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Overview

* Need for efficient big data analytics

e Challenges in accelerating big data analytics
* Addressing data conversion overhead

* Addressing HW design limitations

e Details of the Tydi specification
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* Impact on reducing design complexity
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Efficiency challenges in big data analytics

9,000 terawatt hours (TWh)

* Data centers energy

—  ENERGY FORECAST 2?-9;%3 of p(;ojecteg
1 1C 1 1 Widely cited forecasts suggest that the electricity deman
Consu m ptlon IS |ncrea5| ng _ total electricity demand of information and
1 communications technology (ICT) will
ra p I d Iy accelerate in the 2020s, and that data

centres will take a larger slice.

o By 2030, it |S prOJeCtEd M Networks (wireless and wired)

t h at t h e I CT I n d u St ry WI I | - : z;c;lcltﬂ::do;vliis (televisions,
consume more t h an 20% . CDOaI;I‘;pcuets[Zsmoblle phones)
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of world energy

* Need to increase efficiency
using optimized HW
acceleratlon (2)010 2012 2014 2016 2018 2020 2022 2024 2026 2028 2030

Nature: Nicola Jones, “How to stop data centres from gobbling up the world’s electricity”, 2018
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Efficiency challenges in big data analytics

3 main efficiency challenges in big data analytics

- Virtualized programming languages (e.g., JVM)
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- Inefficient accelerator HW implementations
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FPGA integration results

Regex on 1GiB of tweet-like strings.

Measurement Throughput Speedup over
(GB/s) fastest / seri-
Java(1) 1 \ 236.4s alization
Java(152) 1 7.78s XCVU9P / VCU1525 / AWS EC2 F1
(++(1) | 101.52s Fastest C++ o ) 0067 1
FPGA & C-++ serialization 0.418 6.2
Co+/Arrow(1) 1 | 100.585 FPGA & Arrow 1.611 24.0 / 3.9
C++(152) 277 Fastest Java 0.027 1
C++/Arrow(152) 2.72s FPGA & Java serialization  0.293 11.0
FPGA FPGA & Arrow 1.611 60.6 / 5.5
Java serialization 4 | 5.34 XCKU060 // ADKU3 / POWERS8+CAPI
. . Fastest C++ 0.413 1
C++ serialization 1 3. o g
o seriafization | 62 FPGA & C++ serialization 0.281 0.7
10-1 100 10! 102 103 FPGA & Arrow 2.963 724105
Time (s) Fastest Java 0.144 1
" . . . FPGA & Java serialization  0.197 1.4
J. Peltenburg et al., “Pushing big data into accelerators: Can the JVM FPCA. & Asioi 2.963 20.5 / 15.1

saturate our hardware?”, International Conference on High
Performance Computing, 2017



» Apache Arrow
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Shared data set / memory in Arrow format
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Storage Network

Standardized representation in-memory: Common Data Layer

Columnar format

- Hardware friendly while iterating over data (SIMD, caches, etc...)

Libraries and APIs for various languages to build and access data
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Data analysis:
Regex acceleration
in Dremio

Accelerating regular expression matching with
Dremio.

Runs on AWS EC2 FPGA-enabled instances.

After physical planning, apply FPGA
Acceleration Planning.

Strings in, matching indices out.

SELECT SUM("value")

FROM "data-150M.parquet"

WHERE REGEXP_LIKE(
"string",
" *[tT][eE][rR][aA][tT][il][dD][eE]
[\t\n]+[dD][ill[vV][il][nN][gG]
[\t\n]+([sS][uU][bB])+
[sS][uU][rR][fF][aA][cC][eE].*"

)

Sabot Planner

Query

Convert to
Rel

Validation

Parquet
Schema

FPGA Acceleration Planning

: FPCA Physical
Physical . & 8
A Acceleration Heuristic
Planning : .
Planning Planning

