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Trend: Training Cost for Frontier Model Grows

Training compute (FLOP)
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To support AI Growth, we need 5x Computing Power Per Year!
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Trend: Inference Cost Growth
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30x Longer Context per year -> Inference Cost!
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Background: Demand and Supply Analysis

What We Need

l Training compute Confident

5 x/year

Training compute for frontier language models
has been growing by 5x since 2020.

90% confidence interval: 4x to 6x. @

Claude Co

I LLM context windows Confident

30 x/year

LLM context windows have grown by 30x
since 2023.

90% confidence interval: 10x to 50x. @

de v2.1.1

L

What We Have

Compute stock growth Likely

23 x/year

The total computing power of the stock of
NVIDIA chips is growing by 2.3x.

90% confidence interval: 2.2x to 2.5x. @

Quota Limits
everywhere!

We are short of computing power

Data from Epoch.AI



Background: Throughput/Area Growth Slows Down

3
15% better in 3 years!
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Throughput density Grows Slow -- Need Clever Architecture for Use them
Data from Epoch.AI !




Compute Utilization (%)

Challenge: Under-Utilization in Single-batch LLM Inference

Prefilling (H100) Large Context Decoding (H100) ~19%
100 4 == Attn QK"T r——— e es——— revec— — 100 m— Attn QK”T
m— Attn AV m— Attn AV
—— FFN Expansion | = FFN Expansion
—— FFN Projection | + FFN Projection
801 801
o > N 4> % 60 \
‘ ém = 5 “rt X —ct
S

AT 4 20 L/
Close-to-Square Regular GEMM short-and-wide GEMM
. B — ' :

6 8 10 12 14 16 6 8 10 12 14 16
2 2 2 2 2 2 2 2 2 2 2 2
Context Length (S) Context Length / KV Cache Size (S)

Reason of low utilization:
Diverse GEMM NOT divide Fixed-shape MatMul Engine
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Example: Fixed-Functional MatMul Engine Limits Utilization

Workload: Single-batch Decoding — 1x8192x128

<—fH}——

N A
128 TPV

B——— 7 <&B =B 1¢s
< 128 —>
1/8 = 12.5%
Peak compute utilization
Vv

TPU: 8x128x128 (BF16) — 12.5% peak compute utilization
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Example: Fixed-Functional MatMul Engine Limits Utilization

Workload: Single-batch Attention Score in Decoding — 1x8192x128

p— 2 O m—
A
GPU 116
<16>
45192 —
GPU| |16 GPU | |16
\ \

1/16°= 6.25% utilization

v

TPU: 8x128x128 (BF16) — 12.5% peak compute utilization
GPU: 16x16x16 (BF16) — 6.25% peak compute utilization

11



Solution: Compute + Memory Reconfiguration

Workload: Single-batch Attention Score in Decoding — 1x8192x128

/

/ : - 8192
@ (a8
Streaming, |,
£%5|l16
L2 /

FEATHER (16x16)

128,

/
/16 FEATHER (left)

/
16 FEATHER (right)

128

<- 128 >
FEATHER

v

TPU: 8x128x128 (BF16) — 12.5% peak compute utilization
GPU: 16x16x16 (BF16) — 6.25% peak compute utilization
FEATHER (16x16 PEs): 1x32x128, 8x16x32 ... (Flexible)

12



Reconfiguration Improves Compute Utilization
Higher Performance and Lower Latency!



https://docs.google.com/file/d/1mIkDxWuDjDO25006D_MfM0TEARPJe1eW/preview

FEATHER Overview - Co-Switch (Mapping, Layout)

\

Stationary Buffer | | Streaming Buffer

Weights

f

New Data Layout

Computation Pipeline

_I?J

[ ) Output Buffer
| Outputs — Inputs (Next Layer)

[Tong et al, ISCA’24] ]
e Read from StaB—Change Layout in Compute—Write to StaB (New Layout)

e Co-Switch (Mapping, Layout) per iteration of compute pipelining
e NEST - Flexible Mapping; BIRRD - Flexible Memory Layout

[ISCA’24] FEATHER: A Reconfigurable Accelerator with Data Reordering Support for Low-Cost On-Chip Dataflow Switching 14

-




ISA: Minimal while Expressive Instruction Set Arch.

