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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/Al, 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
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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)



lab Berkele

UNIVERSITY OF CALIFORNIA

2011-2017 | -

Mission: Make sense of Big Data

« 8 faculty

« ~50 students and postdocs

« Bridge systems, ML, databases
« Collaborative environment

« Successor of RAD Lab

ML, System, Database researchers,
working in the same open space

:




sky Berkeley

2022-2027

.

Mission: Create the internet for the clouds

« 8 faculty

« 50-60 students and postdocs
« Bridge Al, systems, databases
« Collaborative environment

« Successor of RISE Lab

Al, System, Database researchers,
working in the same open space




Some project I’ve been involved in
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Many led to startups
B Letta @LMArena
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Applications
Optimizers
(optimize ML workloads)

Distributed Frameworks
(dev & run distributed apps)

Infra & Orchestration Layer
(allocate resources)
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Trends (2009)

Data (e.g., machine and

Figure 1: The Digital Universe 2009 = 2020
Growing by a Factor of 44

user logs) growing exponentially
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Source: |DC Digital Universe Study, sponsored by EMC, May 2010



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

. (etting rapid industry traction:

- High profile users: Facebook, Twitter, Yahoo!, ...

> Distributions: Cloudera, Hortonworks '315}
- Many companies still in austerity mode < ]‘?l]o .
c?[‘ Z,
, G
;\}‘ sbey,
|




Workload Trends

Interactive computations, e.g., ad-hoc analytics
o SQL engines like Hive and Pig drove this trend

iterative computations, e.g., Machine Learning
o (et deeper insights from data

13



Challenge: Hadoop too slow

Each iteration MapReduce jobs reads/writes from/to disk
» Scalable and fault-tolerant but slow

Compute Compute
g2 (Map Reduce) Z (Map Reduce)

iteration



A story: Nettlix challenge
ML students in RAD Lab wanted to participate

Prize

anonymized movie rating dataset
best recommendation algorithm

$1m

Lester
(ML postdoc)



A story: Nettlix challenge

| need to sqale Use Hadoop!
collaborative

filtering

Lester Matel
(ML postdoc) (ML PhD)



A story: Nettlix challenge

Let me see
It is too slow! whether | can

help!

Lester Matel
(ML postdoc) (ML PhD)



Key observation (2009)

Despite huge amounts of data, many working
sets In big data clusters

18



Apache Spark: Key Idea SpQ"‘I’(\Z

Store intermediate data in memory
* (Great for interactive queries and machine learning

Compute Compute

(P (Map Reduce) =-"||='-' (Map Reduce)

\ J

|
iteration



Apache Spark: Key Idea Squll(\z

Store intermediate data in memory
* GGreat for interactive queries and machine learning

iteration

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

Apache Spark, de-facto standard for big data 4,

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

< databricks




SEVAVANICED

[ ‘
<
(1
AN,

9
ol

4‘) :



Trends

Al demands growing faster than single node capabilities

Al workloads becoming more complex



Al demands growing faster ...

Training compute of frontier models

Training compute (FLOP)

10% > 4X / year AlphaGo Zero
e
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6.7x/year
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Publication date

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




Al de

nands growing faster than node’s capabllities

Peak computational performance of ML hardware for different precisions

OP/s
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® FP32 tensor-FP32/TF32

tensor-FP16
tensor-INT8

® tensor-INT4
< NVIDIA A100

Z EPOCH Al

¢ Google TPU v4
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Emergence of new number formats

1.35x / year
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Al de

nands growing faster than node’s capabllities
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Al demands growing faster than node’s capabillities

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 @ model on a single machine at current growth rates!

