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Abstract

This paper presents an on-device learning system that enables both incremental training and real-time recommendation on
low-spec set-top boxes (STBs) without neural processing units (NPUs). Unlike conventional recommendation systems that rely on
server-trained models and perform only inference on devices, the proposed system supports on-device incremental training and
INT8 quantized inference of Matrix Factorization models on ARM Cortex-AS55 based Android TV STBs with 3GB RAM and
fanless design. Key techniques include ARM NEON SIMD acceleration for matrix operations, adaptive resource control based on
CPU temperature and memory utilization during on-device training, and Post-Training Quantization (PTQ) INT8 for inference
optimization. Experimental results demonstrate up to 2.2x inference speedup over a plain C++ implementation through NEON
optimization, along with a 75% reduction in model size via INT8 quantization while maintaining recommendation accuracy
degradation within 0.1 percentage points. On the MovieLens 1M dataset, the proposed system achieves a Hit Rate@10 of 46.88%
with an end-to-end recommendation latency of 0.86 ms, and HNSW-based approximate nearest neighbor search provides up to
11.2x speedup for Top-K retrieval.

Keyword : On-Device Learning, ARM NEON, Lightweight Recommendation System, Matrix Factorization,
INT8 Quantization
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Table 2. Target STB Hardware Specifications

Category Specification

Processor Amlogic S905X4, ARM Cortex-A55 Quad, NEON
128-bit, NPU: None

Memory DDR4 64bit, 3GB

Cooling Fanless, Natural convection

ARM Cortex-AS55+

SIMD 128H|E ¥ €]

Z Android TV OS ¥ m|&

AAE FEE Fo|Z, NEON
A 2HE A Y3t} = 3GB RAM
NeI7) oF 1.52GBE A&-31E

=, Al 859 9 715 vl 2= 500MB~1GB %]

t}. g~ AAZ CPU 2%

7} 65°CE Z3}H DVFS

Comparison ltem TFLite (LiteRT) ONNX Runtime Proposed System
. o Supported
e | ot e e | e 20 s
9 9 9 High runtime overhead for lightweight MF
ARM NEON Automatic Automatic Fully Supported
Optimization (via XNNPACK delegate) (built-in_kernels) (BPR-MF incremental training)
Quantization PTQ / QAT . PTQ INT8
Scheme (INT8/FP16) PTQ / QAT inference (INT8/FP16) (symmetric, NEON-optimized)
Memory Medium High Minimal
Footprint (~50MB_binary+runtime) (~80MB_binary+runtime) (~2MB_engine)
STB-Specific Not specialized Not specialized Specialized
Optimization (general mobile) (general purpose) (thermal and memory control)
Recommendation - s
Model Training Unsupported Unsupported BPR-MF-specific optimization
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INT8-NEON SIMD, HNSW Top-K Search
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BPR Triplenet Generation Learning
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Fig. 1. STB On-Device Recommendation Framework Architecture
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1: Initialize U, V (Xavier, 16 — byte aligned)

2:forepoch =1 to E do

3: foreach (u (u,i,7)EDdo
4: Lyi» Ly
5 M Lﬂ] d<x1£] xul)
6: Ubpdate U,

7 end for
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#4(200MB) 7%+ 7§—°r i‘%v% a‘*l ?XlSh, =
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V. INT8 &xtst F=& mio|zZzfel
1. Post-Training Quantization (PTQ)

1.1 PTQ INT8 & Hx}

St 93 ¥ Float32 YHIH S INTSE Al3}ste] v
AR 75% A B FE SR S A £ 4
T A= A UAFSH(symmetric quantization)E -85}
zero-pointE 022 74T SZH NEON SIMD 4t A]
offset AAFS Al AT A3t Aak= Ad) Adit
], Scale A4t dAVs} o2 A HW, 2] (5)~(6)3 2]

geld:
_ max |w,| (5)
scale = BT
T, =clamp(r0und(i),* 127,127) (6)
scale
INTS bAiatel il 7 AL B4 Quow Sa

{uin) Vo A Eod =64 | Output: U,V

V.), Dot Product NEON(U,, V)

u’ J

Vi, Vivia Vector U pdate NEON

8: Check vesource status (pause if T > 65°C)

9:endfor
10 : return U, V}

Note: NEON acceleration indicates SIMD-optimized implementation of the corresponding operations.

