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Abstract
Stream Aggregates are a key building block in edge-to-cloud data
pipelines used to summarize data overwindows, time intervals de-
fined by their advance (the frequency of output) and size (the interval
length). Inheterogeneousdeployments suchas smart grids andvehic-
ular networks, runtime changes in workload and resources require
practitioners to rebalance freshness, cost, and semantic guarantees.

A limitation of existing solutions is that, once the window ad-
vance and size are chosen, they stay fixed for the entire execution. To
overcome this limitation, Chill enables dynamic adjustment of both
parameters. Analysts can specify a set of acceptable advances and
sizes, selecting themat runtime to trade performance and guarantees
through weaker (at-most-once) or stronger (exactly-once) recon-
figuration semantics. We present alternatives for both timestamp-
ordered and out-of-order execution models. We also empirically
show that Chill can match the performance of fixed-configuration
baselines while supporting reconfigurations in negligible time.
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1 Introduction
StreamAggregates (or simplyAggregates) are a key building block in
edge-to-cloud data pipelines, where data is continuously sensed (e.g.,
in smart grids [19] and vehicular networks [16, 20]) and transformed
into insights. ExecutedbyStreamProcessingEngines (SPEs) [5, 9, 11],
Aggregates can be deployed at different points in the pipeline, de-
pending on the Aggregates’ computational cost and the resources
available at each node. They summarize data over windows and
periodically produce results that enable timely analysis.
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In practical edge-to-cloud deployments, both workload and avail-
able resources vary over time. Practitioners therefore need to contin-
uously rebalance output freshness, computational cost, and semantic
guarantees, rather than committing to a single static aggregation
configuration.

Motivation. Aggregates’ computational cost depends on both
summarization parameters (e.g., window span, aggregation func-
tion) and time-evolving data characteristics (e.g., volume, distribu-
tion). Many approaches have been proposed to reduce such costs
– distribution [1], parallelization [13], wavelets [8], sketches [18],
sampling [6], compression [17], or shedding [22] – often combined
depending on whether CPU or memory is the bottleneck. Still, these
solutions face challenges in edge-to-cloud settings: scaling out may
be infeasible at the edge, and approximation may sacrifice accuracy
in ways analysts cannot always control.

Notably, existing solutions typically assume a fixed window con-
figuration at runtime (i.e., a window with given advance and size;
see § 2), and they steer costs either by manipulating the input tuples
(e.g., discarding them through load shedding [22]) or by modifying
the aggregation state (e.g., using approximate structures such as
sketches [18]). We propose a different approach: using the window
configuration itself as a runtime control knob. More precisely, we
ask: Can computational costs be kept under control by letting analysts
specify a family of acceptable window configurations (with varying
computational demands), and by efficiently switching among them
with well-defined guarantees?
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Figure1:Computationcostunderdifferentadvancesandsizes.

Contributions. Wemake the following contributions with a focus
on practical deployment. By building on pane-based aggregation [4]
(see § 2), where non-overlapping window segments are maintained
independently and merged when producing outputs, we design al-
gorithms that allow analysts to define Aggregates across multiple
window advance and size configurations, and to switch efficiently
among them at runtime. A larger advance yields less frequent and
thus less costly outputs, while a smaller size summarizes data over
shorter intervals at a lower cost, as shown in Figure 1.

As mentioned in our example, a configuration change might im-
ply that the previously maintained windows no longer align with
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the new configuration. We show this observation enables further
trade-offs between guarantees and performance upon configuration
changes, and introduce strategies that either guarantee at-most-once
semantics, where tuple contributions are counted at most once, or
stronger exactly-once semantics, where every tuple is always pro-
cessed with respect to the correct window configuration.

Example - Part 1

Consider an analyst counting per-vehicle reports in a road trafficmon-
itoring application. She is interested in two reporting setups: per-vehicle
reports every second over the last minute and a half, or reports every
20 seconds over the same last minute and a half. Depending on whether
finer- or coarser-grained results are needed, she may switch between
these two configurations at runtime. With Chill, she can define an Ag-
gregate supporting two window advances (1 s and 20 s) and a window
size of 90 seconds, and switch between these configurations at runtime.
As illustrated below, such a switch might cause misalignment between
previously maintained windows and the newly selected configuration,
since their boundaries no longer coincide. For instance, at 13:22:26, a
window under a 20 s advance would span 13:21:10-13:22:40, whereas
switching to a 1 s advance implies a window spanning 13:20:57-13:22:27.
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Wealso implement prototypes tailored forAggregates that are fed
only timestamp-sorted input streams (e.g., data arriving in increas-
ing time order), as well as Aggregates that support the processing
of out-of-order streams. Using common benchmark data, synthetic
stress workloads, and state-of-the-art SPEs like Apache Flink [9]
(or simply Flink in the remainder), we show our algorithms enable
reconfiguration with negligible overhead while sustaining perfor-
mance comparable tofixed-configurationbaselines.Wealso evaluate
how enlarging the acceptable window configuration space affects
performance, further showing the trade-offs between at-most-once
and exactly-once semantics. All our code is publicly available at
https://doi.org/10.5281/zenodo.20280981.

Organization. § 2 covers preliminaries. § 3 introduces our system
model and problem definition. § 4 details our algorithms. § 5 covers
the empirical assessment of our approach. § 6 reviews related work.
§ 7 concludes and suggests future directions. All symbols/abbrevi-
ations are found in Appendix A.

2 Preliminaries
A stream 𝑆 is an unbounded sequence of tuples [2]. Each tuple 𝑡
carries a timestamp 𝑡 .𝜏 and a payload 𝑡 .𝜙 . Stream processing queries
are Directed Acyclic Graphs (DAGs) composed of sources, operators,
and sinks. Operators are either stateless – they do not maintain a
state that evolves with the tuples they process – or stateful. For a
source tuple 𝑡 , 𝑡 .𝜏 is the event time set by the source when the event
occurred, expressed in time units from a given epoch that progress
in SPE-specific 𝛿 increments (e.g., milliseconds [9]).

When a query is deployed within an SPE, multiple copies of each
operator can be instantiated to analyze different portions of its input

stream(s). Commonly, such instances run in shared-nothing environ-
ments [9, 11] where each instance has a dedicated state exclusively
managed by one thread. The evolution of this state – namely, the raw
or aggregated tuples it contains, how they are stored in the thread’s
data structures, and the output tuples generated from such a state –
depends solely on the tuples processed and produced by that thread.

A statefulAggregate𝐴 operates on time-based windows (or simply
windows) defined by:

WindowAdvance (𝑤𝑎) and Size (𝑤𝑠): Defining the event-time in-
tervals [𝑚𝑤𝑎,𝑚𝑤𝑎+𝑤𝑠), with𝑚 ∈N,𝑤𝑎>0, and𝑤𝑠 >0, covered by
𝐴 (right boundary exclusive). Each interval is a window instance 𝛾 ;
𝛾 .𝑙 and 𝛾 .𝑟 denote its left and right boundaries, respectively. Tum-
bling windows occur when𝑤𝑎 =𝑤𝑠 (a tuple falls into exactly one
instance). Sliding windows occur when𝑤𝑎 <𝑤𝑠 (a tuple may fall
into multiple instances).
Key-by Function 𝒇𝑲 (𝒕): Extracting akey fromtuple 𝑡 andmaintain-
ing dedicated𝛾s for tuples sharing the same key. Although optional
in SPEs [9, 11], from a model perspective, 𝑓𝐾 can always be defined,
returning the same value for all tuples unless specified otherwise.

From an operational perspective,𝑤𝑎 controls output frequency and
thus computational cost, while𝑤𝑠 controls the amount of history
summarized and thus state footprint.

As aforementioned, when deployed, a user-defined Aggregate
is typically instantiated as multiple Aggregate instances that can
execute in parallel and across distributed nodes. In shared-nothing
environments [9, 11], each instance owns dedicated local memory/s-
tate and processes a portion of the key space of the input stream.

Execution Strategies and API. 𝐴 keeps per-𝛾 state based on its
execution strategy [10], where single-window, multi-window, and
pane-based (also referred to as slicing [23]) are among the main
strategies discussed in the literature.

(i) Single-window.𝐴 keeps a single accumulator per active𝛾 and
key and defines methods add(𝑡), get(), and evict(𝑡): add updates
the accumulator for𝛾 , get returns its current result, and evict re-
moves 𝑡 from𝛾 once 𝑡 no longer falls within𝛾 after𝛾 ’s shift forward.

