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Document Description

Integrated data analysis (IDA) pipelines, that combine data management (DM) and query
processing, high-performance computing (HPC), and machine learning (ML) training and
scoring, become increasingly common in practice. Interestingly, systems of these areas share
many compilation and runtime techniques, and the used - increasingly heterogeneous -
hardware infrastructure converges as well. Yet, the programming paradigms, cluster resource
management, data formats and representations, and execution plans differ substantially.

DAPHNE is an open and extensible system infrastructure for such IDA pipelines, including
language abstractions, compilation and runtime techniques, multi-level scheduling, hardware
(HW) accelerators, and computational storage. DAPHNE aims for increasing productivity and
eliminating unnecessary overheads.

In this report, we describe the initial design of the DAPHNE runtime system and its prototype
implementation, and we discuss the support for distribution primitives and the integration
with existing frameworks. This document is the result of many discussions among the
consortium partners that participate in WP4 "DSL Runtime and Integration”, i.e., ICCS, KNOW,
UNIBAS, ETH, ITU, HPI, and UM.
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1 Introduction

Integrated data analysis (IDA) pipelines typically combine data management (DM) and query
processing, high-performance computing (HPC), and machine learning (ML) training and
scoring tasks. While all these tasks share similarities, their development and execution
typically require the involvement of specialized frameworks, making the development of such
IDA pipelines cumbersome and leaving significant room for performance improvement.

DAPHNE is an open and extensible system infrastructure for developing and executing IDA
pipelines. The main objectives of DAPHNE are to: (i) increase programmer productivity, and
(i) eliminate unnecessary performance overheads. To meet these objectives, DAPHNE's
approach includes language abstractions, compilation and runtime techniques, multi-level
scheduling, hardware (HW) accelerators, and computational storage.

This document focuses on the DAPHNE runtime that provides the implementation of kernels
for local operations, key primitives for distribution, distributed block operations on top of
these primitives, integration with existing frameworks and libraries for productivity and
interoperability, as well as efficient /O and communication primitives.

1.1 Overview of DAPHNE System Architecture

Figure 1.1 shows the DAPHNE system architecture [B21, D+22]. The users specify their IDA
pipelines in the DaphneDSL, i.e., a language similar to Julia, PyTorch, or R, or in the
Daphnelib, i.e., a high-level Python API with lazy evaluation that internally compiles
DaphneDSL scripts as well. These scripts are then compiled via a multi-level compilation
chain based on the MLIR infrastructure [L+21]. The compiler converts the DaphneDSL scripts
to DaphnelR (intermediate representation), an MLIR dialect comprising conditional control
flow, matrix and frame data types, as well as logical frame and matrix operations. Then, the
compiler performs multiple optimization passes and eventually lowers logical operations to
kernels, i.e., physical operations that have different backend implementations for
local/distributed execution and for various hardware devices. The runtime system provides
implementations for the kernels, distribution primitives, and support for scheduling. The
scheduling logic is responsible for deciding the size and execution order of operations and
selecting the nodes and hardware devices they should be executed on. The hardware
accelerators provide specialized support for offloading the execution of performance-critical
operations, while the computational storage enables opportunities for combining
computational and I/O kernels by shipping code execution to where data is stored, avoiding
unnecessary data movement. Finally, the DAPHNE use cases demonstrate impact on real-
world applications, while the DAPHNE benchmarks enable systematic performance
evaluation.
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Figure 1.1.1: DAPHNE System Architecture.

1.2 Runtime Overview

The DAPHNE runtime system comprises local and distributed kernels, for implementing
computational, I/O and combined operations, targeting various devices (CPUs, GPUs,
accelerators, and computational storage). These kernels generally correspond to DaphneDSL
operators. The MLIR-based compilation chain analyzes the user code (DaphneDSL scripts)
and eventually generates calls into these kernels. The runtime also includes different
implementation of the kernels for the various data structures supported by the DaphneDSL
(scalars, dense/sparse matrices, and frames), and the necessary infrastructure and support for
the distributed execution of kernels and the tiled® execution engine.

With respect to the other DAPHNE components (and corresponding work packages — WPs),
the runtime system lies in the heart of the architecture, as it leverages the compiler’s output
(WP3: "DSL Abstractions and Compilation”) to execute kernels based on the various levels of
the scheduling logic (WP5: “Scheduling and Resource Sharing”) on the available hardware
resources (WP6: "Computational Storage” and WP7: “"Hardware Accelerator Integration”).

In this report, we describe the initial design of the DAPHNE runtime system and the
underlying prototype implementation, and we discuss the support for distribution primitives
and the integration with existing frameworks.

1.3 Terminology
To ease the understanding of this document we provide definitions for the following terms.

IR Operation is a logical operation on abstract data types (e.g., frame, matrix, scalar) which
can be systematically lowered, i.e., enriched with additional properties (information about

! Note that we use the terms “tiled” execution engine and “vectorized” execution engine

interchangeably. The definition of the term “vectorized” execution engine has been included in the
deliverable D2.1 “Initial System Architecture”.
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output types, sizes, side effects, device placement, etc.). Ultimately, IR operations are lowered
to one or multiple kernel calls.

