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SDP Memo Disclaimer 
The SDP memos are designed to allow the quick recording of investigations and research 

done by members of the SDP. They are also designed to raise questions about parts of the 

SDP design or SDP process. The contents of a memo may be the opinion of the author, not 

the whole of the SDP.  
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1. Introduction 
 

1. The necessity of SKA Scale-out Prototyping 
 

As observed by computer scientists [1] in SKA science data processor (SDP) 

consortium, due to the impact of budget reduction, the designed capability of scientific data 

processing is significantly reduced in the current design of SDP. Specifically, by adjusting 

the scientific objectives, focusing only on high-priority scientific observation tasks, and 

reducing the number of effective baselines of the antenna, SDP consortium reduced the 

sustainable requirement of imaging computation for scientific data processing to 25 PFlops. 

Under the assumption of 10% computational efficiency, the peak performance requirement is 

260 PFlops and the computational power consumption is 4.3 MW [2]. 

 

However, as the existing design basically refers to the general purpose computer 

designs, e.g. Tianhe 2 and other supercomputing centres, features of SKA SDP are not fully 

considered in the current design. There is no sufficient effort in research on SKA SDP design 

in full scale under the constraints of computing, data movements, storage and power. Simple 

application goal adjustment in current design only temporarily avoids the limitation of budget 

reduction, and does not technically solve the bottleneck of large-scale computing and data 

transmission of SKA scientific data processing. For example, the current power estimation 

ignores the overhead of data storage and movements. In the current design, a 10 PB buffer 

is specified to host hot data and reduce the pressure of real-time data processing on 

computing resources. However, the power consumption of 10 PB buffer is not included in the 

computation power. In fact, 10 PB hot data buffer has to be accessed continuously. If 10 PB 

data are read at 10Gb/s over Ethernet, it takes 92 days to complete 10 PB data movement. 

The power consumption during this period is not negligible. 

 

Similar to the situation of existing SKA SDP design, neglecting scale-out prototyping 

also leads to bottlenecks in FAST telescope, a SKA pathfinder project. During the actual 

operation of the FAST telescope, it was found that the actual amount of observation data 

was several orders of magnitude larger than earlier model. The enormous amount of data 

poses a great challenge to the data communication and processing system of the existing 

FAST telescope. 

 

As such, we have to handle the challenges by working on scale-out prototyping to 

compose a SKA-SDP application specific system.  

2. Summary of activities  
(1) Scientific methods 

We have been using the Tianlai pathfinder arrays in Xinjiang Province (including a dish array 

with 16 dishes of 6 metre aperture, and a cylinder array with 3 cylinders and a total of 96 dual 

polarization elements) to experiment on drift scan survey. We have developed python 

algorithms which can handle the drift scan survey data processing, including RFI mitigation, 

calibration with artificial signal and simple sky model (single point source), and map-making. 

The map-making making algorithm takes advantage of the drift scan mode and uses spherical 

harmonic expansion.  This may also be used for the drift-scan survey of the SKA.   
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(2) Kernel Algorithms 

We developed the optimized version of ARL, migrating the core and time-consuming 

algorithms in ARL, such as prediction, inversion and cleaning, to C++ platform, and use 

BLAS library to improve performance, and maintain transparent algorithm calls to the upper 

level. At the same time, we use the automatic parallel optimization tool STAR developed in 

shared memory environment for fine granularity partition and dependency assignment, so as 

to achieve more efficient dynamic scheduling and task processing. Finally, we use self-

developed hybrid mode big data platform BATON to achieve efficient scheduling and 

computation of multiple imaging tasks in distributed environment for large-scale and efficient 

ARL algorithm imaging task processing. 

 
(3) Software Execution Framework 

On the Spark platform, we investigated the effects of different execution plans of MID1 

ICAL pipeline on Spark (By now, only I/O is concerned). The performances vary 

significantly. We investigated how to combine Spark and Alluxio. It is quite efficient to 

improve the shuffle performance of Spark. We investigated the task scheduling strategies of 

MID1 ICAL pipeline on Spark by running modified ARL for Spark. To enable the Execution 

framework to support GPU computing，we conducted full investigation on IBMSparkGPU 

and GPUEnabler, and finally enabled the GPU computing on Spark. 

 

On the DALiuGe platform, our recent work was focused on two stories: TSK-1752(How do 

Execution Frameworks support accelerators) and TSK-1579(Distributed Shared Memory 

Drop Implementation).  Several wide-field imaging algorithms are investigated and 

implemented using existing observational data and dynamic range are considered. We 

participated the 2nd Australia-China SKA Big Data Workshop and joined the discussion and 

tasks in WP2—Pipeline (Algorithms and Execution framework), the data acquisition from 

NGAS, the ASKAP data imaging and source finding algorithms are implemented on 

DALiuGE Execution framework. 

 

(4) Hardware Platform 

A computation platform based on CPU+MIC+GPU+FPGA architecture has been developed 

by Inspur corporation and Shanghai Jiao Tong University to accelerate the processing 

process. This platform is designed to improve the efficiency of memory access and alleviate 

the communication delay of data transmission. The optimization process is mainly based on 

the multi-thread structure of MIC to improve the parallelism of the data processing process. 

 

(5) System Scheduling 

We investigated into scalable system scheduling with consideration of data movement 

overheads. The functionality and performance of the ingest data buffer and computing islands 

were analyzed and simulated with communication aware scheduling schemes.  Apart from 

science observation task properties and computation complexity, distributed storage and 

centralized storage were further studied as additional system scheduling constraints.  

