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Translating data to value
Train machine learning models

• Exponential growth of number of 
parameters in ML models
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Translating data to value

• Example 1. Deepmind trained 
reinforcement learning (RL) agents to 
play StarCraft II game [Vinyals'19]

• 384 TPUs and 1,800 CPUs 

• more than 44 days.

• Example 2. OpenAI  trained RL agents 
to play Dota 2 games [Berner'19]

• 1,536 GPUs and172,800 CPUs, 

• more than 10 months

• Exponential growth of number of 
parameters in ML models

• Increasing computational demands 
for model training

Train machine learning models
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• Example 1. Deepmind trained 
reinforcement learning (RL) agents to 
play StarCraft II game [Vinyals'19]

• 384 TPUs and 1,800 CPUs 

• more than 44 days.

• Example 2. OpenAI  trained RL agents 
to play Dota 2 games [Berner'19]

• 1,536 GPUs and172,800 CPUs, 

• more than 10 months

The model-centric paradigm of 
machine learning is shifting 
towards a data-centric and system-
centric paradigm [Miranda’21]



Translating data to value
Efficient data-intensive systems

Requirements for efficient 
data-intensive systems 

• scalability 

• flexibility 

• real-time intelligence 

Data is large, fast, heterogeneous, incomplete…
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Efficient data-intensive computing systems

Machine learning layer

Code optimisation layer

My research aims to answer the question “how to co-design multiple layers of the 
software stack to improve scalability and performance of machine learning systems” 

Data management layer
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Efficient data-intensive computing systems

Machine learning layer

Data management layer

Code optimisation layer

My research area

Scalable and flexible distributed reinforcement learning systems 
Scale RL training with flexible distribution policies [ATC’23], Multi-dimensional 
parallelism for large DL models.

Integrated into Huawei’s MindSpore deep learning framework
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scalability and flexibility



Efficient data-intensive computing systems

Machine learning layer

Data management layer

Code optimisation layer

My research area

Efficient stateful data stream management  
Load shedding [ICDE’18, ICDE’20], Remote data integration [SIGMOD’21]

Applied in real-world smart grid management [PES-GM’19, J. Applied Energy’22]

scalability and flexibility

Real-time intelligence
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Scalable and flexible distributed reinforcement learning systems 
Scale RL training with flexible distribution policies [ATC’23], Multi-dimensional 
parallelism for large DL models.
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Efficient data-intensive computing systems

Machine learning layer

Data management layer

Code optimisation layer

My research area

LLVM-based parallel code generation [COSMIC@CGO’15, ICA3PP’15]

eBPF-based tracing for cloud-based data warehouse. Integrated into Amazon Redshift 

scalability and flexibility

Real-time intelligence

High performance code
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Efficient stateful data stream management  
Load shedding [ICDE’18, ICDE’20], Remote data integration [SIGMOD’21]

Applied in real-world smart grid management [PES-GM’19, J. Applied Energy’22]

Scalable and flexible distributed reinforcement learning systems 
Scale RL training with flexible distribution policies [ATC’23], Multi-dimensional 
parallelism for large DL models.

Integrated into Huawei’s MindSpore deep learning framework



AthenaRL: Flexible Distributed Reinforcement 
Learning with Dataflow Fragments

Machine learning layer

Data management layer

Code optimisation layer

ATC’23 
with Huanzhou Zhu, Peter Pietzuch, and Lei Chen 

CODE & DATA https://github.com/mindspore-ai/reinforcement
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Reinforcement learning training loop

• RL training is computationally intensive 
and requires:

◦Flexible distribution strategies

◦Acceleration for entire training loop

• State-of-the-art RL frameworks only 
support:

◦Fixed distribution strategies

◦Only accelerate policy (DNN) computation



Existing types of RL system designs

Message

Actor 2 

Actor 1

Actor 3

Agent.act( )

Environment.step( )

Agent.learn( )

Python function
def actor(state)

    action=actor_net(…)

    ...

Agent.act( )

Python function
def step(action)

    state,reward=…

    ...

Environment.step( )

Python function
def learn(state,reward)

    loss=…

    ...

