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ABSTRACT
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EPACHARIER A B Rel A

Advancements in artificial intelligence (Al) have led to the emergence of Al agents built on large-scale
multimodal models. These agents extend beyond simple question answering to perceive complex
contexts, perform step-by-step reasoning, utilize external tools, and self-evaluate on their outputs,
thereby enabling autonomous and adaptive intelligence. The rise of physical Al has further enabled
embodied human-machine interaction, integrating vision, language, and action to usher in a new
era of embodied Al agents. However, deploying such advanced agents in real-time environments
demands low-latency, high-efficiency optimization to handle substantial computational and memory
loads. To describe the corresponding trends, we review the foundational technologies of physical Al,
highlights Google DeepMind’s Gemini Robotics, and explores KV cache optimization and specialized
hardware acceleration as effective approaches for alleviating memory bottlenecks in real-time Al

agent systems.
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1.1 Chain-of-Thought
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Complex dexterous tasks
Visual & Language Input Cloud S = -
Backbone
Sort all the cubes, blue goes to
the top, red goes to the bottom. VLA Model
o
. Action
Chunk

Local Decoder

Action
Decoder

Apollo humanoid A bi-arm industrial robot

Z£X Reproduced from S. Abeyruwan et al.,
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“Gemini Robotics: Bringing Al into the Physical World,” arXiv preprint, 2025. doi:
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2.SQuat

SQuat(Subspace-orthogonal KV Cache Quantization)
[14]= H 2 (Query) 719 BHE 7|(Key) FA}5tol &
83F0] FAFstR QIS Attention 23] QAHE
23} KV WAl AR S E0l= 71&S At
S 3).

71E8] KV WAl FAREE 7152 71(Key) FAMS}
Z ¢l8led QK WA 0.2 AAME = Attention 223
o LF7F FAE = do] AU & A= A
(Query) E1A]0] SVD(Singular Value Decomposition) S
A-gsto] A vlolg7t 2 EAeh= FH Y
SRS Or=3 229 A K L7HSubspace)S TLAIFFIL

7](Key)&] GASF @2 JH = A S04 A =2 4
W= ASFR S Attention AT I ol 27FSH
t} o] & Fll 71K YAEE @4 HH7F H2(Q)
B Fobe W RS AL oA ARG EE

B GRS}l &gt ot Haske 4 Q) 2 E4
O 2 J]i= FAEE YA, Actention©] B L= 8}
© #H2 U] AHE= AUz fAER 5 A
s} glo] KV 7IA] W KL2] AR EQ1TY.

g A= BEo] Aghs 9 ezl A

@04 glo] AAFOE GABHE 4 9lo] 22

Explore the Query Subspace from
Prompt Tokens using SVD

l

f—1 Repeat for Groups =0 to G b

Quantize Key Tensor for Group 1 7]
i

Update the Remaining Elements
to maintain orthogonality
(preserving quantized elements)

Eof AA2HA Bt 4 QUok W ukA[12,15]
& 5% 57kl A 7122 H] B (Tuning-Free)
G2} 71& o] Zof 2.828) W R AREEF A
2 3,680 A2 S7HE A3kt

3. 0Oaken

Oaken[6] 2 AA7FO 2 KV HE]E A] 7}A] Hlo]
B 1202 BEsle] 7} 120 23tst ofA) 3} 7]
|3t 2 A w R AE-
AT, o] &F F Ao %}‘Z}ﬂ
A8 7HE719F ANA| Hi R

W3t ElolE TR E A

EELE T ER

2 A8t LM &

A 1FGE KV A T &34

3.1 Optimization Methods

5 Q7] st
QAxte] A S A

HE Zol1 GFES PHHES 7
2 AL YeHad 4, Hlole B
2 a1efato] ghe) wglol wet A 1%
© 3ol BH AA%S ALg 3
HOR YA g5

l‘>

AP FE AT e}
sahe A At o

S

Original key . k,

1
1 //

P

Residual
(Orthogonal
to the subspace)

(De)quantized O deq(k;lltz)

key

< |

Query Subspace

= Minimize residual between original and
dequantized key remaining orthogonal to
query subspace

7213 sQuat ¥u2|E L 2[Hs}HEE

0|¥aI Q| / Al Agent J|gt 2EEIAQL HX|H E2A|A

LI3HKV A Z|Xst U SLEL0] Ot Ol S8

re

E P

ox,




Offline Outlier
Threshold Profiling

Thresholds

Splitting KV Cache into
Three Groups

Group-Shifted Quantization

Fused Dense & Sparse Encoding

|

| Inner Group | Shift with | | Outliers Store Sparse Format

| Outer Group I Threshold (5bit Quant.) (8bit Encoding + 4bit Data)

| Middle Group I ( 4bi:ncliﬁrant.) Store 4bit Dense Format
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On-Chip
Buffer : i
Reconfigurable Spec_:lal
<> Functional
PE Array Unit
Scheduler [
3
Voting Engine
Attention Score
x (|
3| | Eviction FIFO
4 ;
5 Indgx I Layer-wise .
& | | Register Vote Count 3
Vote Activator [« Vector ™o
X 2
i 7 Register 9
Find Max Vote
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