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| ast Week: GPUs (Memory)

. L1 cache and shared memory Is inside the SM
. L2 1s on die, and global memory are the memory chips next to the GPU
. 1 1 1:The closer the memory to the SM, the faster it is

HBM2(e) PHY 3x'512-Bit.. | HBM2(e) PHY 3x 512-Bit HBM2(e) PHY. : .
TABLE IV ;izf-fnt c-zi:ﬁ-j.x'sif;fis‘ Memory C(_)ntr.o.l | 1024-8it] © 2.430 - 3:186 Gpbs .M.em(.)r.y Control .rx?oziju' © 2.430 - J.tsii?bi\ Nvidia GAIOO, 7nm TSMC
ML & % e e FNSM, o f g oSN
THE MEMORY ACCESSES LATENCIES B e s e e x8 GPC, x64 TPC, 128x SM

- 8192 FP32 ,,Units"
o R A oy 0 smnfo smalo smallo sma Pttt i s - o i RS 4096 Fp64 "Units“

.3x:Streaming, L8 gy Ciegy L33 (LR L L o P s ™A e Sl Al 48MB L2 Cache

M'Ultigroceisor. 0. SMBJ0 SMp 0 SMp Y i r ¢ . ; : ’ 6144-Bit HBMZ(E)

4xINVLINK PHY,
Bidi

L (4x,50GB/s Bidirection

Memory type CPI (cycles)
Global memory 290
L2 cache 200 ERRRES SN . e
L1 cache 33 R SCL Iy o e o O
Shared Memory (ld/st) (23/19) o m i jey

L "?x.s'Mt-

- —

-~

¢ - "3ox- SM-

3  Die size w/ scribe lines:
- 5 836.66mm?2

=1
I

)

* % | Die size w/o scribe lines:
¢! ~ 826mm?2

A lo |
A0 B e T
;[ B, L8t 5 37 e

—

[ r—

1

24:h4i8L2$ et e 24MiB L2$
Partitipn e v ya—vy -y ey op-ypammey-wr Partition

s Bidirectio

>
I
&
x
z
Lon
—
>
Zz
=

x
=

(4x/S0GBY

For example (A100), e CoCOTT “fil
. DRAM: 80GB (big, slow)
. 2. 40MB
. L1: 192KB per SM (small, fast)

tiona

Bid
-16x,PC1e4.02 05 %] * . pcte.Contro
B8idi 5

(4XINVLINK PHY,
_JiieageysiB

(4x/SOGBY s Bidirectional)' ..

i

- ‘e _:" Die shot from Nvidia

HBM2(e) PH | HBM2(e) PHY ! HBEM2(e) PHY
1024-Bit © 2.430 - 3.186 Gpbs Memory Control | 1024-8it © 2.430-3.186 Gpbs | Memory Control |/1024-8it]@ 2.430 - 3.186 Gpbs Annotations by Locuza, June 2021

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



| ast Week: Arithmetic Intensity

. Operational efficiency of an algorithm relative to data movement
. I = Total Operations (FLOPs) / Total Communication (Bytes)

Higher I:. Efficient; high volume of computation per data fetch
_ower I Inefficient; performance is bottlenecked by data movement

. Peak arithmetic intensity (ridge point)
—very hardware architecture has its own optimal threshold Iridge

. e.g. HI00 has 295 FLOPs/Byte
. I < Iridge: COomm.-bound (perf. [imited by memory bandwidth)

. I > Iridge: COmpute-bound (fully utilizing compute capacity)
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| ast Week: GPU Performance

. Reducing memory accesses
Coalescing (get many data at once) FM T e
Kernel fusion (reduce data movement)

. Move memory to shared memory = | —
TilNg (try my best to keep Iin shared mem) L

B oot o B et et o 0 ey sl

. Trade memory for compute/accuracy ! N

. Quantization (trade memory and accuracy) W e BaCkTWd ‘
Recomputation (trade memory and compute) gj&1 P
th" s2 1 dou
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| ast Week: GPU Performance

FLOPs achieved for square matmuls
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| ast Week: FlashAttention

Outer Loop

K':dxN

Attention on GPT-2
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s Single GPU All We Need?

. Models are getting really big, we cannot train them with a single GPU

1000
GPT-3 (175B)
100 Megatron-Turing NLG (530B)
Megatron-LM (8.3B)
Turing-NLG (17.2B)
10

T5 (11B)

[y

GPT-2 (1.5B)

Model Size (in billions of parameters)

BERT-Large (340M)

O
(=Y

ELMo (94M)

0.01
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MultlI-GPU, Multi-Machine

. Split up Memory and compute requirements across GPUs / machines
. Classical setups:
. GPUs on same node communicate via a PCl(e) (16 lanes => 242 GB/s)
. GPUs on different nodes communicate via Ethernet (~200 MB/s)

’ T T T

Ethenet

l PCle | PCle
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MultiI-GPU, Multi-Machine

. Split up Memory and compute requirements across GPUs / machines
Modern setups:

Within a node: NVLInk connects GPUs directly, bypass CPU
. Across nodes: NVSwitch connects GPUs directly, bypass Ethernet

—ach H100 has 18
NVLink, totally 900GCB/s

Memory bandwidth for
HBM is 3.9TB/s
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MultiI-GPU, Multi-Machine

Nntra-node parallelism via high-s

oeed Interconnects

. High-speed inter-node parallelism
HDR InfiniBand PCI Express 4.0 xGMI-2 NVLink 3.0
< » - > - B
50 GT/s per lane 16 GT/s per lane 16 GT/s per lane 400 GT/s per lane
B 16x
’.
CPUj 3 2 CPUy
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4 4 4 4
"I PLX PLX "I "I PLX PLX "I
i i \ i
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X X X X

l F l l F l
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MultiI-GPU, Multi-Machine

. SummMmary: communication hierarchy Tow | Bow | [k | Fow | Do
(from small/fast to big/slow)

Single node, single GPU: L1 cache/
shared memory

Node

N\V/Switch

Single node, single GPU: HBM

Single node, multi-GPU: NVLInk FSM FSM ULink FSM FSM

Multi-node, multi-GPU: NVSwitch

Node
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| ecture Overview

. Basic of Collective Communication

. LLM Parallelization
Data Parallelism (ZeRO-1 to 3)
Model Parallelism (Pipeline, Tensor Parallel)
. Activation Parallelism (Seguence Parallel)
ND Parallelism

