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B icrosof Challenges

e — i Three Major Challenges
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Unsupported numerical precision in software
New data types such as NF4/AF4/MXFP have emerged.
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Activation

Datatype Hardware Unsupported compute inst. in hardware
- ~ Weight Backend
Datatype Most Hardware doesn’t have FP16xINT4 unit.
- J Potential Combinations

of Quant MatMul in LLM
___________ A e Combination explosion and hard to optimize

Though vendors and developers has given attention.

FP32: 80 TFlops
FP4: 9000 TFlops
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+FpoMIA i Supports of Vendor Library and MLC
e +FP8 QMMA 1 Data Type Wrpi6AFPis WinTsAINTS WrpsArps | WaraArpis
FP32: 9 TFLOPS +TF32 HMMA 1 GPU V100 A100 MI250 | V100 A100 MI250 V100/A100/MI250
[ Maxwell | +%A2 prme BFISHMMA | "cuBLAS | 78% 8% X X 68% X X X
FPS2FMA +INT8 DP4A HMMA +INT1 BMMA _ | rocBLAS X X 46% X X 75% X X
2014 2016 2017 2020 2022 2024 ” I TAMOS 64%  38% X X 45% X X X
: TensorIR 67%  56% 22% X X X X X
Hardware evolutions of Lower Precision Computing | Roller 50%  70% 29% | X X X X X
I



B° Microsoft I”Sigh ts
_ Mixed-Precision GEMM Execution Flow

CIM,N]@FP16=A[M,K]@FP16 X B[N,K]@FP8, M=2, N=2, K=4

Key Observation 1

ae How? . CoqCo Data type
The memory system has compatibility. Core: mma.m2n2k2.f16 =2 .
i mismatch
Data layout Not Support for FP16 X FP&
& 2xint4 mismatch LO: ldm.m2n2.f16 [Aoo|An s& ‘s .
ey o A A ot Suppor
. ) reinterpret .50% Utlllzatlo@r = for FP8
8bit storage S 2xnf4 Can be reinterpreted ° '
5 g s, into arbitrary datatypes *L1: 8-byte FP16 FP8
paque fixed- 4 .
width data block 1xint8
© wou ©
The memory system can store any data type by converting these FP16
custom data types into fixed-width opaque data blocks. L2: 8-byte oA FP8
TR
Which?

The compute inst. has compatibility.
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C10()11 M 1
FP32 FP32 @ Compatibility
A A AouAm <L
@ r Aol "] @
FP16 INT4 Losslessly compatible | |
with FP16/FP32. Fp16 _
. © | rerepfels] |©)
P16 Transform i Transform
layout layout
in Load FP16 FP8 and data
Most custom data types can be losslessly converted into wider standard Aol A:dA 3 ] |type

data types supported by existing hardware computing units for processing. in Load
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Separate

Compute from
Schedule

Separate Datatype and Computing
with Machine Learning Compilation

Conventional MLC

A Python Like DSL
Stvm

\ 4

Intermediate representation
TensorIR, MLIR ...

v

Transformation
Loop unroll, vectorize...

v

Backend

Generate code or executables
for different hardware

—

insights from ML Compilation

\.{/Z

A\’llA

Activation
Datatype

Datatype

We need a universe Type Representation to

Hardware
Weight Backend

hide the conversion and do efficient codegen.

However, the performance of current machine
learning compilation tasks is still unsatisfactory,
even under hardware-supported instructions.

¢

n N

N\



Existing compilation systems fail to fully utilize the
performance of computing units

B° Microsoft

MatMul Performance of MLC under Reasons for Bandwidth Utilization Challenges
RTX3 O 90 (Te n SO r CO re) Idmatrix: The 8 fp16 shared memory Idmatrix: The 8 values each
= values accessed per thread. H thread receives in its registers. .
0100 = Lo % TS i i =1 | Simple memory accesses
_ 2
Dosg = nos | / i struggle to meet the
$0.6 - . [pwmm = demands of various
o T16 4 Tol 4 JTe[-— 1§
Soa T T 5 e 7 storage levels
802 8 SHAFED MEMlORY REGISTERS simultaneou5|y.
0.9 M1 M2 M3 M4 M5 J 123 31 131 131
38—