Heterogeneous distributed computing becoming the norm



Al workloads becoming more complex

Recommendation system

Preprocessing Online
(e.g., ingestion, Training Fine-tuning Inf
featurization) nrerence

queries

recommendations




Agent

Training

Policy
improvement
(e.g., SGD)

policy

t

Serving

Policy
evaluation

(state = action) | |

action

observation| :

Reinforcement learning

Environment

|

trajectory: sy, (1, 1), .-+ (Sp» Tp)

reward

¢ LEE SEDOL
« 00:00:27




Al workloads becoming more complex

—— Recommendation system (~2013) —

Preprocessmg Training / :
(e.g., ingestion, Pre-g Tuning / Online
featurization, . Fine-tuning Inference
embeddings) training

|

—— Batch Inference (~2023) —

Pre- Offline Post-
processing Inference processing

Agent Environment

Training|  |Serving|| action | Simulation

Policy P Policy = ng;??
improvement evaluation Observation i::::::::::::::::::::::::::::::::::::::::::::::::::::::i

(e.g., SGD) state - action) | [* P % : i
B tate > action) | 1" eward | D Q.

trajectory: sy, (sg, 11), ---, (Sp, T)

—— Reinforcement learning (~2015) ——

— Test-time compute (~2024) —

Online SET
Inference
Env
Execution

Policy /
Model
Training




Challenge: need to scale every component!

ﬂ)istributed Systems\

Preprocessing
(e.g., ingestion,
featurization)

Soark® 4
p éFlink

ﬁ)istributed Systerrg

Training
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Batch
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Need to stitch together a bunch of disparate systems
o Hard to develop

e Hard to deploy & manage
e Hard to use resources efficiently (interleave different stages)

e Slow
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Ray: One system to support all these workloads

4 Libraries A
P(reprpcest_sing Training Tuning BRI Serving
€.g., Ingesuon, 1_AC
featurization) Prediction
- ~/

0%, RAY Unified compute framework for

distributed application

35



Workload examples

Batch Inference

Model
Inference

-
N

Data

& \

Inference

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



Workload examples
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Ray dominates OSS post-training

Framework Training backend / Algorithms Serving engine Orchestrator
TRL Hugging Face Trainer/ Hugging Face, vLLM —
(Hugging Face) SFT, DPO, GRPO, PPO, others
Verl FSDP, DeepSpeed, Megatron / SFT, DPO, GRPO, vLLM, SGLan Ray
(ByteDance) PPO
OpenRLHF DeepSpeed / Hugging Face, vLLM Ray

SFT, DPO, GRPO, PPO, others
RAGEN Verl backend / GRPO, PPO Hugging Face, vLLM, SGLang Ray
AReal DeepSpeed, Megatron / GRPO, PPO vLLM, SGLang Ray
(Ant Group)
Verifiers Hugging Face Trainer/ vLLM, OpenAl —
GRPO
ROLL DeepSpeed, Megatron / GRPO, PPO, others vLLM, SGLang Ray
(Alibaba)
NeMo-RL FSDP, Megatron / SFT, DPO, GRPO vLLM Ray
(Nvidia)
SkyRL FSDP, DeepSpeed / GRPO, PPO vLLM, SGLang, OpenAl Ray

(UC Berkeley)



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 Al

Large Scale Deep Learning
How Ray, | Training and Tuning with Ray

Star History

40.0k Hel o < o e §
® > ray-project/ray . P . . s
@ / apache/spark Growth accelerating e | Unleashing ML Innovation at Spotify
/ apache/kafka Jan 17th, 2
/ apache/flink S with Ray
30.0k

GitHub Stars
N
o
o
X

Google Cloud  Blog

10.0k
Han Li
. Mar17 - On
—_a
202 201 2066 2018 2020 2022 | ]

_earning at Instacart
Netflix Technology Blog 5 , : s © .
Feb13 - Timinread - @ Listen Machine Learning to efficiently train

Lion

Scaling Media Machine Learning at Netflix
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Trend: Growing number of LLM-powered services

Programming Dev tools Chatting Copywriting BizOps
o YRS = Debuild | | &) chatePT | | ®cohere @) viable
Ff cobnine ‘ warp ?’ MessageBird copyai E Enterpret
3 Jcogram | | \¥ Sapling | | © Hwperwrite | | < casetext
Request ‘ t Response
LLM servers

B B B e B




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

_, Paige Bailey &
. @DynamicWebPaige

Inference on LLMs is slow (frustratingly high latency), expensive (multiple
GPUs or TPUs), & engineering intensive (requires specialized skills to do
it well)

vy Financial Sirangars?
Is local LLM cheaper than ChatGPT API?