 

(6) Pulsar Search 

Artificial intelligence (e.g. deep learning) tools were exploited to automatically identify 

interesting candidates without human input. The recall of existing deep learning systems for 
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pulsar search is high but can be improved further. However, the computational requirements 

of such systems should be scaled up to meet the requirements of SKA data. In the DL model, 

back-propagation by gradient descent is one of most time-consuming during model training. 

Mini-batch parallelism is exploited to decrease the training time of parameterized models 

using gradient based methods through asynchronous optimization. 

3. Highlights of Initial Scale-out Prototyping  

3.1 Initial Scale-out Prototyping on CPU+FPGA architecture 

In scientific data computing, in order to ensure the error range of results we adopt unified 

configuration of precision in different computing phase. However, if we configure different 

precision in different computing phase on the premise of satisfying the final computing 

precision, the overall power dissipation will decrease. In SKA scientific data processing, we 

intend to customize different precision in different phase of core computing unit. It is hard to 

achieve precision configuration of different computing phase by manual, and researching 

automatic variable precision arithmetic is a much better solution. We intend to implement 

variable precision arithmetic on FPGA to extend the floating-point IP cores for FPGA based 

algorithm optimization of SKA Scientific Data Processing (SDP). 

 

3.1.1 Scenarios and Difficulties 

 

Gridding Algorithm 

The algorithms for UV imaging are a combination of 2-D gridding of data, Fourier 

transformation, deconvolution, and self-calibration. Among several key algorithms, Gridding 

is the most time-consuming algorithm in SKA scientific data processing. The essence of 

Gridding algorithm is a two-dimensional convolution operation. The convolution matrix is 

created by the W-projection algorithm. All the convolution weights together form a five-

dimensional array. Each pixel of an output image is the sum of weighted neighbouring pixels 

from the input image. 

 

Based on the analysis of the existing benchmark of the Gridding algorithm, which is 

implemented in C language, we can summarize the computational features. For gridding 

algorithm, each (u, v) space sample point is convolved with a two-dimensional window, and 

the convolution result is mapped to a regular two-dimensional grid. Due to the randomness 

of the sampling points in the (u, v) space, the computational features exhibited by Gridding 

algorithms are memory-intensive. In another word, memory access performance is one of 

the bottleneck of gridding algorithms.  

Go back to the specific algorithm structure, it consists of three nested loops, which leads to a 

large number of calculate operations. It takes (2*support+1)2 kernel operations for one 

sample point, each kernel operation consists of one single precision floating point addition 

and one single precision floating point multiplication. In order to achieve parallelization, we 

have to unroll at least one loop. Due to the data dependency, how to solve the memory write 

conflict problem of Gridding when unrolling loops also becomes a critical issue of gridding 

algorithm.   
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Degridding Algorithm 

Degridding is a concrete implementation of the de-grid operation in SKA. The Degridding 

program called in the runDegrid() function can convolve a series of computed sampling 

points that have been mapped onto a 4096×4096 grid (u, v). And the (2*support+1)2 size 

convolution kernel is de-grid operation and restored to the original size grid. 

 

Deconvolution Algorithm 

DeConvolution is one of the key algorithms in the pipeline imaging process in SKA, and its 

calculations account for about 20% of the entire SKA scientific data processing. Call the 

deconvolve function in the deConvolution program. 

 

 

 

3.1.2 FPGA Acceleration Optimisation 

 

Gridding algorithm Optimising 

We unfolded the third loop in the Gridding algorithm, the reason of doing so is to avoid the 

memory write conflict between the unfolded units. The data address of these units are 

sequential, therefore the module can get all data at one time and do the kernel options in 

parallelized units at the same time. 

 

We subdivide the tasks, and add pipeline stages into the circuit. It helps a lot to cut down the 

critical path and improve the clock rate. Fig. 1 shows the pipeline structure [5].  

 
Fig.1 Pipeline Accelerator Architecture 

It may occur memory write conflict between adjacent sample point when using pipeline 

structure. To solve this problem, we added a conflict prediction module. If a sample point is 

predicted to have conflict with data in pipeline stages, we will insert bubbles to stall the 

pipeline and avoid data hazard. In order to reduce the rate of bubbling, we chose to add 

buffer in pipeline. When detected data hazard, push the current sample point into buffer and 

then get the next one. So that we will only need to stall the pipeline when buffer is full. 

For the scale of grid is 4096x4096, we have to store the full-scale test data in DDR rather 

than in the block RAM. The host PC will write the input data into DDR and then get the result 

from DDR through the PCIe interface after finishing calculation. The data flow is shown in 

Fig.2 [5]. 
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Fig.2 Dataflow of Accelerator Prototyping on a Server 

 

Variable Precision Arithmetic 

 

POSIT was proposed by John L. Gustafson in 2017, which is the third version of floating-

point arithmetic format, Universal Number (Unum). There are 4 components in posit format: 

sign, regime, exponent, and fraction. The main differences of posit compared with IEEE 754 

are: (1) under the same bit width of the total bit string, the length of components in posit can 

vary according to the different numbers. (2) The regime and exponent fields together 

represent the exponent of posit floating-point number. In posit, the variable precision and 

efficient representation of exponent contribute a higher accuracy and larger dynamic range 

than IEEE 754. 