AMOS, Tensor IR can only reach 60-80% performance of

CUBLAS. A Swizzling Rule for 8-Bit Tensor Cores (NVIDIA GTC 2020)
Major Factors for Performance

f \ AO.J,D AS.JS,O AlE..B,O A24..31,D A32..39,D A40..47,0 A45..55,D AEE..EZ,O It's hard to get the rule
1) Efficient Tiling Existi ng MLC p rimitives At | Ashs: | Awa Au_)\ 74,39,1 %.47,1 Adlss.1 | Aseles s
|
C a n h a n d le (1erbe\;2]pef Ads,2 Ashs2 | A2 4.31,2 Qaz..zs,z Aso.a7,2 | Auglss,2 | Aselea,2 5wizz|e I nventor
Control the compute-to-memory ratio, cache usage Adbs | Ashss | A | Auf A\/ e s (ASPLOS 2021)
size, and register size i -
~ £ J 5 T Al T { 7 \\‘ 1 Tx . Graphene
. .7,0 047, 1 \0..7, 2 0.7,3 16..23,0 6..23,1 16423, 2 16423, 3 (ASPLOS 202 3)

4 ) 5
oy . v Ag 15,1 As.15,0 Az..% Asssa /| Assns | Aswaro | Asalsrs | Asafarz
2) Utilize Bandwidth ~ can nothandle ) Store s SHARED
( Hj' rbe‘;z ;)er Azz..ss, 2 Asz.,as, 3 Aaz..39, 0 Azz.g{l AAB..SS, 2 A43..55, 3 Aas..&s, 0 Aaeiss, 1 MEM

Better Memory Access pattern
k ) AAO..47, 3 A4D,.47, 2 A40..47, 1 A40..47, ] ASB..BB, 3 Asa..ea, 2 ASS.,SS, 1 ASE..EZ, 0

Insight: The Abstract needs to be aware of and manipulate the data layout of tensors!



Four tTile Schedule Primitives

tTile Convert(tTile, scope, ¢_func);

tTile TransformLayout (tTile, scope, index_map);

FP32 (G [Gw

Microsoft : :
Tensor-Centric System Abstractions
class tType { | class tTile{ | structIndexMap { :
TileShape shape; I TileShape shape; : Array initial_indices; : —
size_t nE[emBits; : tType type; : . . . : tTile  slice(tTile, index, shape, output_shape);
struct metaData; : | Array final_indices; | e—
i . . | |
map<tType, prim_func> ctypes; : struct metadata; | R EEEaE
} 1} 1} I =
_______________________ S U |
I
. |
An example Of USlng C = Compute((M, N), 1 (Tile Pad(tTile, pad_shape, pad_value); ‘
tTile to build a mixed ~ lambdai, j: (sum A[i, K|@FP16 * B[j, K@NF4)@FP32 |
.. . |
Precision Computing )J@FP32@FP16) .
. = = = 1
expression: where M=32,N=32,K=63 ;
|
for L1_iterin L2_tTile.split(L1_tTile): tTile Compute(tTile_A, tTile_B):
// Load A and B from L2 to L1 ret= mma'.1164f32(tT|le,A, tTile_B);
L1_A=TransformLoad_L1A(L1_iter.L2_A); SFPiG retamrets
. L1_B= .Trar?sformLf)ad_L.‘l B(L1 _ifce r..LZ_B); LO tTi 5eerca:i<i>trrrlnl|;<:::t,rl.igzr(rt‘;i:‘e;; .
A General Type System Enable mlcompilerto  fortoierniimiospliomier L oaqap e e o

Schedule Primitives
For tTile

schedule Tensor across
different Operators and
Memory layers

LO_A = TransformLoad_LOA(LO_iter.L1_A); et ret;

LO_B =TransformLoad_LOB(LO_iter.L1_B);
// Compute with mma instruction
LO_C = Compute(LO_A, LO_B);

L1
tTile TransformLoad_L1B(tTile):
[32]@4B 0 = slice(tTile, 0, [16, 63], [16, 63]);

t1=pad(to, [0, 0, 0, 1]);

L2 t2 = convert(t1, FP16);
// Store Cto L2 [32]@1B ret = transform_layout(t2, map_func);
TransformStore_LOC(LO_C, L2_C); return ret;

Boo7 Bos1s
FP16 .. o
Biios | Baisss | ...
Boos Bosis | Bios Bisis
FP1 = -
Bio7 | Basis | Baros | Bagas | ..