IV PEs, Each buffer has D) lines Reconfiguration Choices

tationary > |Streaming .
: sr Buffer Buffer | O(N - D) Layout Choices \{ SeTIVNLayou‘I‘
- | I :
1" all-to-all ! 2 , , SetWVNLayout
: § Distribution NoC ! O(\/N ) Reordering Choices 4
1 v L : 15
| £ NEST &2 . O(N') Mapping Choices ExecuteMapping
| 2 v : E :
. ! xXecuteStreamin
: E) BIRRD<Z) EO(\/Nlog \/N) Reorder-In-Reduction Choices 9
: L2 :
E Output Buffer i O(N - D) Layout Choices (_l SetOVNLayout
e J '

Program Abstraction: Virtual Neuron (VN)
Encapsulate Mapping and Layout choices into 5 ISAs
FEATHER ISA: necessary as needed and as minimal as possible

15
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Compiler Generation: Modeling Reconfigurable ISA in

FEATHER ISA Tensor-level Abstraction
EEEE EN
IEEE 38 B
SetIVNLayout EEEE NN %@@
SetWVNLayout Matrix Multiplication Data Reorganization PyTor'ch
SetOVNLayout :> {MatMul} {Reshape, Transpose} :> .
ExecuteMapping & 2E Compiler
ExecuteStreaming I

L +-+-+-+-result E
b M

EEEEEEE
X, Vector Operations Reduction Website
[MICRO 25]{Add, Div, Substraction} {Sum, Max, ...} [ |

Principle: Model FEATHER ISA using tensor-level abstraction




Compilation Flow: ACT generated PyTorch Compiler for FEATHER
Instruction Set Architecture

Change (Mapping, Layout)

Mapping > SetIVNLayout Iconfigure

SetWVNLayout Layout
|:> Layout SetOVNLayout
ExecuteMapping |fConfigure
(Mapping, Layout) ExeciiteStreatnin 1 :
Co-Search uTesTreamg Iv Mapping
PyTorch ACEP Generated FEATHER's ISA FEATHER
Model PyTorch Compiler [MINISA @ ISPASS'26] [ISCA'24]
Generated by Allo €
pLoT24]  AllG

Prune Layout Configuration Space
using E-Graph and TAIDLSpeC|f|cat|on
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Allo: A Unifying Framework

Latest Allo introduces SPMW, a grid-based abstraction that explicitly captures regularity, while

unifying accelerator design and programming

\af

O PyTorch Allo
Slapo — l ’
[ASPLOS'24] ﬂ [PLDI24]
Programs
i P Parser i
: ' :
i python Type System !
""""""" Typd1AST
@ IR Builder Verifier
v
PEQC
MLIR Scheduler [FPGQA.2 4

|
Optimized |, MLIR

Code Generator - -+ Triton
LLM-FPGA Dato Tawa
LLVMIR l HLS C++l [FCCM’24] l [ArXiv'25] lXLS [CGO’26]l
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Hegest ﬁg{ FoCrg g| GPY
:“““: mnmnm
FPGA NPU ASI
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4

cornell-zhang/allo

Allo Accelerator Design and Programming
Framework (PLDI'24)

https://github.com/cornell-zhang/allo
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https://github.com/cornell-zhang/allo

Allo Accelerator Design Language (ADL) and Compiler

e Python-embedded Accelerator Design Language

E@ def matmul(A: float32[M, K]

