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Scientific Workflows 

!   We have recorded a dramatic increase in 
the number of  scientist who utilize 
scientific modules as building in the 
composition of  their experiments 

!   In 2011, the EBI recorded 21 
millions invocation to the scientific 
modules they host 

 

!   Typically, an experiment is designed as a 
workflow, the steps of  which represent 
invocation to scientific modules, which 
we will refer to using the term actors. 
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Scientific Workflow and 
Provenance 

•  Many scientific workflows have been instrumented to capture 
workflow execution events. 

•  Typically, such events record the actors that were invoked as 
part of  the workflow execution as well as the data used as 
input and output by actor invocations. 

•  Collected executions events can be used, amongst other 
applications, to understand the lineage of  a given workflow 
results. 

•  In practice, however, this application is limited by the black box 
nature of  the actors implementing the steps of  the workflow 
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Data Dependencies 
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•   In general, if  there are n  input ports and m  output ports for an actor, then 
there are 2mn  possible internal port dependencies.  

•  With k  such actors in a workflow, there are 2kmn  possible port dependency 
models of  the workflow. 
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Related Work: Looking Inside 
the Black Box 

•  Capturing Data Provenance using Dynamic 
Instrumentation (by Manolis Stamatogiannakis, Paul 
Groth, and Herbert Bos in IPAW 2014) 

•  DataTracker, which captures data provenance based on 
taint tracking, a technique used in the security and reverse 
engineering fields. 
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Framework for Generating Possible 
Data Dependency Models 

•  We set out to build a framework for generating 
possible data dependency models within a workflow 

•  By dependency model, we mean a graph in which 
the nodes represent the input and output ports of  the 
actors within the workflow, and the edges specify 
derivation dependencies between the ports in 
question. 

•  The objective is to reduce the space of  possible port 
dependency models to those for which we have 
evidence that they hold. 
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Element of  the Solution 

1.  Dependencies specified during workflow design: the 
workflow designer would indicates dependencies s/
he knows hold or not. 

2.  Infer data dependencies by examining the workflow 
provenance traces 

3.  Identify data dependencies through actor probing 
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1. Using Workflow Specifications 

•  The idea here is to use dependencies that are specified at the 
level of  the workfow to infer derivation relationships at the 
level of  the provenance graph 3
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Fig. 1. (a) An example workflow specification, (b) an execution showing the first in-
vocation step of each actor, and (c) the corresponding data dependencies.

provenance rules into queries over schema instances. We also give examples of
common dependency patterns and show how these patterns are captured using
the declarative rule language of Section 3. Related work is presented in Section 4
and we summarize our contributions in Section 5.

2 Workflows, Traces, and Dependencies

This section describes a minimal set of observables that must be recorded by a
workflow system to apply the user-defined dependency rules of Section 3. Ob-
servables are defined as part of an abstract model, and a specific (relational)
implementation of the model is given in Section 3. The abstract model is di-
vided into three distinct layers: workflow specifications, workflow traces, and
fine-grained data dependencies.

Figure 1a shows a simple example workflow. In the abstract model, work-
flows consist of actors (which define types of steps), actor parameters, and actor
channels. Actor parameters are designated as input, output, or state variables.
Actor inputs receive (or read) data items, outputs produce (or write) data items,
and state parameters maintain data across actor invocations (or “firings”). Actor
channels define dataflow between two actors, connecting one output parameter
of an actor to one input parameter of an actor. Workflow specifications in the
abstract model are defined more formally as follows.

The Figure is taken from: S. Bowers, T. McPhilips, B. Ludeascher. Declarative Rules for Inferring Fine-Grained Data Provenance 
from Scientific Workfow Execution Traces. IPAW, 2012  
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2. Examining Provenance 
Traces 

The idea here is to trawl provenance traces generated by the workflow, 
identify derivation relationships, which may have been manually specified 
by a user, and infer dependencies between actor ports. 
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2. Examining Provenance 
Traces 
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derBy(Z,Y) and derBy(Z,W) 

We conclude that : 
 
The output port associated with Z depends on the input ports associated with 
W and Y.  
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2. Examining Provenance 
Traces 

More generally, given provenance traces Gs, the derBy 
relations in Gs are analyzed 

Figure 6: A provenance graph with two derived-by
edges derBy(Z,Y) and derBy(Z,T). Circles and rectangles
represent data artifacts and boxes, respectively.

and derBy(Z,T ) edges, we conclude that output port as-
sociated with Z depends on input ports associated with
W and Y , which reduces the number of possible depen-
dency models.

