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Berkeley five-year Labs

• Started in 1980s by Dave Patterson, Randy Katz, …

• Created around a mission

• 6-10 faculty

• 30-60 PhD students & post-docs

• Cross-disciplinary, e.g., systems, ML/AI, databases, networking, etc

• Industry and governmental funding

• Building real software artifacts: all open-source

• Huge impact: RISC, RAID, NOW, …



Berkeley Labs I’ve been part of

2022201720112005
Enable 1 person to 

develop, deploy and operate
next-generation internet 

application at scale

Make sense of Big Data

Enable real-time 

intelligent decisions
on live data

Internet for the clouds

(Enable anyone to run
workloads 

on any cloud)



Mission: Make sense of Big Data

• 8 faculty

• ~50 students and postdocs

• Bridge systems, ML, databases

• Collaborative environment

• Successor of RAD Lab

2011-2017

ML, System, Database researchers, 

working in the same open space



Mission: Create the internet for the clouds

• 8 faculty

• 50-60 students and postdocs

• Bridge AI, systems, databases

• Collaborative environment

• Successor of RISE Lab

2022-2027

AI, System, Database researchers, 

working in the same open space



Some project I’ve been involved in

Alpa AlpaServ

e

Vicuna

Infra & Orchestration Layer

(allocate resources)

Distributed Frameworks

(dev & run distributed apps)

Optimizers

(optimize ML workloads)

ApplicationsMemGPT



Many led to startups

Alpa AlpaServ

e

Vicuna

Infra & Orchestration Layer

(allocate resources)

Distributed Frameworks

(dev & run distributed apps)

Optimizers

(optimize ML workloads)

ApplicationsMemGPT

LMArena

Assemble



Today’s Talk

Alpa AlpaServ

e

Vicuna

Infra & Orchestration Layer

(allocate resources)

Distributed Frameworks

(dev & run distributed apps)

Optimizers

(optimize ML workloads)

ApplicationsMemGPT
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HERE IS A SECTION HEADER
Apache Spark (2009 - ) 



Trends (2009)

Data (e.g., machine and user logs) growing exponentially



State-of-the-art in Big Data (2009) 

● Apache Hadoop
○ Large scale, flexible data processing engine

○ Batch computation (e.g., 10s minutes to hours)

○ Open Source

● Getting rapid industry traction: 
○ High profile users: Facebook, Twitter,  Yahoo!, …

○ Distributions: Cloudera, Hortonworks

○ Many companies still in austerity mode
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Workload Trends

Interactive computations, e.g., ad-hoc analytics

● SQL engines like Hive and Pig drove this trend

Iterative computations, e.g., Machine Learning

● Get deeper insights from data

13



Challenge: Hadoop too slow

Each iteration MapReduce jobs reads/writes from/to disk

• Scalable and fault-tolerant but slow

iteration

Compute
(Map Reduce)

Compute
(Map Reduce)



A story: Netflix challenge

ML students in RAD Lab wanted to participate

Lester
(ML postdoc)

anonymized movie rating dataset

best recommendation algorithm

$1m

Prize



A story: Netflix challenge

Lester
(ML postdoc)

Matei
(ML PhD)

I need to scale 

collaborative 

filtering

Use Hadoop!



A story: Netflix challenge

Lester
(ML postdoc)

Matei
(ML PhD)

It is too slow!

Let me see 

whether I can 

help!



Key observation (2009)

Despite huge amounts of data, many working 

sets in big data clusters fit in memory

18



Apache Spark: Key Idea

Store intermediate data in memory

• Great for interactive queries and machine learning

iteration

Compute
(Map Reduce)

Compute
(Map Reduce)



Apache Spark: Key Idea

Store intermediate data in memory

• Great for interactive queries and machine learning

Ensure reliability by executing the computation that 
produced the lost in the first place

iteration

Compute
(Map Reduce)

Compute
(Map Reduce)



tied for
best score

20 mins late



Impact

Apache Spark, de-facto standard for big data 
processing

Databricks, one of the most successful 
companies at the intersection between Data + AI



Ray (2016 - )



Trends

AI demands growing faster than single node capabilities

AI workloads becoming more complex



AI demands growing faster …

https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year

> 4x / year                                             



AI demands growing faster than node’s capabilities

https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year

1.35x / year                                             



AI demands growing faster than node’s capabilities

https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year

1.2x / year                                             



AI demands growing faster than node’s capabilities

Compute demands are growing ~ 3x / year faster than 

compute and memory capacity/bandwidth

Even if demand stops growing, it would take 10s of years to 

train a model on a single machine at current growth rates!

