MASSIVELY PARALLEL TRAINING

Training Neural Networks at the Scale of Thousands of GPUs

Mathias Lechner
Co-founder and CTO @ Liquid Al

' N\ [/ ¥ N\ N\ /[ N\ ™\ g N\ [ N N\ N\ [ ™ [ ™\
\ \ J \\ J J J J Y S J Y S - \ J
' \ N\ ™~ N\ ™ ™\ - W N\ 7 oW ™\ ™ ™\
4 7\ J O\ J J O\ 7\ J - 7\ J . 7\ J O\ 7 J
~ ™) B D 4 h 4 N (C ai B Y D & ™ 7 D 6
. J \ . s\ Y J J J

N\ 'S "\ A
\ J L J Y J J \ VS \ V J o J J
~ B £ ™\ oW a = WY N\ ﬂ[ ]r ™~ N ™ £ By 5 ™\ B 4 ™
. J = J < J J \ \ J \. J 9
f d <A i B ' ‘[ ]F N ' { { W - T, N\

. J . 7

s ™\ - ™ s - W ™\ /7 \ B £ ™ 'S ™ - - W - ™
. J " Y @ 7 J 7 Y © J J A > ¥ < VAN J
g Y 4 N[ o
\, J J J \\ Y J \\ y \ J \\ Y 7\ J J \ J Y J y




AGENDA

About Liquid Al

‘) Foundation model company & MIT spin-off (2023)

Recently released the LFM2 series of on-device optimized language models

Why We Scale

GPU vs CPU performance
Scaling laws
Data & model scaling

Today's Talk

.

What We Scale

Data parallelism
Model parallelism
Sharding strategies

J

How We Scale

DeepSpeed ZeRO
FSDP
Megatron-LM

[ Case Study: Training LFM2 ]




WHY TRAIN ON GPUS?

2011: AlexNet — Start of the Deep Learning Revolution

Trained on 2x GTX 580 GPUs

Training a Neural Network is Matrix Multiplication

CPU (2011) GPU (2011) GPU (2022)
Intel i7-3960X GTX 580 NVIDIA H100
01 TFLOPS | 1.58 TFLOPS 989 TFLOPS
FP32 FP32 BF16
~ 86 ms ~ 5.4 ms ~ 8.7 Us
16 x faster ~1000x since 2011

[256 x 4096] x [4096 x 4096] = 8.6 GFLOP

LGAELCEVEL
Training DNNs is
compute intensive

GPUs excel at parallel
matrix operations



WHY TRAIN ON LARGER DATASETS?

Llama 2 7B — Meta's open-source large language model (2023)
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Processed Tokens (Billions)

More training data - Lower loss - Better fit to the data

Kaplan et al. (2020) formalized this observation:
Loss decreases as a power law with dataset size



WHY TRAIN LARGER MODELS?

Llama 2 — /B, 13B, 34B, and 70B parameter variants
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Larger model + same data - Lower loss - More capable model

Kaplan et al. (2020) formalized this observation:
Loss decreases as a power law with model size



RECAP: THE SCALING IMPERATIVE

Scaling Laws (Kaplan et al., 2020) + Chinchilla (Hoffmann et al., 2022)

Larger

Models
M Parameters
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GPT-3

(2020)
175B params, 300B tokens

\.

Better Performance
= Larger Models + More Data

Ve

J

LLaMA 2

(2023)
/0B params, 2T tokens

\.

More
Data
™ Tokens

J/

LFM2.5-1.2B

(2026)
1.2B params, 28T tokens



DATA PARALLELISM

Scale dataset throughput by distributing batches across GPUs

[ Key insight: Samples in a batch are independent — only gradient aggregation requires communication
1. Replicate 2. Distribute 3. Synchronize
Full model copy on each GPU Each GPU processes different batch Aggregate gradients across GPUs

[ Batch: 256 samples J

GPUO GPU1 GPU 2 GPU 3
64 samples 64 samples ~ 64 sam

ples 64 samples
Full model - VW, Full model - VW, Full model - VW, Full model - VW,
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All-Reduce: VW = (VW_+VW_+VW_+VW ) /4

Linear Batch Size Limitation

Throughput scales linearly with Effective batch size increases Large batches can hurt
GPUs with GPUs generalization



MEMORY REQUIREMENTS FOR TRAINING

What's the largest model that fits on one GPU?

Example: 1B parameter model, batch size 16, 256 layers, hidden size 1024

I b Memory Breakdown
@ Parameters (bf16) 2GB
1B x 2 bytes
B Gradients (bf16) 2GB

Same size as parameters

B Adam Optimizer States (fp32) 8 GB
2 moments x 4 bytes x 1B params

@ Activations (all layers) ~16 GB
256 layers x batch 16 x hidden 1024 x 2 bytes

Total ~28 GB

For 70B model: ~2 TB needed
— Need strategies to reduce memory!



