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Large Language Models (LLMs) have become a key application in Al. Global IT companies, including
Meta, Apple, and Google, have joined the Al revolution by developing their own LLMs and related
applications. The use of LLMs for on-device Al in mobile and edge devices has led to new era
of practical Al environments. Despite these advancements of LLM applications, the significant
computational demands of LLMs continue to pose challenges for LLM inference systems and
their accelerators. To address these challenges, LLM accelerators and architectural designs have
been proposed to support LLM-based applications with rapid response times. In this paper, we
observe recent technological trends in LLM accelerator designs, including distributed computing
for efficient data flow, mixed-precision general matrix multiplication using low-bit weights, and the
use of a MX Format combined with advanced quantization techniques. LLM accelerator designs
are becoming various and complex as they aim to achieve performance, power consumption, and
thermal and carbon emission constraints. Understanding these latest design trends is crucial for the

development of efficient LLM accelerators and t
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=X Reprinted from M.S. Kim et al.,

“Oaken: Fast and Efficient LLM Serving with Online-Offline Hybrid KV Cache Quantization,” in

Proc. Int. Symp. Comput. Archit., (Tokyo, Japan), Jun. 2025, pp. 482-497.
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£X{ Reprinted from A. Ramachandran et al., “Microscopiq:
Accelerating foundational models through outlier-aware microscaling
quantization,” in Proc. Int. Symp. Comput. Archit., (Tokyo, Japan),
Jun. 2025, pp. 1193-1209.

a2l 2 kel 22 MX(Microscaling) Format

Format E” O] E1*§4 ?_]_’ 7H9J %%(Block)g_i E:ﬂ_ MX
Formars 483t djAjo|tt, & E5 W 9] Hlolg

= St 7} 9] &-8-FH(Shared Scale Factor) = 7FA ™, Z}

HlolE= -3t 7]#—7‘_4 2polute A st &
FEFS F= T

| Step 3: Blockwise Outlier Distribution |

<> <>

uB0 0?3:2]

kB 1 O?s:z}P[laa]P?ln] 4 PfsPhio| 3 Pho

P 5&;,;;4;'3;;,;"1
- BN \ - 255 —_ .
[1:0]]~"[3:2] & [1:0] h

3.5 g 03:2] O([)I:O] I

TuER |
763 Sm’eBy 1, (6116, N

01 _____________ ;

|
|
|
I
I
I
' |
|
0 1 2 1 2
: nB2 0[3:2]P[3:2]P[3 2 0[3 31010) 0[1 0]0[1 0Pl !
Scale B 4
| 89.4 ‘ ‘11112 —>| 11, | 11, ||
| [ Outlier permutation list ] ________ J_BJ 1 fuoL J
. . . |

: (@) Step 1: Inlier and Outlier Quantization l f 8b )
 OE8) =[] gl 5 mE Lj  [Oumie Gutirs | upornssene |1}
I : - [

; -:,' > > | X 2‘\';'> > 1B 1 MXScale ,
L0317 - | [T | B f
1 1B 2 MXScale
| S 7 [ Separate Outliers E [Reduce Outlier Magnitude I
| (0,5) (154) (2,7) (3’6) o Using 30 rule |
: = Inliers MXScaIe |

(Quantize Inliers )
| (Tracks the locations where (—) - :
: outlier bits are redistributed| 1l |:'> ’T’i 1b |
in a block : Inlier Scale Factor - -

: |uX calculated during quantization "I

=% Reproduced from A. Ramachandran et al.,

“Microscopiq: Accelerating foundational models through outlier-aware microscaling

quantization,” in Proc. Int. Symp. Comput. Archit., (Tokyo, Japan), Jun. 2025, pp. 1193-1209.
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Hardware Co-Design for LUT-Based Low-Bit LLM Inference,” in Proc.
Int. Symp. Comput. Archit., (Tokyo, Japan), Jun. 2025, pp. 514-528.
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