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Abstract. Pushed by recent evolvements in the field of declarative networking
and data-parallel computation, we propose a first investigation over a declarative
imperative parallel programming model which tries to combine the two worlds.
We identify a set of requirements that the model should possess and introduce a
conceptual sketch of the system implementing the foresaw model.
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Introduction

Nowadays we are witnessing new trends such as cloud computing and multicore processing becoming popular. In fact hardware speed is not increasing anymore, therefore
distributed and parallel architectures must be exploited in order to obtain performance
improvements. However, it is well known that programming such kind of architectures
is a very difficult task since they naturally give rise to non-deterministic (ND) outputs:
the effect of a program over a mutable shared state may depend on the particular runtime interleaving of the execution flow. In fact, intuitively, the application in a ND order
of a set of operations over a mutable shared state, may result in a ND outcome. The core
of the problem can be summarized by the following equation:
ND Output = ND Execution + Mutable State

(1)

Clearly, deterministic outputs can be obtained either (i) regualating the ND execution,
or (ii) avoiding the mutable state. The first solution requires to explicitly reason over
the potential parallel execution of operations – namely, their concurrency.
Imperative Languages and the Von Neumann Bottleneck: The main issue with
concurrent programming is that to avoid ND output, an order over execution must be
enforced. Knowing where and how this order must be injected is however an hard task,
especially if an imperative language is used. To make this statement clear, we need to
introduce the Von Neumann Model (VNM). In the VNM, computers are logically partitioned into memory, cpu, and a connecting tube. Then memory is again partitioned
into a data segment and a code segment. This model suffers from an intrinsic limitation: the connection between the memory and the cpu acts as a bottleneck restricting
the computation rate. This is what Backus named the Von Neumann bottleneck [8].
Due to such bottleneck, programmers are forced to split computation in sequences of
operations that step by step must be applied by moving data and code back and forth
?
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from the memory and the cpu. Imperative languages are high level abstractions of the
VNM, and therefore they also inherit its bottleneck. In fact, for such languages, the
program logic mainly concerns with the control flow, to assure that operations are executed in the proper order; while the program state is an ordered array of data values
to permit an efficient access to memory locations. The main problem with imperative
languages is hence that, due to their nature, they force programmers to conceptualize
problems sequentially in time. Clearly, in this over-specified sequentiality it is difficult
to understand where order is actually needed because required by the logic – and hence
must be enforced by using proper constructs – from where, instead, parallel unordered
executions can be exploited for better performances. To overcome the Von Neumann
bottleneck, a different programming model must then be embraced: instead of specifying how the computation flow should proceed sequentially in time, programmers must
be pushed to think more in space, i.e., computation intended as a set of order-agnostic
transformations applied in parallel to a collection of input data elements. The output is
then a new set of elements which can be used as new building blocks for successive
computations [20]. This is exactly the idea pursued by the approach Backus suggested
to surmount the Von Neumann bottleneck: Functional Programming.
Functional Languages and Immutable State: While ND outputs are avoided in
imperative languages by explicitly imposing an order of execution through low level
mechanisms, functional languages obtain the same result in a different way: state is immutable by default. As a consequence, the parallel nature of modern architectures can
be fully exploited while maintaining a deterministic output. This is because the results
of the operations, even if disorderly applied, can be accumulated and reconciled later
using special purpose techniques [24] or application-specific logic. Thanks to the immutability of states, not only the Von Neumann bottleneck is avoided and parallel programming becomes natural, but also fault-tolerance concerns can be easily addressed: if
only deterministic operations are considered, and the evolutions of the immutable states
are logged, every time a state is lost because of a machine fault, it can be recomputed
starting from the previous state, and replaying the proper set of operations [28]. Due to
the above features, we are not surprised to see many data-parallel frameworks, such as
MapReduce and Spark, embracing a functional programming style.
Data-Parallel Systems: If we put under analysis the plethora of large-scale dataparallel systems available nowadays, we can recognize two main approaches [21]: a
declarative approach, pursued by parallel DBMS systems and based on the relational
model; and an imperative approach, followed by modern “MapReduce-like” systems
[13, 28] which are highly scalable, fault-tolerant, and mainly driven by industrial needs.
Although there has been some work trying to bring together the two worlds, they mainly
focus on exporting languages and interfaces – i.e., declarative languages on top of imperative systems [14], or MapReduce-like functions over parallel DBMS [27] – or in a
systematic merging of the features of the two approaches [4]. Both approaches, however, share a common denominator: parallel specifications are compiled into a dataflow
graph so that computation is not anymore driven (in time) by the progress of the program counter – as in the VNM – but (in space) by the availability of input data. We
therefore advocate that a declarative imperative [15] approach for massive data-parallel
system should be attempted: this is, data definition, manipulation and analytic can be

