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Stream computing

In distributed stream processing systems, data skew and cluster heterogeneity lead to a serious imbalance in
load distribution among parallel processing instances of stateful nodes. However, the existing stream grouping
strategies mainly focus on the balance of data division, ignoring the difference of computing instance processing
capacities and the impact of network latency on system performance when stateful node data is grouped. In this
paper, a skewed stream rebalance strategy for elastic stateful stream computing systems is proposed to optimize
the data rebalance of stateful nodes. (1) A data stream graph model, data stream grouping model, application
latency model and load skew model are constructed, and the data stream rebalance problem is formalized. (2)
A key splitting method based on frequency statistics and classification is proposed, in which frequency statistics
combines counter and sketch, and time attenuation predicts the key frequency distribution of data streams. The
frequency classification algorithm determines the number of candidate instances, for the key value based on the
frequency and threshold, which are scaled at run time according to the downstream instance load condition.
(3) A skewed stream rebalance strategy based on latency awareness and instance assignment is proposed, in
which monitoring periodically obtains the network latency between upstream and downstream instances, and
the data input rate and processing rate of downstream instances. The weights of the instances can be changed
adaptively by estimating the latency of the downstream instances according to the queuing model and monitoring
information. Finally, the target instances of tuples are randomly selected based on the weights. The experimental
results demonstrate that, compared with the baselines, Sr-Stream achieves up to an 84.43% reduction in system
latency, improves throughput by up to 3.66x, and significantly reduces load imbalance.

Distributed stream processing

1. Introduction Stateful nodes have data storage capabilities and need to store

intermediate results as internal states. When new data is passed in,

As the demands for real-time data processing and analysis become
more complex, distributed stream processing systems, such as Storm,
Flink, Spark and Heron [1], are widely applied across various domains,
such as social network analysis [2], real-time event detection [3], in-
ternet of things [4]. The rebalancing strategy in the distributed stream
computing system can determine which instance receives data and how
much data it receives, which can effectively solve the load balance prob-
lem in the system and ensure a reasonable stream and fast processing
of data. Because of their complex operations, stateful nodes lead to a
large amount of load accumulation and become bottlenecks of applica-
tion processing.
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the nodes compute the output and the internal state based on the
new data. For stateful nodes, state migration is required when paral-
lel tasks change [5]. Initially, Flink and Spark paused the entire sys-
tem during state transitions, which caused latency spikes. Flux takes
action to pause only nodes that require state transitions, which re-
duces latency, but also suspends the entire system if the node is a
critical component in the topology. Therefore, when changes occur,
stateful nodes should reduce both the volume of state migration and
the quantity of states that require migration, which is closely re-
lated to the data rebalance between parallel instances of stateful
nodes.
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Shuffle Grouping (SG) and Key Grouping (KG) [6] are two of the
most widely used grouping methods in distributed stream processing
systems. SG randomly distributes every tuple to parallel instances ac-
cording to the polling rule, ensuring that each instance processes a
roughly equivalent number of tuples. KG groups streams by using a spec-
ified field in a tuple as a key value and assigning the same component
of the tuple with the same key value to the same instance. For stateful
nodes, SG can effectively achieve data-level load balance, but the state
of all key values are required to be saved in each downstream instance.
A data stream contains hundreds of thousands of key values, resulting in
high memory cost and difficulty to scale. KG can store the state accord-
ing to the key value, and when the system changes, the number of states
which need to be processed is small, and only a part of the state needs to
be processed in the old instance. However, when the data skew is large,
key grouping distributes all the data of high-frequency key values to
the same instance for processing. As a result, the load of a single down-
stream instance increases compared with other instances, which greatly
affects the system performance. In addition, storage, update, clearing,
migration, and sharing of stateless nodes require certain resources and
time, and are more complex than load balance of stateless nodes.

Elastic stream processing systems should achieve high throughput
and low latency in the long run. It is necessary to be capable of dynami-
cally reallocating the workload among instances assigned to nodes when
changes occur. Traditional load rebalance strategies aim to implement
dynamic rescaling through resource scheduling [7,8], parallelism scal-
ing [9,10] and load migration [11,12]. However, when dealing with
a data stream which is constantly changing, these computationally ex-
pensive online rebalance strategies may have suboptimal performance.

Skewed data stream often leads to imbalanced load distribution
among compute instances. When the data is skewed, over time, instances
of stateful nodes that process high-frequency key values will receive too
much data, and the processing rate will not keep up with the data in-
put rate; consequently, the processing latency will continue to increase.
On the other hand, the upstream node may be compelled to decelerate
its processing rate due to the system backpressure mechanism, and the
downstream node of the stateful node may need to wait for the pro-
cessing results of all instances of the stateful node, which will lead to
a degradation in system performance, increase the system latency and
reduce the throughput.

In this paper, we present Sr-Stream, a skewed stream rebalance strat-
egy for elastic stateful stream processing systems, to optimize the data
rebalance of stateful operators. This strategy uses the lightweight fre-
quency statistics algorithm combined with counter and sketch to im-
prove the accuracy of high-frequency key frequency prediction. At the
same time, the benefits and costs of key splitting are considered to dy-
namically adjust the classification threshold, and the appropriate num-
ber of candidate instances is calculated. The weight of the downstream
instance is determined from the aspects of network latency, the input
rate of data stream and processing rate of the instance, and the load
balance between the instances is achieved and the traffic between the
nodes with high network latency is reduced. Our contributions are listed
below:

- We present a generic data stream graph model, a data stream group-
ing model, application latency model and load skew model, and formal-
ize the load rebalance problem.

- We use key splitting to deal with the bottlenecks resulting from keys
with high frequency, and utilize weight adjustment method so that the
tuple assignment probability of the instances can be adaptively changed
based on the network latency, data rate and processing rate.

- We evaluate Sr-Stream for latency, throughput, and load imbal-
ance. Experiments demonstrate that Sr-Stream reduces latency by up
to 84.43%, achieves a 3.66x improvement for throughput, and signifi-
cantly reduces load imbalance compared with the state-of-the-art meth-
ods.

The rest of the paper is structured as follows: Section 2 describes the
system model and formalizes problems. Section 3 focuses on the system
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Fig. 1. Instance sets of vertices.

architecture and algorithms of rebalance. Section 4 shows the details
of Sr-Stream implementation. Section 5 introduces the experimental en-
vironment and analyzes performance evaluation results of Sr-Stream.
Section 6 reviews the related work. Finally, conclusions and future work
are given in Section 7.

2. Problem statement

In this section, the rebalance problem in distributed stream process-
ing systems is formalized with the system model, which is composed
of data stream graph model, data stream grouping model, application
latency model and load skew model. The models are mainly used as
system abstractions and decision-guidance models for online stream
grouping and routing, rather than standalone predictive models requir-
ing separate fitting-accuracy validation. Their effectiveness is evaluated
indirectly through the end-to-end experiments in Section 5, where the
proposed Sr-Stream, built upon these models, is assessed by latency,
throughput, and load-imbalance metrics under different workloads and
deployment settings.

2.1. Data stream graph model

The logical topology of a streaming application can be mapped to
a directed acyclic logical graph DAG = (V(G), E(G)), where V(G) =
{v},0,,...,v,} is defined as a finite set of n nodes. Every node v; € V(G)
is an operator. It can create multiple instances v; = {v;;,v;p, ..., 04}, k
€ {1,2,...}, that can be assigned to nodes and complete work in paral-
lel. E(G) = {euikvujm [Vi> ),y € V(G)} is defined as a finite set including
directed edges, and each edge e,, ol indicates communication between
instances v, and v,,, where v, and v;, are the upstream and down-
stream instances of Cup 0y respectively.

