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[Abstract]

This study compares modality-specific specialized models distributed across a heterogeneous edge
cluster with single-device omnimodal deployment under identical tasks. A cluster of Jetson AGX Orin,
Raspberry Pi 5+Hailo-§, and Orange Pi 5 Plus runs MobileViT-S, Whisper-tiny, and DistilBERT via
gRPC, benchmarked against LLaVA-1.5-7B FP16, its INT4 quantization, and Qwen2-VL-2B FP16. The
distributed configuration is 80-288x faster on Vision, 3.7-25x faster on Text, and up to 806x more
energy-efficient, with Text F1 within 2.8 percentage points across all four configurations. Effect
decomposition attributes 3.93x to quantization and 1.75% to model size reduction, with an additional
63.5x from distribution itself, confirming independence from model size and quantization. The 17-195x
cost-normalized advantage is retained across five wired-to-wireless network scenarios; distributed clusters

thus suit concurrent multi-modal serving, while omnimodal deployment suits cross-modal reasoning.

» Key words: Edge Al, Distributed Inference, Heterogeneous Edge Cluster, Specialized Model,
Omnimodal Model, Performance Characterization
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I. Introduction

AOFE 0T § BERT Holelg $Ald) Rt $
go] RN A3 !

2870 S7tekal ok ke 7uF FE2 YEY

= 24 AR ZAIIA A2)she A Al(Edge Al)7F Tt
og yrE|glon}, 9| tjutol Ak AaH Bwelses
A GB), A4 W), 7157](2-222] TOPS) Aol
A sAslor sit(l]. & +=2olMe sURE 2P
(omnimodal model)g @Y 2@z iy po]E] AdH
< Adsk= ZH(LLaVA, Qwen2-VL 5), BEZE F&
(multimodal inference)g Thy RE2]E]Q] d&=HS T
2L X2 ¥t BAF 22(distributed inference)2 T}
4 dalolac] 2 Bulsle] 2asts FEOR Aol
Sto] A=A AR&Sic
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2 0F ZEYEE Adskr uwA RY
(cross-modal reasoning, VQA £)2 x|gsich =A),
o]7]F K| Hujo]A ZEAE0 REPjEE St wH
= A HiRJsk= Al=folt}.  MobileViT(o]u]x])[5],
Whisper-tiny(2-/9)[6], DistilBERT(RIAE)[7] & 7=F 2
25 GPU-NPU-CPU9]| ti-gsto] SA] BE A2|sh= B
oj0j[8-10], =& It floJE] °]F/d(data dependency,
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7l mgele] gl BARt Tdu SUuge] A
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A-Transformer S A|2ko] 91 01H13,14]
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A 942 ZJEfoleH15].
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II. Preliminaries

1. Inference Frameworks and Model
Compression for Edge Al

NX| Al BEO] SA J]uke 7H47]E X2 malela
QF 2ol kst J|gHolct NVIDIA TensorRTH gfo]of
80 A2 Ats 7922 NVIDIA GPU £&& 7H4sh
0 Jetson A|2]=9] BEZ 2IE}Qlo], ONNX Runtime
ARM CPU 239 &A1 JAtet INT8 Fgof AMgsiy,
HailoRT+= Hailo-8 NPU Ag&o& APHd AmpAd= HEF
28 INT8Z AldHsIT}. llama.cpp[16]+ GGUF Loio]
4-bit FAHQA_KM 5)E A|¥sto] AHd AoF &7
A LLM/VLM Ald8S 71=35H st9ity.  MLPerf
Inference[15]= P50/P95 X|HA|ZF & &X 2 EZO]
BFE2 AAlSH 2 AL 54 22 eF A9 7|¥o] &
Tt

2 7Rk 2% opIEIA, Gk SRIMIAYZ
T 2 A7t AR MobileViT[5]= 5.6M m2to]
El2  ImageNet Top-1 78.3%% ZXot¥,
Whisper-tiny[6]+= 39M Th=o] ASR, DistilBERT[7]=
BERTE A4l Z82 U=sle] 66MO2 BERT 450
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97%Z SA|Sich INT4 YASH= LLM BjZo] m&o| H11
Aot HAXE 287d Rto|7t 7 bitsandbytes®] NF4
52 Jetson aarch64ol|A] SAFSHA] b=}, o] $H7ofA
= llama.cpp Q4_K_M, MLC-LLM, TensorRT-LLM
AWQ INT4 5 oot F =7t BQstH[16,17], &2 A= o]
£ 93]517] Y3l LLaVA-1.5-7B INT4 Hjo]Ag}Ql &7
o] llama.cpp Q4_K_ME AiEHsIRACT.

