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Abstract. We present a stream reasoning system, QUARKS, which has features 
like knowledge packets, application managed window and incremental query. 
Combination of rules and continuous queries along with application 
optimization has been used to address high performance requirements. 
Experimental results show that our proposed methodology is effective.  
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1 Introduction 

With the high volume of data being generated in real time from many sensors, there 
arises a need for reasoning on the data in real time [6]. Stream reasoning performs 
reasoning on a combination of real time streams of facts (usually represented as RDF 
triples) and static or slowly changing facts (known as background knowledge). A 
triple is of the form <subject, predicate, object>. For example, a fact could be <John, 
locatedAt, North Street>. Here “John” is the subject, “locatedAt” is the predicate and 
“North Street” is the object. In the context of stream reasoning, the real time streams 
of facts are synonymous with event streams. 

In this paper, we describe a stream reasoner QUARKS (QUerying And Reasoning 
over Knowledge Streams) which uses registered continuous SPARQL queries and 
rule based reasoners. The contribution of this work is a stream processing layer on top 
of an existing Rete reasoner [4] and SPARQL processor to achieve good performance. 
QUARKS has three novel features: application managed windows, knowledge 
packets and incremental queries described in Section 2. 

An early work in stream reasoning is C-SPARQL [1], a language for continuous 
queries over streams of facts combined with background knowledge. It extends the 
SPARQL language, adding features for RDF streams, windows etc. QUARKS uses 
continuous queries augmented by rules. CQELS [3] is another prototype which takes 
a native approach (without using existing data stream management systems or 
existing SPARQL processors). [2] has presented extensive experimental evaluation of 
the engine presented in [3]. QUARKS uses existing reasoners and SPARQL 
processors. [5] had briefly introduced the features of the stream reasoner QUARKS 
and had presented the results of using incremental queries for ad-hoc ride sharing 
scenario. In this paper, we show how a combination of rules and queries along with 
some application optimization can give good performance. 
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2 Features of QUARKS 

In this section, we present some of the salient features of QUARKS. 
Knowledge Packets: QUARKS supports processing of multiple triples at a time. A 

set of triples describing an event is called a knowledge packet (KP). The KP’s triples 
are processed all at once to avoid processing partial knowledge. A KP has a “type” 
which could be “add” or “delete” depending on whether the KP is being added or 
removed. A KP has a timestamp, and a name referred to as the “class” of the KP. 

Application Managed Window: Consider that a fire has broken out in a building – 
this leads to a “fire event”. Here only the event sender knows when to delete the fire 
event. Thus a new type of window, called Application Managed Window (AMW) is 
required where the client application is allowed to control the deletion of events. The 
time to delete fire event is not determined by some fixed number of events or a fixed 
temporal duration of events (as in the traditional count and time based windows) – 
rather it is ad-hoc. In QUARKS, we allow the application to control not only the 
insertion of KPs but also their deletion. The AMW  is a set of triples derived from the 
event’s KPs. Additionally, there are two functions, “ifunc” and “dfunc”, which add 
and remove KPs from the AMW. 

Incremental Query: Incremental queries (IQ) compute the incremental matches for 
a single incoming event in contrast to re-computing the entire match. IQ are 
implemented using parameterized SPARQL queries. See [5] for more on IQ.  

Other windowing mechanisms: In addition to Application Managed Windows, 
count-based windows and time-based windows are supported. A count-based window 
specified as “COUNT N” maintains the last N KPs of a particular class in the working 
memory. A time-based window specified as “RANGE N [Time Unit]” maintains the 
KPs of a particular class that were added in the last N time units.  

3 System Architecture and Event Processing 

The system architecture is depicted in Figure 1. The client application makes calls to 
the Stream Reasoner API for adding or deleting a KP, and to register listeners for the 
queries. When a KP is added, it is sent to the Event Manager which consists of queues 
for KPs that are waiting to be scheduled for processing. When a KP is processed, its 
triples are added to the working memory (called a Memory Area). The working 
memory is an in-memory data structure containing known facts including the inferred 
facts. There are multiple Memory Areas – often one per application. After a KP is 
added to the working memory, multiple reasoners (such as rule-based reasoners, 
OWL reasoner, RDFS reasoner etc) act upon the facts to produce entailments.  

The reasoners use both the facts in the dynamic knowledge (the KPs) and 
background knowledge. Our current assumption is that both the relevant parts of the 
background knowledge and the dynamic knowledge from the KPs fit into main 
memory. After the processing by the reasoners, the Event Manager calls the Query 
Runner module to run registered continuous queries for the KP being processed. Note 
that QUARKS processes the KPs as a single unit: inserting the KP into working 
memory and then running the continuous queries that are registered for the KP.   

The results of running the continuous query are sent to “listeners” which are 
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Fig. 2. Event Processing in QUARKS 
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Table 1. Timing (in ms) for the scenarios using different methodologies 

 Query 1 Query 2 Query 3 Query 4 

Rule+Query 0.88 3.62 2.69 2.75 

App Logic - - 0.98 0.98 

 
the logic is simple, the overheads of using a query is more, and sometimes significant 
(as illustrated in the results). The above results are of the same order of magnitude as 
the state-of-the-art, as can be seen in [2]. The experiments were run on a system 
having Quad Core Intel Core i5 2.67 GHz CPU and 4GB memory. 

Application optimizations: The ordering of the patterns in the rules had a 
significant effect on the performance. The rule pattern ordering guidelines [7] for the 
Rete engine Jess were found to be quite useful. Also, some of the rules had a subset of 
patterns that could be resolved from the background knowledge alone. So here an 
application optimization was to pre-compute these subsets of patterns with a separate 
rule which generates an entailment E, and replacing the subset of patterns in the 
original rule by the entailment pattern E. This gave significant performance benefits.  

To conclude, in this paper we adopted a combination of Rete-based rule engine and 
a SPARQL query processor to implement a stream reasoner, QUARKS. Evaluation 
was done using the stream reasoning queries mentioned in [2]. The results produced 
are encouraging. The stream reasoner described also has some practical features such 
as Application Managed Windows, Knowledge Packets and Incremental Queries. In 
future work, we wish to explore automatically optimizing the ordering of patterns in 
the rule, automatically generating pre-computation rules, support for temporal 
operators and parallelization of processing (wherever possible). 
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