? dremio

-——

FLETCHER

aWws

Output buffers I

FPGA

Fletcher stack
accelerator

Input buffers l

Screen Screen
L A
Project Project
L A
WriteCommitter WriteCommitter
: L)
Writer Writer
L)
Project
Z3
Project
Z 3
StreamAgg
L FletcherFilterProject
Project
L)
SelectionVectorRemover
LY
Filter
LY
ParquetScan ParquetScan




RegeXx acceleration in Dremio results

Throughput of Regex Filter Operation

Measured on AWS EC2 F1 instance

Dremio (vanilla, CPU)

35001 mmm Dremio + RE2 (CPU)

B Dremio + Teratide (FPGA)
3000 1+

3308.6
MB/s —]

Throughput (MB/s)
=
o
o

1500
1000 652.3
245.1 i 240.9
5001 g8 ~ MB/s 0.8  MB/s
5 MB/s MB/s

4k
Number of records

64k

* FPGA acceleration of regular
expression matching

* Matches on tweet-like strings

* Needed to go native to squeeze out all
performance from CPU

— Optimized using Google RE2
- Best CPU performance

* Over 10x higher throughput for
Dremio + FPGA

* Tryitout:
https://github.com/teratide/tidre-demo

J. Peltenburg et al., “Battling the CPU bottleneck in apache parquet to arrow conversion using FPGA", FPT, 2020
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Designing FPGA accelerators is complex A

- Lack of data abstractions
- Low-level attributes (like assembly programming) {

=> Large codebase
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=> not composable
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=> complex to debug

=> eftc.

ComeLex Ty

||

“NORMAL" W W-PERFORMANCE VARALLCL ACCELERATS
PROGRAMAING  PROGRAMANNG  PROGRAMMY  pes \GN =

Adrian Sampson, https://www.sigarch.org/hdl-to-adl/
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Tydi specification to facilitate streaming of
complex data

* Tydi is open specification to abstract streaming data in HW
e Automates HW design of streaming data interfaces

* Allows HW components (aka Streamlets) to be composed together

* It provides the following:
* Data types
* Data organization
* Interface requirements

Streamlet 1 Tvdi spec Streamlet 2 Tydi spec Streamlet 3

J. Peltenburg et al., Tydi: an open specification for complex data structures over hardware streams, IEEE Micro, 2020
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Tydi specification to facilitate streaming of
complex data: Data types

Tydi provides a type system for composite and variable-length data

Type system defines the following data types

1.

e W

Stream: represents physical stream carrying the following logical types
Bits(N): represents a data signal of N bits
Group: composites of multiple types (all types set at the same time)

Union: composites of multiple types (one type can be active at a time)
Null: user-defined data type

Streamlet 1 Stream (of Null, Bits, Group & Union) Streamlet 2
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Tydi specification to facilitate streaming of
complex data: Data organization

* Tydi defines how data elements are organized in transfers
* Dimensionality property indicates if data is part of a sequence
* Translated to a “last” signal in HW

* Higher dimensionality need multiple last signals for nested sequences

_Time _ Complexity = 1
E Active Data E Inactive Data
Lanes H I W
l o o o d Last In Dimension... | ||No Transfer
| r
- 0 - 0..1
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Tydi specification to facilitate streaming of
complex data: Requirements

* Tydi defines the requirements system needs from transfers
e Streams describe how transfers should be organized in space and time

* Tydi provides the following requirements attributes
* Throughput
* Direction
* Synchronicity
* Complexity

* Complexity encodes guarantees on how elements of a sequence are transferred

* Lower logical complexity imposes more restrictions on a source making it more
difficult to implement
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Example Tydi spec data definition

Suppose we would like to transfer “Hello World” on hardware:

e Each character is 8bit. We need two dimensions to indicate the end

of a word and the end of a sentence

* “hello world” => Stream(Bits(8), dimension=2)

* To satisfy the throughput requirement, we can specify 3 lanes to

deliver the data

source
component

———Jlane1(8bit)—»

——lane2(8bit)—»

lane3(8bit)—»