2. Edge LLM and VLM Deployment

24nd ool =HofA] LLaVA[2]= CLIP ViT-L 8]&
0132} Vicuna ¢1o] 228 ZAstst 7B, 13B VLMo|H,
Qwen2-VL[3]2 &4 o3 =et BE|2Y RoPEE =4t
8% VLM A4(2B, 7B, 72B)2 At A|of g0l Aefst
T} Edge LLM AJHo][4]= KV 7§A] 4=, Speculative
Decoding 5 ] vl 2|As}t 7|85 A2stATt. ol
g JUEE 2HE2 9 gufolAdN O REEEHE
Y Adsts Aol ey, 7B o] FP16 F&o
13GB o}/%e] GPU tzajet 2 AL 7oA 8.2x9] &
& oJu]x] VQA R|AAJZIo] 2A¥sto] AAIRPol gAY
9)ct. Audio 2E2]E]= LLaVA, Qwen2-VLo] 0]X]€o0]
0 Qwen2-Audio[18] 5 ¥ k® 2dlo| HQsich

3. Distributed Inference and Heterogeneous
Accelerator Integration

PA EL @2 222 DNN oo} £3, 2e] B
o, sgee 9y 24e) A 7] 508 1R, 7
oo 2% AlFollM= Neurosurgeon[9]o] 2ute-Z
9t 2+ A AR FHoR ARelgw,
DeepThings[8]= 0T 9IX] Z¥JAHOA fused tile
partitioning© 2 CNNE BAF AlsE5T) oo,
CoFormer({11]i= GPT2-XLZ ©]7|& X0 At Zoi
vjaste] WlRa] 76.3% A= G5t o] AL ©
o 2H9] gojojg Fsta g uio]A Tk glojE HE
o] WaAo|t, F4l HEo] F4t9] o] A o]
ATt =25 g Alge S2M3[12]= HElRE 2EZ 7]
s a0 st 5E Bes sRote ww-Ad
AlZHE 50% o] AL, SLO 718 $A4=9] 2keF
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old  Alegect. @4 SoC ZFHoA  ADMS[10k=
CPU-GPU'NPU =A] &80 2 HE] DNN 48] 7148 &4
5P, T Cjdlo]A EWHolA= Triton Inference
Server S0 gRPC Ay} Qlmelg A Zah} £ Ay
S AEE 7Pt A NPUQ| 23hd Aoke #4F 4
Ao} %8 W4olol, Hailo-87} 22 8IF 54 NPUE 2D
CNNof  xA35te]oy 1D ZHE3AM, Transformer,
Attentiong ¥713] A|dstA] FotRg[13,14] ZZ2]ElE
7147 e ARt S8 A5 § AgElolof Bt

4. Differentiation of This Work
7]1& A5= DNN mHE]AqY[8,9,11], ==
228 24H19.2019] A ALz FEEH,

19[12], 2

e o2
iy
©
1

AP8/dS Table 10 2fstitt. & A9 APEG2 (1)
RIEE 59 2Rz foly 9E4S AAstel ¢A
H2 A, (2) 35 71457145 HEYY gRPC 45 59,
(3) FAteHdF VLM Ho]22kel FA] £F0= F4F 4
2 ger B U] gAtet 2ol 22 24, (4) vl

At PoF mdYa =¥, (5) NPU S8 Aokt
CPU fallback 37 3j&io] A2F W o] Qjc}.

Table 1. Comparison with Prior Work

Criterion
Hetero.
GPU+NPU
+CPU
4-way
omnimodal No No No Yes
comp.
Cost-norm.
+ NPU evid.

partition coop. | Modality | Proposed

Partial No Partial Yes

No No No Yes

ITII. System Design

1. Hardware Configuration

2 Aol = 3% 0)71% 7H471(GPU, NPU, CPUYE
SANSE GUX] Hutol A 3tfjz F4t 28 FEAEE A5t
%It} Table 2+= 7} tjufo]A0] AlGfat AgS Qoflt).
Z0} 1 £ 9] Jetson AGX Orin 64GB+= NVIDIA Ampere
GPU(2,048 CUDA o], 64 Tensor Fo])= A5}
275 TOPS(INT8)Q] it 52 Alsst, 7AAEo]
B 93} TensorRT FP16 7|8t o]0|X] £/ F&82 &

Al 4385t} Raspberry Pi 5 8GBol&= Hailo-8 Al
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Table 2. Hardware Specifications of the Heterogeneous Edge Device Cluster

Device Specification Al Accelerator Role Cost
. Ampere GPU, « Vision(Classification)
AGX Orin 64GB 64GB 275 TOPS (INT8) « Orchestrator $699
RPi5 + Hailo-8 HAT+ Cortex-A76, 8GB NPU 26 TOPS Audio(Whisper, CPU), Vision(YOLO, NPU) $150
OPi5 Plus + Hailo-8 RK3588, 32GB NPU 26 TOPS Text(DistilBert, CPU) $180
HAT+(PCle 3.0)2 AtaFsto] 26 TOPS(INT8)2] NPU 7t 2. Software Architecture
& Mo shdstgon, 24  9lAl(Whisper-tiny, Fig. 12 gRPC 7]t Star EZ2X]9] BAF i o}7]
PyTorch CPU)& 4385ttt Orange Pi 5 Plus 32GBojl=  ®©1X& UEhrdch AGX Orine] QAAEZolH=

Hailo-8 NVMe(M.2)& ¢Z435to ablation study2 NPU
£ gtdsty, '8AE QA(DistilBERT, ONNX Runtime
INT8)= RK3588 CPUOJA Alsisict. A rCluto]At=
1Gbps oA o|gjulo 2 o3Aslglon, Cl(Distributed)Q]
S ShEdlof ¥l-82 oF $1,0300]t.

