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Complex event processing (CEP) detects situations of interest by evaluating queries over event streams. Once
CEP is used in networked applications, the distribution of query evaluation among the event sources enables
performance optimization. Instead of collecting all events at one location for query evaluation, sub-queries are
placed at network nodes to reduce the data transmission overhead. Yet, existing techniques either place such
sub-queries at exactly one node, which neglects the benefits of truly distributed evaluation, or are agnostic to
the network structure, which ignores transmission costs due to the absence of direct network links.

To overcome the above limitations, we propose INEV graphs for in-network evaluation of CEP queries
with rich semantics, including Kleene closure and negation. Our idea is to introduce fine-granular routing
of partial results of sub-queries as an additional degree of freedom in query evaluation: We exploit events
already disseminated in the network as part of one sub-query, when evaluating another one. We show how
to instantiate INEv graphs by splitting a query workload into sub-queries, placing them at network nodes,
and forwarding of their results to other nodes. Also, we characterize INEv graphs that guarantee correct and
complete query evaluation, and discuss their construction based on a cost model that unifies transmission
and processing latency. Our experimental results indicate that INEv graphs can reduce transmission costs for
distributed CEP by up to eight orders of magnitude compared to baseline strategies.
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1 INTRODUCTION

Complex event processing (CEP) comprises models and methods to evaluate queries over streams
of event data [26]. It enables the detection of situations of interest in applications that span, for
instance, electrical grids [23], finance [46], and urban transportation [10]. In essence, a CEP query
matches a pattern of events, characterized in terms of the types of events, their ordering, and a
time window.

Adopting CEP in networked applications that integrate multiple event sources (e.g., smart meters
or payment terminals) [44] induces a design space related to the location of query evaluation:

A centralized model evaluates queries at a single network node over a unified stream [26] and,
hence, it suffers from limited scalability: It requires sending all events over the network, although
most of them are not required to construct the matches of a query.
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Fig. 1. Motivating example for in-network evaluation of CEP queries.

A distributed model exploits event processing capabilities of network nodes [24] and reduces data
transmission by assigning (partial) queries to them. The construction of a respective evaluation
plan is challenging, though, due to the large search space induced by the following design choices:

D1: How to split a query workload for distribution: One may consider queries in isolation [45],
take into account sharing opportunities between queries [37], split each query according to
its operator hierarchy [24], or consider query rewritings [5, 42].

D2: How to place (sub-)queries in the network: For a query, one may consider single-node [22, 35]
or multi-node placements [5, 6].

D3: How to forward query matches between network nodes to assemble the matches: Here, one
may assume direct links between all nodes [6] or consider the network topology [24, 35].

The design choices shall be taken such that query evaluation is correct and complete, stays within
a certain latency bound, and minimizes the data transmission between nodes. Yet, already the
optimization of the placement of operators is an NP-hard problem [12].

There is a notable research gap, since exploration of the above design space has been limited.
Specifically, Flouris et al. [24] incorporate solely simple splits of a query and single-node placements.
These limitations are addressed by MuSE graphs [5] that feature query rewritings and multi-node
placements, but neglect the network topology and assume that all nodes can communicate directly.

In this paper, we address this gap with a novel model for in-network evaluation of CEP workloads.
It is based on the following insight: To exploit the optimization potential of query rewritings and
multi-node placements under arbitrary network topologies, fine-granular forwarding of partial
matches of sub-queries is required. Compared to existing work on distributed CEP, we hence add
an additional degree of freedom in query evaluation to leverage the dissemination structure of
events in the network:

o We propose INEv graphs as a model for in-network evaluation of a CEP workload. INEv graphs
include an explicit selection of partial matches for forwarding between nodes.

o We formally show correctness and completeness of the model, and provide a cost model to
reason on its efficiency.

o We present an algorithm to construct an efficient INEv graph, which approximates an intractable
optimal solution and exploits sharing opportunities between multiple queries. We also present
strategies for adapting INEv graphs to react to network changes.

We evaluate INEv graphs in simulation experiments and with an implementation that is based on a
framework for distributed computing. Our results indicate that INEv graphs reduce transmission
costs by up to eight orders of magnitude compared to baseline strategies.

In the remainder, we first provide a motivating example (§2), give preliminaries of distributed
CEP (§3), and formalize the addressed problem (§4). We then introduce INEv graphs for in-network
evaluation of CEP queries and study their properties (§5), before turning to their construction (§6).
Finally, we discuss experimental results (§7), review related work (§8), and conclude the paper (§9).
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2 MOTIVATING EXAMPLE

Consider a networked application in the context of smart grids, i.e., demand response (DR) manage-
ment [27]. Here, consumers shall react to requests by a utility to reduce their energy consumption
for a certain time period to avoid costly handling of peak demands. CEP may help to monitor these
responses and enables immediate reaction in case of non-conforming behaviour [38].

Fig. 1 illustrates a network of event sources, where a controller (node 1) generates events about
DR requests (events of type A). The other nodes denote consumers, classified as households (nodes
3-9) that report their base consumption (B). Some households are linked to further devices (nodes
2, 10-12), such as charging points for vehicles, that schedule energy consumption for short (C) and
long (D) durations. The rates of event generation differ. DR requests (A) occurr with a much lower
rate than consumption events (B-D).

For monitoring responses to DR requests, a workload Q of CEP queries, such as ¢; and ¢; in
Fig. 1, is evaluated. The queries detect patterns of events representing requests (A) and subsequent
events about current (B) and scheduled (C, D) consumption.

Centralized model. For centralized evaluation, all relevant events are gathered at one node.
Aiming at minimal transmission costs, the node that generates the largest portion of the relevant
events and has the shortest distance to other nodes qualifies for query evaluation. In our example,
node 6 is suitable, as it generates events of two types (B, D) and is the most central node in the
network. The transmission cost of centralized query evaluation at node 6 is given by the rates of
the event types and the number of hops that the respective events need to be sent over the network,
ie,3-r(A)+12-r(B)+8-r(C)+2-r(D).

Distributed models. Query evaluation as sketched in plans I and II realizes distributed CEP.
The plans incorporate query rewriting when splitting the queries for distribution, i.e., queries q;
and g, are evaluated based on the sub-query SEQ(A, C). Using SEQ(A, C), which is not part of the
operator hierarchy of ¢, for the evaluation of both queries also leverages sharing opportunities for
q1 and qz. The plans adopt a multi-node placement, i.e., SEQ(A, C) is placed at all source nodes of C
events (2, 10, 12). As these events occur with a high rate, sending the rare A events to sources of C
reduces transmission costs compared to a single-node placement of SEQ(A, C).

Yet, a simple mechanisms to forward query results yields superfluous data transmission. In plan
I, which forwards A events to each node evaluating sub-query SEQ(A, C) via the shortest path
(as illustrated with dashed arrows), the results of sub-query SEQ(A, C) and all B and D events are
forwarded to node 6, which evaluates the queries g; and g,. This plan has a transmission cost of
8-r(A)+8-r(SEQ(A,C))+12-r(B) +2-r(D), thereby improving over the centralized evaluation plan
(no transmission of high-rate C events). However, the plan ignores the potential for optimization
that is induced by the A events already disseminated in the network.

In plan II, events of type A, needed at nodes 2, 10, and 12 to evaluate SEQ(A, C), are sent along
a routing tree that contains all nodes generating B and D events (again, illustrated with dashed
arrows). As such, each of these nodes receives all A events. Therefore, instead of forwarding the
matches of SEQ(A, C), it suffices to forward partial results, i.e., all C events that are part of the
matches. The rate of these C events is smaller than the rate with which matches of SEQ(A, C)
materialize, since a single event may, in general, be part of a large number of matches. With the
rate of the respective C events being smaller than those of B and D events, multi-node placements
of queries q; and g, at nodes generating either B or D events become viable. With these multi-node
placements, the transmission cost of plan Il is 11 - r(A) + 21 - r(C|SEQ(A, C)), which, compared to
plan I, saves the rates of sending B and D events.
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3 PRELIMINARIES
3.1 System Model

An event is an occurrence of a phenomena, for which the semantics is given by an event type [8, 26].
The latter defines a schema, a set of attributes. We write & = {ey, . .., €, } for the set of event types.
An event network T' = (Gyp, f, 1) is defined by a topology graph Gio, = (Vigp, Etop), a function
f : & — 2% that assigns event types to (source) nodes, and a function r : & — R that assigns
an average occurrence rate to an event type. We consider event networks, in which event sources
have computational capabilities and assume homogeneity in their ability to evaluate queries.