Fused operation/pipeline combines one or more logical operations into the same operation.
Fusion combined with tiled execution improves performance by allowing better spatial
locality and parallelism.

Kernel is an implementation of an IR operation (or registered user-defined kernel) that
operates on instantiated and materialized data types. Most kernels are stateless (except
memory allocation) and deterministic. Stateful kernels are allowed as well (e.g., implementing
configuration management and setup/tear-down of context objects for device/cluster
initialization and cleanup). The kernels can be provided either by the DAPHNE developer that
works on the development of the DAPHNE infrastructure, by external shared libraries, or by
the DAPHNE user in the DaphneDSL scripts through user-defined kernels.

Fused kernels work on materialized inputs and outputs, internally setup the split and
combine functions, create tasks (which in turn contain sub-programs of kernels working on
tiles of the input/output), and orchestrate the workers.

Accelerator kernels are device specific kernels that have two components, the host kernel
that prepares the inputs and outputs, and launches one or multiple device kernels.

1.4 Document Organization

This document is organized as follows: Section 2 describes the requirements and the
challenges for the runtime system. Section 3 describes the design of the DAPHNE runtime
system. Section 4 describes the basic distribution primitives that the DAPHNE runtime system
will support. Section 5 discusses the integration of the DAPHNE runtime system with existing
frameworks and libraries. Section 6 discusses related work, and Section 7 concludes this
document and provides directions for future work.

2 Runtime Requirements & Challenges

In this section we discuss the main requirements from the perspective of the runtime system
and the challenges that arise.

2.1 Requirements
The main requirements that the runtime system needs to fulfill are the following:

e Support for data structures: The runtime system should support the various data
structures, that the user is allowed to declare and use, and that the compiler
recognizes and uses after the various compilation steps.

e Support for multiple operations through various kernels: The runtime system
should provide support for the execution of multiple operations that the programmer
may use in DaphneDSL. These operations are translated into individual computational,
I/O, and combined kernels by the compiler. The runtime system should provide the
implementation of these kernels and the necessary support for executing them on the
available hardware resources in case corresponding implementations exist.
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e Support for local and distributed execution: The runtime system should provide
support for executing the operations and kernels in both local resources, i.e., using
the available hardware resources within a single compute node, and distributed
resources, i.e., using multiple compute nodes of a cluster. Hence, the runtime system
should provide primitives and mechanisms for distributing and caching data, splitting
computation tasks among multiple workers, and collecting results.

e Support for exploiting heterogeneous resources: The runtime system should
provide support for executing the kernels in the available heterogeneous resources
that may exist within a single compute node. These resources may include multicore
CPUs, typically organized in multiple sockets based on a NUMA topology, GPUs,
FPGAs, and computational storage devices. The runtime system should provide
support for executing the various kernels, or at least the most critical ones in terms of
performance, on the available hardware resources through backend implementations
of the corresponding kernels, i.e., accelerator kernels.

e Support for effective decision making: The runtime system should provide support
for effective and intelligent decision making that may target various optimization
criteria, such as minimizing the application execution time, increasing the resource
utilization of the hardware resources, or improving the system energy efficiency.

2.2 Challenges
The main challenges that need to be considered in the design and implementation of the
runtime system are the following:

e Low overhead: The runtime system should meet all the aforementioned requirements
without affecting the application performance.

e Extensibility: The runtime system should be extensible in order to easily support the
execution of new operations and kernels, and the integration with other
heterogeneous resources and devices.

e Integration: The runtime system should handle the various forms of mismatch
between the DAPHNE data structures and kernels and the underlying capabilities of
the available hardware resources.

3 Runtime Design
This section describes the design of the DAPHNE runtime system and provides information
regarding the current status of the prototype, where applicable. We first describe the general
hierarchical approach of the DAPHNE system and then we split the description in regard to
local and distributed execution.

3.1 General Hierarchical Approach

The design of the DAPHNE runtime system is based on a hierarchical approach, as shown in
Figure 3.1. The user provides the DaphneDSL code to the master node of DAPHNE. The
DAPHNE compiler generates the execution plan of the operations, i.e., the execution order of
the corresponding kernels. In the current prototype, the compiler is responsible for deciding
whether the execution of a kernel should be performed locally in the master node or
distributed across the worker compute nodes, as the compiler may derive information

10
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regarding the sizes and the characteristics of the operations’ inputs and outputs and use
heuristics and cost models for deciding. Later on in the project we plan to extend the
DAPHNE infrastructure in order to allow for the runtime system to make such decisions on its
own as well.

In case an operation is decided to be executed locally (or in case there is no cluster available),
then the local runtime system orchestrates the execution on the hardware resources of the
compute node.

In case an operation is decided to be executed in distributed fashion, then the runtime
system of the master, i.e., the distributed runtime, is responsible for (i) deciding how to
distribute the work among workers based on both the scheduling logic and the actual
implementation of the distributable operations (i.e., whether they use broadcast, distribute,
reduce, or other distribution primitives), (ii) sending them the code and the data, and (iii)
collecting the results.

