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Supporting Low—Precision DNN Computing
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Supporting Low—Precision DNN Computing

Matrix multiplication: C[M, N]J@FP16=A[M, K]@FP16 X B[N, K]@FP8, M=2, N=2, K=4
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Insights
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LADDER Design

1 tTile Abstraction
2 tTile Transformation

e 3 Hardward—Aware tTile—Graph Schedul ing
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tTile Abstraction

tType

Class tType {

Ti leShape shape;

size_t

struct metadata;

map<Ti leType,

}s

c_func> ¢ Types;
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tTile Abstraction

tType tTile
Class tType { Class tTile {
Ti leShape shape; TileShape shape;
size_t nElembits; tType
struct metadata; struct metadata;
map<Ti leType, c_func> c_Types; };
};
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tTile Abstraction

tType tTile tTi le—Operator

Class tType { Class tTile { Class tTile—Operator {

Ti leShape shape; TileShape shape; TensorExpr expr;

size_t nElembits; tType type; TileShape

struct metadata; struct metadata; vector<tTile> get input tTiles();

map<TileType, c¢_func> c_Types; }; vector<tTile> get output tTiles();
}; void compute() ;
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tTile Abstraction

tType tTile tTi le—Operator

Class tType { Class tTile { Class tTile—Operator {

Ti leShape shape; TileShape shape; TensorExpr expr;

size_t nElembits; tType type; Ti leShape shape;

struct metadata; struct metadata; vector<tTile> get_input_tTiles();

map<TileType, c_func> c_Types; }; vector<tTile> get_ output_tTiles();
}: void compute () ;

};

B
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[ ], k] @NF4) @FP32) @FP32) @FP16), M=32, N=32, K=63
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tTile Graph
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tTi le—based Hardware Abstraction
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tTi le—based Hardware Abstraction
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tTi le—based Hardware Abstraction

LADDERIGHEF IR R N—PHZ ELTi letmiABIZEH, tTile—device,
B—ErgERFELREITERT:

1. BHEKBE—MFENERNRIRK IR, FTRAtTI e,

2. STNBVFENEFERtType Rz
TELANVIDIA A1007945):

_ FP16 Core MMA3ES:
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tTile Transformation

tTileslice (tTile_input, index, shape, out_shape) ;
tTi lemap (tTile_input, map_func) ;

tTi lepad (tTile_input, pad_shape, pad_value) ;

tTi leconvert (tTile_input, new_tType) ;

Slice

Slice [R1& M tTile_input AYMIMEZR S| I —4HFIKA shape BITTE, FHIGFEHIEAFM tTile 1&El, #h
tTile BIFZAR A out_shape. Slice RIBBER TR RHEIESHR (tiling) .

 Map

Map [HiE &34 tTile T EWHS.
 Pad

Pad [RiE 7£ tTile_input BB MAR LIEF pad_value, EFRAIFIKE pad_shape FETE -
 GConvert

Convert JR1E ¥ tTile input HY tType 3 AR TEBI new tTypeo



Hardware—AwaretT i |l e—-GraphSchedul i ng

Algorithm 1: Hint-based layer-wise scheduling mA . ﬁﬁ(%t'r i e—graphﬂgDNN*;ggg*utT ile device

Data: g: rTile-graph; D: tTile-device
Result: g, : scheduled ¢Tile-graph
1 Function GetDeviceHini(g, D):