I Client (Vision - Audio - Text request |

D request {modality, payload} L T —
|

Jetson AGX Orin 64 GB
GPU 275 TOPS - $6
Orchestrator MobileViT-S
ncio - gRPC client 5.6 M params
. < infer - »
@ Route by modality TensorRT FP16 - GPU
@ Aggregate replies
® Respond to client 26 ms/req
d gRPC: audio @ ASR ) gRPC: text @®QA

16 kHz 132, =160 KB/ 10 s

transcript UTF-8, =1-2 KB answer

RPi 5 8 GB + HB||0-8 HAT+ Orange Pi 5 Plus 32 GB
Cortex-A76 \:* J RK3588 (A76x4 + A55x4) - $180
+ NPU 26 TOP

DistilBERT
66 M params

Whlsper-tlny

39 M params

PyTorch FP32 - CPU ONNX Runtime INT8 - CPU

Steps: O request @ route by modality @ infer in parallel
@ aggregate replies ® respond

[] Orchestrator (Router + Aggregator)
[] GPU — TensorRT FP16 (Vision)
| CPU — ONNX RT INT8 / PyTorch FP32 (Text, Audio)

B request flow Il response flow

Fig. 1. System architecture of the heterogeneous edge
cluster with gRPC star topology and request flow

asyncio.gather 7]8t H]=7] ¥ gRPC 352 QX9]
weiRjele wslol o oo MER 2osstn Al
AR oJujA]= violE HiE, HIAEE= UTF-8 At
o, 009 % 16kHz float32 waveform(~160KB/10%& AH
oz Qlidste AEi 20 AZE] P
AGX Orin(JetPack 6.2.2, CUDA 12.6, TensorRT 10.3,
PyTorch 2.5.0), RPi5(Debian 13, PyTorch 2.5.1 CPU),
OPi5(Ubuntu 24.04, ONNX Runtime 1.19.2)o]t, A ¢
uto] A0fl4 Python 3.101} gRPC 1.68.12 ARESHT,

3. Model Configuration

A &2y 58 zd2 Vision #FE&
MobileViT-9[5](5.6M, TensorRT FP16), Audio 24 9l
A8 Whisper-tiny[6](39M, PyTorch FP32), Text QA
DistilBERT[7](66M, ONNX Runtime INT8)Z A%
Z¥7+ AGX Orin GPU, RPi5 CPU, OPi5 Plus CPUY| HjX]
=}, DistilBERT+= ONNX Runtime =4 9FA}st2 INTS
Hersto] Alsgeict.

2yrsd 278 LLaVA-1.5-7B[2](7B, PyTorch
FP16)& AGX OrinofA] ©% Alspsich o] VLME
Visiont TextES X2|sht} Audiox= 0O]X|€o]lt}

bitsandbytes INT4 AP} Jetson aarch642] CUDA
custom kernelS X|Q3}K] 9o} FP16o g A5} 0
0, llama.cpp ¥ vLLME LLaVA-159] HEjRe 937
4(CLIP ViT-L)2 435] X|Y5IR] o} AL5}1K] 2ot
o 2Yyug 2748 BAb 7<7h} =2 AGX Orinof|A] &
Ab Addsto] stego] MaE EAIR

IV. Experimental Design

1. Conditions, Tasks, and Scenarios
AP 2AGBY Z2AH, ~$1,030)0 2R &7
(AGX Orin ©= LLaVA-7B, ~$700)2] 47% u]-& v]tjA
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2 BASP] Y&l Ast X HE(Throughput/$,
Accuracy/W, Accuracy/])S =519t & 2712 =
9 Q2 MBS ALgsln, gUBEY Audio DjRIdoz
Vision: Texto] ATF AR Blu sty WA 2 BjAT(VOQA
She A 129 v|giifolang AlQ]shlth Alue] e+
(1) 78 BiA3 vl (2) 3% 5Al A9, (3) gRPC &4l
Qujs|=o] A FHRjolct,

Table 3. Evaluation Tasks and Datasets

Task Dataset Samples Metric
Image coco 50 A!::r_;c
Classification val2017 (224%224) o) y
o
SQuAD 50 F1
Text QA v2.0 dev (<512 tokens) Score
Speech LibriSpeech 50 o
Recognition test-clean (<10s) WER (%)
S| ES=RT E2E Latency(P50/P95),