expressed by means of a single declarative imperative language firmly grounded on the
relational theory, with the execution framework following the same patterns commonly
present in modern imperative data-parallel systems. Although many data-oriented systems are moving in this direction [5, 26], a comprehensive theoretical background is
lacking [9]. Our goal is then to carry out a first step in this direction, by providing an
investigation over the properties that the computational model, language and semantics
of the envisioned data-parallel system should possess.
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A Declarative Imperative Parallel Programming Model

Our starting point, as mentioned, is the relational model. More precisely, we focus on
the branch of logic programming which intersects with the relation model: Datalog. Although the idea of employing a relational language to program a data-processing system
appears quite natural – since it mainly concerns with data manipulation and movement
– it is not clear how logic programming deals with the problem of distributed parallel
computation summarized in eq. (1). It turns out that Datalog is in a very favorable position thanks to its “disordered” nature [5]. As we have previously explained, the problem
with concurrent imperative programming is that maintaining order in modern architectures is complex. If we focus our attention on how a program state is represented, it is
commonly acknowledged that the Von Neumann model is a particular implementation
of a Turing Machine (TM), where the encoding of data on the tape is emulating the internal representation of programs states stored in the VNM memory. In both cases, such
representation contains more information than the data itself, where extra information
primarily deal with how the data is internally represented. In the relational model, instead, data is maintained into a database, where any extra information is discarded. The
data independence principle exactly postulates this: a database provides an interface
hiding the internal data representation [1]. This can be formalized at the computational
level by means of genericity: computation is generic if insensible to automorphism of
the data [2].
Datalog, though, is not only disordered for what concerns the data representation,
but also on how transformations are applied to data. Programs, in fact, are composed
by sets of rules which, operationally, can be applied to the input data in whichever sequence. This is because a unique deterministic outcome (also known as minimal model)
will always be obtained, independently from a particular order of execution. Datalog is completely disordered and therefore a deterministic result is always obtained,
whichever execution plan is non-deterministically selected.
Order and Mutable State: Nevertheless, Datalog is lacking of expressive power.
Thus, if now we consider Datalog¬ programs (i.e., Datalog where negation is allowed),
the uniqueness of the output is lost: different minimal models can be returned based
on which order rules are applied to the input data. In such situation, in fact, more than
one least fixpoint exists. Researchers solved such issue by selecting a canonical minimal model. We then have that different semantics have been developed based on which
mechanism is employed to derive the canonical model. Interestingly, one of such mechanisms, i.e., stratification, consists in injecting an evaluation order over program rules.

By enforcing order, the unique minimal model semantics is restored. Interestingly, stratification is a syntactic concept: a stratification order can be inferred automatically by
the compiler from a simple static analysis of the program. In some circumstances, however, programmers might be interested in directly reasoning over the ordered semantics
of programs, e.g., for implementing iterative computation [11]. To achieve this, order
can be promoted as a logical concept by augmenting Datalog¬ with a notion of time,
interpreted as a monotonically increasing quantity. Embedding a notion of time directly
into the language, mutable states become an emergent property of ordered execution
[6], while the fault-tolerance of functional programming is maintained1 . We can then
start to look at eq. (1) from a more “logical” point of view: mutable state is not actually a factor determining the non-determinism of the output, but a consequence of the
ordered semantics imposed on the program logic2 .
However, order is not only related with mutable states. The strict relationship between order and non-determinism is well known in the database community. Order, in
fact, can be accomplished by breaking genericity and accessing the internal representation of data. From a conceptual point of view, this results in a ND behavior: given
the same input different outcomes may appear on the basis of the accessed order[1].
On the other hand, non-determinism can be used to provide an arbitrary order while
maintaining genericity, as accomplished, for example, by the choice [23] construct.
Hence, we can now logically model the non-determinism of the parallel execution by
suspending the data independence principle, and looking at the internal data representation. Of course, data will be organized in a ND order as a consequence of the parallel
model in which data transformations are performed. The ND execution term of eq. (1)
can then be expressed by employing the choice construct in a non-generic way, accessing the order in which data is derived [6]. Eq. (1) can now be rewritten, from a
logical perspective, as:
ND Model = ND Order + Ordered Semantics