 

The main differences between posit and IEEE 754 floats are variable bit width of 

components and different encoding strategy of the exponent. Compared with IEEE 754 

implementation, the main different issues encountered in posit implementation are: 

(1) Partitioning components (sign, regime, exponent, and fraction) from bit string of 

operands. 

(2) Encoding and operating exponent of floating-point number with regime and exponent 

fields. 

(3) Tackling variable bit width of components in computing. 

(4) Assembling variable length of result components into designed bit width format. 

 

In our implementations of Unum and POSIT [6][7], we compare the precision representation, 

dynamic range and performance of hardware implementation of posit and IEEE 754 format. 

We use IEEE 754 single-precision IP core provided by Xilinx as a contrast of {32, 3} type 

posit. Posit exhibits better superiority in precision representation and dynamic range than 

IEEE 754. Furthermore, the precision superiority of posit will be much better in larger format 

such as 64 or 128 bits format. However, reasonable higher resource usage and lower max 

frequency of posit FPUs compared to IP cores have been observed, which are because of 

the logic consumption in processing variable bit width of components and different encoding 

method of the exponent. 

 

We also explored replacing floating point numbers with fixed point numbers in FFT algorithm 

acceleration based on FPGA. Our experimental results [18] show that, when input phase 
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factor width is to 24-bit, both Power Efficiency and Speedup achieve a nice balance while 

computation error is at magnitude of 10−6.  More trade-off results are indicated in Fig. 3. 

 
Fig.3 Speedup of FFT algorithm with variable precision bits [18] 

 

  

3.2 Initial Scale-out Prototyping on CPU+MIC architecture 

As part of scale out prototyping efforts, the initial test based on supercomputing platform in 

CPU+MIC architecture was designed to: develop SKA scientific data processing test 

verification platform based on CPU+MIC architecture, and optimize at least 3 SKA key 

algorithms on the CPU+MIC test verification platform.  

 

The test verification system based on CPU+MIC architecture is an important part of the SDP 

Architecture. It provides the mechanism for executing pipelines at scale in the SDP, using 

data-parallel processing techniques. The architecture has been proposed to allow the SDP 

to use CPU+MIC architecture supercomputing platform, while processing data.  

The software determines the hardware, which is especially evident when designing scientific 

data processing test verification systems. The data processing algorithms (Gridding, 

Degridding, and deConvolution) account for more than half of the computation in SKA 

Scientific Data Processing (SDP). Evaluating and optimizing these applications, both in 

terms of computational efficiency and economics, will provide an important reference for 

SKA's scientific data processing test verification system. 

3.2.1 Scenarios and Difficulties 

 

The Inspur team thoroughly analysed these applications and found their own bottlenecks. 

The calculation process of Gridding and Degridding is essentially two-dimensional 

convolution. For gridding algorithm, each (u, v) space sample point is convolved with a two-

dimensional window, and the convolution result is mapped to a regular two-dimensional grid. 

Due to the randomness of the sampling points in the (u, v) space, the computational features 

exhibited by Gridding and Degridding algorithms are memory-intensive, that is, the memory 

access performance is the bottleneck of these algorithms. For the deConvolution application, 

the calculation process is divided into two steps. The first step is to find the position of the 

largest pixel value in the input image, and the second step is to deconvolute the maximum 



Document No: SDP Memo 082  Unrestricted 

Revision:  1.0 Authors: Yongxin Zhu, Xudong Zhao, Xiaofeng Gao, Haihang You 

Release Date: 2018-09-28 Page 9 of 28 

position and the surrounding area in the image. For the MIC architecture, the difficulty of 

optimization lies in the large number of logical decisions in the first step. 

 

3.2.2 Optimising on CPU+MIC architecture 

 

Gridding algorithm Optimising 

(1) We need to determine the data partitioning scheme of the gridding software calculation 
kernel. For parallel software design, the data partitioning scheme determines the 
parallelization scheme. This paper will present a scheme based on two-dimensional data 
partitioning. Its purpose is to improve the locality of data to improve memory access 
efficiency. 

(2) According to the data partitioning scheme, the parallelization scheme of the gridding is 
determined. Since the gridding software is an MPI parallel software and the computing 
tasks in each MPI process are the same, the parallelization design of this paper focuses 
on the multi-thread parallelization design within a single MPI process. This step is 
implemented using OpenMP. Later, combined with the characteristics of the MIC platform, 
the following two optimization methods are mainly used: 
a)  The main working array of Gridding needs to be optimized on MIC chipset’s multi-level 

cache to improve its memory access performance. 
b)  Combine the vectorization features of MIC chipset to vectorize the gridding software. 

(3) In order to further improve the memory access efficiency of Gridding, this paper also 
developed a fast sorting algorithm for Gridding. By sorting the data, the jump step size of 
its memory access is reduced, and the performance of the gridding is further improved. 

(4) In order to solve the memory write conflict problem of Gridding caused by the 
parallelization process, this paper also proposes a method of using temporary buffer. This 
method not only completely avoids write conflicts logically, but also does not require 
synchronous operations. 
 