DaphneDSL DAPHNE Master
code Distributed Runtime

DAPHNE Worker DAPHNE Worker DAPHNE Worker
Local Runtime Local Runtime Local Runtime

Figure 3.1: Hierarchical Design of the DAPHNE Runtime System.

3.2 Local Runtime

The local runtime is responsible for the execution of kernels in a single compute node. Note
that the compute node may consist of multiple heterogeneous resources, e.g., multicore
CPUs, GPUs, FPGAs, and computational storage devices.

The local runtime system consists of the following basic components:

e Data structures

e Operations and kernels
e Monitoring

e Scheduling

3.2.1 Data Structures
DAPHNE's core data structures that the programmer may use in the code beside scalars, are
matrices and frames.

Matrix. DAPHNE supports both dense and sparse matrix formats. Both formats use row-
major representations: for a dense matrix we use a dense linearized one-dimensional array,

11
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and for a sparse matrix we use a compressed sparse row (CSR) [S94] format of row offsets,
column-index, and value arrays.

Frame. DAPHNE also supports frames. In contrast to matrices that are homogeneous arrays,
frames have a schema and thus require the handling of value types. To meet the
characteristics of common analytic workloads, the DAPHNE frames rely on a column-oriented
storage implemented via a dense matrix per column or column group. This composition
allows the reuse of matrix operations as frame operations.

3.2.2 Operations & Kernels

DAPHNE supports the execution of multiple operations, i.e, computational and 1/O
operations, but also operations that combine both processing and I/O. The compiler
translates these operations into kernels that are executed by the runtime. Table 1 summarizes
the main categories of operations that are supported by the current prototype, along with
some description and working examples.

Table 1: Information on DAPHNE operations.

Subcategories Working examples

Data

. Random matrices, Samples, Frames randMatrix, fill, sample
generation
Una Arithmetic (Absolute, Exponential), Logical, .
ry‘ . ( . .p .) 9 abs, exp, cos, sin, atan, round
operations Rounding, Trigonometric operations
Binary Matrix multiplication, Arithmetic, Logical, @, 4%/ - ==
operations Comparisons Pt T
. Full aggregation (sum, min etc.), Row-
Aggregation ggreg (. . ) .
Column aggregation, Statistics for row sum, min, max, mean

and statistical . h .
matrices (median, quantile, etc.)

Extract rows/columns, Insert rows/columns, ) .
Data . . . sliceRow, insertRow, reshape,
Reshape/Transpose matrices, Bind matrices,

manipulation Reverse/Order matrices order

Deep neural Activation functions, Affine, Batch Norm, relu, softmax, conv2d,

network Convolution, Pooling etc. max_pool2d, batch_norm2d

E;(It:t?::jl SQL qgeries, Set operations, Joins, §ql, merge, inFer;ect, .
Grouping innerJoin, antiJoin, groupJoin

algebra

Conversions Cast to other type, Copy copy, quantize

I/O operations | Write to stdout, read from files etc. print, openFile, readCsy, close

The kernels can be broadly classified into three main categories.

The first category targets computational kernels for various operations, such as data
generation, unary and binary operations, aggregation and statistical operations, data
manipulation, deep neural network operations and relational algebra operations among
others. Note that DAPHNE supports "multiple dispatch" of IR operations and kernel calls to
their "most specific" implementation, as a generalization of polymorphism to multiple
objects. For example, there might be different matrix multiplication kernels for dense and

12
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sparse matrices. The kernel dispatch can happen statically during compilation (known during
compile-time), or during runtime based on the input types.

The second category targets I/O kernels and provides support for the DAPHNE user to read
and store files, and for populating and storing data structures from and to storage,
respectively. The current prototype supports the CSV format, but will support other file
formats, such as CSV, Parquet, and Arrow as well.

The third category targets kernels that combine both processing and I/O; these are
particularly important for the hardware acceleration devices, such as GPUs and FPGAs, in
which the data movement plays a significant role in system performance, and even more for
computational storage that bases its execution model on the notion of moving and executing
code directly to the place where data lives. Such kernels can be either inferred and generated
by the compiler or provided by the DAPHNE user through user-defined functions.

The kernels have backend implementations, i.e., accelerator kernels that are specialized for
the different hardware devices. To enable the transparent execution of kernels on different
devices, the kernels need to be implemented in a way that yields exactly the same results,
modulo to round-off errors due to different parallelization strategies. However, this
requirement does not imply that the same data representations (e.g. sparse vs dense
outputs) need to be used. The scheduling logic (WP5) is responsible for deciding on which
hardware device each kernel will be executed.

The runtime system provides support for running kernels in different hardware devices
through context objects. Context objects are a means of keeping state at the runtime system
around throughout the time of execution of a compiled program. One scenario, for example,
where this is required is the use of an external library that requires the call of an initialization
routine which gives back a handle object. Subsequent calls to the library would take this
handle as a parameter. A concrete example where this is needed is the cuDNN library to
accelerate deep neural network operations. After the call to cudnnCreate (&¢handle) ; the
state of the cuDNN library is initialized and cudnnConvolutionForward (handle,...) ;
can be executed. To keep the various needs for state tracking from spreading all over the
DAPHNE framework, we use a DaphneContext object that is passed to operations at runtime.
This “meta context” can hold arbitrary state information like the already mentioned cuDNN
handles, which are stored in a more general CUDAContext object that holds the state of
various libraries and devices that use the CUDA APL In addition to the operations categorized
in Table 1, there are two “special” operations which are injected at compile time to create a
DaphneContext in the beginning and destroy it in the end of execution.

