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What Has Colossal-Al Achieved?
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Params (millions)
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Transformer ° FERIOE415)
— GPT-1
102 ResNet-50
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https.//www.youtube.com/watch?v=tgB67 1 SFS4w
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Year Model #Param Mem cost Best GPU

2018 BERT 340M 8 GB V100 32GB

2023 LLAMA2 /0B 1200+ GB H100 80GB
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PaLM: 300 years by 1 NV A100 GPUs,

) &
Training

- GPT-2 (2019): “COVID-
19 is a high capacity LED-
emitter.”

. GPT-J (2021): “COVID-
19 is a novel coronavirus.”

Need to re-train on new data repeatedly

$9.2M+

Inference Fine-tuning

e A cluster of GPUs is required simply to
load & make predictions

o GPT-3: 2400+ GB; NV A100 GPU: 80

GB

Single GPU server is out-of-
memory

Y
Y

Deployment

A company needs 70 people
building their internal tools for Al:
$20M per year (impossible for
startups)

Expensive Infrastructure and Systems
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Hardware Colossal-Al ¢ ¢ ¢ ¢ o o o o o op Framework
crulli CPU .
Layer 3: {RIEREE RS
O PyTorch
10F GPU i} _
Layer 2: BEIN$EHITRS Keras
—_ VAN N
)] TPU Layer 1: BREFEERSE (¥ Hugging Face
= -, 00
|@i FPGA 0 Lightning*™
Maximize computational efficiency . Minimize code refactoring
Minimize system running time . Dynamic adaptive scaling
Minimize communication . Reduce memory footprint
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O PyTorch

Easy to Use PyTorch Advanced Features

from colossalai. booster import Booster, GeminiPlugin
from colossalai. lazy import LazyvInitContext

7 setup distributed strategy for booster

plugin = GeminiPlugin(placement policy= auto , ...)
booster = Booster(plugin=plugin)

# initialize model in a lazy fashion
with LazyInitContext():
model = LlamaModel ()
# initialize optimizer
optimizer = AdamW(model. parameters(), ...)

Z process model & optimizer according to

o e SR B S o R pat
¥ the distributed strategy

model, optimizer = booster. boost (model, optimizer)

# train the model

Minor Code Refactori Support Unified Interface

B - @ Colossad=Al:: 4
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How Colossal-Al Works?
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Scaling Al models to any scale

Pipeline
parallelism

Partition layers into
stages

up to 47% faster

Tensor parallelism Sequence
1-D 2-D 3-D 25-D parallelism
i : : : Balance memory & Partition a data
1. Partition a model in 1/2/3 dimensions Comimunication point

2. Distribute a model fo many processors

3. Minimize the communication
up to 50% longer

sequence length, 50%
faster

up to 240% higher
up to 130% faster throughput

Data Parallelism powered by Large-Batch Algorithms

All in N-Dim Parallelism System
from Colossal-Al g A8
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‘1234@@

Batch Size Epochs Iterations
partition
512 100 250,000 / \
1024 100 125,000 | [] |
12 34 56
2048 100 62,500 = = -
4096 100 31,250 — b [t
8192 100 15 625 local FP+BP local IP+BP local T’-&-BP
1,280,000 | 100 100 = =}
l average
o R EHMIES121FEA, 3250077 /?\
o 2500F: AA4F128THA, NFE1T
}/F
update weight update weight update w:l-:;?htléII %ﬁ éEI,
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Layer-wise adaptive learning rate:

within layer [ and iteration ¢
gt =+ %7, Vf(ziwl ;) /* compute the gradients */
m. = Bimi_; + (1= B1)g! /* compute the first moment */
vi = Byvt 1+ (1-B2)gt @ gt /* compute the second moment */
. =mi/(1-B) /* bias correction for first moment */
¢ = vt /(1= L) /* bias correction for second moment */
rt =1.0 /* initialize the trust ratio */
r1 = ¢(||wi_,|) /* compute the norm of the weights */

[}
ro = || =

\/ﬁ +dwt_q|| /* element-wise weight decay */
t

if 75 > 0, then vl = r{/ry /* compute the trust ratio */

l

w=w_, —pxrlx (—=
t =W 1 —NXTy

~ 1
azt +)\’wi_1) /* update the weights */
Vite

A
Notations

B: batch size; n: learning rate; w¢: weights; \: weight decay; ¢: scaling function;
x¢: data samples; f: loss function; g¢+: gradients 31 /B4: coefficient of first/second moment;

: . ; . . o v
adaptive element-wise updating + layer-wise correction % E ;JIQFI' ZE.
element-wise weight decay is more accurate (this preserves more information) %‘f ﬁu )a) %

source: NUS CS5260
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Ring Self-Attention
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dﬁjta data data l ‘ data I ; data '\
(a) data parallel (b) tensor parallel (c) pipeline parallel
& J
Model Parallelism
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allreduc backward
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data swapping data swapping