Degridding algorithm Optimising 

(1) Use the schedule clause of OpenMP parallel construction to allocate the data with the 
calculation amount of nChan* nSamples to different threads. For the case that the 
calculation load in the loop is unbalanced, avoid causing the threads to wait for each other, 
and use the dynamic scheduling in the schedule. Dynamic dynamically schedules 
iterations based on operational state and system resources; 

(2) Use the OpenMP “simd” instruction to group the operations in the for-loop. Each thread 
executes several data blocks according to the OpenMP runtime. Each thread will use the 
“simd” instruction to execute the next loop and let Each thread uses a vectorization 
instruction to speed up the loop; 

(3) Use the SSE intrinsic instruction “_mm_prefetch” to optimize the memory copy. Before the 
CPU manipulates the data, the data is actively loaded into the cache, the Cache Miss 
Count is reduced, and the calculation operation in the loop is accelerated to obtain 
performance improvement. 

(4) Configure MCDRAM to be in cache mode. The entire MCDRAM can be used as the last 
level cache between L2 cache and DDR4 memory, which expands the cache level and 
makes the memory allocation more transparent. 

(5) Compiling with the Intel AVX512 instruction set greatly improves the existing simd 
instruction set to improve the computational performance of the program. Among them, 
the VPU of Intel Xeon Phi supports 512 bit vector instruction set extension. 
 

Deconvolution algorithm Optimising 
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(1) Vectorization Optimization Implementation. We can implement vectorization through 
compile options, make full use of the AVX512 instruction set on KNL, and improve the 
performance of the program through high vectorization. 

(2) Thread load balancing implementation. The load between threads can be realized by 
dividing the image data by OpenMP static scheduling and balancing. 

(3) Cache Optimization Implementation. MCDRAM has a bandwidth of about 500 GB/s, which 
is almost 4 to 5 times that of DDR4 memory. Frequently accessed data is allocated in 
MCDRAM by using the Memkind Library to fully use high bandwidth characteristics of 
MCDRAM. 

 

3.3 Innovative Storage Components for Initial Scale-out Prototyping 

As part of Chinese SDP consortium's efforts in scale-out prototyping, we introduce in this 

work two innovative storage components, that are 𝐷2-Tree [8]  metadata management 

scheme and 𝑅2-Tree [9]  two-layer indexing scheme in distributed storage systems. These 

schemes have all the advantages that distributed systems have, like high availability, higher 

throughput, lower latency, and could be easily integrated into the storage architecture in 

SDP. 

 

In SDP, a distributed system is required for massive data storage and retrieving. Based on 

the features of SDP and our main research fields, we mainly focus on the platform services 

in SDP [10]. More specifically, for storage provisioning, we developed a metadata 

management scheme to accelerate the metadata nodes accessing; for data queues, we 

developed a two-layer indexing scheme to improve the performance of data retrieving, 

especially on server-centric networks. 

3.3.1 Metadata Management Schemes 

 

In the storage provisioning of SDP, the File System interfaces provides a tree-like directory 

structure within a namespace unique to the data island to provide applications a unique way 

to name objects. 

 

To prevent bottlenecks from storage metadata queries, each Data Island should provide a 

local storage namespace so metadata queries do not overlap between islands. Furthermore, 

the namespace of an island should distinguish between individual “input” (e.g. visibilities) 

and “output” (e.g. data products) spaces depending on the type of access to allow easy Data 

Island re-organisation. 

 

Traditional metadata management schemes often partition the whole namespace tree into 

plenty of subtrees and designate these subtrees among metadata cluster to balance the 

workload in the system. However, traditional metadata management schemes, including 

hash-based mapping and subtree partitioning, have severe bias on either system locality or 

load balancing. Aiming at improving the whole performance of metadata cluster and 

achieving a better trade-off between locality and load balancing, we designed D2-Tree, a 

distributed double-layer namespace tree partition scheme, for metadata management in 

large-scale storage systems. The innovative idea is to design a greedy strategy to split the 

namespace tree into global layer and local layer subtrees, of which global layer is replicated 
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to maintain load balancing and the lower-half subtrees are allocated separately to MDS’s by 

a mirror division method to preserve locality. Figure 4 and 5 show an intuitive example of 𝐷2-

Tree. 

 

 

 

Figure 4 An Namespace Tree with a 

Cut-Line 

Figure 5 An Example after the Subtree Allocation 

 

We generally select the nodes with the most popularity in the namespace tree as the global 

layer, and replicate the global layer into every server among the metadata cluster. Since the 

global layer accounts for the most popularity and every server has a replication of global 

layer, thus we can greatly balance the workload in the cluster and improve the performance 

of metadata accessing. 

 

 

 
Figure 6 Throughput as the MDS cluster is scaled 

 

Experiments with three real-world datasets on Amazon EC2 also show that 𝐷2-Tree is better 

than the state-of-art metadata schemes, like AngleCut, Drop and Dynamic Subtree 

Partitioning in Ceph. 

 

3.3.2 Two-Layer Indexing Scheme 

 

Figure 6 shows the data model in SDP [11]. The raw data produced by SKA could be 

washed and piped into different data models for different studies. One thing needs to note is 

that the cornerstone of the data model diagram is the data received from the telescope every 

second. How to storage such massive raw data is a critical challenge in SDP. In our work, 

we concentrated on the process of data retrieving, i.e., how to construct a reliable and 

scalable indexing scheme. 