2 D = SelectDeviceConfig(g, D);
3 HintShape = None, HintGranularity = None;
4 for layer € D.layers do
5 | HintGranularity = LCM(HintGranularity, layer.tTile.type);
6 for layer € D.layers do
7 layer.tTile = convert(layer.rTile, HintGranularity);
8 HintShape = LCM(HintShape, layer.rTile.shape);
9 for layer € D.layers do
10 | layer.rTile.shape = HintShape;
11 return D;
12 Function ScheduleTransform(op,D,l;;):
13 tTile, = op.tTile[l;4-1];
14 Tile; = op.rTile[l;4];
15 ScheduleSlice(¢Tile;, rTiley,);
16 if LCM(tTile,.shape, Tiley.shape) # tTile;.shape then
17 | SchedulePad(¢Tile;, fTiley,, D);
18 if tTile;.type # tTiley.type then
19 | ScheduleConvert(¢Tile;, ¢Tiley,, D);
20 if nBits(tTiley.shape[-1]) # nBits(D.layers{1;4].shape[-1]) then
21 | ScheduleMap(¢Tile;, Tiley, D);
22 return op.transform(l;z-11;
23 Function ScheduleConnectedGraph(g, D):
24 D = GetDeviceHint(g, D);
25 for l;g in length(D.layers) do
26 for op € g[l;;] do
27 op.tTile[l;z] = ScheduleTiling(op,D,liz);
28 if /;; > O then
29 | op.transform[l;y] = ScheduleTransform(op,D,l;z);
30 g = ProfileAndSelect(g);
31 return g;
32 Function Schedule(g,D):
33 g = ExtractConnectedGraph(g, D);
34 for g.onm € g do
35 | 2conn = ScheduleConnectedGraph(g.onn, D);
36 return g;
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Algorithm 1: Hint-based layer-wise scheduling mA . ﬁﬁ(%t'r i e—graphﬂgDNN*;ggg*utT ile device

Data: g: rTile-graph; D: tTile-device
Result: g, : scheduled ¢Tile-graph

1 Function GetDeviceHini(g, D):
D = SelectDeviceConfig(g, D);
HintShape = None, HintGranularity = None;
for layer € D.layers do

| HintGranularity = LCM(HintGranularity, layer.tTile.type);
for layer € D.layers do

layer.tTile = convert(layer.rTile, HintGranularity);
HintShape = LCM(HintShape, layer.rTile.shape);

for layer € D.layers do

| layer.rTile.shape = HintShape;
return D;
unction ScheduleTransform(op,D,l;g):
tTile, = op.tTile[l;4-1];
Tile; = op.rTile[l;4];
ScheduleSlice(¢Tile;, rTiley,);
if LCM(tTile,.shape, Tiley.shape) # tTile;.shape then

| SchedulePad(¢Tile;, fTiley,, D);
if tTile;.type # tTiley.type then

| ScheduleConvert(¢Tile;, ¢Tiley,, D);
if nBits(tTiley.shape[-1]) # nBits(D.layers{1;4].shape[-1]) then

| ScheduleMap(¢Tile;, Tiley, D);
return op.transform(l;z-11;
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unction ScheduleConnectedGraph(g, D):
D = GetDeviceHint(g, D);
for l;g in length(D.layers) do
for op € g[l;;] do
op.tTile[l;z] = ScheduleTiling(op,D,liz);
if /;; > O then
| op.transform[l;y] = ScheduleTransform(op,D,l;z);

g = ProfileAndSelect(g);
return g;
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unction Schedule(g,D):
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¢ = ExtractConnectedGraph(g, D); Begm AgconnFE, BN FRIMNEIKERNFEMEtTileZECore, BIFLER

for g.onm € g do
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Algorithm 1: Hint-based layer-wise scheduling mA . %ﬁ(%t'r i e—graphﬂgDNN*;ggg*utT ile device

Data: g: (Tile-graph; D: tTile-device
Result: g,,.,: scheduled ¢Tile-graph
1 Function GetDeviceHini(g, D):

D = SelectDeviceConfig(g, D); i
HintShape = None, HintGranularity = None; -L—'—E_Dev | ce H | n-t .

for layer € D.layers do

| HintGranularity = LCM(HintGranularity, layer.tTile.type); J‘\SE_ T:ZF Co re ( tt yu 1j'|:"5‘-c F P 1 6 )

for layer € D.layers do

layer.rTile = convert(layer.rTile, HintGranularity); iéiiﬁai IJ\/A{.EL %1& (LCM) ;E-i—l—_"%:H | n-tG ranu I ar | -ty

