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LINALG.PACK AND LINALG.UNPACK ARE USED FOR MEMORY LAYOUT
TRANSFORMATIONS

1 %matmul = linalg.matmul 1 %packed_lhs = linalg.pack %lhs ... inner_tiles = [2, 2]
2 ins(%lhs, %rhs : tensor<4x4xf32>, tensor<4x4xf32> 2 into %Llhs_dest : tensor<4x4xf32> -> tensor<2x2x2x2xf32>
3 TS TEES @ SEICETS ) -5 AR s 3 %packed_rhs = linalg.pack %rhs ... inner_tiles = [2, 2]
4 into %rhs_dest : tensor<4x4xf32> -> tensor<2x2x2x2xf32>
5 %packed_acc = linalg.pack %acc ... inner_tiles = [2, 2]
n- -.- 6 into %acc_dest : tensor<4x4xf32> -> tensor<2x2x2x2xf32>
n n.n 7 %mmt4d = linalg.mmt4d
X = 8 ins(%packed_lhs, %packed_rhs : tensor<2x2x2x2xf32>, ...)
nn- 9 outs(%acc_dt : tensor<2x2x2x2xf32>)
10 %unpack = linalg.unpack %mmt4d inner_tiles = [2, 2]
11 into %acc : tensor<2x2x2x2xf32> -> tensor<4x4xf32>

» Pack operands in a SIMD, cache-friendly layout

« Layouts dependent on target hardware

« Pack and unpack operations can be fused into
their producers and consumers




INTRODUCTION

WE FUSE LINALG.PACK AND LINALG.UNPACK WITH THEIR PRODUCERS
AND CONSUMERS TO HIDE THEIR LATENCIES

Entire computation graph Partitioned subgraphs

1 %elemwiseO = linalg.elementwise ... ins(%in®, %inl : tensor<128x128xf32>, ...) 1 %elemwisex = linalg.elementwise ... ins(%in®, %inl : tensor<128x128xf32>, ...)
2 outs(%elemwise_init0 : tensor<128x128xf32>) -> tensor<128x128xf32> 2 outs(%elemwise_init0® : tensor<128x128xf32>) -> tensor<128x128xf32>

3 %elemwisel = linalg.elementwise ... ins(%in2, %in3 : tensor<128x128xf32>, ...) 3 %packed_xhs = linalg.pack %elemwise® ... inner_tiles = [8, 1]

4 outs(%elemwise_initl : tensor<128x128xf32>) -> tensor<128x128xf32> 4 into %lhs_dest : tensor<128x128xf32> -> tensor<16x128x8x1xf32>

5 %packed_lhs = linalg.pack %elemwise® ... inner_tiles = [8, 1]

6 into %lhs_dest : tensor<128x128xf32> -> tensor<16x128x8x1xf32>

7 %packed_rhs = linalg.pack %elemwisel ... inner_tiles = [8, 1] T ) B b T

8 into %rhs_dest : tensor<128x128xf32> -> tensor<16x128x8x1xf32> 2 reEEnLile, FeesLe ¢ e A

¥ GUINEAE = Tl F)Ealftiti()r1 3 outs(%acc_dt : tensor<16x16x8x8xf32>)

10 ins(%packed_lhs, %packed_rhs : tensor<16x128x8x1xf32>, ...)

11 outs(%acc_dt : tensor<16x16x8x8xf32>)

12 %unpack = linalg.unpack %mmt4d inner_tiles = [8, 8] 1 %unpack = linalg.unpack %mmt4d inner_tiles = [8, 8]

13 into %acc : tensor<16x16x8x8xf32> -> tensor<128x128xf32> 2 into %acc : tensor<16x16x8x8xf32> -> tensor<128x128xf32>

14 %bias_add = linalg.elementwise ... ins(%unpack, %in4 : tensor<128x128xf32>, ...) 3 %bias_add = linalg.elementwise ... ins(%unpack, %in4 : tensor<128x128xf32>, ...)
15 outs(%elemwise_initl : tensor<128x128xf32>) -> tensor<128x128xf32> 4 outs(%elemwise_initl : tensor<128x128xf32>) -> tensor<128x128xf32>

