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Abstract
Streaming pipelines process unbounded inputs with low la-
tency. These pipelines need to be reconfigured to react to
changes, such as in input rate and hardware availability.
Existing reconfiguration protocols block channels between
pipeline operators, leading to loss of throughput. Due to the
low pipeline throughput, data received during reconfigura-
tion builds backlog, and experiences high latency because
of queueing delays. After reconfiguration, this backlog of
queued data needs to be processed first, before new data
can be processed. Therefore, new data also experiences high
latency. In this paper, we present a high-throughput recon-
figuration protocol that skips blocking channels and conse-
quently starts providing available throughput immediately.
We have implemented our proposed protocol in a research
prototype Tensile. Our experiments show that since Tensile
starts providing high throughput immediately after recon-
figuration is triggered, it reduces P99 latencies by up to 8.8x
compared to existing reconfiguration protocols.

1 Introduction
Modern stream processing engines need to handle dynamic
and unpredictable workloads. For example, consider a simple
pipeline with two mapper instances followed by a join in-
stance shown in Figure 1(a). To maintain low latency during
a surge in the input rate, we might need to horizontally scale
join. This involves (1) assigning some keys to a new join
instance, (2) migrating the states for these keys from the old
instance to the new one, and (3) updating the routing table
of mappers so that the tuples of migrated keys start going to
the new join instance.
Figure 1(b,c) show the ideal latency and throughput re-

spectively of such a horizontal scaling (using an orange line).
Say at A , the input load increases, shown by an increase
in the dashed black line in Figure 1(c). The pipeline starts
using idle resources and running at a higher throughput,
shown as an increase in the orange line in Figure 1(c). But
this throughput is insufficient for the applied load (orange
line is lower than the dashed black line). Due to this, a back-
log starts building and hence the latency starts increasing
highlighted by B in Figure 1(b). To improve the latency, the
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Figure 1. Latency and throughput during horizontal scaling.
Existing protocols fall short of an ideal reconfiguration as
their throughput drops during reconfiguration.

pipeline monitoring controller (automated or manual) starts
scaling bottleneck operators at the red vertical dashed line
in Figure 1(b,c). An ideal reconfiguration protocol scales up
immediately to its increased capacity (the orange line imme-
diately goes up in Figure 1(c)) and starts clearing the backlog
(the orange line is higher than the load in Figure 1(c)). Once
the backlog is cleared, the latency is quickly recovered at C .
However, existing reconfiguration protocols do not pro-

vide high throughput during such reconfigurations. In fact
the throughput of the system often deteriorates during the
reconfiguration further exacerbating backlog build up and
worsening latency.

Broadly, current reconfiguration protocols fall into two
categories: stop-and-resume and on-the-fly reconfiguration
with channel blocking. Apache Flink [8] exemplifies the for-
mer. It performs reconfigurations by suspending the pipeline
at a consistent checkpoint and restarting it with the new
configuration. During reconfiguration, input processing is
entirely paused, resulting in zero throughput (purple line
goes to zero at D in Figure 1(c)). It takes a long time to finish
a reconfiguration due to state reshuffling between operator
instances [7]. After the pipeline resumes, it has to clear the
large built-up backlog (shown by a large peak in throughput
at E in Figure 1(c)). Finally, it recovers the low latency.
On-the-fly reconfiguration protocols aim to avoid these

complete pauses but still suffer from significant throughput
degradation mainly due to delay caused by state transfer. For
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instance, Chi [19] and others [10, 20] perform reconfigura-
tion in two phases: a marker alignment phase, where control
markers propagate through the pipeline to synchronize oper-
ators and update routing logic, followed by a state migration
phase, where state is transferred between operator instances.
During the state migration phase, new operator instances
remain idle until the transfer is complete. While correctness
is preserved—ensuring that events before and after recon-
figuration are processed by the correct configurations—the
throughput can drop significantly especially if state transfer
time is large. This, in turn, leads to upstream backlog and
increased latency.
Megaphone [15] introduces a fluid migration model that

divides reconfiguration into smaller sub-reconfigurations,
each transferring a subset of the state. While this avoids a
single large throughput drop, it still causes multiple smaller
throughput dips. Because of these throughput dips, backlog
can still build up leading to slow reconfigurations and high
latency. Several other on-the-fly reconfiguration protocols
have been proposed which we discuss in §5.
The common drawback of existing protocols is that the

new operator instances block their processing, waiting to re-
ceive the state, and therefore the pipeline operates at a lower
throughput. This leads to upstream backlog and high latency.
These limitations underscore the need for high-throughput
reconfiguration protocols which are comparable with an
ideal protocol where the pipeline starts running at a high
throughput instantaneously (as was shown by the instanta-
neous rise of orange line in Figure 1(c)).

In this paper, we propose a novel high-throughput recon-
figuration protocol that does not suspend processing during
the state migration phase. Instead, the new operator instance
starts building a local state from scratch. Later when it re-
ceives the state from the old instance, it justmerges this state
with its local state. This design prevents backlog buildup
and mitigates the cascading effects of throughput drops. We
show that our protocol enables pipelines to maintain low
latency and high throughput even with large state transfers.
One of the main challenge is to show that with merging

of states, our reconfiguration protocol is correct. In other
words, the protocol shall provide identical outputs as a stop-
and-resume reconfiguration, given identical inputs. For cor-
rectness, we identify sufficient conditions for state merging
and show that common pipeline operators satisfy these con-
ditions. Under these conditions, we formally prove that our
protocol is correct. The proof uses a key observation that
operators have evolved to do out-of-order processing [18]
i.e., if the operators are given the same input in any order,
they still produce the same output (in some order).

Overall, this paper makes the following contributions:
• We highlight the limitations of existing reconfiguration
protocols, demonstrating that their throughput drops dur-
ing reconfiguration.

• We introduce a novel high-throughput reconfiguration
protocol that, unlike existing reconfiguration protocols,
does not block channels (§2).
• We formally define a state merging condition under which
our proposed protocol is correct. We prove correctness
and show that common operators satisfy the merging con-
dition (§3).
• Our experiments show that Tensile provides significantly
higher throughput during reconfiguration, and therefore
reduces P99 latencies by up to 8.8x compared to existing
reconfiguration protocols (§4).

2 High-Throughput Reconfiguration
Protocol

To provide high throughput during reconfigurations, we
relax the strict coordination and channel blocking imposed
by existing protocols. Our protocol guarantees exactly-once
processing and reconfiguration correctness (see §3).
The protocol proceeds in two distinct phases: (i) a Non-

Blocking Alignment Phase and (ii) a State Migration/Merging
Phase. We first give an overview of these phases and then
illustrate the protocol with an example.
(i) Non-Blocking Alignment Phase: This phase is inspired

by the reconfiguration marker-based alignment in exist-
ing on-the-fly reconfiguration protocols [19], but differs
fundamentally in that it avoids blocking input channels
upon receiving the markers. In other words, all operator in-
stances—including both existing and new instances—continue
processing incoming data and producing output. Since no
alignment-based stalling occurs, this design avoids through-
put degradation and backlog accumulation.

(ii) State Migration/Merging Phase: When an old operator
instance, that is being scaled up, receives reconfiguration
markers from every input channel, it initiates state migration.
In this phase, it migrates states for selected keys to the new
operator instances. Since we did not block the operators, the
new operator instance would have built up its own local
state in the meantime. The new operator instancemerges the
received state with its local state and subsequently outputs
any pending tuples that result from this merging. When
states for all keys are merged, reconfiguration is complete.

We now illustrate the protocol using an example pipeline
in Figure 2 which joins two input streams—Left (L) and
Right (R)—on a common key. For illustration simplicity, we
assume that there are just two keys 𝐴 and 𝐵 and their input
tuples are named 𝐴0, 𝐴1, · · · and 𝐵0, 𝐵1, · · · respectively. The
pipeline has two mappers𝑀1 and𝑀2. For simplicity,𝑀1 pro-
duces input tuples for the L stream and𝑀2 for the R stream.
Join instances maintain L and R tables for the tuples they
have seen thus far. When they receive a new tuple, they join
it with the appropriate table to produce the joined output,
which we represent as 𝐴1𝐴2 for example.
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Figure 2. Illustration of our high-throughput reconfiguration protocol. (a) Controller 𝐶 initiates upscaling by sending
reconfiguration markers to𝑀1 and𝑀2. (b)𝑀1 and𝑀2 update their routing tables and forward reconfiguration markers. (c) Join
instance 𝐽1 continues processing input tuples without waiting for alignment of markers. More importantly, new join instance
𝐽2 continues processing input tuples without waiting for migrated states. (d) After marker alignment, 𝐽1 sends state to 𝐽2. (e) 𝐽2
merges received state with its local state and outputs pending tuples.

Initially, there is one join instance 𝐽1. During reconfigu-
ration, another join instance 𝐽2 is added, and the join state
corresponding to key 𝐵 is migrated from 𝐽1 to 𝐽2. As shown in
Figure 2(a), initially say 𝐽1 has just one tuple 𝐵0 in its R table
and no tuples in its L table. Further, say tuples 𝐴2 and 𝐵1 are
in-flight, shown on𝑀2−𝐽1 and𝑀1−𝐽1 edges respectively.
Step 1: In Figure 2(a), the controller initiates reconfigu-

ration by spawning the new join instance 𝐽2 and sending
reconfiguration markers (blue squares) to mappers 𝑀1 and
𝑀2. These markers carry reconfiguration information: key 𝐵
will migrate to 𝐽2.

