 𝑝 is the worker count, 𝑐𝑛 and 𝑐ℎ are network and hash costs,
and 𝐿𝑤 is the input assigned to worker𝑤 . The usual model hides
three problems. First, |𝑅 | may be an estimate taken before predicate
evaluation. Second, max𝑤 𝐿𝑤 is governed by key frequency rather
than total size. Third, 𝑝 and 𝑐𝑛 can change while the query runs.

A single choice is also unnecessarily coarse. One date partition
may contain a tiny filtered dimension fragment suitable for broad-
cast, while a neighboring partition contains a heavy key requiring
replication of the probe-side work. Treating those regions alike
sacrifices either network volume or balance.

2.2 Design requirements

We derive four requirements from these failures. R1: early evi-

dence. Adaptation should begin before a full shuffle or build com-
pletes. R2: locality. Independent partitions may select different
strategies.R3: safe reversal.A decision can change before commit-
ment without replaying remote input. R4: bounded disruption.

Slow consumers and membership changes must reduce throughput,
not exhaust memory or duplicate rows.

These requirements rule out unbounded speculative execution.
FluxJoin never emits a speculative match: it may prepare mul-
tiple routing choices, but output begins only after one choice is
committed for a partition epoch.

3 System Overview

Figure 1 shows the data path. Storage readers convert pages into
vectorized morsels and attach a source offset. Local samplers update
cardinality, distinct-count, and heavy-hitter sketches. A lightweight
coordinator merges only sketches and resource signals; it does not
see tuples. The resulting policy is installed at exchange routers
using an epoch number. Downstream build/probe tasks pull batches
using credits, creating backpressure at the router rather than in
unbounded network queues.

The adaptation unit is a logical partition 𝑖 , normally a storage
partition or a coarse radix range. Its state is

𝑞𝑖 = ⟨𝑒𝑖 ,𝑚𝑖 , 𝑛
𝑅
𝑖 , 𝑛

𝑆
𝑖 , 𝐻𝑖 , 𝑏𝑖 , 𝑑𝑖⟩,

where 𝑒𝑖 is an epoch,𝑚𝑖 is the current mode,𝑛𝑅𝑖 and 𝑛𝑆𝑖 are observed
bytes, 𝐻𝑖 is a heavy-hitter summary, 𝑏𝑖 is buffered data, and 𝑑𝑖 is a

monotonically increasing decision sequence. State transitions are
logged in a small query-local metadata service. Bulk tuples remain
in worker memory or spill storage.

4 Adaptive Join Design

4.1 Symmetric sampling and summaries

Each reader hashes join keys into 2𝑘 coarse radix ranges. During
sampling, the first 𝑠 bytes from both inputs are retained in range
buffers instead of being sent immediately. For every range, workers
maintain a mergeable distinct-count sketch and a weighted heavy-
hitter sketch. A worker transmits a summary after either Δ𝑏 new
bytes or Δ𝑡 time, whichever occurs first. Summary traffic is thus
independent of tuple width to first order.

For a candidate mode𝑚, the coordinator estimates cost𝐶𝑖,𝑚 and
uncertainty 𝑢𝑖,𝑚 . It commits to the current winner𝑚∗ when

𝐶𝑖,𝑚∗ + 𝜆𝑢𝑖,𝑚∗ < min
𝑚≠𝑚∗

(
𝐶𝑖,𝑚 − 𝜆𝑢𝑖,𝑚

)
− 𝛿, (3)

or when buffered data reaches a hard cap 𝐵𝑖 . Here 𝜆 controls the
confidence interval and 𝛿 prevents oscillation between nearly equal
choices. At the cap, the system selects the feasible mode with the
lowest upper confidence bound. This rule bounds memory even
when evidence remains ambiguous.

4.2 Partition strategies

Local completion is available when compatible fragments are
already co-located and expected work fits the local task budget.
Broadcast sends the smaller filtered fragment to the task groups
holding the other side. The router broadcasts only the affected logi-
cal partition, not the entire relation. Repartition hashes ordinary
keys across the active worker set.

