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1. https:/developer.nvidia.com/blog/nvidia-avo-reaches-100-on-arc-agi-3-
demonstrating-a-frontier-level-general-purpose-architecture-for-long-horizon-
autonomous-agents/

2. NVIDIA's AVO Harness Helps Claude Opus 5 Ace ARC-AGI-3,
https://xenospectrum.com/en/nvidia-avo-harness-arc-agi-3/

3. NVDIA =—Y = FRRIE, BT VOMREL Y b N— R ARGV EE) |
https://www.sbbit.jp/article/cont1/18664 5

4. Six Agent Harness Capabilities for Higher Model Performance,
https://developer.nvidia.com/blog/six-agent-harness-capabilities-for-higher-
model-performance/

5. Itried NVIDIA's new agent framework NOOA with a local LLM on,
https://dev.classmethod.jp/en/articles/nvidia-nooa-local-lm-capability/
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6. NVIDIA AVO Reaches 100% on AREAGI-3 : r/accelerate - Reddit,
https://www.reddit.com/r/accelerate/comments/1vuh3hl/nvidia avo reaches 10

0 on arcagi3/

7. NVIDIA's AVO Hits 100 on ARGAGI-3, Uses 12% Fewer Actions,
https://aiweekly.co/alerts/nvidias -avo-hits-100-on-arc-aqi-3-uses- 12-fewer -
actions
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