Heterogeneous distributed computing becoming the norm



AI workloads becoming more complex

Preprocessing
(e.g., ingestion, 
featurization)

Recommendation system

logs
Training

queries

recommendations

Online 

Inference
Fine-tuning



AI workloads becoming more complex

Reinforcement learning



AI workloads becoming more complex

Offline 

Inference

Pre-

processing

Post-

processing

Batch Inference (~2023)

Preprocessing
(e.g., ingestion, 

featurization, 

embeddings)

Training / 

Pre-
training

Online 

Inference

Tuning /

Fine-tuning

Recommendation system (~2013)

Online 

Inference
SFT

Policy / 

Model 
Training

Env 

Execution

Test-time compute (~2024)
Reinforcement learning (~2015)
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Challenge: need to scale every component!

Preprocessing
(e.g., ingestion, 
featurization)

Training ServingTuning
Batch 

Prediction

Distributed Systems Distributed Systems Distributed Systems Distributed Systems Distributed Systems

Need to stitch together a bunch of disparate systems
● Hard to develop

● Hard to deploy & manage

● Hard to use resources efficiently (interleave different stages) 

● Slow
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Ray: One system to support all these workloads

Preprocessing
(e.g., ingestion, 
featurization)

Training ServingTuning
Batch 

Prediction

Unified compute framework for 

distributed application

Libraries



Workload examples

Batch Inference

CPUs CPUsGPUs

Exploiting CPU/GPU heterogeneity can reduce cost by 10x !



Workload examples

Batch inference Finetuning

Multi-model Search

Embedding Computation



Framework Training backend / Algorithms Serving engine Orchestrator

TRL
(Hugging Face)

Hugging Face Trainer /
SFT, DPO, GRPO, PPO, others

Hugging Face, vLLM —

Verl
(ByteDance)

FSDP, DeepSpeed, Megatron / SFT, DPO, GRPO, 
PPO

vLLM, SGLan Ray

OpenRLHF DeepSpeed /
SFT, DPO, GRPO, PPO, others

Hugging Face, vLLM Ray

RAGEN Verl backend / GRPO, PPO Hugging Face, vLLM, SGLang Ray
AReaL
(Ant Group)

DeepSpeed, Megatron / GRPO, PPO vLLM, SGLang Ray 

Verifiers Hugging Face Trainer /
GRPO

vLLM, OpenAI —

ROLL
(Alibaba)

DeepSpeed, Megatron / GRPO, PPO, others vLLM, SGLang Ray

NeMo-RL
(Nvidia)

FSDP, Megatron / SFT, DPO, GRPO vLLM Ray

SkyRL
(UC Berkeley)

FSDP, DeepSpeed / GRPO, PPO vLLM, SGLang, OpenAI Ray

Ray dominates OSS post-training

https://github.com/huggingface/trl
https://github.com/volcengine/verl
https://github.com/OpenRLHF/OpenRLHF
https://github.com/RAGEN-AI/RAGEN
https://github.com/inclusionAI/AReaL
https://github.com/willccbb/verifiers
https://github.com/alibaba/ROLL
https://github.com/NVIDIA/NeMo-RL
https://github.com/NVIDIA/NeMo-RL
https://github.com/NVIDIA/NeMo-RL
https://github.com/NovaSky-AI/SkyRL


Impact: popular compute framework for scaling AI

Growth accelerating



HERE IS A SECTION HEADER
vLLM (2023 - ) 



Trend: Growing number of LLM-powered services

Programming Dev tools Chatting Copywriting BizOps

LLM servers

Request Response



Challenge: Serving LLMs very expensive (2023) 

LLMs run on high-end GPUs such as NVIDIA A100 and H100

Each GPU can only serve a handful of requests/sec

• For LLaMA-13B, one A100 can process just a few requests/sec

Huge # of GPUs are required for production-scale LLM services 
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Low throughput → high cost

Generating one token at a time doesn’t use GPU parallelism

Artificial Intelligence is the

Attention mechanism



Low throughput → high cost

Generating one token at a time doesn’t use GPU parallelism

Solution: process multiple requests at the same time (batch)

Challenge: run out of memory!



Where does the memory go?

13B LLM on A100-40GB

Parameters 

(26GB, 65%)

KV Cache
(12GB, 30%)

Others

Artificial Intelligence is the future

KV Cache stores each request’s 

token embeddings:

• Each token embedding: 1 MB

• One request: several GBs 



Memory management in previous systems

Store a sequence’s token states in contiguous memory space

• Convention in traditional DNN workloads

Pre-allocate (reserve) the space for future token states, to 

handle unknown output lengths



Significant memory waste

Only 20–40% of KV cache is utilized to store token states

Ours

* Yu et al. “Orca: A Distributed Serving System for Transformer-Based Generative Models” (OSDI 22).