(ii) Multi-window.𝐴 keeps one accumulator per overlapping 𝛾 and
key. Upon reception of 𝑡 , add(𝑡) is invoked on all overlapping𝛾s into
which 𝑡 falls. Method get() reads each𝛾 ’s result. Each𝛾 is discarded
immediately after its result is produced.

(iii) Pane-based (the approach we use). Panes, whose instances we
denote as 𝑝s, are consecutive, non-overlapping intervals that may
vary in length. Each𝛾 spans a set of consecutive panes, the first start-
ing at𝛾 .𝑙 and the last ending at𝛾 .𝑟 . By definition, 𝑝𝑒 .𝑟 =𝑝𝑒+1 .𝑙 . Each
tuple 𝑡 falls into a unique pane.𝐴maintains one partial aggregate per
𝑝 and exposes add(𝑡), to update 𝑝 , and get(), to retrieve 𝑝’s partial
aggregates. When producing outputs, merge()merges the partial
aggregates of all panes covering the same window to compute the
final output, as shown in Figure 2 in connection with the example
that follows.

Correctness. In state-of-the-art SPEs [5, 9], when an output tuple
𝑡𝑜 is produced for a window instance𝛾 ,𝐴 sets 𝑡𝑜 .𝜏 =𝛾 .𝑟−𝛿 (the max-
imum event time within𝛾 ). Hence, output event times take values of
the form 𝑛𝑤𝑎+𝑤𝑠−𝛿 (for integer 𝑛). If𝐴 processes streams where
event time advances at the same pace as wall-clock time, 𝐴 emits
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Figure 2: Sample 𝐴 building on Example 1 that counts per-vehicle reports over a window with 𝑤𝑎 and 𝑤𝑠 of 20s and 90s,
respectively. The execution excerpt shows how𝐴’s functions process input tuples, maintain𝐴’s 𝑝s, and produce output tuples
bymerging the partial aggregates of all 𝑝s within the same𝛾 .

one output every approximately𝑤𝑎 time units (in both event and
wall-clock time).

To decide when the correct result for a given𝛾 can be produced,
accounting for all𝛾 ’s tuples, an SPE must know that no more tuples
falling into𝛾 are still to beprocessed.This canbeensured in twoways.
If the SPE assumes timestamp-sorted streams [11, 14], correctness
of the output of a𝛾 is guaranteed as soon as a tuple 𝑡 with 𝑡 .𝜏 ≥𝛾 .𝑟 is
observed. Alternatively, if the SPE supports out-of-order streams, it
can rely onwatermarks [9, 15], special tuples that signal event-time
progress from each source’s perspective.𝑊 𝜔

𝐴
, the watermark of𝐴 at

wall-clock time𝜔 , is the earliest event time any future tuple 𝑡 fed to
𝐴 can have from𝜔 onward. Sources periodically emit watermarks
as special tuples with monotonically increasing timestamps [9, 15],
indicating event-time progress from each source’s perspective. Upon
receiving a watermark𝑊 ,𝐴 records it and updates𝑊 𝜔

𝐴
to the min-

imum of the latest watermarks observed on all its input streams.
When𝑊 𝜔

𝐴
increases,𝐴 outputs all windows whose right boundary

is not greater than𝑊 𝜔
𝐴

and forwards the updated𝑊 𝜔
𝐴

downstream.
We distinguish the two cases by saying that 𝐴’s correctness is

supported through a timestamp-based (TB) or a watermark-based
(WB) implementation, respectively.

Example - Part 2

Building on the running example from Example-Part2, which we also
include in our evaluation in § 5 with a heavier aggregation function,
Figure 2 shows how a pane-based Aggregate𝐴 counts, for each vehicle
ID -𝑉𝐼𝐷 , howmany reports fall within each windowwhen𝑤𝑎=20s and
𝑤𝑠=90s. According to the pane-based execution strategy (see § 2), each𝛾
spans 9 10-second 𝑝s, as shown in Figure 2(a). Each tuple belongs to one
pane only, whose local state is maintained through the add(t)method,
while get()/merge()methods are invoked to combine the 9 pane partial
aggregates into a𝛾 ’s output. In the example,𝐴 relies on watermarks to
determinewhen tooutput each𝛾 . For clarity, timestampsare shownusing
only their seconds component; thus, the first window is depicted as cov-
ering the interval [180,270) . In Figure 2(f), watermark𝑊𝜔1

𝐴
approaches

270, the right boundary of the𝛾 whose output is to be returned, making
tuples contributing to the𝛾 spanning [180,270) ready for output. Once
the watermark𝑊𝜔2

𝐴
exceeds 270,𝐴 determines that no further tuples

with timestamps earlier than 270 will arrive. At this point, 𝐴 invokes
merge() on the partial results from 9 panes, producing the result for the
𝛾 spanning [180,270) . Upon returning the output,𝛾 advances by𝑤𝑎, and
the corresponding pane state is updated to process subsequent tuples.

3 Problem Formalization
Asmentioned in § 1, and illustrated in Figure 1, the frequency and
cost of producing outputs are inversely proportional to𝑤𝑎, while
state size and aggregation cost are proportional to𝑤𝑠 . Chill aims to
define an operator,𝐴∗, that is parametrized by a setWA of acceptable
𝑤𝑎 values and a setWS of acceptable𝑤𝑠 values.𝐴∗ allows an exter-
nal entity (e.g., an analyst, a practitioner, or an automated controller)
to change its configuration from (𝑤𝑎,𝑤𝑠)𝑖 to (𝑤𝑎,𝑤𝑠)𝑖+1 ∈WA×WS
at runtime to react to changing workload and resource conditions.
When𝑤𝑎 and𝑤𝑠 change, the maintained state may no longer align
with the new configuration, as illustrated in Example-Part 1. To
handle this and provide explicit correctness/performance trade-offs
during reconfigurations,𝐴∗ can enforce weaker semantics (at-most-
once, AMO) or stronger ones (exactly-once, EO). A valid solution for
our problem builds on the following assumptions and must satisfy
the requirements below.

Assumptions. As for𝐴,𝐴∗’s state and outputs evolution depend
only on the input tuples (and watermarks, if any) it receives asyn-
chronously from upstream sources or operators. In TB implementa-
tions,𝐴∗ defines methods process(𝑡) (to process 𝑡 ), output(𝑡) (to
output 𝑡 ), and change((𝑤𝑎,𝑤𝑠)) (to trigger a configuration change).
In WB implementations, it additionally defines process(𝑊 ), in-
voked whenever𝐴∗’s watermark grows to a new value𝑊 . All meth-
ods are invoked sequentially by the thread running𝐴∗. As discussed
in § 2, this per-thread design applies to each thread running an Ag-
gregate instance and therefore extends transparently to parallel and
distributed executions over key-partitioned streams.

Requirements. We define an epoch as a contiguous interval of
event time during which a specific (𝑤𝑎,𝑤𝑠) pair is used by𝐴∗.
- The first epoch starts at deployment and lasts until the (exclusive)
event time scheduled at thefirst invocationof change. The second
epoch begins at the latter event time (inclusive) and lasts until the
time scheduled at the second change invocation, and so on.

- A tuple whose event time falls within an epochmust be processed
using the (𝑤𝑎,𝑤𝑠) of that epoch. An output with a timestamp in
that epoch must reflect the same configuration.

- Tupleswith the same timestampmust belong to exactly one epoch.

Performance metrics. When assessing𝐴∗’s performance, we con-
sider the following metrics, which capture operational efficiency
and correctness behavior:
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- Throughput the number of tuples per second (𝑡/𝑠) it sustains.
- Latency the per-second average wall-clock time between the in-
gestion of an input tuple 𝑡𝑖 triggering the production of an output
tuple 𝑡𝑜 and the emission of 𝑡𝑜 .

- CPU the per-second portion of processor time consumed during
execution.

- Panes the per-second memory footprint given by the total num-
ber of panes it maintains.
These metrics compare𝐴∗ against other baselines that support

only one window configuration. When reconfigurations are per-
formed, we also assess:
- Reconfiguration time (RC) the time needed to transition from
(𝑤𝑎,𝑤𝑠)𝑖 to (𝑤𝑎,𝑤𝑠)𝑖+1.

- Convergence time (CV) time, measured from the event time at
which a new epoch starts, until AMO resumes producing correct
outputs under (𝑤𝑎,𝑤𝑠)𝑖+1 after the transitional period in which
the non-aligning state may result in approximate outputs.

Scope. Regarding the scope of our contribution, please note:
- We do not address the quality of decisions made by the entity
triggering reconfigurations. Our focus is solely on the algorithms
and implementation supporting efficient reconfiguration.