\N B: float32[K, NI)
: -> float32[M, NI:
Programs A'g‘.’;‘thm C: float32[M, N] = 0.0
Specification for i, j, k in allo.grid(M, N, K):
......................... i Cli, j1 += Ali, kI  Blk, j]
| P Baroar ! return C
| . : . L
! : e Verifiable decoupled customizations
i python Type System : P
_____________ f);,;;e_d_l_,&é'}“"_““"“““““ Compute Cust. s = allo.customize(matmul)
s.reorder("k", "j")
e IR Builder Memory Cust. _{ s.buffer_at(s.C, axis="i")
v G Verifier Comm. Cust. s.pipeline("j")
MLIR Scheduler

Satimad lMUR e Type-safe kernel composition

Code Generator

top:A top:B top:C top:D

LLVM IRl HLS C++l

nnnn 1 ¢ ¢ ¢
dF 3 - - mul:A mul:B add:A
JicPulp :: »
q b - S B
UUUU [N NN \ /
mul:C add:B

mul add




Allo SPMW: Fast, Flexible, and Modular DSA Design Abstraction

e Allo introduces SPMW: Single
Program Multiple (Connected) Work
Units

e Key insight: Accelerators are
typically regular and spatially scalable
by design, fitting naturally into a grid

e Explicit, flexible connectivity and
modularity: Simpler typing,
verification, and physical design




Implementing FEATHER with Allo

Dentries 1 Byte -
= IBank | A Bank | | ¢4 | Bank
0 1 7

| 8x8 NEST

DU —

2log(N)

- eI

|
1
1
1
|
1
1
1
|
1
1
1
|
1
1
1
|
1
1
P !
|

(i Add-Left (¥) Add-Right ()
ASAS : Reorder-Reduction Switch !
ARVEVEE 2 bit control !

FEATHER in RTL: 2491 lines of Verilog
(16x16 array)

g%?g#;&il(gridz[m’ P Single Program, Multiple connected

i, j = df.get_pid() Work Units (SPMW), over a 2D grid
inst = inst_input[i, j].get()
mix = lambda L, R: [(L, R), (L, L+R), (L+R, R), (R, L)][inst]
for _in range(AH):
if (i==0):
L, R = connection[0, 2¥j].get(), connection[0, 2*j+1].get()
a, b = mix(L, R)
connection[i+1, reverse_bits(2%], 2)].put(a)
connection[i+1, reverse_bits(2*j+1, 2)].put(b)
elif (i == P0O-1):
L, R = connection[P0-1, 2%j].get(), connection[P0-1, 2*j+1].get()
3, b = mix(L, R) Type-safe specification of
connection[PO0, 2%j].put(a) . yp P X
connection[P0, 2*j+1].put(b)interconnections among work

else: units
L, R = connection[i, 2%j].get(), connectionli, 2*j+1].get()
a, b = mix(L, R)

w = min(LOG2_AW, 2+i, 2*LOG2_AW-i)
connection[i+1, reverse_bits(2*j, w)].put(a)
connection[i+1, reverse_bits(2*j+1, w)].put(b)
FEATHER in Allo: 220 lines of Python
(same performance, lower area)




Implementing FEATHER with Allo

Allo provides SPMW, a
grid-based abstraction that
explicitly captures regularity

Line-of-code comparison
o Verilog RTL: 2941 lines
o Allo: 220 lines

Comparable performance
o 16x16 PE array
o FEATHER RTL: 3024 cycles
o Allo-FEATHER: 2970 cycles

Latency (cycles)

(a) Allo-Generated FEATHER on U280

LUT
Allo-FEATHER 29181
FEATHER RTL 50434

FF

35808

82815

0.98X

Em Allo s Verilog

0.98x | =

643 1283 2563 5123 10243
GEMM Size

(b) Customizable Template
BRAM
24

30




23.7X%

3.038x

BN FEATHER
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3| mmm GPU/TPU

~N — o
(NdD 43N0 Xx)
1 Aouaje abeuany

GPU
RTX 5090

Against GPU and TPU

ISON

]
Il FEATHER+ (16X256)x64

Compar

@@ TPUv6e8

(64x FEATHER+ (16x256) — geo-mean speedup: vs GPU: 23.7x, vs TPU: 7.8x|

Evaluation

I GPU (RTX5090)
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(sn) Aduaze
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Faster in Single-batch short-and-wide MatMul,
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09T'ZS'9€559