(2)

The intuition behind equation (2) is that the complexity of programming parallel
architectures actually resides in the interaction between the ordered semantics intrinsic in the program logic and the incidental ND order caused by the suspension of the
data independence principle. In other words, if we switch to a spatial point of view,
we have that the above complexity consists in the effort needed to correctly build the
model required by the program logic, starting from the non-deterministic blocks generated de facto by the parallel execution. Now, intuitively, if only positive programs are
considered, a deterministic output is always obtainable despite the non-deterministic
way in which it is constructed. On the other hand, a similar deterministic behavior can
be achieved by disallowing the access to the data representation, and enforcing generic
computation. In this way, we can leave to the system the burden of understanding where
the concurrent nature of the architecture can be fully exploited – e.g., for positive Datalog programs – and where, instead, more restrictive execution models must be imposed.
This dichotomy between the logic and the control components [18] is exactly the same
1
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This because every state can be made instantaneously immutable – i.e., immutable inside one
specific time-step – while over time intervals states appear as mutable.
Or, equivalently, a consequence of the expressive power of the language.

approach pursued by database systems. For this reason, we name this solution declarative parallel programming.
Enforcing Determinism through Coordination: In recent years, a lot of emphasis
has been placed on how distributed systems can exploit different levels of consistency
in order to improve performances while maintaining correct deterministic outcomes
[25]. Another topic highly related with consistency is coordination, usually informally
interpreted as a mechanism which permits to achieve a distributed agreement on some
property of a system. If consistency can be considered as such, coordination can be seen
as a tool able to enforce consistency, when in the execution of a system this property
is not in general achievable. We, therefore, consider coordination as the means used by
the control component to enforce deterministic outputs. When coordination is required,
the performance of parallel programs is affected, inasmuch as coordination guarantees
deterministic outputs by imposing a sequential blocking execution. Therefore, being
able to precisely assess which part of a specification can be evaluated in a non-blocking
coordination-free way is of paramount importance. Modern dataflow systems usually
inject blocking code at the physical level, when required by the semantics of the operators composing the plan [10]. In this way though, sequential execution is performed
not because required by the program logic, but because needed by the particular implementation of the employed operators. On the contrary, we think that recent results
linking monotonicity to coordination-freeness – i.e., the CALM principle [15] – must
be exploited, so that blocking semantic is employed only when strictly required by the
program logic.
Adding Imperative Analytics: Modern dataflow systems mix common database
operations with complex analytical functions usually expressed in an imperative language [26]. How can our declarative programming model be integrated with an imperative one while maintaining all the developed theoretical properties? To reach this goal, a
promising technique is to equip the language with user-defined functions (UDFs) [11].
Computation can then be conceptually modeled by means of an extension of generic
machines (GMs) [2] we could name generic transducers (GTs). While GMs are TMs
equipped with a relational store, we regard GTs as having the relational store substituted
by a relational transducer [3]. In this way, we are able to scale the Abiteboul’s model
over distributed parallel architectures by defining a network of GTs as an enhancement
of the transducer network model [7]. The rationale behind this approach is that, while
the CALM analysis can be applied over the declarative part of the language, it is still not
clear how such principle can be spread over imperative constructs. By employing such
model, a proper set of interfaces acting among the transducer network and the Turing
Machine can be developed, so that a CALM assessment can be performed thoroughly
over the entire specification. The literature on user-defined aggregates could be of help
in solving such concern: imperative functions extending streaming stateless interfaces
à la Sawzall [22] compute only monotonic functions; streaming stateful interfaces with
early returns can compute monotonic functions [29] – although the values distribution
is not necessarily monotonic; while non-monotonic functions can be calculated only if
extending a blocking stateful interface. To maintain the generic nature of computation,
we require state updates to be associative and commutative, i.e., stateful interfaces must
partially be ACID 2.0
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The System

