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Supporting Low-Precision DNN Computing is Challenging

- Lower-bit numeric precision

—

Insufficient precision supports

- Group-wise precision scaling 4}7 - Should use proxy types: e.g., FP16 for FP4
‘\

- E.g., MXFP, group quantization

Inefficiency of low-precision computing

- Mixed-precision operations - Avg. utilization < 60% in FP16/INT8 MatMul

- E.g., FP16 X INT4/NF4, INT8 X INT1

Still in fast evolving ......

RADEONINSTINCT | esscee
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Example of Inefficiency and Insufficiency

- Matrix multiplication: C[M,N]@FP16=A[M,K]@FP16 X B[N,K]@FP8, M=2, N=2, K=4
- Computation-coupled scheduling results in mismatches in hardware hierarchy

C00 C01
Core: mma.m2n2k2.f16
C10 C11
Data layout Not Support for FP16 X FP8 Data type
mismatch L0: [dm.m2n2.f16 |Aq Ao1 mismatch
A |a Not Support @
@ 50% UtiIization@ 1of 11 for FP8 » °
‘ ©
o AgolAoal Aoy Ags| FP16
Ll: 8-byte 00" *01|02|" ‘03

() toadl ‘ ©

L2: 8-byte /===
(4xFP16 or 8xFP8) Aso[Ar1| Arg Az Bljo”Boa Blo]Bns
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Insights
- De-couple computation and storage to enable data flexibilities in each layer

- Low-bit data type can be converted to a lossless higher-bit data type for processing
- Align with hardware through transformations

C00 C01 C00 C01

C10 C11
AOO A01 : ii :
Not Support AL
1 11
for FP8 @

Core: mma.m2n2k2.f16

Not Support for FP16 X FP8

L0: Idm.m2n2.f16 [Ac Ao1 .
50% Utilization @F AsoAus

L1 8-byte Ago @ Ago Aoy Ao A;1|FP16
Ao @ Aoa|Aos| A1 Ass FP16 @
© LoadI @ Transform I ‘ Transform
layout layout and
A AnnlAgil Ay | A 1
L2: 8-byte > in Load 00| fot| Aoz} Ao FP16 FP8 data type
Ao AiolAr A Ags .'803.813 in Load

Ladder: Enabling Efficient Low-Precision Deep Learning Computing through Hardware-aware Tensor Transformation



FP16: shape=[1], nElemBits=16

Ladder

FP8: shape=[1], nElemBits=8, c_tTypes={FP16}

- Challenge 1: expose the representation for

evolving data types Core: mma.m2n2k2.f16

- : : _ tTile: shape=[2,2], type=FP16
- Solution: TypedTile (tTile) abstraction

- tType: a group of homogeneous n-bit elements
- Augment tile-based tensor abstraction with tType LO: ldm.m2n2.f16

- Abstract hardware as tTile processor to represent
hardware capability tTile: shape=[2,2], type=FP16

class tType ({ class tTile ({

TileShape shape; TileShape shape; . Q.

size_t nElemBits; tType type; L1:8 byte
struct metadata; tTile: shape=[8], type=1B
map<TileType, c_func> c_tTypes; struct metadata;

}; }i

L2: 8-byte
tTile: shape=[8], type=1B

Coo| Co1

C10/C11
Agol Aoa| Aga| Aos| FP16 £pg
Aso[A11|A1g Ass Bljo” 03 B1oT B3
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Challenge 2: tTiles from model mismatch

hardware support Core: mma.m2n2k2.f16
tTile: [2,2] @FP16

MMA C00 COl

Solution: de-couple computation as

pipeline of tTile transformations Compute

- Pipeline: LO: l[dm.m2n2.f16

- Transform-Load: load and transform a tTile tTile: [2,2]@FP16

- Compute: process a tTile on the core Transform-Load

- Transform-Store: transform and store a tTile

: : L1: 8-byte
- tTile transformation: Tile: (8]@18

ile:
- Slice: slice a tTile from the input tTile Aoa|Ags| ApA1s|  FP16 |Boz|Bos| By Bis