Step 2: In Figure 2(b), upon receiving the marker, both
mappers update their routing tables and propagate themarker
to both downstream join instances 𝐽1 and 𝐽2. From this point
on, tuples with key 𝐵 (e.g., 𝐵2 and 𝐵3) are sent to 𝐽2, while
tuples with key 𝐴 (e.g., 𝐴1) continue to be sent to 𝐽1. From
the point of view of𝑀1 and𝑀2, reconfiguration is complete.
Step 3:When a join instance receives a marker, it enters

the non-blocking alignment phase. In Figure 2(c), even though
𝐽1 has not received the marker from𝑀2, it continues process-
ing 𝐴1 from 𝑀1 and outputs 𝐴1𝐴2 (shown in a green box).
More importantly, 𝐽2 also does not block waiting to receive
the 𝐵 key state from 𝐽1. Instead, 𝐽2 immediately starts process-
ing incoming tuples and outputs 𝐵3𝐵2. This non-blocking
behavior is the primary reason why the proposed protocol
provides high throughput during reconfiguration.
Step 4:When 𝐽1 receives reconfiguration markers on all

its input channels (Figure 2(d)), the non-blocking alignment
phase is complete. 𝐽1 then starts the state migration/merging
phase. The state associated with key 𝐵 from L and R tables
is migrated from 𝐽1 to 𝐽2 (denoted by the red arrow). From
the point of view of 𝐽1, reconfiguration is complete.
Step 5: Upon receiving the migrated state in Figure 2(e),

𝐽2 starts the state migration/merging phase. 𝐽2 merges the
received state with its local state and emits pending joined
tuples. As shown in Figure 3, for continuous joins, if the

migrated state is (𝐿1, 𝑅1) and the local state is (𝐿2, 𝑅2), the
final join state becomes 𝐿 = 𝐿1 ∪ 𝐿2 and 𝑅 = 𝑅1 ∪ 𝑅2. The
corresponding pending join results are: (𝐿1 ⊲⊳ 𝑅2) ∪ (𝐿2 ⊲⊳
𝑅1). In this example, two joined tuples 𝐵3𝐵0 and 𝐵1𝐵2 are
produced by 𝐽2. At this point, reconfiguration is complete.
Both 𝐽1 and 𝐽2 continue normal operation on disjoint keys.

This example illustrates that the protocol avoids blocking
input channels during both the alignment and migration
phases, ensuring high throughput. Processing of tuples is
only briefly blocked during state merging by the new in-
stance; merging is CPU-bound and is therefore typically
much faster than the network-bound state migration.

It can also be seen that the protocol provides exactly-once
processing. For example, for the overall L inputs of𝐴1, 𝐵1, 𝐵3
and R inputs of 𝐴2, 𝐵0, 𝐵2, the protocol correctly outputs
(green boxes left to right in Figure 2) 𝐵1𝐵0; 𝐴1𝐴2; 𝐵3𝐵2; 𝐵3𝐵0
and 𝐵1𝐵2. Moreover, the outputs are produced on the correct
output channels: (1)𝐴 outputs are always produced by 𝐽1; (2)
𝐵 outputs for inputs before the reconfiguration are produced
by 𝐽1 (𝐵1𝐵0); (3) other 𝐵 outputs are produced by 𝐽2.

2.1 Continuous Joins
In §3, we will formally argue that the protocol always pro-
duces outputs that are consistent with a stop-and-resume
reconfiguration. But first, we revisit the reconfiguration in
Figure 2. Since keys are independent, it suffices to examine
a single key that is being migrated from one instance to an-
other. For a single migrated key, we observe how the state
evolves and how the output tuples are produced by both the
instances. Examining a single key independently will help in
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Figure 3.Merging states (∪) and outputting pending rows
(Z) in Tensile for a join operator.
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Figure 4. Comparing existing protocols with our proposed
protocol for migrating a key in continuous joins. (a) In the
existing protocols, new instance 𝐽2 remains blocked until
the state is received. (b) In the proposed protocol, 𝐽2 does
not block. It merges states to reach identical states (𝐿 and 𝑅
tables) as in (a). Output tuples shown in green boxes are also
identical in (a) and (b), produced in different orders.

presenting other operators as well as in developing a formal
correctness proof.

Figure 4(a) shows how existing protocols migrate a single
key 𝐵 from 𝐽1 to 𝐽2 for a continuous join. It shows how
states evolves (L and R tables) and outputs are produced
(green boxes) for the two instances 𝐽1 and 𝐽2 with processing
advancing from bottom to top. Each input tuple arrives either
on the L stream or on the R stream (orange boxes shown on
the left or right of each arrow). When an instance handles an
input tuple, it might modify the state and output new tuples.
For example, when 𝐽1 handles the input tuple 𝐵1 on the L
stream, it outputs 𝐵1𝐵0 and adds 𝐵1 to its L table.
The old instance 𝐽1 transfers the state (shown by the red

arrow in the Figure) when the alignment phase completes,
i.e., when it has received reconfiguration markers from all
its input channels. However in the existing protocols, new
instances remain blocked until they receive the state from old
instances. For example as shown in Figure 4(a), 𝐽2 does not
start processing input tuples until statemigration is complete.
As already discussed, this blocking of new instances loses
available capacity and builds backlog.

In contrast in our proposed protocol shown in Figure 4(b),
𝐽2 starts from an empty state, processes tuples 𝐵2 and 𝐵3,
and then merges the incoming state with its current state to
produce pending outputs 𝐵3𝐵0 and 𝐵1𝐵2 (recall Figure 3). It
can be readily seen that 𝐽2 reaches the same final state (tuples
in L and R tables) in both reconfiguration protocols. Further,
both 𝐽1 and 𝐽2 produce exactly the same output tuples, albeit
in a different order, as in Figure 4(a).
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Figure 5. Reconfiguring a window sum operator. (a) Block-
ing reconfiguration with ideal watermarks. (b) Blocking
reconfiguration with refinements for late data. (c) Non-
blocking reconfiguration with refinements. (d) Non-blocking
reconfiguration that delays watermarks.

2.2 Window Operators
Next, we illustrate the correct non-blocking reconfiguration
of window operators. Here, we need to pay careful attention
to the interaction between watermarks and reconfiguration.
An ideal watermark guarantees that a tuple older than the
watermarkwill not be received. Awindow operator produces
the output for a window upon receiving a watermark later
than the window’s end time.

In deployments with arbitrarily delayed data, watermarks
may not be ideal i.e., they may not guarantee that a tuple
older than the watermark will not be received [2, 3]. Upon
receiving such late tuples, pipelines may either discard them
or refine earlier results.

Consider a slidingwindow sumoperator instance𝐶1 which
currently contains the sums for windows 10–14 and 11–15.
Upon receiving a tuple with t=12, 𝐶1 updates the sums for
both the windows. Now say a reconfiguration is triggered
to migrate windows with odd closing-time i.e., keep 10–14
but migrate 11–15 from 𝐶1 to a new instance 𝐶2. After this
reconfiguration is triggered, the upstream operator updates
its routing table (recall Figure 2(b)). A new tuple with say
t=13 will be routed to both 𝐶1 and 𝐶2 since it is in both win-
dows 10–14 managed by 𝐶1 and 11–15 managed by 𝐶2. 𝐶1
can normally output the sum of 10–14 since it will receive
all the tuples for this window.
We now discuss how the migrated window 11–15 gets

processed. For brevity, we skip mentioning tuple timestamps
arriving in the window, from the rest of this discussion. Fig-
ure 5(a) shows a blocking reconfiguration where 𝐶2 remains
blocked until it receives state from 𝐶1. Because of this block-
ing, 𝐶2 does not process any input tuples or watermarks.
After 𝐶2 receives the state, it first processes tuple 2 and then
the watermark (denoted by𝑊 ) that closes the window. In
this simple example, 𝐶2 outputs 5 as the window sum.

Figure 5(b) shows the same setup but now the watermark
is not ideal. Here, 𝐶2 is again blocked until it receives the
state. But now 𝐶2 first receives a watermark followed by the
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late tuple 2. At watermark, 𝐶2 outputs 3. At the late input
tuple, 𝐶2 refines its old results by retracting 3 (shown as −3)
and outputting 5.1

In contrast, our proposed protocol allows 𝐶2 to begin pro-
cessing input tuples and watermarks without waiting for the
corresponding state. This requires watermarks to be handled
carefully. If watermarks were not ideal and if the pipeline
expects refinements, no special handling of watermarks is
needed. Figure 5(c) illustrates this. Here, 𝐶2 starts from the
initial state (sum of zero), processes an input tuple 2, followed
by processing the watermark where it outputs 2. Later when
it receives the state from 𝐶1, it merges the received state
with its local state by adding them together to 5. Further, it
refines the results by retracting 2 and outputting 5.

If watermarks were ideal or if the pipeline did not expect
refinements, we cannot allow 𝐶2 to process watermarks be-
fore receiving the state. For example in Figure 5(c), 𝐶2 will
produce an erroneous output of 2 if it was not refined later.
Figure 5(d) illustrates how our protocol handles this scenario.
Here, 𝐶2 again starts from the initial state and processes
input tuples. But here the protocol delays processing water-
marks until receiving and merging the state. We can observe
that the final state and the output produced in Figure 5(d) is
consistent with Figure 5(a).
In general, delaying watermark processing until merge,

as in Figure 5(d), is sufficient for both ideal and non-ideal
watermarks. Therefore, we will not discuss late data and
refinements in the rest of the paper.
Summary: The key modification in the proposed recon-

figuration protocol is to allow instances to start processing
input tuples even before they have received the state. Doing
so improves the throughput during reconfiguration and re-
duces backlog. When the instance eventually receives the
state, it merges the received state with its local state using an
operator-specific operation, e.g., addition for window sum.
Additionally, the instance also produces pending output tu-
ples using the two states, like joining tables in joins. For
correctness, watermark processing is delayed till merge.

The next section formalizes the correctness requirements
for the merge operation and for producing pending outputs
from the local and received state. Common operators satisfy
these requirements.

3 Protocol Correctness
Streaming pipelines and their operators have evolved to
do out-of-order processing [3, 18] since input tuples do not
arrive ordered by their event timestamps due to differing
network latencies of data sources, e.g., different sensors. In
other words, if streaming pipelines are given the same input
tuples in any order, they produce the same output tuples (in
some order). Because of this, we can represent both input

1This illustrates accumulating and retracting refinement. Other refinements
like accumulating or discarding were also possible [3].

Table 1. Table of notations to describe reconfiguration of an
abstract out-of-order processing operator.
Notation Description
S Set of states that the operator can have for each

key.
In, Out Set of input and output tuples.
𝑠𝑡𝑘 ∈ S, 𝑡𝑘 ∈ In State and input tuple for key 𝑘 .
S𝑖𝑑 ∈ S Inital per-key state of the operator.
: (S, In) → S Operation to update the state when an input

tuple is received.
◦ : (S, In) → P(Out) Operation to output a set of tuples when an

input tuple is received. P(Out) represents a
power set of Out.