Key Idea: PagedAttention

Page 0
Page 1
Page 2
Page 3
Page 4

Process

A
Process

B

Physical Memory

KV Block 0
KV Block 1
KV Block 2
KV Block 3
KV Block 4

Request

A
Request

B

KV Cache

Memory management in OS Memory management in vLLM

Inspired by virtual memory and paging



● Minimal internal fragmentation
○ Only happens at the last block of a sequence

○ # wasted tokens / seq < block size

■ Sequence: O(100) – O(1000) tokens

■ Block size: 16 or 32 tokens

● No external fragmentation

Alan Turing is a

computer scientist and
mathemati

cian

renowned

Internal fragmentation

Ours

2.5-5x improvement

PagedAttention: Memory Efficiency



Impact: Most popular OSS LLM inference engines

PagedAttention → vLLM

RadixAttention → SGLang
vLLM

SGLang



Impact: widely used across industry

lm-sys/FastChat

WizardLM

Open-Source 

Projects

…

allenai/open-instruct

Companies

…

Accelerator 

Support

Trainium

TPU



HERE IS A SECTION HEADER
ChatBot Arena: Rethinking LLM 
Evaluation (2023- ) 



“For better or worse, 

benchmarks shape a field”
- David Patterson, Turing Award 2017



The beginning

One month after Meta released LLaMa in February 2023…

… we released Vicuna in March 

fine tuned LLaMa using SharedGPT data

(70K conversations)



How to evaluate Vicuna?

Many benchmarks, e.g., MMLU. HELM, …

But they

● are static → prone to contamination

● do not capture human preference 



Contamination



Need human evaluation

Get some students to evaluate it

Slow, does not scale!



User

Develop a Python program that reads all the text files under a 

directory and returns top-5 words with the most number of 

occurrences



Which one is better?

User

Develop a Python program that reads all the text files under a 

directory and returns top-5 words with the most number of 

occurrences



User

Photosynthesis is a vital process for life on Earth. Could you outline 

the two main stages of photosynthesis, including where they take 

place within the chloroplast, and the primary inputs and outputs of 

each stage



Which one is better?

User

Photosynthesis is a vital process for life on Earth. Could you outline 

the two main stages pf photosynthesis, including where they take 

place within the chloroplast, and the primary inputs and outputs of 

each stage



Challenge: how to scale human evaluation?



Key Idea 1: LLM-as-a-Judge

Get some students to evaluate it

Expensive, slow, does not scale!

Use GPT-4 (2 weeks after its release) → LLM-as-a-Judge



Which one is better?



Which one is better?



But how does GPT-4 compare with humans?

Still need a way to scale human evaluation!



Key Idea 2: ELO-like rating for Human Eval



ChatBot Arena: Benchmarking LLMs in the Wild 

Benchmark platform for LLMs that features anonymous, 

randomized battles in a crowdsourced manner

https://arena.lmsys.org 

https://arena.lmsys.org/


Leaderboard

https://lmarena.ai/?leaderboard 

Use Bardley-Terry model

https://lmarena.ai/?leaderboard


Leaderboard

https://lmarena.ai/?leaderboard 

https://lmarena.ai/?leaderboard


Impact

300M+ user queries

4M+ votes

2M+ monthly users

600+ models

Private testing

Gemini, O1, O1-mini, GPT-4o



Summary

The open-source is the future of AI/LLM stack

Projects: 

● Apache Spark: scale data processing including classic ML

● Ray: scale and productize AI workloads

● vLLM: high throughput LLM inference engine

● Chatbot Arena: how to evaluate LLMs?

Just scratching the surface: many more challenges at the 

intersection between systems & AI/LLMs



Some thoughts about open-source

Some say AI is going to be bigger than industrial revolution 

or the Internet

But this revolution is very different than the Internet

● Internet was the results of a three-way partnership: government, 

academia, and industry → enabled everyone to work together!

● AI happens in silos in ths US: each company developing its own 

proprietary model (except Meta); academia and government are (have 

been) minor players



Some thoughts about open-source

If we want to speed up AI progress in a responsible way, we need 

to enable all AI researchers to collaborate

● But they cannot do that without shared artifacts, infrastructure

This means fully open-source and shared infrastructure

● Fully open-source: open data, open code, open weights, open evals

● Shared infrastructure: virtually everyone should access to it to 

develop fully open-source models



Thank you
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