Throughput(req/s), Energy/Request()S, A3t A&
+ Throughput/$1K, Accuracy/W, Accuracy/JS
AEistt. o714 Throughput/$1K&= stESo] H]E 1
A2ed 29 A 84 £ uisty], 241 71 v]& Y]
P vs. SURD)E BASH: olae Fict Aee
AGX Oring tegrastats(INA3221) WAF AlA =z, RPibet
OPi5 Plus= FNIRSI-FNB58 USB A2 A|2 &45H3ct
27T oixl= B HEnt 22 AR FHE=Pxt)o
2 AkEstelen, oy 22 I W Aol dAsitE
7Pgol 78k ZARgkolck 21 RPibY]
Whisper-tiny £2& 7.52~11.68W ®9Jo]]A] Xzo] ¥
Sotgio, d-way slio] $U 24} 719 Qa5
gole 270 7 o] wlwe] Bge el

AlE
=27

2. Statistical Analysis

TensorRT engine build, CUDA context %£7]3} &
warm-up 595 gt B a4 27 22
B n=50, 42T &7 n=20(8749 3~11x9] ARt
AleF)o]H, Cohen's d > 20]1A] t-test W@ H20| F 5
=0.05, power=0.80)0]8 2 & E& & F35F AAHS
sy, A4 Aite & 22 2este A5t
A 2 4 i AYat sA MY 2F H|ul(paired
comparison)ofl= XH2 2320] sl Shapiro-Wilk "3+
4 ARE AsBsto] p > 0.050]H paired t-test, p <
0.050]®H Wilcoxon signed-rank testS A 8st= AA
FAS Aestolt B o7 olgo] At Bm A

A" ZAuk= Vision W=0.894 p=2.96x10", Text
W=0.911 p=1.14x107, Audio W=0.941 p=1.44x10"*2
Al 2Z2]E] 2% A 7P 714582 paired
v wojl = A:e] A Wilcoxon signed-rank testS A
sttt 24F 2404 S Re =71 7t vlu(independent
comparison)= U229 raw sample2 H 935K &
5} mean-SD'no QOF E7 7]¥F Welch's t-testS A
235} Cohen's d2 &3} 37|12 ®BUsH} O 8|10
v ZZYEE & U u(E-5A], #A-sUHREE)E F

Bonferroni B4(a=0.025)& ALt A4 AMEo] 7F
A4 A73S 95l paired t-test sensitivity checksS ¥
a5t At Vision t=-25.63 p=4.81X107%, Text t=-14.40
p=3.08X107", Audio t=-0.04 p=0.9652 Wilcoxon ZAi}t

o SUR oy AL By

V. Experimental Results and Analysis

1. Per-Task Performance Comparison

AP e SURE HojAztel 3F(FP16, INT4 &F
A}, A 5D ejAT £I0lA Bl Z5}ck. INT o
A}st o] Agtol =2 [LaVA-1.5-7B 2&9] Q4_K_M
A12}S llama.cpp A3 F4olu, 23 Hlo] Azl
S =3t PyTorch+transformers SEfofA] & 37|
£ 1/352 &A43E Qwen2-VL-2B FPl6o|t}. 4% =71
L& &Y AGX Orinof|A £7d5to] stego] §iag &A
Sk INT4 At} 3% WolA2fele 308 uhe 573
(warm-up 3e])o|H, 1 9] 212 & A9 IX} Y B
22 AR,

Fig. 2= 3% B2 39 X|AARE F25 UERACt Table
4= 3% B2 tigt 4-way R|FAIRE d5S YEHAT
orje B ST 3F BF Y jx|go|oe
74 27151, &% Qwen2-Audio 51| 4-way H| i+
7ol Al Table 5= 4-way &7 272t KA O
oAl EA W} Aute EYsto] et

AP 2712 VisionoflA] FYR2G 3% ojjH] 80-288H],
Textol]A] 3.7-2b4f w20 T= H|wI7F d > 1.4, p <
1X10%2 SAKOR 9olslirt. INT4 et wlo] Ae}
Qjo] ulwoAE L9t AlEl0] BAF 7o) ool
24 gt} et SYHo2 EAfol Har. B
2710] 24 7} 99l SQUAD v2.0 dev ZA] 5,9287H,
COCO val2017 A& 5,000, LibriSpeech test-clean
A 2,6207M 2 estlon, SURY 352 F& ARE
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B C1 (Distributed)

C2 (Omnimodal)

(a) Image (c) Speech
Classification (b) Text QA Recognition
- 15000
12000 5000
12500
10000 -
2 10000 4000 ~
£ 8000 -
>
7 -
§ 6000 | 280X 500 3000
- -
T 4000 5000 22%
2000 - -
2000 - =l 2500 1 l = et
0 o{ — 1000 - 1
c1 c2 c1 c2 c1

Fig. 2. End-to—end latency distributions for individual tasks under Distributed and Omnimodal
conditions. (a) Image classification (Distributed: 26ms vs Omnimodal: 7,532ms), (b) Text QA
(Distributed: 232ms vs Omnimodal: 5,806ms), (c) Speech recognition (Distributed only). Boxplots are
reconstructed from summary statistics (mean, SD, n).