4—valid, last, etc—»

sink
component
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Example Tydi spec data definition

* We can also adjust the complexity to prevent problems when data
isn't available or when sink components are busy

_Time | Complexity = 1 } Complexity = 8
Valid L_.; || L_|
Lanes H 1 W r | e -1 1 |- i
l ¢ 0 0 d | E H - - o 0 | o | - d
| r | i | | 0..1
- 0 - 0.1 :
| | Active Data | |Inactive Data Last In Dimension... || | No Transfer




Tydi-IR toolchain implementation

* Tydi-IR system implemented using three components

1.
2.

Parser and grammar (stores results in query system)

Query system to store IR’s declarations & expressions (types &
components) on-demand

Backend which uses the query system and emits VHDL

Tydi-IR code

Parser &

grammar VHDL code

18



Tydi-IR toolchain implementation

* Tydi-IR describes components and their connections.

* Example shows Tydi types “a”, "c”, "b”, ”d”

Target hardware Tydi-IL
(Tydi Intermediate Language)

Component #documentation (optional)#
streamlet compl = (
// This is a comment
a: in stream,
Accelerator b: out stream, Our Tydi-IR to

designers #this is port VHDL backend
documentation#

—Cc—> ——d—» c: in stream2,

d: out stream2,

comp1

VHDL

-~ documentation (optional)
component my _example _space__compl_com
port (

clk : in std_logic;

rst : in std _logic;

a_valid : in std_logic;

a_ready : out std_logic;

a_data : in std _logic vector(53 downto 0);
b_valid : out std _logic;

b_ready : in std_logic;

b_data : out std _logic vector(53 downto 0);

-- this is port
-- documentation
c_valid : in std_logic;
c_ready : out std_logi

c¢_data : in std_log
d_valid : out std_1
d_ready : in std_logic;
d_data : out std logic vector(53 downto 0)

)i
end component;
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Tydi-IR evaluation

* Compare with AXI4 streams, notice that “Types” only need to be

declared once

(AXI14: Advanced eXtensible

Type Declaration Interface Interface Streaming Protocol,

AXl4 equiv. (TIL) 48* 5 defined by ARM Ltd)

AXl4 equiv. (TIL, Group) 59" 1

AXl4 equiv. (VHDL) - 28

AXl4 - 44

AXI4-Stream equiv. (TIL) 15* 1

AXl4-Stream equiv. (VHDL) | - 8

AXI4-Stream - 9

Table 1

Lines of code to represent an interface in TIL, compared to
the resulting number of signals in VHDL or for an equivalent
interface standard. *Only required once.

M.A. Reukers et al., “An intermediate representation for composable typed streaming dataflow designs”, VLDB, 2023
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Data collection: JISON parsing

Accelerating JSON parsing for
low-latency

Data
source

SigmaX application and system

Downstream
consumer

FPGA-
\ N N D
. @ Hﬂ v X soj::e JSON-formatted accelerat?d Arrow IPC ﬁPULSAR
& j n A JSON parsing PReaat
ARROW D t
Network-attached FPGA — low »
latency
Parsing multiple JSONs to Implementation o
Arrow RecordBatch in FPGA oacrs ([T coceers (R 5sone it s Arria 10 GX
PHY " buffers 1 olverters i 7 _Ll
Resizing and serialization to
Arrow IPC message on CPU B et
Arrow FLETCHER Arrow

. . . Record Fletcher
Reduction of design time from oM SESNS cocches BT s o
weeks to days =

J. Peltenburg et al., “Tens of gigabytes per second JSON-to-Arrow conversion with FPGA accelerators”, FPT, 2021
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Conclusions

High performance big data analytics efficiency can be improved

— Using high-level abstractions that are aware of HW and
application

Tydi prevents SW constructs from being lost-in-translation in HW
Implemented Tydi-IR, a toolchain to for streaming HW components

Results indicate improved code readability & reduced HW design
effort
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