From the database literature, we know that relational database systems are commonly
separated in conceptual, logical, and physical levels, where the data independence principle permits to hide low level physical details from the logical level, and the conceptual level is independent from a specific logical (and physical) representation of data.
We are planning to apply a similar interpretation to our idea of declarative imperative
systems. We deem such systems to be composed by four different layers: logical, parallel, concurrent and physical. At the logical layer, the main logic of the program can be
expressed through a declarative imperative language. Here, not only complex machine
learning functions can be implemented by properly extending one of the designed interfaces, but also different computational paradigms (e.g. MapReduce-like and graph-like)
can be pipelined in a unique high-level program workflow. At this layer, no notion of
parallel execution filters out from the underneath layers since parallel specifications are
automatically synthesized from the program logic. At the parallel layer, the distributed
parallel nature of the system is manifested as a Synchronous Network [17] of GTs (BSGTN): this is an abstraction providing a surrogate computational model emulating the
behavior of common data-parallel systems, so that different computational models can
be seamlessly adopted at the logical level. Data processing over a BSGTN proceeds
in super-steps. Each super-step is composed by a computation and a communication
phase, and a new super-step can only start when all the GTs have completed the current
one, i.e., each GT is blocked until every other GT has reached the synchronization barrier. Parallel specifications are used to program the network of GTs. In analogy with
the data independence and genericity principles, parallel specifications are required to
be independent and convergent, in order to mask the parallel (and therefore also the
logical) layer from a particular network instantiation and physical organization. The
BSGTN computational model is implemented at the concurrent level. Here is where the
monotonicity analysis is exploited to translate the synchronous (blocking) computation
of the parallel layer into an asynchronous concurrent computation, where coordination
code is automatically injected into a specification only when the blocking semantics is
actually required by the program semantics. We are planning to use Bloom [5] to implement such layer. Thanks to Bloom, an optimized logical plan taking advantage of
CALM can be derived from parallel specifications. CALM permits us to guarantee a
smooth transition from the “always blocking” semantics of the synchronous computation of the parallel layer, to a “blocking only when needed” asynchronous computation
at the concurrent level. In this layer, in addition, also non-functional concerns such as
fault-tolerance and strugglers mitigation must be addressed. Finally, the physical level
specifies the details about the dataflow physical plan and its distributed execution environment. This level implements the program-specific mechanisms for caching, storage
and indexing. We consider REEF [12] as a proper tool for the physical layer.
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Related Works

Our vision generalizes the approach of [11]. Differently from us, they depend on the
physical layer, implemented using Hyracks, for the parallelization of programs. As a

consequence, only sub-optimal physical plans can be created, since they are not able to
fully exploit the properties – such as monotonicity – intrinsic in the declarative nature
of specifications. We also share similarities with the Bloom language and its theoretical
counterpart Dedalus [5, 6]. We focus on parallel programming and, thus we are mainly
interested on how a deterministic output can be achieved by enforcing data independence in distributed parallel settings, whereas, Dedalus and Bloom target concurrent
programming since they explicitly reason on non-deterministic executions. As already
mentioned, we will exploit Bloom’s features to implement our concurrent layer. Finally,
note that in Bloom the interaction between the imperative and the declarative part has
not yet been explored.
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Conclusions

The power and simplicity of the relational database theory is impressive. We feel that
parallel programming should take advantage of the relational model to set forth future
declarative imperative data-parallel systems. We have envisioned such systems as being
divided in four independent abstraction layers: logical, parallel, concurrent and physical. We propose a programming model based on Datalog (to be able to smoothly exploit CALM) augmented with imperative constructs (to model analytics functions). The
interaction between the declarative and the imperative part will be performed through
specifically tailored interfaces so that monotonic analysis can be performed thoroughly.
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