HintShape = LCM(HintShape, layer.rTile.shape);

for layer € D.layers do 5%1%‘&%}%%&*%1#% ) #HﬁﬂLCM;Ei-l_%H I ntShape

| layer.rTile.shape = HintShape;
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return D;

unction ScheduleTransform(op,D,l;g):

tTile, = op.tTile[l;4-1];

Tile; = op.rTile[l;4];

ScheduleSlice(¢Tile;, rTiley,);

if LCM(tTile,.shape, Tiley.shape) # tTile;.shape then
| SchedulePad(¢Tile;, fTiley,, D);

if tTile;.type # tTiley.type then
| ScheduleConvert(¢Tile;, ¢Tiley,, D);

if nBits(tTiley.shape[-1]) # nBits(D.layers{1;4].shape[-1]) then
| ScheduleMap(¢Tile;, Tiley, D);

return op.transform(l;z-11;
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unction ScheduleConnectedGraph(g, D):
D = GetDeviceHint(g, D);
for l;g in length(D.layers) do
for op € g[l;;] do
op.tTile[l;z] = ScheduleTiling(op,D,liz);
if /;; > O then
| op.transform[l;y] = ScheduleTransform(op,D,l;z);

g = ProfileAndSelect(g);
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Algorithm 1: Hint-based layer-wise scheduling

Data: g: (Tile-graph; D: tTile-device
Result: g,,.,: scheduled ¢Tile-graph

1
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Function GetDeviceHini(g, D):
D = SelectDeviceConfig(g, D);
HintShape = None, HintGranularity = None;
for layer € D.layers do
| HintGranularity = LCM(HintGranularity, layer.tTile.type);
for layer € D.layers do
layer.tTile = convert(layer.rTile, HintGranularity);
HintShape = LCM(HintShape, layer.rTile.shape);
for layer € D.layers do
| layer.rTile.shape = HintShape;
return D;

HIN: TRinAtTile—graphBIDNN4EBIgFItTile device

It&EDevice Hint:

i%#ECore (LLUALLSEFP16)

BT s/ NAEEH (LOM) KitEHintGranularity
MIRE R HIEXITT, HEBIELOMKITEHintShape

%) W e e e e e =
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Function ScheduleTransform(op,D,l;y):

tTile, = op.tTile[l;4-1];

Tile; = op.rTile[l;4];

ScheduleSlice(¢Tile;, rTiley,);

if LCM(tTile,.shape, Tiley.shape) # tTile;.shape then
| SchedulePad(¢Tile;, fTiley,, D);

if tTile;.type # tTiley.type then
| ScheduleConvert(¢Tile;, ¢Tiley,, D);

if nBits(tTiley.shape[-1]) # nBits(D.layers{1;4].shape[-1]) then
| ScheduleMap(¢Tile;, Tiley, D);

return op.transform [1,2- 11;

MINE Fop, Device hint D, HE[ZEIid
i HEEVEERItTile Transformation
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Function ScheduleConnectedGraph(g, D):
D = GetDeviceHint(g, D);
for l;g in length(D.layers) do
for op € g[l;;] do
op.tTile[l;z] = ScheduleTiling(op,D,liz);
if /;; > O then
| op.transform[l;y] = ScheduleTransform(op,D,l;z);

g = ProfileAndSelect(g);
return g;

w W o W
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Function Schedule(g,D):
g = ExtractConnectedGraph(g, D);
for g.onm € g do
| 2conn = ScheduleConnectedGraph(g.onn, D);
return g;

ey HegconnFE, BN FENRIEERFEME LTI leCore, BIFLER
FERIFIKE. AJgEm—MtTile—0PZ—2HAJEH S HYLTi le—0P