T2l 2. BPR-MF &% 2112|Z (ARM NEON SIMD X3}

Fig. 2. BPR-MF Training with ARM NEON SIMD Optimization
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Table 3. Experimental Environment

Category Specification

Hardware IPTV STB, Cortex-A55 Quad (ARMv8.2-A), NEON

128-bit, 3GB DDR4
Software | Android TV 12, NDK r23 (armeabi-v7a), Clang -O3

B oAges FH Al2E AoA g AlgEHe
MovieLens Elo]EJAIPIS AM2&19ITh ML-IM2 6,040
o] AHEA7F 3,70670 F skl thal] F-o3dt 1,000,2097H 9]

¥ 4. HO|EA EA|
Table 4. Dataset Statistics

0 2 34 55 (GroupLens, 2003), ML-10M<- 69,878
o] AR&AE7E 10,6817H G stol] thal F-oIgk 10,000,0547H €]
HHo 7 A% HGroupLens, 2009). X 4= dlo|EAl <]
SAE e
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Table 5. On-Device Training Performance and Memory Usage

Throughput | VmRSS
28.7K/sec 38MB
31.0K/sec 711MB

Dataset | Epochs | Time/Epoch | Total
ML-1M 40 18sec 12min
ML-10M 20 165sec 55min

Dataset | Users ltems Interactions Ul 13
Samples | Users

ML-1M 6,040 3,706 1,000,209 517,205 6,038

ML-10M | 69,878 | 10,681 10,000,054 | 5,116,172 | 68,368

ML-1M dlo]EAle] 79 oF 1234, ML-10M¢] 73§ <F
55%2] st Akl 225tk ol= STBE] th7] BE A
Zboll S23] 8 7Fed FEolIth

3. %2 M5 Tt

F 69 &= 3(Speedup) Hl-E-> NEON SIMDE A}J‘l
&4 2 4 C++ Float32 T-&(Float32(base)) S 7|15
(1.00x) 2.2 A3}t INTS %A+3te} NEON SIMD
A32 A3 7%, ML-IMolA 1.834], ML-10Mol| A
2. 19HH4 &5 %k Fo gAdskdth

% =90 A, INTSHNEON H4]-& ML-1Moj| A
0.56ms(1.838), ML-10M°ll A 1.69ms(2.198])S ©4d 5o,
INT8 2319 NEON SIMD®] Agte] F wlo]HAl BF
A 7 3 FE s Bk A s SHel

A1, HNSWE ML-1Mell A4 0.30ms(3.804)), ML-10Mo]l A
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Table 6. Inference and Search Performance Comparison

Data Method Infer. (ms) Speedup Search (ms) S. Speedup
ML-1M Float32(base) 1.03 1.00x - -
ML-1M INT8 Seq. 0.96 1.07x - -
ML-1M INT8+NEON 0.56 1.83x - -
ML-1M Brute-force - - 1.15 1.00x
ML-1M HNSW - - 0.30 3.80x
ML-10M Float32(base) 3.70 1.00x - -
ML-10M INT8 Seq. 3.07 1.20x - -
ML-10M INT8+NEON 1.69 2.19x - -
ML-10M Brute-force - - 414 1.00x
ML-10M HNSW - - 0.37 11.22x

0.37ms(11.228) 5 2431990 H, 53] ofo|&] 47} <F 3ul # 7. TFLite |1 4 Z3t (5L STB)

@2 ML-10M9l| 4 Brute-force thH] 118] o]4te] &

s g

Table 7. TFLite Comparison Results (Same STB)

dE Hol gt ofoldl A 9] EE&A)S S SIATh

AA FH vho]=Z}ele] End-to-End(E2E) A A7+
AHEAL e 23], INTS kst W& 71k 32, Top-K
AMe] 3AE 23std, S A& - AR D 9
g A1H, TE A™S TopK 73 A §hg Aot &
FAg o E A

Method _Il_ri]rze(nrg:) Speedup Bér;:;y

Float32 (base) 0.332 1.00x 104KB
INT8+NEON (Proposed) 0.319 1.04x 104KB
Batch Sequential (Proposed) 0.229 1.45% 104KB
TFLite Batch MatMul 0.534 0.62x 1.7MB

& warm-up 10315 A 9]¢t 1003] HHE-©

o

3.1 TFLite =323 H|T
%Y STB 3H7 oA TFLiteE
g3E v HE
4,867 items, dim=16)ll T3} 5
TFLitex= STB &7 0A 7|5
}\é %‘T—E HME]'.
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Table 8. Comprehensive Recommendation Accuracy Comparison (MovieLens 1M)