9TIT'0¥'9€SS9

= 0Z1'0%'9€559
= $8'0%'9€559
= 76'07'9£559
= 88'0v'9£559

Slower in large square MatMul




Impact: Award @ ISPASS and Tutorial @ ASPLOS

=|SPASS [EEE International Symposium on Performance
———————— Analysis of Systems and Software

ISPASS 2026

Seoul, South Korea

DISTINGUISHED ARTIFACT
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MINISA: Minimal Instruction Set Architecture for
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Presented to

Jianming Tong?, Yujie Li?, Devansh Jain2, Charith Mendis2, Tushar Krishna'
Georgia Institute of Technology?, University of lllinois Urbana-Champaign?

John Kim Brandon Reagen
ISPASS 2026 General Chair ISPASS 2026 Program Chair
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Distinguish Artifacts e -
Honorable Mention RAIC Tutorial
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Summary: Open End-to-end Reconfigurable Al Computing Flow

Workload

Dependency Analysis
Global Layout Selection

ACP

TAIDL & ACT

lobal (Mapping, Layout) Searc

4

ISA Traces

Evaluation

[ Inputs |[ Weights | Simulation & FPGA Emulation Framework
v ¥

SetWVNLayout
SetIVNLayout
ExecuteMapping
Execufe%‘rreami ng

Allo

4
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
: i : SoftMax :
B Compiler Framework B T . !
: [MICRO'25] | SetWVNLayout : E NEST & i
! \ =] SetIVNLayout ! 5 s ’
I 1 ExecuteMapping |2 1E exi eva aflow! ;
, \ ExecuteStreaming ; a 2 BIRRD &) :
I 1 \/ I % Reconﬁgurable ayo.ut "
. : Se’rWVNLayou’r | : r4 Reordermg‘;n Reduction EI
A -
: : SCTIVNLGYOUT : _>E Output Buffer E' PI‘O] eCt
1 X SeTOVNLayouf 1 Outputs — Inp:ns (Next Layer) ::
® : ! EXCCUTCMGpping P T e T A Page
: : Execufe?/’rr‘eaming Allo Generated
1 o
E : SoftMax el FEATHER [ISCA'24]
__________________ ’ V .
PyTorch Final Output Allo[PLDI'24] generates FEATHER
TTSPASS 26] of various scales at one click!
27
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Mapping: Compute and Memory Access Scheduling

Dataflow: fine-grained compute and memory scheduling over space and time [5]

Input Activations (iActs) I, Output Activations (0Acts)
(;/l‘ | —— — Nl  — — . CB'< > M = N -
C T T 1 C T T 1 ‘
*R cee =
p | g
N
—w Q
Level-0 Tile Level-1 Tile

for nt in [O,N, 1) for n in [O, ,1-)»‘
for mt in [0, ,M,10). for h in [0,4,1)> >
\Q\for ct in [0,c,c4)5 || \Q\ for w in [0,4,197,Z

(o
¢4\ for ht in [O,R,4): Qé for r in [0,2,1 f g}
(& for wt in [0,Q,4): (3& for s in [0,2,1): %

for rt in [O,R,2):
for st in [0,Q,7):

for m in [0,16,4
for ¢ in [0,64,4):

26
Tiling + Dataflow = Mapping 10_ |
NMCHWRS, MC choices!
_ o) P
Reuse over time <— L— Reuse over space

[5] Kao et al , SIGMETRICS 2022 28



: Fine-grain Organization of Data in on-chip Buffer

Intra line

3 : 16 data : # Inter-line dimension order
WO T T T
0:%’ | : g [Start, End, Step]
| : for ht in [0,4,1]:
H \ = " for wt in [0,4,1]:
) } 9 C for ct in [0,31,16]:
< > a
r Wy a
0 4