Agent.learn( )

Function call

Dataflow operators
Agent.act( )

Environment.step( )

Agent.learn( )

Function operator 
Shared memory 

Dataflow operators

Dataflow operators

Function-based Actor-based Dataflow-based 



Design space of distributed RL systems
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Type System Execution 
abstraction

Distribution 
strategies

Acceleration 
support

Algorithm 
abstraction

Function-based

SEED RL [Espeholt’20] Python functions
environment only

DNNs only
actor/learner/env

Acme [Hoffman’20]
Python classesRLGraph 


[	Schaarschmidt’19]
delegated to 
backend agent

Actor-based
Ray [Moritz’18]

task (stateless) 

actor (stateful)

scheduler

RPC DNNs only

Python functions 
with Ray APIRLlib [Liang’18]

MALib [Zhou’21] agent/actor/learner/
env

Dataflow-based

Podracer [Hessel’21] JIT-compiled by JAX hardcoded funcs/DNNs/envs JAX API

RLlib Flow [Liang’20]
predefined dataflow 
operators

dataflow operators/ 
Ray tasks DNNs only operator API

WarpDrive [Lan’21] GPU thread blocks — CUDA kernels CUDA API

Fragmented 
dataflow AthenaRL heterogeneous 

fragments any fragment funcs/operators/ 
DNNs/envs

agent/actor/learner/
env



AthenaRL: Flexible distributed reinforcement learning
Decouple an RL algorithm implementation and its execution

RL algorithm Fragmented 
Dataflow Graph
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AthenaRL: Flexible distributed reinforcement learning
Decouple an RL algorithm implementation and its execution

RL algorithm
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Fragmented 
Dataflow Graph



Decouple an RL algorithm implementation and its execution

RL algorithm Distribution policies + 
Computation graph

Fragmented 
Dataflow Graph
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AthenaRL: Flexible distributed reinforcement learning



Decouple an RL algorithm implementation and its execution

Distributed 
executionRL algorithm Distribution policies + 

Computation graph
Fragmented 

Dataflow Graph
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Distribution 
police A 
• Single learner

• Distribute the 

environment 
execution


• Suits complex 
environments

Distribution 
police B 
• Multiple learners

• Distribute DNN 

training

• Suits large 

models and 
training data

AthenaRL: Flexible distributed reinforcement learning



Key results
Performance comparison with Ray [Moritz’18]

AthenaRL outperforms ray by 3×

• Compiled and optimised computational graph

• Flexible distribution policies leveraging computation and communication patterns 26
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• WarpDrive: state-of-the-art system that fully accelerates the training 
loop on single GPU [Lan’21]


• AthenaRL achieves better single-GPU performance and scales RL 
training to many GPU workers

Performance comparison with WarpDrive
Fully accelerated training loop



• AthenaRL scales RL algorithms to 64 GPU workers

• Distribution policies present different scalability performance

28

Impact of GPU counts on distribution policies
Key results



Model management



TENPLEX: Device-Independent Deep 
Learning with Multi-Dimensional Parallelism

Machine learning layer

Data management layer

Code optimisation layer

Ongoing work 
with Guo Li, Marcel Wagenländer, Luo Mai and Peter Pietzuch 

CODE & DATA to be realised soon… :)



Distributed training of large DL models
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1 2 3 4 5 6 7 8

Ongoing work…



Data parallelism
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1 2 3 4 5 6 7 8

1 5 2 6

3 7 4 8

Device 1 Device 2 

Device 3 Device 4 



Model parallelism
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1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8

Device 1 Device 2 

Device 3 Device 4 

Split



Pipeline parallelism
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1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8

Device 1 Device 2 

Device 3 Device 4 



Pipeline parallelism
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1 2 3 4 5 6 7 8

GPipe [Huang’19], inter-batch parallelism 



Pipeline parallelism
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1 2 3 4 5 6 7 8

PipeDream [Narayanan’19], inter-batch and intra-batch parallelism 



Multi-Dimensional Parallelism (MDP)

• MDP = {data parallelism (DP), model parallelism (DP), Pipeline parallelism (PP)}
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Multi-Dimensional Parallelism (MDP)

• MDP = {data parallelism (DP), model parallelism (DP), Pipeline parallelism (PP)}


• Distributed DL training may need to change resources


• Elasticity & auto-scaling 


• Reallocating resources for fine-tuning jobs


• Transient resources (e.g., spot GPU instances)


• Multi-tenant ML jobs in cloud environment
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Limitations of existing elastic DL systems 

• Only support changes along the data parallelism dimension


• Affect dataset/data stream reading order and training convergence


• Need manual reconfiguration of multi-dimensional parallelism
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Limitations of existing elastic DL systems 
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User intervention 