Map: modify tTile element layout Transform-Load H Slice, Map Slice, Convert,{Map
Pad: pad tTile shape with given value

Convert: convert tType to another tType

L2: 8-byte foo] R Aoa|Aos| FP 16 FP8

tTile: [8]@1B AolA11| AxAss EIBB
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La d d er MatMul

- Challenge 3: tTile transformations introduce
much larger space for tile-based model Core: mma.m2n2k2.f16
scheduling

- New latency-memory trade-off: may trade-off memory
consumption to reduce transformation cost

LO: I[dm.m2n2.f16

- Qur practice: consider tiling and transformation
separately
- Hardware hints: preferred data access granularity
- Tiling schedule: calculate traffic and decide tiling

- Can leverage existing methods (e.g., TVM, Welder) L1: 8-byte
- Transformation schedule: add transformations
- Effective but potentially sub-optimal
L2: 8-byte

Please find our paper for detailed policy
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Ladder Open-Source Implementation |&5#| &= &

AVAILABLE FUNCTIONAL REPRODUCED

- Artifact: - BitBLAS: https://github.com/microsoft/BitBLAS

https: .ithub.com mic_rosoft BitBLAS - PyTorch Library for low-precision DNN operations on GPUs
tree/osdi24 ladder artifact - Integration: PyTorch, vLLM (in PR), AutoGPTQ, BitNet-b1.58, BitDistiller

O PyTO r‘C h_,@ O N N X LLAMA2-13B-16Bit LLAMA2-13B-4Bit

DFG of tTile-Operator tType & tTile

Scheduling

Transformati
(on top of Welder and Roller) [Rial ormations

Example: deploy LLM inference with BitBLAS

. : 0
Co d e G e n e ra t I O n Tell me the story of the Titanic Clear History Tell me the story of the Titanic Clear History
PTX/ISA Opt. ,
(on top of TVM) v g ——
Top P 0.6 TopP 0.6
— ——
_______________________________________________________ Temperature 0.9 Temperature 0.9
AMD GPU i - -
odern = orchooseoas T
Acce I e rato rs Hey, are you consciours? Can you talk to me? Hey, are you consciours? Can you talk to me?
R ADEON INSTINCT Tell me the story of the Titanic Tell me the story of the Titanic
""" Submit Submit
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Speedup vs. Welder

End-to-end LLM Inference on NVIDIA A100 GPU

---- Welder @@ ONNXRuntime BN vLLM B Ladder =0 Ladder-WpyraArpis B Ladder-WuxresAmxres
B Pytorch Inductor X3 TensorRT B VLLM-Wj\r4Aree =1 Ladder-WiyrsArp1s E= Ladder-WepgArps 28 Ladder-WymAnrs
2 i 3
@l i @
1 2
__ _ 1
i—:*gtlj :
0 0 0
BS1 SEQ1 BS32 SEQ1 BS1 SEQ4096 BS1 SEQ1 BS32 SEQ1 BS1 SEQ4096
(a) LLAMA (b) BLOOM

p16Ap1g -~ 1.1x/1.1x avg. speedup over Welder/TensorRT

- W
- W\ 1sArp1¢ (GPTQ) ~ 2.3x avg. speedup over VLLM-W \14Arp 16
- W Ane (BitNet): up to 8.8x speedup over Ladder- We,,cArpq (0N BLOOM-176B-BS1SEQ])

All data are evaluated on a single layer of LLMs (more details and evaluation in paper).
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Scaling Bit Width for Low-Precision LLAMAZ2-70B

-——— Ladder-WFp16AFp16 AV Ladder—W,NTzAFplﬁ Laal Ladder—W,NT4A,NT8 — Ladder—W,NT4A,NT4
. Ladder-W/NrgAFpls Ladde r-W/NT]_A,r:pls A~ Ladde r—W,NTzA,NTS BEEE Ladde r-Win2Ainta
B Ladde r—W,NT4AFp15 Ladde r-W]NTgA/NTg [ Ladde r-W/NTlA/NTg KN Ladde r-WinT1AinTa