 

We know that the data formats in the data models of SDP are multi-dimension metrics. A 

metric is given by these parameters [12]:  
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 Name 
 Value 
 Date/time 

 Origin (observation-id, pipeline component, …) 

 

It should always be possible to produce a multi-dimensional indexing schemes regarding of 

the overlaying storage networks. Since storage systems such as Amazon's Dynamo, 

Facebook's Cassandra, employ data centres to support data-intensive applications that 

require PB-scale or even EB-scale data storage across thousands of servers, we designed 

our indexing schemes based on server-centric data centre networks. However, most of 

researches only focus on one specific network. The design lacks expandability and usually 

only suits one kind of network. Due to the differences in topology, it is always hard to migrate 

a specific indexing scheme from one network to another. Based on the observation that most 

of the server-centric DCN topologies are recursively defined and a high-level structure is 

scaled out from several low-level structures by connecting them in a well-defined manner. 

We propose a pattern vector P = 〈𝑘, ℎ, 𝛼, 𝛽〉 to formulate the topologies, where 𝑘 is the port 

number of mini-switches, ℎ is the number of levels in the structure, 𝛼 𝑎𝑛𝑑 𝛽 are respectively 

expansion factor and connection method denoter. Pattern vector fully exploits the 

hierarchical feature of the topology by using several parameters to represent the expanding 

method (see Figure 7). 

 

When we use a pattern vector to depict any server-centric topologies generally, we can 

design a more scalable two-layer indexing scheme for efficient query processing 

requirements. We name this novel design as 𝑅2-Tree, as it contains two R-Trees for both 

local and global indexes. A local R-Tree is an ideal choice for maintaining multi-dimensional 

data in each server and a global R-Tree helps to speed up the query in the global layer. To 

build the distributed two-layer indexing system, each server first builds a local index for its 

data; then, some index entries in each server are selected and disseminated in cluster as 

the global index. We select the global index according to Mutex Particle Function, which is 

motivated by mutex theory in physics. Thereafter, we allocated the global nodes among the 

storage cluster. 

 

 
Figure 7 Typical server-centric topologies represented by pattern vector 

 

Since 𝑅2-Tree has a two-layer structure, query processing in FR-Index is divided into two 

phases: 

1. Search in the global index: the query is processed in the global index first, and the 
responsible servers who store the interesting data will be returned. Then, the query will 
be forwarded to these servers for further searching. 
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2. Search in the local index: These responsible servers who receive the query will search in 
their local index. Then results will be combined and returned to users. 

In summary, 𝑅2-Tree is a general two-layer indexing scheme, which can be employed in any 

recursively defined server-centric network architecture. Meanwhile, 𝑅2-Tree is efficient and 

scalable. 

 

3.4  System Scheduling  

3.4.1 Sandwich Scheduling Schemes 

 

In practical scheduling systems, we may not able to compose near optimal schedule schemes 

proposed before [13]. Generally, processors with higher processing ability, in other words, with 

higher MIPS, will be assigned more tasks.  The former discussion covers situation where the 

scale of each task is relatively close. If there are big differences of scale among the tasks, 

generally, more than three orders of magnitudes, using the former algorithm can’t achieve 

idea performance, thus influencing the whole system’s efficiency, as well as robustness. Under 

such circumstance or missing detailed information about computation tasks, we use the 

“sandwich” way to operate task with high computing density and low computing density. 

Figure 8 shows the detail of Sandwich Scheduling. 

 

Computation tasks for CSIRO observations are of similar scale, so in order to simulate the 

situation we are studying, we do a division to half of the data with the divisor randomly chosen 

from 2 to 1000. And we do a comparison between CAEFT and sandwich scheduling. We can 

see clearly from Figure 9 that the makespan of sandwich scheduling is always less than that 

of CAEFT, which means that sandwich scheduling outperforms CAEFT under such 

circumstance. 
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Figure 8. Sandwich Scheduling 

 

 

 

 



Document No: SDP Memo 082  Unrestricted 

Revision:  1.0 Authors: Yongxin Zhu, Xudong Zhao, Xiaofeng Gao, Haihang You 

Release Date: 2018-09-28 Page 15 of 28 

 
 

Figure 9 makespan: CAEFT vs sandwich scheduling 

 

3.4.2 Buffer Design Impacts 

As buffers are adopted to reduce the computation complexity in compute islands in SDP 

system designs [8][9], our scheduling schemes have to be designed with the consideration 

of the impacts of the amount of data in the buffer.  

 

To schedule the computation tasks before the tasks actually generate data in the buffer, 

we applied history data to predict the data flow in the near future so that we can decide the 

capacity of the buffer. Rescaled Range Analysis (R/S Analysis), is a time series analysis 

proposed by British hydrographer, Hurst. It can be used to predict the variation trend in the 

near future. R/S analysis does a sequence of variation analysis to decide whether time 

sequence wanders or remains in a certain pattern.  

If we have a time sequence nXXXX ,...,, 21 , the procedure is:  
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R/S is called Hurst index, which ranges from 0 to 1 and can be used to reflect the 

variation trend. If H=0.5, that means the variation of the sequence has nothing to do with the 

time, while if H is between 0.5 and 1, it means sequence have long-term dependency. If H is 

between 0 and 0.5, it means the variation is the reverse of the former time. 

Prediction result of amount of data in the buffer is listed in Figure 10. It is shown that we 

can apply time-sequence analysis to predict the amount of data in the buffer, which can be 

taken into consideration of scheduling schemes. 