3.2.3 Monitoring Support

The runtime system needs to provide support for monitoring the execution time of
application tasks, along with information regarding the hardware resources and system-wide
information as provided by the operating system and the platform performance counters.
This monitoring information is necessary for modeling and characterizing the behavior of the
application tasks, and eventually for driving the scheduling logic that decides when and how
to execute the application tasks on the available hardware resources.
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3.24 Scheduling & Tiled Execution Support

The runtime system needs to provide support for scheduling in order to optimize various
goals, such as to reduce application execution time or increase the resource utilization. The
goal of the DAPHNE system architecture is to exploit parallelism at multiple levels, e.g.,
parallelism through parfor loops, inter-operation parallelism so that independent operations
may be executed in parallel or even in out-of-order fashion, intra-operation parallelism so
that independent kernels that comprise an operation may be executed in parallel, and data
parallelism through the tiled execution engine. To exploit the available parallelism at all levels
and enable intelligent scheduling logic, the runtime system will need to provide adequate
support. A key component for assisting scheduling from the runtime system perspective is
the concept of task queues, where the various tasks that are ready for execution can be
stored. The runtime system will provide such task queues, either a single queue per compute
node or multiple queues with each targeting one hardware device, so that tasks can be
executed on the hardware resources efficiently.

The DAPHNE system architecture introduces the tiled/vectorized execution engine for
compiled operator pipelines of frames and matrices [B21, D+22]. The tiled execution engine
brings many important advantages; it provides means of fusing operations (that may be
computational and/or I/O operations), exploiting data parallelism without re-implementing
each kernel, and integrating seamlessly with heterogeneous computing devices,
computational storage, and distributed operations.

(%9, %10) = fusedPipelinel(%X, %y, %colmu, %colsd) {

AN
Split GPU/FPGA Workers | Combine

== . ¥
el CPU Workers (2)

A

inter-
mediates

o
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Ei

”_“ =

(FPGA) | !

Figure 3.2: Tiled Execution of Compiled Operator Pipelines.

Figure 3.2 shows the basic integration of tiled operator pipelines into execution plans. The
DAPHNE compiler is responsible for identifying the vectorizable operators, fusing them into a
single vectorized pipeline’ and generating the fused code, thus avoiding materializing
intermediates. DaphneDSL defines a vectorizedPipeline operator, which the compiler then
uses to call into the runtime for the actual tiled execution. The interface is the same as for any
other runtime kernel. Internally, the DAPHNE runtime splits the inputs into chunks and
enqueues each, along with the actual operator (this can be either a “vanilla” runtime kernel
for non-fused operators or a pipeline with calls to the runtime kernels for fused operators) as

? The Deliverable D2.1 “Initial System Architecture” provides detailed definitions and descriptions for
the terms "vectorized task” and “fused operator pipeline”.
14
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a task in a queue. It then spawns CPU worker threads which dequeue and execute the tasks
from the queue. Any HW accelerator worker is implemented as a CPU thread that launches
the actual accelerator kernels. Hence, the runtime system supports the tiled execution by
managing the vectorized tasks, splitting the inputs and combining the outputs of the tasks,
and by managing one or multiple (device-specific) task queues. The current prototype
focuses on executing tasks on CPUs, and hence uses a single thread-safe FIFO queue for all
CPUs. The selection of task size and execution device is part of the scheduling logic and is
discussed in detail in the deliverable D5.1 “Scheduler Design for Pipelines and Tasks".

The current prototype supports parallelism through the tiled execution, as the compiler
generates calls to the runtime assuming operator-level synchronization barriers. The tiled
execution provides many important benefits, but it does not exploit inter-operation
parallelism. To further improve performance, we plan to also support a DAG-based execution
approach, where the compiler generates a DAG of the application and the runtime uses this
information in order to trigger the execution of operations accordingly.

3.3 Distributed Runtime
The distributed runtime is responsible for the execution of kernels in a cluster of compute
nodes. The distributed runtime system consists of the following basic components:

e Data structures

e Distribution primitives (described in Section 4)
e Distributed operations

e Communication

e Monitoring

e Scheduling

3.3.1 Data Structures

The distributed data structures that the DAPHNE compiler and runtime system use and
support are the distributed collections of tiles and the federated matrices/frames. These two
abstractions provide a great balance of flexibility and control.

Distributed Collections of Tiles: This representation divides a matrix into fixed-size blocks,
and stores them as a collection of block-indexes and blocks [KBY17]. By default, such a bag is
unordered but can be partitioned (hash, range) or sorted. Figure 3.3 shows an example 4500-
X-3000 matrix, organized as a collection of squared 1K-x-1K blocks and hash-partitioned into
three partitions, which can then be stored and processed in a distributed manner.