8 Ak W 71E Y ZHY e
9 K mE =S
|15+ MF-BPR 242
ol WP S-S AH8] 31Tk Float32 the] INTS %AlstE <13t

Method (K=10) Precision Recall NDCG Hit Rate MRR
Popularity 6.68% 4.17% 7.53% 34.20% 15.29%
User-CF 7.99% 6.93% 9.76% 43.77% 18.21%
Item-CF 8.01% 6.34% 9.62% 42.71% 19.01%

MF-BPR (Float32) 8.33% 7.48% 9.95% 46.94% 20.02%
MF-BPR (Proposed) 8.33% 7.47% 9.96% 46.88% 20.04%

A Hjo] 2zt
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Recommendation Accuracy Comparison (MovieLens 1M, K=10)

B MiF-BPR (Proposed) [N Vtem-CF [ User-CF [ Popularity

50%
45%
40%
35%
= 30%
£
Py
&o .
% 25%
& 20%
15%
10%
0% ‘ \ l ’
Precision@10 Recall@10 NDCG@10 Hit Rate@10 MRR
2l 3. &M M&T H|1W (MovieLens 1M, K=10)

Fig. 3. Recommendation Accuracy Comparison (MovieLens 1M, K=10)

I+ OAEE 0.1% Pere s 33 Agro) AZF < o Rate= Z7}3H= A8 A9 trade-off ZA1E Hlth NDCG
o] 9125 Felstdh. 19 32 MovieLens 1M H|©]H © K=209014 11.92%E 7F% =92, Kat 57t w2t
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ARE AAHHoR Nud AHE HAE

9 F4o] ARACRE S Ielskth Hit Rate™
K=20°114 63.16%7H] S71ete] B B2 AREAl Al dd
ofolElo] =EHS BHolalgl. ALd #elA STB Ul
o 4 £F F(EWA LR 5~1070)F L e, K=10°]
Precision®} Recall 7+ #3Ho2 33}

T b 5= o o
’ lo
T

£ 9% B Kale] T A9 AAHMEBPR 4
5 W8E vet 438 %

= STBoA =345}tk -
i 14 'E_ }M_E]r N E 10, KZ{oll T2 53 As 5} (MovieLens 10M)
102 ML-10M H|o|5Alel A 5dst 2102 4 Kgk Table 10. Recommendation Performance by K Value (MovieLens
W24 A% WskE deni, 10M)
Metric @5 @10 @20
F 9. K#tof| 2 F=HM Ms B3 (MovieLens 1M) Precision 7.96% 7.23% 6.32%
Table 9. Recommendation Performance by K Value (MovieLens 1M) Recall 4.31% 7.75% 13.12%
NDCG 8.65% 9.24% 10.79%
Metric @5 @10 @20 Hit Rate 28.24% 41.38% 55.54%
Precision 8.83% 8.33% 7.46% MRR 16.76% 18.50% 19.45%
Recall 4.13% 7.47% 12.87%
NDCG 9.30% 9.96% 11.42% - = = -
ML-10Mof| A &= °§}735¥£ o5l o, HolEAl
Hit Rate 31.22% 46.88% 63.16% M= 8 croee= SLls2m, HlojEA
MRR 18.03% 20.04% 21.12% TEZE oF 108 7HE0 &= Hit Rate@10-> 46.88%114]
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Table 11. Adaptive Resource Control Experiment Results

Category Exp. 1 Exp. 2
Dataset / Epochs ML-1M, 10 epochs ML-10M, 20 epochs

Dim / Temp. Threshold 64D / 60°C (low) 128D / 65°C (default)
Training Time 493s (w/ Pause) 965s
Pause Count/Duration 2 | 465s 0/0s
Max CPU Temp. 60.0°C 61.5°C
Final Loss 0.166 0.089

(a) CPU 25 s} (b) 718 22| Wst (c) 8l £4(BPR Loss) ¥8}

T2 4. ML-10M S5 & 2|44 3 24 HE

Fig. 4. Resource and Loss Changes During ML-10M Training

2l Mol Bot

[&)]
I
0l0
0%

X 112 ASE gar Aol &85 AFsh] 9% 2
WA A AAE UERTh 383 gas Aol 75 B
2HE AT fal 29A AES Fskdth A3 1
Me JAS oEFOoF Y30 Pause/Resume F2HS
AT, Ad 20 = 718 AARSE -&-5F diolEAl
StEo] A stk

AF 194 25 AAZK60°C) 2% A] S0l 2 FA

wo] oF 46027+ W7t F AN EALH, Pause T =
Loss7t 744 2.2 48(0.166) 3tk A9 20014 = 712
A A ZH65°C200MB) .2 ML-10M 52 85 A%
Pause §lo] Ao 2 FAEAT I8 4= ML-10M
olEIAl 85 oA e] CPU =%, MR A& 2 8l
&4 (Loss)®] AAIE WstE UEhdAT