Hardware—AwaretT i |l e—-GraphSchedul i ng

Algorithm 1: Hint-based layer-wise scheduling

Data: g: rTile-graph; D: tTile-device
Result: g,,.,: scheduled ¢Tile-graph
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Function GetDeviceHini(g, D):
D = SelectDeviceConfig(g, D);
HintShape = None, HintGranularity = None;
for layer € D.layers do
| HintGranularity = LCM(HintGranularity, layer.tTile.type);
for layer € D.layers do
layer.tTile = convert(layer.rTile, HintGranularity);
HintShape = LCM(HintShape, layer.rTile.shape);
for layer € D.layers do
| layer.rTile.shape = HintShape;
return D;
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It&EDevice Hint:
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Function ScheduleTransform(op,D,l;y):

tTile, = op.tTile[l;4-1];

Tile; = op.rTile[l;4];

ScheduleSlice(¢Tile;, rTiley,);

if LCM(tTile,.shape, Tiley.shape) # tTile;.shape then
| SchedulePad(¢Tile;, fTiley,, D);

if tTile;.type # tTiley.type then
| ScheduleConvert(¢Tile;, ¢Tiley,, D);

if nBits(tTiley.shape[-1]) # nBits(D.layers{1;4].shape[-1]) then
| ScheduleMap(¢Tile;, Tiley, D);

return op.transform [1,2- 11;
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Function ScheduleConnectedGraph(g, D):
D = GetDeviceHint(g, D);
for l;g in length(D.layers) do
for op € g[l;;] do
op.tTile[l;z] = ScheduleTiling(op,D,liz);
if /;; > O then
| op.transform[l;y] = ScheduleTransform(op,D,l;z);

g = ProfileAndSelect(g);
return g;
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Function Schedule(g,D):
g = ExtractConnectedGraph(g, D);
for g.onm € g do
| 2conn = ScheduleConnectedGraph(g.onn, D);
return g;

ey HegconnFE, BN FENRIEERFEME LTI leCore, BIFLER
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Example

H#r: A[32, 63]@FP16 AYMMA
C=compute ((M,N), lambda i, j: (sum ((A[i, k]@FP16*:[ ], k] @NF4) @FP32) @FP32) @FP16) .
M=32. N=32, K=63

tTile: [16, 16]@F16 HintGranularity: |dmatrix{EFHAI16B

=

Transaction: 16B
tTile: [16,2]@16B

LO
Reg
L1
Shared
Memor

L2 Transaction: 32B
Global Memory tTile: [32]@1B

Transaction: 32*4B
tTile: [32]@4B

tTile—device for NVIDIA A100 11 EDevice Hint



Example

H#r: A[32, 63]@FP16 AYMMA
C=compute ((M,N), lambda i, j: (sum ((A[i, k]@FP16*:[ ], k] @NF4) @FP32) @FP32) @FP16) .
M=32. N=32, K=63

* tTile: [16.16]@F16 HintGranularity: |dmatrix{§FH716B
Lo Transaction: 16B HintShape:
Reg tTile: [16,2]@16B HEBEFRRESL L2/ Transact i on&BEEXT 55
ok LCM (128, )=128B
. Tr?nsact|on. 32%4B innerdim = 128B/16B = 8
Shared tTile: [32]@4B e s _
Memor outerdim = 16*¥16*%2B(FP16) / 128B = 4
L2 Transaction: e . S e
slobal terory NEEETTISRIEVTAT BB T[4, 8] B E ELRIEE J168

tTile—device for NVIDIA A100 11 EDevice Hint



Example

H#r: A[32, 63]@FP16 #A AIMMA
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B) TensorZc/\: 63%4bit*32 = 10088
Hint size = 512B
* tTile: [16, 16]@F16 sliceB: [16, 63]@NF4
padB: [16, 64]@NF4

Transaction: 16B
tTile: [16,2]@16B
Reg ile: | ] B (0, 0-62)

Transaction: 32*%4B B(1, 0-62)
tTile: [32]@4B L

B (31, 0-62)