The topology graph G;,, is a connected, undirected graph. Any exchange of events between two
nodes n,m € Vi, has to happen along a path in E;,,. With r(e) as the local rate for an event type
€ € &, we refer to R(e) = |f(e)| - r(e) as the global rate for the network-wide occurrences of an
event type. Thus, we assume that the number of occurrences per time unit is roughly the same for
events of the same type; and later explore in experiments whether our approach is robust against
this assumption being not satisfied.

ExampLE 1. Fig. 1 illustrates an event network with event types & = {A,B,C,D} and nodes
{1,...,12}, where, for instance, f(D) = {6,11}. Also, we already discussed that r(C) > r(A). For
node 12 to send events to node 7, the events need to be forwarded along the path {(12,9), (9, 8), (8,7)).

To define semantics of queries over events generated in a network, a mechanism to order
the events from different nodes needs to be in place, e.g., based on timestamps (breaking ties
deterministically). Such a mechanism shall provide some order, but is not required to resolve issues,
such as clock skew. Also, out-of-order arrival of events shall be handled by common techniques,
such as watermarking.

3.2 Query Language
We adopt a common query model for CEP [9, 26], defined as follows.

Syntax. A query q = (O, ) is an ordered tree of operators, annotated with predicates and a time
window. The operators O are the vertices of the query tree. We distinguish composite operators O,
that encode some semantics, and primitive operators O, that refer to an event type. The function
B : O - OF with k € N assigns a sequence of child operators to a composite operator. A composite
operator o € O, has a semantic type, denoted by o.sem € {AND, SEQ, OR, NSEQ, KL}. We write
&(q) for the set of event types referenced by primitive operators of query g. To simplify the notation,
we assume that each event type is referenced by at most one primitive operator of a query.

Semantics. Evaluating a query yields a set of matches, each match being a sequence of events
generated at the network nodes. In addition to sequencing, conjunction, and disjunction, we
consider the Kleene closure KL of one primitive operator, and NSEQ that negates an operator
between two other operators, see [32]. The matches for a query are defined inductively over the
operator tree:

o A primitive operator creates a match for each event of the event type referenced by the operator.
AND constructs a match for the interleaving of matches of all its children.
SEQ constructs a match for the concatenation of matches of its children in the specified order.
OR constructs a match for each match of one of its children.
KL constructs a match for each (arbitrary long) sequence of matches of its children.
NSEQ constructs a match for a sequence of matches of its first and last child, if no match of the
middle child occurs in between.
The above construction is applied only for events that satisfy the predicates and the time window
defined by the query. Our semantics corresponds to a greedy event selection strategy, also known

O O O O o©o
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Table 1. Overview of notations for networks and queries.

Notation Explanation

& ={e€1,...,en} Universe of event types

T = (Gop, f> 1) Event network: topology graph Gip = (Viop, Etop), sources of event types f : & — 2Viop | rates
r:&—-R

r(e), R(e) Local and global rate of an event type €

qg=p=(0,p) Query q (or projection p) with composite and primitive operators O = O, U O, and their tree
structure A : O, - Ok

&(q), &(p) Event types of a query g and a projection p

Q Query workload: a set of queries

c=(B, 1) Combination with projections ¥ and inputs A

g, Cq,llg, Cq All possible projections and combinations of query q and query workload Q
o(0), 0(q), o(p)  Selectivity of an operator, a query, or a projection

as unconstrained [15] or skip-till-any-match [1]. It does not impose any bound on the number of
times an event can participate in matches.

Given an event network I' = (G, f, ), the evaluation of a query g = (O, ) is modelled by
the rate, with which matches are generated. For a primitive operator o € O, that references an
event type € € &, the rate corresponds to the local rate of the type in the network and the operator
selectivity o (o), which is induced by the predicates defined the query over the attributes of the
event type, i.e., r(0) = o(0) - r(¢€). For a composite operator o € O, with A(0) = (o1,...,Ix) and
selectivity o(0), the rate is defined inductively:

o(0) - k-[li<i<kr(o;) ifo.sem = AND,
0(0) - [Ti<i<k 7(01) if o.sem = SEQ,
r(0) = {0(0) - Xi<i<k r(01) if o.sem = OR,
c(0) - r(oy) - r(03)) if o.sem = NSEQ,
o(o0) - 27(ov) if o.sem = KL.

Based thereon, the rate r(gq) and the selectivity o(q) of a query q are defined as the rate and
selectivity of its root operator, respectively.

Query workload. In the remainder, we consider a query workload Q, i.e., a set of queries that
do not contain any OR operator. Any query containing an OR operator can be split into multiple
queries, so that this does not constrain our model’s expressiveness. Also, we evaluate any query
q € Q with the largest time window defined by any query in Q. As such, sharing of intermediate
results is enabled at the expense of result filtering based on the original window and potentially
higher data transmission. We later assess the impact of the differences in time windows within a
query workload empirically.

3.3 Query Splitting and Placement

To enable distributed CEP, a query is split into sub-queries, which are then placed at network nodes
for evaluation [5].

Query projections and combinations. We consider a mechanism to split a query g into
projections, where a projection p = (O, f) is a query itself that is restricted to a subset of the event
types referenced in g, i.e., &(p) C E(q). A projection also inherits the predicates of g defined over
&E(p), as well as the time window of g. In contrast to hierarchical notions of sub-patterns [39],
matches of a projection are not necessarily contiguous sub-sequences of query matches. We denote
the set of all possible projections for a given query g by Il,.
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Fig. 2. Query tree of query g, of Fig. 1 (left); a combination for g, (middle) and for the query workload Q (right).

EQ(A, AND(B, C)

Projections that jointly realize correct and complete evaluation of a query are captured by a
combination [5]. We formalize a combination ¢ = (B, 1) of a query q as a directed acyclic graph
(DAG) having projections P € I1, as its vertices. The function A : I, — H’; with k € N,k > 1,
assigns to a projection p its predecessors in ¢, which we refer to as inputs of p, as matches of these
predecessors are used to construct the matches of p. In contrast to the operator tree of a query, a
combination is formalized as a DAG as matches of one projection can be input to the generation
of matches of multiple other projections. We denote the set of all combinations of a query g and
of all queries of a workload Q as C,; and Cq, respectively. For a workload, sharing opportunities
are exploited by representing a projection only once in the combination of the workload, even if it
would be part of the combinations of multiple queries.

EXAMPLE 2. Fig. 2 shows a combination for distributed evaluation of q, of our example; and a
combination for the workload Q. The projection SEQ(A, C) is used to evaluate both queries in Q.

Below, we consider a function split : Q — C for the decomposition of a workload query into a
combination for distribution.

Placements. To evaluate a query in a network I' = (Gyop, f,7) With Giop = (Vigp, Etop), based on
a combination ¢ = (B, 4), a placement assigns the respective projections to network nodes. That is,
a function place : I, — 2"» defines for each projection p € P a set of network nodes to evaluate
p.

We distinguish between single-node and multi-node placements for a projection p. In a single-
node placement, exactly one node n evaluates p and all events of the inputs of p are gathered at
node n. In a multi-node placement, a set of nodes collectively evaluates p, so that the matches
of p are partitioned between multiple nodes. Specifically, this partitioning is induced by one of
the inputs i € A(p) of p, referred to as the partitioning input, and the placement is given by the
respective sources of i. As such, a multi-node placement avoids that events of the partitioning input
are sent over the network. However, to ensure that all matches of p are generated, events of all
other, non-partitioning inputs of p need to be forwarded to the sources of the partitioning input.
From that it follows that multi-node placements are beneficial, when the rates of some event types
(to be used as partitioning inputs) are significantly higher than those of others, as high-rate event
types are not longer sent over the network.

ExAMPLE 3. In Fig. 1, the rate of C events is high. Hence, in plan I, there is a multi-node placement
for SEQ(A, C) at source nodes of C, so that a sub-query matching only C events is the partitioning
input. For q1 and q, a single-node placement at node 6 is used, which requires sending all matches of
SEQ(A, C) as well as all B and D events to node 6.