Booa Bosz.63

NF4 |Bsioan | Busss

An example scheduled executed plan with tTile schedule primitives on nvidia

gpus.
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New Design Space

Example of our tTile-Graph abstraction for end2end optimization from LLAMA, enabling

more fine-grained control across operators and even different memory layers.

DNN Graph From LLAMA
Operators » Element-wise Mul > MatMul » Operators
Lowered tTile-Graph A’ ile-Operator A \tTile-Operator B
I tTile HFMA2 MMA.M16N8K16
L |
Reg. Reg. Reg. Reg. Re
| e T [ dequant ]
Deduced
Lajout SMEM SMEM
D T \ T Constant
| GMEM || GMEM | GMEM |/ MEM | weight
Design Space 1 Design Space 2
What’s the data layout for each tTile? Which Instructions should we use?

]
Design Space 3
When should type convert happens?

These abstractions enlarge the scheduling space for DNN computation!

More deta

il, d

ownload:

OSDI 2024’ Ladder



2= vicosot -~ AUto Normalize Computation into Tensor Core/ Matrix Core

Bit-nearest instruction matching
Matches the instruction type to be converted based on the

FMA FP32 instruction computation pattern and throughput.
Device Inst Data Type TFLOPS/OPS Expression
INT4 »  HFMA2 FP16 RTX 3090 DFMA FLOAT64 8.9 TFLOPS D[0] = A[0] * B[ 0] + C[0]
. RTX 3090 FMA FLOAT32 35.6 TFLOPS D[0] = A[0] * B[0] + C[0]
Can be converted into RTX 3090 IMAD INT32  17.8 TOPS D[0] = A[0] * B[0] + C[0]
HMMA FP16 RTX 3090 HFMA2 FLOAT16 35.6 TFLOPS  D[0:2] = A[0:2] * B[0:2] + C[0:2]
RTX 3090 DP4A INT8  71.2TOPS D[0] = dot(A[0:4], B[0:4]) + C[0]
RTX 3090 HMMA.m16n8k16./16 FLOAT16 142 TFLOPS D[0:16, 0:16] = dot(A[0:4], B[0:4]) + C[0]
|terat0r_based auto expr normahza“on RTX 3090 IMMA.m16n8k32.s8 INT8 284 TOPS DJ[0:16, 0:16] = dot(A[0:4], B[0:4]) + C[0]

Example of normalizing conv2d into tensorcore inst.

(a, conv2d Expression (d, Auto-normalized conv2d program
. . for{n, k, p, q} in domain{128, 64, 112, 112}: for{n,p,q,r,s,c}in domain{128, 112, 112, 7, 7, 3}
Which enables us to explore if for {e,r. s} in domain(3, 7. 7h . v o : . ] s ML E o VI b
. . out[n, k, p, g] += input[n, c, =input[vO, vl * 2 +v3,v2 * 2 +v4, v5]
a given customized op(cony, ot qbe]* waightlk . 1, 5] -
. . fork,r,s, cin domain{64, 7, 7, 3}
stencil) can be tensorized by  (® tensorcore expression weightilk, * 21+s * 3+ c] = weightlk, 1,5, ]
. . for {i, j, k} in domain{16, 16, 8}:
i,jl+=i i, k]* i j for {i, j, k} in domain{1605632, 64, 147}:
target instruction. outllJl = nputl, I weightlicl] iter.| iter.J iter.K osjtii, ji = input1[§, KI* weight1[k, j]}
(¢, Classified by iterators
Layer n k 14 ] c r s stride Input Layout Weight Layout Target Instructions Auto Tensorize Mapping
Cco 128 64 224 224 7 7 2 NHWC HWIO mfma.m16n8k16 [n*12544+h*112+w,fr*21+s*3+c]—[L] K]
C1 128 64 56 56 64 3 3 1 NHWC OHWI mfma.m16n8k16.trans [n*3136 +h*56 +w,fr*192 +s* 64 +c] —[L,],K]
Cc2 128 64 56 56 64 1 1 1 NHWC HWIO mfma.m16n8k16 [n*3364+h*58+w,fc]—[]]K]
Cc3 128 64 56 56 64 1 1 1 NHWC OHWI mfma.m16n8k16.trans [n*3364+h*58+w,f,c]—[1,],K]
C4 128 128 28 28 128 3 3 1 NHWC OHWI mfma.m16n8k16.trans [n*784+h*28+w,fr*384+s*128+c]—[I,],K]
C5 128 256 14 14 128 3 3 2 NHWC HWIO mfma.m16n8k16 [n*49+h*7+w,fr*384+s*128+c]—[L],K]
C6 128 256 14 14 128 1 1 2 NHWC OHWI mfma.m16n8k16.trans [n*64+h*8+w,fc] ] K] B
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Load
(128 bits per
thread)

'
'

v
Store
(128 bits per
thread)

The search space is vast, with possible
combinations in the order of O(N!) !