Federated Matrices/Frames: A federated matrix is a virtual matrix whose individual parts
(identified by index ranges and address information for accessing remote data) are stored as
local or distributed data at a federated site [B+21] or device.

15
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Figure 3.3: Distributed Collection of Tiles.

Figure 3.4 shows again an example 4500-x-3000 matrix that is federated across host and
device memory, where the federated metadata comprises index ranges and pointers. Both of
these abstractions are amenable to data-parallel computation, but they have different
tradeoffs regarding distribution, load balancing, sparsity, and direct access.
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Figure 3.4: Federated Matrix.

3.3.2 Distributed Operations/Kernels

The distributed runtime system provides support for executing operations in distributed
fashion, in case such implementation exists. The general flow that the distributed runtime
system is based on is as follows: (i) the distributed runtime uses the distribution primitives to
distribute the data and the code to the workers and waits for their completion and receiving
their results, (ii) the workers receive the input data and the code, they perform the
computation, and send the results back to the master node, and (iii) the master node collects
the results.

In the current prototype all decisions regarding distributed execution are made at compile-
time. During the first compiler pass, the compiler checks if an operation is marked as
“distributable”; currently this only applies for element-wise matrix binary operations. If that is
the case, each operand of the binary operation is set to be distributed by the runtime. During
execution, each operand is distributed using fixed-size tiles to available workers, which are
set up and started before main execution. In order to actually execute the operation, during
runtime the DAPHNE master sends MLIR IR fragments (which are generated at compile-time)
to each worker, that is responsible to execute the fragment on its local data. This approach
allows for distributing fused pipeline operations, thus increasing data locality and reducing

16
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data communication, and for generating and executing optimized code for each particular
compute node based on its hardware capabilities. Finally, each tile is collected back by the
master in order to reconstruct the resulted matrix. In the future, this can be extended to
support runtime decisions regarding distribution policies and more complex collective
primitives, like aggregations and reduce.

3.3.3 Communication Support

The runtime system needs to provide support for the communication between the master
and the workers, and in general between the compute nodes. While various communication
frameworks can be used [SCR20], we base our approach in the initial prototype for
distributed compute nodes on the gRPC framework that allows both synchronous and
asynchronous communication between the distributed nodes. In the future, we aim to further
integrate MPI and device-specific collective operations (e.g.,, NVIDIA NCCL), and embedded
deployments in different HPC, cloud, and database environments.

3.3.4 Monitoring Support

The distributed runtime system needs to provide support for monitoring the status of
workers, i.e., DAPHNE-specific information regarding the execution of application tasks but
also system-wide information as provided by the operating system and the platform
performance counters, in order to leverage this information for scheduling decisions, e.g.,
minimize load imbalance.

3.3.5 Scheduling support

The distributed runtime system also needs to provide support for scheduling across compute
nodes in order to optimize various goals, such as reduce application execution time or
increase the resource utilization. Similarly to the local runtime (Section 3.2.4), the goal here is
to exploit the available parallelism at multiple levels.

4 Distribution Primitives

In this section we describe the basic distribution primitives that the DAPHNE runtime system
will support. In distributed systems, either for machine learning or data analysis and
manipulation frameworks, a number of collective communication primitives need to be used
for data exchange between executors. Note that the term "executors” may refer to distinct
compute nodes but also to distinct hardware devices within a single compute node. DAPHNE
uses the distribution primitives for the implementation of distributed operations and kernels.
Here we present some of the most preferable communication primitives, such as Broadcast,
All-Reduce, Ring-Reduce, Scatter/Gather, Prefetch, and Distributed Caching [ZC13].

4.1 Broadcast

The broadcast pattern [BCH92] is used to distribute data from one processing unit to all
processing units. Broadcast can be interpreted as an inverse version of the reduce pattern.
There are many implementations of the broadcast primitive.

e In generic linear broadcast, the message is split up into k packages and sent piecewise
from node n to node n+1.
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e In binomial tree broadcast the whole message is sent at once. After receiving the
message, each node sends it on further. At each time step the amount of sending
nodes is doubled. Thus, it is ideal for short messages, but falls short with longer ones,
as during the time when the first transfer happens only one node is busy.

e In pipeline binary tree broadcast the algorithm combines binomial tree broadcast and
linear pipeline broadcast, which makes the algorithm work well for both short and
long messages. The aim is to have as many nodes work as possible while maintaining
the ability to send short messages quickly. A good approach is to use Fibonacci trees
for splitting up the tree, which are a good choice as a message cannot be sent to both
children at the same time. This results in a binary tree structure.

4.2 All-Reduce

The concept behind All-Reduce is that data from each distributed node, is reduced in some
fashion (e.g., via a sum) to produce an aggregate and this aggregate is then shared across all
the nodes. Every worker shares its data with all other workers and applies a reduction
operation. This operation can be any reduction operation, such as sum, multiplication, max or
min. In other words, it reduces the target arrays in all workers to a single array and returns
the resultant array to all workers.