In graph G, data from upstream nodes v; are sent to downstream
nodes v e U(v;) and D(v /-) represent the set of upstream nodes v; and the
set of downstream nodes v}, respectively. n, =|U(v;)| and n, = | D())|
denote the number of instances in U (v;) and D(v;). U(v;) = { v;1, U, U3 }
is the upstream node set and n,, = 3 as illustrated in Fig. 1. Accordingly,
D(;) = { vj;, vj3, Vj3, Vg } is the downstream nodes set and ny, =
4. A data stream ds is characterized as an infinite sequence which is
composed of data tuples with infinite time distribution and quantity,
denoted as ds = (dt,, dt,, ..., dt;, ...).

Each data tuple dt; is a record of attributes ( rs;,key;, value; ), where
ts;,key;, value; is representing the timestamp, key and value of the i
data tuple dt; . Keys are not unique and multiple tuples may have the
same key, which can be used to group tuples to maintain state.

Once the nodes have completed processing, new tuples will be pro-
duced. The output tuples produced by the same nodes constitute a new
data stream.

2.2. Data stream grouping model

When the number of instances of the downstream nodes v; for an up-
stream node v; is greater than 1, v; will partition the output data stream
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ts;, key;value;>

Fig. 2. Partitioning data stream.

among all instances of the downstream nodes v; through a partition
method.

We can map tuples in the data stream output from upstream nodes to
downstream nodes by using the partition function P(ds) which achieves
different outcomes according to data characteristics and nodes opera-
tions. Therefore, the instance v;;, of the upstream nodes v; converts the
input data stream d sig into ds%" through function logic and divides it
into n,, independent substreams sent to the downstream nodes n,, down-
stream instances. Accordingly, the input stream of the downstream in-
stances v, is the sum of the substreams sent from all upstream instances

v; as shown in Eq. (1) and Eq. (2).

ny;

ds‘j,‘/_‘k’= Udskm,me{l,Z,...,nvl,}, )
m=1
ny;

ds,, = Uldskm,ke{l,z,...,nu,.}- @
e

In addition to the global grouping that sends each tuple to all down-
stream instances, in other grouping strategies, a tuple is divided into
only one instance sent downstream in a substream, and the same tuple
does not exist in each substream, as shown in Eq. (3).

J

o,
ndskm(dl,-) =ﬂ,m€{l,2,...,nul}, 3
m=1

Using the partition function P(ds), a tuple dt; is sent to the in-
stance v;,, € D(v j). As illustrated in Fig. 2, the output data stream
ds; = {dsy;,ds;y,ds;3, dsi,}y is mapped to 4 downstream instances
v; = {Uj],ujz,uj3,v/-4}.

The input rate of downstream instance v;,, is the sum of the sub-
streams rates assigned to v;,, by all upstream instance of U(v;) as shown
in Eq. (4).

o;
Aoy = 2 M)k = 1,2, m,, . ©)
k=1

Stateful nodes often use a hash function to implement the grouping
function P(ds). The hash function can divide tuples with the same key
value into the same instance, there is no tuple with the same key value
in the substream that the upstream nodes sent to instances, and the sum
of the key range of each substream is equal to the key range of the
upstream output stream, as shown in Eqgs. (5) and (6).
ny;

() dsimkey) =Bm=1,2,....n, . (5)

i
m=1

ny,. ny.
v vj

1K= |dsgnikey)| = Y
m=1

m=1

K, |,dsg,(key) C K. (6)

Ujm

Each parallel instance needs to maintain the corresponding state, and
the memory space overhead of each instance maintenance status is pro-
portional to the size of the key domains it handled. Assuming that each
key value memory overhead indicates Mem(key).
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The total memory consumed by all downstream instances is propor-
tional to the size of the key range in the upstream nodes data stream,
which is also the minimum memory required by the downstream stateful
nodes to maintain their state, as shown in Eq. (7).

M (key) = |K| * mem(key), key € K. 7
2.3. Application latency model

The network latency LA(e,, ,, ) of the edge e, , represents the
time required to transfer a tuple between an instance v;, of nodes v; and
instance v;,, of nodes v;,and is related to the size b(v;;) of output data re-
balance of instance vy, the bandwidth band(e,,, ,, ), the communication
distance dis(evi Uim ),and Propagation rate p(eui k,v,m)-With the increase of
the system size, the system’s network latency increases with the various
communication distances. When the instance is transmitted in the same
process, the network latency is close to 0. When the instances are within
the same node, the network latency is related to the physical speed of
the node. When instances are at different nodes, the network latency
reaches the highest level, affected by the network bandwidth and prop-
agation rate, and at the same time, as the physical distance increases, as
shown in Eq. (8).

LA(eU‘kYUjm) -

A directed path from vy to v;,, can be described as oy’ The la-
tency of Puygvjm is calculated by Eq. (9), where LA(eu, k,v/m) denotes the
network latency, and LA(v;,,) denotes the processing latency, including
queuing time and computing time.

¢o = 0,if vy and v;,, on the same node,
bwy) isCCoyjm

band ey vn) | Do)

(8

) .
,otherwise.

LA(0ys0;) = LA(v},,) + LA(el,ik,Ujm). 9)

As shown in Eq. (10), v;, denotes the average latency between
instance v;;, and the downstream instances, where weight;, denotes
the probability that v, sends tuples to v;,. Furthermore weight,, +
weight;, + ... + weightk,,vj = lL,and LA(vy,v;,) will increase with the
increase of weight,,,. Therefore, you need to choose the appropriate
weighty,, so that LA (v, v;,) reaches the smallest level.

ny,
LA(vy.v;) = 2 weighty, X LA(Vj,Vjy ). (10)

m=1

2.4. Load skew model

In the distributed stream computing system, the indicators that affect
the load of the calculation node are mainly composed of CPU, memory
and bandwidth, and disk resources. In the node clusters, the node i load
calculation is shown in Eq. (11), where cpu;, mem;, band; and disk; repre-
sent CPU utilization, memory utilization, bandwidth utilization and disk
utilization respectively. The coefficients w, to w, represent the weights
of the corresponding resources,and w; + w, + w; + w, = 1.The load im-
balance is defined in Eq. (12).

load; = w, - cpu; + w, - mem; + wy - band; + wy - disk;, an
N |load; — load,,
ip=-L. z "—zmg 12)
N i=1 loadaug

For v; € V(G), the load imbalance is shown in Eq. (13).

& L(15) = Lag (%)
U ) — LU
LIB, = 1 S e 2 (13)
o=t (Lavg (07))
where L, (v;) denotes the average load of all "y, instances. Normally,
LIB, needs to meet the constraint LI B, € [LIByn, LI Byyy]. How-
ever, it is difficult and unnecessary to achieve optimal balance in the
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system, because it has the capacity to tolerate some load imbalance. In
our experimental environment, as the system load increases, CPU tends
to become the bottleneck earlier than memory, bandwidth, and disk.
Accordingly, it is assigned a relatively higher weight of 0.4 in the com-
posite node load metric, whereas each of the other resource types is
assigned a weight of 0.2. In general, these weights are intended to re-
flect the bottleneck sensitivity of different resources and can be adjusted
according to resource availability: the weight of a resource can be re-
duced when it is relatively abundant, and increased when it becomes
more constrained.