£ =#dA= NPUZL §l= A4S Android TV STB &
Aol PR 71wk FH Tdo] 2rjujo] X~ g 9 3

o f

2 N2"E Aloksky, A STB(KI200UA)N A 2] A5
S 1 AdE rhsds dFskth g4 STBE GPU
(Mali-G31)E HAlsh duld W4 AskS GPU SH3|=
thu] QAateko] zto} ARM NEON SIMD7} AHEAF £ 3
dAH 7HE wetoltt,

2 A7 94 719+ v 2k AR, ARM NEON
SIMD®} INT8 FAtstE ZAdste] &4 C+ thH] Hoi
21941 8] F2 &5 S SASTE 4, HNSW 7|5t
Top-K ZAM o2 1128 &% 43 Recall 100%E S
o gEstAth AA, A5H Piai AE Fa Wex
STBe| & #2] A<} st A= P A<l shg A
t}. o] %3] End-to-End F3 A AAIZF 0.86ms, Hit
Rate@10 46.88%°] 45 243tk

2 A 2EE2 AR A1 H OB MW E AFEA] &
of Zlo|HAI7} B EH, 7]E STBoA LZESo] ¢
golExte 2 A& 7Hsslth vyl MF 7|0 Ty 2
T 2gE FA9 ©d 2= SGDY HAI7F EA) 3T =
b B A= o STB 2 E(KI1200UA, Cortex-AS5)ol A
ZH9o 2, 3% Cortex-A73/A76 5 THYE ARM F
718k tjuto] 2o M 9] A5 HES Tl dvtst 7hsAd
1% 27} vk % vetd ol MY 719k ste]

o

Y

X

o 2



A8 9 191: ARM NEON 7I4b AlFupio) o] e 3 Bd 2rjulo]x S A28 289
(Hyunsoo Kim et al.: On-Device Learning System for Lightweight Recommendation Models on Set-Top Box with ARM NEON Optimization)

By = 2dP Federated Learnings £3F 24+ sk, A4
IPTV A% 2718 483 84 452 Agsy itk

(1]

(2]

(3]

(4

(5]

(6]

[

(8]

(9]

[10]

#one

# (References)

Ministry of Science and ICT, Korea Communications Commission,
and KISDI, “2024 Broadcasting Industry Survey Report,” 2024.
https://www.kisdi.re kr/report/view.do?key=m2101113024153&mast
erld=3934581&arrMasterld=393458 1 &artld=1812716 (accessed
Mar. 11, 2026)

K. Zou and A. Sun, “A Survey of Real-World Recommender Systems:
Challenges, Constraints, and Industrial Perspectives,” arXiv:2509.
06002, 2025.

doi: https://doi.org/10.48550/arXiv.2509.06002

Google, “LiteRT (formerly TensorFlow Lite) Documentation,”
https://ai.google.dev/edge/litert (accessed Mar. 11, 2026).

Apple, “Core ML Documentation,” https://developer.apple.com/
documentation/coreml (accessed Mar. 11, 2026)

S. Han, H. Mao, and W. J. Dally, “Deep Compression: Compressing
Deep Neural Networks with Pruning, Trained Quantization and
Huffman Coding,” *Proceedings of International Conference on
Learning Representations (ICLR)*, San Juan, Puerto Rico, 2016.

doi: https://doi.org/10.48550/arXiv.1510.00149

B. Jacob et al.,
Efficient
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR)*, Salt Lake City, USA, pp. 2704-2713, June 2018.

doi: https://doi.org/10.1109/CVPR.2018.00286

H. B. McMabhan et al., “Communication-Efficient Learning of Deep

Quantization and Training of Neural Networks for

Integer-Arithmetic-Only Inference,” *Proceedings of

Networks from Decentralized Data,” *Proceedings of International
Conference on Artificial Intelligence and Statistics (AISTATS)*, Fort
Lauderdale, USA, pp. 1273-1282, April 2017.