GPU Memory CPU Memory Disk
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Gemini offload:
o H&EMNMoffloadflE R /D>ANENEIEFE LN

r »
4
momentum
) momentum
cPU VAVIance variance
memory ] param fp32 ke < param fp32
(Optimizer States, O5) S (Optimizer States, 0OS)
gradient fp16 P ’
__Unsatisfied ___________________.
DECHITETEr I - S il
i fpi6 p- 0 ehigipaiiea
paramip param tpl6
GPU 3 | GPU L . Max
FrEmany memory Y [ 77T T T T gee =" T Non-model
data
= ]
FWD BWD ADAM FWD BWD ADAM
DeepSpeed(stage3) Gemini
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________________________________

Colossal-Al API

4 )

Distributed

| Strategy :
| Plugin |
: . J :
| Colossal-Al |
i < Booster > | ll> [ ]

~ Transformers 4
[

O PyTorch Optimizer
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What has Colossal-Al Achieved?
Benchmark & #1: X210
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o FE—NEXRMEER LIIZLLAMAKREI AN FSOTAMREN IR :
. 185 HW TFLOPs per GPU (TFLOPS)
. GPUFIE=(59.3%)

Strategy  #A100  TFLOPS

DeepSpeed = BLOOM-176B = 384 156

Pytorch
FSDP GPT-175B 128 159
Sagemaker Falcon-40B 256 166
JAX + Alpa OPT-175B 1024 179

Colossal-Al LLaMA-65B >700 185

=
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BenchmarkZ5
e ChatGPT: RURA7.73{SMNiR, HEIE13.6EZME

Throughput Colossal-Al

120 Scaling ChatGPT with Throughput (Training) — gia2
100 A100 80G + 512G RAM

80

61.07

60-

40

20, 14.14 1575

1027
1 4 8 Y
PyTorch DDP [l Colossal-Al GPU

Model Inference Performance with Colossal-Al

50.27

10 15 20 25 30 35 40 45 50
B without Colossal-Al Acceleration [ With Colossal-Al Acceleration Throughput (Tokens/s)

Model Inference Performance with Colossal-Al

2.54

2 4 6 8 10 12 14 1B 18 20 22 24 26 28 30

Bwithout Colossal-Al Acceleration [l With Colossal-Al Acceleration Latency (s)
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Model Backbone Tokens Consumed MMLU CMMLU AGIEval GAOKAO CEval
Baichuan2-7B-Base From scratch 2.6T 46.97 57.67 45.76 52.6 54
Baichuan2-13B-Base From scratch 2.6T 54.84 62.62 52.08 58.25 58.1 N
o 8.5B token##E. 15/\b. #FTHIII
ChatcLM2-6B From scratch 14T 4474 494 46.36 4549 51.7
LR 2
InternLM-7B From scratch 1.6T 46.7 52 44.77 61.64 52.8
Qwen-7B From scratch 22T 54.29 56.03 5247 56.42 59.6 E;:F:E*i z |=-| mﬁﬁﬂ Iﬁ Eﬂ@%
o JHIR a /B IZxSOTA
Llama-2-7B From scratch 2.0T 4447 32.97 326 25.46

Linly-Al/Chinese-LLaMA-2-7B-hf Llama-2-7B 1.0T 3743 29.92 32 27.57 - ﬁﬂﬁﬁz Eg yﬁﬁﬁ;ﬁ
(MMLU: 44.47 -> 53.06)

TigerResearch/tigerbot-7b-base Llama-2-7B 03T 43.73 42.04 37.64 30.61

FlagAlpha/Atom-7B Llama-2-7B 01T 49.96 411 39.83 33

o FANRENWMAIRF
IDEA-CCNL/ziva-LLaMA-13B-v1.1 Llama-13B 0.11T 50.25 40.99 40.04 30.54 - (CMMLU 3297—>4989)

Colossal-LLaMA-2-7b-base Llama-2-7B 0.0085T 53.06 49.89 51.48 58.82 50.2

Colossal-LLaMA-2-13b-base Llama-2-13B 0.025T 56.42 61.8 54.69 69.53 60.3

=

= SR
GitHub  https://github.com/hpcaitech/ColossalAl
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Colossal-Al[F A k& ER 5 2 SoraZZ g4 iR [ Open-Sora |
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Colossal-Al Solution

N

xTrimoPGLM

|

QIQLVQSGPELKK
Input Sequence

xTrimoMultimer is a cooperation project by BioMap and|HPC-Al TECH

Hidden
States

Outer
Concatenate

Colossal-AIN A=

LxLx2D

R

Colossal-Al Accelerated

)

Y

Evoformer
1Block

Structure
Module
8 Blocks

A

o

Y

Recycling Module }

Recycle 3 Times

which provides a high-performance

implementation of AlphaFold and AlphaFold Multimer with the following characteristics.