♦ : S→ P(Out) Operation to output a set of tuples when a wa-
termark is received.

⊕ : (S, S) → S Operation to merge received and local states.
⊙ : (S, S) → P(Out) Operation to output a set of pending tuples

from received and local states.

and output tuples as sets.2 In other words, under out-of-order
processing semantics, the same set of input tuples lead to the
same set of output tuples.

A reconfiguration is output consistent if it produces exactly
the same set of output tuples as the stop-and-resume recon-
figuration, given the same set of input tuples. Because of
the semantics of out-of-order processing, the output tuples
can be produced in a different order. Note that this defini-
tion implies exactly-once processing since stop-and-resume
reconfiguration guarantees exactly-once processing.

A reconfiguration is watermark consistent if it necessarily
outputs a tuple 𝑡 before a watermark𝑤 whenever the stop-
and-resume reconfiguration outputs 𝑡 before𝑤 . Watermark
consistency holds trivially for our proposed protocol since
the protocol delays the processing of watermarks, whereas
the input tuples are processed as they arrive. Further, wa-
termarks are output only after all states are merged and
pending output tuples are sent (as in Figure 5(d)). Therefore,
we restrict our attention to proving output consistency.

The proposed protocol requires operators to specify: (1)
a merge operation that merges received state with the local
state and (2) a pending operation that produces pending out-
put tuples by combining the received state with the local
state. To show output consistency, wemodel all executions of
an out-of-order operator as paths on a semi-lattice. We show
that our proposed protocol eventually reaches identical lat-
tice element as stop-and-resume reconfiguration, whenever
the merge and pending operations bring the merged lattice
element to the lowest-upper bound element in the lattice.

3.1 An Abstract Stateful Operator
We prove output consistency using an “abstract” operator.
Table 1 summarizes the notations.

Say S represents the set of states that an abstract operator
can keep for each key, and In andOut represent sets of input
and output tuples. Abstractly, each out-of-order processing
stateful operator implements three functions [18].
2To keep two tuples with the same data in a set (such as inputs to distinct),
we assume that each tuple has some unique metadata like a tuple ID.

5



EuroSys ’27, April 19–23, 2027, Rabat, Morocco Satyam Jay, Geetansh Juneja, Abhilash Jindal, Vatsal Jingar, and Kumar Madhukar

Algorithm 1 Out-of-order processing by an abstract stateful
operator.

function init(𝑝𝑎𝑟 )
for 𝑘 ∈ 𝑝𝑎𝑟 (𝑖𝑑) do

𝑠𝑡𝑘 ← S𝑖𝑑
function tuple_recv(𝑡𝑘 )

output 𝑠𝑡𝑘 ◦ 𝑡𝑘
𝑠𝑡𝑘 ← 𝑠𝑡𝑘 𝑡𝑘

function wm_recv(𝑤𝑚)
for Expiry(𝑘) ≤ 𝑤𝑚 do

output ♦𝑠𝑡𝑘
broadcast𝑤𝑚

function INIT. Operator instances initialize their per-key
state 𝑠𝑡𝑘 to an initial value S𝑖𝑑 ∈ S, for all the keys 𝑘 in the
key partition assigned to the instance.

function TUPLE_RECV. Upon receiving input tuple 𝑡𝑘 with
key𝑘 , the operator outputs tuples using its state and the input
tuple (output 𝑠𝑡𝑘 ◦ 𝑡𝑘 ) via an abstract operation ◦ : (S, In) →
P(Out), where P(Out) represent the power set of Out. The
operator also uses 𝑡𝑘 to update its state (𝑠𝑡𝑘 ← 𝑠𝑡𝑘 𝑡𝑘 ) via
another abstract operation : (S, In) → S.

functionWM_RECV. Upon receiving awatermark𝑤𝑚, win-
dow operators close windows, whose time is less than𝑤𝑚,
and produce output tuples computed using an abstract oper-
ation ♦ : S→ P(Out), applied on the expired window state.
Operators then forward𝑤𝑚.
For example, consider the following implementation for

a continuous join operator that joins left and right tuples,
represented as 𝑙𝑘 and 𝑟𝑘 , and maintains left and right tables,
represented as 𝐿𝑘 and 𝑅𝑘 , for key 𝑘 .
• S𝑖𝑑 = ({}, {}); Initialize two empty tables.
• 𝑠𝑡𝑘 ◦ 𝑡𝑘 = 𝐿𝑘 ⊲⊳ 𝑟𝑘 or 𝑙𝑘 ⊲⊳ 𝑅𝑘 ; Join the tuple with the
appropriate table and output.
• 𝑠𝑡𝑘 𝑡𝑘 = 𝐿𝑘 ∪ {𝑙𝑘 } or 𝑅𝑘 ∪ {𝑟𝑘 }; Add the tuple in the
appropriate table.
• ♦𝑠𝑡𝑘 = {}; Just forward the watermark.
As another example, consider the window sum opera-

tor that maintains a sum of tuples within a window, im-
plemented as follows. Here the key 𝑘 uniquely identifies a
window. This operator outputs the window sum when the
window is closed.
• S𝑖𝑑 = 0; Initialize the sum with 0.
• 𝑠𝑡𝑘 ◦ 𝑡𝑘 = {}; Do not produce any output when an input
tuple is received.
• 𝑠𝑡𝑘 𝑡𝑘 = 𝑠𝑡𝑘 + 𝑡𝑘 ; Update the sum.
• ♦𝑠𝑡𝑘 = {𝑠𝑡𝑘 }; Emit the sum when the window closes.

3.2 Out-of-Order Processing as a Semi-lattice
Since processing of tuples with one key does not affect pro-
cessing of tuples with other keys, we can analyze operations
on a single key in isolation, as we did in Section 2. For any
given key, we would like to represent out-of-order executions
of an abstract operator as paths on a monotonic upper semi-
lattice with a bottom element.

An upper semi-lattice with a bottom element (S,≤,⊔,⊥)
has elements from S with a partial order ≤. The bottom

{}
S𝑖𝑑
{}

bottom(⊥)

S𝑖𝑑 ◦ 𝑡1
S𝑖𝑑 𝑡1
{𝑡1 } 𝑡1
left

S𝑖𝑑 ◦ 𝑡2
S𝑖𝑑 𝑡2
{𝑡2 }𝑡2
right

S𝑖𝑑 ◦ 𝑡1 ∪ (S𝑖𝑑 𝑡1 ) ◦ 𝑡2
S𝑖𝑑 𝑡1 𝑡2
{𝑡1, 𝑡2 }

𝑡2 𝑡1top

Figure 6. Each lattice element contains a set of input tuples
(shown in orange boxes inside the element), a state, and
a set of output tuples (shown in green boxes). When an
operator processes an input tuple, it moves to a higher lattice
element (shown as each arrow marked with an input tuple).
Since processing input tuples in a different order leads to the
same state and the same set of output tuples, out-of-order
processing of tuples can be seen as different paths on this
semi-lattice. For example, processing 𝑡1 before 𝑡2 or 𝑡2 before
𝑡1 leads to the same top lattice element.

element ⊥ is less than all other elements ∀𝑠 ∈ S : ⊥ ≤ 𝑠 .
Any two elements {𝑠1, 𝑠2} ∈ S have a unique lowest-upper
bound i.e., 𝑠 = 𝑠1 ⊔ 𝑠2 ∈ S such that 𝑠1 ≤ 𝑠 , 𝑠2 ≤ 𝑠 , and ∀𝑠′ ∈
S, (𝑠1 ≤ 𝑠′∧𝑠2 ≤ 𝑠′) ⇒ 𝑠 ≤ 𝑠′. ⊔ is idempotent, commutative,
and associative. Monotonic upper semi-lattice with a bottom
element (S,≤,⊔,⊥, 𝑓 ) additionally has a function 𝑓 : S→ S
such that ∀𝑠 ∈ S : 𝑠 ≤ 𝑓 (𝑠).

For any given key, it is possible to represent out-of-order
executions of an abstract operator as paths on a monotonic
upper semi-lattice with a bottom element with elements
from S : (P(In), S,P(Out)) representing set of input tuples,
state, and set of output tuples respectively. For example,
Figure 6 shows the semi-lattice when an abstract operator
(Algorithm 1) processes two input tuples 𝑡1 and 𝑡2. As shown,
each lattice element has a set of input tuples (shown in orange
boxes inside the element), a state, and a set of output tuples
(shown in green boxes).3

The bottom element represents the beginning of the ex-
ecution: no input and output tuples, initial operator state
i.e., ⊥ = ({}, S𝑖𝑑 , {}) as shown in Figure 6. Each edge of the
semi-lattice represents a processing step for a new input
tuple: the new tuple becomes part of the input tuples, state is
updated, and some output tuples are generated. This step can
be thought of as an application of the monotonic function
𝑓 of the semi-lattice. For example in Figure 6, each edge on
the lattice is marked with an input tuple (𝑡1 or 𝑡2). When 𝑡1
is processed from the bottom element (edge to left element),
the set of input tuples is updated to {𝑡1}, state is updated
to S𝑖𝑑 𝑡1, and the set of output tuples is updated to S𝑖𝑑 ◦ 𝑡1
(Algorithm 1).

Since processing a tuple is the monotonic function for
the lattice, the ≤ ordering on this lattice can be defined as:

3This representation differs from the figures in Section 2. Here, the input
tuples are also part of the lattice element, along with all output tuples
generated so far.

6



TENSILE: High-Throughput Reconfiguration of Streaming Pipelines EuroSys ’27, April 19–23, 2027, Rabat, Morocco

(𝐼1, 𝑆1,𝑂1) ≤ (𝐼2, 𝑆2,𝑂2) iff 𝐼1 ⊆ 𝐼2. In other words, opera-
tors move higher in the lattice as they process more input
tuples. For example, in Figure 6, processing 𝑡1 moves the
operator from the bottom element to a higher left element.
The semi-lattice can be infinite, such as for continuous joins
and distinct, or finite, such as for window operators.