ChatGPT api only costs 0.002 dollar for 1k token. | found that LLMs like llama output only 10-20 tokens per second,
which is very slow. And such machines costs over 1 dollar per hour. It seems that using api is much cheaper. Based
on these observations, it seems that utilizing the ChatGPT API might be a more affordable option.

43



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?

Artificial | Intelligence IS the future
Parameters (rz\ggéggi ) KV Cache stores each request’s
(26GB, 65%) token embeddings:
« Each token embedding: 1 MB
Others * One request: several GBs

13B LLM on A100-40GB



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

External frag.

M Token states Reservation M Internal frag. & Others
100 8.9

—_ _ 36.6

3 80 41.6

v

O 604 57.3

5 13.6 25.2

w

= 4

E 40 17.9
13.3

< 20-

D' T

Orca Orca Orca Ours
(Max) (Pow?2) (Oracle)

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



Key ldea: PagedAttention

Inspired by virtual memory and paging

Memory management in OS

Page O

Process Page 1
A Page 2
Page 3

Page 4

Physical Memory

Process
B

Memory management in vLLM

Request

KV Block 0

KV Block 1

KV Block 2

KV Block 3

KV Block 4

KV Cache

Request
B



PagedAttention: Memory Efficiency

« Minimal internal fragmentation

- Only happens at the last block of a sequence N L
- # wasted tokens / seq < block size sompn || et | awd | 0"
« Sequence: O(100) — O(1000) tokens renowned
« Block size: 16 or 32 tokens N v —
. No external fragmentation Internal fragmentation
m Token states ™ Reservation M Internal frag. g"gm;gfﬂg-

10— 55 — —

80 -

60
2.5-5x improvement

40 A

KV cache usage (%)

20 4

U =
Orca Orca Orca Ours
(Max) (Pow?2) (Oracle)



Impact: Most popular OSS LLM inference engines

PagedAttention - vLLM
RadixAttention &> SGLang

30.0k

N
o
o
x

GitHub Stars

10.0k

Star History

[T vilm-pro ject/vlim
< ogl-project/sglang

« NVIDIA/TensorRT-LLM
“ huggingface/text—generation—inf erence]

O pytorch/serve

VLLM

I

SGLang

2020

202

2022

Date

2023

2024

2025
star—history.com



@ Fireworks.al: Fast, AMoedabl

blo_. &

developers to integrate new Al E

new and innovative products.

Fast, Affordable LLM Inference
Efficlent Inference

Efficient inference of LLMs is an ag
but we are industry veterans from tl
specializing in performance optimi
optimizations including multisroug
optimizations, sharding, quantizatic
optimizations, CUDA graphs, and cy

1 WVIDAA Ten L Supe

c v ¥ 0w »0g

Technical Blog Subscribe

requiring deep knowledge of C++ or NVIDLA CUDA

TengorRT-LLM improves ease of use and extensibility through
an open-source modular Python AP for defining, optimizing,
and execut Ing new architectures and enhancements as LLMs

evolve, and can be customized easily.

For example, MosaichL has added specific features that it
needs on top of TensorRT-LLM seamlessly and integrated them
inko their inference serving. Naveen Rag, vice president of
engingering at Databricks notes that "it has been an absolute
breeze.”

“TensorRT-LLM is easy bo use, feature-packed with streaming

af tokens, in-flight batching w-attentiun. uantization,

and miore, and is efficient,” Rao sasd. *It delivers state-of-the-
art performance for LLM serving using NVIDIA GPUs and allows.
us to pass on the cost savings to our customers.”

Performance comparison

Surmmarizing articles is just one of the many applications of

communication primitives, At the séroeTever we r
employ continuous batching, paged attention, prefill
disaggregation, and pipelining to maximize throughput

and reduce lateney. We carefully tune deplovment

parameters including the level of parallelism and

hardware choice for each model.