4 PROBLEM STATEMENT

We formalize the in-network evaluation problem for CEP queries as follows. Given an event network
I' = (Giop, f» 1) and query workload @, this problem is grounded in three functions:
o A function split, see §3.3, to compute a combination for Q.
o A function place, see §3.3, to compute a placement for the projections of a given combination
at the nodes of I

Proc. ACM Manag. Data, Vol. 1, No. 1, Article 101. Publication date: May 2023.
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Table 2. Notations for in-network query evaluation.

Notation Explanation

114 Transmission cost of workload Q in event network I’
4 Latency of workload Q in event network I'
os(p) Output selector: Maps a set of event types or = to a projection p

I=(V,E) INEv graph with vertices V and edges E; a vertex v = (Uproj> Unode> Ugraph» Vos) € V represents a
projection, network node, a forwarding graph and an output selector

o A function forward to compute a sub-graph of the topology graph G, for a given placement
place(p) of a projection p, which determines how to send matches of the inputs A(p) of p to the
nodes that evaluate p, given by place(p).

In-network evaluation aims to reduce the rate with which events are sent over the network. Given
an instantiation of the three functions split, place and forward, distributed evaluation of workload
Q in the network T has a transmission cost, denoted by ¥ € R, that captures the total rate with
which nodes send events over the network.

ExaMPLE 4. For plan I in Fig. 1, splitting returns the combination shown in Fig. 2 (right). The
placement includes, e.g., place(q,) = {6} and place(SEQ(A, C)) = {2, 10, 12}. For the placement of
sub-query SEQ(A, C) at node 2, forwarding is modelled by the graph Gy, = ({1,2}, {(1, 2)}), sending
A events to node 2.

Moreover, query evaluation induces a latency with which matches of queries are generated [49].
For distributed CEP, the latency induced by centralized evaluation of a query workload denotes a
meaningful bound to consider. For an instantiation of the functions split, place and forward, the
latency of the obtained plan to evaluate query workload Q in the network I' is captured as £ € R.
Let 7 € R be the latency of the centralized evaluation of Q in T, i.e., no splitting of queries, all
queries are placed at a single node, and all events generated in the network are sent to this node.
Based thereon, we formulate the problem of in-network evaluation of CEP queries:

PrOBLEM 1. Let T be an event network and Q be a query workload. The problem of in-network
evaluation of Q inT is to instantiate functions split, place, and forward, s.t. { is minimal and £ < 7.

5 IN-NETWORK EVALUATION GRAPHS

To address the above problem, we propose the model of an in-network evaluation (INEv) graph.
Given a query workload and an event network, such a graph formalizes a combination of the
workload, a placement of the respective projections, and the sub-graphs used to forward the inputs
of each projection. Below, we first introduce output selectors, which guide the forwarding of events
(§5.1). Then, we define INEv graphs and show their correctness and completeness (§5.2). Based on
models for the transmission cost (§5.3) and latency (§5.4), we discuss optimal INEv graphs (§5.5).

5.1 Output Selectors

When forwarding events during in-network evaluation of a query, we aim at exploiting the resulting
dissemination for query evaluation. That is, forwarded events are used in the evaluation of all
relevant projections placed at network nodes on the respective path. Hence, such a node no longer
needs to receive the events of all types of all inputs of the respective projections placed at it.

To realize this idea, we introduce the notion of an output selector. For two projections p, p’ € Il
of a query g, one being an input of the other one, p € A(p’), it limits the types of events that are
sent from nodes hosting the projection p to nodes hosting the projection p’ that is evaluated based
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Fig. 3. INEv graph for a query workload Q = {q.} and the event network of Fig. 1.

on p. Formally, an output selector is a function os : IT; — 28(9) U {=}. It assigns to a projection
p € I1 a subset of event types to forward or the symbol =, which indicates that no output selection
is applied. As such, a node hosting the projection p either forwards the individual events of the
types mentioned in the output selector, or the matches of the projection.

ExamPLE 5. In plan II of Fig. 1, A events are forwarded along all nodes generating B and D events.
As such, for example, node 6 receives all A events and, thus, needs only the C events contained in
matches of SEQ(A, C) to locally generate the matches of q1, i.e., SEQ(A, D, C). Hence, the evaluation of
SEQ(A, C) at nodes {2, 10, 12} incorporates an output selector os(SEQ(A, C)) = {C}, thereby exploiting
that the A are already present at node 6.

5.2 INEv Graphs

An in-network query evaluation (INEv) graph denotes an instantiation of functions split, place and
forward, see §4, for a given event network I and query workload Q. It defines (i) the combination
used to decompose the workload @Q; (ii) the placement for each projection of the combination; and
(iii) the paths used to forward events in the network along with an output selector per projection.

DeFINITION 1 (INEV GrRAPH). Let I' = (Giop, f,1) an event network with the topology graph
Giop = (Viops Etop). Moreover, let Gf;‘;,’ be the set of all sub-graphs of G,p. Given a query workload Q,
an INEv graph is a directed, acyclic graph I = (V, E) with vertices V C Tl X Vigp X G % (28 U {=)),

top
and edgesE CV X V.

ForanINEv graphI = (V, E), we use the following notation for a vertex v = (Vproj, Unode» Ugraph» Vos) €
V': Uproj is the projection; vpoq. is the network node; vgrgpn is the sub-graph of the topology graph;
and v, the output selector of the projection. Also, pre : V — 2V denotes predecessors of vertices.

Using existing means for query splitting and placement, see §3.3, parts of the structure of an INEv
graph are derived directly: The graph contains a vertex for each pair of an event type referenced
in a query and any respective source node. Moreover, there is a vertex for each projection of the
combination and the nodes at which the projection is placed. For two vertices v, v’ € V, a directed
edge (v,v’) € E captures that matches of v, are used to generate matches of v;mj.

However, INEv graphs go beyond existing models by incorporating mechanisms to guide the
forwarding of events in the network. This is realized by specifying the sub-graph v, and the
output selector v, for each vertex v in the INEv graph.

EXAMPLE 6. Fig. 3 shows an INEv graph for the workload Q = {q.} with q2 = SEQ(A,C,D)
according to plan II of Fig. 1. It contains a vertex for each pair of the event types A, C and D, and their
sources in the graph Gy, (vertices 1-6). Moreover, vertices 7-9 place projection p; = SEQ(A, C) at nodes
{2,110, 12}; vertices 10 and 11 place q, at nodes 6 and 11. Since matches of q, are generated using
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matches of p1, there is an edge between the respective vertices. A vertex of a projection that is sent over
the network contains a sub-graph of Gy, that shows over which edges the projection is forwarded, e.g.,
Gacs for vertex 7 defines that matches of SEQ(A, C) generated at node 2 are sent to nodes {6,7,11}.

The last entry of each vertex defines the selected output. For projection p;, only the C events in
matches of py are forwarded, as indicated by the output selectors of vertices 7-9. Also, if outputs are
not sent due to them being a partitioning input of a projection, the output selector is the empty set, e.g.,
in vertices 2, 4, and 5, as the sub-query matching only C events is a partitioning input for p;.

We now turn to the characterization of correctness and completeness of query evaluation with
INEv graphs, ensuring that all matches are generated at nodes hosting the workload queries.

DErINITION 2 (VALID INEV GRAPH). Let I = (V, E) be an INEv graph for a query workload Q and
an event network I' = (Giop, f, 1) with the topology graph Giop = (Viep, Etop). I is valid, if all of the
following conditions are satisfied:

(1) The graph includes all queries: For each query q € Q, there exists a vertexv € V that denotes a

placement, i.e., vyrj = q.

(2) The graph induces combinations: For each vertex v € V and projection v,,;, the projections
B = {0proj}UU o epre(o) (U)o} With their inputs A'(p) = {p” € B’ | (v, 0") € EAvy,,. = p'A
U;’mj =p} forallp € P’, yield a combination, (P, 1) € Cy,,, -

(3) The graph is source-closed: For a vertex v € V with leaf vertices V; = {v’ € V | (v',v) €
E* A pre(v') = 0}, let O(v) C E X Vi be the pairs (e, n) where event type € is produced by
n,n € f(e), and there is a leaf node ((O, 0), n, 0, =) € V; where the primitive operatoro € O,
references €. Then, O(v) must include a pair (¢, n) for each event type € € E(Vproj).