We are able to represent state and output tuples within a
common semi-lattice because all out-of-order executions are
equivalent. Two different runs seeing identical input tuples
out-of-order should produce identical output tuples (maybe
out-of-order) and come to identical states [18]. Figure 6
shows out-of-order processing of tuples 𝑡1 and 𝑡2 leading
to identical states and identical outputs (top lattice element).
In other words, for a given set of input tuples, there is a

unique lattice element. Therefore, the lowest upper bound ⊔
of this semi-lattice can be given as: (𝐼 , 𝑆,𝑂) = (𝐼1, 𝑆1,𝑂1) ⊔
(𝐼2, 𝑆2,𝑂2) where 𝐼 = 𝐼1 ∪ 𝐼2, 𝑆 is the state reached and 𝑂 is
the set of output tuples after processing all the input tuples
in 𝐼 . For example in Figure 6, the top element is the lowest-
upper bound for the left and the right elements because
{𝑡1, 𝑡2} = {𝑡1} ∪ {𝑡2}.

3.3 Conditions for Correct Reconfiguration
For our proposed reconfiguration protocol, the operator
needs to specify two abstract operations: (1) that merges
the received state with the local state, ⊕ : (S, S) → S, and
(2) that produces pending output tuples by combining the
received state with the local state, ⊙ : (S, S) → P(Out). We
claim that our proposed reconfiguration protocol is output
consistent if:

1. merging states 𝑆1 and 𝑆2 via ⊕ gives exactly the state 𝑆
as in the lowest-upper bound of two lattice elements, i.e.,
(𝐼 , 𝑆,𝑂) = (𝐼1, 𝑆1,𝑂1) ⊔ (𝐼2, 𝑆2,𝑂2) where 𝐼1 ∪ 𝐼2 = 𝐼 , 𝑆1 ⊕
𝑆2 = 𝑆 , and

2. pending outputs obtained from 𝑆1 and 𝑆2 via ⊙ gives ex-
actly the remaining outputs (𝑂 \ (𝑂1 ∪𝑂2)) in the lowest-
upper bound, i.e., 𝑆1 ⊙ 𝑆2 =𝑂 \ (𝑂1 ∪𝑂2).

Figure 7(a) shows the same example of join discussed in
§2 as a semi-lattice. Recall from Figure 4(b), the instance
𝐽1 received tuples 𝐵1 and 𝐵0. Therefore, 𝐽1 is at the lattice
element 𝑗1 in Figure 7(a) with 𝐵1 and 𝐵0 in L and R tables
and having output a 𝐵1𝐵0 tuple. Similarly, instance 𝐽2 is
at the lattice element 𝑗2, before it receives the state from
𝐽1. The lowest-upper bound of 𝑗1 and 𝑗2 is shown as 𝑗3 i.e.,
(𝐼 , 𝑆,𝑂) = (𝐼1, 𝑆1,𝑂1) ⊔ (𝐼2, 𝑆2,𝑂2). In 𝑗3, all the input tuples
from both 𝑗1 and 𝑗2 have been received (𝐼 = 𝐼1 ∪ 𝐼2), state 𝑆
contains all these inputs in L and R tables, and join outputs
𝑂 are produced (shown in the green box). As was shown in
Figure 3, the merge operation ⊕ unions L and R tables from
two states and the pending operation ⊙ does a join between
the two states. It can be seen that (refer Figure 3), ⊕ gives
exactly the state in 𝑗3, i.e., 𝑆1 ⊕ 𝑆2 = (𝐿1 ∪ 𝐿2, 𝑅1 ∪ 𝑅2) =

𝑂1 : {𝐵1𝐵0 }
𝐿1
𝐵1

𝑆1 : 𝑅1
𝐵0

𝐼1 : {𝐵1, 𝐵0 }

𝑗1

𝑂2 : {𝐵3𝐵2 }
𝐿2
𝐵3

𝑆2 : 𝑅2
𝐵2

𝐼2 : {𝐵3, 𝐵2 }

𝑗2

𝑂 : {𝐵3𝐵0, 𝐵1𝐵2, 𝐵3𝐵2, 𝐵1𝐵0 }
L
𝐵1
𝐵3

𝑆 :
R
𝐵0
𝐵2

𝐼 : {𝐵3, 𝐵2, 𝐵1, 𝐵0 }

𝑗3

(a) Join

𝑂1 : {}
𝑆1 : 3

𝐼1 : {2, 1}
𝑤1

𝑂2 : {}
𝑆2 : 2
𝐼2 : {2̂}
𝑤2

𝑂 : {}
𝑆 : 5

𝐼 : {2, 1, 2̂}
𝑤3

(b)Window sum
Figure 7. Revisiting join and window sum reconfiguration
examples from §2. After merging received state (at 𝑗1 and
𝑤1) with local state (at 𝑗2 and 𝑤2) and outputting pending
tuples, we reach the lowest-upper bound lattice element ( 𝑗3
and 𝑤3). Whenever we can define such a merge operation
that reaches the lowest upper bound, the proposed reconfig-
uration protocol provides output consistency.

{}
S𝑖𝑑
{}
⊥

Out′

𝑠𝑡 ′

In′

𝑠1
In′

Out𝑏
𝑠𝑡𝑏
In𝑏
𝑠2

In𝑏

𝑠𝑡1 ⊙ 𝑠𝑡2 ∪Out′ ∪Out𝑏
𝑠𝑡 ′ ⊕ 𝑠𝑡𝑏
In′ ∪ In𝑏

𝑠3 merge

Out𝑎𝑏 ∪Out′
𝑠𝑡

In′ ∪ In𝑏 ∪ In𝑎
𝑠4

In𝑏 ∪ In𝑎

In𝑎

Stop-and-resume
Proposed protocol
Instance𝑊1
Instance𝑊2
Migrate state

Figure 8. Output consistency: stop-and-resume reconfigu-
ration protocol and the proposed protocol output identical
tuples and reach identical states (see lattice element 𝑠4).

(𝐿, 𝑅) = 𝑆 . And ⊙ gives exactly pending outputs (𝐵3𝐵0, 𝐵1𝐵2)
in 𝑗3, i.e., 𝑆1 ⊙ 𝑆2 = (𝐿1 ⊲⊳ 𝑅2 ∪ 𝐿2 ⊲⊳ 𝑅1) =𝑂 \ (𝑂1 ∪𝑂2).

Figure 7(b) shows the window sum example from §2.2.

3.4 Proof of Correctness
We can break all the input tuples for a single key into three
disjoint sets: In = In′ ∪ In𝑏 ∪ In𝑎 where In′: input tuples
received before reconfiguration, In𝑏 : input tuples received
after reconfiguration but beforemerging states, and In𝑎 : input
tuples received after reconfiguration and aftermerging states.
Sets In′ and In𝑏 are finite; In𝑎 can be infinite. Say In′ are
received on an instance𝑊1 and In𝑏 ∪ In𝑎 are received on an
instance𝑊2.
Stop-and-resume reconfiguration (follow dotted arrows

in Figure 8) starts at the ⊥ lattice element.𝑊1 first consumes
all the before-reconfiguration tuples In′ to come to a state,
say 𝑠𝑡 ′, and produces output tuples, say Out′, reaching a
lattice element, say 𝑠1. Then the state is transferred to𝑊2 (not
shown in the lattice).𝑊2 consumes the after-reconfiguration
input tuples In𝑏 ∪ In𝑎 producing output tuples, say Out𝑎𝑏 ,
to reach lattice element, say 𝑠4.
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Under the proposed reconfiguration protocol (follow solid
arrows in Figure 8), instance𝑊1 processes all the before-
reconfiguration tuples In′ to come to the same lattice element
𝑠1 as stop-and-resume, i.e, it outputs Out′ and has state 𝑠𝑡 ′.
Then it transfers the state 𝑠𝑡 ′ to𝑊2 (shown with a broad
red arrow). In the meantime, instance𝑊2 processes In𝑏 to
produce outputs 𝑂𝑢𝑡𝑏 and comes to state 𝑠𝑡𝑏 , reaching the
lattice element 𝑠2. Upon receiving the state 𝑠𝑡 ′, it merges 𝑠𝑡𝑏
with it to reach a lattice element 𝑠3. Finally, it can consume
In𝑎 to reach the same lattice element 𝑠4 as stop-and-resume,
i.e., having identical state and having outputted identical
output tuples (maybe in a different order).
Note that each output tuple is produced by the correct

worker:𝑊1 outputs 𝑂𝑢𝑡 ′;𝑊2 outputs all the rest. The even-
tual equivalence of states and output tuples at the lattice
element 𝑠4 relies on two facts: (1) there is a unique lattice
element for each set of input tuples and (2) 𝑠𝑡3 = 𝑠𝑡 ′ ⊕ 𝑠𝑡𝑏
and 𝑂3 = 𝑠𝑡 ′ ⊙ 𝑠𝑡𝑏 ∪ 𝑂𝑢𝑡 ′ ∪ 𝑂𝑢𝑡𝑏 gives the lowest upper
bound, i.e., 𝑠3 = 𝑠1 ⊔ 𝑠2. This is because of the requirement
in §3.3: (𝐼 , 𝑆,𝑂) = (𝐼1, 𝑆1,𝑂1) ⊔ (𝐼2, 𝑆2,𝑂2) where 𝐼 = 𝐼1 ∪ 𝐼2,
𝑆 = 𝑆1 ⊕ 𝑆2, and 𝑆1 ⊙ 𝑆2 = 𝑂 \ {𝑂1 ∪ 𝑂2}. The eventual
equivalence of states and output tuples at the lattice element
𝑠4 proves output consistency.