Hardware Aligned Layout Propagation

Ao.7,0 Asiso | Awsazo | Anaso | Anaso | Awaro | Asssso | Aseeso
Ao 17,1 As. s, 1 Als. 23, Aza.s\l,\ %.39,1 %.47,1 AA& 55,1 Ass 63,1
N
Ao 17,2 Ax. hs, 2 Als. 23,2 4.31,2 32..39,2 AAo. 47,2 AA& 55,2 Ass 63,2
Adls,s Aghss | Asazs | Augl AW Aw.a1,3 | Aglss,s | Aseles,s
| / \
Ao.7,0 Ag,'z 1 Aoz2 Aoz3 /16.,23,0 N,zm Asel2s2 | Auglos s
Ag 151 As 150 As,.% As.152 /| Awuari | Asasio Aza"n,z Asils
Ass92 | Aszags | Asaso Asz% Ausss2 | Augsss | Asgsso AAa*ss, 1
Aw.ars | Awarz | Asari | Awazo | Asesss | Asessz | Asees1 | Asesso

It’s impossible to traverse all of them.

Hardware-Aligned

Explicitly Define the preferred

e . )
tDevice: Hardware abstraction

access pattern for different
memory layers.

Explicitly Define the access
pattern for instructions in warp

level.

I

Optimal Layout
Deduction

>"€,

Tile based program memory access

Py

L AIMATile ™~ WarpTia . _ |

Idmatrix: The 8 fp16 shared memory
values accessed per thread.

Deduced Perfect Access Pattern

——
MMA Tile

Warp Tile

. hadl X
Idmatrix: The 8 values each Cea.
thread receives in its registers.

2

0 T
ED M EM ORY|=|SHARED M EM ORY]|
I LT .

T31

T30

T0 T16 T0 T1
T T17 T2 T3
T

T3
ﬂ Ded ed A

L4 T23 1 T14 T15
T8 T24 T16 T17
T T25

T15

T31

©



Hardware Aligned Layout Propagation

Hardware Aligned Layout Deduction The memory-intensive operator for
re-layout the input.

Define Computation with DSL (TIR) BIvi // 16, vi // 16, vi % 16, vj % 16] =
A[vi // 8 * 8 + vi % 4 * 2 +v]j %16 // 8, vj // 16 * 16 + vi % 8 // 4 * 8 + v]j % 8]

@tvm.script.ir_module "
B[vi // 16, vj // 16, vi % 16, vj % 16] =

Alfvi // 8 * 8 + vi %4 * 2 +vj %16 // 8, vj // 16 * 16 + vi % 8 // 4 * 8 + vj % 8]

class MyModule:
@T.prim_func
def main(a: T.handle, b: T.handle, c: T.handle):

T-func_attr({"global_symbol": "main’, "tir.noalias’: True}) Compute-Intensive Op with Perfect Layout Access
A = T.match_buffer(a, [M, K], dtype="floatl6e")
B = T.match_buffer(b, [N, K], dtype="floatle") @I.ir_module
C = T.match_buffer(c, [M, N], dtype="floatl6") class Module:
@T.prim_func
Deduce def main(A: T.Buffer(), B: T.Buffer(), C: T.Buffer():
for i, j, k in T.grid(M, N, K): __fetch2shared()
with T.blOCk("B"): for ax@, axl, ax2, ax3 in T.grid(1024, 1024, 16, 16):
. R . " " . . | with T.block("A_shared_warp"):
vi, vj, vk = T.axis.remap("SSR", [i, j, k]) Ve, vi, v2, v3 = T.axis.remap("SSSS", [ax®, axl, ax2, ax3])
with T.init(): A_shared_warp[ve, v1, v2 * 2 + v3 // 8, v3 % 8] = A_shared[ve, v1, v2, v3]
C[vi, vj] = T.floatl6(0) for ax@, axl, ax2, ax3 in T.grid(1024, 1024, 16, 16):
X J T with T.block("B_shared_warp"):
C[vi, vj] = C[vi, vj] + \ Ve, vi, v2, v3 = T.axis.remap("SSSS", [ax@, axl, ax2, ax3])
A[vi, vk].astype("float1l6") * B[vj, B_shared_warp[ve, vi, v2 * 2 + v3 // 8, v3 % 8] = B_shared[ve, vi, v2, v3]
vk].astype("float16") for ii, jj, kk, i, j, k in T.grid(1024, 1024, 1624, 16, 16, 16):