More generally, given provenance traces Gs, the
derBy/2 relations in all the Gs are analyzed. A derBy
edge could specify the dependency of (i) an output and an
input of some actor or (ii) an output of one actor and an
input of another actor. The framework infers these con-
straints using an algorithm, which is represented by the
datalog rules 4 and 5 as shown below. Based on these two
inferences, we get that port P2 depends on P1, which is
a workflow specification level information by analyzing
the derBy/2 relation from the provenance graph. Note
that (i) provide exact dependency, but (ii) provides an
over estimate.
(4) pdep(P1,P2) :-

derBy(Y1,X1),data(X1,P1,A,R,_),
data(Y1,P2,A,R,_).

(5) pdep(P1,P2) :-
derBy(Y1,X1),data(X1,P1,A,R,_),
data(D,P2,A,R,_),pdep⇤(D,Y1),
pdep⇤(X1,D).

Input port dependencies can also be inferred by ana-
lyzing the input and output data values. The framework
computes the constraints using an algorithm, which is
represented using rule 6 shown below.
(6) pdep(IP,OP) :-

data(D1,IP,A,R1,IV1),data(D1,IP,A,R2,IV2),
data(D2,OP,A,R1,OV1),data(D2,OP,A,R2,OV2),
¬ R1=R2, ¬ IV1=IV2, ¬ OV1=OV2.

The Model Generator computes all possible depen-
dency models in which output ports may depend on input
ports for an actor and removes the models that contradict
the constraints generated by the Constraint Generator as
discussed in the beginning of this section. This compo-
nent returns only those models that have no contradic-
tions. The Model Reducer takes all the possible work-
flow models generated by Model Generator and com-
bines them into one workflow model. This workflow
model is an improved specification of the input workflow
model W , in which some of overestimates of the internal
port dependencies have been removed. In Provenance
Validator, the framework uses this improved workflow
specification (i) to validate the provenance graph of un-

Figure 7: Climate Data Collector workflow represented
by this framework. There are 32768 possible dependency
models for this workflow.

known origin, (ii) to improve provenance graph by re-
moving the inconsistencies.

4 Prototypical Implementation

In this section, we describe a prototypical implementa-
tion of the proposed framework.

Fig. 7 shows the Climate Data Collector workflow
represented using this framework; actors are represented
as rectangles and have ports “p01” through “p18”. The
edges represent channels which connect output ports of
one actor to input ports of another actor.

Fig. 8 shows that there are 32 possible dependency
models for the SensorLogic actor. Without additional in-
formation, the framework will generate all 32 models.
Similarly, other actors have many possible dependency
models (as discussed in Section 1), and are not displayed
because they mirror the SensorLogic actor.

The framework analyzes the workflow specification,
provenance traces, and other user-specified constraints as
discussed in Section 1, and generates the constraints as
shown in Fig. 9 which the framework applies while gen-
erating the possible dependency models. Fig. 9(a) shows
all the user-specified constraints provided by the work-
flow designer. Fig. 9(b) shows all the constraints gen-
erated by the framework by analyzing the input-output
value dependencies. Fig. 9(c) and Fig. 9(d) show all the
constraints generated by the framework by analyzing the
derBy/2 edges from the provenance graphs.

Fig. 10 shows the improved workflow specifi-
cation based on the given workflow, provenance
graphs, and constraints. Based on the constraints
generated by the framework, there is only one
model for actors ReadSensor, ConvertToKelvin, and
RangeCalculation. There are still 6 models for the
SensorLogic actor. Thus, there are total 6 possible
models for the Climate Data Collector workflow, and the

4
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3. Inferring Port Dependencies 
Through Actor Probing 

•  An additional source of  information that we can use 
for inferring port dependencies is through actor 
probing.  