. Case Study
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Collective Communication

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Collective Communication

. Note: world size (# devices) Is 4, and rank means device id

All-Reduce

rank0 { rank1 { rank 2 | rank 3 rank 0 { rank1 { rank 2 | rank 3

| in3 | W) ;| out |i| out |i| out |i| out |:

'out[l] = Sl.Jm(lnX[i:)'

Performs reductions on data (for example,
sUM, MinN, Max) across devices and stores the
result in the receive bufter of every rank
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Collective Communication

. Note: world size (# devices) Is 4, and rank means device id

Broadcast Scatter

. rank0 { rank1 | rank 2 | rank 3 | rank0 | rank1 { rank 2 | rank 3 . rank 0 i rank1 { rank 2 | rank 3 ' :rank 0 { rank1 | rank 2 | rank 3 '

(oo - (rooy - .

| out3 | :

in | W) | out || out [i| out |i| out |:

out[i] .: in[i] | | | | | | | | oth[i] = in).([Y*count.+i]

Copies an N-element buffer from the root Distributes a total of N*k values from the root
rank to all the ranks rank to k ranks, each rank receiving N values
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Collective Communication

. Note: world size (# devices) Is 4, and rank means device id

Gather

: rank O : rank1 i rank 2 | rank 3 | rank 0 i rank1 | rank2 | rank 3 |

. (root)
]

 inl

out[Y*count+i] = inY[i]

Gathers N values from k ranks into an output
buffer on the root rank of size k*N

Generative Computing Lab

Reduce

rank0 { rank1 { rank 2 | rank 3 | rank0 | rank1 { rank 2 | rank 3 '

Derfo
out s
ofas

rMs t

l n3 | wm) | ou

. (root)

outfi] = sum(lnX[i:)'

ne same operation as AllReduce,

LOres

he result only in the receive buffer

oecified root rank
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Collective Communication

. Note: world size (# devices) Is 4, and rank means device id

All-Gather

 rank 0 | rank1 { rank 2 | rank 3 | rank0 | rank1 { rank 2 | rank 3

4 inl

in3

out[Y*count+i] = inY]i]

Gathers N values from k ranks into an output
ouffer of size k*N, and distributes that result

to all ranks
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ne same operation as Reduce,

t Is scattered in equal-

N ranks, each rank getting

K of data based on its rank index
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Collective Communication

Reduce
A“ reduce rank 0 rank 1 rank 2 rank 3 rank O rank1l i rank 2 | rank 3

. (root) !

II\IHllllim- o fout |
outf] = sum(inX{i)
A in1 § | in3 |imm) | out |{| out || out || out | “ h
All Gather

outfi] = sum(@nX{i) rank 0 rank 1 rank 2 rank 3 rank 0 rank 1 rank 2 rank 3

Broadcast -

rank O { rank1 { rank 2 | rank 3 | rank O { rank1 { rank 2 | rank 3 |

inl

in3
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. ' . .
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? ‘ . (root) | ‘ é % i é ?

out[Y*count+i] = inY[i]

in - out out out out Reduce Scatter

rank0 { rank1 | rank 2 | rank 3 | rank0 { rank1 | rank 2 | rank 3 |

outfi] = infi]  [owo]|
e [em]
1 H™H Kl r
1 B H  FISe s B R |

outhﬂ = sum(inX[Y*cou.nt+i])
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All-Reduce = Reduce-Scatter + All-Gather

All-reduce Reduce-scatter + All-gather

. rank 0 { rank1 { rank 2 | rank 3 rank0 | rank1 { rank 2 | rank 3 . rank0 | rank1 { rank 2 | rank 3 | rank 0 { rank1 { rank 2 | rank 3

 [ouo ],
1 | 1 1 [ out1 |
f inl § | In3 | - out (i| out |:| out [i| out |: A - -
1 H H  HO i NI 11 11 [T N T |

out[i] = sum(inX[i]) ‘ outY[i] = sum(inX[Y*count+i])

 rank O | rank1 { rank 2 | rank 3 | i rank O | rank1 | rank 2 | rank 3 |

in3

out[Y*count+i] = inY[i]
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All-Reduce = Reduce-Scatter + AH—Gather

. Communication cost? (D pytes, P G

. Nalve aH_reduce I I in3 - out out out out
—ach GPU sends/receives D data to P-1 GPUs

COm m. Cost: 2 X D X (p_'l) ~ ZDP outfi] = sum(nX[i])

. rank 0 ; rank 1 | rank 2 g rank 3 | i rank 0 { rank1 | rank 2 | rank 3 |

i rank O { rank1 | rank 2 { rank 3 | rank O { rank1 | rank 2 i rank 3 |

. Reduce-scatter + all-gather II-
Reduce-scatter: Each GPU sends D/P blocks - smexveomen

-:O ﬂeXt GDU 5 (:)_") X :)/ D §rankO%ranklérankZérank3§ érankOéranklérankZ%rank3§

All-gather: Same way; (P-)xD /P

Comm. cost:2x D x (P-1) /P = 2D
N the bandwidth-limited regime, this Is the best you can do

out[Y*count+i] = inY[i]
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TPUs vs. GPUs

GPU networking
. All-to-all (up to 256)

DGX A100 256 SuperPOD

DGX H100 256 SuperPOD

-m‘ﬂ.

IB HDR spine switches
Switch

—

... |B HDR leaf switches ...

... 32 nodes (256 GPUs) ...