There are many implementations of the All-Reduce collective primitive [P18]. Some
implementations try to minimize bandwidth, while some others try to minimize latency. Next
we briefly present some of them:

e Tree Reduce: The tree reduce topology [CKPT17] uses the lowest overall bandwidth
for atomic messages, although it effectively maximizes latency since the delay is set
by the slowest path in the tree. It is a reasonable solution for small, dense (fixed-size)
messages.

e Round-Robin Reduce: In round-robin reduce [ZC13], each worker communicates with
all other workers in a circular order. Round-robin reduce achieves asymptotically
optimal bandwidth, and optimal latency when packets are sufficiently large to mask
setup/teardown times. In practice though, this requirement is often not satisfied, and
there is no way to tune the network to avoid this problem.

e Butterfly Network: In a butterfly network [K02], every node computes some function
of the values from its in-neighbours (including its own) and outputs to its out-
neighbours. In the binary case, the neighbours at layer-d lie on the edges of
hypercube in dimension d with nodes as vertices.

4.3 Ring-Reduce

Similarly to All-Reduce, in Ring-Reduce [LLS07] data from each distributed node is reduced to
produce an aggregate, which is then shared across all the nodes. In the Ring-Reduce
algorithm, a ring topology of the workers/nodes is constructed. Each node divides its own
data into sub-portions, which are referred to as “chunks”. Each node adds its local chunk to a
received chunk and sends it to the next node. In other words, every chunk travels all around
the ring and accumulates a chunk in each node. After visiting all nodes once, it becomes a
portion of the final result (accumulated data), and the last-visited node holds the chunk.
Finally, all nodes can obtain the complete accumulated data by sharing the distributed partial
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results among them. This is achieved by doing the circulating step again, but without
reduction operations, i.e, merely overwriting the local chunk in each node with the
corresponding received (final) chunk. The Ring-Reduce operation completes when all nodes
obtain all portions of the accumulated data.

44  Scatter & Gather

Scatter [RD14] is a collective routine similar to Broadcast. Scatter involves a designated root
node sending data to all nodes in a distributed system. The primary difference between
Broadcast and Scatter is small but important. Broadcast sends the same piece of data to all
nodes while Scatter sends chunks of an array to different nodes. Gather is the inverse of
Scatter. Instead of spreading elements from one node to many nodes, Gather takes elements
from many nodes and gathers them to one single node. This routine is highly useful to many
parallel algorithms, such as parallel sorting and searching.

4.5 Prefetch

Prefetch is a general technique that may be implemented via various means, and in this case
via an additional distribution primitive that allows hiding the latency of moving data across
workers or devices.

4.6 Distributed Caching

Distributed cache is a distributed primitive that uses all the random-access memory (RAM) of
distributed nodes into a single in-memory data store as a data cache to provide fast access to
data for all nodes. Distributed cache links together multiple nodes, growing beyond the
memory limits of a single node or a single physical server. Distributed cache is especially
useful in environments with high data volume and load. In sophisticated architectures,
distributed cache is scalable, meaning it can add nodes to its “cache cluster” in case of load
increment. Modern systems and frameworks, such as Hadoop and Spark, offer the
functionality of a distributed cache.

5 Integration with Existing Frameworks & Libraries

In this section we describe the integration of the DAPHNE runtime system with existing
frameworks and libraries. We split the description into the front-end part and the back-end
part. Note that the frameworks and libraries that are mentioned in this section are selected
for broad applicability. As the development of the DAPHNE use cases (WP8) proceeds, we will
reassess the list of existing frameworks and libraries for integration within DAPHNE, in order
to support the use cases early on and still allow for continuous integration and development.

5.1 Frontend Integration

The frontend part refers to the existing frameworks and libraries that the DAPHNE user can
use in a program written in DaphneDSL or DaphnelLib through user-defined functions. Such
integration provides two important benefits. First, the programmers are enabled to reuse
existing code, algorithms and methods of a framework that they may be familiar with already.
Second, the DAPHNE system is allowed to reuse algorithms and functionality that is already
implemented in other frameworks, so that in the development of DAPHNE we avoid
reimplementing preexisting components from scratch, but focus on critical components for
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programmability and performance, and leverage existing frameworks for generality and
applicability. To that end, we plan to support popular frameworks, such as Spark, SystemDS,
TensorFlow and PyTorch, in order to reuse and leverage existing functionality related to data
management and machine learning tasks.

5.2 Backend Integration

The backend part refers to the existing frameworks and libraries that the DAPHNE system
internally uses during its execution. Such frameworks and libraries can be broadly categorized
into the following classes:

e HPC libraries, such as OpenBLAS, MKL, MPI, and OpenMP. The current prototype
already uses OpenBLAS for the execution of some computational kernels; MKL can be
used as an alternative drop-in replacement. OpenMP and POSIX threads (pthreads)
have been integrated in the current prototype as well in order to exploit thread
parallelism in multicore CPUs.

e Communication for distributed execution or across multiple devices within a
compute node, such as gRPC, MPI, and NCCL. The current prototype already uses the
gRPC framework for the distributed execution.

e Parallel file systems, such as HDFS, GPFS, Lustre. These are currently not used (yet)
by the prototype.

e Common data formats, such as CSV, Parquet, Arrow, HDF5, and NetCDF. The current
prototype already supports the CSV format.