with T.block("B"):
vii, vjj, vkk, vi, vj, vk = T.axis.remap("SSRSSR", [ii, jj, kk, i, j, k])
. with T.init():
Spec|fy a Hardware (“rtx_3090”) Cwarp[vii, vij, vi %8 * 4 +vi %8 // 2, vi // 8 * 4 +vi // 8 * 2 +vi % 2]
= T.float16(0)
C_warp[vii, vij, vi % 8 * 4 + vj %8 // 2, vj // 8 % 4 +vi // 8 * 2+ vj% 2]

B RIS O I L
RE X ks e
0 Compute 2xmma.sync.alignhed.m16n8k16.row.col.f16.f16.f16.f16 Ve, vi = T.axis.remap("ss", [ax8, axi])
1 Shared Load ldmatrix.sync.aligned.m8n8.x4.trans.shared.b16 €LY, vaJ = Cwarplve /136, 3 /1 16,
2 Shared Store st.shared.v4.u32 . e .
3 Global Load ld.global.v4.u32 Advantages and leltatlons

* Advantages: Eliminates the search space for data layout in tensor
scheduling, requiring only derivation.

¢ Limitations: Requires pre-conversion of data layout, which introduces1 1
conversion overhead.



Resolve the Limitation with Tile-Graph

( mma.sync.m16n8k16.row.col.f16.f16 J [ HFMA2 ]
A A 7'} 1
U — =3 T T T T —_
LO Mem I registerl l registerl l register I@l registerl I registerl
/'y A
— - —. -1-— === === - . —
\\ :
L1 Mem | smem l I smem | H
— T AN, VUSRI RPN
. \ 4
L2 Mem ’Global memory] [Global Memory] Global memory] [Global memoryl

(a, TEEERE TSN FERARETET FRERER

( mma.sync.m16n8k16.row.col.f16.f16 } [ mma.sync.m16n8k16.row.col.f16.f16 ]

4 A A A
— — e — . — s — — — —" ....... e + — . — e — — — ‘}
I registerl l registerl I registerl I registerl register register
A A
I smem l I smem I

5
Seo
.o
-

Al
[Global memory] IGIobaI Memory] [Global memoryl [Global Memory]

b, WHEEREF SHERENE FEATEERRIES

OSDI’23: Welder: High Performance Operator Fusion with Tile-Graph
Latency Hiding Method Based on Tile-Graph

] ( mma.sync.m16n8k16.row.col.f16.f16 ]

\ 4

—> ] [ HFMA2
A
0T T T —V
LO Mem | registerl | register |
deduced
L1 Mem layout
A\ 4

l register |

| register I

constant
folding

Constant Folding for Static Weights: Arrange weights during the
compilation phase to hide latency.

Forward Propagation of Data Layout Between Operators: The
preceding operator can process and write back data directly in the
layout expected by the subsequent operator during execution,
thereby avoiding additional data layout conversion operations
between the two operators.

Discussion: The performance Impact of introducing
Layout Transformation Fusion.



Why we need to introduce Layout Propagation?

Example of a Compute Flow

weight

1. The dimensions of the instructions
and computations do not align.

im2col

2. There are several peripheral dequant "
computations outside the core MMA propagate
instructions.

Deduced Layout Deduced Layout

3. Complex mapping relationships
introduced by nonlinear
transformations (dequant, group-
scale).

Deduced Layout
from Ladder

Im2col and dequant will transform the layout as well

The deduced layout should be able to propagate across different compute blocks'!