- For notational ease, we assume that all processed tuples satisfy
𝑡 .𝜏 ≥𝑤𝑠 , so every 𝛾 lies entirely after time 0, and that 𝛿 =1 (see
§ 2), as in state-of-the-art SPEs [9].

4 Algorithms
Asmentioned in § 1, a key observation for dynamic window recon-
figuration is that once𝑤𝑎 and𝑤𝑠 change, the state maintained by
𝐴∗ may no longer align with the new configuration. In operational
settings, where reconfiguration requests can be triggered at runtime
by analysts or controllers,minimizing reconfiguration time andmax-
imizing state reuse is crucial. Maintaining state at the granularity of
entire𝛾s provides only coarse control,whereas apane-based strategy
(see § 2) decomposes 𝛾s into smaller “tiles” that can be efficiently
reused across configurations. Because of this,𝐴∗ adopts a pane-based
execution strategy.

In this section, we first describe how, for each tuple, we determine
the𝛾s it contributes to and,more importantly, the𝑝 where it is stored
under the chosen semantics. This tuple-to-𝛾/𝑝 assignment is a core
building block for all our solutions. We then provide an overview of
the proposed solutions for AMOand EO semantics. Finally, we detail
the algorithms: one general approach for TB and one forWB imple-
mentations, with only a subset of methods specialized for AMO and
EO semantics. For AMO semantics, we also quantify the event-time
duration after a reconfiguration during which results might differ
from those of an approach where state aligns in accordance with the
current epoch at all times, as in EO semantics.

Determining a tuple’s 𝛾s and semantics-dependent 𝑝 . For event
time 𝜏 , we denote by Ω(𝜏,(𝑤𝑎,𝑤𝑠)) (or simply Ω, when notation can
be simplified) the number of𝛾s of advance𝑤𝑎 and size𝑤𝑠 to which
a tuple 𝑡 so that 𝑡 .𝜏 =𝜏 contributes. It holds that:

Ω=


⌈𝑤𝑠
𝑤𝑎

⌉
, if (𝜏 mod 𝑤𝑎)< (𝑤𝑠 mod 𝑤𝑎) ∨ (𝑤𝑠 mod 𝑤𝑎)=0,⌈𝑤𝑠

𝑤𝑎

⌉
−1, otherwise.

(1)

Let 𝛾𝑖 (𝜏,(𝑤𝑎,𝑤𝑠)) (or simply 𝛾𝑖 ) be the 𝑖-th such 𝛾 , for 𝑖 ∈ [0,Ω−1].
Then:

𝛾𝑖 .𝑙 =

( ⌊ 𝜏

𝑤𝑎

⌋
−(Ω−1)+𝑖

)
𝑤𝑎 (2)

Let 𝑝 be the pane to which 𝑡 contributes. Since panes must align
with𝛾 boundaries for correct aggregation, a pane starts whenever a
𝛾 starts or ends. If𝜏1<𝜏2< ...≤𝜏 are all event times atwhich a𝛾 starts
or ends at or before 𝜏 , then 𝑝.𝑙 =max(𝜏1,𝜏2,...), i.e., the latest 𝛾 .𝑙 or
𝛾 .𝑟 not exceeding 𝜏 . Hence, 𝑝.𝑙 is the greater of: (1) the left boundary
of the latest𝛾 to which 𝑡 falls (𝛾Ω−1 .𝑙 ), and (2) the right boundary of
the𝛾 immediately preceding the earliest𝛾 to which 𝑡 falls (denoted
in this case as𝛾−1 .𝑟 ). Thus:

𝑝.𝑙 =max
(
𝛾Ω−1 .𝑙, 𝛾−1 .𝑟

)
=max

( ⌊ 𝜏

𝑤𝑎

⌋
𝑤𝑎,

( ⌊ 𝜏

𝑤𝑎

⌋
−Ω

)
𝑤𝑎+𝑤𝑠

) (3)

In the following, get_𝛾.l(𝜏, (𝑤𝑎,𝑤𝑠)) and get_𝑝.l(𝜏, (𝑤𝑎,𝑤𝑠))
denote the methods that compute the left boundary of a 𝛾 or a 𝑝 ,
respectively, based on Eq. 2 and Eq. 3.

At-most-once (AMO)/exactly-once (EO) semantics and window con-
figuration changes. According to our problem definition (see § 3),
practitioners can control performance/guarantee trade-offs not only
by changing𝑤𝑎 and𝑤𝑠 , but also by choosing between AMO and EO
semantics. Maintaining only the 𝑝s required by the current – and,
upon each change, retaining only those that fall within the newly
selected (𝑤𝑎,𝑤𝑠) parameters – introduces a finite interval during
which results may diverge from those of 𝛾s that would cover all
past tuples. Nevertheless, this approach satisfies AMO semantics:
each tuple is incorporated into at most one pane, either one created
before the change or one created after it. It violates our epoch re-
quirements, though (see later). In contrast, EO semantics guarantee
exact results if, at all times, 𝑝s aremaintained and updated according
to all acceptable configurations and if such panes can cover the full
temporal extent of the largest window size inWS (since a change
to such a𝑤𝑠 can happen at any point during the execution of𝐴∗).
Our algorithms build directly on these observations. For AMO, we
maintain 𝑝s only for the current epoch’s (𝑤𝑎,𝑤𝑠). When change is
invoked, the operator schedules the new configuration and, once the
change becomes effective, keeps only the previous state (i.e., 𝑝s) that
falls entirely in𝛾s defined by the new configuration. For EO, we con-
tinuously maintain 𝑝s that can tile𝛾s for every (𝑤𝑎,𝑤𝑠) ∈WA×WS,
and produce outputs by merging the partial aggregates of those 𝑝s
matching the current epoch’s configuration.

While the𝛾 to which a tuple belongs depends only on the epoch’s
𝑤𝑎 and𝑤𝑠 , the specific𝑝 varieswith the chosen semantics. For AMO
semantics, get_𝑝.l suffices; in our algorithms, this is encapsulated
in get_AMO_𝑝.l. For EO semantics, the 𝑝 is the intersection of all
panes across configurations, and 𝑝.𝑙 is computed as:

𝑝.𝑙 = max
(𝑤𝑎,𝑤𝑠 ) ∈WA×WS

𝑝 (𝑤𝑎,𝑤𝑠 ) .𝑙 (4)

Inouralgorithms, this logic is implementedbythemethodget_EO_𝑝.l.
Since Eq. 4 yields panes as short as or shorter than those from

any individual configuration, EO semantics can lead to maintaining
more shorter panes and to merging more panes per output than
AMO semantics. More precisely, for a current epoch with configura-
tion (𝑤𝑎,𝑤𝑠), AMOmaintains panes only for that configuration, so
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both the number of panes kept in memory (per key) and the panes
merged per output scale are Θ(𝑤𝑠/𝑤𝑎). Under EO, panes follow
the common refinement across all configurations inWA×WS; in
the worst case, over an interval of length 𝐿, the number of panes
is𝑂

(
𝐿
∑
(𝑤𝑎′,𝑤𝑠′ ) ∈WA×WS

1
𝑤𝑎′

)
⊆𝑂

(
𝐿
|WA×WS |
min(WA)

)
. Hence, EO requires

up to 𝑂

(
max(WS) |WA×WS |

min(WA)

)
panes in memory (per key) and up

to𝑂
(
𝑤𝑠
|WA×WS |
min(WA)

)
panes merged per output for the current epoch.

These are analytical worst-case bounds; in practice, as we also show
in § 5, carefully choosing the configuration sets canminimize the gap.
More precisely, if the added𝑤𝑎 values aremultiples ofmin(WA), the
pane partition does not become finer, which helps keep the overhead
of EO closer to that of AMO.

Detailed design. To meet our requirements (see § 3), our algo-
rithms must ensure that, when a change is applied, it is used for
all tuples from a specific event time onward, creating a clear cut
between (𝑤𝑎,𝑤𝑠)𝑖 and (𝑤𝑎,𝑤𝑠)𝑖+1.

Immediately adopting (𝑤𝑎,𝑤𝑠)𝑖+1 when change is invoked is not
valid. In a TB implementation, the change could occur while process-
ing tuples with the same timestamp, breaking the “same timestamp,
same epoch” requirement. InWB implementations, even if a change
occurs between tuples 𝑡𝑎 and 𝑡𝑏 with 𝑡𝑎 .𝜏 < 𝑡𝑏 .𝜏 , a 𝑡𝑐 with 𝑡𝑏 .𝜏 ≤𝑡𝑐 .𝜏
could already have been processed, again breaking the cut. When
change is invoked,𝐴∗ therefore tracks 𝜏𝑚𝑎𝑥 , the highest tuple times-
tamp seen, and sets 𝜏∗, the new epoch’s start time, to 𝜏𝑚𝑎𝑥+1. Thus,
𝜏∗ depends on the data and, for WB implementations, on the degree
of disorder of the stream.