L2 Transaction: 32B

Global Memory tTile: [32] @1B 63*%4bit= 252B #E”EXTJ'%

tTile—device for NVIDIA A100 B[32, 63]@NF4



Example

H#r: A[32, 63]@FP16 #A AIMMA
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B) TensorkiJ\: 63*4bit*32 = 1008B
Hint size = 512B
* tTile: [16, 16]@F16 sliceB: [16, 63]@NF4
padB: [16, 64]@NF4
Transaction: 16B
= tTile: [16, 2]@16B
Ree I B (0, 0-62)
Transaction: 32*%4B . B (1, 0-62)
B (31, 0-62) |
L2 Tr?nsaction: 32B Ipad

tTile—device for NVIDIA A100 B[32, 63]@NF4



Example

H#r: A[32, 63]@FP16 #A AIMMA
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B)
Tensor AX/)v: 64*%4bit*16 = 512B

o Hint size = 512B
* tTile: [16, 16]@F16 NF4 == FP16
Transaction: 16B convertB: [16, 64]@FP16
tTile: [16,2]@16B
Reg ile: | ] B (0, 0-63)
Transaction: 32*%4B B(1, 0-63)
tTile: [32]@4B -
B (15, 0-63)
L2 Transaction: 32B
Global Memory tTile: [32]@1B 64*%4bit= 32B

tTile—device for NVIDIA A100 B[16, 64]1@NF4




Example
B¥r: A[32, 63]@FP16 #0 AIMMA

C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[ ], k] @NF4) @FP32) @FP32) @FP16),

M=32, N=32, K=63
Device Hint: [4,8]@16B (size: 512B)

* tTile: [16, 16]@F16
Transaction: 16B
LO _
Reg tTile: [16,2]@16B

Transaction: 32*4B
tTile: [32]@4B

L2 Transaction: 32B
Global Memory tTile: [32]@1B

tTile—device for NVIDIA A100

Tensor K/J\: 64*%16bit*16 = 2048B
Hint size = 512B

B (0, 0-63)
B (1, 0-63)

B (15, 0-63)

64%16bit= 128B
B[16, 64]@FP16



Example
B¥r: A[32, 63]@FP16 #0 AIMMA

C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[ ], k] @NF4) @FP32) @FP32) @FP16),

M=32, N=32, K=63
Device Hint: [4,8]@16B (size: 512B)

tTile: [16, 16]@F16
Transaction: 16B
LO .
Reg tTile: [16, 2]@16B
L1 Transaction: 32*4B
Shared tTile: [32]@4B
Memory
W
Global Memory

tTile—device for NVIDIA A100

=

Transaction: 32B
tTile: [32]@1B

Tensor K/J\: 64*%16bit*16 = 2048B
Hint size = 512B

B (0, 0-63)
B (1, 0-63)

B (15, 0-63)

64%16bit= 128B
B[16, 64]@FP16



Example

H#r: A[32, 63]@FP16 #A AIMMA
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B)

Tensor AX/]v: 64*%16bit*16 = 2048B

. Hint size = 512B

Tile: [16, 16]@F1 L .
tTile: L16,16]€F16 napB: [16, 641GFP16 (IE{EL14 R8T TE)

Transaction: 16B
tTile: [16,2]@16B
Reg ile: [ ] B (0, 0-63)

L1 Transaction: 32%4B B (1, 0-63)
shared tTile: [32]@4B -
Memory

L2

Global Memory

tTile—device for NVIDIA A100 B[16, 64]@FP16

=

B (15, 0-63)

Transaction: 32B
tTile: [32]@1B

64*16bit= 128B




Example

B#r: A[32, 63]@FP16 #A
C=compute ((M,N),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B)

tTile: [16, 16]@F16

=

Transaction: 16B
tTile: [16, 2]@16B

LO
Reg

HIMMA
lambda i, j: (sum((A[i, k]@FP16*:[j, k]@NF4) @FP32) @FP32) @FP16),

B (0, 0-15)

B(1, 0-15)

B (2, 0-15)

B (3, 0-15)