Methodology: Three different layout propagate modes

Case 1: Linear Transformation
Transpose as an example

lambda i, j: (i // 8 * 8 + j // 8 * 4 + i % 8
/]2, i%2%*8+7%8)

e l Propagate

lambda i, j: (j // 8 *8 +1i // 8 * 4 + 3 % 8

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
// 2, 3%2%*8+1i%8) :
|
|
|

Case 2: Compressed Transformation
Dequantize as an example

gweight  FLRZ NSNS N

weight | | | | |

lambda i, j: (i // 8 * 8 + j // 8 * 4 + i %
8 // 2, i%2%*8+7%8)

e l Propagate

lambda i, j: (i // 8 * 8 + 3 * 4 + i %8 //
2, i % 2)



Methodology: Three different layout propagate modes

Case 3: non-injective Transformation
Dequantize as an example

Group wise scaling
BitBLAS implements auto-layout propagation
rules based on three patterns.

lambda i, j: (i // 8 * 8 + j // 8 * 4 + i % 8
/]2, i%2%*8+7%8)

@ | ‘ Cannot Propagate

qweight



Resolve Conflict: Layout Auto Differentiation

Layout Conflict with correlative Buffers Resolve Conflict With CSE

Propagated Layout Conflict Add
B[, k1= B(f(j, k)) SIFG, k)] =ST, k] Conflict tTile A

I (oo

tTile A’ + tTile B

dequant e m e e e e e e e e e e e e e e e e e e mm— - = -
Layout Auto Differentiation

16

/]

=

16

F’ represents inverse transformation of Layout.

lambda i: (i // 16, i % 16) lambda i, j: i * 16 + j
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Latency-Oriented Optimization Search Policy

The abstraction enlarges the scheduling space for DNN computation and opens a new trade-off
between memory footprint efficiency and latency efficiency.

DNN Graph From LLAMA

Operators

A

Element-wise Mul

Lowered tTile-Graph /T ile-Operator A

| trite

v

MatMul

A

Operators

\tTile—Operator B

HFMA2 MMA.M16N8K16
Reg. Reg. Reg. Reg.
SMEM SMEM |
r 3 4k
GMEM GMEM » GMEM GMEM

N

Dequantize in REG: much compute
Y overhead and significant memory

— access saving.
| 5] —é g

Dequantize in SMEM: less compute
overhead and save memory access.

Constant
Weight

Dequantize in GMEM: minimal compute
overhead, but significant memory access.

When the storage of the system is sufficient, additional searches are made for the latency
overhead of performing type conversions at each stage and the configuration with the shortest
latency is selected
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Vectorized Dequantization with Weight Interleave

Conventional Dequantization Vectorized Dequantization

4b 4b 4b 4b 4b 4b 4b 4b [e0el[e2]e3[ea[e5[e6]e7 |

I 32bit - Sxintdb

intdb

Logic Inst.

int32

Magic Num m Magic Num m LOP3 e0| e2 | ed I e6 I el I e3 I e5 I e7 I

susz While it’s hard to be extended

into fewer bits

v
] 8xint32b or 8xintgh

Type Convert Instructions

float16

A 4

8xfloat16

Introducing a certain amount of computation can become a l °0 | o4 | °8 | °12 | N/Al NA l NA | NA | o | o5 l °9 l o1 | |

bottleneck in performance Especially on devices with fewer bits

BitBLAS: Chunk Level Interleave

CHUNK1 CHUNKS3
Who Says Elephants Can’t Run: CHUNKO CHUNK?2 c
Bringing Large Scale MoE Maodels into Cloud Scale Production >< o:st: nt
(0}
A\ 4 A 4
. _ fraction

__1)Sign exponent —15 CHUNKO CHUNK"1 CHUNK2 CHUNKS3
[( 1)59m « 2 }(1+ 1024 ) \

MAGIC Number ) -
=+~ fraction ' CHUNKO N/A CHUNK2 N/A Within
11024 1 (1 + W) = 1024 + fraction . Kernel
| Fast dequantize

For example, for number 3, we can add 1024 > 0x6400 | 0x0003

1024 * (1 + 3/ 1024) = 1024 +3
And to get float 3.0 > (1024 + 3) - 1024

Extension for BitBLAS To Support More Fewer Bits (1/2b to 8/16b)
And we also provide Other Fast Dequantize: FP8->FP16

|
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I
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and weaker compute cores (for example, cuda core on a100). I
I
[
[
|
I
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[
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A100

Fast Decoding Performance on A100 GPU

Normalize Speedup VS. cuBLAS-Wep16Arpr16
---- CuBLAS =& bitblas_Wep16Arpr16 [a3d BitBLAS-Naive [~ BitBLAS-Fast

Wep16AiNTa Wep16An2 WintsAinr2
s 5 o] 81 o]
b g
o . 77 o o]
4 b ) - — d 9
3 o q o 61 oo o
b q d 9
o 57 olo o0
b q d d o9
24 o 41 olo o o
b q d d o
o 37 oo o o
b q d o|o d o
1+ - of _ 21 oo o o
b q d o|o|o o q 9
o Tlololo| " Pood olofo|”
0 b 0 99 olo|o 9do
MO MO M1 M3




= Vicrosoft System Overview of Ladder/BitBLAS

Now integrated into vLLM, AutoGPTQ, ¢
EfficientQAT, HQQ!