Impact: widely used across industry
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“For better or worse

benchmarks shape a field”

- David Patterson, Turing Award 2017

2 OO~ OW
FAONONODI S o
~ s T ocON O
N—OoNSTF -~
~Oodd—ao o
NN === =04\
CRNOQOort® -0
TN c-met -\
NS ISNQNTC S
>SRN —0O~=—=0\0
S ¥ Ity IO

A M QeI M
PN~
CN~-SFANMmonDF
Q00O roha



The beginning

One month after Meta released LLaMa in February 2023...

... we released Vicuna in March

fine tuned LLaMa using SharedGPT data
(70K conversations)

roducing ShareGPT

ShareGPT

Share your wildest ChatGPT conversations with one click.
315,177 conversations shared so far.




How to evaluate Vicuna?
Many benchmarks, e.g., MMLU. HELM, ...

But they
. are static - prone to contamination
» do not capture human preterence




Contamination

Horace He
@cHHillee

| suspect GPT-4's performance is influenced by data contamination, at

least on Codeforces.

Of the easiest problems on Codeforces, it solved 10/10 pre-2021
problems and 0/10 recent problems.

This strongly points to contamination.
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Need human evaluation

Get some students to evaluate it

Y

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.

Assistant A

Sure, here's a Python program that should accomplish what you're looking for:

import os
from collections import Counter

def get _top 5 words(directory):
# Create a list of all text files in the directory
file_list = [f for f in os.listdir(directory) if f.endswith('.txt')]

# Initialize a dictionary to store word counts
word _counts = (}

# Loop through each text file and count the number of words
for file in file list:
with open(os.path.join(directory, file), 'r') as f:
file contents = £.read()
words = file_contents.split()
for word in words:
if word not in word_counts:
word_counts{word] = 1
else:
word_counts[word] += 1

# Sort the word counts in descending order
sorted word counts = sorted(word counts.items(), key=lambda x: x{1), reverse=True)

# Return the top 5 words with the most number of occurrences
return [word for word, count in sorted word counts[:5]])

# Call the function and print the top 5 words
directory = ‘/path/to/directory’

top words = get top 5 words(directory)
print(top words)

Assistant B

Sure, here's a Python program that reads all the text files under a directory and returns top-5 words with the
most number of occurrences:

import os
import re
from collections import Counter

def get top words(directory):
# Initialize a Counter object to keep track of word occurrences
word_counter = Counter()

# Loop through all files in the directory
for filename in os.listdir(directory):
# Check if the file is a text file
if filename.endswith(".txt"):
# Open the file and read its contents
with open(os.path.join(directory, filename), "r") as file:
contents = file.read()

# Use regular expressions to split the contents into words
words = re.findall(r'\b\w+\b', contents)

# Update the word counter with the words from the file
word_counter.update(words)

# Return the top 5 words with the most occurrences
return word counter.most common(5)

# Example usage
top words = get_ top words(“path/to/directory”)

print(top_ words)

This program uses the os module to loop through all files in the specified directory, and the re module to



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 of photosynthesis, including where they take place within the chloroplast, and the primary inputs and outputs for each stage?

Assistant A

Of course, I'd be happy to help! Photosynthesis is indeed a crucial process that supports life on Earth, and it
occurs in specialized organelles called chloroplasts found in plant cells. The two main stages of
photosynthesis are the light-dependent reactions and the light-independent reactions, also known as the

Calvin cycle.

1. Light-dependent reactions: These reactions take place in the thylakoid membranes of the chloroplast and
involve the conversion of light energy into chemical energy. The primary input for this stage is light, which is
absorbed by pigments such as chlorophyll and other accessory pigments. The energy from light is used to
generate ATP and NADPH, two energy-rich molecules that are essential for the light-independent reactions.
The light-dependent reactions also produce oxygen as a byproduct.

2. Light-independent reactions (Calvin cycle): These reactions occur in the stroma of the chloroplast and are
responsible for fixing CO2 into organic molecules using the energy and reducing power generated during the
light-dependent reactions. The primary input for this stage is CO2, which enters the leaf through the
stomata. The Calvin cycle produces glucose, a simple sugar that can be used by the plant for energy and
growth. Oxygen is also produced as a byproduct of this stage.