Broken data reading order

41



Tenplex
Transparently change resources with MDP

42



Training state transformation

• Training state abstract 


• Tensor collections, T 
(i.e., data samples and 
model checkpoints)


• Tensor slicing function,


• Allocation function, 
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Resource change with MDP
Preliminary results (small cluster, 20 A6000 GPUs)

• Model: BERT-large


• Data: OpenWebText


• System: Tenplex + Megatron-LM


• Parallelsim config


• Step 0: PP=2, MP=4, DP=2


• Step 500: PP=2, MP=2, DP=2


• Step 1000: PP=4, MP=2, DP=1


• Step 1500: PP=6, MP=2, DP=1
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• Model: GPT-3 6.7B


• Data: En-Wiki


• System: Tenplex + DeepSpeed


• Parallelsim config


• Step 0: PP=3, MP=2, DP=2


• Step 500: PP=6, MP=2, DP=1


• Step 1000: PP=2, MP=4, DP=1


• Step 1500: PP=4, MP=2, DP=1

Resource change with MDP
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Preliminary results (small cluster, 20 A6000 GPUs)



End-to-end training efficiency
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BERT-large (6.7B ), OpenWebtext 



Future Plans

Post Moore Era Data-Intensive Systems



Post-Moore era data-intensive systems
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Gordon Earle Moore
January 3, 1929 – March 24, 2023

Picture source: Financial times 



Post-Moore era data-intensive systems
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Scalable Machine 
Learning System

Holistic Data 
Processing Pipeline 
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Post-Moore era data-intensive systems

51

Scalable Machine 
Learning System

Holistic Data 
Processing Pipeline 

Efficient Hybrid 
Classic/Quantum 

Sustainable On-
Device Edge AI Sustainability

Scalability



Post-Moore era data-intensive systems
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WP3

Scalable Machine 
Learning System

WP2

Efficient Hybrid 

Classic/Quantum 

WP4

Sustainable On-
Device Edge AI 

WP1

Holistic Data 

Processing Pipeline 

Dataflow

Scalability

Sustainability



Post-Moore era data-intensive systems
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WP3

Scalable Machine 
Learning System

WP2

Efficient Hybrid 

Classic/Quantum 

WP4

Sustainable On-
Device Edge AI 

WP1

Holistic Data 

Processing Pipeline 

Dataflow

Scalability

Sustainability



WP2: Efficient Hybrid Classic/Quantum Systems
Post-Moore era data-intensive systems
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Why hybrid systems? 

• Quantum computing shows the potential to offer a significant 
computational advantage over classic systems (i.e. Von-Neumann’s 
architectures) 


• Limited capabilities of current noisy intermediate-scale quantum 
(NISQ) devices require quantum computers to interoperate with classic 
systems (i.e. error correction)


• Quantum computing can only solve limited problems



WP2: Efficient Hybrid Classic/Quantum Systems
Post-Moore era data-intensive systems
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Pre-processing

State 
Preparation

Circuit 
Execution Measurement

Post-
processing

Qubits

Quantum 

System

Classic 

System

Input

Output



Place the right data at right place and right time
Avoid classic and quantum systems waiting for each other
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GPU instances

quantum instances

Microsoft Azure cloud



WP2: Efficient Hybrid Classic/Quantum Systems
Post-Moore era data-intensive systems
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• Challenges  

• Learning-based quantum code synthesis (problem mapping)  

• Quantum intermediate representation 

• Scalable dataflow optimisation for classic/quantum interaction loop

• Efficient data pre-processing for quantum state



Acknowledgement 

Machine learning layer

Data management layer

Code optimisation layer
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Efficient data management layer

Code optimisation layer

Conclusion

Efficient data-intensive 

computing systems

• Extracting value from data needs 
holistic end-to-end approaches 


• co-design multiple layers of the 
software stack to improve 
scalability and performance

Scalable machine learning layer





Backup slides



• Hyper-parameters impact the performance of distribution policies

• AthenaRL achieves the best performance in different scenarios without 

changing the algorithm implementation
62

Impact of parameters (#actors, #env) on distribution policies
Key results



AthenaRL Distribution Policies



Decouple an RL algorithm implementation and its execution

Distributed 
executionRL algorithm Distribution policies + 

Computation graph
Fragmented 

Dataflow Graph
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AthenaRL: Flexible distributed reinforcement learning
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AthenaRL: Flexible distributed reinforcement learning
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AthenaRL: Flexible distributed reinforcement learning