F. Ricci, L. Rokach, and B. Shapira, *Recommender Systems
Handbook*, 2nd ed., Springer, New York, pp. 1-35, 2015.

doi: https://doi.org/10.1007/978-1-4899-7637-6

Y. Koren, “The BellKor Solution to the Netflix Grand Prize,” Netflix
Prize Documentation, 2009, https://www2.seas.gwu.edu/~simhaweb/
champalg/ct/papers/KorenBellKor2009.pdf (accessed Mar. 11, 2026).
Y. Hu, Y. Koren, and C. Volinsky, “Collaborative Filtering for Implicit
Feedback Datasets,” *Proceedings of IEEE International Conference
on Data Mining (ICDM)*, Pisa, Italy, pp. 263-272, December 2008.
doi: https://doi.org/10.1109/ICDM.2008.22

E. Kim, S. J. Pyo, and M. Kim, “Automatic Recommendation of
(IP)TV Programs Based on a Rank Model Using Collaborative

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

(21]

[22]

Filtering,” *Journal of Broadcast Engineering*, Vol. 14, No. 2, pp.
238-252,2009.

doi: https://doi.org/10.5909/JBE.2009.14.2.238
S. Oh, Y. Oh, S. Han, and H. J. Kim,
Recommender System Based on User's Viewing History,” *Journal of
Broadcast Engineering*, Vol. 17, No. 1, pp. 129-139, 2012.

doi: https://doi.org/10.5909/JEB.2012.17.1.129

X. He, L. Liao, H. Zhang, L. Nie, X. Hu, and T. S. Chua, “Neural
Collaborative Filtering,” *Proceedings of International World Wide
Web Conference (WWW)*, Perth, Australia, pp. 173-182, April 2017.
doi: https://doi.org/10.1145/3038912.3052569

F. Sun et al., “BERT4Rec:
Bidirectional Encoder Representations from Transformer,”

“Broadcast Content

Sequential Recommendation with
*Pro-
ceedings of ACM International Conference on Information and
Knowledge Management (CIKM)*, Beijing, China, pp. 1441-1450,
November 2019.

doi: https://doi.org/10.1145/3357384.3357895

ARM, “ARM NEON Programmer's Guide Version 1.0,” 2013,
https://developer.arm.com/documentation/den0018/latest (accessed
Mar. 11, 2026).

S.J.Lee, S. S. Park, and K. S. Chung, “Efficient SIMD Implementation
for Accelerating Convolutional Neural Network,” *Proceedings of the
4th International Conference on Communication and Information
Processing (ICCIP)*, Qingdao, China, pp. 174-178, November 2018.
doi: https://doi.org/10.1145/3290420.3290444

Google, “XNNPACK: High-efficiency Floating-point Neural Network
Inference Operators,” GitHub, 2024, https:/github.com/google/XNN
PACK (accessed Mar. 11, 2026)

Amlogic, “S905X4 Datasheet Rev.03,” 2021, https://www.amlogic.
com/ (accessed Mar. 11, 2026)

S. Rendle, C. Freudenthaler, Z. Gantner, and L. Schmidt-Thieme,
“BPR: Bayesian Personalized Ranking from Implicit Feedback,”
*Proceedings of Conference on Uncertainty in Artificial Intelligence
(UAI)*, Montreal, Canada, pp. 452-461, June 2009.

Y. Malkov and D. Yashunin, “Efficient and Robust Approximate
Nearest Neighbor Search Using Hierarchical Navigable Small World
Graphs,” *IEEE Transactions on Pattern Analysis and Machine
Intelligence*, Vol. 42, No. 4, pp. 824-836, April 2020.

doi: https://doi.org/10.1109/TPAMI.2018.2889473

F. M. Harper and J. A. Konstan, “The MovieLens Datasets: History and
Context,” *ACM Transactions on Interactive Intelligent Systems
(TiiS)*, Vol. 5, No. 4, Article 19, December 2015.

doi: https://doi.org/10.1145/2827872

M. Kula, “Metadata Embeddings for User and Item Cold-start
Recommendations,” arXiv:1507.08439, 2015.

doi: https://doi.org/10.48550/arXiv.1507.08439



200 WEFE| =] #3198 A23, 20261 39 (JBE Vol.31, No.2, March 2026)

AN A AN

=] A
2d%

ret

- 20234 : SMOSm SESStnt BIALER

- 20251 ~ B : 7kROE HLUAIGER

- ORCID : https://orcid.org/0009-0002-8517-1353
- TR0} : FFAIAE, SC|jo|A Al Haiwor

—=

2 g o

- 19984 : O|ZO{AICHSt M ZFEISEF WA}

- 20084 ~ SixY : SMCHSID AFEIZE Y I

- ORCID : https://orcid.org/0000-0003-2229-4217

- FHAIEO0} : Social Learning, HIH[0E X2| ¥ 24, HCI, HEIH|O|E, User Centric data analysis