Due to page limit, we show the pseudocode for Tensile
in Appendix B. In Appendix, we also show that both merge
and pending operations can be easily defined for common
operators Therefore, Tensile can support high-throughput
reconfiguration for common pipelines, such as all of the
NEXMark benchmark queries [5].
4 Evaluation
The primary objective of our proposed reconfiguration pro-
tocol is to achieve high-throughput during reconfigurations,
thereby causing less impact on latency. For brevity, we call
our proposed reconfiguration protocol as Tensile. We eval-
uate the following research questions:
• Is Tensile effective in providing high-throughput, when
compared to existing reconfiguration protocols? (§4.2)
• What is the impact of high-throughput reconfiguration on
aggregate latency and backlog in the system? (§4.3)
• Does maintaining local state in Tensile, before merging,
add substantial memory overheads?How does themerging
time compare against the state transfer time? (§4.4)
• During reconfiguration, is Tensile effective in utilizing
CPU, memory, and network resources, compared to exist-
ing protocols? (§4.5)

4.1 Experimental Setup
Baselines:We compare Tensile against two state-of-the-art
on-the-fly reconfiguration protocols: all-at-once reconfigu-
ration [19, 20] and fluid reconfiguration [15].
Software: We implement Tensile in Flink. However, due
to Flink being written in Java, we found that its resource
utilizations are noisy. Flink’s implementation of baselines

Table 2. We benchmark Tensile using five NEXMark
queries. For each query, we increase the input load by 3x,
which is an unsustainable load for the original configuration.
The reconfiguration scales up highlighted bottleneck opera-
tor by 3x more instances.
Query Operator Graph Scaling Load (M/s)
Q3 Source→ Join 1→ 4 0.43→ 1.72
Q5 Source→WinAggr→ Aggr 2→ 8 1.7→ 6.8
Q6 Source→ Join→ Aggr 1→ 4 1→ 4
Q7 Source→WinAggr→ Aggr 2→ 8 1.38→ 5.52
Q8 Source→WinJoin 2→ 8 0.88→ 3.52

was less flexible: they do not support upscaling by more than
1 operator instance, and does not support downscaling and
migration. In this section, we use a 12k lines of Rust imple-
mentation instead. The Rust implementation is similar to
other SPEs [7]. Key groups serve as the atomic units for redis-
tributing keyed state across stateful operators’ instances. We
set the batch size to 128 for fluid reconfigurations. In Appen-
dix C, we report Flink results, effectiveness for other types
of reconfigurations, like migration and downscaling, and
migration size sensitivity analysis for fluid reconfigurations.
Hardware: We perform our evaluation on a cluster of four
machines and a separate dedicatedmachine for the controller.
Each machine has an Intel i9 CPU with 8 cores, 32 GiB of
RAM and is running Ubuntu 24.04. The machines are inter-
connected over a 1 Gbps Ethernet network and synchronized
via a common NTP server, with network RTT around 1 ms.
For our evaluations, we spawn up to 8 Tensile workers on
each of the four machines.
Workload: To evaluate our proposed protocol, we employ
five queries from the NEXMark benchmark suite [29]: Q3, Q5,
Q6, Q7 and Q8. We exclude Q1 and Q2 as they are stateless
and therefore do not exercise the proposed stateful reconfigu-
ration protocol. Q4 is omitted since it is a batch, not a stream-
ing query. We generate NEXMark events using a generator.
This setup is similar to other evaluations [10, 15, 17, 23]. We
use 16 sources for all the queries, with 4 sources on each of
the 4 machines. Operator graph for each query is shown in
Table 2 with the operator that is being scaled up highlighted.
Reconfiguration: Each experiment runs for a total duration
of 200 seconds and comprises of four distinct phases: (1) a
100-second warm-up phase to establish a steady state under
a sustainable input rate; (2) a 3x increase in the load at the
100-second mark, exceeding the processing capacity of the
currently allocated operator instances, as shown in Table 2;
(3) a reconfiguration phase in which the bottleneck operator
(highlighted in Table 2) is scaled up by 3x, initiated within 5
seconds of the load increase; and (4) a post-scaling stabiliza-
tion phase to observe system behavior after reconfiguration.
For each query, we start with either one or two instances
of the bottleneck operator4 on one machine and scale up by
4For Q3 and Q6, we start with 1 join instance. If we started with 2 join
instances, source operators became bottleneck before the join instances
when the input rate is increased by 3x. Note that filters are pushed down
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3x to the other three machines. In all our queries since we
are scaling the operators by 3x, it results in 768, out of 1024
total, key group transfers. This evaluation approach differs
from previous evaluations in that the increase in input load
is unsustainable for the starting configuration.
Measuring latency: For each experiment, we measure the
latency using the technique described in [17]. In more de-
tail, source operators inject current system timestamp in
every tuple. And each downstream operator assigns to its
output the maximum timestamp among all input tuples that
contributed to producing it. At sink, we periodically sample
end-to-end instantaneous latency by subtracting the system
timestamp with the tuple timestamp. When the job finally
finishes we also aggregate all the latencies measured during
the run, to report latency percentiles of the job.
Measuring throughput: System throughput can be mea-
sured by just observing the source’s throughput at each
instant [17]. However, this approach fails to provide instan-
taneous throughput estimation under temporary backlog.
For example, say if a downstream operator was blocked, the
upstream source could still push tuples to its buffer giving
a false measurement of system’s instantaneous processing
capacity. To prevent this, we use the following technique–
we instrument the sources to periodically emit throughput
markers after generating a fixed number of tuples (a micro-
batch). These markers propagate through the dataflow graph
alongside normal data tuples. Upon receiving a through-
put marker at the sink, we can infer that the corresponding
microbatch has been fully processed. For the throughput
markers received in a one-second window, we sum the num-
ber of tuples in their microbatches to get the instantaneous
throughput. Now if some operator is blocked, the throughput
markers will also get blocked, and we will correctly observe
a lower instantaneous throughput.
4.2 Reconfiguration Performance
Figure 9 shows instantaneous latency (top) and throughput
(bottom) of the system while reconfiguring four queries from
NEXMark benchmark with the three different protocols (Q7
results are similar to Q5 and we hence omit it). The red verti-
cal line is the time at which reconfiguration is initiated. The
black dotted line in the bottom figure represents the applied
load on the system. Note that before the load increases, the
system’s throughput is equal to the applied load (i.e., the
load is sustainable). However after the load increases, sys-
tem is unable to keep up with the load (load is unsustainable)
and we see rise in latency (from 100 seconds to red line).
Latency eventually stabilizes again after load becomes sus-
tainable due to reconfiguration. We will now analyze the

into the sources for all the queries. Therefore, the source operator actually
has to serialize and send different number of tuples, depending on the filters’
selectivity. For example in Q3, while sources generate 80M/s tuples, they
only send 1.72M/s tuples to the join instances, as shown in Table 2. Whereas
in Q6, sources generate only 4.5M/s tuples, but they send 4M/s tuples to
the join instances.

performance of each NEXMark query individually after the
reconfiguration is initiated. We discuss queries in the order
of migrated state’s size.
NEXMark Q3 performs a join between the auction and

person streams using seller ID from auctions as the join
key. In this query, state size is large (∼2GB) and hence the
transfer time is large. In all-at-once reconfiguration, the new
instances have to wait for the state to arrive, before they can
start processing new tuples. Hence as shown in Figure 9(a),
the system’s throughput is below the applied load until the
state arrives at E inducing high latency of 12s at A . The
high throughput increase (higher than the load) that we
see after the reconfiguration at F is because the system is
clearing the backlog that was created before and during the
reconfiguration (while the throughput was lower than the
applied load).
Fluid reconfiguration tries to mitigate this issue by mi-

grating only a fraction of the key groups at a time, allowing
new instances to gradually take over the workload instead of
remaining idle, at the cost of increased reconfiguration com-
pletion time. However, in scenarios where the load becomes
unsustainable, it is preferable to complete the reconfigura-
tion as quickly as possible to recover maximum throughput.
Indeed, we see that fluid reconfiguration performs poorly:
it completes the state migration at G , after experiencing
several throughput dips, with peak latency of 11.2s at B .
In Tensile, the new instances start processing immedi-

ately and do not wait for the state.We see that the throughput
increases as soon as the new instance is spawned at D . The
throughput is briefly higher than the applied load since the
system is clearing the backlog built during the unsustainable
load before the reconfiguration was triggered. The peak la-
tency is of 3s just before the reconfiguration is triggered; the
latency drops quickly at C .
NEXMark Q8 performs a windowed join between the

person and auction streams. As shown in Figure 9(b), the
latency and throughput trends observed for this query are
similar to those in Q3, albeit not as large since the state size
in Q8 is ∼500MB. The peak latency for all-at-once, fluid and
Tensile is 7.6s, 9.4s and 1.7s respectively. We again see that
Tensile is able to recover the throughput immediately at H .

NEXMark Q6 computes the average selling price per
seller over their last ten closed auctions. This query also
transfers ∼500MB of state during reconfiguration. From Fig-
ure 9(c), we see that Tensile brings down the latency quickly
at I compared to all-at-once and fluid at J and K respec-
tively. This is again because the throughput of Tensile is
recovered immediately after the reconfiguration at L .
NEXMark Q5 performs a windowed aggregation over

the bid stream and outputs the auction ID with the high-
est number of bids within a sliding window. As shown in
Figure 9(d), neither of the reconfiguration protocols have
large latency peaks. This is because the state transfer size
in this case is small (∼10MB). Therefore, unlike Q3, Q6, and
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Figure 9. Each subfigure shows latency (top), and throughput (bottom) over time for Q3, Q6, Q8, and Q5 under reconfiguration.
The black line in throughput represents the input load, which is made 4x at the 100-second mark. The red dashed vertical
line marks the point at which reconfiguration is triggered. Tensile exhibits lower latency spikes, faster latency recovery, and
faster throughput recovery across all queries, when compared to all-at-once and fluid reconfigurations.

Figure 10. P75, P95, and P99 latency comparison for Q3, Q8,
and Q6, across the three reconfiguration protocols. Tensile
consistently achieves the lowest P95 and P99 latency.

Q8, the operator instances are not blocked for a long time
waiting to receive states. Q7, similarly, transfers small state
and exhibits similar behavior to Q5. We omit it for brevity.
Overall, we observe that Tensile can start providing high

throughput soon after reconfiguration is initiated. This is be-
cause the new operator instances are not blocked waiting for
states. Hence, Tensile provides the most performance advan-
tage when the migrated state is large. Because of its non-
blocking reconfigurations, Tensile exhibits lower peak latency
and is able to recover low latency sooner than baselines.