Table 4. Per-Task Latency — 4-way Comparison (P50 / Mean+SD ms)

Task C1 Distributed C2-FP16 LLaVA-7B C2-INT4 LLaVA-7B Q4 C2-Light Qwen2-VL-2B
Vision (n) 26.15 / 26.15 8,232 / 7,531.64 2,096 / 2,159.22 4,704 / 5,448.79
1sion n +0.38 (50) +3,068.56 (20) +337.21 (30) +2,156.84 (30)
Text (n) 23152 / 232.28 3,176 / 5,805.79 878 / 1,332.35 846 / 864.13

extin +1.92 (50) +4,556.67 (20) +1,063.81 (30) +203.96 (30)
Audio (n) 2’7_‘6_’?824/75’9(?%36 N/A (VLM unsupported) N/A N/A
Visipn TensorRT FP16 PyTorch llama.cpp PyTorch
Runtime

Text

. ONNX RT INT8 PyTorch llama.cpp PyTorch

Runtime

Table 5. Statistical Significance and Quality Metrics — 4-way Comparison

. Latency P50 ratio Welch's t / _ . .
Task / Pair (C1 advantage) Cohen's d p-value Quality (n / metric)
isi - : + =
Vision 288x 10.94 / 122%10° C1 Con.f 0.487_0.262° (n=5,000), .
C1 vs C2-FP16 d=4.63 MobileViT Top-1 78.3% (ImageNet™)
Vision 80x -34.65 / X102 (VQA free-form text, direct accuracy comparison
C1 vs C2-INT4 d=8.97 not feasible)
Vision -13.81 / s
C1 vs C2-Light 180x d=3.55 54%10
F1 / EM (SQuAD v2.0 dev):
_ C1 0.621/0.530 (n=5,928),
e oot 25% o7l 280t | co-FPIs 0.623/0536,
: C2-INT4: 0.595/0.484,
C2-Light: 0.620/0.504 (each n=1,000)
Text 3.8x -5.66 / 4.3%10° A F1 S. 2..8 pp
C1 vs C2-INT4 d=1.46 (all 4 within 0.59-0.62, comparable)
Text -16.92 / 1
C1 vs C2-Light 37% d=4.39 <110
Audio WER 15.65%+19.14%,
C1 only - - - CER 10.33%+15.73%
(Whisper-tiny) (LibriSpeech test-clean, n=2,620)
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Aefo=z  ZF  1,0007H0 sHFsHIth. 4 279
DistilBERT INT8(66M)2 LLaVA-7B FP16/Q4 U
Qwen2-VL-2Bt AV 553t F1 54(0.62)2 275t
WA Textold A 37d] wE SEZ AlESI
Whisper-tiny?] WER 15.65%5 94—‘,5?_—01 A HaE
5.6% tfy] 7z odg} CPU =0 g Ao,
Vision £3 P2 RIO|(Z7F vs. VQA)E oI5| A& A
e "Wt E7Fsst

O

2. Concurrent Serving and Normalized Metrics

Table 62 7I'8-&A] AY 1t A|AAIZT HelE UERd
.
Table 6. Individual vs Concurrent Latency
(Distributed, n=50, Wilcoxon signed-rank test)
Metric Vision Text Audio
Individual 26.15 232.28 2,950.36
(ms) +0.38 +1.92 +1,044.70
Concurrent 29.08 315.93 2,951.48
(ms) +0.80 +40.88 +1,086.97
Chage +11.2% +36.0% +0.04%
Wilcoxon <0.001 <0.001 0.660
p-value
Cohen’s d 3.66 2.06 0.006
(paired)
Table 72 u]& A7e} Mejake Uepdct

Table 7. Cost-Normalized Throughput (Throughput/$1K)

Task Basic Dist. Omni. Dist./Omni.
Vision Per-Device 54.6 0.19 288x
Text Per-Device 23.9 0.25 97x
Vision Total cluster 37.1 0.19 195x
Text Total cluster 42 0.25 17x

Table 80J|4 INT4 A5} Hjo]A2kole FP16 SUW
o o] Vision oHX]E 4.678}, Text olHA|S 3.374f

Accuracy/WollA] Texts B4F £271(5.39)1 SUZE
(5.62)0] -5-551H0.964H),  Accuracy/JollM = FAt
(222500 §URZ £71(1.43) o] 15641 ). ol
2% ot} 23] A7+ B nefslof T ojujaict.
=A] A" A] Vision 11.2%, Text= 36.0% R]HA|7F
o] Z7Fst o Audiow AMIAT HebZb QIRITHO.04%,
Wilcoxon p=0.660). Visiony} Text9] Z71= QAAESZ
o]E|9] gRPC Al A7 w2] Fstof 7]Qlst, Audiow
& ARK~2.2x)0] B4 *H¥sEE Y=st] Tiroltt
A £2719] wall-clock P50 2URE £719] A &
AR o] 498 mhech

oAUR] 2gofld 4 270 Vision 0.135]/req® &
yegh £71(108.8]) oyl 806Hl &&40o]ct. AGX Orin
ML BAF 271 MobileViT-S F£2 A] 5,522mW(S-5
oy] +692mW)Q1 ¥, 2Ued =7 LLaVA-7B=
12,056mW(+7,226mW)%Ict. RPib= Whisper £2 A] I
o 9.6W(&-& 4.0W), OPib= DistilBERT F2 A] H
12.3W(H-5 41W)E 7]ZsIit BA] MY 22128 A
A= 13.15]/round2 U zd £71(156.0]) thy] 11.94)
#8Aolct,