(4) The graph covers all relevant sources: For a projection p of a vertexv € V, i.e, Uproj = p, let
O(p) = {(e,n) € EP) X Vigp | n € f(€)} be the set of all relevant event types and their source
nodes. There must exist a set of vertices V,, C V that jointly cover all sources of event types of p,
e, Upey, O(0) = O(p).

(5) The graph is negation-closed: If a query q = (O, f) € Q contains an NSEQ operatoro € O
with children f(0) = (01, 02, 03), then for any projection p = (O, ') € U, ey {vproj} used in I,
it holds that o, € O’ implies 01,03 € O’.

(6) The graph is Kleene-closed. If a query q = (O, ) € Q contains a KL operator o € O with a
primitive child f(o) = {o0;), then all vertices Vk;, C V inI for which o; is the partitioning input
of a multi-node placement have the same successor vertices in 1.

(7) The graph captures complete forwarding. For each vertexv € V with predecessors, i.e., pre(v) # 0,
the following holds for all predecessors u € pre(v):

(i) Vnode is contained in the set of nodes of ugraph.
(ii) if uos C E(Vproj), then for all vertices w € V for which there exists an event type € €
E(Wproj) N E(Vpro) \ Uos, the node Vpoq, is contained in the set of nodes of Wergph.

The above notion of a valid INEv graph implies correctness.

THEOREM 1. For a workload Q, the matches produced for query q € Q by a node hosting q in a
valid INEv graph are matches of q.

Proor. (sketch) Consider a vertex v of the INEv graph with v,,,; = g. The graph induces
combinations, condition (2), and ensures that negations are not split into different projections,
condition (5). Hence, matches of g can be assembled from matches of projections of predecessors in
the graph, assuming that these matches are derived from all required events. The latter is ensured
by the covering of sources of relevant event types by leaf nodes of v, condition (3), and the fact that
matches from the nodes of v’s predecessors are forwarded to v;,04., condition (7). The reasoning for
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the correctness of evaluating g as part of v based on the correctness of evaluating the projections
at v’s predecessors may not be applied inductively, over all preceding vertices. O

A valid INEv graph ensures not only correctness, but also completeness. All matches of queries
of the workload are generated.

THEOREM 2. For a workload Q, a valid INEv graph generates all matches of each query q € Q.

ProoF. (sketch) From condition (1) it follows, that a valid INEv graph contains at least one vertex
v with v,,,; = g for each query g € Q. Theorem 1 ensures correct evaluation of these queries. Yet,
incompleteness may occur due to not all combinations of relevant event types being considered
for a query, or due to not all events of a single type being matched by a Kleene operator. Though,
these two cases are excluded by conditions (4) and (6), respectively. o

5.3 Transmission Cost Model

In general, the transmission costs induced by an INEv graphs is the sum of the rates with which
events are sent over the network per time unit. Yet, our cost model derives this total rate from the
transmission costs per node in the event network. This cost depends on whether projections hosted
by a node are subject to a single-node placement or a multi-node placement, to which nodes events
are sent during query evaluation, and which output selectors are employed.

To compute the transmission cost for a vertex in an INEv graph, we incorporate the following
assumption on multi-node placements. Consider an INEv graph I = (V,E) and a projection p
that is placed on multiple nodes, which is represented by the vertices V, C V, such that for
all v € V}, it holds that vp,;; = p. Then, the partitioning input of the projection needs to be a
projection that references a single event type, which must also be generated by the nodes of the
respective vertices in V,,. This assumption is motivated by the general idea of multi-node placements:
Sending the partitioning input over the network may thwart the cost reduction aimed at with
multi-node placements. Also, projections that reference more than a single event type will not lead
to improvements, since any multiple-node placement of them could be exploited transitively.

For an INEv graph I = (V, E), we define a function tc : V — R that assigns transmission costs to
the vertices. It is based on the total rate R(p) of a projection p, i.e., the rate with which matches of
p are generated. If a vertex v € V does not contain any output selection (vos = =), matches of its
projection v,,,; are sent over the forwarding graph vgq,, with ©’s portion of the total rate R(vyr;)-

Once output selection is adopted, we need to consider the selectivity of the projection per event
type. We rely on the notion of a single selectivity o(e, p), which defines for an event type € € E(p),
the probability that an € event is contained in a match of p. Then, the rate of distinctive € events in
matches of p is given by o (e, p) - R(€), which is always less than the rate r(p) of the projection. Yet,
if the partitioning input is part of the selected output, the rate with which events are sent depends
on the local rate of the referenced event type, instead of the total rate, times the single selectivity.

Integrating both cases, we arrive at the following definition of the cost function. As above, let
V,, € V denote the set of vertices of an INEv graph I = (V, E) with their projection being p and let
part(p) denote the (single) event type of the partitioning input of the projection. Then, for a vertex
v € V with vgrepn = (Vo,, Eo) as its forwarding graph, the transmission cost is defined as:

|Eo| 'R(Uproj) / |Vp| Ifo, ==.
te(v) = 4 |Eo| - Z (o(€,vprj) - R(€)) +  Otherwise.
€ €Vgs\Part(Vproj)

"(Part(vproj)) ' O'(part(vproj), Uproj)
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Based on the transmission costs per vertex, we derive the total transmission costs, incorporated in
Problem 1. For an INEv graph I = (V, E) this cost is given as

() = ) te(o).

veV

ExaMPLE 7. In Fig. 3, the cost of vertex 4 is 0. Since C is the partitioning input of the multi-node
placement of p, its rate does not add to the costs. The cost of vertex 3 is the total rate of A multiplied by
the number of edges of G 41. Hence, the cost is 11 - r(A). For SEQ(A, C) with selected output C, vertices
7-9 have an output rate of r(C) - o(C, p) (using the local rate as C is a partitioning input).

5.4 Latency Model

Next, we reflect on the latency of query evaluation, as it provides a constraining factor in-network
evaluation, see Problem 1. As usual, the latency of a match of a query is the time between its
occurrence and the occurrence of the latest event that led to the match’s creation.

The latency comprises a processing latency inherent to query evaluation and a transmission
latency observed between network nodes. We model the former by the number of partial matches
maintained at a node, as it directly impacts query evaluation algorithms [1, 32]. The transmission
latency of a match is the number of hops to be traversed to provide the respective inputs.

Both types of latency are combined in a weighted manner, as they are influenced by different
aspects (capacity of network nodes vs networking infrastructure). Again, let pre(v) denote the
predecessors of a vertex v € V in an INEv graph I = (V, E). Then, the latency ¢,,(v) for vertex v is
the processing latency, scaled by the ratio & € R between the two sources of latency, the maximal
transmission latency from a predecessor, and the maximal overall latencies of the backwards closure
of required inputs. A complete formalization of the latency model can be found in [4].

Turning to the complete INEv graph, let Vo C V be the set of vertices of I = (V, E), such that for
each v € Vg, Uprj € Q, i.e., the vertices in Vg denote the evaluation of the queries in Q. Then, the
latency induced by I is defined as:

(I) = max{{,(v) | v € Vg}.

5.5 Optimal INEv Graphs

Consider a latency bound 7 for in-network evaluation of a query workload in an event network, as
in Problem 1. Then, an INEv graph I = (V, E) with £(I) < 7 is optimal, if there exits no other INEv
graph I’ = (V',E’) with £(I') < r and y(I") < y/(I).

Construction of optimal INEv graphs is computationally hard. It requires the placement of
the projections of a combination, given as a DAG. Yet, such operator placement is known to be
NP-hard [12]. Also, as INEv graphs support multi-node placements, a set of nodes needs to be
connected with a minimal sub-graph. This problem is known as the Steiner tree problem, a classical
NP-hard problem [25].

6 CONSTRUCTION

Constructing optimal INEv graphs is generally intractable, so that we propose an approach that
first constructs a combination for a query workload before determining the placement, output
selectors, and forwarding subgraphs for each projection of the combination. Following preliminary
considerations (§6.1), we introduce our algorithm to derive a combination for a single query (§6.2),
explain how sharing opportunities between multiple queries are leveraged (§6.3), and present a
placement and forwarding mechanism (§6.4). We also state the complexity of our algorithms (§6.5)
and propose adaptation strategies to handle changes in the event network (§6.6).
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6.1 Preliminary Considerations

Suitable projections. Before generating a combination for a query g, we determine all possible
projections II,. For each projection p € II,, we assess if p can be used to reduce the transmission
costs. This is the case when p’s global rate is smaller than the sum of the rates of p’s inputs. Over
transitivity, this entails that p is beneficial, if R(p) > X.ccg(p) R(€). Intuitively, if the sum of the rates
of p’s inputs are lower than the rate of p itself, sending matches of p results in higher transmission
costs than sending matches of p’s inputs. Below, we write I1,,,; for the set of projections that are
suitable according to this condition.