Fully NVLink-connected
Massive bisection bandwidth

A100 SuperPod H100 SuperPod Speedup
Dense Bisection Reduce Dense Bisection Reduce
PFLOP/s [GB/s] [GB/s] PFLOP/s |[GB/s] |[GB/s] Bisection Reduce
1 DGX / 8 GPUs . 2.5 - 2,400 . 150 | 16 | 3,600 . 450 . 1.5x 3x
32 DGXs / 256 GPUs 80 6,400 100 512 57,600 450 9x 4.5x

Generative Computing Lab
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TPU networking
. Toroidal mesh
~ Chip . Chip Chip —f
- Chip Chip
Chip Chip
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Recap

Beyond a single GPU, we introduce new unit of compute, "datacenter"

. What we want from multi-machine scaling?
. Linear memory scaling (max model params scale with # GPUSs)
_inear compute scaling (model flops scale linearly with P Us)

O

Reduce

Basic collective communicatioNns  |atreduce

o0y

irankO { rank1 | rank 2 | rank 3 | i rank 0 |

| . | ] | | ina | mp | out |
irank0 : rank 1 : rank 2 : rank 3 rank0 i rank 1 ; rank 2 | rank 3 I I I
I I I o
in1 in3 || out out |i| out || out All G

| | 1 ather
: irank0 | rank 1

outfi] = sﬁmGnX[i])l

Broadcast -

rank 2 i rank 3
(root)

Reduce Scatter

| | o 1= inY
ut out |[i| out |i| out

irankO | rank 1 { rank 2 | rank 3 | irankO | rank 1 { rank 2 | rank 3 |

outfi] = in[i]

; | | ; I | [ou2] |

outY[i] = sum(inX[Y*count+i])
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Standard LLM Parallelization

. How do we parallelize LLMs? Three important ideas
. Data parallelism
. Nalve data parallel

. LeRO-1, 2, 5

. Model parallelism
Pipeline parallel
. Tensor parallel

. Activation parallelism
. Seguence parallel
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Data Parallelism

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



'mage credit: https:/blog.bytebytego.com/p/a-guide-to-database-sharding-key

Sharding

What is Sharding?

Monolithic Database

° Improved performance

Cenerative Computing Lab FCE7115 Multimodal VLM (Spring 2026)
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layer 3

Nalve Data Parallelism

. Sharding strategy: each rank gets a slice of the data o
. Split the elements of B sized batch acrossM GPUs '

Exchange gradients to synchronize layer 0

. Abstracted workflow

0sses are different across ranks (on local data)

. Gradients are all-reduced to be the same across ranks
. Therefore, parameters remain the same across ranks

C)
=
Q)

. This Is the distributed data parallel (DDP) in PyTorch
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Nalve Data Parallelism

. Sharding strategy: each rank gets a slice of the data
. Split the elements of B sized batch acrossM GPUs

Exchange gradients to synchronize

. How does this do?
. Compute scaling: each G

. Communication overhead: transmits 2x
. OK If batches are big enough

PU gets B/M exa

layer 3

layer 2

layer 1

layer O

mples

Memory scaling: none. Every GPU needs

Generative Computing Lab
Inha University

oarams at least
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=
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params every patch




Nalve Data Parallelism

. Memory seems like it'd be a problem
We copy the model parameters to each GPU

dataset
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Nalve Data Parallelism

. What is wrong with naive data parallelism?
. Our memory situation is actually terriple

. Assume we use fple mixed precision

. We need 5 coples of weights and 16 bytes per param!
. 2 bytes for FP/BF16 model parameters
. 2 bytes for FP/BF16 gradients

optimizer
state |- 4 pbytes for FP32 master weights (thing you accumulate into in SGD)
. 4 (or 2) bytes for FP32/BF16 Adam first moment estimates

. 4 (or 2) bytes for FP32/BF16 Adam second moment estimates

Generative Computing Lab

'nha University ECE/TI5 Multimodal VLM (Spring 2026)



/eR0O: Solving the Memory Overhead

. Let's split Up the expensive parts and use the reduce-scatter equivalence

Memory K=12
c 4 | w758
gpu, gpu; gPUN 1 onsume N =64
Baseline 2+2+K)*W¥ | 120GB
P 2@ + 29 + 2% | 31468
0S )
Postg 2y 4 & :)* ¥ | 16.6GB
(2+ 2+ K)*¥ 19GB
P os+gsp Na
Parameters Gradients Optimizer States |Rajbhandari+ 2019]

Generative Computing Lab
Inha University
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/eRO-1: Sharding Optimizer State [Rajbhandari+ 2019]

Memory K=12
c 4 | P=758
gpu, gpu; gPUN 1 onsume N,=64
Baseline (2+2+K)*¥ | 120GB
soe see K*W
P 2W +2W + ~— | 31.4GB

. High-level idea
. Split up the optimizer state (first + second moments) across GPUs
—veryone has the parameters + gradients

—ach worker Is responsible for updating a subset of params
(corresponding to their slice)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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/eRO-1: How 1t Works? [rajbhandari+ 2019]

. Step 1. Everyone computes a full gradient on their sulbset of the batch

o Step 2 Reduce_scatter the gradlents rankOranklranerank3 rankOranklranerank3

. . . . _____________ ;outOg
This incurs # params communication costllm_. o]
Recap: (P-1) x D/ P =D comm. cost IR

.............

[ out3 |

outY[ﬂ - sum(i'nX[Y*cou.nt+i])

. Step 3. Each GPUs updates thelr params using thelir gradient + state

i rank 0 { rank1 { rank 2 | rank 3 | i rank O { rank1 { rank 2 | rank 3 |

. Step 4. All-gather the parameters ]

in1

his incur # params communication cost ~ ~ ma __ "

| in3 |

Recap: (P-1)x D/ P =D comm. cost of,t[y*counim:inyép;

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



/eR0O-1 vs. Nalve DP

Nalve DP /eRO-]
S ) N
Commum.camon One all-reduce (grads) reduce-scatter (send grads)
orimitive all-gather (collect params)
Communication| o L.
2 X H# params 2 X H# params
________________________________________ cost
Memory (4+K) X #params (4+K/Ngpu) X Hpoarams

. /eR0O-11s a free lunch (at least In the bandwidth-limited regime)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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/eR0O-2: Sharding Gradient [Rajbhandari+ 2019]

K+ ¥
31.4GB
Pos 2¥ + 2W¥ + N
cee “ee (2+ K)* Wy
Pos+g 2W + N 16.6GB

. High-level iIdea
. Also keep the gradients sharded across GPUs
Use the same (rough) tricks as ZeRO-]

. Complexity
. We can never instantiate a full gradient vector, but each worker
Must compute a full gradient (since we're data parallel)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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/eRO-2: How 1t Works? [rajbhandari+ 2019]

. Step 1. BEvery GPU incrementally backwards on computation graph

. Step la. After computing a layer's gradients, Immediately reduce to
Seﬂd thlS to the Hg ht \/\/Orker grankO rank 1 rank 2 rank3§ granko rank 1 | rank 2 | rank3

. (root)

. Step 1b. Once gradients are not needed 5 5 -
inthe backward graph, immediately freeit S BB | | ]