Blg  AelThroughput/SIKOIN 24 £71
per-device 7|& 97~288d), & ZAH H|& 7|&
17~1958) &2 &8 H0f, 47% &2 st=g o] v
T A 2710] 8] 380l

FZi PP

X rlo

3. gRPC Communication Overhead
Table 9= gRPC &A1 QW& =2 UERAT) Visiond}
Text®] gRPC QHd|== E2E A|HAIZE] 10% o|uf
(1.56~6.32ms) 2 A|gtAo|ct ZA] A¥l A] ZHzF 1.74),
Leoh £7skgiont el Mof 48 et ollst
Tt Audio® 749ms(24.7%)2 =& QHES Hold,
0]+= float32 raw waveform(~160KB)4 7‘1@9}/0_“‘, A3

A75iRich INT4 YALEL wojAziQl fju] 4t 42 &} "] 7|Qlett). 45 Adoly AEY gRPCE &
Visionof|A] £7F2 1728 &85 o]ct. sl 7iA 7Hssict.
Table 8. Energy Efficiency
Metric C1 Distributed C2-FP16 C2-INT4 C2-Light C1/C2-INT4
Vision Energy/Req (J) 0.135 108.8 23.3 46.6 172X
Text Energy/Req (J) 2.98 472 14.0 6.8 4.7%
Audio Energy/Req (J) 10.03 - - - -
Avg Power (Vision, W) 552 12.06 10.78 8.55 -
A Power vs idle (W) +0.69 +7.23 +6.56 +4.33 -
GPU Memory (Vision, MB) ~2,000 13,931 ~3,800 4,215 -
Concurrent Energy/Round (J) 815 156.0 - - -




8 Journal of The Korea Society of Computer and Information

Table 9. gRPC Communication Overhead. Individual
vs Concurrent Serving

E2E gRPC OH

Task Mode P50 (ms) | OH (ms) | (%)
. . 1.56

Vision Individual 26.15 +025 5.9

Vsion Concurrent 29.08 2.72 9.3
. 3.86

Text Individual 232.28 4021 1.7

Text Concurrent 315.93 6.32 2.0
. . 749.04

Audio Individual 2,950.36 +326 87 247

Audio Concurrent 2,951.48 746.67 24.0

4. Network Environment Sensitivity Analysis

Table 10& ¥4 520] YESIT 87 254 Bt
517] sl 55 UEY T Alyz] o] 5785t /42 YERA
.

Table 10. Network Sensitivity — P50 Latency (n=20
per scenario)

Scenario RTT / Vision Text Audio
BW / Loss (ms) (ms) (ms)

(bZ\Q:ﬁ:e) 160532‘3 é% 317 | 2340 | 47456

Wi-Fi 6 6OOMEZ‘:/O_1% 44.6 | 2381 | 4,797.4
V\(’)'f'ﬁFc'; 200M1s;;25//0_5% 68.4 | 2486 | 68533
56 NR 100;%’;‘55// 1o | 896 | 2636 | 11,1791

Worst 10:4%%25/ /5% 1621 | 3572 | 31,5120

Audio*= RPi59] eth0 QIEjmo]A0]| Linux tc-netem
< A8st AFoln], Visiond} Text= Python & x| 4}
A(RTT + payload/bandwidth)©.2 Al]&do]As}I3iTt
S2 Wi-Fi 6 2732 baseline tid] 1% oJuj wstz AR
A} =510, S39 S4of AL Vision2 X|cf 2.84l, Audio
L 2.48] £7to] IXIc} S5 &9 27104 Audio”} 6.6
b Z7}51= 718 raw waveform(~160KB) &= A|okut
5% 17l Ao T TCP AfAlSo] At Aatolct. 1
o= A /42 YR Y] 2915 /XIS Shol
A Vision 162ms%= INT4 UA}sH Hjo]A2191(2,096ms)
o] 13vf, Text 357ms:= INT4 UAlSH #jo]Aztel
(878ms) Thy] 2.58f wr2r}. Audio?] A4 Tite=
Opus QU FH(~10KBZ 168} =)ottt 2E2|Y gRPCZE
1~8% 4% 7140 7hEsitt. FA41 burst losset HEQ
4 JLe I A4 LAol.