Shipped to Ads team for BitNet deployment!*

Ladder System for end2end optimizations E BitBLAS
| . .
O PyTorch @ ONNX | Example Usage Runtime Kernel Library
I {
@ ! matmul_config = bitblas.MatmulConfig(
( ) : A_dtype="float16",
| DFG of tTile-Operator tType & tTile : W_dtype="int4",
1 ) : accum_dtype="float16",
( Scheduling ! out_dtype="float16", ...
on top of Welder(OSDI’23) and | Transformations ! )
< Roller((iSDl 22) o : Matmul = bitblas.matmul(matmul_config)
|
|
Code Generation I
o PTX/ISA Opt. ! Auto Tensorization
- o , Operator I:> L ion—)> CUDA |:> Executabl
! ayout Propataion Source xecutaple
|
7||A GPUAMDGPUModern- E Hardware aware Tuning
| Accelerators :
e o
|
|
|
|
|

Has been used for 1.58bits Model



Speedup vs. Welder

Speedup vs. Welder

= Microset End2End Performance of Ladder

A100 80G
I PyTorch-Inductor K1 TensorRT K VLLM-W,n14AFP16 Ladder-Wyr4Arp16 [ Ladder-WepgAgps K= Ladder-Wnr1Ainvs
E= ONNXRuntime BN vLLM = Ladder  — Ladder-WNF4AFp16 == Ladder-WMXFpgAMXFps
Bl 2 CE| @
9 2
3 1 == = 1
2 1
1 —
0 0 0 0
BS1 SEQ1 BS32 SEQ1 BS1 SEQ4096 BS1 SEQ1 BS32 SEQ1 BS1 SEQ4096
(a) LLAMA (b) BLOOM
Il PyTorch-Inductor X1 TensorRT [ Ladder-WepgAgps K1 AMOS BEEE Ladder WepgAgps [ Ladder-WnrsAinTs
@ ONNXRuntime O Ladder HEl Ladder-WyxrpsAmxrrs W TensorlR Ladder_W,NTlA,NT4 [ Ladder-Wnr4Ainta
gt gt
————f _— 25
8 a 8 a 1
2 o 2 o
s s
== — 0
BSL (¢)ResNet BS128 BS1 (q) ShuffleNet BS128 BS1 () Conformer BS128 BSL  (fviT BS128

- Wep1Arp1s: ~ 1.1x/1.1x avg. speedup over Welder/TensorRT
- W\14Arp16 (GPTQ) ™~ 2.3x avg. speedup over VLLM-W \14Arp16
- W nt1AinTs (BitNet): up to 8.8x speedup over Ladder- WepArp1 (0n BLOOM-176B-BS1SEQ1)
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Efficiency and Accuracy of Low-Precision LLMs

A100 80G

= 10 < ° Data Type
- 9 < O Wep16Arp16
4(\'1_: 8 v O  Wepg ram3Arpg Fam3 (PTQ)
x & WintaArpis (GPTQ)
v 7
= v A WhraArp1e (PTQ)
% 6 ‘ A T v Winr2Arp16-G64 (BitDistiller)
= 5 Model ‘ Al ° v < WinriArpie (OneBit)
S e LLAMA2-3B > WnrAnrs (BitNet-b1.58)

4 ]
1 o LLAMA2-7B o A O o
(a8 3 e LLAMA2-13B
o

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,cArpig
- Low-precision 7B models achieve better PPL and efficiencyover 3B on Wep,cArpig
- BitNet-b1.58-3B achieves better PPL with 1.8x speedup over Wep6Arp16 ON LLAMA2-3B
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Speedup vs CUBLAS-Wrp16Arpr16

0.8

0.6

0.4

0.2

Performance vs Hardware Peak FLOPS

Operator Performance of BitBLAS

Speedup of GEMV on A100 (Weight Quantize)