A second distinction concerns outputs between change’s invo-
cation and the moment (𝑤𝑎,𝑤𝑠)𝑖+1 becomes effective. For TB imple-
mentations, with 𝜏∗ set to the latest processed timestamp plus one,
any output at 𝜏∗ already conforms to (𝑤𝑎,𝑤𝑠)𝑖 (𝛾s’ right boundaries
are exclusive, see § 2), and any output with a larger timestamp to
(𝑤𝑎,𝑤𝑠)𝑖+1. ForWB implementations, though, since 𝜏∗ may be far
from the last tuple’s timestamp, outputs for𝛾swith𝛾 .𝑟 ≤𝜏∗ should be
computed under (𝑤𝑎,𝑤𝑠)𝑖 , and thosewith𝛾 .𝑟 >𝜏∗ under (𝑤𝑎,𝑤𝑠)𝑖+1.
This separation between requesting a change and applying it at 𝜏∗
allows external controllers to issue reconfiguration commands asyn-
chronously without violating epoch guarantees. Accordingly, in the
following Algorithms, besides methods dedicated to retrieving pane
boundaries and updating (𝑤𝑎,𝑤𝑠), we also define a method named
reconfigAndAdvance to apply the configuration change once 𝜏∗ is
reached.

Finally, for AMO semantics, updating the prior state upon a re-
configuration entails discarding all panes that do not conform to the
newly selected (𝑤𝑎,𝑤𝑠) configuration, while retaining only those
compatible with it. This implies that correct results matching those
that would have been obtained without discarding any state are ob-
served only once thenew𝛾s are fully populated. IfΩ𝑖+1 is thenumber
of windows a tuple falls into in epoch 𝑖+1, and 𝛾Ω𝑖+1−1 denotes, at
𝜏 =𝜏∗, the latest window under (𝑤𝑎,𝑤𝑠)𝑖+1 that still contains 𝜏∗, the
convergence time – i.e., the time during which result correctness is
potentially affected by a reconfiguration – is:

𝑤𝑠𝑖+1, if𝛾Ω𝑖+1−1 .𝑙 =𝜏∗,

𝛾Ω
𝑖+1−1 .𝑙+𝑤𝑎𝑖+1+𝑤𝑠𝑖+1−𝜏∗, otherwise.

(5)

Algorithm 1: 𝐴∗ - TB implementation. Methods in gray
are found in Algorithms 3 and 5.
1 Class 𝑝 { // user-defined 𝑝’s class and methods

2 add (𝑡) // add tuple 𝑡’s contribution to 𝑝

3 get () } // get 𝑝’s partial aggregate
𝐴∗ Parameters and Local Variables:

4 WA, WS, 𝑓𝐾(t), merge(𝜙𝑎,𝜙𝑏) // 𝐴∗ parameters

5 Γ // list of (𝑤𝑎,𝑤𝑠 ) combinations in WA×WS
6 𝑐 // Initial/current (𝑤𝑎,𝑤𝑠 ) index
7 𝑗←null // next (𝑤𝑎,𝑤𝑠 ) index (upon call of method change)

8 𝜏𝑚𝑎𝑥 // latest timestamp observed so far

9 𝜏∗←null // event-time of change (𝑤𝑎,𝑤𝑠 )𝑖→(𝑤𝑎,𝑤𝑠 )𝑖+1
10 TreeMap<𝜏, Map<𝑘, 𝑝>> 𝑝𝑎𝑛𝑒𝑠 // 𝑝 instances

11 𝛾∗
𝐿
←null // earliest left boundary of any 𝛾 kept by 𝐴∗

12 𝑝∗
𝐿
←null // earliest left boundary of any 𝑝 kept by 𝐴∗

AuxiliaryMethods:

13 getEarliestLeftBoundary (𝜏) // get earliest 𝛾.l/𝑝.l for 𝜏

14 change ((𝑤𝑎,𝑤𝑠 )) // change (𝑤𝑎,𝑤𝑠 ) configuration

15 reconfigAndAdvance (𝜏 ) // complete a change (if any) and

advance 𝐴∗’s state by discarding stale state up to 𝜏

16 getOrCreate(𝜏 ,𝑘) // get or create 𝑝 and store it in 𝑝𝑎𝑛𝑒𝑠

17 getIndex((𝑤𝑎,𝑤𝑠 )) // return (𝑤𝑎,𝑤𝑠 )’s index in Γ

18 Method process(𝑡)
19 𝜏𝑚𝑎𝑥←𝑡 .𝜏 // update max timestamp observed so far

20 reconfigAndAdvance(𝜏𝑚𝑎𝑥) // check if change can be
completed & discard stale 𝑝s

21 <𝛾𝐿, 𝑝𝐿 >← getEarliestLeftBoundary (𝑡 .𝜏)

// merge panes and produce output tuples

22 while 𝛾∗
𝐿
≠null∧𝛾∗

𝐿
<𝛾𝐿 do

23 Map<𝑘, 𝜙> 𝑜𝑢𝑡𝑝𝑢𝑡𝑠

24 for 𝜏 in 𝑝𝑎𝑛𝑒𝑠 .keys() do
25 if 𝛾∗

𝐿
≤𝜏 <𝛾∗

𝐿
+Γ [𝑐 ] .𝑤𝑠 then

26 for 𝑘 in 𝑝𝑎𝑛𝑒𝑠 [𝜏 ].keys() do
27 𝑜𝑢𝑡𝑝𝑢𝑡𝑠 [𝑘 ]←

merge (𝑜𝑢𝑡𝑝𝑢𝑡𝑠 [𝑘 ], 𝑝𝑎𝑛𝑒𝑠 [𝜏 ] [𝑘 ] .get())
28 for 𝑘 ∈𝑜𝑢𝑡𝑝𝑢𝑡𝑠

do output (<𝛾∗
𝐿
+Γ [𝑐 ] .𝑤𝑠−1, 𝑜𝑢𝑡𝑝𝑢𝑡𝑠 [𝑘 ]>)

29 𝛾∗
𝐿
←𝛾∗

𝐿
+Γ [𝑐 ] .𝑤𝑎

// add 𝑡 to its pane and update earliest 𝑝.𝑙/𝛾 .𝑙
30 𝑝← getOrCreate (𝑝𝐿, 𝑓𝐾(𝑡))

31 𝑝.add (𝑡)

32 𝑝∗
𝐿
←𝑝𝐿

33 𝛾∗
𝐿
←𝛾𝐿

In the following algorithms, we rely on the following data struc-
tures: List, with method add to append elements and notation [𝑐]
to access the 𝑐-th element; Map, withmethod keys to retrieve all keys
and notation [𝑐] to access the value for key 𝑐; and TreeMap, which
behaves like a Map but traverses entries in key-sorted order. All the
acceptable (𝑤𝑎,𝑤𝑠) combinations are stored in Γ, where the 𝑐-th𝑤𝑎

and𝑤𝑠 are retrieved as Γ [𝑐] .𝑤𝑎 and Γ [𝑐] .𝑤𝑠 , respectively. We also
assume that merge(𝜙𝑎,𝜙𝑏), which combines the partial aggregates
of two panes, returns the non-null value if exactly one of 𝜙𝑎 or 𝜙𝑏
is null.
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Alg. 1 presents our solution for TB implementations. Methods
highlighted in gray depend on the selected semantics (AMO or EO)
and are detailed in Alg. 3 and Alg. 5. Since tuples arrive in timestamp
order, the algorithm (i) updates the maximum timestamp observed,
(ii) invokes reconfigAndAdvance to complete any pending config-
uration change and prune stale panes, and (iii) computes the earliest
left boundaries of the 𝛾 and 𝑝 to which 𝑡 contributes (L 19-21). If
an input tuple indicates the current window is shifting, outputs are
produced for any 𝑝 that tiles a 𝛾 for which a result can be created
(L 22-29). Once any results have been produced, the tuple being
processed is added to its corresponding pane (L 30-33).