Heavy keys follow a fourth routing rule inside any selected
mode. For a key 𝑥 with estimated frequencies 𝑓𝑅 (𝑥) and 𝑓𝑆 (𝑥), the
smaller side is replicated across 𝑔𝑥 task groups and the larger side
is range-split among them. The fan-out

𝑔𝑥 =min
(
𝑝,max

(
1,
⌈
max(𝑓𝑅 (𝑥), 𝑓𝑆 (𝑥))

𝜏

⌉))
(4)

targets at most 𝜏 heavy-key tuples per group. A composite routing
tag ⟨𝑒𝑖 , 𝑥, 𝑗⟩ ensures that replicated build rows and split probe rows
meet at exactly the intended groups.

4.3 Credit-based exchange

Each consumer grants byte credits to upstream routers. Sending a
batch atomically consumes credit; releasing or spilling that batch
returns credit. Credits are divided into regular, heavy-key, and
migration pools so that a skewed key cannot starve control progress.
If all data credits are exhausted, readers pause at morsel boundaries.
This mechanism propagates congestion to storage without holding
thread stacks or allowing network queues to grow with input size.

4.4 Versioned migration

A mode change uses four steps. (1) The coordinator appends a
prepare record carrying (𝑖, 𝑒 + 1,𝑚′) and obtains a decision se-
quence. (2) Routers stop assigning new batches under epoch 𝑒 after
their current vector. (3) Each router forwards buffered batches with
stable identifiers ⟨source, offset, 𝑖, 𝑒 + 1⟩ and reports its high-water
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mark. (4) After every live router acknowledges, the coordinator
commits (𝑖, 𝑒 + 1); consumers may then produce matches for the
new epoch.

Consumers deduplicate batch identifiers during handoff. The
deduplication set is bounded because entries below the minimum
committed high-water mark can be discarded. A failed router is
replaced from durable source offsets and the last committed policy
record. Uncommitted destination state is discarded by epoch, not
merged into visible output.

5 Correctness and Cost Bounds

We state the invariants required of any implementation.
Routing completeness. Every source batch is assigned to at least

one consumer in its committed epoch.
Probe uniqueness. For every input tuple and non-replicated rout-

ing key, exactly one task group owns the probe work in a
committed epoch.

Build–probe agreement. All matching tuples share at least one
task group; heavy-key tags distinguish intentional build
replication from probe ownership.

Visibility. A task may expose join output only for a committed
epoch, and output identifiers are unique across retries.

Together, routing completeness and build–probe agreement pre-
vent lost matches. Probe uniqueness and visibility prevent duplicate
matches. These properties reduce join correctness to the local join
implementation, assuming deterministic predicates and a stable
input snapshot.

Let 𝐵 =
∑

𝑖 𝐵𝑖 , 𝐾 be in-flight credit,𝑊 sketch state, and 𝑀 mi-
gration credit. The operator’s non-hash-table buffering is bounded
by

membuffer ≤ 𝐵 + 𝐾 +𝑊 +𝑀. (5)
All terms are configuration limits. Hash tables have separate bud-
gets and use conventional partitioned spill [6]. Migration can tem-
porarily move a batch twice, but deduplication prevents double
execution and the reserved pool guarantees that handoff does not
wait behind regular traffic.

6 Implementation

Our prototype design targets a vectorized execution engine. Read-
ers produce 64–256 KiB batches, and radix partitioning operates on
selection vectors to avoid copying payload columns. The router and
consumer communicate through single-producer queues per con-
nection; asynchronous network completion returns credit. Build
tables use open addressing for dense ordinary partitions and a
separate chained representation for replicated heavy keys. Code
generation specializes hash, equality, and residual predicates, fol-
lowing the broad principle of compiling data-centric pipelines [8].

The policy coordinator is off the tuple path. It receives fixed-size
sketch deltas, queue-delay samples, and membership notifications.
To avoid a single global lock, partitions are sharded across coordi-
nator event loops. A policy record is tens of bytes; batching records
amortizes metadata-service writes.