. This incurs # params communication cost ol = sumimet

. Step 2. Each GPU updates their params using their gradient + state

i rank 0 { rank1 { rank 2 | rank 3 | i rank O { rank1 { rank 2 | rank 3 |

. Step 4. All-gather the parameters -

1 in1 §

. Thisincur Oaralms communication cost ’

[in3 ] :

out[Y*count+i] = inY[i

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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/eR0O-3 (FSDP): Sharding All [rajbhandari+ 2019]

. (24 K)* W
Pos+g c¥ + N

16.6GB

d

2+ 2+ K)*¥

> -

0S+g+P

1.9GB

. High-level iIdea
. Shard everything, Including parameters!
Use the same incremental communication / computation ideas

. Send and request parameters on demand while stepping through
the computational graph; materialize and free just-in-time

. This is the fully-sharded data parallel (FSDP) in PyTorch

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



/eRO-3: How 1t WOrks? [rajbhandari+ 2019]

. > Forward [pass

. Step 1.

Before compute layer i's forward pass, every GPU all-gather

oparams to materialize the full params of layer i
. Step 2. Once layeri's isdone, Immediately free params of layer i

. > Backward pass

. Step 3. To compute layer i's backward pass, every GPUs all-gather
oarams to materialize the full params of layer i

0 4. Each GPU calculates grads and immediately reduce-scatter
0 5. Each GPU updates their params using their gradient + state

. Ste
. Ste
. Ste

0 b. ONnce paramr

Generative Computing Lab
INnha University

s update isdone, Immediately free grads of layer i
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/eRO-3: How 1t WOrks? [rajbhandari+ 2019]

~ .
MODEL ALL- FORWARD ALL- > BACKWARD > - : > vb’:;AHTTES
SHARD GATHER LOCAL GATHER LOCAL

( ) ( ) (LOCAL)
L N LAYERS T2 N LAYERS e
: ! :
! ) }
| ] i
| i ]
! : :
| | ) |
GATHER GATHER SYNC
WEIGHTS WEIGHTS GRADS
1 : 1
| | 3 | |
1 e ]
H 1
| ! ’
’ ’ ’
i } }
XA N -
& N LAYERS ‘o' N LAYERS S
MODEL > ALL- > FORWARD ALL- > BACKWARD > REDUCE- > V:I,:IDGAHTTES
SHARD GATHER (LOCAL) GATHER (LOCAL) SCATTER T
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/eR0O-1, 2, 3 Communication Cost
- DDP: 2 X # params

. /ero-1: 2 X # params (it's entirely freel)

. /ero-2: 2 X # params (it's almost freel: when we ignore overhead)

. /ero-5: 3 X # params (1.5x cost, but not bad considering memory)
. We have 1 all-gather (# params) and 2 reduce-scatter (# params)
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/eR0O-3: Communication Overlapping

. All-gathers happen all
. |t can mask out (ove

at once while forward happens
rlap) the communication cost

—xample: (W, W, + W,Wy)x =y

All-Gather (AG)

: ) Reduce-Scatter (RS)
Forward : Backward ) Forward Comp. (FWD)
— = = - Backward Comp. (BWD)
cpUu Q[Off 1 [ORf 2 k 2 20fl} 1 {00 Parameter Free
S W T i FSDP Unit i
GPU Comp. e */—a N V\ﬂ Vg e >
Stream . FWD . |FWDI IEWD FWD2 2 BWDZ ZBWDO | "'BWDI lBWDOO
\/ : <4 4L 4 2
Y
GPU Comm[ AGO I AG] AG? I A } RS2 I AG] T RS1 RSO J
Stream %
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/eR0O-3 In Practice

. Pure bflo training (bflo for optimizer states as well)
BuUt keep master weight to fp32

. On a 8X AI00 80G

Max size (params) Bytes per Params
DDP 0.06B 12
"""""""""""""""""""""""" Zerol | 1B | 5
- Zero2 | 24e&2B | 2+(10/8)
. Zero-3(FSDP) | 53338 | 2/8
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Recap

Data parallel: each rank gets a slice of the data

. Zero-1: sharding optimizer states
. Reduce-scatter grads » calc local params - all-gather params

/ero-2. + sharding grads

'mmediately reduce grads - free grads (if possible, immediately)
> calc local params » all-gather params

1 | - ™\ Vo= ™ r—

Dataloader ’ ) Forward Backward ‘ Update
T GPU3 pass 1 pass model
_I_ . i = - “ r = "
° _3 h d _ L | Forward | Backward | Update
/ero-5. + snar Mg pPararms o e = e
: Get . ’ Get . g ! Synchronize
= weights r A weights | ; gradients
. | . Forward . Backward | Update
GPU 1 pass pass model
R ‘ , . Forward . Backward . Update
GPUO pass pass model
. J S J
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Model Parallelism
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|Issues of Data Parallel

. With data parallel, batch size should be really big
O INcrease # GPUs, batch size Is proportionally increasea
ANnd there's diminishing returns to atch sizes

Predicted Training Speed

10()
”“
E
o Ineffective
— lin
3 101 scaling
u,% Perfect

scaling
102
102 10~1 109 101 102

Batch Size / Noise Scale (B/B)
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|Issues of Data Parallel

. /eR0O-1 and 2 don't let you scale memory

. /eR0O-3 Is nice, but can be slow and does not reduce activation memory

-® - ZeRO-3,1/5B =&+ PTD-P,175B
——9— ZeRO0-3, 530B ~— PTD-P, 530B

50 -

'Narayanan+ 2021

Achieved teraFLOP/s
per GPU
o
(-

768 1152 1536 1920
Number of GPUs

. ANy other options we have~?
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Model Parallelism

. Scaling up INn memory without changing batch size

. What model parallelism is
t splits up the parameters across GPUs (like ZeRO-3)
BUut communicate activations (while ZeRO-3 sends params)

. Two types of model parallelism
Pipeline parallel (parallelize along depth)
. Tensor parallel (parallelize along width)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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layer 3

| ayer-Wise Parallel

layer 1

. Very straightforward model parallel

) M)

layer O

forward
> » >
Layer Layer Layer Layer Data
0 1 2 3

< < <

backward
| -
GPUO GPU 1 GPU 2 GPU 3

. Layer-wise parallel cuts up layers, assigns some subsets to GPUSs
. Activations and partial grads are passed pback and forth
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| ayer-Wise Parallel

. Looks good, but utilization of layer-wise parallelism is terrible...