Algorithm 2:𝐴∗ -WB implementation. See Algorithm 1 for
𝐴∗ parameters and local variables/methods and auxiliary
methods not defined here.
1 Method process(𝑡)
2 𝜏𝑚𝑎𝑥←max(𝜏𝑚𝑎𝑥 , 𝑡 .𝜏) // update max timestamp

// add 𝑡 to its pane, update earliest 𝛾 .𝑙 (if needed)

3 <𝛾𝐿, 𝑝𝐿 >← getEarliestLeftBoundary (𝑡 .𝜏)

4 𝑝← getOrCreate (𝑝𝐿,𝑓𝐾(𝑡))

5 𝑝.add (𝑡)

6 if 𝛾∗
𝐿
=null∨𝛾𝐿 <𝛾∗𝐿 then 𝛾∗

𝐿
←𝛾𝐿

7 Method process(𝑊 )
8 reconfigAndAdvance (𝑊 ) // check if change can be

completed & discard stale 𝑝s
// merge panes and produce output tuples

9 while 𝛾∗
𝐿
≠null∧𝛾∗

𝐿
+Γ [𝑐 ] .𝑤𝑠 ≤𝑊 do

10 Map<𝑘, 𝜙> 𝑜𝑢𝑡𝑝𝑢𝑡𝑠

11 for 𝜏 in 𝑝𝑎𝑛𝑒𝑠 .keys() do
12 if 𝛾∗

𝐿
≤𝜏 <𝛾∗

𝐿
+Γ [𝑐 ] .𝑤𝑠 then

13 for * do
14 𝑘 in 𝑝𝑎𝑛𝑒𝑠 [𝜏 ].keys()
15 𝑜𝑢𝑡𝑝𝑢𝑡𝑠 [𝑘 ]← merge

(𝑜𝑢𝑡𝑝𝑢𝑡𝑠 [𝑘 ],𝑝𝑎𝑛𝑒𝑠 [𝜏 ] [𝑘 ] .get())
16 for 𝑘 ∈𝑜𝑢𝑡𝑝𝑢𝑡𝑠

do output (<𝛾∗
𝐿
+Γ [𝑐 ] .𝑤𝑠−1, 𝑜𝑢𝑡𝑝𝑢𝑡𝑠 [𝑘 ]>)

17 𝛾∗
𝐿
←𝛾∗

𝐿
+Γ [𝑐 ] .𝑤𝑎 // update earliest 𝛾 boundary

Alg. 2 presents our solution for WB implementations, together
with Alg. 4 and Alg. 5. Here, the processing logic is split between tu-
ple handling (L 1-6) andwatermark handling (L 7-17).When a tuple 𝑡
is processed,𝜏𝑚𝑎𝑥 is updated and 𝑡 is added to its corresponding pane.
The earliest left boundary of any𝛾 maintained by𝐴∗ is also updated
if the left boundary of the𝛾 into which 𝑡 falls precedes the current
𝛾∗
𝐿
. Upon reception of a new watermark, reconfigAndAdvance is

invoked to complete any pending change (L 8). Then, output tuples
are created if such a watermark indicates the current window can
be advanced (L 8-17).

Moving now to semantics- and implementation-specificmethods,
we cover TB implementations and AMO semantics in Alg. 3. The
method change stores the index of the new configuration in 𝑗 and
sets 𝜏∗. The method getEarliestLeftBoundary invokes get_𝛾.l
and get_AMO_𝑝.𝑙 using index 𝑐 . The method reconfigAndAdvance
checks whether 𝜏∗ matches the timestamp of the current tuple (if
𝜏∗ is set). If so, it unsets 𝜏∗, updates 𝑐 to 𝑗 , and updates the current
𝛾∗
𝐿
. Eventually, it clears the state, discarding all panes starting before

the earliest window left boundary. Removing panes in this way is

safe: when no change is applied, discarded panes end at or before
the current earliest window boundary and can no longer contribute
to any future window; when a change is applied, discarded panes
cover ranges of event time that are not part of any window under
the new configuration.

Algorithm 3:Methods for TB implementation and AMO
semantics.
1 Method change((𝑤𝑎,𝑤𝑠))
2 𝑗←getIndex((𝑤𝑎,𝑤𝑠)) // store new 𝑤𝑎/𝑤𝑠 index in 𝑗

3 𝜏∗←𝜏𝑚𝑎𝑥 +1 // set 𝜏∗, implying a change is requested

4 Method getEarliestLeftBoundary(𝜏)
5 return (get_𝛾.l(𝜏 , (Γ [𝑐] .𝑤𝑎, Γ [𝑐] .𝑤𝑠),

get_AMO_𝑝.l(𝜏 , (Γ[𝑐] .𝑤𝑎, Γ [𝑐] .𝑤𝑠)))
6 Method reconfigAndAdvance(𝜏)
7 if 𝜏∗≠null∧𝜏𝑚𝑎𝑥 ≥𝜏∗ then // the change is applied

8 𝜏∗←null

9 𝑐← 𝑗

10 𝛾∗
𝐿
←get_𝛾.l(𝜏, (Γ [𝑐] .𝑤𝑎, Γ [𝑐] .𝑤𝑠))

11 for 𝜏 ′ in 𝑝𝑎𝑛𝑒𝑠 .keys() do // remove stale panes

12 if 𝜏 ′ <𝛾∗
𝐿
then

13 𝑝𝑎𝑛𝑒𝑠 .remove (𝜏 ′)

ForWB implementations and AMO semantics (Alg. 4), when 𝜏∗
is set, getEarliestLeftBoundary chooses between indexes 𝑐 and
𝑗 , based on the current value of 𝜏 . The other methods are the same
as those presented in Alg. 3.

Algorithm 4:Methods forWB implementation and AMO
semantics.
1 Method change((𝑤𝑎,𝑤𝑠))// same as in Algorithm 3

2 Method getEarliestLeftBoundary(𝜏)
3 if 𝜏∗≠null∧𝜏 ≥𝜏∗ then // boundaries chosen

depending on the epoch 𝜏 falls in

4 return ( get_𝛾.l(𝜏, (Γ [ 𝑗] .𝑤𝑎, Γ [ 𝑗] .𝑤𝑠)),
get_AMO_𝑝.l(𝜏, (Γ [ 𝑗] .𝑤𝑎, Γ [ 𝑗] .𝑤𝑠)) )

5 else return ( get_𝛾.l(𝜏, (Γ [𝑐] .𝑤𝑎, Γ [𝑐] .𝑤𝑠)),
get_AMO_𝑝.l(𝜏, (Γ [𝑐] .𝑤𝑎, Γ [𝑐] .𝑤𝑠)) )

6 MethodreconfigAndAdvance(𝜏)// same as in Algorithm 3

For EO semantics (Alg. 5), the same methods apply to both TB
andWB implementations. Method change updates immediately 𝑐 to
the new configuration index. Method getEarliestLeftBoundary
also relies on index 𝑐 , but invokes get_EO_𝑝.l. Finally, method
reconfigAndAdvance removes stale panes only if they fall strictly
before the largest𝑤𝑠 inWS – the maximum time span that the win-
dow can cover – and the smallest𝑤𝑎 inWA – the precise alignment
of the acceptable configuration start a window, ensuring that no
state required by any future configuration is lost. In practice, this
means buffering panes longer to avoid inconsistencies during future
reconfigurations.

5 Evaluation
In our evaluation, we assess Chill’s performance by running𝐴∗ un-
der both TB andWB implementations, as well as their AMO and EO

6



Chill: Runtime Reconfiguration ofWindowed Stream Aggregates with Semantic Guarantees DEBS ’26, June 23–26, 2026, Lisbon, Portugal

Algorithm 5:Methods for TB and WB implementations,
and EO semantics.
1 Method change((𝑤𝑎,𝑤𝑠))
2 𝑐←getIndex((𝑤𝑎,𝑤𝑠))
3 𝛾𝐿←get_𝛾.l(𝜏,(Γ [𝑐] .𝑤𝑎,Γ [𝑐] .𝑤𝑠)
4 Method

getEarliestLeftBoundary(𝜏)// as in Algorithm 3 but

calling get_EO_𝑝.l

5 Method reconfigAndAdvance(𝜏)
6 for 𝜏 ′ in 𝑝𝑎𝑛𝑒𝑠 .keys() do
7 if 𝜏 ′ <𝜏−max(WS)+min(WA) then // keep panes

based on the largest 𝑤𝑠 and the smallest 𝑤𝑎

8 𝑝𝑎𝑛𝑒𝑠 .remove (𝜏 ′)

variants (see § 4). We first study the reconfiguration overhead of𝐴∗.
To further contextualize the performance characteristics observed
for the different implementations and semantics, we analyze their
trade-offs as the window configuration space expands, which is a
key aspect of𝐴∗’s design. Finally, we compare𝐴∗ against state-of-
the-art baselines. The first baseline is Liebre [11], since Liebre is
the SPE upon which we build𝐴∗ and it adopts the Single-Window
(SW) execution strategy with a TB implementation. To also consider
an SPE widely adopted by the community and the industry, we use
Flink [9] as a baseline, a widely used SPE that supports out-of-order
processing and employs theMulti-Window (MW)execution strategy,
making it a natural point of comparison for ourWB implementation.
We note that these baseline comparisons involve two orthogonal
factors: (1) the execution strategy – SW, Pane-based, orMW (see § 2);
and (2) the underlying SPE – Liebre or Flink. On the one hand, since
𝐴∗ runs on the Liebre SPE, we compare it with the SW execution
strategy in Liebre to isolate the algorithmic contribution of𝐴∗. On
the other hand, we compare 𝐴∗ with Flink and its MW execution
strategy to position𝐴∗ relative to a widely adopted SPE.