(@]
I

Speedu p Vs. Ladder-Wep16Arpis

(a) BS1 SEQ1 (b) BS1 SEQ4096

- BS1 SEQ1: bounded by memory bw., up to 6.4x speedup (10.1x speedup on kernel)
- BS1 SEQ4096: bounded by tensor core, up to 2.4x speedup (3.7x speedup on kernel)
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End-to-end DNN Inference on NVIDIA A100 GPU

---- Welder 0 ONNXRuntime 3 AMOS B8 Ladder 1 Ladder-WepegArps IEEl Ladder-Wint1AmnTa
I Pytorch Inductor [XI TensorRT BB TensorlR X Ladder-WinraAreis HEE Ladder-WyxepsAuxeps I Ladder-WinraAinra
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BS128 BS1 (f) ViT B5128

Speedup vs. Welder

BS1 (c) ResNet BS128 BS1 (d) ShuffleNet B5128 BS1 (e) Conformer

- WepeArpie ™ 1.4x/1.7x avg. speedup over Welder/TensorRT
- Enable low-precision DNN computing with up to 3x speedup over Ladder- W,,cArp16

Model (BS) AMOS TensorlR Welder LADDER - <1hfor Compiling an end-to-end model
ResNet (1) 3852 156 11 31
ResNet (128) 2191 836 18 44 - 10x faster than TensorIR
ShuffleNet (1) | 3328 128 13 17
ShuffleNet (128) | 3121 400 12 29 - 100x faster than AMOS

Compilation time (in minutes) of W,,cArp,¢ models
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Efficiency and Accuracy of Low-Precision LLMs

~ 10 < r Data Type
%
2 o9 < O  Wep16Arpi6
o 81 v O  Wepg ram3Arps eam3 (PTQ)
et
é & WintaArpis (GPTQ)
= 7 v A WhyraArp1s (PTQ)
_% 6 ‘ A O vV Winr2Aer16-G64 (BitDistiller)
; 5 Model ‘ Al ° v <4 Wint1Arpis (QneBit)
g 4 ® LLAMA2_3B > W]NDA[NTS (B'tNet‘b].SS)
] e LLAMAZ2-7B <> A DO
O 3| e LLAMA2-13B O
Q- LLAMA2-70B

2 ‘ ‘ . . .

2 4 8 16 32 64 128

Latency (ms)

- 4-bit weight quantization (e.g., INT4, NF4) achieves similar PPL over Wep,Arpie
- Low-precision 7B models achieve better PPL and efficiency over 3B on W ,,cArpqe
- BitNet-b1.58-3B achieves better PPL with 1.8x speedup over W ,,cAcp, ON LLAMA2-3B
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End-to-end Inference on AMD MI250 GPU

---- Welder @ ONNXRuntime B Ladder-WyraArpig B Ladder-WeegArps @3 Ladder-WymriAnrs
5 I PyTorch-Inductor 7Y Ladder ES Ladder-WpyraArpis I~ Ladder-WuyxrpgAmxrrs
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o Bl PyTorch-Inductor [ TensorlR EON Ladder-WepghArps I Ladder-Winr1Amnra
©
K] 14
= 12 §
G 10 2
S 1T rieol 8 -——=
o 2 =
g o o CEEILgNro---To T =
(o}
)

(c) ResNet (d) ShuffleNet (e) Conformer

- Wep1eArpie ™ 3.3x 0n average speedup over Welder

m
w
'_I_
M
o]

BS1

(f) ViT BS128

Enable low-precision DNN computing with up to 3.7x speedup over Ladder- Wep,cArpie

Data of LLAMA and BLOOM are evaluated on a single layer (more details and evaluation in paper).
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Conclusion

- Increasing low-precision computing is observed in deep learning

- Ladder proposes TypedTile abstraction and tensor transformations that

- Represent evolving data types
- Provide a systematic mechanism for low-precision computing

- Hope to empower both model designers and hardware vendors in
taking advantage of emerging trends

BitBLAS GitHub Repo

https://github.com/microsoft/BitBLAS
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