Loss

/ \
Device 3 F. - B, Fo B. Update
f * ale
Device 2 F. -~ B, F° Bo Updat
f ‘ F0 4 A BO Update
Device 1 F1 > B1 BUbble
T l FO _ y BO Update
Device 0 F, - B,
AN / With N GPUs, each GPU is active 1/N of the time
Gradients

—ach GPU s 1dling most of the time, waiting for the backward pass to
oropagate pack
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GPipe: Pipeline Parallel [Huang+ 2018

. GPIpe splits batch to micro-batch and process micro-patches

. Send off the first micro-batch and start computing the seconao
Loss
pevice 3 ': ] ? Fso | Fa1 | Faz | Fas| Bas | Bsz | Bat | Bao Update
Device 2 F2 - 82 Foo | F21 | F22 | F23 B2 B2 B2.1 B2.o Update
t v
Device 1 F1 - B1 Fio| Fi1| Fi2| F13 4 N Bis B2 B1.1 B1.o Update
, T * Foo | Fo1 | Fo2 | Fos BUbee Bos Bo> Bo.1 Boo | Update
Device 0 o g /
Gradients

The ratio of bubble time is PA_41 SO We need a big batch size

P=# GPUs, M = # micro-batch

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Why Pipeline Parallel?

. Pipelines seem not good (e.g. bubble time, etc)

. Why do we do it?

Pipelines save memory (compared to DDP)
Pipelines can have good comm. properties (compared to FDSP)
t depends on activations (B xS x H) and Is point-to-point comm.

. Generally, we use pipelines on slower network links (e.g. inter-node) as
a way to get pbetter memory-wise scaling
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|ssues of GPIpe

. To reduce bubble, 1) iIncrease batch size and M ?2) increase M only

. Very large batch size can cause diminishing returns
Small batch size rapidly degrades CPU performance

Micro-batch goes too small, so compute-bound » memory-oouna
200 -

)

o

S _s0] S—— o X *

O

29 100 \

§ S 50 —&— Batch size = 8

2 —— Batch size = 128

s L . ' _ [Narayanan+ 2021]

1 2 4 8
Pipeline-parallel size

. Another issue: explosion of activation memory
-irst GPU should store all activations until M micro-patches are done

Because of the memory limit, we cannot set very high M
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Solution: 1F1B (PipeDream) iHarlap+2018]

. One forward, one pbackward scheduling
Step 1. Forward until each GPU reaches the end of the pipeline

Step 2. Do 1F1B: 1F for new micro-batch, 1B for oldest micro-pbatch
Step 3. Immediately free If backward pass is done

Device 1 BN ENVAL: 112 13|45 2 910111213141516
Device 2 12345678 2 |3 4|56 9 10111213141516 G p
Device 3 123456738 3 /4|5 /|6 |7 910111213141516 Ipe
Device 4 4 | 5|6 |7 |8
Time > Devices idle
Device 1 REFAEN 9 101112
Device 2 121814 9 101112 .
| PipeDream (1F1B)
Devic Ol T R
Device 4 A o 0] 10 KRl 11 EPli2
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Solution: Interleaved 1F1B [Narayanan+ 2021]

IF1B addresses memory issue, but still has bubble (at pipeline flush)

N Megatron-LM v2, they propose interleaved 1F1B

—ach GPU is assigned fragmented layers (chunk)
e.g.GPUO:layer 0,1, 4,5 /GPU 1. layer 2,3, 6,7

Device 1 ENAEN 1 2 X 3 WA 4 EY 5

vevie2 (PRSP + I - > B« s O« L e e o e

10

6 7 B8 9 101112 9

| Bubble =
vevices |\ UL+ L= > - B B e 0 M L) e - I I M
Device 4 B 1 P 2 Kl 3 BN 4 I s X o WA 7 EX s o E0) 10 RRY 11 fRdi2
Time . :
Assign multiple stages
to each device
Device 1 7|8 o1
Device 2 8 o3l B bbl —
Device 3 56“71BZE H4 G HERk 2 € = VM
Device 4 NP5 162738 4G 6 7 8 ¥ o |10/,
Time . R B - V = # chunks
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Go Beyonad? Zero-Bubble PP [qi+ 2024

. Actually, backward pass is grad prop. + weight update
Weight update doesn't depend on the pipeline .
SO we can do weight update at any time! \,

v,L >l V,LxT |——

/B-HT
Handcrafted rules
/B-H2

M- -

Generative Computing Lab
INnha University
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layer 3

Tensor Parallel

. We can do model parallel along the width axes layer 1
We can think of PP as cutting up along depth

layer O

| -~ B - B - Fy .
i l

- - - -

GPU2 .*EEEEIZEEEEI

Decompose a matmul: matmul submatrices, add partial sums
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Tensor Parallel [shoeybi+ 2019

. Now GPUs have submatrices
. Assign columns (Al, A2) and rows (B1, B2) to separate GPUSs
N the forward pass, fis the identity, and g is an all-reduce
. In the backward pass, fis an all-reduce, g Is the identity

/________________________“\ s =T T T T ST ST ST ST ST TR SR e i o o e e e e e e e e e

— | X [= XAl = Y| == | Y1B; :>Z1=>

Led

|

[ Xewyos ]
I}

[ Jnodouq ]
||
0%y
{

Lgd

g

[ Xewyjos ]
{

[ JnodouQ ]
g
03y
J

——— — — — — ——— — — ————— — —

(Q =[Q1,Q2]
K = [K,, K3)

e e e e e e e e e e e e e e e N e e e e e M,

\‘—————————————————————-—/
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Tensor Parallel [shoeybi+ 2019

. [P vs. PP
. = No bubble; If network Is fast enough, there's no waiting for others
. = Low complexity: just warp models without major infra changes
. = No need of large batch size

. & Much larger communication than PP

PP:B XS X H (and point-to-point comm. per micro-batch)

. TP:8xBxSxHXx(P-1)/P (per layer and all-reduce comm.)
. Why 8? 2 all-reduce (forward/backward) of FFEN, Attention
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Tensor Parallel [shoeybi+ 2019

. When do we tensor parallel?
Use TP when we have low-latency, high-bandwidth interconnects

On GPUs, within a node (up to 8 GPUs) due to high speed
interconnects Throughput Scaling with TP (3B Model)