To ensure that our evaluation captures both controlled stress test-
ing and application realism,we employ two complementary datasets:
a Synthetic dataset that allows fine-grained control over input char-
acteristics (e.g., key distributions) and the widely used Linear Road
benchmark [3], representing a realistic use case with data generated
by vehicles moving on highways. As stated in § 3, beyond assessing
how implementations and semantics affect the Throughput, Latency,
CPU, and Panes metrics, we analyze reconfiguration behavior by
measuring bothReconfiguration time (RC) andConvergence time (CV)
across transitionsbetweenepochs.On theonehand, our experiments
aim to show that, despite performance differences across implemen-
tations and semantics, the proposed algorithms enable fast reconfig-
urations and trade-offs between AMO and EO semantics, with AMO
favoring performance at the cost of temporary result inaccuracy dur-
ing reconfiguration, and EO guaranteeing correctness throughout,
incurring a modest and predictable performance overhead. On the
other hand, we also show that𝐴∗ is competitive with, or can outper-
form, state-of-the-art baselines across all scenarios. All our code is
publicly available at https://doi.org/10.5281/zenodo.20280981.
Hardware/Software. All experiments are conducted on a single
server with an Intel Xeon E5-2637 v4@3.50GHz, 4 cores, 8 threads,

and 64GBRAM.As discussed in [12], this server is a device represen-
tative of those found in edge-to-cloud applications. Our framework
uses Java (OpenJDK version 17.0.14).𝐴∗ is implemented as a library
on top of Liebre version 0.1.1, while the baselines are implemented
using Liebre version 0.1.1 and Flink version 1.19.0, respectively.
Data and use cases. The first dataset, Synthetic, generates tuples
live during execution rather than loading them from recorded traces.
Hence, each tuple is timestamped at the moment it is generated
and forwarded. Each tuple consists of a key in [1,100000] (used by
𝑓𝐾 (𝑡)) and a randomly generated integer value. Synthetic offers full
controllability: injection rate, key distribution, and value range can
be precisely configured to support reproducible experiments and
targeted stress testing.

The second dataset, Linear Road [3], is a widely used benchmark
for evaluating stream processing systems. It emulates a real-time
traffic monitoring application in which vehicles emit position re-
ports every 30 seconds. Each tuple in this recorded trace includes
an event timestamp, a vehicle ID, its position, and its speed; the
vehicle ID is used by 𝑓𝐾 (𝑡) to maintain independent window states.
Individual vehicles contribute data ranging from a fewminutes to
tens of minutes, and the full trace spans about 3 hours of event time,
containing roughly 44 million tuples.

Since our goal is to measure the maximum sustainable perfor-
mance of𝐴/𝐴∗ – for example, maximumThroughput – both datasets
are injected as fast as the system can process themunder flow control.
This design choice, together with how tuples are timestamped (i.e.,
at the moment of generation for Synthetic and loading the times-
tamps from the recorded trace for Linear Road), has an important
consequence. For Synthetic, each tuple is timestamped at the time
it is generated and forwarded. As a result, event time and wall-clock
time evolve synchronously, making window behavior – e.g., output
emission precisely every𝑤𝑎 – faithfully observable and preserving
the semantics expected from a live data stream processed by𝐴/𝐴∗.
For Linear Road, though, given that its data is a recorded trace, tuples
are replayed faster than their event timestamps advance. Event time
progresses over 3 hours, whereas wall-clock time progresses over
only a few minutes, meaning behaviors tied to event-time evolu-
tion – such as producing outputs exactly every𝑤𝑎 time units – are
not observable in wall-clock execution (see § 2). Together, these
datasets allow us to evaluate𝐴∗ across use cases in which event time
and wall-clock time are aligned and others in which they are not,
thereby covering both live data streams and recorded traces, which
are common in real-world applications.

In both datasets, we evaluate an aggregate function with a non-
negligible computational cost. In Synthetic, this function performs
square-sum computations over tuple values, where add(𝑡) applies
arithmetic operations on incoming tuples and get() outputs the
accumulated result. In Linear Road, it computes the number of non-
consecutive stops per vehicle, where a stop is a sequence of zero-
speed reports separated by non-zero-speed reports, including those
spanning window boundaries. For a given 𝛾 , add(𝑡) incorporates
incoming tuples and get() returns the number of non-consecutive
stops within 𝛾 . Note that, since Synthetic uses a fixed set of keys,
add(𝑡) and get() exhibit stable per-tuple and per-key costs. In Lin-
ear Road, instead, such costs are key-dependent, since some vehicles
contribute many more position reports than others in the recorded
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trace. Synthetic’s aggregate function is computationally less expen-
sive than Linear Road’s. Unless otherwise stated, each experiment is
repeated 5 times and we report the average values per epoch across
repetitions. InWB implementations, watermarks are emitted 5 times
per second, i.e., every 200 ms, and tuples are delivered out of order
for both Synthetic and Linear Road.

WindowReconfiguration Overhead
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Figure 3:Window reconfiguration overhead for Synthetic.
To quantify window reconfiguration overhead, we consider the full
Cartesian product of WA = {1,7,20} and WS = {90,120,150} sec-
onds, yielding 9 (𝑤𝑎,𝑤𝑠) configurations. For Linear Road, this space
includes the two setups from the running example in § 1, namely
(1,90) and (20,90), although here they are evaluated with the heav-
ier aggregation function described above. This configuration space
captures scenarios in which analysts may wish to vary both the
output frequency and the temporal span of the aggregation. Each
epoch lasts 360 seconds, including a 160-second warm-up and a 20-
second cool-down. The warm-up period is based on the largest𝑤𝑠
(150 seconds) to ensure that all windows are fully populated before
collecting any performance measurements. For each metric, we first
compute the average within each repetition and then average those
values across repetitions. In the plots, time is shown on the x-axis
and each row reports one statistic. The (𝑤𝑎,𝑤𝑠) pair used in each
epoch is indicated at the top, while dotted vertical lines mark the
transitions between epochs. Points located in themiddle of an epoch
report statistics collected during that epoch, whereas points on the
vertical lines correspond to transition-related measurements (i.e.,

RC and CV). Some y-axes are shown on a logarithmic scale to better
appreciate the differences across configurations.

Figure 3 shows the window reconfiguration overhead results on
Synthetic. For a fixed 𝑤𝑎, Throughput decreases as 𝑤𝑠 increases,
since each output requires merging more panes; conversely, for a
fixed𝑤𝑠 , Throughput is lower for smaller𝑤𝑎, as outputs are pro-
duced more frequently. These differences are most visible when𝑤𝑎

is small, especially for𝑤𝑎=1, while they are much less pronounced
between𝑤𝑎=7 and𝑤𝑎=20. Quantitatively, for𝑤𝑎=1, Throughput
decreases from about 3×105 t/s at𝑤𝑠 =90 to roughly 7×104 t/s at
𝑤𝑠=150, whereas for𝑤𝑎=20 it consistently exceeds 6.3×105 t/s for
all𝑤𝑠 values.

Latency mirrors this behavior, increasing with larger 𝑤𝑠 and
smaller 𝑤𝑎. Across both TB and WB implementations, EO con-
sistently yields lower Throughput and higher Latency than AMO,
which is expected because EOmaintains finer-grained panes over
the full acceptable configuration space induced byWA andWS (see
Eq. 4). In quantitative terms, all latency values remain below1 second
except for the most demanding case, (𝑤𝑎,𝑤𝑠)= (1,150), which rises
slightly above that threshold.