6 Related Work

There are several frameworks and projects that target the domains of data-management
(DM), machine learning (ML), and high-performance computing. In this section we discuss
some of the most popular and relevant existing frameworks, and we describe their runtime
and distributed design.

PyTorch [P+19] is an open source machine learning framework. PyTorch's runtime operates
in two different ways, either in eager mode or via TorchScript [Tor21] (a highly optimized
subset of Python language, which is constantly expanded). Eager mode utilizes Python's
runtime to execute instructions and functions in real time as the script is being parsed. On
the other hand, TorchScript compiles and generates IR code before executing at runtime. This
approach enables portability, since the generated IR can be easily imported in other
languages and the models can be executed in multiple devices. In addition, it allows
optimizations on the IR code [PyT21la], such as: (i) Algebraic rewriting: constant folding,
common subexpression elimination, dead code elimination. (ii) Out-of-Order execution:
reordering operations to reduce memory pressure by making use of cache locality. (iii)
Fusion: combining several operators into a single kernel to avoid overheads from round-trips
to memory. (iv) Target-dependent code generation: Taking parts of the program and
compiling them for specific hardware.

PyTorch also supports ease of conversion from eager mode models to TorchScript. Since this
comes with some limitations, there is also the option of writing code directly in TorchScript.
This option allows the serialization of the models and therefore complete independence from
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the Python runtime, enabling easy deployment in servers, mobile devices, etc. There is
currently a PyTorch mobile runtime under development targeted for Android and iOS devices
[PyT21b].

Finally PyTorch implements a “Just-in-Time" or JIT compilation. The idea is that dynamic code
might be static after being determined. Therefore the compiled version is generated at
runtime, if the applied overhead is determined to be smaller than executing dynamic code.
The steps of JIT are as follows: (i) specialization, e.g., determine shapes, services and other
information, (ii) optimizations, e.g., algebraic rewriting, fusion, etc. and (iii) execution, e.g.,
scheduling, parallelism, etc.

PyTorch Distributed is a distributed backend [L+20b], which allows performance
optimizations and distributed training, giving the opportunity to process more data or
develop bigger models. PyTorch features two main distributed training paradigms:

Distributed Data-Parallel training (DDP) is a widely adopted SIMD training paradigm. Every
process has a copy of the model, each handling a different subset of the data samples.
Communication exists for updating the models during training and keeping them synced.

RPC-based distributed training is developed to support general training that cannot fit in
DDP. For example, distributed pipeline parallelism (models that are too big to fit in one GPU
and are broken down to different parts, which are placed on different GPUs), parameter
server paradigm (where one server stores model parameters and the workers query and work
on specific tasks) as well as others combinations of DDP and other paradigms.

TensorFlow Runtime (TFRT): TensorFlow [A+16] is an open source artificial intelligence
library, which utilizes graphs to build models. A new runtime called TensorFlow Runtime or
TFRT [TFRT21] was recently released, which is superior to the old runtime, allowing for many
optimizations. Similar to PyTorch, TensorFlow allows for either eager or graph execution. On
one hand, eager is executed in Python Runtime, kernels are being utilized by Python and
there is no room for significant optimizations. On the other hand, graph execution code is
compiled and lowered with MLIR [L+20a]. Optimizations are made and based on the
available hardware, and specific kernels are used for improved performance. Early results
show 28% increase in performance when compared with the old TF (1.x) runtime (which is
highly optimized compared to the new one, which is still under development) [TFRT21]. In
addition, the new runtime is highly extensible and modular. TFRT has a lock-free graph
executor that supports concurrent operation execution with low synchronization overhead,
and a thin, eager operation dispatch stack so that eager API calls will be asynchronous and
more efficient. Moreover, the device runtimes are decoupled from the host runtime, the core
TFRT component that drives host CPU and I/O work in order to make extending the TF stack
easier. To get consistent behavior, TFRT leverages common abstractions, such as shape
functions and kernels, across both eager and graph execution.

TensorFlow Distributed: TensorFlow implements an API to allow for distributed training
across multiple GPUs, multiple machines or TPUs [Ten21], [A+16]. The API is designed with
three goals in mind, ease of use, good performance and easy switching between different
“strategies”. Some types of strategies that are implemented are the following: (i)
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MirroredStrategy, that targets synchronous distributed training across multiple GPUs on one
machine, with the model being replicated across GPUs and updated synchronously; (ii)
TPUStrategy, that targets TensorFlow training on Google's specialized ASICs/TPUs; (iii)
MultiWorkerMirroredStrategy, that is very similar to MirroredStrategy but targets multiple
workers, each with potentially multiple GPUs; (iv) ParameterServerStrategy that targets a
training cluster consisting of parameter servers and workers, with the variables being created
on parameter servers, read and updated by workers in each step; (v) CentralStorageStrategy
that targets single devices or machines in which the model variables are placed on the CPU
and operations are replicated across all GPUs.