 

 

 
 

Figure 10 prediction result of amount of data in the buffer 

 

In current centralized buffer designs [14] where the scheduling schemes work well, we 

however require data center to have a huge buffer, which may cost days to empty the data 

held in the data center if the buffer is full. Given the full scale performance (~260 PFLOPS) , 

and "power efficiency available is assumed to be 60 GFLOPS per watt by 2024-01-01"[15], 

the power consumption of computation only will be over 4.3MW (=260 PFLOPS/ 

60GFLOPS_per_watt). This computational power seems to be within 5MW power budget. 

However, data movements would cost more power. E.g. loading 10 PB data from the buffer 

(The ingest data buffer size is: 46 PB for LOW and 39 PB for MID) to memory and CPU 

would take 3 MONTHS via 10Gb/s network (10 * 10^15 * 8 / 10 / 10^9 /3600 / 24 = 92.59 

DAYS) even if the network cannot be fully utilized. 

 Due to the bottleneck at the centralized buffer, we shall also take buffer into 

consideration by designing a distributed buffer system to relieve the stress. Designing 

distributed buffer is expected to solve issues such as how large each buffer is, how these 

buffers collaborate, how to transfer data form data center to distributed buffer. 

 

 

3.5 Fast Implementation of SKA Algorithm Reference Library 

In [20], we carried out three types of experiments: single image processing pipeline, 

computational kernels and imaging algorithms. 

3.5.1 Single Image Processing Pipeline 

The experimental image processing pipeline includes prediction, inversion and cleaning. The 

experiments compare the performance of each stage of the process before and after the 

optimization. The experiment uses 10 channel, 7 groups of times and LOWDB2-CORE 

configuration (a total of 166 antennas). Results are shown in Table 1 and Fig 11. 
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Table 1: The performance of single image processing pipeline 

 Predict(s) invert(s) Deconv(s) Total(s) 

Origin 8.65 13.98 23.34 45.97 

Optimized 1.64 1.25 9.37 12.26 

Speedup x5.3 x11.2 x2.5 x3.7 

 

Figure 11: The performance of single image processing pipeline 

It can be seen that after the migration to the c++ platform optimization, the overall image 

processing pipeline achieved 3.7 times speedup, and the performance of each stage of the 

pipeline improved respectively, where predict 5.3 times, invert 11.2 times, and deconvolution 

2.5 times. 

3.5.2 Computational Kernel 

We compare the optimization effects of gridding, defridding, FFT and IFFT algorithm. The 

results are shown in Table 2 and Table 3. 

Migrating from Numpy to C++, the degridding and gridding can achieve about 14 and 48 
times performance enhancement, and after further optimization, the performance 
improvement reach 24 and 54 times respectively. Because of the low efficiency of python, 
and there are a lot of vector operations in the gridding/degridding algorithm, the preliminary 

optimization results are obvious. But we also note that gridding is not a parallelization 
friendly algorithm due to its strong data dependency, the algorithm restructuring and new 
implementation is necessary for further optimization. 

3.5.3 Imaging Algorithm 

We tested the performance of prediction and inversion algorithms in the image processing 

pipeline. These algorithms include base, w-stack, timeslice, facets, w-projection and so on. 

Besides, w-snapshot algorithm is not evaluated here. The time comparison of each 

algorithm before and after optimization are shown in Table 4 and Table 5: 

Table 2: The performance of gridding algorithm 

 Gridding(s) Defridding(s) 

Origin 8.08 4.38 

Optimized 0.55 0.09 

Speedup x14.7 x48.7 
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Figure 12: The performance of gridding algorithm 

Table 3: The performance of FFT algorithm 

 FFT(s) IFFT(s) 

Origin 0.63 0.37 

Optimized 0.4 0.17 

Speedup x1.6 x2.2 

 

Figure 13: The performance of FFT algorithm 

Table 4: The performance of Predict algorithm 

 2D(s) Wstack(s) Timeslice(s) Facets(s) Wproject(s) 

Origin 1.09 1.07 9.14 3.92 17.4 

Optimized 0.28 0.3 8.64 0.77 9.22 

Speedup 3.9 3.6 1.1 5.1 1.9 

 

Figure 14: The performance of Predict algorithm 

Table 5: The performance of Invert algorithm 

 2D(s) Wstack(s) Timeslice(s) Facets(s) Wproject(s) 

Origin 1.52 0.88 12.79 8.56 8.78 

Optimized 0.15 0.23 12.14 3.21 6.41 

Speedup 10.1 3.8 1.1 2.7 1.4 
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Figure 15: The performance of Invert algorithm 

We can see good performance improvement for algorithms contain gridding and FFT 

operations such as base and facets; for w-stack and timeslice algorithms, the performance is 

dwarfed by frequent function calls to small scale operation; w-projection has other time- 

consuming algorithms besides the gridding algorithm, and those algorithms need further 

optimization. 

3.6 Evaluation The IO OF MID1 ICAL Pipeline on SPARK 

3.6.1 Comparisons of different implementations of MID1 ICAL IO  

 We use a cluster of three nodes to perform the experiment to compare the 

autogenerated version, the partitioning version and partitioning + Alluxio version. Each 

node has 64 GB memory and we set the data scale with 1/10. The results are illustrated 

in Table 6. We vary the number of computing nodes with 1, 2 and 3.  As explained 

before, the autogenerated version is the slowest because of the data copies and huge 

amount of shuffle.  By now, for partitioning version, the bottleneck exists in five 

collection operations, which are caused by the data movements between the Spark 

worker and the Spark executor.   