29



Layout: Fine-grain Organization of Data in on-chip Buffer

16 data

C0:15 |

1C0:15

# Inter-line dimension order

[Start, End, Step]

for ht in [0,4,1]:

for wt in [0,4,1]:
for ct in [0,32,16]:

:15 C

# Intra-line dimension order

30



Layout: Fine-grain Organization of Data in on-chip Buffer

16 data

C0:15

C16:31

}C0:15
jC16:31

# Inter-line dimension order

[Start, End, Step]

0 for ht in [0,4,1]:
0 for wt in [0,4,1]:
16:31C for ct in [0,32,16]:

# Intra-line dimension order

31



Layout: Fine-grain Organization of Data in on-chip Buffer

16 data

C0:15

C16:31

Co0:15

}C0:15
{C16:31
}C0:15

# Inter-line dimension order

[Start, End, Step]

for ht in [0,4,1]:

for wt in [0,4,1]:
for ct in [0,32,16]:

:15 C

# Intra-line dimension order

32



Layout: Fine-grain Organization of Data in on-chip Buffer

16 data

CO0:15

C16:31

Co0:15

C0:15 |

1C0:15
1C16:31
jCo:15

{C0:15

# Inter-line dimension order

[Start, End, Step]

0 for ht in [0,4,1]:
4 for wt in [0,4,1]:
:15 C for ct in [0,32,16]:

# Intra-line dimension order

33



Layout: Fine-grain Organization of Data in on-chip Buffer

16 data

CO0:15

C16:31

CO0:15

CO0:15

C16:31

1C0:15

1C16:31
}C0:15

{C0:15
§C16:31

# Inter-line dimension order

[Start, End, Step]

0 for ht in [0,4,1]:
4 for wt in [0,4,1]:
16:31C for ct in [0,32,16]:

# Intra-line dimension order

34



Layout: Fine-grain Organization of Data in on-chip Buffer

line ID ——18data__, # Inter-line dimension order
1 C0:15 [} 1Co:15 [Start, End, Step]
§ C16:31 |1 {C16:31 for ht in [0,4,1]:
=2 1C0:15 J§ {Co:15 HO for wt in [0,4,1]:
2 co:15 )| fco:15 C for ct in [0,32,16]:
= C16:31 IC16:31
T eoe
K]
]
(]
e # Intra-line dimension order
. for w in [wt,wt+l,1]:
C — sfor h in [ht, ht+1,1]:
[HOW Fop1}::2p3k:4p5}::6k:7k:8}:9}:1op11p12p13p14p15]] CX16 for c in[[ct ct+16]1] .

Layout Terminology: <inter_line_loop>_<intra_line_loop>
C_ CX16 —HWC_CX16 (Omit dimensions w/o parallelism)

35




Challenge: Reconfiguration -> Significant Control Costs

N PEs, Each buffer has D lines Reconfiguration Choices

- = -

________________

- tationary [>|Streaming ]

E sr Buffer Buffer |i O(N - D) Layout Choices

- ¥ I :

g pistribution Noc |1 O(N'*) Mapping Choices

1K v

E "E NEST & E O( N ) Reordering Choices

1k v E

E q;) BIRRD~Z) E O(\/Nlog \/J_V> Reorder-In-Reduction Choices

1 v ;

. Output Buffer . O(N - D) Layout Choices

' ee———/ y
FEATHER 4x4 8x8 4x64 16x16 8x128 16x256
stall 0 0 753%  65.2% 90.4% 96.9%

Explicit Control Stalls up-to 96.9% Execution Time!