Steiner tree-based forwarding. Due to multi-node placements and output selectors, INEv
graphs contain vertices v for which the selected output v, has to be forwarded to multiple nodes.
To efficiently forward matches of v, a sub-graph of the topology graph that minimizes the number
of edges shall be constructed. As mentioned, this requires to solve the Steiner tree problem, which
is intractable. Hence, we employ a heuristic based on Minimal Spanning Trees [29].

Multi-node placements. Let ¢ = (P, 1) be a combination. A multi-node placement shall be
applied for projection p of that combination, if there exists a partitioning input i € A(p) with a
much higher rate than all other inputs of p. Let ST(N’, G;o,) be a Steiner tree in our topology graph
Giop of a network I’ = (Gyop, f, 1), which spans nodes N’. With |ST(N’, Gy,p)| as the number of tree
edges, we formulate a condition for the rate of the partitioning input i:

R()- 6 > |ST(f(D).Gup)l - > R()+R(p)- 6 (1)
P eMp\{i}

If p € Q, matches of p do not have to be sent over the network and the last summand can be
omitted. The right part of Eq. 1 approximates the network costs caused by a multi-node placement
at i, given that the inputs A(p) are forwarded using a Steiner tree. If forwarding all inputs of p to
the sources of i results in less transmission cost than gathering events of type i at some node (with
cost R(i) - §), a multi-node placement shall be used for p.

Kleene closure evaluation. To avoid superfluous data transmission, INEv graphs for workloads
with Kleene closure materialize matches of these operators only at the query sink(s).

Technically, for a query qx; € Q that comprises a Kleene closure operators, a query gnxr,
without these operators is derived by removing each Kleene operator og;, in gx; and assigning
its child operator A(oky) as a child to the parent operator of og;. For example, for the query
qxL = SEQ(A, KL(B), C), the query gnxr = SEQ(A, B, C) is constructed and evaluated. The matches
of gxr are then generated based on the matches of g,x;, at the sinks.

Time window-based scaling. For an event network T', r defines the number of occurrences
per event type for a time unit ¢. To construct an INEv graph for a query g having w as time window,
the event rates used as inputs are scaled by a factor w/t.

6.2 Combination Generation

Our approach to generate a combination is motivated as follows. Consider a combination ¢ of a
query q that contains only one projection p, such that neither p nor q yield a multi-node placement,
i.e., none of the inputs A(p) and A(g) fulfil Eq. 1. Then, matches of all inputs of p need to be sent to
the node where p is placed. Subsequently, matches of p and the residual event types E(q) \ E(p)
are forwarded to the node where q is placed. Such a combination with single-node placements
yields little potential for saving transmission costs over a centralized model, as we later confirm
empirically. Hence, we aim to maximize the cost savings induced by multi-node placements.

To this end, we use dynamic programming to enumerate combinations for each suitable projection
and recursively construct a combination for the query. As shown in Alg. 1, we first initialize a
combination ¢ with all projections in I, (line 1) along with an empty set of multi-node placements
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Algorithm 1: Generation of a combination.

input : Event network I'; query g; suitable projections I,
output: Comb. Cy = (¥, A); projections MN C ¥ for multi-node placement

1 ¢ — (Tepap 0); // Initialize combination
2 MN « 0Ty, 0); // Initialize placements
3 for p € topoSort(Ile,,) do // For each projection
4 Pre « (Ilpyy NTIp) U E(p); // Possible inputs of p
5 L getInputs(p, Pre, 0);

=)

if 3 i € A(p) for which Eq. 1 holds then
| MN < MNU {p};

c={q}UA(g*, 1)

9 return c, MN;

N1

3

// Enumerate all possible sets of inputs for projection p
10 function getInputs(p, Pre, Inputs)

// Consider only set of inputs with all event types of p
1 if Pre = O A UjemnpursE(i) = E(p) then
12 if getSavings(p, Inputs) < getSavings(p, A(p)) then
13 L A(p) < Inputs;
14 else
15 for o € Predo // For each predecessor
16 Pre’ «— prune(Pre\ {o}, Inputs U {0});
17 L getInputs(p, Pre/, Inputs U {o});

(line 2). Then, we iterate over the projections based on a topological order, which ensures that
all of projections p’s potential inputs have been handled before proceeding with p (line 3). For
each projection p, the set of possible inputs (line 4) is used to enumerate all possible combinations
(line 5), thereby recursively determining the inputs that maximize the savings. Once the set of
inputs maximizing the savings has been computed for each projection, multi-node placements are
considered if possible (line 7) and the final combination is derived (line 8).

Enumeration (getInputs). The enumeration of all possible sets of inputs for projection p proceeds
recursively (line 10). The selection of input sets is guided by their estimated savings (line 12-line 13).
Moreover, pruning strategies may exclude projections (line 16).

Savings estimation (getSavings). The savings of a projection and a set of inputs I are estimated
inductively. We add up the savings of all inputs, which, in turn, are derived from their inputs. If an
input yields a multi-node placement, using Eq. 1, we add the savings induced by the multi-node
placement. Otherwise, we reduce the savings by the costs of sending events of all inputs over §
hops, where § is the average shortest path distance in the network.

We further incorporate two heuristics to avoid a certain bias in the estimation. First, we ensure
that savings induced by a single partitioning input to many multi-node placements are added only
once to the savings of a combination. Second, we add savings that originate from projections, for
which, due to being input to multiple other projections with multi-node placements, the induced
transmission costs can be shared among the target projections.

Latency-based pruning (prune). For each considered combination, we estimated the induced
latency based on the processing latency and the transmission latency (estimated based on the
combination depth). Then, we prune for each projection all combinations that violate the latency
bound 7 (see Problem 1).
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6.3 Multi-Query Sharing

We apply Alg. 1 to the queries of a workload Q to incrementally construct the combination Cq. In
this process, sharing opportunities between multiple queries are exploited, as follows.

Shared construction. Once the combinations derived for multiple queries share a projection,
the results can be reused. Hence, the combination Cy derived for a query q by Alg. 1 is merged with
the combinations for each previously processed query by unifying the respective sets of vertices
and edges.

Sharing-based scoring. When constructing the combination for a workload iteratively, our
two heuristics sharedInputs and sharedMNSavings always rely on the (partial) combination for the
subset of queries Q" C Q considered so far. As such, when considering the next query g, the inputs
and multi-node placements of queries in Q" are incorporated in the calculation of the savings of a
combination for g, which fosters the reuse of projections between queries.

Resolving conflicting multi-node placements. Multi-node placements obtained for different
queries may have the issue that the partitioning input of a placement for a first query, may not be a
partitioning input of a placement for a second query. This is problematic, since all outputs of the
partitioning input of the first query may need to be sent over the network to realize a multi-node
placement for the second query. We avoid such conflicting multi-node placements, as follows. Once
a query q has been processed by Alg. 1, all non-partitioning inputs of the obtained combination
are added to a set © C E(g). When applying Alg. 1 to the next query, multi-node placements with
partitioning inputs in © are excluded. By maintaining the set © for all queries, we avoid conflicting
multi-node placements in the generated combination of the query workload.

The order in which Alg. 1 is applied to the queries of a workload influences the projections and
multi-node placements of the INEv graph. However, as empirically shown in §7, the differences in
the resulting costs for different orderings of the workload are negligible.

Query workloads with varying time windows. To evaluate a workload of queries with
varying time windows, the event rates of the network for INEv graph construction are scaled with
the largest time window of a query workload. Consequently, matches of each query must be filtered
based on the original time window at the sinks.

6.4 Forwarding Graph and Placement

After a combination for the query workload has been generated, Alg. 2 constructs the forwarding
graph and places the projections.