The definition of instance load is that with the increase of data, the
consumption of CPU, memory, and bandwidth increases [13]. There-
fore, for each instance v;, € v; , the load condition is calculated from
Eq. (14).

L(ujm,r) :num(vjm,r) X s 14

where num(v ims 7) is the number of accepted tuples, and u m 1S the pro-
cessing rate of v;,,.

At time 7, the average load L,,,(r) between instances of nodes v; is
shown in the Eq. (15), where "y, is the number of instances of nodes v e

ny,;

1
Log(®) =~ > LV 7). @15)
m=1
At time 7, the load imbalance of instance v im is shown in the Eq. (16).

‘L(Ujm,r) - LM(T))
Lavg(T) ’

The load imbalance between a set of parallel instances of nodes v,
is defined as the average load imbalance of all instances of downstream
nodes v;, as shown in Eq. (17).

LIB, ()= (16)

ny;
LIB, ()= % Z LIB,, (). 17)
j m=1
An effective stream rebalance mitigates load imbalance among in-
stances, which is helpful to reduce the latency and enhance the through-
put. The data stream rebalance optimization problem can be formalized
by Eq. (18):

min (LB, () and min(LA(vy.0,))
subject to LIB,,;,, < LIB, (v) < LIB,.

(18)

The current analysis focuses on modeling the latency and load factors
used in online routing decisions. Specifically, Eq. (9)-(10) characterize
the latency components considered by Sr-Stream, and Eq. (14)-(17) de-
fine the load and load-imbalance metrics used for adaptive key classifi-
cation and routing. Compared with PKG [6], which mainly addresses
skew through partial key grouping, Sr-Stream further incorporates net-
work latency and heterogeneous processing capacity into the routing
decision.

3. Sr-Stream: architecture and algorithms

In this section, we introduce the architecture of Sr-stream and fo-
cus on four core algorithms of rebalance strategy, which include key
frequency statistics, key frequency classification, latency awareness and
instance assignment.

3.1. Sr-Stream’s architecture

As shown in Fig. 3, Sr-Stream is implemented based on Apache
Storm. After an upstream instance generates an output tuple, the key
frequency statistics module first updates the frequency summary of the
tuple key. The key frequency classification module subsequently uses
the frequency summary to determine the key splitting degree, i.e., the
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Fig. 3. Sr-Stream’s architecture.

number of candidate downstream instances that can receive tuples as-
sociated with this key. After the candidate instance set is determined,
the latency awareness module further evaluates downstream instances
based on runtime metrics collected by the monitor, including network
latency, tuple arrival rate and processing rate, and generates an instance
weight table. Based on the candidate set and the corresponding weights,
the instance assignment module finally selects the target downstream
instance for the tuple.

In Fig. 3, the rebalancing strategy is a logical decision-making frame-
work rather than a centralized data processing node. Runtime statistics
are collected locally by the Monitor on each worker/executor, whereas
routing decisions are performed along the tuple emission path at the
upstream executor. Database is responsible for aggregating monitoring
summaries and maintaining the parameters required for rebalancing.

3.2. Key frequency statistics

Sr-Stream employs a key frequency statistics module to maintain on-
line estimates of key frequencies at runtime. When an output tuple is
generated by an upstream instance, the module first updates the fre-
quency summary of the corresponding key. In data stream .5, the total
number of current input tuples is defined as m. When the number of oc-
currences of key value k; in data stream .S is i, the empirical probability
of key value k; occurring in data stream S is defined as f;, = i/m. Then
the empirical probability distribution D of key values in the data stream
is shown in Eq. (19).

L
D=<fk1!fk2a-“vka>’§fki=1’L=|K|- 19

As shown in Fig. 4, the key frequency statistics module adopts a
two-level summary structure composed of a filter and a sketch. When a
tuple arrives, the module first checks whether its key is already stored
in the filter. If so, the frequency estimate of that key is updated directly;
otherwise, the sketch is used to update and estimate its frequency. The
filter is designed to retain high-frequency keys for more accurate track-
ing, while the sketch compactly summarizes the remaining keys with
bounded overhead. As shown in Algorithm 1, a time-decay operation
is applied to the maintained statistics so that the module can adapt to
changes in the stream distribution.
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ki
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Fig. 4. Key frequency statistics.

When the key value frequency in sketch is higher than the minimum
key value frequency in filter, data exchange occurs between filter and
sketch. The sketch type we used is the Count-Min Sketch (CMS) [14], be-
cause its minimum-counter frequency estimate with bounded one-sided
error is well suited for online hot-key detection and for comparing can-
didate keys with the minimum-frequency item in the filter during the
filter-sketch exchange. CMS occasionally identify false hot keys. How-
ever, the impact of such cases is limited: they may conservatively as-
sign non-hot keys to a larger candidate instance set, introducing a small
amount of additional routing overhead, but they do not affect the sys-
tem’s overall decision-making. Errors in filter only occur when data is
exchanged with sketch. So when the error in sketch is smaller, the fre-
quency statistics is more accurate. sketch uses d different hash functions
to build a key to matrix mapping. The frequency calculation in sketch
is shown in Eq. (20).

Vk; € K, fi, = ming g SIh, (k;)1, fi, = fr,- (20)

To ensure the accuracy of sketch, the accuracy parameter is defined
as ¢ and the error probability parameter is defined as §, then w= 2/¢
and d= log(1/5). With a probability of at least 1 — §, the error between
sketch’s estimated occurrence frequency and its true frequency for any
one element is less than ¢ times the sum of the true frequencies for all
elements. That is, assuming the key error of filter f; — f; = 0, the total
frequency of filter key value is F,. Therefore, the error expectation of
CAS in the two-tier statistical model is shown in Eq. (21).

IK]
E(f;(,.) = Z (f~k,. —Ji) fr, <el - F.)*. @n
i=|K|-C

Frequency statistics supports frequency search of key values. When
the key value is stored in filter, the average positioning search time is z,.
When the key value is stored in sketch, the first step is to iterate through
filter to determine whether the key value is in filter. If not, locate in
sketch and the search time is 7,. Therefore, the search time expectation
of the statistical model is shown in Eq. (22).

E(t,)=Fote+ (1= F) 1oty > 1. 22)

We utilize a time-decay method to adapt to changes in the data
stream. The time decay is achieved by multiplying all counts by « at
the end of time period T. It is calculated from Eq. (23).

G =C(T-xa,0<a<l, (23)

where C (T — 1) denotes the count in (T — 1) period, and « denotes the
decay factor. The key frequency is defined as the ratio of the count of the
key to the total count. « and T jointly control the trade-off between sta-
bility and responsiveness of the frequency summary. A larger « or longer
T preserves more historical information and yields smoother estimates,
while a smaller « or shorter T enables faster adaptation to workload
shifts at the cost of higher sensitivity to short-term fluctuations.

The key frequency statistics is defined in Algorithm 1. The input
is the output data stream ds, of upstream instances v;,, period time
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Algorithm 1 Key frequency statistics.