Number of nodes  Auto-generated  

(minutes)  

Partitioning  

(minutes)  

Partitioning+Alluxio  

(minutes)  

1  35  7.4  1.3  

2  18  4.0  1.7  

3  19  3.8  2.1  

                Table 6   Comparisons of different implementations of MID1 ICAL (data scale=1/10)  

  

Number of nodes  New model  

(minutes)  

1  1.6  
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2  1.8  

3  1.2  

Table 7  Running time of a new data model (data scale=1/10)  

  

  

  

Fig.16   Execution statistics of partitioning version  

  

  

Fig.17   Execution statistics of new data model  

  

3.6.2 Comparisons between Java (Scala) API and Python API   

We rewrite the partitioning version into the Python version and compare the 

performance. With scale=1/1000, the partitioning version needs 18 seconds while the 

Python version needs 27 seconds. With scale=1/100, the Python version fails because 
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the system is out of memory. The Python version needs more memory because Spark 

workers needs to copy the data to the Python workers.  Spark supports Python by RPC 

mechanism. The codes are executed in JVM actually, which is illustrated in Fig.18.  

Notice that RPC communications occur inter-process and network communication cost, 

which is more expensive than that in memory.   

   

Fig. 18. Spark Python Support  

  

.3.6.3 Wrapping a java implementation of MID1 ICAL IO program on 

Spark  

     Notice that process-local tasks are the most efficient for almost all of the execution 

frameworks. We just wrap a java implementation of MID1 ICAL IO program into a Spark 

task. In this way, it is similar with the implementation of StarPU, which is only one 

process concerned.   

Spark’s “map” is based on Spark’s “RDD”, which is a distributed data set across many 

computing nodes. While the buffer of StarPU is for just one computing node. These two 

concepts do not belong to a same level. However, StarPU does not provide built-in 

communication among computing nodes. You need to use MPI to implement the 

communication yourself.  Concerning of the parallel executions of a computing node, a 

buffer can be used in a map inside. That means the codes for a map could include 

multiple processes to share a buffer too.  Table 4 illustrates the experimental results.  

When the parallelism is set to 1, the overall time as a Spark task is about 1.47 seconds. 

While the time is about 3 seconds running as an independent task. When the parallelism 

is set to 5, the overall time as 5 Spark tasks are 9.7 seconds. While the serial execution 

time is about 15 seconds. The scalability needs to be explored further. The system 

resources and parameter adjustments affect the results.   
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Number of parallel 

tasks  

Parallelism   

  

Running time as a 

task of Spark 

(seconds)  

Running time of 

serial  

implementation  

1  1  4.47  3  

5  3  9.7  15  

20  5  39.3  60  

                Table 7 Wrapping a java implementation in Spark tasks (data scale=1/40)  

  

Number of parallel 

tasks  

Parallelism   

  

Running time as a 

task of Spark 

(seconds)  

Running time of 

serial  

implementation  

1  1  4.47  11  

2  2  9.7  22  

Table 7 Wrapping a java implementation in Spark tasks (data scale=1)  

  

To evaluate the new model version for larger data scales, we use a machine with 1.5 

TB memory, 80 CPU cores of 2.2 GHZ. We compare the new model version and the Java 

version of one process. The results are illustrated in Table 8.   

    When data scale is set to 1/10 (1/3000 for the SKA full scale), the new model 

version takes 11 seconds and the Java version takes 7 seconds. With the increase of data 

scale, both versions take more time.   
  

Data Scale  New model  Java version   

 (second)  (second)  

1/10  11  7  

1  88  11  

2  155  14  

4  278  24  

Table 8   Running time of a new data model  
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4. Main conclusions  
(1) Scientific methods 
The algorithms used in China SDP’s Tianlai radio telescope array in Xinjiang Province were 

tested with the real data and shown to work. we obtained whole sky map (northern 

hemisphere) from the cylinder array data and polar region map from the dish array data, but 

we can still see significant grating lobe effect on the maps made. Fortunately, for SKA the 

grating lobe may be a less important issue as the baselines of the SKA are more randomly 

distributed. Another case of China path-finder project is Mingantu Solar Array [17]. 

 

(2) Kernel algorithms 
Our experiments show that current version of optimized ARL(ARLO) can achieve 6 times 

speedup for a single imaging pipeline and linear speedup with more compute node added 

for multiple imaging pipeline running on BATON comparing with reference ARL.  For the 

scale-out task under SDP, we believe ARLO, along with BATON, can play an important role. 

A case of such an improvement can be referred as [4] in terms of 2D FFT optimisation. 

 
(3) Execution framework 
By modelling and evaluating the IO of MID1 ICAL pipeline, we conclude that a data model 

considering data locality is quite critical. Spark has three levels of data locality for tasks, 

Process-local, Node-local and Any. By utilizing an extreme case, we put everything into a 

Spark task, the running time is close with that of StarPU. For distributed computing, it is 

important to decrease the amount of data communication.  

 

Spark is quite efficient if we exploit the real in-memory computing. Note that the data 

movements between RDDs are not in memory, which cause shuffle operations. To adapt 

Spark for SDP pipelines, it is important to decrease the communications between RDDs. 

Thus the data locality and task scheduling strategies are needed. As Spark is JVM-based, 

the most efficient way would be to develop JVM based pipelines.  