Output selection. First, the output selectors for each projection of the combination are deter-
mined. For each projection p having a multi-node placement, all non-partitioning inputs of p in E(p)
are added to the set of disseminated events DissEv (line 2). As the inputs of multi-node placements
have to be forwarded along at least as many hops as there are nodes of the multi-node placement,
their dissemination in the network can be exploited for output selectors. For each projection p,
we check if event types in E(p) are contained in the set of disseminated events DissEv (line 3). If
so, for p, it suffices to select types not in DissEv as output. Yet, this is only beneficial if the rate of
the potential selected output is less than the rate of the projection itself (line 25). Accordingly, the
output selector os(p) is determined and the rate of p used for calculating the network transmission
costs are updated.

Next, the set of inputs for each projection is extended regarding the output selectors (line 4).
For each projection p having an input o € A(p) with os(o) C &E(0), the input of p is extended by
&(0) \ 0s(0), i.e., the event types not contained in the selected output of p are added to the inputs of
p. This ensures that the forwarding graphs calculated in the next step are well-formed (see §5.2).
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Algorithm 2: Forwarding graph construction & placement.

input : Event network I' = (Giop, f, 1), combination Cq = (%, 1);
projections MN C ‘B for multi-node placement
output: Vertices V of INEv graph I = (V, E)

1 costs, Successors «— 0 ;
2 for p € MN do DissEv « DissEv{J(A(p) N E(p)) \ part(p);
for p € P do os(p) « get0S(p, DissEv);
4 for p € P do A(p) — Alp) U Uieg(p)fl(i) \ os(i);
// For all inputs of projections with multi-node placements

for i € Upean A(p) \ part(p) do
L Successors[i] «— {x | x € f(part(p)) Ai € Ap)});

w

o o«

7 for p € P do // For each projection p
8 if p € MN then // If p has a multi-node placement
9 for i € A(p) do // For each input of p
10 for n € f(i) do // For each source of i
1 Vgraph < ST(Successors[i] U n, Giop);

12 V < VUi, n, vgraphs 05(i));

13 else // Only single-node placement exists for p
14 for m € Vi,p do // Consider each node for p’s placment
15 for i € A(p) do // For each input of p
16 for n € f(i) do // For each source of i
17 L L costs|m] « costs + SP(m, n) - r(i) // Add costs for sending i from n to m
18 m « argmin costs[m] // Choose m for placement of p;

19 for i € A(p) do

20 for n € f(i) do

21 if v=(i,n vgrapn, 05(i)) € Vthen vgrapn — Vgrapn Y SP(m, n);

22 else V.« V U (i, n, SP(m, n), os(i));

23 return V

24 function get0S(p, DissEv)

25 if 3 icg(p)\Dissev R(1) - 0(i, p) < R(p) then return &E(p) \ DissEv;
26 | else return =;

Shared placement. If a projection i is input to multiple other projections, the forwarding graph
for i is generated such that all of these projections are jointly considered. To this end, for each
projection i, the set Successors is generated, which comprises the sources of event types that are
partitioning input to a multi-node placement of a projection p having i as input (line 6).

Then, iterating over all projections, the vertices of an INEv graph are generated. If a projection
p has a multi-node placement, for each input i € A(p) and each source n € f(i), a Steiner tree is
constructed that spans n and all nodes in Successors (line 11). The tree yields the forwarding graph
Vgraph Of the vertex v having i as v, and n as vyeq.. The vertex v is added to the set V (line 12).

If a projection p has a single-node placement, we consider all nodes for p’s placement (line 14).
We choose the one that minimizes the transmission costs using the shortest path length to calculate
the costs of the placement (line 17). Let m be the node chosen for a single-node placement of p
(line 18). For each input in i € A(p) and each source n € f(i), it is checked if a vertex v in V exists
having v}; and vpeq4e given by i and n, respectively. If 50, Vgrqpp is extended by the nodes and edges
of the shortest path from m to n (line 21). Otherwise, a new vertex is added to V (line 22).
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Final INEv graph construction. Alg. 2 yields the vertices V of the INEv graph I = (V, E) for
the combination constructed for a query workload. The set of edges E contains all pairs of vertices
(v, w) € VXV, for which wy,o; € A(Vpro)).

6.5 Complexity of Construction

Identifying suitable projections requires to enumerate the set of projections, which has a cardinality
of |28(‘1) |. During the combination generation, for each suitable projection, all combinations are
enumerated, which yields a time complexity of O(|28(?)] - 2'25(q)|).

Given a combination, to derive the forwarding graph and placement, we iterate over all projections
and all inputs of a projection, which, again, can be at most |28(9)| per projection. For each source
f(i) of an input i, at most the number of network nodes |V|, a Steiner tree is constructed with a
heuristic that runs in O(|E| - log |V|) time. As such, the second step of our construction has a total
time complexity of O(|28@)| - |28(@)| . |V| - |E| - log [V]).

6.6 Adaptive Repair

Once event rates and data distributions in an event network change over time, the quality of an
INEv graph may degrade as its construction relies on network and query statistics. We therefore
propose two strategies to adapt INEv graphs:

Repairing invalid projections. A projection becomes harmful, if its output rate becomes higher
than the sum of its input rates. If this situation is locally detected by the network node hosting the
projection, the node forwards the inputs of the projection directly instead of its matches.

Repairing invalid multi-node placements. For a projection to be beneficial for a multi-node
placement, Eq. 1 has to hold. This is no longer the case, if the rate of the partitioning input decreases
or the rates of the non-partitioning inputs of the placement increase. While the former does not
add to the resulting network costs of the graph, the latter may incur significant overhead, as
high-rate events have to be forwarded in the network excessively to all nodes of a multi-node
placement. To mitigate this situation, for each multi-node placement, a (fall-back) single-node
placement is computed during INEv graph construction. Once a node locally detects the described
situation, evaluation switches to the single-node placement. All input sources and nodes of the, now
invalid, multi-node placement are notified about the change to forward their inputs respectively
and evaluate the projection.

7 EXPERIMENTAL EVALUATION

We outline our setup for the evaluation of INEv graphs in §7.1. Results from a comparison of INEv
graphs against state-of-the-art approaches for distributed CEP based on real-world and synthetic
data are given in §7.2, before §7.3 reports on a sensitivity analysis.

7.1 Experimental Setup

Our implementation and experimental setup is publicly available.!

Datasets and queries. Our experiments relied on two real-world datasets. First, we used one
month of the Citi Bike dataset [21] that captures information about bike rentals. It contains 1
million events, each of them describing the duration of a trip, the start and end station, a bike ID,
and information about the driver. We considered various partitions of the dataset to investigate
networks of different sizes. Specifically, the data was split based on the end station of a trip to
obtain datasets for 5, 10, 20, 30, or 50 nodes in a network. The network structure was selected
randomly with an average out-degree of three. We further derived nine event types characterizing

Ihttps://github.com/samieze/INEv
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bike trips of varying duration. Based thereon, we designed four queries (available online) describing
different usage scenarios for the same bike over a 24 hours time window.

As a second dataset, we employed the Google Cluster traces [48], which comprise around 4.5
million events. Each event contains attributes, such as an execution priority, a user ID, the ID of the
machine on which the task shall be executed. The latter attribute was used to partition the dataset
for 5, 10, 20, 30, or 50 nodes in a network of random structure (average out-degree of three). Based
on the task status, we obtained nine event types. Again, we used four queries (available online)
describing common monitoring scenarios. Based thereon, we derived the selectivities for a time
window of 30 minutes which reflects the life-time of the majority of jobs.

We further used synthetic data to achieve a controlled setup. We generated event networks
varying in their number of nodes, event types, distribution of event rates (event skew), the portion
of event types generated per node (event node ratio), and the out-degree per node. For the event
skew, we draw rates from a Zipfian distribution. If not stated otherwise, we used an event skew
of 1.3, a network of 20 nodes, an event node ratio of 0.5, and an average out-degree of three. We
constructed workloads that vary in their number of queries, query length, number of KL and NSEQ
operators, event types, and selectivity scale, i.e., the range from which the selectivities are drawn
uniformly. Here, a scale of 0.1 means that the predicate selectivities are between 1 — 10%. Single
selectivities of event types are drawn uniformly from predicate selectivities.

Baselines. We evaluated INEv graphs against a centralized baseline that does not employ query
splitting and gathers all events required for the evaluation a query workload at one node. Here, we
chose the node minimizing transmission costs.