B (4, 0-15)

B (5, 0-15)

B (6, 0-15)

B (7, 0-15)

B (8, 0-15)

B (9, 0-15)

B(10, 0-15)

B(11, 0-15)

B(12, 0-15)

B(13, 0-15)

B (14, 0-15)

B(15, 0-15)

Transaction: 32*%4B
tTile: [32]@4B

L1
Shared
Memory

B (0, 0-63)

Transaction: 32B
tTile: [32]@1B

L2
Global Memory

tTile—device for NVIDIA A100

B (1, 0-63)

B (15, 0-63)

64%16bit= 128B
B[16, 64]@FP16




Example

B#r: A[32, 63]@FP16 #A
C=compute ((M,N),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B)

HIMMA

tTile: [16, 16]@F16

=

Transaction: 16B
tTile: [16, 2]@16B

LO
Reg
L1
Shared
Memory
W
Global Memory

tTile—device for NVIDIA A100

Transaction: 32*%4B
tTile: [32]@4B

Transaction: 32B
tTile: [32]@1B

target tTile:

lambda i, j: (sum ((A[i, k]@FP16*:[ j, k] @NF4) @FP32) @FP32) @FP16),

[16, 16]@FP16 or [16,2]@16B

sliceB:[4, 64]@FP16->[16, 16]@FP16

B (0, 0-15)

B(1, 0-15)

B (2, 0-15)

B (3, 0-15)

B (4, 0-15)

B (5, 0-15)

B (6, 0-15)

B (7, 0-15)

B (8, 0-15)

B (9, 0-15)

B(10, 0-15)

B(11, 0-15)

B(12, 0-15)

B (13, 0-15)

B (14, 0-15)

B(15, 0-15)

64*16bit= 128B

B[4, 64]@FP16




Example

B¥r: A[32, 63]@FP16 #0 AIMMA

C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),

M=32, N=32, K=63
Device Hint: [4,8]@16B (size: 512B)

tTile: [16, 16]@F16

Transaction: 16B
LO _
Reg tTile: [16, 2]@16B

=

B (0, 0-15)
B(1, 0-15)

B (15, 0-15)

16*¥16bit=32B

L1 Transaction: 32*%4B
Shared
Memory

B (0, 0-15)

B(1,0-15) | B(2, 0-15)

B (3, 0-15)

B (4, 0-15)

B (5,0-15) [ B(6, 0-15)

B (7, 0-15)

B (8, 0-15)

B (9, 0-15) |B(10, 0—-15)

B(11, 0-15)

Transaction: 32B
tTile: [32]@1B

tTile: [32]@4B
W
Global Memory

tTile—device for NVIDIA A100

B(12, 0-15)

B(13,0-15)|B (14, 0-15)

B(15, 0-15)

64%16bit= 128B
B[4, 64]@FP16




Example

H#r: A[32, 63]@FP16 #A AIMMA
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),
M=32, N=32, K=63

B (0, 0-15)

Device Hint: [4,8]@16B (size: 512B) B(1. 0-15)

* tTile: [16,16]@F16 B (15, 0-15)

i Tr?nsaction: 16B 16%16bit=32B

Reg tTile: [16,2]@16B

B(0,0-15) | B(1,0-15) | B(2, 0-15) [ B(3, 0-15)
L1 Transaction: 32*4B B(4,0-15) [ B(5,0-15) | B(6,0-15) | B(7, 0-15)
Shared tTile: [32]@4B B (8, 0-15) | B(9, 0-15) |B(10, 0-15)|B(11, 0-15)

Memor

B(12,0-15) [B(13, 0-15) |B(14, 0-15) |B(15, 0-15)

L2 Transaction: 32B

Global Memory tTile: [32]@1B 64*%16bit= 128B

tTile—device for NVIDIA A100 B[4, 64]@FP16




Example

H#r: A[32, 63]@FP16 #A AIMMA
C=compute ((M,N), lambda i, j: (sum((A[i, k]@FP16*:[j, k] @NF4) @FP32) @FP32) @FP16),
M=32, N=32, K=63