Here’s a summary of the inputs and outputs for each stage:
Light-dependent reactions:

o Inputs: Light, H20, CO2

o Qutputs: ATP, NADPH, 02

Light-independent reactions (Calvin cycle):

o Inputs: CO2, ATP, NADPH

o Outputs: Glucose, 02

| hope this helps! Let me know if you have any further questions.

Assistant B
Sure, I'd be happy to help!

The two main stages of photosynthesis are the light-dependent reactions and the light-independent
reactions (also known as the Calvin cycle).

The light-dependent reactions take place in the thylakoid membranes of the chloroplast. The primary inputs
for this stage are light energy, water, and ADP (adenosine diphosphate) + Pi (inorganic phosphate). The
primary outputs are oxygen, ATP (adenosine triphosphate), and NADPH (nicotinamide adenine dinucleotide
phosphate).

During the light-dependent reactions, light energy is absorbed by pigments in the thylakoid membranes,
which excites electrons and generates ATP and NADPH. Water is also split into oxygen and hydrogen ions,
which contribute to the formation of ATP and NADPH.

The light-independent reactions (Calvin cycle) take place in the stroma of the chloroplast. The primary
inputs for this stage are carbon dioxide, ATP, and NADPH. The primary outputs are glucose (or other sugars)
and ADP + Pi.

During the Calvin cycle, carbon dioxide is fixed into organic molecules using the energy from ATP and
NADPH generated during the light-dependent reactions, This process ultimately results in the production of
glucose (or other sugars) that can be used by the plant for energy or stored for later use.



Challenge: how to scale human evaluation?



Y

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



Which one Is better?

User

Develop a Python program that reads all thame 1.

e Judgment: The reference answer provides a comprehensive Python program that reads all text files in a

Sure, here’ h that should . : it d returns top-5 words with th
NS, 16PR TR PYTOR FeogIam Lk shou directory, counts the occurrences of each word, and returns the top 5 words with the most occurrences. It~ 2" Femsfop= words with fae
S uses the os module to list all files in the directory and open each text file, the re module to split the file

from collections import Counter

_ contents into words, and the counter class fromthe collections module to count the occurrences of
def get_top 5 words(directory):
# Create a list of all text feach word and find the top 5 words.

file_list = [f for f in os.1li

Assistant A’s answer is similar to the reference answer, but it does not handle case sensitivity or occurrences

# Initialize a dictionary to

word_counts = {} punctuation. It splits the file contents into words using the split() method, which does not remove
# Loop through each text filepunctuation from the words. This could lead to incorrect word counts if the text files contain punctuation.

for file in file list:

with open(os.path.join(aiAlSO, it does not convert the words to lowercase before counting them, which could lead to separate counts
file contents = f.rea . o
for the same word in different cases. et
r") as file:

words = file contents
L}
for word in words:

if word not in woASSistant B’s answer is very similar to the reference answer. It uses the os module to list all files in the
word_counts(w . .
Sisas: directory and open each text file, the re module to split the file contents into words, and the counter
word_countsl¥class from the collections module to count the occurrences of each word and find the top 5 words.
# Sort the word counts in desHowever, it does not convert the words to lowercase before counting them, which could lead to separate

sorted word counts = sorted(w

counts for the same word in different cases.

# Return the top 5 words with

return [word for word, count |n conclusion, both Assistant A and Assistant B provided correct and helpful answers, but Assistant B’s

rontents into words
)

3 from the file

# call the function and print thegnswer is more accurate because it handles punctuation correctly. However, both assistants failed to

directory = '/path/to/directory’
top_words = get_top 5 words(direchandle case sensitivity, which is a minor issue that could be easily fixed. Therefore, the final verdict is: [[B]]

print(top_words) This program uses the os module to loop through all files in the specified directory, and the re module to



Which one Is better?

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 for each stage?

i A
Assistant Game 1.

