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| Motivation

Divergent
Hardware
Architectures

Complex Dynamic
Data Processing
Tasks

B9E

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE

mad Data Challenges:

¢ \Volume: Massive datasets

. . Ouy
e Velocity: Rapid data stream :0astf
e Variety: Diverse data types \_/ OCUS

=1 Traditional Architecture Limits:

e Scalability
e Efficiency
¢ Flexibility

=1 Modern Hardware Solutions:

® Processors: Multicore CPUs, GPUs, FPGAs, ASICs
e Memory: NVRAM, HBM
e Network: RDMA




| Our Research Contributions
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| System Development and Optimization
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B

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE




| Algorithmic Innovations
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| Real-world Applications

O Stream Compression on
Drone [ICDE’23]

O Accelerating On-line
decision augmentation
(OLDA) [ICDE’23,
SIGMOD’24]

d Video Database View
Materialization
[SIGMOD’24]

0 Sentiment Analysis in Data
Streams [EMNLP’23]
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| Current Research Direction: System-Wise

Data Management on New Hardware (DaMoN)

A) Profiling and benchmarking:
to understand the gaps between
new hardware and current DB
algos & systems

B) Algorithm Optimization:
Optimizing data processing
algorithms, e.g., Join, Aggregation,
Clustering on modern hardware

C) System Optimization: Optimizing data
processing systems, e.g., MapReduce, DB,
Stream engine on modern hardware
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(@) Stateful Word Count (WC) (b Fraud Detection (FD) (©) Spike Detection (SD) (@ Traffic Monitoring (TM)

(@) Log Processing (LG) (0 Spam Detection in VoIP (VS)

(@) Lincar Road (LR)

Our own public benchmark sets
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Discovered major issues of open-
sourced stream processing systems
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Improves commercial database system
(OpenMLDB) with 8x higher throughput
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| Current Research Direction: App-Wise

Database meets Artificial Intelligence (DB4Al & Al4DB)

A) Benchmarking: to understand
the gaps among current (HW-
accelerated) DB algos & systems
and Al applications

B) DB4AI: bring (HW-accelerated)
database system technologies into Al
to enhance their training and/or

C) Al4DB: bring Al into (HW-accelerated)
DB to enhance their processing
capabilities on complex situations that

inferring efficiency

can be hardly handled with simple models

Algorithm Year Summarizing Da‘m Structure Window Model | Outlier Detection | Offline Refinement
Name Calalog
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DenStream [11] | 2006 | MCs Partitional Dampedhh OutlierD-BT Refine
DStream [13] 7 | Grids Partitional Dampedht Outlierd-T NoRefine
StreamKM++ [4] 2 | CoreT Hierarchical Landnar kWM NoQutlierD Refine
DBStream [19] | 2016 | MCs Partitional Dampedht Qutlierd-T Refine
EDMStream [18] | 2017 | DPT Hierarchical Dampedhh QutlierD-BT NoRefine
SL-KMeans [9] 020 | AMS Partitional SlidinghM NoQutlierD NoRefine

Decomposing Stream clustering
algorithms into 4 dimension

Updating lexicon

[Stream merge
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Positive

legative.

Bring stream plpellne to NLP
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Discovered reconfigurable algorithm to
meet dynamic requirements
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High accuracy (80%), high performance (I =
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(a) 95% latency of Q1 (b) Relative error of Q1

Low processing latency with ~1% marginal error
when handling disordered data streams
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| Challenges and Future Directions

Things are getting
complicated...

v -

REQUIREMENT HARDWARE

i

APPLICATION

4 Scalability: Keeping up with
data growth.

O Complexity: Managing diverse
data types and processing
demands.

4 Energy Efficiency: Reducing
the carbon footprint.




Conclusion and Q&A

Emphasis on Modern Innovative Techniques in Real-World Applications
Hardware for data execution plan showcasing our research
processing challenges. optimization and state impact.
management.

Future Directions Call for Collaboration to I h a n k YO u
highlighting unexplored push the boundaries
areas and potential further.

advancements. ShUhaO.Zhang@ntU.edU.Sg
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