B roofline 3



PACKED LAYOUT PROPAGATION

PACKING AND UNPACKING OPERATIONS CAN BE PROPAGATED THROUGH
OTHER OPERATIONS

) ) Extra pack
Before layout propagation After layout propagation operations!
1 %packed_inO = linalg.pack %in® ... inner_tiles = [8, 1]
1 %elemwise* = linalg.elementwise ... ins(%in®, %inl : tensor<128x128xf32>, ...) & Sl LIRS S I SRS P S IR 2 A LR i
2 outs(%elemwise_init@ : tensor<128x128xf32>) -> tensor<128x128xf32> & SEPRIEMERl A, S TUEEeRel Bl o oo HERLEENES S E, 4
S el oie = L. e e EmAeEs | Arermiles = 6L o 4 into %inl_dest : tensor<128x128xf32> -> tensor<l6x128x8x1xf32>
4 into %lhs_dest : tensor<128x128xf32> -> tensor<l6x128x8x1xf32> > %elemwisex = linalg.elementwise ...
6 ins(%packed_in0, %packed_inl : tensor<16x128x8x1xf32>, ...)
7 outs(%elemwise_init0® : tensor<16x128x8x1xf32>) -> tensor<16x128x8x1xf32>

Extra pack
operations!

%unpack = linalg.unpack %bias_add inner_tiles = [8, 8]

1 %packed_in4 = linalg.pack %in4 inner_tiles = [8, 8]

1 %unpack = linalg.unpack %mmtad inner_tiles = [8, 8] 2 into %acc4 : tensor<128x128xf32> -> tensor<16x16x8x8xf32>

2 into %acc : tensor<16x16x8x8xf32> -> tensor<128x128xf32> o OGRS oo

3 %bias_add = linalg.elementwise ... ins(%unpack, %in4 : tensor<128x128xf32>, ...) “ ins(¥%mmt4d, %packed_in4 : tensor<l6x16x8x8xf32>, ...)

4 outs(%elemwise initl : tensor<128x128xF32>) -> tensor<128x128xF32> 5 outs(%elemwise_initl : tensor<16x16x8x8xf32>) -> tensor<16x16x8x8xf32>
6
7

into %acc : tensor<16x16x8x8xf32> -> tensor<128x128xf32>
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METHODS AND IMPLEMENTATION

LINALG.PACK AND LINALG.UNPACK INNER TILE SIZES IMPOSE LOOP
TILE SIZE ALIGNMENT OF THEIR PRODUCERS AND CONSUMERS

tile size = inner tile size = 4 5 = tile size = inner tile size = 4

HEEE EEE
| ) !
I

§ Extract result slice

B
EE -
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PACKING HAS PADDING SEMANTICS, UNPACKING IS ABLE TO REVERT

THIS PADDING

« Packing has padding semantics
« Unpacking has “unpadding” semantics.

« Masks can be avoided for operandsin the
packed layouts (e.g., mmt4d)!

« Packing and unpacking transform operands
between packed and unpacked layouts:

« Qutput & input operands of packing &
unpacking can be unmasked!

B roofline

1 // Packed dimension 127 is padded to 16 * 8 = 128!

2 %packed_xhs = linalg.pack %elemwise0® ...

3 padding_value(%cO® : f32) inner_tiles = [8, 1]

4 into %Llhs_dest : tensor<127x127xf32> -> tensor<16x127x8x1xf32>
5 %unpack = linalg.unpack %mmt4d inner_tiles = [8, 8]

6 into %acc : tensor<16x16x8x8xf32> -> tensor<127x127xf32>




OPERANDS IN PACKED LAYOUTS

« For unaligned problem sizes, masks will be
necessary on boundaries of packed layouts.

« Propagation helps bring operations into
packed layouts.