Input: data stream ds; of upstream v;;; period time 7.
Output: frequency f(k;) of key;

1: Get the current time ¢
2: if 1., —t),, > T then
3:  Update C, and C,,,, according to (23)
4:  Update t;,,, =t

5: end if

6: while key, in ds; do

7

8

cur*

if key, in the filter then

C,=C+1
9: else
10: if filter not full then
11: Add key; to filter, and update C, = 1 and O, = 0.
12: else
13: while line i in the sketch do
14: Use the hash function 4,(k) to get the column j of the key,.
15: C, = C, + 1 of column j
16: end while
17: C,, of key; is the minimum count of all line in the sketch.
18: end if
19: Get the minimum count C,’ in filter.
20: if ¢’ < C, then
21: Update sketch with (k/, C;, — Oy).
22: Add key; to filter, and update C, and O, in the filter to C, in
the sktech.
23: end if
24: endif

25: Ctoral = Ctota[ +1
26: end while
27: return C,/C,

otal

T. The output is frequency f(k;) of key;. When the tuple in the input
stream arrives, it will first check for the presence of the key value k
within the filter, and if so, C; is increased by 1; If it is not found and
filter does not reach the maximum capacity C, add k to filter and set C,,
to the initial values 1 and O, to O (lines 6-11); If the filter is full, the
algorithm uses hash functions to map k to the corresponding position
in row d of sketch and increases C;, by 1, and C, is the smallest in row
d (lines 12-18). When the number of occurrences of the k key value
in sketch is greater than the number of occurrences of the key value
in filter, use the replacement policy to exchange the two items of filter
and sketch (lines 19-24). Finally, add 1 to the total number of tuples.
According to the time decay model, when the time period ends, the time
decay calculation is performed on the number of keys in the key statistics
algorithm, and the time is updated (lines 1-5). The time complexity of
Algorithm 1 is O(n), where n is the size of the filter.

This design is scalable because the module does not maintain exact
counts for all keys. Instead, it uses a fixed-size filter and a bounded
sketch to keep frequency information online, so both memory usage and
update overhead remain manageable under high input rates and large
key spaces. Moreover, time decay is applied once per statistics period
rather than for every tuple.

3.3. Key frequency classification

The size of the tuple key range for all instances of upstream nodes
sent to downstream nodes is L = |K|. The key value k; € K is dis-
tributed to multiple instances, i.e., the set of candidate instances of k; is
Dy, = vy, 0y, ... S Vg, - The number of waiting instances assigned by key

valuek; isdy, = )Dk, ) Both the memory overhead M; which downstream
nodes needs to maintain state and the aggregation overhead AGG;, of key
splitting are positively correlated with the key splitting size, and the key
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splitting overhead is shown in Eq. (24).
O0;=f-M;+y-AGG,. (24)

We set a classification threshold 6 to classify key according to fre-
quency. When the low-frequency key is assigned to two candidate in-
stances, a suitable threshold 6 should be between 2/n and 1/5n [15],
where n denotes the number of downstream instances. Therefore, the
ideal system average load is 1/n. When the key frequency is higher than
the ideal load, it will result in load imbalance. Therefore, we initialize
the classification threshold 6 to 1/n and dynamically change the clas-
sification threshold 6 according to the load of downstream instances.

Algorithm 2 Key frequency classification.

Input: frequency f(k;) of key;; Threshold §; number of downstream
instances n; the maximum and minimum load imbalance LI B,
LBy,

Output: the number d of candidate instances for key;.

1: if f(k;) > 0 then

2:  Key, can be distributed to all downstream instances.

d=n

else

Key; can be distributed to two downstream instances.
d=2

end if

: Get the system load imbalance L1 B,,.

:if LIB, > LIB,,, then

10: 0=0/2

11: end if

12:if LIB, < LIB

13: 6=0+¢

14: end if

15: return d

max>

R A A

max

then

min

The key frequency classification is defined in Algorithm 2. The in-
put is frequency f(k;) of key;, Threshold 6, the number of downstream
instances n, the maximum and minimum load imbalance LIB,,,, and
LIB,;,. The output is the number d of candidate instances for key;.
When the key frequency is greater than the threshold 6, d is the to-
tal number of downstream instances n. When the key frequency is less
than the threshold 6, the candidate instance of the key value is 2 (lines
1-7). L1 B, is derived from periodic runtime statistics collected by the
monitor and computed according to Egs. (14)-(17). We initialize 6 as
1/n to align the splitting threshold with the average partition scale. The
bounded update band around this scale is used to avoid under-splitting
or over-splitting, while the asymmetric update rule (halving under high
imbalance and linear increase under low imbalance) is designed for fast
response and conservative recovery. When the system load imbalance
of a downstream instance is greater than the maximum load imbalance
defined by the application, the algorithm will halve the threshold 6 to
restore the system load balance. When the downstream instance load
imbalance is less than the minimum load imbalance defined by the ap-
plication, the algorithm linearly increases the threshold 6. The time com-
plexity of Algorithm 2 is O(1).

3.4. Latency awareness

Suppose the arrival rate of instance v;,, is 4,, and the processing rate
is p,,, where Pos = Aujm /Mjm- When p, > 1, the instance processing
speed is lower than the new tuple speed, and the instance waiting queue
accumulates more tuples as time progresses, resulting in infinite queuing
latencies. Conversely, when Py, < 1o tuples are processed faster than
tuples arrive. The average number of tuples E[L], ~and the average
queue length E [Lq]ujm can be calculated as shown in equations Eq. (25)
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and Eq. (26).
Vim
E[L],, = _’/1 My > Ay (25)
Ujm Vjm
},2
v
E[L)], =—"—— p, >4, . (26)
4%0m ”lljm(MUjm - )'U- ) S S

jm

We adopt an M /M /1-style approximation for latency estimation,
where the tuple arrival process is approximated as Poisson, the service
time is approximated as exponentially distributed, and each downstream
instance is modeled as a single-server queue under the stability condi-
tion A < u. This model is used for lightweight online latency estima-
tion and relative instance ranking in routing decisions. When the actual
workload deviates from these assumptions, e.g., under bursty arrivals
or non-exponential service times, the absolute accuracy of the estimated
latency may be affected, but the model still provides a practical approxi-
mation for online routing. The model captures heterogeneity in network
latency and effective processing capacity. CPU-side differences are re-
flected through the monitored processing rate, while memory effects are
indirectly reflected through processing-rate and queueing variations.

Based on the Erlang formula, the total time T of the tuple follows the
exponential distribution of parameter x — 4, and the overall processing
latency of the tuple includes the queuing time and the calculation time,
so the average processing latency LA(v;,,) and the average queuing la-

tency LA(v;,),, as shown in Eq. (27) and (28).
1
LA®vj,) = E[LA(;,)] = ————.u, > Aj,. 27)
u”jm - j'Jm "
LA(,,), = LA(v,,) o A (28)
Vipg = Vi) — —— = ——————,u, >4, .
jim)q jm o Mo, (”um — A i Vjm

Therefore, the completion time of tuples is related to the commu-
nication latency between upstream and downstream instances and the
processing latency of downstream instances. Monitors are placed on
each instance to detect the arrival rate and processing rate of the in-
stance. Assume that the downstream instance v;,,and upstream instance
;x> Network latency is LA(ey, ) The estimated latency of the tuple
from downstream instances to the end of instance processing is shown
in Eq. (29).