We also considered two state-of-the-art approaches for distributed CEP: In [24], single-node
operator placement is combined with push-pull communication. The idea of push-pull-based CEP
is to send (push) only events of types with low rates. These events may then trigger a request to
pull events of high-rate types from their sources. Thus, push-pull communication, similar to a
multi-node placement, benefits from skewed event rates. For the comparison, we used an exhaustive
search algorithm presented in [24] that computes optimal push-pull operator placements. MuSE [5],
in turn, employs query rewriting and multi-node placements. A respective evaluation plan defines
a set of query projections together with a placement at network nodes. Unlike INEv graphs, the
model ignores the network topology, so that we forward events based on shortest paths.

Finally, we considered query evaluation with Apache Flink [14], a state-of-the-art engine for
distributed stream processing (DSP). However, being a DSP engine, Flink distributes the data explic-
itly in a network for query evaluation, neglecting where the data is generated. In our experiments,
we therefore used an attribute of the respective query as a partitioning key to achieve distributed
evaluation. Again, events were disseminated in the network adopting shortest paths.

Metrics. We assessed the network transmission costs using the costs of centralized evaluation
as a reference point: The transmission ratio is the cost induced by any of the approaches relative to
the cost of the centralized evaluation. Moreover, we report latency and throughput distributions
(median, quartiles) for query evaluation. For INEv graphs, we also measured the computation time
for the construction of an evaluation plan.

Implementation. Our experiments with real-world data as well as all experiments to measure
latency and throughput employed an automata-based CEP engine, written in C#. It supports the
generation of partial outputs as defined by output selectors and handles the out-of-order arrival
of events caused by the distributed evaluation. For experiments with 10 network nodes (i.e., 10
data partitions), the engine was deployed on a cluster of 10 Raspberry Pi 4B nodes (4GB RAM),
running Raspbian GNU/Linux 10. The nodes of the cluster use TCP sockets for communication.
Experiments with other network sizes relied on a NUMA node with 4 Intel Xeon E7-4880 (60 cores,
1TB RAM), using Unix sockets for the communication.
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Table 3. Comparison against the state of the art in terms of the transmission ratio using real-world datasets.

Citi Bike Cluster Monitoring

Q1 Q2 Q3 04 Q1 Q2 Q3 Q4

INEv 0.002 0.002 0.13 0.01 0.008 0.003 0.0004 0.005

5 MuSE 0.57 0.003 0.15 1.5 0.06 0.4 0.02 >2.2
PPoP 1 1 1 1 1 1 1 1
INEv 0.001 0.009 0.008 0.01 0.001 0.002 0.001 0.003

10 MuSE 0.2 1.4 2.1 0.5 0.81 0.74 0.002 0.05
PPoP 1 1 1 1 1 1 1 1
INEv 0.007 0.05 0.001 0.008 0.006 0.008 0.2 0.009
20 MuSE 0.03 1.5 1.2 >13 >0.5 0.11 0.001 0.008
PPoP 0.78 1 078 0.78 1 1 1 1
INEv 0.001 0.02 0.006 0.01 0.0007 0.006 0.0008 0.0003
30 MuSE 0.27 1.8 2.7 1.7 >0.65 =>0.62 0.0008 0.06
PPoP 0.52 09 052 0.52 09 0.82 1 0.82
INEv 0.002 0.42 0.33 0.02 0.006 0.007 0.0005 0.03
50 MuSE 0.26 1.1 1.6 0.07 >0.5 >0.45 0.002 0.04
PPoP 0.37 0.66 037 0.37 0.66 043 1 0.43

10 Flink 1.6 14 2.1 1.6 2.5 14 4.1 3.6

For the sensitivity analysis based on synthetic data, we used a Python implementation of our
algorithms. The results are averaged over 50 runs per experiment.

7.2 State-of-the-art Comparison

Transmission costs (real-world data). Table 3 shows the transmission ratios (lower is better)
induced by query evaluation with INEv graphs, MuSE [5] and operator placement with push-pull
(PPoP) [24] for networks of sizes 5 to 50. Here, INEv graphs generally yield very low transmission
ratios, mostly < 0.05. This indicates a large reduction in the data transmission that is achieved
by in-network evaluation. We attribute this observation to the relatively high selectivities of the
queries (around 0.02 for Citi Bike). INEv graphs leverage those, as they offer low output rates of
projections, which can be used to construct multi-node placements. However, ratios are large for
Citi Bike and a network of 50 nodes. Here, the large networks lower the local rates of event types,
which limits the ability to find partitioning inputs for multi-node placements.

MuSE achieves comparable results, especially for the network of size 5, as it also employs multi-
node placements. Yet, MuSE does not employ output selection and explicit forwarding, resulting in
overall higher transmission ratios. As it also ignores the network topology in placement decisions,
transmission costs may even exceed those of a centralized evaluation. Note that for some cases,
we include a lower bound as query evaluation did not terminate within 24 hours due to overload
caused by high network costs.

PPoP, in turn, degrades to centralized evaluation, when the local rate of all relevant event types
exceeds one. This is the case for all queries for network sizes 5 and 10. For larger networks, the
local rates decrease, which offers more optimization potential for PPoP. Yet, even for 50 nodes, is
higher than for INEv graphs.

Table 3 also includes the transmission ratio of the distributed evaluation with Flink for a network
of 10 nodes. As the attribute-based scheme used to distribute query evaluation is unaware of the
network topology, there is no benefit in terms of transmission costs.
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Fig. 4. Comparison against the state of the art.

Transmission costs (synthetic data). Fig. 4a and Fig. 4b show the transmission ratios obtained
for synthetic data for INEv graphs and PPoP under varying network parameters, for a query over
6 event types and a network of 20 nodes. Fig. 4a considers a case where the number of events
within a time window for each event type is < 1. Here, PPoP and INEv graphs show similar
performance. Yet, if events of a certain type occur more than once within the time window of the
query, considered in Fig. 4b, PPoP degrades to a single-node placement, which shows a negligible
reduction in transmission costs compared to centralized evaluation. INEv graphs still achieve a
significant reduction in transmission costs.

For a query over 6 event types, INEv graphs also outperform MuSE, see Fig. 4c and Fig. 4d, by up
to 2 orders of magnitude. This is especially pronounced for small event skews and larger networks.
Here, the number of hops over which events are forwarded rises and thus the optimization potential
of output selection and Steiner Tree-based forwarding increases.

Moreover, Fig. 5 shows the closeness to the lower
bound for a query containing 6 event types, when
varying the event skew and the selectivity scale (0.1
or 0.01). Here, we derive a lower bound for trans-
mission costs that, based on the rates of projections,
estimates which event types may serve as partition-
ing input of a multi-node placement. Our algorithms PRI e 2
approximate the lower bound well and yield close-
to-optimal INEv graphs for skewed event rates.

Latency and throughput (real-world data). Fig. 6a and Fig. 6b show the latency and through-
put observed for query evaluation on the Citi Bike dataset for INEv graphs (I) and Flink (F) on our
Raspberry Pi cluster. Due to network overload, MuSE-based query evaluation did not produce any
query matches and could thus not be included. INEv graphs reduce the latency by almost 2 orders
of magnitude (Q4) compared to Flink, which suggests that a reduction in the transmission ratio (see
Table 3) favours latency improvements. In terms of throughput, INEv graphs yield improvements
by up to 2 orders of magnitude over Flink and also show less variance.

Latency and throughput (synthetic data) In Fig. 6¢ and Fig. 6d the latency and throughput
of INEv graphs relative to centralized evaluation based on synthetic data is illustrated. Here,
we evaluated 15 INEv graphs for different workloads and event rate distributions, again on our
Raspberry Pi cluster. Fig. 6¢c shows the ratio of the latency (lower is better) of INEv graphs inducing
varying transmission ratios. INEv graphs reduce detection latency by up to 2 orders of magnitude,
especially for plans with low transmission ratios. The reason is that with low transmission costs,
the number of events to process per node also decreases, leading to fewer partial matches per node.
Similar results were observed in our throughput experiment (Fig. 6d).

--¢- INEvO0.1
lower0.1

—eo— INEv0.01

—o— lower0.01

TransmissionRatio

Fig. 5. Closeness to lower bound.
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Fig. 8. Influence of Kleene closure and negation.