10k
Sk I
. 2 4 8 16 32

Tensor Parallelism (TP)

Tokens/sec/GPU

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



Recap

layer 2

. Two types of model parallel:

layer 1

layer O

. Pipeline parallel

. Cut layers and each GPUs process their layers o
PP split batch Into micro-batch
. Key challenge: how to reduce bubble? ==

lFo.o Fo1 | Foz2 3

UUUUUU

o Fa1| Fa2 Fs,s‘ B3z | Ba2 | Bax

1 F2.2 F2,3 B2.3 B2.2

2 F1,3

M

M M L M

o - N ©

vy} v} o o

=S = o ©

w N - o
o

Bo.2 Bo.1 Boo | Update |ayel’ 3

layer 2

. Tensor parallel

Parallelize model width, not depth

. Cut glant matrix into submatrices and distribute to GPUs
No bubble, but very high comm. cost atn

layer 1

layer O
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Activation Parallelism

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Memory Is Dynamic

. Memory isn't just the static memory, but there Is also activations

B PARAMETER

Max memory allocated: 0.53 GB OPTIMIZER_STATE
Max memory reserved: 0.59 GB B INPUT
o TEMPORARY

B ACTIVATION

B GRADIENT

B AUTOGRAD DETAIL
Unknown

i

Memory (GB)

Time (ms)
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Activation Memory

Nus far, we have only really discussed parameter memory
P and PP can linearly reduce those.. but what about activations?

160

120

Memory (GB)

40

baseline present work baseline present work baseline present work baseline present work

228 175B 5308 1T

m parameters and optimizer state memory  mactivation memory [KO &8 h | ka nt| ZOZZ]
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Activation Memory

number of attention heads
microbatch size

hidden dimension size
number of transformer layers

N S o Q

p
S
t
v

pipeline parallel size
sequence length
tensor parallel size
vocabulary size

. Amount of activation memory of a Transformer layer

24sbh + 10sbh + 5abs?

. QKV Input: s x b x h tensors (fple) x 3 = 3 x 2sbh

24sbh (matmul)

. Attention output: 2sbh

10sbh (pointwise ops)
_ayerNorm: two LNs: 2 X 2sbh

Residual: 2 residual (attention,
Dropout: 2 dropout (attention,

Generative Computing Lab

-FEN input/output: Transformer 4x input: 2 X 4 x 2sbh

“N): 2 x 2sbh

~-N): 2 X I1sbh (boolean)
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number of attention heads pipeline parallel size

p
microbatch size s | sequence length
hidden dimension size t | tensor parallel size
number of transformer layers v | vocabulary size

N S o 9

Activation Memory

. Amount of activation memory of a Transformer layer

24sbh + 10sbh + 5abs?
Sabs? (attention)

Attention logits (QKT): [Ib, a, s, s| = 2albs?
Softmax prob. (Softmax of logits): [b, 3, s, 5| = 2albs?
Attention dropout: [, a, s, s| = 1abs?

- [N summary, we get

Activations memory per layer = sbh (34 + 5E)

h

l(jeneratjve Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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number of attention heads pipeline parallel size

p
microbatch size s | sequence length
hidden dimension size t | tensor parallel size
number of transformer layers v | vocabulary size

N S o 9

Activation Memory

. Amount of activation memory of a Transformer layer

24sbh + 10sbh + 5abs?
Sabs? (attention)

Attention logits (QKT): [Ib, a, s, s| = 2albs?
Softmax prob. (Softmax of logits): [b, 3, s, 5| = 2albs?

T — 2 . .
Attention dropout: [b, a, s, s| = Tabs we can drop this with
recomputation

. In summary, we get J

Activations memory per layer = sbh (34 + 5E)

h

l(jeneratjve Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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+ Tensor Parallel

Activations memory per layer = sbh | 10 -

N S o 9

number of attention heads
microbatch size

hidden dimension size
number of transformer layers

p
S
t
v

pipeline parallel size
sequence length
tensor parallel size
vocabulary size

. TP splits out matmuls in attention ano

. 10sbh: cannot do linear scal
. No matmul in LN, residua

Generative Computing Lab

D)

Ng with T

~dropout
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Seqguence Parallel Korthikanti+ 2022

. 10sbh: cannot do TP (no matmul in LN, residual, dropout)
How can we parallelize this term?
Split pointwise ops IN seguence axis! [Korthikanti+ 2022]

These ops are pointwise, meaning No dependency IN seqg. dim
VWe can sately split In sequence axis

10 24
Activations memory per layer = sbh ( ; | . | 52—‘;) —

sbh (

as
34 5—) |
Tog

number of attention heads p | pipeline parallel size
microbatch size s | sequence length
hidden dimension size t | tensor parallel size
number of transformer layers v | vocabulary size

N o
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f Isall-reduce (forward)

split all-reduce Into reduce-scatter (g) and
all-gather (g); no additional comm. cost

O

QN

S

Transformer Layer Transformer Layer O)

Output Output . m

I 0 =

I _ p

D _ D m o | N

i) _ i) 2 m “ ~—

| Dropout | . | Dropout | .m. mra\_ S

\

0 SN =

IIIII bIIIIIII)/ \\IIII@IIIIIII)/ W

Linear ,_ i Linear /_ Q)

i 531 || | g 53 3

GelU 25 | GelU 2% | O

0 =& o S | —

Linear h _, Linear h i

- 1 d - I _ __ d »
m gensdies——

( \ 5

—

r

[~

LLI

@),

LLI

=D

=D

Sequence
Parallel

1P aﬂd SP [Korthikanti+ 2022]

Dropout \ Dropout ;
0 D -
\||||.|©| ||||||| }/_ - .|wr ||||||| }/_
Linear 5D | “ Linear 5D
i) 2 g | _ {t 9 g
9 @ | _ O g |
Self Attention = a _ | | Self Attention| = o “
|||||| - s/ ,/|||||©I|||||||.\\
I AR T o |W.//
LayerNorm | Kf/h LayerNorm | mﬂa_ 5
. o © |
_ v A | q)
% | N “ _ |_
Transformer Layer Transformer Layer @),
Input Input m
)
D
al al Q
— + o=
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_| O O
22
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E ©
O <
-
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TP + SP + Recomputation [Korthikanti+ 2022]

Putting It together to get tull linear scaling for memory

Configuration Activations Memory Per Transformer Layer
no parallelism sbh (34 + 5“—;)
tensor parallel (baseline) sbh (10 - 2t4 - 5%2)
tensor + sequence parallel sbh (3t4 - 5%2)
selective tai’lcsi?f;tri)j;aiilor-;putation sbh (10 I 2t4)
tensor parallel 4+ sequence parallel + b h(?,t_4)

selective activation recomputation
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Recap

. What are each of the parallelism primitives good for?