LAy, ;) = LA(eU,k’Ujm) + #,um > Avij (29)
Uik Ujm

In Sr-Stream, each upstream instance has its own grouping and
runs the rebalance algorithm. Therefore, for each upstream instance,
there is a local imbalance due to network latency. However, for
all upstream instances, a relative global balance will eventually be
reached. In order to reduce the influence of excessive local im-
balance on global balance, weight; LA(vy.,v;) = weight, LA(vy,v;,) =
... = weight, LA(vy, v;,) is made to reach the lower limit of local im-
balance on the basis of minimizing the communication volume between
instances with high communication latency. Therefore, the weights of
each downstream instance are calculated by Eq. (30).

(LA@ 071
T (LA )71

The latency awareness is defined in Algorithm 3. The input is the
upstream instance v;;, and the downstream instance set D,, and the out-
put is the downstream instance weight table of the instance. When the
system first starts running, the upstream instance obtains the commu-
nication time with all downstream instances and initializes the instance
weight to the reciprocal of the network latency (lines 2-5); then the
upstream instance periodically obtains the input of the downstream in-
stance rate and output rate, estimating instance processing latency based
on queuing model and network latency, and calculate the weight using
the inverse of the latency (lines 6-12). During initialization and runtime

weight; =

(30)
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Algorithm 3 Latency awareness.

Algorithm 4 Instance assignment.

Input: upstream instances v;;; downstream instances setD, .
Output: weight table weighi[1, ... ,nv/] .

1: while instance v;,, in D,, do

2:  Get the network latency LA(ey, v,,,)-
3:  Initialize weight[m] by reciprocal of LA(eu,k,uj,,,)-

4:  Normalizes weight[1,...,n, ] according to (30).

5:  Sort weight[1, ... oyl by weight in a descending sequence.
6: end while

7: if monitoring information arrives then

8:  while instance v;,, in D, do

9

: Get the network latenc/y LACey, ,,,)-
10: Get data input rate Ao and processing rate Hy,,-
11: Update weight[m] from vy to v}, by reciprocal of (29).
12: Normalizes weight[1, ..., n, ] according to (30).
13: Sort weight[1, ... 2y, ] by weight in a descending sequence.
14: end while
15: end if

16: return weight[l, ... ’n”j]

< vj1.0.4 > <€ vj2,0.3

Ple3.0.15—>|—12.0.15->)]

r=05 target = v;2

Fig. 5. Weighted randomized instance selection.

adjustment, the algorithm normalizes the weights and sorts the weight
table from large to small. The time complexity of Algorithm 3 is O(n),
where n is the total number of downstream instances.

3.5. Instance assignment

An example of random distribution of weights is shown in Fig 5. First
of all, a random number r is 0.5, the weight of v;; is 0.4, at this time
r-0.4=0.1>0, v;, is not selected. When the weight of v;; is 0.3, at this
time 0.1-0.3 <0, the random number r falls in the weight interval of v,,
then the target instance is v,.

The instance assignment is defined in Algorithm 4. The input is the
output data stream ds; of the upstream instances v;, and the down-
stream instance set D, , and the output is the target instance v, of
each tuple. When the tuple arrives, the instance weight table of the cur-
rent time period is first obtained according to Algorithm 3, and then the
number of candidate instances of the tuple is calculated according to
Algorithm 1 and 2. When the number of instances, d, equals the total
number of downstream instances, n, the candidate instance set com-
prises all downstream instances. A random number between 0 and 1 is
selected and the instance weight table is traversed. When the random
number falls within the weight interval of an instance, that instance will
be the target instance (lines 1-13). When the number of instances d is 2,
two independent random hash functions are used to calculate the can-
didate instances weight[vj,,l(k)] and weight[ijz(k)] of the key value in
the downstream instance. A random number is selected between 0 and
the sum of weights of the two candidate instances, and when the ran-
dom number falls within the weight interval of an instance, that instance
will be the target instance (lines 14-25). Finally, the upstream instance
distributes the tuple to the target instance target.

4. Sr-Stream implementation

We implement Sr-Stream system building upon the analysis and al-
gorithms described in the above section. In this section, we present the
implementation details of Sr-Stream.

The monitor mainly performs statistical operations on the runtime
state of the system in real-time, and provides the status information

Input: data stream ds; of upstream v;;; downstream instances set D,..
Output: target instance v;,, of each tuple.

1: Get weight[1, ... ,nuj] by algorithms 3.

2: while key; of tuple d¢; in ds; do

3:  Get the number d of candidate instances by algorithms 1 and 2.
4: if d == n then
5 Candidate instances are all downstream instances.
6: Select a random number r from O to 1.
7 while instance v;,, in D, do
8 Update r = r — weight[v,,].
9: if r <0 then
10: Assign tuple dt; to instance v;,,.
11: Break.
12: end if
13: end while
14: else
15: while d = 1,2 do
16: Use hash function H,(k) to determine candidate instances
UjH (k)
17: end while
18: Select a random number r from 0 to the sum of weight[v ; Hl(k)]
and weight[v; g, o
19: if r < weight[ijl(k)] then
20: Assign tuple dt; to instance weight[v; ).
21: else
22: Assign tuple dt; to instance weight[v; g, )l
23: end if
24: end if

25: end while
26: return target instance v;,, of each tuple

required by the data stream grouping to the grouping. Runtime mon-
itoring metrics are periodically stored in the database. After recovery,
Sr-Stream re-initializes the metrics based on the latest monitored infor-
mation, while the frequency summary is rebuilt from subsequent stream
observations. System run statistics in Storm are updated using a slid-
ing window, sampling and measuring the number of tuples received
and processed by each executor in the time window, as well as the la-
tency. Worker nodes report heartbeats to Zookeeper, and Nimbus dis-
plays them on the Storm Ul In addition, Storm provides built-in statis-
tics on which the Sr-Stream monitors operate. The monitor needs to
obtain the network latency between the upper and lower instances, the
input rate and the processing rate of the downstream instances. The in-
put stream rates and output rates returned to the downstream instance
are calculated by calling the associated classes of Storm’s IMetric inter-
face.

The hostnames and port assignments of upstream and downstream
instances are obtained by invoking the relevant methods of context, and
the network latency of upstream and downstream instances is obtained
by using the measurement tool. When the system is running, the sys-
tem first creates and registers the context object of the task with the
statistics. Then a timer is set in the executor that sends the timing infor-
mation to the task on time. When the task receives the scheduled infor-
mation, it sends the statistical information. The upstream instance re-
ceives runtime information from the downstream instance every 30 sec-
onds. This period is chosen as a trade-off between monitoring overhead
and adaptation responsiveness. A shorter period enables faster updates
of LIB, 6, and routing parameters, but increases control overhead and
sensitivity to short-term fluctuations; a longer period reduces overhead
and smooths the statistics, but may delay adaptation to rapid workload
changes.

The rebalance strategy, which is the core of Sr-Stream, mainly
implements custom grouping through the CustomStreamGrouping
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Table 1
Hardware configuration of computing nodes in the clus-
ter.

Type  CPUcores Memory  Bandwidth  Disk

1 2 vCPUs 2GB 100 Mbps 20 GB

2 1 vCPU 1GB 100 Mbps 20 GB

S P

Fig. 6. The logical topology of WC.

interface and has two main parameters. The first parameter is compo-
nentld, which represents the id of the upstream component. The second
parameter is the object ‘SrGrouping‘ of a custom grouping class. The
preparation and chooseTasks methods of ‘SrGrouping‘ are mainly imple-
mented. The prepare method parameters include topology information,
data stream id, and downstream instance set. The prepare method is
used to initialize group information. chooseTasks returns the target in-
stance of the data grouping. In chooseTasks, a custom calculateWeight()
is first used to calculate the weight of all downstream instances from run-
time information. The key frequency is then calculated using the Coun-
terData() method of the object of the CounterAndSketch class based on
the key of the current tuple, and the number of candidate instances of
the tuple is determined by the threshold and frequency. Then, the can-
didate instance set of all downstream instances is calculated according
to the number of candidate instances, and targetTaskId is randomly se-
lected according to the weight in the candidate instances.