•  Given an actor A , to identify if  the data values 
produced by a given output port of  A depends on 
the data values used to feed a given input port of  A, 
we probe the actor A  by invoking it using different 
data values, and analyze the values delivered by the 
actor. 
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3. Inferring Port Dependencies 
Through Actor Probing 

•  Consider that the actor A  has two input ports I1 and I2 and two 
output ports O1  and O2 

•  To determine if  the data values delivered by the output O1 
depends on those used to feed the input I2, we invoke the actor 
A using multiple pairs to feed its input ports I1  and I2: 

•  If  the output values of  O1 are the same for all invocations, then 
we conclude that the output O1 may not depend on the input I2.  

6

produced by a given output port of A depends on the data values used to feed a
given input port of A, we probe the actors A by invoking it using di↵erent data
values.

The approach is perhaps better explained using an example. Consider that
the actor A has two input ports I1 and I2 and two output ports O1 and O2.
To determine if the data values delivered by the output port O1 depends on the
data values used to feed the input port I1, we invoke the actor A using multiple
pairs to feed its input ports I1 and I2:

xvI1 , v
i
I2y, 1 § i § n

such that the values viI2 are di↵erent. vI1 is a valid value for the input port I1,
i.e., it belongs to the domain of its legal values, and viI2 are valid values for the
the input port I2.

We then examine the values delivered by the output port O1: viO1
, 1 § i § n.

If these output values are the same for all invocations, then we conclude that the
data values of the output port O1 may not be dependent on the data values used
to feed the input port I2. Similarly, if the data values delivered by the output
port O2, viO2

, 1 § i § n, are the same for all invocations, then we conclude that
the data values of the output port O2 may not be dependent on the data values
used to feed the input port I2.

Notice that we say may. This is because the data values delivered by O1 may
be dependent on those used to feed I1, but for those values that are chosen to
prob the actor A, i.e. viI2 , the data values delivered by O1 are the same.

Note that the invocation of the actors using certain combinations of values
of the input ports I1 and I2, may give rise to run time errors. To illustrate this,
consider getHomologuousSequences a program (actor) that performs sequence
similarity search and requires two inputs, one is use to specify a biological se-
quence, and the second specifies the name of a sequence database against which
the similarity search is to be performed. The sequence provided as input needs
to be compatible with the database specified. For example, if the sequence in
question is a protein sequence, then the database needs to provide information
about protein sequences. Using a protein sequence and a DNA database name as
input would lead to a run time error. To overcome this problem in our work, we
consider only invocations that yield normal termination of the actor execution.
In other words, only the invocations that yield normal terminations are consid-
ered when analyzing the dependencies between the data values of the output
and input ports.

We need to specify clearly what we mean by dependency. – khalid

5 System and Framework

6 Validation

This section reports on evaluation exercises that assess the e↵ectiveness of the
techniques proposed for inferring data dependencies.
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Prototype 

•  We have an implementation of  
the framework which given a 
workflow specification and 
provenance traces of  their 
execution generate possible 
port dependency models. 

•  Example: Climat Data 
Collection Workflow 
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Climate Data Collector 
Workfow 

•  Climate Data Collector workflow represented by our framework.  

•  There are 32768 possible dependency models for this workflow ! 
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Climate Data Collector 
Workfow 

pdep(p02,p01). 
pdep(p03,p01). 
pdep(p04,p01). 
pdep(p05,p01). 
pdep(p06,p01). 

pdep(p10,p07). 
pdep(p10,p08). 
pdep(p11,p09). 

 

pdep(p14,p12). 
pdep(p14,p13). 

 

pdep(p17,p15). 
pdep(p17,p16). 

 

(a) (b) 

(c) (d) 
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Climate Data Collector 
Workfow 

•  Using our framwork, we reduced the number of  possible dependency 
models to 6 
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Limitations and Future Work 

•  We assumed that the port dependencies are static, by 
which we mean that they are valid across runs. 
•  This is not the case in general unfortunately! 
•  The framework that we presented in this paper needs to 

be refined in order to cater for the identification  of  
dynamic dependencies.  

•  we treat port dependencies equally.  
•  A classification of  dependencies is needed to provide 

the user with better understanding on the kind of  
relationship between the input and output ports.  
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Limitations and Future Work 

•  We did not consider Input port dependencies 
•  A substantial number of  actors (modules) have this 

kind of  dependencies 

 

database 

sequence 

report 
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