RC remains small overall, albeit with some oscillation, and is gen-
erally higher for𝑤𝑎=1 than for larger𝑤𝑎s; this is because RC is tied
to output production, as reconfiguration may need to wait for ongo-
ing emissions on𝐴∗’s main thread, making it closely related to the
observed Latency. In all cases, however, RC remains below 1 second.

CV under AMO falls within the range predicted by Eq. 5. Finally,
Panes shows only minor differences between TB andWB implemen-
tations; under EO, it remains nearly constant because it depends
on the full acceptable configuration space, whereas under AMO it
decreases with larger𝑤𝑎 and increases with larger𝑤𝑠 . CPU remains
high and stable throughout, indicating that the systemoperates close
to saturation.

Figure 4 confirms the same overall behavior observed for Syn-
thetic. Throughput decreases as𝑤𝑠 increases and increases as𝑤𝑎

increases; however, because the Linear Road aggregate function is
computationally heavier, overall Throughput is lower, ranging from
approximately 4×104 t/s for𝑤𝑎=1 to approximately 2.3×105 t/s for
𝑤𝑎=20, and the effect of larger𝑤𝑠 values is less pronounced than
in Synthetic, whereas the gain from increasing𝑤𝑎 remains clearly
visible even when moving from𝑤𝑎=7 to𝑤𝑎=20. Moreover, for a
fixed (𝑤𝑎,𝑤𝑠) configuration, the higher computational cost tends
to dominate the execution, making the Throughput of the different
implementations and semantics much closer to each other.

Latency follows the inverse trend of Throughput, as before, but
with one important difference: WB implementations exhibit higher
values than TB ones, with values around 0.45 seconds forWB and
0.25 seconds for TB when𝑤𝑎 =1, and around 0.2 seconds for WB
and 0.1 seconds for TB when𝑤𝑎=7, across the corresponding𝑤𝑠
values. This is expected because, in Linear Road, event time advances
faster thanwall-clock time, allowingTB implementations to produce
results earlier, whereasWB ones still wait for periodically emitted
watermarks, which in our setup arrive every 200 ms.

RC follows the same qualitative pattern and, again, TB implemen-
tations tend to show smaller values. CV exhibits the same trend as
in Synthetic, but the observed values are significantly smaller than
the corresponding bounds, which is also expected because those
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bounds are expressed in event time, while in this experiment event
time advances much faster than wall-clock time.
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Figure 4:Window reconfiguration overhead for Linear Road.

The Panes metric follows the same overall trend as well, but the
difference between TB and WB implementations is more visible
here for two reasons: unlike Synthetic, the number of active keys
changes over time, andWB implementations purge stale panes less
frequently than TB ones, resulting in higher values. Finally, the CPU
plot shows that the system remains close to saturation and follows
the same expected trend as in Synthetic, while also displaying a
clearer separation between TB andWB implementations.

Impact of GrowingWindowConfiguration Spaces
To further validate the expected trade-offs, we examine how enlarg-
ing the window configuration space affects EO, whose overheads
grow because it must maintain 𝑝s that tile 𝛾s for every (𝑤𝑎,𝑤𝑠) ∈
WA×WS (see § 4). As |WA×WS| grows, the pane partition becomes
increasingly granular, which increases the number of panes and, in
turn, reduces Throughput while increasing Latency and Panes.

Figure 5 shows this effect on Synthetic. In this experiment, the
warm-upandcool-downare95and10 seconds, respectively.Eachcol-
umn reports Throughput, Latency, CPU, and Panes for one choice of
WA andWS, shown at the top of the figure. The bold values identify
the fixed execution configuration, which remains (𝑤𝑎,𝑤𝑠)= (20,90)
throughout, while the surrounding sets grow from left to right. For
each semantics/implementation pair, we use a violin plot to summa-
rize the full distribution of the observed values; inside each violin,

three black dashed lines indicate the first, second, and third quartiles
from top to bottom.
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Figure 5: Performance impact of different |WA × WS| for
Synthetic.

AMO exhibits limited sensitivity to the configuration space size,
with metrics remaining relatively constant: Throughput hovering
above 1.5×106 t/s, Latency remaining around 0.1 seconds, CPU close
to saturation, and Panes stabilizing at approximately 7.5×105. In
contrast, EO follows the expected trend: as |WA×WS| increases,
Throughput decreases, while Latency and Panes increase.

While the cost of EO semantics can increase as the acceptable
configuration space grows, we note that it can be kept under control
through a careful choice of that space. In particular, although larger
spaces generally increase the overhead of EO, introducing extra𝑤𝑎

values does not substantially raise the cost when they are all multi-
ples of the smallest advance, because the partitioning of event time
into panes does not change.

Figure 6 illustrates this point on Linear Road. Here we enlarge the
configuration space while choosing𝑤𝑎 values that are all multiples
of the smallest one. As shown,while amodest overhead is still visible
for larger spaces and larger𝑤𝑠 values, the gap between AMO and
EO is much smaller than in the previous experiment, indicating that
a careful selection of the configuration space can help mitigate the
cost of EO semantics.

Comparison with Baseline Solutions
We now turn to the baseline comparison, building directly on the
reconfiguration experiments. For space reasons, we do not report
all epochs, but only the first and the last, which correspond to the
two extreme points of the explored configuration spectrum: the pair
with the smallest𝑤𝑎 and𝑤𝑠 , and the pair with the largest ones. This
lets us compare𝐴∗ against the baselines within each selected epoch
while also showing how the performance metrics shift from the first
to the last (𝑤𝑎,𝑤𝑠) pair.

To focus the comparison on𝐴∗ versus the baselines – rather than
on the trade-offs between TB andWB implementations or between
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Figure 6: Performance impact of different |WA × WS| for
Linear Road.
AMO and EO semantics – we assume that the chosen (𝑤𝑎,𝑤𝑠) pair
is the only acceptable configuration when running𝐴∗. That is, for
𝐴∗, the acceptable configuration space contains only one element,
namely the selected (𝑤𝑎,𝑤𝑠) pair. As in the reconfiguration ex-
periments, epoch duration, warm-up, and cool-down are 360, 160,
and 20 seconds, respectively. Figures 7 and 8 report violin plots for
Throughput, Latency, and CPU only. Each violin summarizes the
full distribution of the observed values, with an overlaid three black
dashed lines marking the first, second, and third quartiles, carrying
the same information as in the increasing-set experiment above. We
omit Panes because Liebre follows the SW execution strategy and
Flink the MW one (see § 2), and neither baseline relies on panes.
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Figure 7: Violin plots of Throughput, Latency, andCPUacross
baselines and𝐴∗ variants for Synthetic.

Figure 7 shows that, for the smallest configuration (𝑤𝑎,𝑤𝑠) =
(1,90), Liebre and the four𝐴∗ variants achieve comparable Through-
put in the few-105 t/s range on average, whereas Flink remains far
lower.Therelativelywideviolins in this case indicate substantial vari-
ability, which is expected: with𝑤𝑎 set to 1 second and 100,000 keys,
outputs areproducedat averyhigh rate,makingoutputgeneration it-
self a significant cost and causing temporary throughput dropswhen
results are emitted. For the largest configuration, (𝑤𝑎,𝑤𝑠)= (20,150),
the same qualitative ranking remains, but Throughput increases
overall and the gap between Flink and the other approaches nar-
rows. Quantitatively, for (1,90), Liebre and the𝐴∗ variants average
between 3×105 and 4×105 t/s, whereas Flink remains around 104 t/s.
For (20,150), Liebre and𝐴∗move into the 106–2×106 t/s range, while
Flink reaches about 2×105 t/s. Liebre remains close to𝐴∗, although
with somewhat larger dispersion. Latency follows the same pattern:
𝐴∗ and Liebre remain comparable, with Liebre slightly higher, while
Flink is noticeably higher, especially for (1,90). CPU utilization stays
close to saturation in all cases, and the spread of CPU values largely
follows the same trend observed for Throughput.
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Figure 8: Violin plots of Throughput, Latency, andCPUacross
baselines and𝐴∗ variants for Linear Road.

Figure 8 highlights a similar overall picture on Linear Road. For
the smallest configuration,𝐴∗ achieves Throughput comparable to
Liebre and clearly higher than Flink, with TB variants slightly above
and less variable thanWBones. Quantitatively, for (1,90), Liebre and
𝐴∗ remain between 4×104 and 5×104 t/s, whereas Flink stays around
7×103 t/s. Whenmoving to the largest configuration, Throughput
increases for all systems; Liebre reaches the highest values,𝐴∗ fol-
lows closely, and Flink narrows the gap while remaining lower. For
(20,150), Liebre reaches around 3×105 t/s,𝐴∗ around 2×105 t/s, and
Flink about 105 t/s. Notably, Flink’s Throughput is of the same order
as in Synthetic, which likely reflects serialization overheads rather
than only workload characteristics.