The additional overhead introduced by Sr-Stream comes from online
frequency-summary maintenance, periodic collection/reporting of mon-
itoring information, and periodic updates of routing parameters. These
modules do not process the actual tuple stream in a centralized manner;
instead, the actual tuples are still transmitted directly between executors
along the normal data path. Therefore, Sr-Stream does not introduce a
new single-point data-plane bottleneck. Moreover, since the frequency
summary is maintained using a fixed-size filter and a bounded sketch,
and the monitoring/parameter updates are triggered periodically rather
than through per-tuple global synchronization, the extra runtime over-
head remains manageable in practice.

5. Performance evaluation

This section focuses on the comparison experiments of Sr-Stream,
key grouping (KG), partial key grouping (PKG), FlexSP [16] and
FISH [17]. The experimental part includes the comparison of system
performance at input rate of 4000 tuples/s and parallelism level of 16,
and the comparison of system latency, throughput, and load imbalance
at different parallelism levels and input rates [18].

5.1. Experimental environment

The computing cluster is composed of 9 computing nodes, which are
divided into two types. Among them, one node is the master node to
support Nimbus, and other nodes process service logic as slave nodes.
Zookeeper is built on three nodes of the primary and secondary nodes
and is responsible for the coordination between the primary and sec-
ondary nodes. The hardware configuration is shown in Table 1, and
Table 2 lists the software configuration. The heterogeneous configura-
tions in Table 1 provide the basis for runtime performance differences
across cluster nodes. In the evaluation, we focus on the end-to-end be-
havior of Sr-Stream under such heterogeneous deployment. Sr-Stream
exploits this heterogeneity through routing decisions based on moni-
tored processing rates and network latency.

The experiments used Amazon reviews dataset [19] for WordCount
(WC) application, and on-demand ride-hailing dataset [20] for Road

Journal of Parallel and Distributed Computing 219 (2027) 105362

Table 2
Software configuration of the clus-
ter.
Software Version
Storm apache-storm-2.1.0
oS Ubuntu 20.04.1 64bit
Python python 2.7.2
Zookeeper  zookeeper-3.4.14
MySQL MySQL-5.1.73
JDK jdk1.8 64bit
Vimap Vdecount

Vdetect

Fig. 7. The instance topology of RCD.
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Fig. 8. Real-time latency of WC under stable input rate and parallelism level.

Condition Detection (RCD) application [21]. The data records from the
datasets are emitted as input tuples to emulate realistic skewed key dis-
tributions. As illustrated in Fig. 6, the topology of WordCount consists of
three nodes, v,oqq5 Ugprir AN Vg Upeqq T€AAS the data records and sent
them to the downstream instances, v,,;, splits each data record into indi-
vidual words, and v,.,,,, counts the occurrences of each word and outputs
the results in real time. The instance topology of RCD includes 4 nodes,
as shown in Fig. 7, where v;,,,, inputs records containing taxi ID, GPS
location, and timestamp. v,,,, maps the GPS coordinates of each record
onto a map grid. v ..., counts and deduplicates the number of distinct
taxi IDs in each region. v,,,., computes the taxi count for each region
and compares it against a predefined threshold; when the threshold is
exceeded, a road congestion detection result is generated.

5.2. Latency performance

The real-time latency of Sr-Stream and the baselines is shown in
Fig. 8 (WC) and Fig. 9 (RCD). At the beginning of the system opera-
tion, there was a high latency due to loading of the configuration file,
task allocation and instance startup. However, Sr-Stream was signifi-
cantly better than the baselines. As time goes on, the latency gradually
decreases and tends to stabilize. Within 20 to 30 minutes, for WC, the
latency of Sr-Stream is approximately 37.50 ms, the latency of KG, PKG,
FlexSP and FISH are approximately 205.80 ms, 140.30 ms, 96.00 ms and
75.40 ms, respectively.

The same trend is exhibited for RCD. The final latency of Sr-Stream
and the baselines are 112.01 ms, 350.76 ms (KG), 269.98 ms (PKG),
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Fig. 9. Real-time latency of RCD under stable input rate and parallelism level.
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Fig. 10. Average latency of WC under different parallelism levels.
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Fig. 11. Average latency of RCD under different parallelism levels.

234.70 ms (FlexSP) and 188.02 ms (FISH), respectively. Although PKG
mitigates hot-key skew through its partitioning mechanism, it does not
consider network latency or instances’ processing capabilities. In con-
trast, Sr-Stream adaptively adjusts the candidate instance set based on
key frequency and determines routing decisions according to runtime
metrics, thereby delivering better latency performance. Compared with
the baselines, Sr-Stream decreases the real-time latency by approxi-
mately 50.92-81% for WC, and 40.43-68% for RCD.

The average latency under different parallelism levels is shown in
Fig. 10 (WC) and Fig. 11 (RCD). When the parallelism level is 8, com-
pared to baselines, Sr-Stream reduces the average latency by approx-
imately 11.07-65.52% for WC, and reduces the average latency by
up to 15.53% for RCD. As parallelism increases, Sr-Stream achieves
better latency performance than the baselines. When the parallelism
level is 32, Sr-Stream reduces the average latency by approximately
39.03-71.29% for WC, and reduces the average latency by approxi-
mately 36.38-49.56% for RCD.

The average latency at different input rates is shown in Fig. 12 (WC)
and Fig. 13 (RCD). The average latency of Sr-Stream at different rates
is significantly reduced compared with the baselines. At an input rate
of 5000 tuples/s, the average latency of Sr-Stream is 22.31 ms for WC,
which is 18.93-71.26% lower than those of baselines. When the input
rate is 10,000 tuples/s, the average latency of Sr-Stream is 32.11 ms,
which reduces average latency by 53.31-84.43% compared to baselines.
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Fig. 14. Real-time throughput of WC under stable input rate and parallelism
level.

When the input rate is 15,000 tuples/s, Sr-Stream reduces the average la-
tency by 38.65-79.5%. The same trend is exhibited for RCD. Compared
to baselines, Sr-Stream reduces the average latency by 22.35-47.87%,
34.22-61.47% and 30.49-61.08% under the input rates of 5000, 10000,
and 15,000 tuples/s, respectively. It can be concluded from the experi-
ment that when the system reaches stability, the latency of Sr-Stream is
remarkably lower than those of baselines. Due to its elasticity, Sr-Stream
can adapt to different parallelism levels and different input rates.

5.3. Throughput performance

The real-time throughput is shown in Fig. 14 (WC) and Fig. 15 (RCD).
Sr-Stream is less affected by system startup, and the throughput is re-
markably higher than those of baselines. After 5 minutes of operating
WG, the real-time throughput of Sr-Stream, KG, PKG, FlexSP and FISH
are 8323.51, 3915.85, 5829.61, 5740.21 and 6922.79 tuples/s, respec-
tively. In addition, Sr-Stream is more stable at runtime, with roughly the
same throughput between 5-30 minutes, while the baselines fluctuate
more. For RCD, Sr-Stream’s final throughput is 7289.56 tuples/s, com-
pared to those of baselines, Sr-Stream increases the final throughput by
23.61-117.32%.