5. NPU Compatibility and Runtime Stability

Hailo-8 NPU+ 2D CNN 8- 2 Whisper(1D conv)
@} DistilBERT(Transformer)S X|QsHX] £sto] CPU
fallbacko] HQstgct. HEIEH ZFE ARF HaE Ae
(coefficient of wvariation, CV)= OPi59] ONNX
Runtime INT8(CPU)o] 0.8%, AGX Orin® TensorRT
FP16(GPU)o] 1.4%, RPi59] PyTorch FP32(CPU)7}
35.4%=, YAt AR 2em detelo] b obgAol
o &4 t22] g GIL §& W= PyTorchrt 71
2 Wse vy

L o=

VI. Discussion

1. Key Findings and Comparison with Prior Work

Y B4 0] 99l S8t 4 2ot Ue o
Ldlo] mieto|g] {2 Rpo], FA}e} HAfo| whE ofwe]
= ¥, RF2jEE guto]lA HE A9 S syt
ojt}. 2 oM INT4 YA} Ho]AZtRla} 7=t H|o]

.
22J91g 57} 24310l o] A ZUS Be| BA

1.1 Decoupling Quantization and Model Size
Effects

= LLaVA-1.5-7B 228 FP160oJl4] Q4_K_M(INT4)
2 YALEE A Vision P502 2,096ms(3.938f), Text P50
2 878ms(3.628))2 TEEW  Vision oYA=
23.3)(4.674)) ZAa= oA R EY, 2] tjg =t KV
WAL 2710 A Fde e e adolth. 34
PyTorch+transformers 2EtQofA] RE-S 7BojjA] 2BZ
=45t A Ho]A2R1(Qwen2-VL-2B FP16)& Vision
P50 4,704ms(1.758), Text P50 846ms(3.76u)= T
Eo}, 54 HEQ] 7MY st =Y 2] Ayl 7t
2 She7t oF 1.75-3.76u o] Eel=ct,

LI T T

1.2 Net Effect of the Distributed Architecture
After Controlling for Quantization and Model Size

sl v 7] 73S SAF Holw BAF 2L
et 27} 9918 SAISITE INT4 YAt ol Aekol
thy] Vision 33ms(63.58)), Text= 231ms(3.84}) k=
o}, 52 EFAYO] 4T o] A2l Ty Vision 1424,
Text 3.74) whert, 4K 241 243 INTS 9}
g} wlo]A2kel v]o] Cohen's d: Vision 8.97, Text
1462 2 g1 37|12 Bt o] xjo|= ndde]Ed 7}
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2£7] ESHGPU TensorRT / CPU INT8 ONNX / CPU
PyTorch)oll T2 ©I9) it 287} Bele] Tl W2
A2]o] o2 wall-clock ©@&0] ZAgtel 124 Fujo|o,
0% 37]-Rjete SUER Tt o Yot Kok
ZAxKH316uH)et Hot A= ARKE.52W vs 12.06W, 2.18H])
7t 502 AYEHA Vision o|UX]/ Q7% ZAR}= 806Hl
2 uMYdoR ok A A uge A,
MobileViT-S& AGX Orino4] gRPC glo] tHE AlsHsth
P50-2 23.78ms(SD=0.32)2 gRPC 73-5{26.15ms) CHH]
2.37ms(9.1%)°] H{s]| =0t 271E0] QAIAEo]E £
5= 0.5-1.2ms/reqo]] 2XIct.

1.3 Quality Equivalence

A EllolE Al 718t FItollA Text QA Fl12 45 2%
0.59~0.62°] &2 ®A(A = 2.8%p)ol] FZ5IH AT &
A= Table 5o AJAIEIT) Vision2 &AF 271 COCO
val2017 5,000%}of| A Mean Confidence
0.487+0.262(631% Zelj~), Audio= LibriSpeech
test-clean 2,6207o|A] WER 15.65%+19.14%2 ZAX ]
ATt &, ©Y REPlE Ao e oy RE(7B
LLaVA)9] #=7} mieju]e7} 66M DistilBERT E+= 2B
Qwen2-VL tfH] 4 ez oJojx]x] 22 A
o7 gRlstgion, Ry Wel =1 wixlz 29 7t
Hlole] oJE/d= AlAste gAl WE X2lg 22t A
Al Neurosurgeon[9]2] DNN mHEj ™t xpEETh

2, Limitations

2 Ao AR o3t Zoh

Arl, 71 WY FHAA F4F 2742 COCO val2017
MA 5,000, SQuUAD v2.0 dev AA| 5,92871,
LibriSpeech test-clean AA| 2,6207f=2 =%} H7}s1d
oy gyug 3% F2 ARE AOHFPl6 SURE2
5,000 A2 A] oF 11A17h o= 1,0008Z0f HYE] Tt
CHF 25 H] 29| Cohen's d > 1.4, p < 1X10°=2 §o]A
< SHEQITH

=, UEHI e75ut SR FHoA 55 UEYT
AlUg]2E RPiH9] te-netem(Audio)y}t Python & A|H
ARl(Vision/Text) 0.2 A5t 01K Table 10), A1
79] burst loss@} SHEQH|, 5-100] Z2|AE &4t A
oY eAIAEOlH B, batch > 1 AP &
HYE Hlofdrt.