Latency follows the same qualitative trend as in Synthetic. The
latency of𝐴∗ and Liebre remains around 0.2 seconds, whereas Flink
still exhibits a much wider range, from about 7.3 seconds for the

10



Chill: Runtime Reconfiguration ofWindowed Stream Aggregates with Semantic Guarantees DEBS ’26, June 23–26, 2026, Lisbon, Portugal

smallest pair to about 1.3 seconds for the largest. CPU utilization is
high throughout: for the smallest pair, all approaches operate around
90% ormore, with Flink reaching almost full utilization, while for the
largest pair CPU tends to increase further and shows greater variabil-
ity as the systems process larger amounts of data between outputs.
Evaluation Summary.Overall, Chill delivers robust performance
across diverse window configurations, datasets, and workloads,
maintaining low latency and high efficiency while exhibiting pre-
dictable scaling of resource usage; RC is negligible in all cases, CV
fits our expectations (see Eq. 5 in § 4), and both semantics enable
fast reconfigurations, with AMO favoring performance and EO pre-
serving correctness at a modest, predictable cost. Results also show
consistent effects when enlarging the window configuration space,
indicating an additional trade-off between AMO and EO: AMO con-
tinues to favor performance even when the set of possible (𝑤𝑎,𝑤𝑠)
configurations becomes larger. Finally, although𝐴∗ does not always
outperform every baseline – for example, Liebre on Linear Road for
(𝑤𝑎,𝑤𝑠)= (20,150) – it remains comparable across all scenarios and
can outperform established systems such as Flink.

6 RelatedWork
To the best of our knowledge, Chill is the first stream Aggregate
that allows analysts to define a set of acceptable window configura-
tions and actively switch among them at runtime, while accounting
for both the processing of timestamp-sorted (TB implementation)
and out-of-order (WB implementation) streams and offering both
at-most-once (AMO) and exactly-once (EO) semantics during recon-
figurations. Prior work has explored how to trade relaxed semantics
for cost in streaming, but typically without changing𝑤𝑎 and𝑤𝑠 via
explicit, user-directed reconfiguration across discrete configurations
with epoch guarantees.

A large body of work allows for adjusting per-node computation
costs by shaping where and how computation happens, or by ap-
proximating results. Many of the following techniques can also be
combined (with ours, too):
- Distribution [1]: push operators to multiple nodes to reduce per-
node load; semantics are preserved, and per-node load decreased,
but at the price of added coordination and network costs.

- Parallelization [13]: replicate operators (e.g., key-partitioned)
across cores and nodes to scale up and out, respectively, while
preserving semantics and reducing per-node load, but at the price
of added coordination and network costs.

- Wavelets [8]: compress streams into hierarchical summaries for
sliding windows, enabling fast queries whose approximation de-
gree depends on the transform resolution rather than relaxing on
changing (𝑤𝑎,𝑤𝑠).

- Sketches [18]: maintain compact probabilistic summaries (e.g.,
heavy hitters) with provable error bounds; also orthogonal to a
specific (𝑤𝑎,𝑤𝑠) and usually covering streams in their entirety.

- Sampling [6]: down-sample inputs (random or structure-aware)
to cut processing cost, which lowers load but introduces sampling
error decoupled from explicit (𝑤𝑎,𝑤𝑠) choices.

- Compression [17]: reduce the footprint of operator state via on-
demand compression; preserves semantics but targets memory
pressure rather than runtime changes to𝑤𝑎/𝑤𝑠 .

- Load shedding [21]: drop tuples or entire𝛾s under overload to
preserve latency/QoS; trades completeness for timelinesswithout
reconfiguring window parameters.
Closer in spirit are models where the effective window span

evolves over time:
- Session windows (supported in SPEs such as Flink [9]): win-
dow boundaries are driven by inactivity gaps (merge contiguous
events if inter-arrival time is belowagap).Window length thus de-
pends on characteristics of the input data, not on explicit (𝑤𝑎,𝑤𝑠)
pairs selected at runtime. Analysts set a gap parameter, but do not
switch among multiple (𝑤𝑎,𝑤𝑠) configurations with epoch-level
guarantees.

- Time-decayed/weighted windows: exponential or polynomial
decay assigns a lower weight to older tuples while logically span-
ning the entire stream [7]; the decay factor controls recency em-
phasis, not discrete window advance/size. This approximates ear-
lier contributions rather than selecting and switching among
exact (𝑤𝑎,𝑤𝑠) settings.

Both lines yield outputs that adapt to workload characteristics, but
they do not provide an interface to choose from a predeclared family
of (𝑤𝑎,𝑤𝑠) configurations and to switch among themwith explicit
at-most-once/exactly-once behavior across epochs as in Chill. In
particular, session gaps and decay factors shape window behavior
continuously, whereas Chill reconfigures window parameters dis-
cretely and deterministically, preserving well-defined boundaries
between epochs and accommodating both TB andWB assumptions.

7 Conclusions and FutureWork
Wepresented Chill, the first streamAggregate that, to the best of our
knowledge, supports runtime reconfiguration of window advance
(𝑤𝑎) and size (𝑤𝑠). Chill adopts a pane-based design for efficient state
reuse across configurations and supports two semantics – AMO and
EO, allowing analysts to trade accuracy for performance as needs
evolve.

We introduced algorithms suitable for SPEs that process either
timestamp-ordered or out-of-order streams, specializing only a small
set of semantics- and implementation-dependent methods while en-
suring clean epoch boundaries across reconfigurations (see § 4). We
provided full implementations and an exhaustive evaluation show-
ing that Chill matches fixed-configuration baselines, with negligible
reconfiguration overhead under both AMO and EO, and predictable
convergence under AMO semantics.

Future work includes addressing Chill’s scalability in distributed,
multi-node settings; AI-driven controllers to trigger reconfiguration
and choose (𝑤𝑎,𝑤𝑠) and semantics online based onworkload and re-
source signals; broader families of relaxed policies across transitions;
and extensions to multi-instance deployments (e.g., key-partitioned,
elastic scaling) with end-to-end correctness guarantees.
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A Symbols and Abbreviations
Table 1 collects all the symbols and abbreviations used in the paper.

Table 1: Symbols and abbreviations used in the paper.

𝐴 Generic stream Aggregate
𝐴∗ Our solution, which adopts a pane-based execution

strategy to change its configuration from (𝑤𝑎, 𝑤𝑠 )𝑖 to
(𝑤𝑎,𝑤𝑠 )𝑖+1 ∈WA×WS at runtime

AMO semantics At-most-once semantics
CV Convergence time
𝛿 SPE-specific event time increments
EO semantics Exactly-once semantics
epoch A contiguous interval of event time during which a specific

(𝑤𝑎,𝑤𝑠 ) pair is used by𝐴∗
𝑓𝐾 (𝑡 ) Key extraction function for tuple 𝑡
𝛾 Window instance
𝛾 .𝑙 Left boundary of the𝛾
𝛾 .𝑟 Right boundary of the𝛾
Γ List of (𝑤𝑎,𝑤𝑠 ) combinations inWA×WS
MW Multiple-Window execution strategy
Ω The set of𝛾s of𝑤𝑎and𝑤𝑠to which a tuple 𝑡 .𝜏 =𝜏 contributes
𝑝 Pane instance
𝑝.𝑙 Left boundary of the 𝑝
𝑝.𝑟 Right boundary of the 𝑝
RC Reconfiguration time
𝑆 Stream
SW Single-Window execution strategy
SPE Stream Processing Engine
𝑡 Generic tuple
𝑡𝑖 Generic input tuple
𝑡 .𝜏 Timestamp carried by tuple 𝑡
𝑡 .𝜙 Payload carried by tuple 𝑡
𝜏𝑚𝑎𝑥 Thehighest tuple timestampobservedby𝐴∗ during its execution
𝜏∗ The event-time from which the new epoch starts when a

reconfiguration is triggered
𝑡𝑜 Generic output tuple
TB implementation Timestamp-based implementation
𝑊 Generic watermark
𝑊𝜔
𝐴

Aggregate𝐴’s watermark𝑊 at wall-clock time𝜔
𝑤𝑎 Window advance
WA Set of acceptable𝑤𝑎 values
WB implementation Watermark-based implementation
𝑤𝑠 Window size
WS Set of acceptable𝑤𝑠 values
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