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[x2] See the thermal results (blue and purple).
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| 2 what is the capital of Japan?
The capital of Japan is Tokyo.
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[1] O-A%REtt, "IvIIVE1-T1 oI RFEELAIIBAIYY1-33Y Solist-AI™", https://www.rohm.co.jp/support/solist-ai.
[2] Kazuki Sunaga et al., "Addressing Gap between Training Data and Deployed Environment by On-Device Learning", IEEE Micro (2023).
[3] Keisuke Sugiura et al., "InstantFT: An FPGA-Based Runtime Subsecond Fine-tuning of CNN Models", IEEE Micro (2026). 4
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[1] Mineto Tsukada et al., "A Neural Network-Based On-device Learning Anomaly Detector for Edge Devices", IEEE Trans. on Computers (202@.
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[1] N. Y. Liang et al., "A Fast and Accurate Online Sequential Learning Algorithm for Feedforward Networks", IEEE Trans. on NN (2006).
[2] Edward J. Hu et al., "LORA: Low-Rank Adaptation of Large Language Models", arXiv:2106.09685 (2021).
[3] Sadhika Malladi et al., "Fine-Tuning Language Models with Just Forward Passes", NeurIPS'23.



ARG : BRSO SIET R E R ER

EMERETETINEZFE
Bl : BB RE R (1]

\ Raspberry Antenna
Accelerometer Pi Pico \
LPWA Module . ‘

A Demonstration

[1] Kazuki Sunaga et al., "Addressing Gap between Training Data and Deployed Environment by On-Device Learning", IEEE Miﬂ*o (2023). 9
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[1] Hiroki Matsutani et al., "Skip2-LoRA: A Lightweight On-device DNN Fine-tuning Method for Low-cost Edge Devices", ASP-IflC’ZS. 1 1
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[1] Keisuke Sugiura et al., "InstantFT: An FPGA-Based Runtime Subsecond Fine-tuning of CNN Models", IEEE Micro (2026).
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[1] Keisuke Sugiura et al., "InstantFT: An FPGA-Based Runtime Subsecond Fine-tuning of CNN Models", IEEE Micro (2026).
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[1] Takahito Ino et al., "Mitigating Data Poisoning Attack in On-Device Learning Anomaly Detectors via Peer Consensus", AlcompS'25. 1 7




AT I AES  EREHIENESADOMR

« DHER : AT INAMAZEZOIZMICINTZIFDIEVWIIFEZEER
EBHATNAAFEEZEED nﬁ(c.J:D'C BEMEZBENS 1

7151 AADE— EBADEDS. N 71 20— porgpmcavuns. N
EEXAA7HLERL, FUT MIEAISTHhS. = KEXA7HLERL, FUZ FDEHENS. = =
%—bIEtbU?bﬁﬂ@ﬂﬂﬁ%h?hﬂ—nkﬁbh,
ﬂ—n#b+¥ﬁ1ﬁTD mﬁﬂﬁ#*né aﬂaﬁ

; e R F"'M:'- W —

- F@Emiﬁﬂb‘ﬂeli‘lzﬁsn’c WHiWwis, H—NIZE8F %

)
[
—
i_.;
-

Al (A2 B1)

EMFBNFAIEINST—A (BEXDFJTBH)

[1] Takahito Ino et al., "Mitigating Data Poisoning Attack in On-Device Learning Anomaly Detectors via Peer Consensus", AlcompS'25. 1 8
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> What is the capital of Japan?
The capital of Japan is Tokyo.
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[1] O-A%REtt, "IvIIVE1-T1 oI RFEELAIIBAIYY1-33Y Solist-AI™", https://www.rohm.co.jp/support/solist-ai.
[2] Kazuki Sunaga et al., "Addressing Gap between Training Data and Deployed Environment by On-Device Learning", IEEE Micro (2023).
[3] Keisuke Sugiura et al., "InstantFT: An FPGA-Based Runtime Subsecond Fine-tuning of CNN Models", IEEE Micro (2026). 19
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> Who are you?
1 am a large language model, trained by Google.

I

> What is the capital of Japan?
The capital of Japan is Tokyo.

> Where is Keio University?
Keio University is located in **Tokyo**, Japan.
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[1] Hiroki Matsutani et al., "Accelerating Local LLMs on Resource-Constrained Edge Devices via Distributed Prompt Caching", arXiv Preprint (ﬁ%).
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[1] Hiroki Matsutani et al., "Accelerating Local LLMs on Resource-Constrained Edge Devices via Distributed Prompt Caching", arXiv Preprint (3%).
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