4.3 Overall Latency and Backlog Buildup
Overall latency: While Figure 9 (top) showed improvements
in instantaneous latencies, we further quantify the overall
improvements in latency over the 200s runs of the queries.
Figure 10 shows the 75th, 95th, and 99th percentile latencies
for Q3, Q8, and Q6. It shows that Tensile reduces laten-
cies, particularly at higher percentiles, compared to both the
baselines. For instance in Q3, Tensile keeps the P99 (P95)
latency below 2s (0.3s), while the baselines have them above
10s (8s). Similarly, Tensile achieves 1.8x (2.6x) and 8.8x (94x)
lower P99 (P95) latencies compared to the best-performing
baselines in Q6 and Q8 respectively.

Backlog buildup:When downstream operators are blocked
or are unable to process tuples at the rate at which they
are produced, the buffers in the system become full. When

Figure 11. Source operator latency over time for Q3, Q8, and
Q6. Tensile consistently exhibits the lowest source latency,
indicating minimal backlog and faster system recovery.

sources’ outgoing buffers become full, they start getting
blocked and generate tuples later than their correct time.
This difference between tuple’s expected generation time
and actual generation time is the system’s backlog. We plot
this in Figure 11 for Q3, Q8, and Q6 undergoing reconfigura-
tion. The Figure shows that Tensile experiences the least
backlog buildup during reconfiguration and mitigates any
existing backlog quickly. In contrast, all-at-once and fluid
reconfigurations exhibit significantly higher backlog, since
new operator instances do not process incoming tuples until
the corresponding migrated state has been fully received.

Overall, we see that Tensile (i) lowers P99 and P95 latencies
by up to 8.8x and 94x respectively, and (ii) builds much less
backlog in the system compared to baselines.

4.4 Overhead Analysis
New Tensile operator instances first build local state, which
is later merged with the migrated state. During the merge
process, the operator pauses processing of incoming tuples.
To avoid a costly, all-at-once merge, state migration is done
at the granularity of key groups. As soon as the state for a
key group arrives, it is merged with the corresponding local
state. Before merging any key group, we measure the size of
its unmerged local state.

10
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Figure 12. Analyzing merge operation. (a) Size of total local
state before merging compared to the size of total received
state. (b) Instantaneous local state size at the time of merging
each key group. (c) Time taken to receive states compared
to the time taken to merge states.
We define instantaneous local state size as the total size

of all unmerged local states across key groups at a specific
point in time. We define total local state size as the cumula-
tive extra state accumulated by the operator over the entire
reconfiguration period.

In this section, we evaluate three questions. (1) How does
the total local state size compare to the migrated state size?
(2) What is the instantaneous memory overhead from the
instantaneous local state? (3) How does the state merging
time compare with the state transfer time?
(1) Figure 12(a) compares the total local state size with

the received state size by a new operator instance during
rescaling in Tensile. We see that the received state is ∼2x,
∼16x, ∼4x and ∼16x larger than the local state for Q3, Q5, Q6
and Q8 respectively. In Q3, local size goes as high as 256MB.

(2) Figure 12(b) shows the instantaneous local state size at
the time of merging 𝑖𝑡ℎ key group for each query. For Q5 and
Q8, a new instance merges 128 key groups since there are 6
new instances (refer Table 2), among which 768 key groups
are distributed. Whereas Q3 and Q6 start 3 new instances,
hence each instance merges 256 key groups. For Q3, even
though the total local state size is ∼256MB (Figure 12(a)),
highest instantaneous local state size is ∼130MB since each
key group’s local state gets merged and cleaned up as soon
as its migrated state is received.
(3) To contrast merge time with state transfer time with

different received state sizes, we modify Q3 as follows. Recall
that when we increase the input load at 100 seconds, Q3
transfers ∼2GB of state. We change the input load increase
time from 100 seconds to 50 seconds, 200 seconds, and 400
seconds to build ∼1GB, ∼4GB, and ∼8GB of transferred state
respectively. In Figure 12(c), we observe that both the state
merging time and the state transfer time scales linearly with
the size of the migrated state. However, transfer time is
always substantially larger (∼100x) than merging time since
state transfer is primarily an I/O bound task while merging
is CPU bound.

Overall, we conclude that (1) local state size is 2x-16x lesser
than the received state size, (2) local state gets gradually cleaned
up as key group states are merged, reducing instantaneous local
state size, and (3) CPU-bound state merging is much faster than

the IO-bound state transfer. Because of (1) and (2), as we will
also show next, Tensile does not require much more instan-
taneous memory than existing protocols. Because of (3), new
Tensile operator instances block processing of input tuples for
a much shorter time than existing reconfiguration protocols.
4.5 Resource Utilization
We next compare CPU, memory, and network utilization of
Tensile with our baselines when reconfiguring Q3. We eval-
uate the resource usage for two representative machines: the
machine hosting the join instance before reconfiguration (re-
ferred to as the oldmachine), and amachinewhere a new join
operator instance is created during reconfiguration (referred
to as the new machine). We read /proc/meminfo, /proc/stat
and /sys/class/net/enp2s0/statistics/ at 250ms interval to mea-
sure instantaneous memory, CPU and network respectively.
Figure 13 shows the instantaneous resource utilizations. We
mark three regions in the Figure: the red region shows the
duration between load increase and reconfiguration start;
the yellow region shows the reconfiguration duration, and
the green region shows the post-reconfiguration duration.

Memory: For the new worker during fluid reconfiguration
( A in Figure 13(a)), we observe 6-step increases in memory
utilization. corresponding to 6 sub-reconfiguration. Whereas,
the memory increases in one step for all-at-once B and Ten-
sile C . Since, Tensile merges local states as and when key
group states are received, we do not observe any noticeable
increase in required memory, compared to baselines5.
CPU: Figure 13(b) shows that at 100 seconds, the system

load increases at D , causing the old machine’s CPU usage
to spike to nearly 100%. The new machine’s CPU utiliza-
tion also increases slightly as it also hosts source operators.
During the reconfiguration phase (yellow region), Tensile’s
new machine CPU usage immediately jumps to 100% at E ,
since the new operator instance begins processing incoming
tuples right after initialization, without waiting for the full
migrated state. In contrast, the all-at-once protocol shows a
delayed CPU ramp-up F , only reaching full utilization after
the entire state transfer completes at G . Meanwhile, fluid
reconfiguration takes the longest to ramp up CPU usage,
increasing gradually with sub-reconfigurations H .
Network: In all-at-once protocol, we observe that during

reconfiguration (yellow region in Figure 13(c) top), the new
machine is only receiving state (In) I . Its CPU usage is low,
and its output rate is 0 (Out) J . In fluid reconfiguration,
state is sent 6 times K . In Tensile, we see that the new
machine is simultaneously receiving state over the network
and processing new tuples in parallel (high In and non-zero
Out at L ).

5Note that for the old machine, we do not see the memory reducing even
though it has transferred some of its state. This is because the Rust memory
allocator did not return memory to the OS immediately after it is freed.
Therefore, after reconfiguration, the old machine memory also does not
grow (for the time shown in the Figure).
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Figure 13. Comparison of memory, CPU, and network usage across reconfiguration protocols. (a) Memory usage shows that
despite additional local state maintenance on new machine, Tensile’s memory footprint remains comparable to baselines. (b)
CPU usage during reconfiguration reveals how Tensile immediately start processing on new machine. (c) Network usage
during reconfiguration shows multiple state transfer bursts in fluid, and one state transfer burst in both Tensile and all-at-once.

Overall, Tensile’s memory overhead is negligible, compared
to baselines. By overlapping state transfer with tuple processing,
Tensile is able to utilize both network and CPU simultaneously
for new workers. In contrast, existing protocols under-utilize
CPU on new workers while waiting for state transfer.

5 Related Work
There has been extensive work in managing state such that
the stream processing engines can recover from crashed or
slow workers [1, 9, 24, 32]. Stop-and-resume reconfigura-
tion [4, 7, 31] grew from these works, where the pipeline is
reconfigured using the last checkpoint. Reconfiguration deci-
sions can either be triggered manually or by automatic scal-
ing controllers [11, 16] which monitor pipelines to quickly
find the right reconfigurations for maintaining performance
under varying workloads. Instead of relying on checkpoints,
several faster on-the-fly reconfigurations [6, 10, 13–15, 19,
20, 22, 27] have been proposed that directly migrate state
between operator instances. Tensile is another on-the-fly
reconfiguration protocol that provides higher throughput
during reconfigurations.
Meces [12] performs prioritized state migration, i.e., mi-

grate states in the order in which tuples arrive to unblock
their processing. However, Meces requires adding and man-
aging an external key-value store duringmigrations, through
which, the state migrates back-and-forth between old and
new instances. In contrast, Tensile unblocks processing of
tuples immediately without waiting for migrated states. It
does not need an external key-value store and does not mi-
grate states back-and-forth.
Optimizations in Rhino [10] are complementary to Ten-

sile. Rhino optimizes reconfigurations with huge state (e.g.,
over 100GB), by modifying how distributed file systems store
checkpoints. During reconfigurations, it starts new operator
instances on the file system nodes already containing the

state from a previous checkpoint. At the time of reconfig-
uration, only the updates after the checkpoint needs to be
transferred. However, as shown in [12], the updates after the
previous checkpoint can also be large. Tensile will provide
higher throughput while migrating these updates.

DRRS [25] is a recent work that (1) reduces blocking dur-
ing the marker alignment phase by prioritizing messages
in buffers, and (2) transfers states in a more fine-grained
manner than fluid reconfigurations [15]. However, operator
instances still need to wait for migrated states. In contrast,
Tensile removes alignment delays by making alignment
phase non-blocking. As our evaluation with unsustainable in-
put rate shows (Figure 9), fluid reconfigurations can actually
perform worse than all-at-once reconfigurations since fluid
reconfigurations recover processing capacity more slowly.
Other reconfiguration protocols [13, 23, 26, 30] run the

old and the new configuration in parallel until the migra-
tion is complete. However, this replication-based mechanism
is not cost-efficient and not work conserving. For example,
Chronostream [30] needs to do input duplication, output
de-duplication, and requires𝑚 + 𝑛 workers to reconfigure
from𝑚 workers to 𝑛 workers. Falcon [23] removes output
de-duplication and the need for𝑚 + 𝑛 workers, but it still
does input duplication making it ill-suited for high through-
put pipelines. For example, Falcon was evaluated with only
1500 tuples per second throughput for edge-cloud pipelines,
whereas reconfiguration of large scale pipelines are evalu-
ated with several million tuples per second throughput, as
in Tensile and others [10, 15, 17].