Elastic scale-out changes the consistent-hash worker map only
at an epoch boundary. Existing partitions need not migrate un-
less their upper cost bound improves by more than hysteresis 𝛿 .
Scale-in first revokes regular credits from departing workers and

Table 1: Illustrative workload matrix. “Error” multiplies the

optimizer’s estimated filtered cardinality.

Workload Input Select. Max freq. Error

Retail 1.8 TB 0.08 12.0% 8×
Telemetry 3.2 TB 0.31 0.7% 4×
Payments 0.9 TB 0.14 21.5% 16×
Uniform 2.0 TB 1.00 0.002% 1×

then uses the same migration protocol as a mode change. Query
cancellation bypasses migration and releases all query-local state
after downstream acknowledgment.

7 Evaluation Methodology

This section demonstrates a SIGMOD-style evaluation structure.
The values in Tables 1–3 and Figure 2 are illustrative placeholders;
they are internally consistent examples for layout and must not be
cited as measured findings.

7.1 Questions, systems, and metrics

The evaluation is organized around four questions: (Q1) Does adap-
tation help when estimates are correct? (Q2) How does runtime
degrade with cardinality and skew error? (Q3) Does credit control
reduce tail queueing under bandwidth variation? (Q4) What are the
overheads of sketches, decision logging, and migration?

We compare FluxJoin with Repart, a static repartition hash
join, and Static, an optimizer-selected broadcast/repartition join.
A third baseline, Stage Adapt, may replan after its build stage.
All variants share readers, serialization, hash tables, spill code, and
compiler settings. We report end-to-end wall time, shuffled and
spilled bytes, peak memory, p50/p99 queue delay, CPU time, and
output checksum. Each point should include at least five isolated
trials with confidence intervals and the raw per-run data.

Table 1 spans selective broadcast opportunities, nearly uniform
inputs, and severe heavy keys. A complete artifact would specify
data licenses or generators, schema and predicates, storage layout,
warm/cold cache policy, cluster instance types, network limits,
software revisions, and query seeds. Estimates must be perturbed
independently from actual data so that an “adaptive” result does
not accidentally benefit from a changed workload.

7.2 Illustrative end-to-end results

In the worked example, FluxJoin benefits most on Retail by broad-
casting only the selective partitions and on Payments by splitting
its dominant key. The Telemetry result is smaller because reparti-
tion remains appropriate for most ranges. On the omitted Uniform
control, the intended outcome is statistical parity with Repart; a
slowdown there would expose adaptation overhead rather than
resilience.

Figure 2 varies the fraction of input belonging to the hottest
key while holding total bytes and selectivity fixed. The static join’s
bottleneck grows with skew. The stage-adaptive baseline reacts
only after the build boundary, whereas per-key routing keeps the
illustrative FluxJoin curve much flatter.
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Table 2: Illustrative end-to-end results; lower is better. Parentheses show speedup relative to Repart. These are formatting

examples, not empirical claims.

Workload System Runtime (s) Shuffle (GB) Peak/worker (GB) p99 queue (ms)

Retail Repart 184 1470 21.8 410
Static 153 1160 24.3 362
StageAdapt 126 882 22.5 211
FluxJoin 78 (2.36×) 391 17.9 118

Telemetry Repart 231 2498 28.4 287
Static 218 2350 28.8 275
StageAdapt 189 2074 25.7 188
FluxJoin 134 (1.72×) 1781 22.1 93

Payments Repart 167 744 33.6 622
Static 161 701 35.1 590
StageAdapt 121 612 25.9 314
FluxJoin 71 (2.35×) 356 18.5 147

hot-key share (%)

runtime (s)

0 5 10 15 20

20

40

60

80

100 Repart
Stage Adapt
FluxJoin

Figure 2: Illustrative sensitivity to heavy-key skew (lower is

better).

Table 3: Illustrative ablation on Payments. The full design

is the only row combining early choice, skew isolation, and

bounded queueing.