36



Solution: Virtual Neuron Abstraction

N PEs, Each buffer has D lines Reconfiguration Choices Each PE

: tationary |>[Streaming || Computes
: Buffer Buffer |, , AH-way

i 45 : all-to-all l E ,I E é DOt PrOdUCt
| 3 [__Distribution NoC A :

E 3 ‘V ‘V /f

1k NEST &2 ) . AH| |VN

: (a] v \i i E

1 ; . } ' !

| 8 BIRRD<L) "

s v -\

! Output Buffer ' Wi ==l ==

) ‘

One dot-product performed by one PE

VN is Exact abstraction that maintain reconfiguration w/o redundancy
37




MINISA: A minimal set of instruction set on VN granularity

NN PEs, Each buffer has D lines

- e e e e e e e e e e e e e e

-

: tationary [>|Streaming
: Buffer Buffer

all-to-all
Distribution NoC

\‘ SetIVNLayout
E SetWVNLayout

v v

NEST &3

ExecuteMapping

v

BIRRD<&Z)

New Data Layout

ExecuteStreaming

A 2

Output Buffer

Redesign Mapping and Layout choice in VN Granularity - 5 ISAs

Resolve the Prohibitive Control Overheads
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Compilation Flow for Reconfigurable Accelerator

Attention

Matrix Mul
r#

Softmax
#

Matrix Mul
V7

Matrix Mul
/#

Softmax

Global (Mapping, Layout) Search

4
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Dependency Analysis
Global Layout Selection

ACP

TAIDL & ACT
Compiler Framework
[MICRO'25]

Choices Choices !

1
FEATHER Mapper !
[ISPASS'26] .

1

Layout-constrainted
Mapping Search

ISA Traces

| Inputs || Weights |
v ¥

SetWVNLayout
SetIVNLayout
ExecuteMapping
Execu‘re%‘rreaming

SoftMax

Vi

SetWVNLayout
SetIVNLayout
ExecuteMapping
ExecuteStreaming

7
SetWVNLayout
SetIVNLayout
SetOVNLayout
ExecuteMapping
ExecuteStreaming

Vi

SoftMax

Y
Final Output
[ISPASS'26]

Reconfigurable Arch.

Change (Mapping, Layout)
Per Layer

FEATHER
[Tong et al; ISCA'24]

More details
In the paper
And tutorial
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MINISA
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Experimental Setup -- Workload

<48 — <4\ N\ N
Workloads A
S_mgle I?at_ch _ >< —
Matrix Multiplication
of Various Shapes %
Workload Matrix Multiplication of Shape O; —M Q=N — 1 %:M’J:K : WkK ;K’N:N

FHE: BConv | (65536xK) - (KxN), K € [28,60], N € [72, 160] (41 shapes)
FHE: NTT | J= K = N € {1024, 2048,4096}, M € {64, 128,256}, M < K/16
ZKP:NTT | J=K = N € {8192,16384, 32768}, M € {K/32, K/16}

GPT-oss M = 2048, (J = K, N) € {(64, 2048), (2880, 4096 /5120/201088), (4096, 2880)}

Hardware

Roughly Same TDP RTX 5090

Eight Chips 64 cores




End-to-End Latency Evaluation Under Different Scale

Q

g Arrows: geomean speedup Il Micro-instruction Il MINISA
o 1.0x 1.0x 3.0x 1.0x 2.2X 9.3x 1.9x ) 31.6x
— 1.0 - - -

S

©

_8 0.5

©

=

© 0.0

= AH=4 AH=4 AH=4 AH=8 AH=8 AH=8 AH=16 AH=16 AH=16

AW=4 AW=16 AW=64 AW=8 AW=32 AW=128 AW=16 AW=64 AW=256

31.6x Speedup: MINISA Eliminates the Instruction Fetch Stall
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Summary: Future Reconfigurable Al System

-

.

i %55 _

; . HEEE
X XXX
Virtual Neuron Representation Xxxx

Mapping

MINISA [ISPASS'26]

Layout

2 Compilation and ISA

(Mapping, Layout)

Co-search per workload |

Thank you!

ASPLOS Tutorial

4 E
[=5.73

Contact Us
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