Sync. . .
Overhead Memory Bandwidth Batch size
DDP/ZeRO-T Per-batch No scaling 2X # param. Linear
e e e
FSDP (ZeRO-3) X per-FSb Linear X # param. Linear
____________________________________________________________________________________________________________ S S E T F R S
PP Per-pipeline Linear osh Linear
D 4+ S 2X Transformer inear 8bsh per-layer No impact
block (all-reduce)

. Have to balance limited resource — memory, bandwidth, batch size
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Other Parallelisms
. Expert parallelism (EP)

GPU 1

GPU 1

GPU 2

GPU 3

Expert 1

Expert 2

Expert 3

Expert 1

Expert 2

Expert 3

N

S

. Splits experts iIn Mok models Router ep<~=s> Route
T T
Token Token

Transformer Layer with TP+CP
. Context parallelism (CP) I I
. GPUO QKV Attn Ut pans LN el GelU FC2
Split a long sequence i s A s
. . RS AG RS AG
GPU2 QKv I Attn I Gy Dion LN FC1 Gelu  FC2
out out
AG RS AG RS
/ / / /
RS AG RS AG

Generative Computing Lab
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Batch-size scaling behavior of parallelization
strategies on a 4x4x4 mesh

| When B < 100, overlapping

2D Parallelism

. :):) n T:) | Is impossible

Computation bound
Communication bound

()
£ | i
" : ;
& | |
- ' '
O ] |
O : :
™~ - | Both mixed
W ] '
e | ¥ eleyTe | FSDP + TP
= + TP |
1071 /i  and pure FSDP
v 2 works when \
o . 100<B <850  work when
L ) l
I I
| | —— FSDP Only
[ [
| | —— TP Only
: | —— FSDP + TP
N+ 102 4—L—— . . ' ! '
[AUSU A ZOZS] 0 250 500 750 1000 1250 1500 1750 2000

B/N, batch size divided by total number of chips
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3D Parallelism
S
. .

Mple rules of t
Jntil your model fits In memory

. TP up to GPUs/ machine

PP across machines

(Or use ZeR0O-3, depending on
. 2. Then until you run out of GPUs
Scale the rest of the way with DP

S\W)

IS small..
ate to trade higher

It your batch size
gradient accumu
batch sizes for bet

Generative Computing Lab

Nnumb from the literature
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3D Parallelism

. SiImple ru

. 1. Until you
- [P Uup tc
. PP acro
. (Or use

. 2. Then ur
. Scale th

[9][eIed B1eq OY97Z

It your batc
gradient ac

batch sizes

Pipeline Parallel

a Pipeline Stage 3 N

LI
UL

|

T

, | J E\ : J

rk Layers 16-23 Network Layers 24-31
Wil

il \

4 Pipeline Stage 3 N

I I
rk Layers 16-23 ) \_ Network Layers 24-31 )

/

ld.ai/tutorials/pipeline/
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3D Parallelism In Megatron-LM [Narayanan+2021]

Number of , , T Achieved Percentage of | Achieved
parameters Attention Hld_den Number | Tensor quel- Pipeline mgdel- Number Ba.tch teraFIOP/s the oreti?: al aggregate
(billion) heads size | of layers | parallel size parallel size | of GPUs | size per GPU peak FLOP/s | petaFLOP/s
1.7 24 2304 24 1 1 32 512 137 44% 4.4
3.6 32 3072 30 2 1 64 512 138 44% 8.8
7.5 32 4096 36 4 1 128 512 142 46% 18.2
18.4 48 6144 40 8 1 256 1024 135 43% 34.6
39.1 64 8192 48 8 2 512 1536 138 44% 70.8
76.1 80 10240 60 8 4 1024 1792 140 45% 143.8
145.6 96 12288 80 8 8 1536 2304 148 47 % 227.1
310.1 128 16384 96 8 16 1920 2160 155 50% 297.4
529.6 128 20480 105 8 35 2520 2520 163 52% 410.2
1008.0 160 25600 128 8 64 3072 3072 163 52% 502.0
Table 1: Weak-scaling throughput for GPT models ranging from 1 billion to 1 trillion parameters.
- TP first up to 8, then caps out at 8

- D

P gOoes

Generative Computing Lab
Inha University

D gradually decreases wi

Up to make the model fit
‘N scale, with the largest model having ©
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3D Parallelism In Megatron-LM [Narayanan+2021]

PTD-P: pipeline + tensor + data parallel

-® - ZeRO-3,1/5B =&+ PTD-P,175B
—&— ZeRO0O-3, 530B -~ PTD-P, 530B
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3D Parallelism In Megatron-LM [Narayanan+2021]

. Activation recomputaion helps?
. For small batch sizes, it leads up to 335% lower throughput
SBut without recomputation, we cannot increase the patch size

< 10.0-

S —&— Act. recomputation
= O -
a 2 797 —¢— W/o act. recomputation
L~
S8 5.0-
S ©
3 25

O

)

<L 0.0

1 2 4 8 16 32 64 128 256
Batch size
Figure 17: Throughput (in sequences per second) with and without

activation recomputation for a GPT model with 145 billion param-
eters using 128 A100 GPUs ((z,p) = (8, 16)).
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Image credit: https:/gdymind.com/2026/02/07/5D-parallelism-in-LLM-training/

Summary: ND Parallelism
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Image credit: https:/gdymind.com/2026/02/07/5D-parallelism-in-LLM-training/