Device Hint: [4,8]@16B (size: 512B)
iH ANTensor Coreit1TizE

' . ﬂgﬁﬁﬁgﬁﬁh
* tTile: [16,16]6F16 convertC: [16, 16]@FP32

Transaction: 16B

LO

tTile: |16, 2]@16B
Reg ile: [16, 2] B (0, 0-15) ¢ (0, 0-15)
L1 Transaction: 32*4B B(1,0-15) athu| c(1, 0-15)

Shared tTile: [32]@4B

Memor Convert

Transaction: 32B B(15, 0-15) C (15, 0-15)
Global Memory tTile: [32]@1B P ——

tTile—device for NVIDIA A100 B[16, 16]@FP16 C[16, 16]@FP32




Imp | ementation

LADDERELF TVM / Welder / Roller=IRT{ESCIN, I EEE. IEFrERIELRE,

4 )

tTile based

pytorch
program

hardware file code for

+new dtype

\ LADDER y

target

+new dtype accelerator

Welder: imZlimEiik, MMEFREE, HNEFESEER
Roller: tTileBl EBTHEZE
TW: RZBEES/REAER (LOP3HLILER)

S #ENVIDIA CUDA GPUFIAMD ROCm GPU

FARMT : FFAE2 n#dEAA3-bit, PTXFESITHI, low bitiEIMLILEE



LLM Inference

DNN Inference

Evaluation: End—to—end result on A100

---- Welder EE ONNXRuntime BN vLLM B Ladder = Ladder-WNF4A,cp16 ] Ladder-WMXFpgAMXFpg
E | PyTorch-Inductor X1 TensorRT B VLLM-Wyr4Arpi6 = Ladder-W,NT4AFp15 = Ladder-prgAFpg A Ladder-W,NTlA,Nrg
©
o1
> 1 5|
g :
Q 4 I
] 3
g % S
8. : - 0
n BS1 SEQ1 BS32 SEQ1 BS1 SEQ4096 BS1 SEQ1 BS32 SEQ1 BS1 SEQ4096
(a) LLAMA (b) BLOOM

WeFP16 / A@FP16: 1.1x/1.1x avg. speedup over Welder/TensorRT
W@INT4 / A@FP16(GPTQ): 2.3x avg. speedup over vLLM
W@INT1 / A@INT8 (BitNet): up to 8.8x speedup

---- Welder @@ ONNXRuntime [N AMOS IBEd Ladder I Ladder-WyxepsAmxers Ladder-WnraAnts
B PyTorch-Inductor XTI TensorRT EES TensorlR 1 Ladder-WepgArpsg BE® Ladder-WinriAnra [ 39 Ladder-Wnr4Amns

AMOS Mot Suppor]
AMOS Mot Suppor]

o
2 £
3 Q
n o
=3
Q n
>3
8z
= x
< F

e}
wn
=
N
oo

Speedup vs. Welder

BS1 (e) BS128 BS1 (f) ViT

BSL (c)ResNet BS128

Conformer

WeFP16 / A@FP16: 1.4x/1.7x avg. speedup over Welder/TensorRT
Enable low—precision DNN computing with up to 3x speedup over Ladder— W@FP16 / A@FP16



Evaluation — Scaling Bit Width

—-——— Ladder-WFp]_ﬁAFplﬁ NT Ladder-WINTzAFp]_ﬁ Lanl Ladder—W,NmA,NTg — Ladder—W,uNmA,Nm
Ladder-W,NTgAFpls RN Ladder-W,NnAFpls WAV Ladder-W,NTzA,NTB = Ladder-W,NTgA,Nm

.
HHd Ladder-W[NT4AFp15 2 Ladder-W,NTgA,Nrg / Ladder-W,NnA,Nrg N Ladder-W,uNTlA,Nm

Speedu p Vs. Ladder-Wep16Arri6

(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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