7.3 Sensitivity Analysis

Network parameters. Fig. 7 shows the quality of INEv graphs for workloads comprising 5, 10,
and 20 queries over 25 event types, with a third of the workload queries comprising Kleene closure
and NSEQ operators. We used selectivities between 0.1 — 1% for this experiment. As discussed in
§6.3, increasing the overlap in event types between the queries increases the number of conflicting
multi-node placements. Fig. 7a illustrates this effect. For 20 queries over 6 event types, due to
conflicting multi-node placements, the INEv graphs degrade to a centralized model. Yet, workloads
of sizes 5 and 10 still show improvements in the transmission ratio. Increasing the number of event
types, the transmission ratios improve significantly. Considering the network parameters, the event
skew impacts the quality of INEv graphs the most (Fig. 7b), leading to a reduction in transmission
costs of up to eight orders of magnitude compared to a centralized evaluation. For larger network
sizes and event node ratios (Fig. 7c and Fig. 7d), the number of sources per event type increases,
leading to a reduced optimization potential for lower selectivities.

Influence of Kleene and negation. To study the impact of Kleene closure and negation, we
generated two queries with the respective operator and derived counterparts without the operators,
as follows. For Kleene closure, we transformed the respective query as described in §6.1. For the
negation, we replaced the NSEQ operator with a SEQ operator. For each set of queries, we assigned
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Fig. 10. Adaptivity of INEv graphs to changes in the event network.

the child of the Kleene closure operator, or the negated operator of the NSEQ operator, respectively,
the event type having the highest (max_KL/NSEQ) or lowest (min_KL/NSEQ) rate.

Fig. 8a and Fig. 8b show that the Kleene closure operator has no impact on the transmission
costs, whereas the NSEQ operator restricts the number of projections considered for combination
generation, leading to potentially higher transmission costs.

Sharing. To study how our approach leverages sharing opportunities, we generated workloads of
sizes 5, 10, and 20 using 10 event types. Fig. 9a shows the ratio of transmission costs of our approach
compared to a sharing-agnostic solution that treats each query in isolation. Our approach reduces
the transmission ratio, on average, by 30% and 80% for workloads of size 5 and 20, respectively.

Next, we assess the impact of the order in which the queries are processed during the incremental
combination generation. For each workload size (between 5 and 30), we considered 50 workloads
and for each workload, 50 different orderings of queries. Fig. 9b reports the standard deviation of
transmission ratios of INEv graphs based on combinations generated with different orderings. The
standard deviation turns out to be small, i.e., < 0.001, suggesting that the order in which queries
are processed has a negligible impact on the quality of the resulting combination.

Finally, we study the influence of queries for which the time windows vary by up to x5 (Fig. 9c)
and %10 (Fig. 9d). We report on the ratio of the transmission cost with an INEv graph for the
complete query workload, and the aggregated costs induced by evaluating an INEv graph for
each query of the workload in isolation. For both time window ranges, the results are close to
1, which indicates that evaluating all queries over the same time window does not significantly
harm the quality of the resulting INEv graph. Also, larger networks show better ratios, which is
due to increased result sharing. However, while for time windows from a smaller range (Fig. 9c¢),
shared evaluation almost always improves costs (values < 1), this is not the case for the large range
(Fig. 9d). To mitigate the latter, one may partition the workload according to the time windows of
the queries and construct INEv graphs for these partitions accordingly.

Adaptivity. In Fig. 10, we report on the effect of network changes on the quality of INEv graphs.
For Fig. 10a - Fig. 10d, we considered a query workload of 15 queries, over 20 event types, and
successively swapped their rates. We ordered the event types by their rates and stepwise increased
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the number of them having their rates swapped starting in the middle: For 0.1 swaps, the rates of the
types having the 10th and 11th highest rates are swapped; and for 1.0 swaps the rates of all event
types are swapped. We considered a selectivity range of 0.1 (Fig. 10a, Fig. 10b) and 0.001 (Fig. 10c,
Fig. 10d). Fig. 10a and Fig. 10c report on the portion of projections and multi-node placements of
the initial INEv graph (0 swaps) becoming invalid (see §6.1). The associated transmission ratios
(Broken), and those resulting from the adaptation strategies proposed in §6.6 (Repair), are shown
in Fig. 10b and Fig. 10d. Here, the transmission costs deteriorate with increasingly severe changes
in the network. However, our adaptation strategy largely mitigates this effect.

In Fig. 11a, we investigated the impact of variance in the event generation, with x% denoting
that a variance of x% of the original rate can be observed over the duration of the experiment.
The transmission ratios generally increase when the actual rates deviate from the estimates used
for the respective INEv graph construction. However, for all considered variances, the resulting
transmission ratios stay within a tight interval and only increase by at most 2.5X.

Furthermore, changed selectivities directly translate into changed rates of projections, which may
invalidate them as well as related multi-node placements. To investigate this effect, we stepwise
increased a percentage of the predicate selectivities by X10. Fig. 11b shows that the transmission
ratio increase, when the query becomes less selective. To counter this effect, the strategy discussed
above for changes in network rates can be applied.

Lastly, we consider changes in the topology of the network graph. Here, we examine three
scenarios: edges of the graph may be added, removed, or permuted. If such a change occurs,
forwarding as described by an INEv graph becomes obsolete, as the forwarding graphs may no
longer exist. In that case, shortest path-based forwarding (computed with a distributed algorithm,
such as distance-vector routing [47]) can be employed. In Fig. 11c, we see that the transmission
ratio increases when edges are removed, as the distances between nodes increase. With 50% of
the edges removed, no connected graph can be constructed. While permutations of the edges do
not show a specific trend, adding edges to the graph improves transmission costs, as the distances
between nodes decrease.
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Plan generation efficiency. Fig. 12 illustrates the time needed for the computation of INEv
graphs. The runtime largely depends on the number of projections considered during the combina-
tion generation, which increases the search space exponentially, as shown in Fig. 12. The number of
projections, in turn, depends on the query length as well as the predicate selectivities. However, due
to our pruning strategies, we can handle queries over 8 event types based on up to 230 projections,
within an acceptable time.

8 RELATED WORK

CEP optimization. Optimized evaluation of CEP queries may leverage load shedding [16, 49],
prefetching [50], result sharing [13, 37], or parallelization [11]. Moreoover, to maximize result shar-
ing, query rewriting based on arbitrary projections was proposed in [28], but only for a centralized
setting where data transmission costs do not occur. Query rewriting to reduce intermediate results
in distributed CEP was considered in [42]. Unlike INEv graphs, however, this work neglects the
optimization potential induced by multi-node placements and the network’s topology. Push-pull
communication in CEP [3] aims at reducing transmission costs by leveraging skewed event rates, as
done in INEv graphs. However, the model of [3] does not consider in-network processing, rendering
it topology-agnostic.

In-network processing. In-network processing was investigated for relational stream pro-
cessing [2, 17, 33, 35, 43] and for CEP [18, 22, 31]. While these approaches exploit the network
topology for placement decisions, no rewriting or splitting of queries based on the given topology
or distribution of event sources is considered. In [24], operator placement was extended with
the aforementioned push-pull paradigm [3]. While the proposed placement strategy incorporates
operator reuse among queries, no prior rewriting is applied to enhance sharing opportunities.
Distributed CEP with multi-node placements was addressed in [5, 6] for clique event networks.
INEv graphs, in turn, can handle any network topology.

Distributed stream joins. The reduction of network transmission has been explored for dis-
tributed evaluation of continuous relational queries [30, 36, 40, 41, 51]. For instance, selective
broadcasting may reduce data transmission in distributed stream join processing [36, 40], which
exploits skewed data distributions. Yet, query rewritings to foster selective broadcasts are not
considered. All of the above approaches target a single query and ignore the network topology.

Distributed databases. Our setting resembles horizontally fragmented relations in distributed
databases [34], but without fragmentation rules that could be exploited for query optimizations.
Semi-join reducers [7, 19, 20] are similar to our output selectors, which also restrict the results to
be sent over the network. However, in INEv graphs, the data disseminated already in the network
is incorporated.

9 CONCLUSIONS

We proposed INEv graphs as a model for in-network evaluation of CEP queries. INEv graphs define
how to split queries, place them at network nodes, and forward partial results, thereby fostering
use of disseminated events in the network to reduce transmission costs. We introduced algorithms
for the construction of INEv graphs that exploit sharing opportunities in multi-query settings. Our
evaluation shows that our algorithms yield close-to-optimal results and reduce transmission costs
by up to eight orders of magnitude.
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