Summary: ND Parallelism

Activations
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LLaMA 5

. 4D parallelism: TP + CP + PP + FSDP

GPUs TP CP PP DP Seq.Len. Batchsize/DP Tokens/Batch | TFLOPs/GPU BF16 MFU Small bSiZ@
LLaMA 3-405B 8192 8 1 16 64 8,192 32 16M 430 43% arge bsize
3-stage training 1638 8 1 16 128 8,192 16 16M 400 41% S
16,384 8 16 16 8 131,072 16 16M 380 38% long context
H100s
TPO CP1 PPO DPO TP1 CP1 PPO DPO TPO CP1 PPO DP1 TP1 CP1 PPO DP1
TPO CPO PPO DPO TP1 CPO PPO DPO TPO CPO PPO DP1 TP1 CPO PPO DP1
PP
TPO CP1 PP1 DPO TP1 CP1 PP1 DPO TPO CP1 PP1 DP1 TP1 CP1 PP1 DP1
V CP ” A
TPO CPO PP1 DPO TP1 CPO PP1 DPO TPO CPO PP1 DP1 TP1 CPO PP1 DP1
N\ Tp 7
N\ Dp 7
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I_ I_a M A 3 Component Category Interruption Count % of Interruptions

Faulty GPU GPU 148 30.1%
GPU HBM3 Memory GPU 72 17.2%
Software Bug Dependency 54 12.9%
Network Switch/Cable Network 35 8.4%
Host Maintenance Ur%planned 32 7.6%
Maintenance
GPU SRAM Memory GPU 19 4.5%
GPU System Processor GPU 17 4.1%
NIC Host 7 1.7%
NCCL Watchdog Timeouts Unknown 7 1.7%
Silent Data Corruption GPU 6 1.4%
GPU Thermal Interface + Sensor GPU 6 1.4%
SSD Host 3 0.7%
Power Supply Host 3 0.7%
Server Chassis Host 2 0.5%
IO Expansion Board Host 2 0.5%
Dependency Dependency 2 0.5%
CPU Host 2 0.5%
System Memory Host 2 0.5%

Table 5 Root-cause categorization of unexpected interruptions during a 54-day period of Llama 3 405B pre-training. About
78% of unexpected interruptions were attributed to confirmed or suspected hardware issues.
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DeepSeek-V3

. 3D parallelism: PP (DualPipe) + EP + ZeRO-1 DP

DualPipe
DP =16 EP = 64
1 Device0|0|1|2|3|4(5|6 7 0 |8 1 |9 2 3 4 5 6(6(7|7|8|8|9]|9
Device 1 0(1({2|3|4 5 6 0 |7 1 |8 2 |9 3 4 5 6 7 8|!7|/9|8]|9
2048 X HSOO Device 2 o[1]/2] |3] [4 5 0 |6 1 |7 2 |8 3 |9 4 5 6 7| |8|7]9]| |8]9
Device 3 0 1 2 3 4 0 |5 1 |6 2 |7 3 |8 4 |9 5 6 7 8 9 8 9
Device 4 0 1 2 3 0 |4 1 |5 2 |6 3 |7 4 |8 5 |9 6 7 8 9 8 9
Device 5 0 1 2(0(0 1 4 2 |5 3 |6 4 |7 5 |8 6 |9 7 8 9 9
Device 6 0 1{0(0f2|1(1(3 2 4 3 |5 4 |6 5 |7 6 |8 7 |9 8 9 9
Device 7 o(jojo|1|1(1(2|2|2]|3 3 4 4 |5 5 |6 6 |7 7 |8 8 |9 9
Time ~
Forward Backward Backward for input Backward for weights Overlapped forward & Backward

The training of DeepSeek-V3 is supported by the HAI-LLM framework, an efficient and
lightweight training framework crafted by our engineers from the ground up. On the whole,
DeepSeek-V3 applies 16-way Pipeline Parallelism (PP) (Qi et al., 2023a), 64-way Expert Paral-
lelism (EP) (Lepikhin et al., 2021) spanning 8 nodes, and ZeRO-1 Data Parallelism (DP) (Rajb-
handari et al., 2020).
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Kimi K2
. 3D parallelism: PP (interleaved 1F1B) +
. PP =16, EP =16

P+ /eRO-1 DP

2.4.2 Parallelism for Model Scaling

Training of large language models often progresses under dynamic resource availability. Instead of optimizing one
parallelism strategy that’s only applicable under specific amount of resources, we pursue a flexible strategy that allows
Kimi K2 to be trained on any number of nodes that is a multiple of 32. Our strategy leverages a combination of 16-way
Pipeline Parallelism (PP) with virtual stages [29, 54, 39, 58, 48, 22], 16-way Expert Parallelism (EP) [40], and ZeRO-1
Data Parallelism [61].
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SO ‘ a r O pe n DeepSpeed. Our evaluation reveals two key insights: (1) for 100-billion-parameter scale models,

larger batch sizes enabled by full activation checkpointing outweigh memory savings from se-

. Pyre FSDP lective checkpointing strategies; (2) expert parallelism and tensor parallelism provide no benefit
over pure FSDP for our configuration, suggesting that architectural simplicity can outperform
. 480 x B200 complex parallelization schemes at this scale.

3.3.2 Multi-Node Scaling Challenge

Standard FSDP2 (Zhao et al., 2023) performance degrades significantly when scaling from 16 to
60 nodes, with TPS dropping from 5,500 to 4,267. This degradation stems from all-reduce oper-
ations for gradient synchronization, which scale sub-linearly with node count due to inter-node
communication volume. We address this by adopting Hybrid Sharding Data Parallel (HSDP),
an extension of FSDP available in TorchTitan that divides the global device pool into smaller
sharding groups. HSDP runs FSDP within each sharding group (10 nodes in our configuration)
and synchronizes gradients across groups (6 replicas). This hierarchical structure confines most
communication to intra-group operations while maintaining global gradient consistency through
periodic inter-group all-reduce, achieving 26.5% throughput improvement and reaching 5,400
TPS at 60 nodes. This result demonstrates that exploiting the bandwidth differential between
intra-node and inter-node communication effectively mitigates the saturation point of standard
FSDP at large scale.
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GLM-5

. 3D parallelism: PP (interleaved) + ZeR0O-2 + CP
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Summary

Scaling beyond a certain point requires multi-gpu/-node parallelism

No single solution to the parallelism problem
. Recent models adopt mixed ND strategy

Note: CP and EP act o

Modules / different dimens ions \ . N\ Layer i : Layer i+1
’ CPd OOOOO (( EP domain \\ :
(- /  TPdomamn \(  SPdomain | TP domain | SP domain .
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Further Reading

. How to scale your model? (from Deepmind)
. https://jax-mlgithub.io/scaling-book/
. https://ih-michael-shin.github.io/scaling-book/ (translated version)
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