ACTIVATION CHECKPOINTING

Trade compute for memory: recompute activations instead of storing all

WITHOUT CHECKPOINTING WITH CHECKPOINTING
All layer activations stored Only checkpoints stored
(128 layers total) i
Recompute during backward
[ ~8 GB activations ] 9 Checkpoint " Discarded

[ ~2 GB activations J

AX ~30% Worth it

Extra compute (recompute) In practice, memory is more

Memory reduction .
FWD + 2xBWD - FWD + 2xBWD + FWD precious than compute



OFFLOADING TO CPU MEMORY

. A THE BANDWIDTH PROBLEM
Idea: Push infrequently used data to slower but

larger memory tier

) ’ 3.35TB/s 64 GB/s
WHAT TO OFFLOAD? HBM (H100) PCle 5.0

o Optimizer states — only needed during parameter update

i 52x slower to fetch from CPU memory
e Inactive layer parameters — fetch when needed
Must pass through PCle bus + DDR memory

e Activations — stored for backward pass

NICHE APPLICATIONS
WHY IT CAN WORK  Fine-tuning very large models on limited hardware

Data is accessed infrequently - transfer overhead amortized e Context length extension (long sequences)

over many compute operations e Scenarios where very little training is needed



MEMORY & NETWORK BANDWIDTH

s \ e Bandwidth
Node 1 Node 2
] g FS ) ":J h rg rg B |L:_Il ) 'S D CaChe: "“'20 TB/S
GPUO || GPU1 GPU2 || GPU3 GPUO || GPU1 GPU 2 () HBM: 3.35 TB/s
9 I J I J I J I I-\IVL . I J I J I )
- \ (& G G — ) G ) (S () DDR5: ~400 GB/s
GPU4 || GPU5 || GPUG |[| GPU7 GPU4 [| GPUS GPU 6 () NVLink: 900 GB/s
____________ “Scaleup  _Rew" () 1B: 200 GB/s/link
[ CPU ] [ CPU ] --- PCle: 64 GB/s
e Y, "
Scale out
4 =)
RDMA (Remote Direct Memory Access)
GPU-to-GPU transfer across nodes without CPU involvement
e )
 S—
e )
RDMA: GPU —'—’[ RDMA NIC ] — net — [ RDMA NIC ] ""
—e S
9 Bypasses CPU + OS )




SHARDING

Definition: Sharding
Partition data across multiple machines to distribute compute and memory

¢

For Neural Network Training

Key Trade-off
Sharding reduces memory per device, but requires communication to gather data




OPTIMIZER STATE SHARDING

Optimizer states are huge (~8 bytes/param for Adam) but only needed during weight update

Without Sharding With Optimizer Sharding

£ N {

GPUO GPU1

| TotaI:GB |

Total: 12GB Total: 12GB

[ 24 GB total (2 GPUs) ] [ 16 GB total (2 GPUs) ]
Update Process:
1. Forward/Backward — Compute local gradients
2. Reduce-Scatter — Each GPU gets grad shard
3. Local Update — Update params with shard
4. All-Gather — Broadcast updated params

Memory Savings: 33% (optimizer states only)




PIPELINE PARALLELISM

Split model into stages, process micro-batches in sequence
Model Split into 4 Stages

GPUO GPU 1 GPU 2 GPU 3
Layers 0-31 Layers 32-63 Layers 64-95 Layers 96-127

Naive Pipeline: Bubble Problem Solution: Micro-batching
GPU O [EGN B GPUO 1 1 ]
GPU1 | B0 GPU 1 | 1 1
GPU 2 | GPU 2 1 1 I 1 I
GPU 3 | GPU 3 1 1 1 |
-~
e ~ Forward [ Backward Bubble: O((p-1)/m)

Further Optimizations

Llama 3: Bidirectional scheduling overlaps forward and backward passes

DualPipe (DeepSeek-V3): Finer granularity — separates backward-for-input vs backward-for-weights



TENSOR PARALLELISM

Split individual weight matrices across GPUs

Column Parallelism

Matrix Multiplication

X X

W

Y1

\

(No collectivé)

¥ | x| W1 p w2

GPUO | GPU1 B

[Input X ] W1 (column)
split by cols

—

X1

X2

-]

Row Parallelism

Transformer MLP: Combine Both

GelLU —»

No comm!

W2 (row)
split by rows

W1
GPUO
% -
W2
GPU 1
—»kll-Reduc

e—>

Column — Row pairing: Only 1 All-Reduce per layer
Requires high-bandwidth interconnect (NVLink)

All-Reduce

[Output Y]




SEQUENCE & CONTEXT PARALLELISM

For very long sequences: split the sequence dimension across GPUs

SEQUENCE PARALLELISM CONTEXT PARALLELISM
Input Sequence (e.g., 8K tokens) Attention with Long Context
1 Query KOVO || K11 || K2v2
Current | = | Past Past Past
[ GPU O ][ GPU1 ][ GPU 2 ][ GPU 3 ] tokens 0-2K || 2K-4K || 4K+
Shards activations along sequence All-to-All: Exchange Q,K,V chunks ]
MLPs, LayerNorm are time-independent Shards KV cache across GPUs

Reduces activation memory per GPU Enables 100K+ token contexts

SP CP Combined

UL L S Shards attention KV cache Train with 1M+ token contexts
activations



MIXTURE OF EXPERTS (MOE)

Scale model capacity without proportionally increasing compute

Dense FFN

Input =%, hidden)

\ .

\ v,

All params used for every token

Expert Parallelism

MoE FFN

FFN Router S

Sum

Input —»
—» Out P softmax \[ Ej2 } > weighted

—————————————

Ed=/

.

.

8 Experts{Top-2 selected)

Only top-K experts compute — sparse activation

GPUO GPU 1 GPU 2 GPU 3
EOQ, E1 E2, E3 E4, ES EG, E7
{ All-to-All: route tokens to the correct experts }
LFM2-8B-A1B Capacity Challenge
8.3B total, 1.5B active 8x params, ~2x compute Load-balancing experts

Out