Spark Runtime: Apache Spark [Z+16] is an open source, general-purpose distributed
computing engine used for processing and analyzing large amounts of data. Spark uses a
master/slave architecture, i.e., one central coordinator (driver) and many distributed workers
(executors) [Spa2l]. There are two basic ways the driver program can be run: (i) Cluster
Deploy: The driver process runs as a separate JVM process inside a cluster, and the cluster
manages its resources (mostly JVM heap memory). (ii) Client Deploy: The driver is running
inside the client’s JVM process and communicates with the executors managed by the cluster.
The client process starts the driver program and then the driver and its subcomponents - the
Spark context and scheduler — are responsible for requesting memory and CPU resources
from cluster managers, breaking application logic into stages and tasks, sending tasks to
executors, and collecting the results.

SystemML: SystemML [B+16] is a flexible machine learning system that automatically scales
to Spark and Hadoop clusters. In SystemML all tensors are represented as 2D matrices
instead of multi-dimensional matrices in other typical deep learning applications. For
example a 4-dimensional tensor [N, C, H, W] would be represented as [N, C*H*W]. This allows
utilization of existing physical optimizations such as various sparse formats (COO, CSR, etc),
blocking for handling out-of-core tensors and broadcasting operations over scalars and
vectors. In addition, SystemML has various built-in neural network functions. To exploit the
low-level CPU SIMD instructions, the SystemML runtime uses the underlying BLAS (such as
OpenBLAS and Intel MKL) for compute-intensive operations such as matrix-matrix
multiplication and convolution operations. If Intel MKL is installed, the SystemML runtime
uses the highly-tuned MKL-DNN primitives for the convolution operations. Some other key-
features of SystemML are: (i) GPU Backend: SystemML supports highly tuned kernels from
CUDA libraries utilizing available GPUs. (ii) Sparse Operations: SystemML decides on runtime
whether sparse or dense formats are best fit for the problem and selects appropriate
operators, thus reducing the number of floating point operations and improving memory
efficiency. (iii) Distributed Operations: Depending on the problem, if the user demands a lot
of memory for the task, SystemML generates a distributed data-parallel plan across multiple
nodes.

Finally, some MLIR projects related to machine learning and distributed runtimes are:

Nod Distributed Runtime [Nod2l] provides a compiler frontend for various machine
learning frameworks, like PyTorch and TF, which can efficiently parallelize and distribute
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workloads on Nod's runtime allowing auto-tuned high performance execution on different
hardware — from very large clusters to System-on-Chip designs.

IREE (Intermediate Representation Execution Environment) [IREE21] is a MLIR-based end-to-
end compiler for machine learning models. It imports a model generated with a common ML
framework and compiles and runs the model based on user's selected target platform. The
IREE design is client/server, asynchronous and modular with careful consideration to use-
case-driven optionality (synchronous, single-node, unity build, multi-tenant, enclave, etc.).

PlaidML [Pla21] is an advanced and portable tensor compiler. It bridges the gap between
universal machine learning operations and the platform specific code needed to perform
those operations with good performance. PlaidML enables deep learning on devices where
the available computing power is not well supported or the available software stack contains
unpalatable license restrictions.

Comet [M+21] is domain-specific programming language and compiler infrastructure for
tensor contraction targeting heterogeneous accelerators. Comet specifically targets chemistry
applications, which fundamentally use tensor contractions. Comet is based on MLIR,
providing a multi-level IR allowing different kinds of optimizations at each level of the IR
stack and therefore generating highly optimized IR code for execution.

Minos Computing Library (MCL) [G+20] is a system software for programming on extremely
heterogeneous systems that increases performance and application portability. The main
concept is to allow programmers to develop applications on small personal desktop
machines that automatically scale up to fully utilize powerful workstations or down to power-
efficient embedded systems. MCL achieves this through asynchronous execution, intelligent
scheduling and efficient resource allocation. MCL consists of several components: a scheduler
that orchestrates tasks, an asynchronous runtime, a well-defined API and a set of tools to
analyze and debug applications. MCL serves as a backend for higher level programming
models, rather than a replacement for existing high-performance computing frameworks. It
provides an API through which users can create, execute, wait and check the status of a task
asynchronously. The MCL runtime is a dynamic library linked to each application that
implements MCL APIs and asynchronously executes tasks. Finally, regarding scheduling, in
the context of MCL, which is meant to facilitate porting and co-scheduling applications from
different domains, rather than implementing a holistic scheduler, MCL provides a scheduling
framework in which developers can plug in their own scheduling algorithms.

7 Conclusions & Future Work

In this deliverable we described the initial design of the DAPHNE runtime system and its
prototype implementation. Moreover, we discussed the support for distribution primitives
and the integration with existing frameworks and libraries.

Our future work will focus on supporting more local and distributed operations, integrating
with more hardware devices, besides CPUs and GPUs, implementing more distribution
primitives, and integrating the DAPHNE runtime with more frameworks and libraries. In
addition, we will work on data locality and communication mechanisms in order to improve
the performance further. Finally, the runtime system design will evolve continuously along
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with its development during the course of the project and will be updated in the upcoming
deliverables D4.2, D4.3 and D4 4.
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