AR, SURG o]zl At A 54 A=
gAY . AudioE Al¥sh= 84 2Z(Qwen2-Audio

=)2  Jetson

g HiEz A= Az AL
TensorRT-LLM AWQ INT4%= AAAF 0]ALo]ct. RPib
9 OPi5 A2l USB A&A2 £7sto] 0S¢t YEYS
z2MA HMo] x3E|u R idle AFta} 33] ¥HEo® o
T2 Fastelglon), ¥ INA226 HE 23] £4o] T
Qslet,

YA, YOLOI1-nano®] HEF #gho] n|¢a e AEfo]
o2 7 ©x] ejA39 NPU+CPU SA] A2 Hix|a}
3o =X ol o0, & A9 Vision Bl 27
(MobileViT-S)ol| I},

3. Practical Implications

A HERE AY SF(ATE g, A RUEF)
Ae o715 Z=1AH 24t HiRZE A2j-oyA] 2 &
HolM  Rejstct. 9 REEY WA vY FE
(cross-modal reasoning)o] ZQ3t A= 2Y 2
g HiR7E A|ARD S84 OiE] geAold & A9 '
b 22 #AR BiA] A= A=) A 25 Alset
of. @Y HutolA oM GAIRKINTA 5)- 37 22
Ao e gURE X2 5138 7145 4 glon,
o 229 Al AYEARE S80] 8= S0
Me RFe]E] ©9] tuto]A HEste] 27} 0] 5(63.54])
o] A%gAolag Ak uijR]7} @Ad&|ojof gt} NPUS| &
d sgMda AM Eelsta CPU fallback Rzt S35t
L o] o7lE M Fel WA 4A asol
Audio 5 T}83 tlolE] A4 A] gRPC Qujal|=(24.79%)
7} etz dole g% B A2 AP} Be

sl

VII. Conclusions

2 AJoAE o]71F K] Z2{AE|(AGX Orin +
RPi5+Hailo-8 + OPi5 Plus)o|A] 3% 71&7]9} 4% HERIS
gRPCZ £ B4 Z20) A&},
LLaVA-1.5-7B FP16, =Y Q9] INT4 %UA}st HA
(lama.cpp Q4_K_M), 735 "]A-21o] 2 (Qwen2-VL-2B
FP16)] 35 U= o] A2kola u]waigich

£ o7o) A Aok B4 A9 2912 i, 0
), w4 7ao] Al &n2 BARo Bl ol
=9l [LaVA-1.5-7B 22 FP16o|A INT4Z ortalat
T Vision 3.93ul], Text 3.628}7} 71&EH(LALSE &1,
=% PyTorch+transformers =E}QIOfA] 7BofjA] 2BZ

Mo
oo =
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2d 3718 4% ©f Vision 1.758f, Text 3.768§7} 7}
Loz 7] gah). FAEker 25 37] aikE B4
gh o= INT4 Ateh Hjo]Agiel tfy] 24F F/d2
Vision 63.58f, Text 3.88} &7t w2 oHEAF 159 &
2 b, o= BAF 1110 o|&o] o}t el 37| Fu}
9t ==1™old A 21 A& (multiplicative) 0. 2 A
= Quigttt. Visiono] ©AE 2-J(YALe} 3.93u) x =
2 371 1.758] X 2A4F & 63.581)7F Ao 2AF 4
1} FP16 U2 Ato] 288819] 5 AA F4dEH:
AP 2 YR 3% 25 O8] Vision 80-288H],
Text 3.7-258 =2 A|AAIZ2 F7sI% AL, Vision of|u]
Al 882 INT4 YX15t HjojA2tel Ty] 1728f, FP16 2
Ume o] 806u] OAslQic SA] A A] FAE
22t 13.15]2 24ReEH(156.0]) chy] 11.98) &&X
ojglon], Hl& e} Mg 47% =2 stego] vl&
o= 17~1958] @-5tAet. AA| Hlo]EAl B7HSQuAD
5,9287}-COCO 5,000%LibriSpeech 2,62071) ¥ &4
g 3% 1,000/8Z F7tof|A 45 2% Text QA F1 0.59-

0629 Fe W2 BY 554l Agika <
2.8%p). 5& YEYI AlU]2(Wired/Wi-Fi 6/Wi-Fi

5/5G NR/&|}) 91t e 24 Auh, 24 742 A &4
o= g B ] 9915 SAlslTHE S AN
Vision 162ms-Text 357ms& INT4 %UA}5} Hjo] A2}Q19]
2,096ms-878msHC}t Q4.

54 o2 (1) YOLOll-nano HEF ®ighe Est
NPULCPU 4] A4 7%, () @At 82 molwafe)
(cross-modal pipeline) Gt¢1, (3) 5-10c] 2 AE AA
U2l 9 241 YEYI(WiFi 6, 56 NR) 37 %7}, (4)
efe  AY FY=ZE(Qwenz-Audio 5 H
TensorRT-LLM AWQ INT49}9] 4-way &AF H|w, (5)
b RAAER0]AS S ©HY QAAE oY ¥y
sias A=t
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