  

In the meanwhile, the ASKAP data imaging and source finding algorithms were implemented 

on DALiuGE Execution framework. It is feasible to integrate GPU with GPUEnabler.  

 
(4) Hardware platform 
A series of platforms based on the CPU+MIC+GPU+FPGA platforms were developed by 

Inspur Corporation and Shanghai Jiao Tong University. Through the fine-tuning optimization 

over memory access and communication latency, the computational performance of FFT, 

Gridding, Degridding and Deconvolution algorithms have been improved by 5~26x. It is 

shown that memory access and communication overheads have to be optimised on top of 

computation complexity. 

 

Due to the more satisfying representation in accuracy and dynamic range, through further 

optimization of the implementation, posit can be adopted as an alternative of FPGA floating-

point IP cores for FPGA based algorithm optimization of SKA Scientific Data Processing 

(SDP). 
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We explored an efficient implementation of Gridding algorithm in a pipelining style on FPGA, 

and had a test on Xilinx Kintex UltraScale+ KCU116. The functionality of the design was 

verified (The relative error between hardware results and original software calculation is 

below 4.5 × 10−5) and has achieved 8 times speedup compared with the CPU platform. 

 

Based on the CPU+MIC architecture platform, the optimization of key algorithms (Gridding, 

Degridding and deConvolution) are carried out. After deep optimization, parallel data 

capabilities have been significantly improved. Compared with the CPU platform, the 

computational performance increased 5-7 times. 

 

 

(5) System scheduling 
The analytical and simulation results show that scalable system scheduling has to be 

implemented with awareness of data location due to data movement overheads. Existing 

LUSTRE file system based centralized storage, which is the mainstream design in 

supercomputers, will turn out to be a bottleneck for ingest buffer as well as computing 

storage with the expansion of the computing nodes beyond 1000. The centralized buffer 

cannot be scheduled to solve the computing efficiency and data transmission as the system 

scales out. More scheduling schemes are discussed in [3]. 

 

However, it has to be noteworthy that current scheduling schemes and computer island 

designs are based on centralized buffers. Moreover, communication overhead was NOT 

given proper consideration though graph based scheduling was explored by DaLiuGe[16]. 

 

(6) Pulsar search  
Our development shows that the Presto pipeline by GPU on a computer with 64 kernels can 

achieve 200 times speedup compared with the one with a single kernel and the AI system 

can achieve 16 times speedup with the same computing environment.  

5. Future directions of investigation 
(1) Scalable scientific methods with awareness of software/hardware execution framework 
With awareness of SW/HW execution framework, we explore possible breaking through the 

SKA SDP wide field, high dynamic range imaging and high performance data processing key 

techniques. The research and investigation will focus on key processing methods such as 

high dynamic range imaging, sky model based on Bayesian statistics. The optimized 

imaging method should be further verified by using experimental approaches. An imaging 

framework and pipeline prototype should be finally implemented in a scalable means. 

 

(2) A scale-out imaging kernel algorithm library  
Though we currently optimize the ARL, and improve the performance of the image-

processing pipeline through the optimization of the computational kernels, it is unrealistic to 

rewrite all functions in ARL algorithm. The follow-up work is mainly to carry out performance 

analysis and explore the computational kernels for further optimization of imaging kernel 

algorithms. We also plan to utilize dataflow programming model to enhance the performance 

and scalability on distributed computing platform for high throughput data processing. 
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(3) A scale-out software execution framework with data location and memory awareness 
We plan to construct an accurate cost model for the SDP pipelines on Spark/DALiuGe with 

the consideration of data location and memory awareness. We plan to fit Spark/DALiuGe to 

SDP pipelines by integrating with other software tools or modifying the source codes of 

Spark/DALiuGe to enable the awareness of data location and memory awareness. 

 

(4) Large scale data platform for SKA scientific data processing with heterogeneous 

hardware accelerators.   
Further optimization will be carried out on the FFT / GRIDDING / Degridding / Deconvolution 

algorithms to accelerate the processing results and the energy efficiency will also be tested. 

In the meanwhile, the execution framework of ARL will be further optimized. Moreover, the 

scalability of the framework will be further tested on large-scale distribution hardware 

platform where the communication between nodes calls for further optimizations. The 

communication optimization strategies (doubling reduction, ring-reduction) which has been 

proved effective in the reduction of date in large sale clusters will be further introduced in the 

framework. As a consequence, a better performance, higher energy efficiency and scalability 

framework can be achieved. 

 

(5) Data location aware large-scale system scheduling 
We will propose a set of comprehensive scheduling strategies to cope with the challenging 

scenarios of scaled-up SKA data processing. Those scenarios will cover conflicting factors 

such as data distribution, science observation task properties, computation complexity, 

communication overheads as well as power consumption of computing, storage and data 

movements. The feasibility and effectiveness of those scheduling strategies will be verified 

by simulation experiments before they are integrated into the scale-out software and 

hardware execution framework.  

 

(6) Scale-out artificial intelligence processing method for SKA SDP 
We propose to optimize the preprocessing of radio survey data and the develop proper AI 

system with the parallel implementation of gradient descent for automatically pulsar 

detection. At present, our work is mainly to develop a uniform big data platform by 

integrating preprocessing operations (i.e. Presto) with the AI system for parallel 

implementation of gradient descent. In addition, the computational complexity by expanding 

the search space of a binary pulsar system should be further investigated and the 

corresponding distributed computing platform should be further developed. 
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