Fig. 16 (WC) and Fig. 17 (RCD) show the average throughput com-
parison when the parallelism level is adjusted. When the parallelism
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Fig. 15. Real-time throughput of RCD under stable input rate and parallelism
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Fig. 16. Average throughput of WC at different parallelism levels.
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Fig. 17. Average throughput of RCD under different parallelism levels.

level is 8, both of running WC and RCD, the average throughputs across
all five methods is comparable. When parallelism is 16, the average
throughputs of Sr-Stream is 8253.2 tuples/s for WC, and 6889.54 tu-
ples/s for RCD. Compared to baselines, Sr-Stream increases the average
throughput by 12.73-85.50% and 14.35-132.38% for WC and RCD,
respectively. As parallelism level further increases, the throughput im-
provement achieved by Sr-Stream becomes more pronounced. At 32
parallelism level, the average throughputs of Sr-Stream are 13492.9 tu-
ples/s for WC, 11634.25 tuples/s for RCD, which achieve improvements
of 1.34-2.57 x for WC and 1.36-2.1x for RCD compared to the baselines.
Fig. 18 (WC) and Fig. 19 (RCD) show the average system through-
put comparison when the input stream rate is adjusted, which exhibit
that the average throughput increases with the increasing of input rate.
When the input rate is 5000 tuples/s, the average throughput of Sr-
Stream and the baselines at the same level due to the low system load.
As the input rate increases to 10,000 tuples/s, the average throughput
of Sr-Stream is 8243.51 tuples/s for WC and 6359.42 tuples/s for RCD.
Compared to the baselines, Sr-Stream increases the average throughput
by 12.49-86.81% for WC, and 8.31-122.82% for RCD. At a higher input
rate of 15,000 tuples/s, the average throughput of Sr-Stream is 12461.08
tuples/s for WC, and 10785.65 tuples/s for RCD, which achieve im-
provement of 1.63-2.75x for WC and 1.76-3.66x for RCD. This is be-
cause at high input rates, the baselines are limited by slow instances,
limiting the input rate, while Sr-Stream makes better use of resources,
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Fig. 20. Real-time load imbalance of WC under stable input rate and parallelism
level.

has not yet reached the processing limit, and can continue to process
the input tuples.

The experiment proves that Sr-Stream improves system throughput.
Especially when the system processing rate is low or the input rate is
high, the baselines are stuck in a bottleneck, and Sr-Stream can still
work normally.

5.4. Load imbalance performance

At the parallelism level is 16, the real-time load imbalance is shown
in Fig. 20 (WC) and Fig. 21 (RCD). Sr-Stream’s real-time load imbalances
are remarkably lower than KG, PKG and FlexSP, and slightly lower than
FISH. Initially, the load imbalance of KG and PKG increased due to data
skew. Due to key statistics do not accurately reflect the true distribution,
FlexSP exhibited relatively high load imbalance. As the system gradu-
ally collects more accurate workload and tuples are routed to the least-
loaded instance, the load imbalance reduced. As the system operates,
Sr-Stream’s real-time system imbalance eventually stabilizes at around
0.21 for WC, and converges to around 0.27 for RCD. Compared to base-
lines, Sr-Stream reduces the real-time imbalance by 6.2-77.04% for WC,
and 11.50-71.26% for RCD.

Fig. 22 (WC) and Fig. 23 (RCD) show the average load imbalance
with adjusted parallelism levels. When parallelism level is 8, the aver-
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Fig. 23. Average load imbalance of RCD under different parallelism levels.

age load imbalance of Sr-Stream is 0.081 for WC and 0.164 for RCD.
Compared to baselines, Sr-Stream reduces the average load imbalance
by 53.98-85.21% for WC and 31.61-72.85% for RCD. As parallelism in-
creases, the load imbalance of all methods rises, with KG exhibiting the
largest increase. In contrast, Sr-Stream achieves the smallest increase.
When the parallelism level reaches to 32, the average load imbalance
of Sr-Stream is 0.327 for WC and 0.421 for RCD. Among the baselines,
the lowest load imbalance (FISH) is 0.495 for WC and 0.546 for RCD.
Compared to baselines, Sr-Stream reduces the average load imbalance
at least 33.94% for WC, and at least 22.89% for RCD.

Fig. 24 (WC) and Fig. 25 (RCD) show the load imbalance comparison
for changed parallelism level and data stream skewness. Both the paral-
lelism level is 8 and 32, all methods exhibit increasing load imbalance as
the skewness level grows. Among them, KG exhibits the largest increase,
reaching 3.927 and 3.988 for WC and RCD, respectively (parallelism
level is 8). As the parallelism level changed to 32, the load imbalance of
all methods is exacerbated. However, Sr-Stream maintains a relatively
low level of load imbalance compared to the baselines. Even at a paral-
lelism level of 32, Sr-Stream maintains load imbalance values of 2.248
for WC and 2.536 for RCD at a skewness of 2.0. Compared to baselines,
Sr-Stream reduces the load imbalance by up to 99.46% (compared to
KG, at parallelism level is 8 and skewness level is 1.0 for WC), and at
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Fig. 24. Load imbalance of WC under different skewness levels:(a) at paral-
lelism of 8;(b) at parallelism of 32.

least 8.34% (compared to FISH, at parallelism level is 8 and skewness
level is 1.2 for RCD).

The experiment proves that the system load imbalance is closely re-
lated to the degree of parallelism of the system. When parallelism level
increases, the load imbalance resulting from data skew becomes more
pronounced. Within a certain range of load balance, Sr-Stream can ef-
fectively mitigate the load imbalance problem resulting from data skew,
and is noticeably better than baselines.

6. Related work

In this section, we review three categories of related works: state
management, data stream grouping and load balance.

6.1. State management

In the stream computing topology, nodes are divided into stateful
nodes and stateless nodes according to whether there is a dependency
between the current processing result and the previous processing re-
sult [22,23].

Many distributed stream processing systems do not support state
management, such as Heron and early versions of Storm. The later ver-
sions of Storm use Trident which leverages hash tables to store state, but
with certain limitations. In some systems, the state is separated from the
application logic and centralized in a remote database [24], periodically
checking state to achieve fault tolerance. Other systems combine “soft
state” stored in memory data structures with “hard state” stored in disk
data for state management, such as Flink and Kafka. Therefore, state
management is a very important and non-trivial work in distributed
stream calculation.

Distributed stream processing systems are often dynamically scaled
or imbalanced due to data fluctuations, system failures, etc. For state-
ful nodes, when parallel tasks change, state transition is required [5].
Initially, distributed stream processing systems paused entire system op-
erations during state migration to maintain state consistency. Although
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this scheme is very simple, it creates a latency peak during the migra-
tion. Therefore, Flux only suspends node instances that require state
migration to reduce latency peaks. However, if the node is a critical
component in the topology, this operation is also equivalent to pausing
the entire topology.

There are two most commonly used grouping strategies in dis-
tributed stream processing systems, namely random grouping (SG) and
key grouping (KG). For stateful nodes, SG can effectively achieve data-
level load balance, but the state of all key values needs to be saved in
each downstream instance. The number of key values in the data stream
is enormous, resulting in high memory cost and limited scalability. KG
can store the state according to the key value, and when the system
changes, the number of states that needs to be processed is small, and
only a part of the state needs to be processed on the old instance. How-
ever, when the data skew is large, key grouping distributes all the data
of high-frequency key values to the same instance for processing. As a
result, the load of a single downstream instance is much higher than
that of other instances, which greatly affects the system performance.

