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Motivation
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Meta Inference Workload Trends

INFERENCE MODEL TRENDS , _
Deep Learning Recommendation Models

(DLRM) are increasing in model size (GB)
and complexity (GFLOPS)

1.8
1.6

1000
1.4

12 800

1.0
600

Models evolved beyond
SparseNN for better accuracy and user
experience

0.8

0.6 400

0.4
plele}

MODEL SIZE - INFERENCE (GB)

0.2

MODEL COMPLEXITY (GFLOPS/SAMPLE)

2020 H22021 H12021 H22022 H12022 H22023 H12023 H22024 H12024 H2 Emergence of GenAl with LLMs and wide

array of models across different use cases
GFLOPS/SAMPLE

e MODELSIZE (EMBEDDINGS)
MODEL SIZE ( TOTAL)

OMeta



GPU Deployment Challenges
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Next Gen MTIA Development Goals

Improve perf/TCO and Handle models across Developer efficiency

perf/W compared to multiple Meta services to quickly reach high
previous generation efficiently volume deployments
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Features

GEN-O-GEN
PERFORMANCE

Increased GEMM TOPs
by 3.5x to
177 TFLOPS @BF16

Sparse matrix support with
2X TFLOPS

ANS weight
decompression with 50%
compression ratio and 20%
better memory to
compute tensor
transfer performance

Balance compute, memory
and data transfer to
achieve over 80%
utilization

INTEGER DYNAMIC
QUANTIZATION

Hardware based tensor
guantization

Deliver accuracy
comparable to FP32

PYTORCH EAGER
MODE SUPPORT

New hardware job launch
time <lus

Completed job
replacement time <0.5us

TBE (TABLE BATCH
EMBEDDING)
OPTIMIZATION

HW optimization for
download and prefetch of
embedding indices

2-3x faster run time
compare to prev gen
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Accelerator Architecture
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Specification

TECHNOLOGY TSMC 5nm

FREQUENCY 1.35 GHz

GATE COUNT 2.35B gates, 103M flops
DIMENSIONS 25.6 x16.4 mm (421 mm?2)
PACKAGE 50mm x 40mm

TDP 90 Watts

GEMMTOPS | 0 eparsity
MEMORY 128GB LPDDRS5 6400

BW 204.8GCB/s
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Architecture Overview
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LPDDR5 LPDDRS
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Host Interface

e Gen5x8-32GB/s

e 4MB PCle Descriptor SRAM for
fast descriptor fetch

Control Core Subsystem

e Quad Core Scalar RISC-V
e 8MB L2 Cache.

e 4MB Context SRAM for
fast workload distribution
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Network on Chip (Noc)
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Processing Elements (PE) Overview

TolFrom NoC

4

Y

Dual RISC-V cores, one scalar, one with

vector extension
/

Command Processor (CP) to coordinate Debug CPU-A
. . . Subsystem
execution of functional blocks in PE (SCALAR)

Processor
(CP)

i Command

Fixed-function units to accelerate: Machine
e Matrix multiplications with sparsity S O pa
support (DPE) I

Weight decompression (SDMA) Controller
Eager mode (WQE)

e Non-Linear functions (SE)
e Data movement (MLU)

. o PLIC CPU-B
e¢ Dynamic quantization (RE) Interrupt (VECTOR)
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PE Compute

Dot Product Engine (DPE) delivers
2.77 TF/s (FP16) per PE

Added sparsity matrix support, providing
5.54 TF/s (FP16) in sparse mode

Widened data pathsin MLU, RE & SE to
match DPE performance
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PE Memory Subsystem

TolFrom NoC

A
(
384KB PE local memory to support larger o m-c-

and more complex workloads

- ===

Debug

CPU-A
Subsystem (SCALAR)
Increased PE local SRAM and Fabric T
Interface BW to balance compute i P"’(‘(‘f:)“’
and memory access and provide over 80% Machine
ofo o Timer PE Interconnect
PE utilization

I

PLIC CPU-B

Index aligned DMA support to speed Interrupt
up index prefetch

(VECTOR)
Controller




Integer Dynamic Quantization

Built-in hardware that provide capability to
offload the task of adjusting quantization
parameters in real time
e Collect min/max per batch during run
time
e Support rowwise quantization

Enable channel-wise symmetric dynamic
quantization for FC operators

Achieved over 99.95% accuracy comparing
to baseline FP32 result

Run time on PE

INT8 Weight

FP16 Inputs

Quantization

INTS Inputs

|

INT8 GEMM
Y
FP16 Outputs

-—

|

Compute
Quantization
Parameters
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Eager Mode Enhancements

Control Core

Core 0 II Added multicast write groups to allow Control
‘ [')%‘;C']; Context SRAM Core to broadcast Eager Mode Work Queue (WQ)

Host Job Q@ JOB IDs H
oo | o | | . descriptors to select PEs

Added Work Queue Engine (WQE) in PE to DMA

WQ requests descriptors from Control Core
Broadcast \

|
PEO

JOb IDs JOb IDs

PE63

JOb IDs

More than 80% reduction in PE job launch time

| QP1(B) tQPl;B) :QF’I(B)
QPD(A:| D L QPO(A) QPO(A)
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Hardware Decompression

Original Indexes

Transfer time of large embedding indices
over PCle impact SLS performance

Compression
(Host CPU)

Run time on Host CPU

1

Added Decompression Engine to alleviate
——————— PCle and network congestion

Run time on MTIA Decompression

gD Support for RFC1952 (GUNZIP/GZIP) standard
encapsulating RFC1951 (Deflate Compression
e SO,

e Support for static and dynamic Huffman
coded blocks

Embedding Table

4 Decompression Cores
Compute e Decompression rate up to 25 GB/s

-
-
-
== |
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PE Weight Decompression

Lossless Asymmetric Numerical System
(ANS) algorithm

Data processed on a 32x32B granularity

32B / cycle decompression rate

Achieved close to 50% compression ratio
e improve the on-chip memory footprint
e reduce the PE to NoC read BW

32 x 32B
Original Data
Model
Creation
Compression
N Byte Compressed
e — - - -
—> Decompression

(PE)

Run time
on PE
32 x 32B
Uncompressed Data
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Table Batch Embedding (TBE)

TRE HARDWARE FEATURES PERFORMANCE
_ Index aligned DMA for faster index Improve runtime by 2-3x over
Combines tables from separate prefetch previous generation
embedding batch ops into one
single table Multiple context unrolling with SW

prefetch for indices

HW decompression engine to speed
up large embedding indices from host
via PCle
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System Design
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Accelerator Module

PCle CEM FHFL Form Factor
e 2 MTIAs per Module

Board TDP of 220W

64GB/s Gen5 PCle Interface
e 2Gen5x8

Up to 256GB LPDDR5 Memory
e 409.6 GB/s total memory BW
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System Topology

12 modules per chassis
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Performance
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Model Optimization

Continuous improvement in model
Perf optimization over time for recommendation models performance
Measured at rack-level

® LC1 ® LC2 @ HC1 @ HC2 == Baseline .
Low complexity (LC) models have an

out-of-the-box advantage with the
,.a_": large on-chip SRAM
1.0

High complexity (HC) models

0.5 require more optimization to
effectively block data in SRAM and
realize higher effective FLOPS

e More than 2x performance
improvement over 4-6 months

) Meta
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Model Performance

Recommendation model efficiency on MTIA

Measured at rack-level

W perf W perflW B FLOPS utilization

1.5

1.0

0.5

Relative to baseline

0.0
LC1 LC2 HC1 HC2
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Q&A
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