We represent out-of-order executions as different paths on
a semi-lattice, inspired from vector clocks [21]. Our output
consistency proof is inspired from the eventual consistency
proof for convergent replicated data types [28].
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6 Conclusion
In this paper, we present a high-throughput reconfiguration
protocol that starts processing input tuples even before the
state migration is complete. We show that common stateful
operators can be correctly reconfigured due to their out-
of-order processing capability. Our experiments show that
compared to existing on-the-fly reconfigurationmechanisms,
Tensile can start providing high throughput almost imme-
diately after a reconfiguration is triggered. Because of this,
it reduces P99 latencies by up to 8.8x compared to existing
reconfiguration protocols.
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A Tensile can correctly reconfigure
common operators

Table 3 shows that both merge and pending operations can
be easily defined for common window operators such as
max, min, count, sum, mean, and median; as well as common
continuous operators such as join.
For correct non-blocking reconfiguration of the distinct

operator, a slight modification to the protocol is required.
Distinct maintains a set of observed tuples. Upon encounter-
ing a new tuple, the operator outputs it and adds this tuple
to its set of observed tuples. For example in Figure 14(a),
instance 𝐷1 outputs 𝐵1 (shown in a green box) because it
was not present in the set of observed tuples {𝐵0}.

Figure 14(a) shows how existing reconfiguration protocols
migrate a key 𝐵 from an instance 𝐷1 to 𝐷2. Again, the new
instance 𝐷2 remains blocked until it receives the state from
𝐷1. In this simple example, 𝐷1 outputs 𝐵1 and 𝐷2 outputs 𝐵2.
Figure 14(b) shows an incorrect non-blocking reconfigu-

ration of distinct. Here, the instance 𝐷2 initializes from an
empty state and starts processing input tuples. It outputs 𝐵1
and 𝐵2 tuples. When 𝐷2 receives the state {𝐵0, 𝐵1}, it merges

Table 3. Common relational stateful operators have ⊙ to
produce pending outputs and ⊕ to merge states. Therefore,
they can be correctly reconfigured using the proposed high-
throughput reconfiguration protocol.

Window operators. 𝑠𝑡𝑘 ◦ 𝑡𝑘 = {}. 𝑠𝑡𝑘 ⊙ 𝑠𝑡 ′𝑘 = {}
Operator S𝑖𝑑 𝑠𝑡𝑘 𝑡𝑘 ♦𝑠𝑡𝑘 𝑠𝑡𝑘 ⊕ 𝑠𝑡 ′𝑘
Max −∞ 𝑚𝑎𝑥 (𝑠𝑡𝑘 , 𝑡𝑘 ) {𝑠𝑡𝑘 } 𝑚𝑎𝑥 (𝑠𝑡𝑘 , 𝑠𝑡 ′𝑘 )
Min ∞ 𝑚𝑖𝑛(𝑠𝑡𝑘 , 𝑡𝑘 ) {𝑠𝑡𝑘 } 𝑚𝑖𝑛(𝑠𝑡𝑘 , 𝑠𝑡 ′𝑘 )
Count 0 𝑠𝑡𝑘 + 1 {𝑠𝑡𝑘 } 𝑠𝑡𝑘 + 𝑠𝑡 ′𝑘
Sum 0 𝑠𝑡𝑘 + 𝑡𝑘 {𝑠𝑡𝑘 } 𝑠𝑡𝑘 + 𝑠𝑡 ′𝑘
Avg. 𝑠𝑢𝑚 = 0 𝑠𝑢𝑚𝑘 + 𝑡𝑘 𝑠𝑢𝑚𝑘

𝑐𝑜𝑢𝑛𝑡𝑘

𝑠𝑢𝑚𝑘 + 𝑠𝑢𝑚′𝑘
𝑐𝑜𝑢𝑛𝑡 = 0 𝑐𝑜𝑢𝑛𝑡𝑘 + 1 𝑐𝑜𝑢𝑛𝑡𝑘 + 𝑐𝑜𝑢𝑛𝑡 ′𝑘

Median {} 𝑠𝑡𝑘 ∪ {𝑡𝑘 } 𝑚𝑒𝑑𝑖𝑎𝑛(𝑠𝑡𝑘 ) 𝑠𝑡𝑘 ∪ 𝑠𝑡 ′𝑘
Continuous operators. ♦𝑠𝑡𝑘 = {}

Op. S𝑖𝑑 𝑠𝑡𝑘 ◦ 𝑡𝑘 𝑠𝑡𝑘 𝑡𝑘 𝑠𝑡𝑘 ⊙ 𝑠𝑡 ′𝑘 𝑠𝑡𝑘 ⊕ 𝑠𝑡 ′𝑘

Join ⊲⊳
𝐿 = {} 𝐿𝑘 ⊲⊳ 𝑟𝑘 or 𝐿𝑘 ∪ {𝑙𝑘 } or 𝐿𝑘 ⊲⊳ 𝑅′

𝑘
∪ (𝐿𝑘 ∪ 𝐿′𝑘 ,

𝑅 = {} 𝑙𝑘 ⊲⊳ 𝑅𝑘 𝑅𝑘 ∪ {𝑟𝑘 } 𝐿′
𝑘
⊲⊳ 𝑅𝑘 𝑅𝑘 ∪ 𝑅′𝑘 )

Distinct {} {𝑡𝑘 } if 𝑡𝑘 ∉ 𝑠𝑡𝑘
𝑠𝑡𝑘 ∪ 𝑡𝑘 𝑠𝑡𝑘 \ 𝑠𝑡 ′𝑘 𝑠𝑡𝑘 ∪ 𝑠𝑡 ′𝑘{} otherwise

𝐷1

{𝐵0 }

𝐵1

{𝐵0, 𝐵1 }

𝐷2

{𝐵0, 𝐵1 }

{𝐵0, 𝐵1 }

𝐵2
{𝐵0, 𝐵1, 𝐵2 }

𝐵1

𝐵1

𝐵2

(a)
𝐷1

{𝐵0 }

𝐵1
{𝐵0, 𝐵1 }

𝐷2

{}

𝐵1
{𝐵1 }
×

𝐵2
{𝐵1, 𝐵2 }

{𝐵0, 𝐵1, 𝐵2 }

𝐵1 𝐵1

𝐵2

(b)
𝐷1

{𝐵0 }

𝐵1
{𝐵0, 𝐵1 }

𝐷2

{}

{𝐵1 }

{𝐵1, 𝐵2 }

𝐵2
{𝐵0, 𝐵1, 𝐵2 }

𝐵1 𝐵1

𝐵2

(c)
Figure 14.Non-blocking reconfiguration of the distinct oper-
ator suppresses outputs on the new instance 𝐷2 until merge
for correctness. (a) Blocking reconfiguration. (b) Incorrect:
𝐷2 outputs an extra 𝐵1. (c) Correct reconfiguration.

with its local state {𝐵1, 𝐵2} by taking a union. It can be seen
that while the final state {𝐵0, 𝐵1, 𝐵2} is consistent with Fig-
ure 14(a), 𝐷2 produces an extra 𝐵1 tuple (highlighted with a
red cross) violating the semantics of distinct.

Fixing this is easy. 𝐷2 does not emit any output for key 𝐵

until it has received the corresponding state from 𝐷1. How-
ever, 𝐷2 still processes incoming tuples from its input chan-
nels (𝐵1 and 𝐵2), updating its internal state ({} to {𝐵1, 𝐵2}), as
illustrated in Figure 14(c). This reduces blocking and hence
reduces backlog. Once the state transfer is complete, 𝐷2
merges the states by taking a union. Following the merge,
𝐷2 emits tuples observed by it and not by 𝐷1, i.e., it outputs
𝐵2 but not 𝐵1. It can be seen that with this simple change
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of suppressing output tuples on 𝐷2 before merge, the final
states and outputs are consistent with Figure 14(a).6

A.1 Proof of correctness
While setting the merge operation 𝑆1 𝑆2 as 𝑆1 ∪ 𝑆2 gives
exactly the state 𝑆 , a pending operation cannot be identified
for distinct, where 𝑆1 ⊙ 𝑆2 =𝑂 \ (𝑂1 ∪𝑂2). By suppressing
outputs on the new instance (𝑂2), the proposed protocol
provides output consistency when 𝑆1 ⊙ 𝑆2 is 𝑂 \𝑂1 instead
of 𝑂 \ (𝑂1 ∪𝑂2).

B Reconfiguring an Abstract Operator with
Tensile

We tweak the three event handlers in Algorithm 1 and add
three new handlers for doing reconfigurations, as illustrated
in Algorithm 2. Operators need to provide two additional
operations ⊕ : (S, S) → S to merge local state with received
state, and ⊙ : (S, S) → P(Out) to generate pending outputs
from local and received states (recall Figure 3). Operators
like distinct also ask Tensile to 𝑠𝑢𝑝𝑝𝑟𝑒𝑠𝑠 outputs before re-
ceiving all the states. In case operators are unable to provide
⊕ or ⊙, we fall back to blocking reconfigurations.
function INITWe additionally track keys that the instance

ℎ𝑎𝑠 . ℎ𝑎𝑠 is initialized to the initial set of keys.
function TUPLE_RECV If we are in the middle of a recon-

figuration and have not yet received the state corresponding
to the tuple’s key (𝑘 ∉ ℎ𝑎𝑠), then we additionally suppress
outputs if requested by the operator (e.g., distinct).

function WM_RECV Watermarks are handled similarly as
in Algorithm 1 with the additional caveat that output tuples
and watermark can be produced iff the instance has all the
keys (refer §2.2).
function FIRST_MARKER Reconfiguration markers carry

the new partitioning function 𝑝𝑎𝑟 . Scaling operator upon
seeing the firstmarker from any of the input channels, notes
the keys (𝑚𝑦_𝑘𝑒𝑦𝑠) it is now responsible for, and the 𝑜𝑙𝑑 keys
that this instance is no longer responsible for. The instance
does not yet have the state for the new keys, keys that this
instance is newly responsible for. It initializes the state for
new keys to S𝑖𝑑 .

function LAST_MARKER Upon seeing the last marker from
all the input channels, operator instance can send the state
for old keys to its new owner. Finally it forwards marker to
all the output channels.
function STATE_RECV The state sent by the old owner is

received by a different instance responsible for executing
the corresponding operator logic. This state pertains to the
newly assigned keys and is combined with the current state
to emit any pending outputs using ⊙. Subsequently, it is
merged into the local state using ⊕. Each instance continues
to keep track of the keys for which it ℎ𝑎𝑠 the state.