« Peeling can also be applied for remainder
loops.
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CAN AVOID EXPENSIVE MASKING
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%mmt4dv = vector.transfer_read %mmt4d_slice ...
tensor<2x1x8x8xf32>, vector<2x1x8x8xf32>
%transpose = vector.transpose %mmt4dv, [1, 2, 0, 3]
vector<2x1x8x8xf32> to vector<lx8x2x8xf32>
%cast = vector.shape_cast %transpose : vector<ix8x2x8xf32> to vector<8x1lé6xf32>
%maskedwrite = vector.mask %maskw {
vector.transfer_write %cast, . tensor<?x?xf32>, vector<8x1lé6xf32>
} : vector<8x16xil> -> tensor<?x?xf32>
// Vectorized elementwise ... No store-to-load forwarding due to mask!
// Results have to be written to and read from an intermediate buffer!
%unpackv = vector.mask %maskr {
vector.transfer_read %maskedwrite ... : tensor<?x?xf32>, vector<8xlé6xf32>
} : vector<8x16xil> -> vector<8x16xf32>




DISCUSSION

LINALG.PACK AND LINALG.UNPACK CANNOT REPRESENT ARBITRARY

LAYOUT TRANSFORMATIONS

Current packing scheme does not support 2x2

block of 2x2 tiles

VO ® N o U N W N R
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%packed_lhs = linalg.

into %lhs_dest :

%packed_rhs = linalg.

into %rhs_dest :

%packed_acc = linalg.

into %acc_dest :

%mmtad = linalg.mmtad
ins(%packed_lhs, %packed_rhs :

outs(%packed_acc

pack %lhs ...
tensor<128x128xbf1l6> -> tensor<32x32x4x4xbflé>
pack %rhs ...

pack %acc ...

inner_tiles

inner_tiles

inner_tiles

: tensor<32x32x4x4xf32>)

= [4, 4]

= [4, 4]

tensor<128x128xbfl6> -> tensor<32x32x8x4xbfl6>

= [4, 4]

tensor<128x128xf32> -> tensor<32x32x4x4xf32>

tensor<32x32x4x4xbf16>, ...)

%unpack = linalg.unpack %mmt4d inner_tiles = [4, 4]

into %acc : tensor<32x32x4x4xf32> -> tensor<128x128xf32>

%rhsl = vector
// Shape casts

OV 00 N 00 O N NN

%Lhs@ = vector.
%Lhsl = vector.

%rhs@ = vector.

%res00 = arm_neon.
%res@1 = arm_neon.
%resl0 = arm_neon.

%resll = arm_neon.

extract %lhs ...
extract %rhs ...

seXERactE R RSN

extract %lhs ...

vector<2x4xbf1é6>
vector<2x4xbhflé6>
vector<2x4xbf1lé6>
vector<2x4xbfl6>

from 2x4xbflé -> 8xbflé omitted!

from
from
from

from

intr.bfmmla %accB0, %lhs®, %rhsd :
intr.bfmmla %acc0l, %Llhs®, %rhsil :
intr.bfmmla %accl®, %lhsl, %rhs@ :
intr.bfmmla %accll, %lhsl, %rhsl :

vector<8x4xbf1é6>
vector<8x4xhfl6>
vector<8x4xbflé6>
vector<8x4xbflé>

vector<8xbflé6> to
vector<8xbfl6> to
vector<8xbfl6> to
vector<8xbflé> to

vector<4xf32>
vector<4xf32>
vector<4xf32>

vector<4xf32>
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unrolling factor = 2

vector<2x4xbf16>

vector<4x2xbf16>
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BFMMLA kernel unrolled twice on each parallel
dimension

unrolling factor = 2

II|III|IIIIII

e

—_

IIIHIIIIIE%IIIIIIIIIIII:III
\ 4

vector<2x2xf32>

-
-

— —_
» o



RESULTS

WE SEE LATENCY DECREASES UP TO 92% WHEN RUNNING FULL

MODELS
D
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I Naive Blocked Matmul
" Packed/Data-tiled
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Oneshot latency in ms

SmolLM2-135M SmolVLM- Qwen2.5- Llama-3.2- DeepSeek-R1-
256M-Instruct Coder-0.5B 3B-Instruct Distill-Qwen-1.5B
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PACK AND UNPACK MAKE MEMORY ACCESSES VERY EFFICIENT,

BUT THEY COME AT A COST

« Fuse packing and unpacking operators
with their producers and consumers to
hide their latencies

« Constant-evaluate them when possible

« Align loop tile sizes of producers and
consumers to the packed layouts

- Propagate packed layouts when
profitable

Eroofline

Explore data tiling for other kernels like
convolutions

Representing arbitrary layouts and code
generation with them

« |IREE already supports this through
special operations!

Proper cost model for packed layout
propagation profitability
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