6.2. Data stream grouping

In distributed stream computing, data grouping usually occurs at any
stage of topology execution. When the previous stage instance has pro-
cessed a tuple, it needs to send the output to the next stage instance
through a grouping strategy. Currently, there is a wide range of research
in distributed stream processing systems to address the load balance
problem in parallel instances.

In order to solve the workload skew caused by data stream distri-
bution, grouping function (GF) [25] proposes that using stateful data
parallelism to improve throughput. However, when the content of the
high-frequency key value changes rapidly, the grouping function will
also need to be updated. Frequent migration can incur significant over-
head if updates are made. If not updated, the system performance will
be affected.
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DKG [31] proposed a distribution-aware Key Grouping that is calcu-
lated for input streams with skewed Distribution characteristics. How-
ever, the learning algorithm is offline and cannot adapt to the changing
data stream.

The hybrid grouping strategy(HGS) [26] based on key load division
adopts the data distribution method combining hash function and rout-
ing table. Two grouping algorithms, ELB and CLB [27], based on the two
optimization objectives of load balance of stateful nodes, are proposed
to minimize load imbalance and minimize state migration overhead re-
spectively.

The load imbalance problem arising from data skew is mitigated by
Partial Key Grouping (PKG) [6] which employs two techniques: key
grouping and local load estimation. This allows for adaptation to data
skew using the classic “power of two choices”. Recognizing that only two
candidate instances for some high-frequency key values are not enough
to solve the skew problem, D-Choices and W-Choices [15] introduced
a grouping scheme based on key frequency.

To solve the unreliability of local load estimation in PKG, BPG [29]
proposed a Back Propagation Grouping strategy. To address the problem
of hotkeys changing over time, FISH [17] proposed a new load grouping
mechanism.

Subsequently, PStream [21] proposed a pop-aware differentiated
distributed stream processing system, which uses random grouping to
assign hot keys and hash functions to assign uncommon key values.

PFG [30] proposed a sketch-based pre-filtered grouping algorithm
that utilizes a heavy-hit algorithm to monitor items in the data stream.
Although PFG splits the high-frequency key values, it only considers the
local load when the low-frequency key is distributed, and does not con-
sider the load change when the high-frequency key value is distributed.
In addition, pre-filtering algorithm of PFG cannot accurately predict the
change of key frequency in real-time, and the identification of high-
frequency key value is biased.

The local sensing grouping algorithm mainly improves the system
performance according to the network communication time between
upstream and downstream instances in the state stream. Squirrel [28]
proposed a network-aware grouping framework to enhance system per-
formance at different network distances. While Squirrel effectively re-
duces latency and improves system throughput compared with the basic
grouping algorithm, for key grouping, the key values of high-load in-
stances are randomly distributed to other instances, which does not meet
the requirements of state storage in stateful data stream. A comparative
summary of our work with other closely related studies is presented in
Table 3.

6.3. Load balance

To optimize the data processing capacity and resource utilization,
the distributed system tries its best to divide the workload into multi-
ple parallel processing units for processing, so as to complete the work
task cooperatively. However, due to various complex scenarios and data
processing, load balance has become a major challenge for distributed
systems.

The existing load balance algorithms are mainly divided into static
and dynamic types. Static load balance algorithms assign tasks in a fixed
way, regardless of the state of different nodes in the system. This method
is easy to implement and has low time complexity and high task ef-
ficiency. Common algorithms include polling method [32], random
method [33], hash method [34] and weight method [35], etc. Al-
though polling method and random method equally allocate the number
of tasks, they are only applicable to nodes with the same performance. If
the performance of a node is poor, the bucket effect may occur, causing
resource waste on other nodes and system faults. The weighting method
assigns the weight based on the initial state of the nodes in the system,
and then select the assignment task with the greatest weight, such as
weighted polling and weighted random. However, these methods can
not adapt well to the load changes caused by the data fluctuation and
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Table 3
Comparison of Sr-Stream and related work.
Method Capability
State Management Dynamic Adaptation Load Balance Network Latency Cost Saving
GF [25] X X v X X
HGS [26] X v v X X
ELB [27] X v v X X
PKG [6] X v v X X
D-Choices [15] X v v X X
Squirrel [28] X v X v v
BPG [29] X X v X X
FISH [17] X v v X X
PStream [21] X v v X X
PFG [30] X v v X X
v v v v v

Sr-Stream (ours)

the difference of node processing capacity in the distributed stream com-
puting system, and can not meet the requirements of load balance.

The dynamic load balance algorithms distribute tasks according to
the real-time state of the system runtime. Common dynamic load bal-
ance algorithms include the least connection method [36], the short-
est response time [37], and the dynamic weight method [38]. The
least connected method sends new tasks to the least connected node, it
considers the load of the current node, and monitors the total number
of concurrent task connections. The shortest response time only takes
into account the response time of the processing node. When the sys-
tem is running, the task is preferentially sent to the node that provides
the fastest response time, but the response time must be measured con-
tinuously with the time. The dynamic weight method mainly assigns a
weight to each node according to the real-time data of the node’s current
load and capacity in real time, and the weight is constantly changing.

Therefore, in contrast with the static load balance algorithm, the
dynamic load balance algorithm needs to monitor the running state of
the system in real-time and determine task allocation according to the
load changes of each node. Although the algorithm is more complex, it
is more suitable for distributed stream computing system to deal with
dynamic data stream.

In addition, in a distributed stream computing system, the workload
of instances is dynamically adjusted from multiple perspectives, such
as resource scheduling [39-41], parallelism scaling [42-45] and load
migration. Resource tuning is used to allocate appropriate resources
for computing tasks while the system is running. When the comput-
ing task load is high, more resources are allocated. Parallelism scal-
ing means that when the system is running, the appropriate degree
of parallelism is set for each stage of the computing task. If the per-
formance of a computing task in a certain phase does not meet the
requirements, increase the parallelism of the computing task in this
phase. Load migration is a migration policy. When the load of a com-
puting task is too heavy, the load of the computing task is transferred
to other nodes with lighter load in the system according to a certain
policy.

7. Conclusions and future work

In this paper, we proposed Sr-Stream, a skewed stream rebalance
strategy for elastic stateful stream processing systems. Sr-Stream in-
tegrates online key frequency statistics, dynamic key splitting, and
latency-aware instance assignment to mitigate data skew and improve
routing decisions under distributed deployment. Specifically, it uses a
two-level frequency summary structure to track key frequency dynam-
ics, adjusts the splitting degree of keys according to their observed fre-
quencies and load imbalance, and further incorporates network latency
and instance processing capability into the routing process. It has been
confirmed that Sr-Stream performs well in latency, throughput, and sys-
tem load imbalance compared with other rebalance algorithms, and has

13

excellent elasticity and stability, it significantly improves the overall
system performance.

In future work, we will explore how to ensure a minimum load im-
balance without splitting key values while deploying the entire topology
on a cluster. The state management overhead caused by the reduction
or increase of candidate instances of a key value is also a consideration.
Additionally, we will further strengthen the theoretical analysis of Sr-
Stream by deriving formal bounds for key performance metrics such as
load imbalance and tail latency.
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