1. Fast kernel performance on GPU platform.

2. Supporting Various Parallelism including Dynamic Axial Parallelism(DAP) by FastFold in multi-GPU environment

for both AlphaFold monomer and multimer.

3. Support long sequence training(To be supported in the future) and inference in both monomer and multimer.

5 /3
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/ Dependency graph

Contributors
) Dependencies
ommunity Standards
~ommits
ode frequency

The Global Standard in
Al Training Benchmarks

cloudpathlib

colossalai

MLCommons GitHub dependents

| Y S A VA B
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Training Performance

InternLM deeply integrates Flash-Attention, Apex and other high-performance model operators to improve training
efficiency. By building the Hybrid Zero technique, it achieves efficient overlap of computation and communication,
significantly reducing cross-node communication traffic during training. InternLM supports expanding the 7B
model from 8 GPUs to 1024 GPUs, with an acceleration efficiency of up to 90% at the thousand-GPU scale, a
training throughput of over 180 TFLOPS, and an average of over 3600 tokens per GPU per second. The following
table shows InternLM's scalability test data at different configurations:

—
r—
Er————
r——

BN LHBELR S
GPU Number 8 16 32 64 128 256 512 1024 Shangha Artificial Intelligenc

=
3

I aboratory

TGS 4078 3939 3919 3944 3928 3920 3835 3625

TFLOPS 193 191 188 188 187 185 186 7_ )
Acknowledgements —— sensetlme

InternLM codebase is an open-source project contributed by Shanghai Al Laboratory and researchers from

different universities and companies. We would like to thank all the contributors for their support in adding new

features to the project and the users for providing valuable feedback. We hope that this toolkit and benchmark can

provide the community with flexible and efficient code tools for fine-tuning InternLM and developing their own up
models, thus contlnuously contrlbutlng to the open-source community. Special thanks to the two open-source = Fl ’?ﬁ QE'

projects, flash ion C ,ch: /B\J E LLT%
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prove accessibility. We invite you to report rendering errors. Learn more about this project

allures and stragglers are the norm rather than the exception for LLM training. At such a scale, the consequences of failures and
stragglers are devastating. Failures are very expensive, and it is critical to reduce the recovery time, given the large scale. A straggler

not only affects its own work, but slows down the entire job involving tens of thousands of GPUs.

In this paper, we present the design, implementation and engineering experience of MegaScale, a production system for training
LLMs at scale. MegaScale enables us to scale LLM training to more than 10,000 GPUs. We are able to harness the power of the
massive number of GPUs to train LLMs with high training efficiency and stability. In building and operating MegaScale, we apply two
systems principles: algorithm-system co-design and in-depth observability.

MegaScale [ a specialized system tailored for LLM training. Algorithm-system co-design is a key principle to maximize performance
for specialized systems, which has been applied widely in computer systems. We apply this principle to MegaScale in the context of
LLM training with a full-stack approach that spans all important system components. We make several modifications and

incorporate effective optimization techniques to the model architecture, including parallel transformer block [5], sliding window

attention [8] an' LAMB optimizer [Q]IWe leverage mixed parallelism strategies that combine data parallelism, pipeline parallelism,

tensor parallelism, and sequence parallelism. Importantly, we design custom techniques based on the pattern of each parallelism
strategy to maximize the overlapping between communication and computation. We apply prefetching and tree-based loading to
optimize the data pipeline. We leverage non-blocking asynchronous operations and eliminate global barriers for large-scale
collective communication group initialization. We design a custom network topology, reduce ECMP hash conflicts, customize
congestion control, and tune retransmit timeout parameters for high network performance.

Why HTML?  ReportIssue  Back to Abstract ~ Download PD

=
=8 5%



91CT0 WOT

Github2#{

=k e A e AR NN RN PN NN €200 COC0 LOLO OO

= NW AT~ OO =N Wi NN =00 OO =ML &N 0~ 000 O—= NI S Or~
[wlelslesolesloolealeolealeale ol eelelelelelelelelelelele/olew)
COO0000000000000000000000000O0000000000
[sls]lslslasslsslsslsslsslsslaslsslssslsslsslsslsslaslslalsls]

| NN NS N N N N N S Y N Y S [ N O U N N N N -

o

*
e
m&
718
b
;ul?'
B
X]

_______________________________________________________________________ @ Colossal-AI

15 Grafana

i
p— || ClickHouse

——j .mongoDB.

= 88 kafka

L T I | L 1 Ll ] T L] Ll Ll T T T v T |
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
we NPCAIECH/COIOSSAIAl e ClickHOUSE/ClickHOUSE grafana/grafana EmBE
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RTX-4090 /24 GB NVIDIA-H800 / 80 GB
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