Variant Time (s) Shuffle (GB) p99 (ms)

Full FluxJoin 71 356 147

no heavy-key split 109 354 481
one global decision 94 477 193
no migration reserve 78 356 266
unbounded exchange 73 356 538

7.3 Overhead and ablation

The ablation distinguishes volume from balance: removing heavy-
key splitting hardly changes shuffled bytes but concentrates work
and queue delay. A global decision transfers more bytes because it
cannot broadcast only selective partitions. Removing the migration
reserve mostly affects tail delay during a mode change. Unbounded
exchange slightly reduces median time in this example but makes
queueing and memory behavior unacceptable.

A real overhead study should also report summary bytes, coor-
dinator CPU, decision latency, metadata writes, spill amplification,

and steady-state cost when the static plan is already optimal. Fault
injection should terminate a reader, router, consumer, and coordi-
nator at each migration phase, validating both output checksum
and bounded recovery time.

8 Discussion and Limitations

FluxJoin does not repair a poor global join order. A locally efficient
join can still materialize an intermediate relation that a different
order would avoid. The operator can provide observations to a
higher-level reoptimizer, but coordinating that feedback is outside
this work.

The confidence model also assumes that observed prefixes are
informative after stratification by storage partition. Correlated phys-
ical order can delay a heavy key until after commitment. Conser-
vative upper bounds and the buffer cap preserve correctness and
memory safety, but not optimality. Randomized page sampling or
storage-level summaries may reduce this risk at additional I/O or
maintenance cost.

Very high output cardinality is another boundary. Splitting a
heavy key balances the work needed to enumerate matches but
cannot avoid the intrinsic 𝑓𝑅 (𝑥) 𝑓𝑆 (𝑥) output. The scheduler must
reserve downstream capacity or spill output. Finally, the metadata
service is logically centralized. Sharding improves throughput, but
a production system must quantify failover pauses and garbage
collection across many concurrent queries.

9 Related Work

Hash and sort-merge joins have a long systems history; Graefe
surveys the implementation trade-offs that remain relevant to par-
titioning and spill [6]. Main-memory studies revisit those trade-offs
under modern processors and parallelism [2, 3]. FluxJoin builds
on partitioned hashing but changes routing at partition granularity
during execution.

Adaptive query processing uses observations to revise execution
in the presence of uncertain statistics [5]. Eddies route tuples adap-
tively among operators [1], and later systems interleave planning
with execution [9]. Our focus is complementary: a fixed binary join

4
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with a bounded buffer, explicit distributed migration, and skew-
aware routing.

Parallel database engines use exchange operators, work stealing,
and fine-grain tasks to balance CPU work. Morsel-driven execu-
tion demonstrates the value of NUMA-aware scheduling and small
work units [7]. Vectorized execution amortizes interpretation and
function-call overhead [4]. FluxJoin assumes these mechanisms
and adds a control plane for deciding where join work should run.

Distributed streaming systems provide epoch, barrier, and back-
pressure ideas for stateful dataflows. FluxJoin adapts those ideas to
a finite relational operator: stable source offsets and epoch visibility
make mode changes recoverable without turning every tuple into
a durable log record.

10 Reproducibility and Ethics

A defensible artifact should include source code, build and deploy-
ment files, dataset preparation, query text, seeds, raw measure-
ments, and analysis scripts. Generated data should expose distribu-
tions and correlations; real data should include its license, collection
window, and privacy treatment. Cluster energy or resource-hours
should be reported because adaptive variants may trade runtime
for redundant CPU or network work.

Evaluation choices can systematically favor an adaptive system.
Tuning only the proposed method, presenting only queries with
estimator failures, or charging baseline planning time inconsistently
would all distort the result. We therefore recommend preregistering
workload families, applying the same resource caps, publishing
failed and optimal-static cases, and separating automatic policy
decisions from hand-tuned thresholds.

11 Conclusion

FluxJoin treats a distributed join plan as a set of bounded partition
decisions rather than one irreversible global choice. Symmetric sam-
pling exposes cardinality and skew early, confidence bounds delay
ambiguous choices, heavy-key routing balances hot partitions, and
versioned migration preserves exactly-once output under strategy
and membership changes. The worked evaluation illustrates how
to test these mechanisms without conflating network volume, load
balance, and backpressure. Its numeric values are placeholders; the
design and reporting structure are intended as a rigorous starting
point for an actual SIGMOD research submission.
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