6If the pipeline expects refinements [3], another solution was to let𝐷2 refine
its output tuples by retracting 𝐵1 after merge.

Algorithm 2 Tensile high-throughput reconfiguration pro-
tocol
1: function init(𝑝𝑎𝑟 )
2: 𝑘𝑒𝑦𝑠 ← ℎ𝑎𝑠 ← 𝑝𝑎𝑟 (id)
3: for 𝑘 ∈ 𝑘𝑒𝑦𝑠 do
4: 𝑠𝑡𝑘 ← S𝑖𝑑

5: function tuple_recv(𝑡𝑘 )
6: if 𝑘 ∈ ℎ𝑎𝑠 ∨ ¬𝑠𝑢𝑝𝑝𝑟𝑒𝑠𝑠 then
7: output 𝑠𝑡𝑘 ◦ 𝑡𝑘
8: 𝑠𝑡𝑘 ← 𝑠𝑡𝑘 𝑡𝑘

9: function wm_recv(𝑤𝑚)
10: if 𝑘𝑒𝑦𝑠 ⊈ ℎ𝑎𝑠 then return
11: for 𝑘 ∈ 𝑘𝑒𝑦𝑠 ∧ Expiry(𝑘) ≤ 𝑤𝑚 do
12: output ♦𝑠𝑡𝑘
13: broadcast𝑤𝑚

14: function first_marker(𝑝𝑎𝑟 )
15: 𝑚𝑦_𝑘𝑒𝑦𝑠 ← 𝑝𝑎𝑟 (𝑖𝑑)
16: 𝑜𝑙𝑑 ← 𝑘𝑒𝑦𝑠 \𝑚𝑦_𝑘𝑒𝑦𝑠
17: for 𝑘 ∈ 𝑚𝑦_𝑘𝑒𝑦𝑠 \ 𝑘𝑒𝑦𝑠 do
18: 𝑠𝑡𝑘 ← S𝑖𝑑
19: 𝑘𝑒𝑦𝑠 ←𝑚𝑦_𝑘𝑒𝑦𝑠

20: function last_marker
21: for 𝑘 ∈ 𝑜𝑙𝑑 do
22: 𝑛𝑒𝑤_𝑜𝑤𝑛𝑒𝑟 ← Instance(𝑘)
23: Send(𝑛𝑒𝑤_𝑜𝑤𝑛𝑒𝑟 , 𝑠𝑡𝑘 )
24: ℎ𝑎𝑠 ← ℎ𝑎𝑠 \ {𝑘}
25: broadcast ∥

26: function state_recv(𝑠𝑡 ′
𝑘
)

27: output 𝑠𝑡𝑘 ⊙ 𝑠𝑡 ′𝑘
28: 𝑠𝑡𝑘 ← 𝑠𝑡𝑘 ⊕ 𝑠𝑡 ′𝑘
29: ℎ𝑎𝑠 ← ℎ𝑎𝑠 ∪ {𝑘}

C Additional evaluations
C.1 Reconfiguration Performance on Flink
Setup. We also implement Tensile in Apache Flink [7] and
compare with existing all-at-once and fluid reconfiguration
implementations in Flink. We run NEXMark Q3.
We use the same four-machine cluster described in Sec-

tion 4.1. Eachmachine runs one Flink TaskManager deployed
via Docker Swarm. The Q3 source operators are distributed
across 24 parallel instances (6 per machine). The bottleneck
Join operator starts with parallelism 1 and is scaled out to
parallelism 2, transferring 64 out of 128 key groups to the
new instance. The source generates 210K events/s for the
first 700 seconds, at which point the input rate is stepped up
to 390K events/s, exceeding the processing capacity of the
single join instance. Reconfiguration is triggered 6 seconds
later at the 706-second mark.
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Figure 15. NEXMark Q3 in Apache Flink. The black dashed
line shows that the applied input load is increased at 700 s.
The join operator is scaled from parallelism 1 to 2 at the
red dashed line (706 s). Tensile recovers high throughput
immediately, leading to lower latencies.

The experiment’s parameters differ from the one in Table 2.
The baseline Flink implementations only support scaling up
by one instance, whereas in our Rust experiments we had
scaled up by three instances. Being written in Java, Flink
could provide lower sustainable throughput than our Rust
implementation. Similar to Megaphone [15], we therefore
run the pipeline longer to accumulate more state: by the time
reconfiguration begins, accumulated state is ∼700MB.
Results. Figure 15 shows instantaneous P50 latency (top)
and source throughput (bottom) for the three protocols. The
broad findings are similar to those in §4.2. Both fluid and
all-at-once reconfiguration throughput drops to zero due to
blocking of channels. This loss of throughput builds backlog
and the protocols exhibit higher latency. In contrast, Ten-
sile provides non-blocking reconfiguration where the new
join instance immediately begins processing incoming rows
even before the state has arrived. Therefore, its throughput
recovers to applied load immediately after reconfiguration,
leading to much lower latency.
We discuss differences from the results with our Rust

implementation in Figure 9. Flink is slower in serializing
the operator state and transmitting it. Because of this, the
new join instance remains blocked for longer. Since the new
join instance has its channels blocked, the sources are also
backpressured due to which they stop sending rows to the
old join instance too. This leads to more severe backlog. At
A , the system comes to a near-total halt, leading to rapidly
rising latencies. When processing resumes, both the old and
the new join instances begin clearing the backlog at B . The
old join instance has a smaller backlog and it clears it at C .
The new join instance continues to clear it till D . In contrast
to Figure 9(a), Tensile also experiences a short latency spike
at E during state merging due to slight implementation

differences. Nonetheless, Tensile comfortably outperforms
both baselines.
Overall, experiments with Flink echo the findings from §4.

Tensile’s non-blocking reconfiguration provides substantially
lower latency and faster throughput recovery.

C.2 Performance during Other Types of
Reconfiguration

In this section, we evaluate two other types of reconfigura-
tions: (1) migration, where operator instances are migrated
from existingmachines to new ones, useful for doing planned
maintainance; and (2) downscaling, where operator instances
are removed, useful for saving operational cost.
For evaluating migration, we start with the same con-

figuration as in Table 2 for all the queries. But instead of
increasing the load, we move all the instances of the bottle-
neck operator to another physical machine. Note that we
do not migrate the Source operator. For evaluating down-
scaling, we do the opposite reconfiguration from the one in
Table 2, i.e., start each experiment with 4x load and operator
instances, and scale down to 1x load and 1x instances. The
rest of the setup is same as described in §4.1. We skip plots
for queries other than Q3 and Q8 since they transfer less
state (recall §4.2).

Migration. Figure 16 shows instantaneous latency, through-
put, and CPU utilization during migration. We observe that
when migration is triggered (shown by the vertical red line),
the throughput for all-at-once reconfiguration drops signifi-
cantly A . This is because the old instance stops receiving
tuples and the new instance cannot start processing tuples
until it receives the migrated states: 2.8 GB for Q3 and 1.3
GB for Q8. This leads to large latency spikes B : upto 10 sec-
onds and 6 seconds for Q3 and Q8 respectively. Since both
the instances are not processing any tuples, all-at-once re-
configuration under-utilizes available CPU resources during
reconfiguration C 7. After the migration is complete, new
machine’s CPU utilization spikes up D to clear the built-up
backlog, gradually recovering low latency.

Fluid reconfiguration transfers key-groups gradually, hence
processing halts only for the key-groups whose state is in
transit. Therefore, it experiences a lower throughput drop
E with the peak latency reaching upto 2.1s for Q3 and 1.6s
for Q8. In contrast, Tensile shows no degradation in latency
and throughput since the new instance starts processing
tuples without waiting for the migrated state. Hence, CPU
utilization of the new machine is higher during migration
with Tensile, compared to other protocols F .

Downscaling Figure 17 shows the latency and throughput
for Q3 and Q8 during descaling. We observe that all-at-once
and fluid reconfiguration protocols show peak latencies of

7CPU utilization never becomes zero since we are not migrating Source
operator instances.
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Figure 16. Latency, throughput, and CPU utilization over
time for Q3 and Q8 while migrating operator instances. Ten-
sile exhibits lower latency spikes, faster latency recovery,
and faster throughput recovery across both the queries, when
compared to all-at-once and fluid reconfiguration protocols.

Figure 17. Instantaneous latency and throughput for Q3 and
Q8 while downscaling operator instances.

18s, 3.6s for Q3 and 15s, 2.6s for Q8 respectively. Tensile out-
performs both of them with peak latencies of 0.1s for Q3 and
1s for Q8. Similar to upscaling and migration, this is because
Tensile suffers lesser throughput degradation compared to
existing reconfiguration protocols, where instances have to
block processing waiting for migrated states.
Overall, we see that Tensile suffers minimal throughput

degradation during migration and downscaling, due to which
it reduces peak latencies by 2.5x compared to existing protocols.

Tensile’s advantage becomes more pronounced when the state
transfer size is large.

C.3 Key-group Size Sensitivity Analysis for Fluid
Reconfiguration

In this section, we vary the number of key-groups to transfer
in one sub-reconfiguration for fluid reconfiguration, and
compare the performance with Tensile. We repeat upscaling
(§4.2) experiments for Q3 and Q8. In each experiment, we
vary the key-groups in a sub-reconfiguration from 32 to 1024.

Figure 18. Impact of batch size on latency and throughput
for queries Q3 and Q8.

From Figure 18, we observe that a smaller number of key-
groups leads to higher latency. This is because the system
recovers available capacity much more slowly. Therefore,
when the input load is unsustainable, such as in these experi-
ments, it takes longer to clear the backlog. Tensile provides
lower latency in all key-group size settings for both the
queries, since it utilizes available capacity immediately after
a reconfiguration is initiated.
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