=
(<))
L

=
S
s

Jun
N
L

=
o
L

=== CUBLAS-Wrp16Arr16
I FasterTransformer-WnraArpi6

Vo

Speedup of GEMM on MI250

[TTTTTTTTTITITD

(8

Nl Te nSOrRTLLM—meAFple

EEl VLLM-Wnr4Arp16

[TTTTTTTTTTTTTN

---- Peak

BN rocBLAS N TensorlR

= Ladder

Mo

M2 M3
Shapes from LLM

M4

M5

V2

Speedup vs cuBLAS

OO Ladder-WinraArpi6

[TTTTTTTITTITITN

V3
Shapes from LLM

V4

== Mar[in—WleAFpls | Ladder-WFp4A;p16 = Ladder—WuvnA/NTs

V5

Speedup of GEMM on A100 and RTX 3090 (FP16)

---- cuBLAS
EZN CUTLASS-RTX3090

[X] AMOS-RTX3090 [aa]l Ladder-RTX3090
EZA TensorlR-RTX3090 EEN CUTLASS-A100

Shapes from LLM

[0 AMOS-A100 == Ladder-A100
E= TensorlR-A100
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System Performance Scaling Up

- == Ladder [ZX1 Ladder-W n»2Arpi6 =3 Ladder-W nm2Aints [ Ladder-WnmsAinta
B Ladder-WnrsArpis B Ladder-W ym1Arpi6 S Ladder-WyrAnTs EE Ladder-WynAnta
B Ladder-WyrsAnts [ Ladder-WyniAnre X3 Ladder-WinriAwra

—
Q
Q.
Q.
0]
=
=
N
>
£
)
=
[}

SpEEd up Vs. Ladder-Wep16Arpi6

MO M1 M2
(a) BS1 SEQ1 (b) BS1 SEQ4096
Decode: Memory Intensive Prefill Compute Intensive
Quantized kernels can benefit from Quantized kernels can benefit from more
reduced memory bandwidth usage. efficient hardware instructions.

- 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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System Performance Scaling Up

Scaling Speedup of BitNET INT8XINT1 on A100

16 1 ——— CUBLAS-Wep16Arp16 M2 —— M5 —0— M7 —&— M9 M11
—e— MO —— M3 M6 M8 M10  —+— M12
k= M1 —— M4

= - =
o N N
1 1 1

Speedup of vs CUBLAS-Wep16AFp16

M1 M16 M32 M64 M128 M256 M1024 M4096

Shapes from LLM

As the input size increases, matrix multiplication gradually converges into
a compute-intensive operator. The benefits of quantization shift from

memory reduction to improvements in computational efficiency.
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1.58Bits LLM

The Era of 1-bit LLMs:
All Large Language Models are in 1.58 Bits

@ouBWIONad

Shuming Ma* Hongyu Wang* Lingxiao Ma Lei Wang Wenhui Wang
Shaohan Huang LiDong Ruiping Wang Jilong Xue Furu Wei®
https://aka.ms/General AI

Pareto Improvement
____________ e e e i S e T o e e R A e s e e
BitNet b1.58 (This Work) : Transformer LLMs
{-1,0,1} 16-bit Float (FP16/BF16)
1 1 1 0.2961 -0.0495 .  -0.4765
w=| 0 . -1 - W= | 0:0413 0.2812 0.2403
2 L e O -0.1808 0.1304 .. -0.1771
C: FRFORNES | T | -0.4809 -0.1741 -0.3853

Cost

Related Work

T-MAC: Mixed-precision Computing on Edge Device

T-MAC: CPU Renaissance via Table Lookup
for Low-Bit LLM Deployment on Edge

Jianyu Wei*>* Shijie Cao3 Ting Cao3 Lingxiao Ma3 Lei Wang®3* Yanyong Zhang' Mao Yang3
USTC' UCAS?  Microsoft Research3

LUTensor: Mixed-precision Computing Hardware

LUT TENSOR CORE: Lookup Table Enables
Efficient Low-Bit LLM Inference Acceleratior

Zhiwen Mo%%* | Lei Wang?%*, Jianyu Wei%%*, Zhichen Zeng®°*, Shijie Cao®, Lingxiao Ma®
Naifeng Jing!, Ting Cao®, Jilong Xue®, Fan Yang®, Mao Yang®
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More info, reproduce, reach:

Thanks for watching

More detail, download: -1'_..- =

Aug 12, 2024



https://github.com/microsoft/BitBLAS