Of course, I'd be happy to hel
occurs in specialized organel Judgment: Both Assistant A and Assistant B provided accurate and detailed responses to the user’s
photosynthesis are the light-

R question about the two main stages of photosynthesis, including where they take place within the

1. Light-dependent reactionsChloroplast, and the primary inputs and outputs for each stage. They both correctly identified the light-
involve the conversion of ligh
absorbed by pigments such ;
generate ATP and NADPH, tw
The light-dependent reactior
2. Light-independent reactio correctly identified the primary inputs and outputs for each stage.
responsible for fixing CO2 int

light-dependent reactions. T However, Assistant A made a mistake by stating that CO2 is an input for the light-dependent reactions and
stomata. The Calvin cycle pr¢

growth. Oxygen is also prody that 02 is an output of the Calvin cycle. In reality, CO2 is an input for the Calvin cycle, and 02 is an output
Here’sa summary of the inp of the light-dependent reactions. Assistant B correctly identified the inputs and outputs for each stage.

Light-dependent reactions:
* - j -
> Inputs: Light,20,co2 1 herefore, Assistant B provided a more accurate response to the user’s question.

o Outputs: ATP, NADPH, 02 Final verdict: [[B]]
Light-independent reactions (Laivin cycie):

o Inputs: CO2, ATP, NADPH

dependent reactions and the light-independent reactions (Calvin cycle) as the two main stages of

photosynthesis, and correctly described where these stages take place within the chloroplast. They also

o Outputs: Glucose, 02

| hope this helps! Let me know if you have any further questions.

I the light-independent

thloroplast. The primary inputs
norganic phosphate). The

tinamide adenine dinucleotide

1 the thylakoid membranes,

yoxygen and hydrogen ions,

chloroplast. The primary
s are glucose (or other sugars)

he energy from ATP and
ely results in the production of

rlater use.



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

Singles Doubles Rac Turin ibles Ra !
Live | [ | Classical | Rapid Blitz Juniors |shl
Rank ~ Player ~ Age ~ A #ar]s Name ¢ M < Rating < +/-+¢
1 @1 Jannik Sinner 23 9,730 1 Carlsen, Magnus & : 2837.0 DR
2 Nakamura, Hikaru i 2804.0 0.0
2 @ Alexander Zverev 28 8,085 3 Tl Erlga|5| ArJun _ 2782.0 0.0
4 11 Caruana, Fabiano @=  2779.5 +3.5
3 Carlos Alcaraz 22 7,850
) 5 ¥ GukeshD - 2778.2 —-8.8
@) | 6 Abdusattorov, Nodirbek mms 2764.4  —6.6
4 9 Taylor Fritz 27 4,815
7 Praggnanandhaa R - 2762.2 +4.2
s (g koo s amo 8 Weli, Yi 4l 27s58.0 0.0
9 Nepomniachtchi, Ian k28] 2757.0 0.0
6 ﬁ@e Novak Diokovie 37 4130 10 |1 Firouzja, Alireza il 2756.3 -0.7



ChatBot Arena: Benchmarking LLMs in the Wild

Benchmark platform for LLMs that features anonymous,
randomized battles in a crowdsourced manner

Correct grammar: | are happy. Correct grammar: | are happy.

I'm happy to help you with your English grammar. Can you please provide The correct grammar would be "l am happy."
me with a sentence or two that you would like me to correct?

A is better B is better Tie Both are bad

https://arena.lmsys.org



https://arena.lmsys.org/

Leaderb()a rd Use Bardley-Terry model

Category Apply filter Overall Questions

Overall - Styte Contral | ) Show Deprecated #models: 219 (100%) #votes: 2,811,226 (100%)
Rankx (UB) A Rank 4 Model S Arena 4+ Organization + License

(StyleCtrl) Score

1 1 Gemini-2.5-Pro-Exp-03-25 1443 +8/-13 2540 Google Proprietary
2 4 Grok-3-Preview-02-24 1404 +5/-6 10398 XAI Proprietary
2 2 GPT-4.5-Preview 1398 +7/-6 10615 OpenAIl Proprietary
4 7 Gemini-2.0-Flash-Thinking-Exp-01-21 1381 +4/-3 22659 Google Proprietary
4 4 Gemini-2.0-Pro-Exp-02-05 1380 +5/-5 20293 Google Proprietary
4 3 ChatGPT-40-latest (2025-01-29). 1374 +5/-4 22517 OpenAl Proprietary
7 5 Deepseek:R1 1360 +5/-5 12772 DeepSeek MIT
7 12 Gemini-2.0-Flash-001 1355 +4/-4 18327 Google Proprietary
7 4 01-2024-12-17 1351 +4/-4 25044 OpenAl Proprietary
10 12 Qwen2.5-Max 1340 +5/-3 17124 Alibaba Proprietary
10 12 Gemma-3-27B-it 1340 +7/-6 6974 Google Gemma
10 9 0l-preview 1335 +4/-4 33184 OpenAI Proprietary
12 12 1igh 1326 +6/-5 14274 OpenAI Proprietary
13 15 DeepSeek-V3 1318 +5/-4 22845 DeepSeek DeepSeek
13 19 QwQ-32B 1315 +9/-8 4050 Alibaba Apache 2.0
14 16 Command. A (03-2025). 1311 +9/-8 3415 Cohere CC-BY-NC-4.0
14 20 GLM-4-Plus-0111 1310 +6/-8 6034 Zhipu Proprietary
14 18 Qwen-Plus-0125 1310 +7/-7 6059 Alibaba Proprietary

https://Imarena.ai/?leaderboard



https://lmarena.ai/?leaderboard

Leaderboard

Category Apply filter Overall Questions
overall - phjlefenl ShouBeprec #models: 219 (100%) #votes: 2,811,226 (100%)
v Overall
Arena 3 ) .
§ Math A 4 95% CI + Votes 4 Organization + License
Score
Instruction Following
] i-2.5-Pro-Exp-03-25 1443 +8/-13 2540 Google Proprietary
Multi-Turn
3 ) » 3-Preview-02-24 1404 +5/-6 10398 XAI Proprietary
Creative Writing
4 coding 1398 +7/-6 10615 OpenAI Proprietary
4 Hard Prompts 1381 +4/-3 22659 Google Proprietary
4 Hard Prompts (English) i-2.0-Pro-Exp-02-05 1380 +5/-5 20293 Google Proprietary
Longer Query .
4 PT-40-latest (2025-01-29). 1374 +5/-4 22517 OpenAl Proprietary
English
] leek-R1 1360 3= 12772 DeepSeek MIT
Chinese
y Erench i-2.0-Flash-001 1355 +4/-4 18327 Google Proprietary
7 German 124-12-17 1351 +4/-4 25044 OpenAI Proprietary
4 Spanish .5-Max 1340 +5/-3 17124 Alibaba Proprietary
q Russian -3-27B-it 1340 +7/-6 6974 Google Gemma
Japanese
] leview 1335 +4/-4 33184 OpenAI Proprietary
Korean
] 1326 +6/-5 14274 OpenAI Proprietary
Exclude Ties
] Exclude Short Query (< 5 tokens) 1318 +5/-4 22845 DeepSeek DeepSeek
1 Exclude Refusal 2B 1315 +9/-8 4050 Alibaba Apache 2.0
14 16 Command A (03-2025) 1311 +9/-8 3415 Cohere CC-BY-NC-4.0
14 20 GLM-4-Plus-0111 1310 +6/-8 6034 Zhipu Proprietary
14 18 Qwen-Plus-0125 1310 +7/-7 6059 Alibaba Proprietary

https://Imarena.ai/?leaderboard



https://lmarena.ai/?leaderboard

¢ - AndrejKarpathy @
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GPT-4 Turbo is top Chatbot Arena is awesome.
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Summary

The open-source Is the future of Al/LLM stack
Projects:

. Apache Spark: scale data processing including classic ML
. Ray: scale and productize Al 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 & Al/LLMs



Some thoughts about open-source

Some say Al 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!
Al 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 Al progress in a responsible way, we need

to enable all Al 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



T'hank you
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