P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ S⌉⌋≀\⌈ I\⊔⌉∇\⊣⊔⟩≀\⊣↕ W≀∇‖∫⟨≀√ ≀\ M⊓↕⊔⟩∫⊔∇⊣⊔⌉}† L⌉⊣∇\⟩\}⇔ H⊣∇√⌉∇∫ F⌉∇∇†⇔ WV⇔M⊣† ∞∃∃∋↙

A M⊓↕⊔⟩∫⊔∇⊣⊔⌉}† C⊣∫⌉↖B⊣∫⌉⌈ ⊣\⌈ R⌉⟩\{≀∇⌋⌉⇕⌉\⊔ L⌉⊣∇\⟩\} A√√∇≀⊣⌋⟨ ⊔≀ S⌉↕{↖I⇕√∇≀⊑⟩\} R⌉⊣⌋⊔⟩⊑⌉ C≀\⊔∇≀↕ S†∫⊔⌉⇕∫ {≀∇ A⊓⊔≀\≀⇕≀⊓∫ R≀⌊≀⊔⟩⌋ N⊣⊑⟩}⊣⊔⟩≀\ A∫⟨⊒⟩\ R⊣⇕ ⊣\⌈ J⊓⊣\ C⊣∇↕≀∫ S⊣\⊔⊣⇕⊣∇ ≻�⊣ C≀↕↕⌉}⌉ ≀{ C≀⇕√⊓⊔⟩\} G⌉≀∇}⟩⊣ I\∫⊔⟩⊔⊓⊔⌉ ≀{ T⌉⌋⟨\≀↕≀}† A⊔↕⊣\⊔⊣⇔ G⌉≀∇}⟩⊣ ∋′∋∋∈↖′∈∀′ {⊣∫⟨⊒⟩\⇔⌋⊣∇↕≀∫}ℵ⌋⌋↙}⊣⊔⌉⌋⟨↙⌉⌈⊓

A⌊∫⊔∇⊣⌋⊔ T⟨⟩∫ √⊣√⌉∇ √∇⌉∫⌉\⊔∫ ⊣ ∫⌉↕{↖⟩⇕√∇≀⊑⟩\} ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ∫†∫⊔⌉⇕ {≀∇ ⊣⊓⊔≀\≀⇕≀⊓∫ ∇≀⌊≀⊔⟩⌋ \⊣⊑⟩}⊣↖ ⊔⟩≀\↙ T⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⊓∫⌉∫ ⊣ ∫⌋⟨⌉⇕⊣↖ ⌊⊣∫⌉⌈ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ∫†∫⊔⌉⇕ ⊔≀ √⌉∇{≀∇⇕ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⌋≀⇕⌊⟩\⌉∫ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ∇⌉⊣∫≀\⟩\} ⊣\⌈ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\↖ ⟩\} ⊔≀ ⌋≀\⊔⟩\⊓≀⊓∫↕† ⊔⊓\⌉ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ∫†∫⊔⌉⇕ ⊔⟨∇≀⊓}⟨ ⌉§√⌉∇⟩⌉\⌋⌉↙ T⟨⌉ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ∇⌉⊣∫≀\↖ ⟩\} ⌋≀⇕√≀\⌉\⊔ √⌉∇⌋⌉⟩⊑⌉∫ ⊣\⌈ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉∫ ⊔⟨⌉ ∫†∫⊔⌉⇕≃∫ ⌉\⊑⟩∇≀\⇕⌉\⊔⇔ ∇⌉⊔∇⟩⌉⊑⌉∫ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌋⊣∫⌉⇔ ⊣\⌈ ⊓∫⌉∫ ⊔⟨⌉ ∇⌉⌋≀⇕⇕⌉\⌈⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⌋⊣∫⌉ ⊔≀ ⊔⊓\⌉ ⊔⟨⌉ √⊣∇⊣⇕⌉⊔⌉∇∫ ≀{ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ∫†∫⊔⌉⇕↙ T⟨⌉ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\} ⌋≀⇕√≀\⌉\⊔ ∇⌉⊘\⌉∫ ⊔⟨⌉ ⌋≀\⊔⌉\⊔ ≀{ ⊔⟨⌉ ⌋⊣∫⌉∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⌋⊓∇↖ ∇⌉\⊔ ⌉§√⌉∇⟩⌉\⌋⌉↙ T≀}⌉⊔⟨⌉∇⇔ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⌋≀⇕↖ √≀\⌉\⊔∫ √⌉∇{≀∇⇕ ≀\↖↕⟩\⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\⇔ ∇⌉∫⊓↕⊔⟩\} ⟩\ ⟩⇕√∇≀⊑⌉⌈ √⌉∇{≀∇⇕⊣\⌋⌉ ⊣∫ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ∫†∫⊔⌉⇕ ⊔⊓\⌉∫ ⟩⊔∫⌉↕{ ⊔≀ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔⇔ ⊣∫ ⊒⌉↕↕ ⊣∫ ≀\↖↕⟩\⌉ ↕⌉⊣∇\⟩\}⇔ ∇⌉∫⊓↕⊔⟩\} ⟩\ ⊣\ ⟩⇕√∇≀⊑⌉⌈ ↕⟩⌊∇⊣∇† ≀{ ⌋⊣∫⌉∫ ⊔⟨⊣⊔ ⌋⊣√⊔⊓∇⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔⊣↕ ∇⌉}⊓↕⊣∇⟩⊔⟩⌉∫ \⌉⌋⌉∫∫⊣∇† ⊔≀ √⌉∇{≀∇⇕ ≀\↖↕⟩\⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\↙ T⟨⌉ ∫†∫⊔⌉⇕ ⟩∫ ⌉§⊔⌉\∫⟩⊑⌉↕† ⌉⊑⊣↕⊓⊣⊔⌉⌈ ⊔⟨∇≀⊓}⟨ ∫⟩⇕⊓↕⊣↖ ⊔⟩≀\ ∫⊔⊓⌈⟩⌉∫ ⊓∫⟩\} ∫⌉⊑⌉∇⊣↕ √⌉∇{≀∇⇕⊣\⌋⌉ ⇕⌉⊔∇⟩⌋∫ ⊣\⌈ ∫†∫⊔⌉⇕ ⌋≀\⊘}⊓∇⊣⊔⟩≀\∫↙ K⌉†⊒≀∇⌈∫¬ R≀⌊≀⊔ \⊣⊑⟩}⊣⊔⟩≀\⇔ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\↖ ⊔∇≀↕⇔ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ∇⌉⊣∫≀\⟩\}⇔ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\↖ ⟩\}⇔ ⊣⌈⊣√⊔⟩⊑⌉ ⌋≀\⊔∇≀↕↙ ∞ I\⊔∇≀⌈⊓⌋⊔⟩≀\ A⊓⊔≀\≀⇕≀⊓∫ ∇≀⌊≀⊔⟩⌋ \⊣⊑⟩}⊣⊔⟩≀\ ⟩∫ ⌈⌉⊘\⌉⌈ ⊣∫ ⊔⟨⌉ ⊔⊣∫‖ ≀{ ⊘\⌈⟩\} ⊣ √⊣⊔⟨ ⊣↕≀\} ⊒⟨⟩⌋⟨ ⊣ ∇≀⌊≀⊔ ⌋⊣\ ⇕≀⊑⌉ ∫⊣{⌉↕† {∇≀⇕ ⊣ ∫≀⊓∇⌋⌉ √≀⟩\⊔ ⊔≀ ⊣ ⌈⌉∫⊔⟩\⊣⊔⟩≀\ √≀⟩\⊔ ⟩\ ⊣\ ≀⌊∫⊔⊣⌋↕⌉↖∇⟩⌈⌈⌉\ ⊔⌉∇∇⊣⟩\⇔ ⊣\⌈ ⌉§⌉⌋⊓⊔⟩\}

⊔⟨⌉ ⊣⌋⊔⟩≀\∫ ⊔≀ ⌋⊣∇∇† ≀⊓⊔ ⊔⟨⌉ ⇕≀⊑⌉⇕⌉\⊔ ⟩\ ⊣ ∇⌉⊣↕ ≀∇ ∫⟩⇕⊓↕⊣⊔⌉⌈ ⊒≀∇↕⌈↙ S⌉⊑⌉∇⊣↕ ⇕⌉⊔⟨≀⌈∫ ⟨⊣⊑⌉ ⌊⌉⌉\ √∇≀√≀∫⌉⌈ {≀∇ ⊔⟨⟩∫ ⊔⊣∫‖⇔ ∇⊣\}⟩\} {∇≀⇕ ⟨⟩}⟨↖↕⌉⊑⌉↕ √↕⊣\\⟩\} ⇕⌉⊔⟨≀⌈∫ ⊔≀ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕⌉⊔⟨≀⌈∫↙ H⟩}⟨↖↕⌉⊑⌉↕ √↕⊣\\⟩\} ⇕⌉⊔⟨≀⌈∫ ⊓∫⌉ ⌉§⊔⌉\∫⟩⊑⌉ ⊒≀∇↕⌈ ‖\≀⊒↕⌉⌈}⌉ ⊣\⌈ ⟩\{⌉∇⌉\⌋⌉∫ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⌉\⊑⟩↖ ∇≀\⇕⌉\⊔ ⊔⟨⌉† ⟩\⊔⌉∇⊣⌋⊔ ⊒⟩⊔⟨ ⇐F⟩‖⌉∫⇔ H⊣∇⊔ ↘ N⟩↕∫↖ ∫≀\⇔ ∞∃∈∅ S⊣⌋⌉∇⌈≀⊔⟩⇔ ∞∃▽⇒↙ K\≀⊒↕⌉⌈}⌉ ⊣⌊≀⊓⊔ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊣⌋⊔⟩≀\∫ ⊣\⌈ ⊔⟨⌉⟩∇ ⌋≀\∫⌉∐⊓⌉\⌋⌉∫ ⟩∫ ⊓∫⌉⌈ ⊔≀ {≀∇⇕⊓↕⊣⊔⌉ ⊣ ⌈⌉⊔⊣⟩↕⌉⌈ √↕⊣\ ⌊⌉{≀∇⌉ ⊔⟨⌉ ⊣⌋⊔⟩≀\∫ ⊣∇⌉ ⊣⌋⊔⊓⊣↕↕† ⌉§⌉⌋⊓⊔⌉⌈ ⟩\ ⊔⟨⌉ ⊒≀∇↕⌈↙ S⊓⌋⟨ ∫†∫⊔⌉⇕∫ ⌋⊣\ ∫⊓⌋⌋⌉∫∫{⊓↕↕† √⌉∇{≀∇⇕ ⊔⟨⌉ √⊣⊔⟨↖⊘\⌈⟩\} ∇⌉∐⊓⟩∇⌉⌈ ⌊† ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖⇔ ⌊⊓⊔ ≀\↕† ⟩{ ⊣\ ⊣⌋⌋⊓∇⊣⊔⌉ ⊣\⌈ ⌋≀⇕√↕⌉⊔⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊒≀∇↕⌈ ⟩∫ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⊔⟨⌉ ∫†∫⊔⌉⇕↙ C≀\∫⟩⌈⌉∇⊣⌊↕⌉ ⟨⟩}⟨↖↕⌉⊑⌉↕ ‖\≀⊒↕↖ ⌉⌈}⌉ ⟩∫ ⊣↕∫≀ \⌉⌉⌈⌉⌈ ⊔≀ ↕⌉⊣∇\ {∇≀⇕ √↕⊣\\⟩\} ⌉§√⌉↖ ∇⟩⌉\⌋⌉∫ ⇐⌉↙}↙⇔ H⊣⇕⇕≀\⌈⇔ ∞∃∀∃⊣∅ M⟩\⊔≀\⇔ ∞∃∀∀∅ M≀∫⊔≀⊒ ↘ B⟨⊣⊔\⊣}⊣∇⇔ ∞∃∀∅ S⌉}∇⌉⇔ ∞∃∀∀⇒↙ S⊓⌋⟨ ⊣ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⟩∫ ⊓∫⊓⊣↕↕† \≀⊔ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⟩\ ∇⌉⊣↕↖ ⊒≀∇↕⌈ ⌉\⊑⟩∇≀\⇕⌉\⊔∫⇔ ⊒⟨⟩⌋⟨ ⊣∇⌉ ⌋≀⇕√↕⌉§ ⊣\⌈ ⌈†↖ \⊣⇕⟩⌋ ⟩\ \⊣⊔⊓∇⌉↙ T≀ ⌊⊓⟩↕⌈ ⊔⟨⌉ \⌉⌋⌉∫∫⊣∇† ∇⌉√∇⌉↖ ∫⌉\⊔⊣⊔⟩≀\∫⇔ ⊣ {⊣∫⊔ ⊣\⌈ ⊣⌋⌋⊓∇⊣⊔⌉ √⌉∇⌋⌉√⊔⟩≀\ √∇≀↖ ⌋⌉∫∫ ⟩∫ ∇⌉∐⊓⟩∇⌉⌈ ⊔≀ ∇⌉↕⟩⊣⌊↕† ⇕⊣√ ∫⌉\∫≀∇† ⟩\√⊓⊔∫ ⊔≀ ⟨⟩}⟨↖↕⌉⊑⌉↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⊒≀∇↕⌈↙ A ∫⌉⌋≀\⌈ √∇≀⌊↕⌉⇕ ⊒⟩⊔⟨ ⟨⟩}⟨↖↕⌉⊑⌉↕ √↕⊣\\⟩\} ⟩∫ ⊔⟨⌉ ↕⊣∇}⌉ ⊣⇕≀⊓\⊔ ≀{ √∇≀⌋⌉∫∫⟩\} ⊔⟩⇕⌉ ∇⌉∐⊓⟩∇⌉⌈⇔ ∇⌉∫⊓↕⊔↖ ⟩\} ⟩\ ∫⟩}\⟩⊘⌋⊣\⊔ ∫↕≀⊒⌈≀⊒\ ⊣\⌈ ⊔⟨⌉ ⟩\⊣⌊⟩↕⟩⊔† ⊔≀ ∇⌉∫√≀\⌈ ⟩⇕⇕⌉⌈⟩⊣⊔⌉↕† ⊔≀ ⊓\⌉§√⌉⌋⊔⌉⌈ ∫⟩⊔⊓⊣⊔⟩≀\∫↙ S⟩⊔⊓⊣⊔⌉⌈ ≀∇ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕⌉⊔⟨≀⌈∫ ⟨⊣⊑⌉ ⌊⌉⌉\ √∇≀√≀∫⌉⌈ ⊣∫ ⊣\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊔≀ ⟨⟩}⟨↖↕⌉⊑⌉↕ √↕⊣\↖ \⟩\} ⇕⌉⊔⟨≀⌈∫ ⇐A∇‖⟩\⇔ ∞∃∀∃∅ B∇≀≀‖∫⇔ ∞∃∀∅̸ K⊣⌉↕↖ ⌊↕⟩\}⇔ ∞∃∀∅̸ P⊣†⊔≀\⇔ ∞∃∀⇏↙ I\ ⊔⟨⌉∫⌉ ⇕⌉⊔⟨↖ ≀⌈∫⇔ \≀ √↕⊣\\⟩\} ⟩∫ √⌉∇{≀∇⇕⌉⌈∅ ⟩\∫⊔⌉⊣⌈⇔ ⊣ ∫⟩⇕↖ √↕⌉ ∫⌉\∫≀∇† ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔

⟩∫ ⊓∫⌉⌈ ⊔≀ ∫⌉↕⌉⌋⊔ ⊔⟨⌉ \⌉§⊔ ⊣⌋⊔⟩≀\ ⊔⟨⊣⊔ ∫⟨≀⊓↕⌈ ⌊⌉ √⌉∇{≀∇⇕⌉⌈↙ A⌋⊔⟩≀\∫ ⊣∇⌉ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊣∫ ∫⟩⇕√↕⌉ ⌊⌉⟨⊣⊑⟩≀∇∫⇔ ⊒⟨⟩⌋⟨ ⌋⊣\ ⌊⌉ ∫⌉↕⌉⌋⊔⌉⌈ ⊣\⌈ ⌉§⌉⌋⊓⊔⌉⌈ ∇⊣√⟩⌈↕†⇔ ≀{⊔⌉\ ⟩\ ∇⌉⊣↕↖⊔⟩⇕⌉↙ T⟨⌉∫⌉ ⇕⌉⊔⟨≀⌈∫ ⌋⊣\ ⌋≀√⌉ ⊒⟩⊔⟨ ⊓\‖\≀⊒\ ⊣\⌈ ⌈†\⊣⇕⟩⌋ ⌉\⊑⟩∇≀\⇕⌉\↖ ⊔⊣↕ ⌋≀\⊘}⊓∇⊣⊔⟩≀\∫⇔ ⌊⊓⊔ ≀\↕† ⊔⟨≀∫⌉ ⊔⟨⊣⊔ ↕⟩⌉ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ∫⌋≀√⌉ ≀{ √∇⌉⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⌊⌉⟨⊣⊑⟩≀∇∫↙ F⊓∇⊔⟨⌉∇↖ ⇕≀∇⌉⇔ ∫⊓⌋⟨ ⇕⌉⊔⟨≀⌈∫ ⌋⊣\\≀⊔ ⇕≀⌈⟩{† ≀∇ ⟩⇕√∇≀⊑⌉ ⊔⟨⌉⟩∇ ⌊⌉⟨⊣⊑⟩≀∇∫ ⊔⟨∇≀⊓}⟨ ⌉§√⌉∇⟩⌉\⌋⌉⇔ ∫⟩\⌋⌉ ⊔⟨⌉† ⌈≀ \≀⊔ ⟨⊣⊑⌉ ⊣\† √∇⌉⌈⟩⌋⊔⟩⊑⌉ ⌋⊣√⊣⌊⟩↕⟩⊔† ⊔⟨⊣⊔ ⌋≀⊓↕⌈ ⊣⌋⌋≀⊓\⊔ {≀∇ {⊓⊔⊓∇⌉ ⌋≀\∫⌉∐⊓⌉\⌋⌉∫ ≀{ ⊔⟨⌉⟩∇ ⊣⌋⊔⟩≀\∫⇔ \≀∇ ⊣ ⟨⟩}⟨⌉∇↖↕⌉⊑⌉↕ {≀∇⇕⊣↕⟩∫⇕ ⟩\ ⊒⟨⟩⌋⟨ ⊔≀ ∇⌉√∇⌉↖ ∫⌉\⊔ ⊣\⌈ ∇⌉⊣∫≀\ ⊣⌊≀⊓⊔ ⊔⟨⌉ ‖\≀⊒↕⌉⌈}⌉ \⌉⌋⌉∫∫⊣∇† {≀∇ ∫⊓⌋⟨ ⊣\⊣↕†∫⟩∫↙ W⌉ √∇≀√≀∫⌉ ⊣ ∫⌉↕{↖⟩⇕√∇≀⊑⟩\} \⊣⊑⟩}⊣⊔⟩≀\ ∫†∫⊔⌉⇕ ⊔⟨⊣⊔ ⊓∫⌉∫ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ {≀∇ {⊣∫⊔ √⌉∇{≀∇⇕⊣\⌋⌉⇔ ⊣⊓}⇕⌉\⊔⌉⌈ ⊒⟩⊔⟨ ⇕⊓↕⊔⟩∫⊔∇⊣⊔⌉}† ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨≀⌈∫ ⊔⟨⊣⊔ ⊣↕↕≀⊒ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊔≀ ⊣⌈⊣√⊔ ⊔≀ \≀⊑⌉↕ ⌉\⊑⟩∇≀\↖ ⇕⌉\⊔∫ ⊣\⌈ ⊔≀ ↕⌉⊣∇\ {∇≀⇕ ⟩⊔∫ ⌉§√⌉∇⟩⌉\⌋⌉∫↙ T⟨⌉ ∫†∫↖ ⊔⌉⇕ ⊣⊓⊔≀\≀⇕≀⊓∫↕† ⊣\⌈ √∇≀}∇⌉∫∫⟩⊑⌉↕† ⌋≀\∫⊔∇⊓⌋⊔∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⊣↕ ∫⊔∇⊓⌋⊔⊓∇⌉∫ ⊔⟨⊣⊔ ⊣⟩⌈ ⊔⟨⌉ \⊣⊑⟩}⊣↖ ⊔⟩≀\ ⊔⊣∫‖ ⌊† ∫⊓√√↕†⟩\} ⊔⟨⌉ √∇⌉⌈⟩⌋⊔⟩⊑⌉ ⌋⊣√⊣⌊⟩↕⟩⊔† ⊔⟨⊣⊔ ∫⊔⊣\⌈⊣∇⌈ ∇⌉⊣⌋⊔⟩⊑⌉ ∫†∫⊔⌉⇕∫ ↕⊣⌋‖↙ T⟨⌉ ∇⌉√∇⌉↖ ∫⌉\⊔⊣⊔⟩≀\∫ ⊣∇⌉ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊓∫⟩\} ⊣ ⟨†⌊∇⟩⌈ ⌋⊣∫⌉↖ ⌊⊣∫⌉⌈ ⊣\⌈ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨≀⌈ ⊒⟩⊔⟨↖ ≀⊓⊔ ⌉§⊔⌉\∫⟩⊑⌉ ⟨⟩}⟨↖↕⌉⊑⌉↕ ∇⌉⊣∫≀\⟩\}↙ T⟨⌉ ∫†∫⊔⌉⇕ ⟩∫ ⊑⌉∇† ∇≀⌊⊓∫⊔ ⊣\⌈ ⌋⊣\ √⌉∇{≀∇⇕ ∫⊓⌋⌋⌉∫∫{⊓↕↕† ⟩\ ⇐⊣\⌈ ↕⌉⊣∇\ {∇≀⇕⇒ \≀⊑⌉↕ ⌉\⊑⟩∇≀\⇕⌉\⊔∫⇔ †⌉⊔ ⟩⊔ ⌋≀⇕↖ √⊣∇⌉∫ {⊣⊑≀∇⊣⌊↕† ⊒⟩⊔⟨ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ∇⌉⊣⌋⊔⟩⊑⌉ ⇕⌉⊔⟨↖ ≀⌈∫ ⟩\ ⊔⌉∇⇕∫ ≀{ ∫√⌉⌉⌈ ⊣\⌈ √⌉∇{≀∇⇕⊣\⌋⌉↙ A {⊓∇↖ ⊔⟨⌉∇ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⊔⟨⌉ ⇕⌉⊔⟨≀⌈ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⌈⌉∫⟩}\⌉∇∫ ⌈≀ \≀⊔ \⌉⌉⌈ ⊔≀ {≀∇⌉∫⌉⌉ ⊣\⌈ ∇⌉√∇⌉∫⌉\⊔ ⊣↕↕ ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔⟩⌉∫ ⊔⟨⊣⊔ ⇕⟩}⟨⊔ ≀⌋⌋⊓∇ ∫⟩\⌋⌉ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⌈⌉⊑⌉↕≀√∫ ⟩⊔∫ ≀⊒\ ⊖⊓\⌈⌉∇∫⊔⊣\⌈⟩\}⪰ ≀{ ⊔⟨⌉ ⊒≀∇↕⌈ ⊣\⌈ ⟩⊔∫ ⊣⌋⊔⟩≀\∫↙ T⟨∇≀⊓}⟨ ⌉§√⌉∇⟩⌉\⌋⌉⇔ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⟩∫ ⊣⌊↕⌉ ⊔≀ ⊣⌈⊣√⊔ ⊔≀⇔ ⊣\⌈ √⌉∇{≀∇⇕ ⊒⌉↕↕ ⟩\⇔ ⊣ ⊒⟩⌈⌉ ∇⊣\}⌉ ≀{ ⌉\⊑⟩∇≀\⇕⌉\⊔∫ ⊒⟩⊔⟨≀⊓⊔ ⊣\† ⊓∫⌉∇ ⟩\⊔⌉∇⊑⌉\⊔⟩≀\ ≀∇ ∫⊓√⌉∇⊑⟩∫≀∇† ⟩\√⊓⊔↙ T⟨⟩∫ ⟩∫ ⊣ √∇⟩↖ ⇕⊣∇† ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋ ⊔⟨⊣⊔ ⊣⊓⊔≀\≀⇕≀⊓∫ ⊣}⌉\⊔∫ ⇕⊓∫⊔ ⟨⊣⊑⌉ ⊔≀ ⟩\⊔⌉∇⊣⌋⊔ ⊒⟩⊔⟨ ∇⌉⊣↕↖⊒≀∇↕⌈ ⌉\⊑⟩∇≀\⇕⌉\⊔∫↙ T⟨⟩∫ √⊣√⌉∇ ⟩∫ ≀∇}⊣\⟩‡⌉⌈ ⊣∫ {≀↕↕≀⊒∫↙ S⌉⌋⊔⟩≀\ ∈ √∇⌉∫⌉\⊔∫ ⊣ ⊔⌉⌋⟨\⟩⌋⊣↕ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕⇔ ⟩\↖ ⌋↕⊓⌈⟩\} ⊔⟨⌉ ∫⌋⟨⌉⇕⊣↖⌊⊣∫⌉⌈ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⌋≀⇕↖ √≀\⌉\⊔⇔ ⊔⟨⌉ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ⊣\⌈ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\↖ ⟩\} ⇕⌉⊔⟨≀⌈∫⇔ ⊣\⌈ ⊔⟨⌉ ∫†∫⊔⌉⇕↖⌉\⊑⟩∇≀\⇕⌉\⊔ ⇕≀⌈⌉↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫⇔ ⊣\⌈ √↕⊣⌋⌉∫ ⟩⊔ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ∇⌉↖ ↕⊣⊔⌉⌈ ⊒≀∇‖ ⟩\ ⊔⟨⌉ ⊣∇⌉⊣↙ S⌉⌋⊔⟩≀\ ∋ √∇⌉∫⌉\⊔∫ ∫⌉⊑⌉∇⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⊔⟨⊣⊔ ⌉⊑⊣↕⊓⊣⊔⌉ ⊔⟨⌉ ∫†∫⊔⌉⇕↙ T⟨⌉ ∇⌉↖ ∫⊓↕⊔∫ ∫⟨≀⊒\ √∇≀⊑⟩⌈⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⊑⊣↕⟩⌈⊣⊔⟩≀\ ≀{ ≀⊓∇ ⊣√√∇≀⊣⌋⟨↙ S⌉⌋⊔⟩≀\ △ ⌋≀\⌋↕⊓⌈⌉∫ ⊒⟩⊔⟨ ⊣ ⌈⟩∫⌋⊓∫↖

∫⟩≀\ ≀{ ⊔⟨⌉ ↕⌉∫∫≀\∫ ↕⌉⊣∇\⌉⌈ {∇≀⇕ ⊔⟨⟩∫ ∇⌉∫⌉⊣∇⌋⟨ ⊣\⌈ ∫⊓}}⌉∫⊔∫ ⌈⟩∇⌉⌋⊔⟩≀\∫ {≀∇ {⊓⊔⊓∇⌉ ∇⌉∫⌉⊣∇⌋⟨↙ ∈ T⌉⌋⟨\⟩⌋⊣↕ D⌉⊔⊣⟩↕∫ ∈↙∞ S†∫⊔⌉⇕ D⌉∫⌋∇⟩√⊔⟩≀\ T⟨⌉ S⌉↕{↖I⇕√∇≀⊑⟩\} N⊣⊑⟩}⊣⊔⟩≀\ S†∫⊔⌉⇕ ⇐SINS⇒ ⌋≀\∫⟩∫⊔∫ ≀{ ⊣ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉⇔ ⊒⟨⟩⌋⟨ ⊓∫⌉∫ ∫⌋⟨⌉⇕⊣↖⌊⊣∫⌉⌈ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕⌉⊔⟨≀⌈∫⇔ ⊣\⌈ ⊣\ ≀\↖↕⟩\⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ⊣\⌈ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉⇔ ⊒⟨⟩⌋⟨ ⊓∫⌉∫ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ∇⌉⊣∫≀\⟩\} ⊣\⌈ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨≀⌈∫↙ T⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⟩∫ ∇⌉↖ ∫√≀\∫⟩⌊↕⌉ {≀∇ ⇕≀⊑⟩\} ⊔⟨⌉ ∇≀⌊≀⊔ ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ⌉\⊑⟩↖ ∇≀\⇕⌉\⊔ {∇≀⇕ ⊔⟨⌉ ∫⊔⊣∇⊔⟩\} ↕≀⌋⊣⊔⟩≀\ ⊔≀ ⊔⟨⌉ ⌈⌉∫⟩∇⌉⌈ }≀⊣↕ ↕≀⌋⊣⊔⟩≀\ ⊒⟨⟩↕⌉ ⊣⊑≀⟩⌈⟩\} ≀⌊∫⊔⊣⌋↕⌉∫ ⊣↕≀\} ⊔⟨⌉ ⊒⊣†↙ T⟨⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ⊣\⌈ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⟨⊣∫ ⊔⊒≀ ∇⌉∫√≀\∫⟩⌊⟩↕⟩⊔⟩⌉∫↙ T⟨⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ∫⊓⌊↖⇕≀⌈⊓↕⌉ √⌉∇{≀∇⇕∫ ≀\↖↕⟩\⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\↖ ⊔∇≀↕ √⊣∇⊣⇕⌉⊔⌉∇∫ ⊔≀ }⌉⊔ ⊔⟨⌉ ⌊⌉∫⊔ √⌉∇{≀∇⇕⊣\⌋⌉ {∇≀⇕ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉↙ T⟨⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ⟩∫ ⌊⊣∫⌉⌈ ≀\ ∇⌉⌋≀⇕⇕⌉\⌈⊣⊔⟩≀\∫ {∇≀⇕ ⌋⊣∫⌉∫ ⊔⟨⊣⊔ ⌋⊣√⊔⊓∇⌉ ⊣\⌈ ⇕≀⌈⌉↕ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊒⟩⊔⟨ ⟩⊔∫ ⌉\↖ ⊑⟩∇≀\⇕⌉\⊔↙ W⟩⊔⟨ ∫⊓⌋⟨ ⊣ ⇕≀⌈⌉↕⇔ SINS ⟩∫ ⊣⌊↕⌉ ⊔≀ √∇⌉⌈⟩⌋⊔ {⊓⊔⊓∇⌉ ⌋≀\∫⌉∐⊓⌉\⌋⌉∫ ≀{ ⟩⊔∫ ⊣⌋⊔⟩≀\∫ ⊣\⌈ ⊣⌋⊔ ⊣⌋⌋≀∇⌈⟩\}↕†↙ T⟨⌉ ↕⌉⊣∇\⟩\} ∫⊓⌊↖⇕≀⌈⊓↕⌉ ⇕≀\↖ ⟩⊔≀∇∫ ⊔⟨⌉ √∇≀}∇⌉∫∫ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊣\⌈ ⟩\⌋∇⌉⇕⌉\↖ ⊔⊣↕↕† ⇕≀⌈⟩⊘⌉∫ ⊔⟨⌉ ⌋⊣∫⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊔⟨∇≀⊓}⟨ ⌉§√⌉∇⟩⌉\⌋⌉↙ F⟩}⊓∇⌉ ∞ ∫⟨≀⊒∫ ⊔⟨⌉ SINS {⊓\⌋⊔⟩≀\⊣↕ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉↙ T⟨⌉ ⇕⊣⟩\ ≀⌊|⌉⌋⊔⟩⊑⌉ ≀{ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⟩∫ ⊔≀ ⌋≀\∫⊔∇⊓⌋⊔ ⊣ ⇕≀⌈⌉↕ ≀{ ⊔⟨⌉ ⌋≀\⊔⟩\⊓≀⊓∫ ∫⌉\∫≀↖ ∇⟩⇕≀⊔≀∇ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊒⟩⊔⟨ ⟩⊔∫ ⌉\⊑⟩↖ ∇≀\⇕⌉\⊔⇔ ⊔⟨⊣⊔ ⟩∫⇔ ⊣ ⇕⊣√√⟩\} {∇≀⇕ ∫⌉\∫≀∇† ⟩\↖ √⊓⊔∫ ⊔≀ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌊⌉⟨⊣⊑⟩≀∇⊣↕ ⇐∫⌋⟨⌉⇕⊣⇒ √⊣∇⊣⇕↖ ⌉⊔⌉∇∫↙ T⟨⟩∫ ⇕≀⌈⌉↕ ⊣↕↕≀⊒∫ ⊔⟨⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⊔≀ ⌋≀\⊔∇≀↕ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⌊† ∫⌉↕⌉⌋⊔⟩\} ⊣\⌈ ⊣⌈⊣√⊔⟩\} ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ ⟩\ ⌈⟩{{⌉∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔∫↙ T≀ ↕⌉⊣∇\ ⊣ ⇕⊣√√⟩\} ⟩\ ⊔⟨⟩∫ ⌋≀\⊔⌉§⊔ ⟩∫ ⊔≀ ⌈⟩∫⌋≀⊑⌉∇ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\⊘}↖ ⊓∇⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⊣∇⌉ ∇⌉↕⌉⊑⊣\⊔ ⊔≀ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖ ⊣\⌈ ⌋≀∇∇⌉∫√≀\⌈⟩\} ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ ⊔⟨⊣⊔ ⟩⇕↖ √∇≀⊑⌉ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\⊣↕ √⌉∇{≀∇⇕⊣\⌋⌉ ≀{ ⊔⟨⌉ ∫†∫↖ ⊔⌉⇕↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨≀⌈ ⟩∫ ⊓\∫⊓√⌉∇⊑⟩∫⌉⌈ ⊣\⌈⇔ ⊓\↕⟩‖⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨↖ ≀⌈∫⇔ ⌈≀⌉∫ \≀⊔ ∇⌉↕† ≀\ ⊣\ ⌉§⊔⌉∇\⊣↕ ∇⌉⊒⊣∇⌈ {⊓\⌋↖ ⊔⟩≀\ ⇐⌋{↙ W⊣⊔‖⟩\∫⇔ ∞∃∀∃∅ W⟨⟩⊔⌉⟨⌉⊣⌈ ↘ B⊣↕↕⊣∇⌈⇔ ∞∃∃′⇒↙ I\∫⊔⌉⊣⌈⇔ ⊔⟨⌉ ∫†∫⊔⌉⇕≃∫ ⊖∇⌉⊒⊣∇⌈⪰ ⌈⌉√⌉\⌈∫ ≀\ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⊔⟨⌉ ≀⌊∫⌉∇⊑⌉⌈ ⇕⊣√√⟩\} ⟩\ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⊔≀ ⊔⟨⌉ ⇕⊣√√⟩\} ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⟩\ ⊔⟨⌉ ⇕≀⌈⌉↕↙ T⟨⟩∫ ⌋⊣⊓∫⌉∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊔≀ ⌋≀\⊑⌉∇}⌉ ⊔≀⊒⊣∇⌈∫ ⊔⟨≀∫⌉ ⇕⊣√√⟩\}∫ ⊔⟨⊣⊔ ⊣∇⌉ ⌋≀\∫⟩∫⊔⌉\⊔ ≀⊑⌉∇

F⟩}⊓∇⌉ ∞¬ S†∫⊔⌉⇕ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉ ⊣ ∫⌉⊔ ≀{ ⌉§√⌉∇⟩⌉\⌋⌉∫↙ T⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊓∫⌉⌈ ⌊† SINS ⊔≀ ⇕≀⌈⌉↕ ⟩⊔∫ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ⊒⟩⊔⟨ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⊣∇⌉ ⟩\⟩⊔⟩⊣↕↕† ⊓\⌈⌉∇↖⌋≀\∫⊔∇⊣⟩\⌉⌈ ⊣\⌈ }⌉\⌉∇⟩⌋∅ ⊔⟨⌉† ⌋≀\⊔⊣⟩\ ⊑⌉∇† ↕⟩⊔⊔↕⌉ ⊓∫⌉{⊓↕ ⟩\{≀∇⇕⊣⊔⟩≀\ {≀∇ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖↙ A∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⟩\⊔⌉∇⊣⌋⊔∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔⇔⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ }∇⊣⌈⊓⊣↕↕† ⇕≀⌈⟩⊘⌉∫ ⊔⟨⌉ ⌋≀\⊔⌉\⊔ ≀{ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊓\⊔⟩↕ ⊔⟨⌉† ⌊⌉⌋≀⇕⌉ ⊓∫⌉{⊓↕ ⊣\⌈ √∇≀⊑⟩⌈⌉ ∇⌉↕⟩⊣⌊↕⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ {≀∇ ⊣⌈⊣√⊔⟩\} ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ∫†∫⊔⌉⇕ ⊔≀ ⊔⟨⌉ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⊣⊔ ⟨⊣\⌈↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⊣\⌈ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉∫ {⊓\⌋⊔⟩≀\ ⟩\ ⊣\ ⟩\⊔⌉}∇⊣⊔⌉⌈ ⇕⊣\\⌉∇↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⟩∫ ⊣↕⊒⊣†∫ ⊔∇†⟩\} ⊔≀ ⊘\⌈ ⊣ ⌊⌉⊔⊔⌉∇ ⇕≀⌈⌉↕ ≀{ ⊔⟨⌉ ⟩\⊔⌉∇↖ ⊣⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊒⟩⊔⟨ ⟩⊔∫ ⌉\⊑⟩∇≀\⇕⌉\⊔ ∫≀ ⊔⟨⊣⊔ ⟩⊔ ⌋⊣\ ⊔⊓\⌉ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⊔≀ √⌉∇{≀∇⇕ ⟩⊔∫ {⊓\⌋⊔⟩≀\ ⌊⌉⊔⊔⌉∇↙ T⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ √∇≀⊑⟩⌈⌉∫ {⌉⌉⌈⌊⊣⌋‖ ⊔≀ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ∫≀ ⟩⊔ ⌋⊣\ ⌊⊓⟩↕⌈ ⊣ ⌊⌉⊔⊔⌉∇ ⇕≀⌈⌉↕ ≀{ ⊔⟨⟩∫ ⟩\⊔⌉∇⊣⌋⊔⟩≀\↙ T⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⟩∫ ⊔⟨⌉\ ⊔⟨⌉ ∇⌉∫⊓↕⊔ ≀{ ⊣\ ⌉∐⊓⟩↕⟩⌊↖ ∇⟩⊓⇕ √≀⟩\⊔ ⌉∫⊔⊣⌊↕⟩∫⟨⌉⌈ ⌊† ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⊒⟨⟩⌋⟨ ⟩∫ ⊔∇†⟩\} ⊔≀ ∇⌉⊘\⌉ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊣\⌈ ⊔⟨⌉ ⌉\⊑⟩↖ ∇≀\⇕⌉\⊔ ⊒⟨⟩⌋⟨ ⟩∫ ⌋≀⇕√↕⌉§ ⊣\⌈ ⌈†\⊣⇕⟩⌋ ⟩\ \⊣↖ ⊔⊓∇⌉↙ T⟨⟩∫ ⌉∐⊓⟩↕⟩⌊∇⟩⊓⇕ ⇕⊣† ∫⟨⟩{⊔ ⊣\⌈ \⌉⌉⌈ ⊔≀ ⌊⌉ ∇⌉↖⌉∫⊔⊣⌊↕⟩∫⟨⌉⌈ ⟩{ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋⟨⊣\}⌉∫ ⌈∇⊣∫↖ ⊔⟩⌋⊣↕↕†∅ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩∫ }⌉\⌉∇⟩⌋ ⌉\≀⊓}⟨ ⊣⊔ ⊣\† √≀⟩\⊔ ⊔≀ ⌊⌉ ⊣⌊↕⌉ ⊔≀ ⌈⌉⊣↕ ⊒⟩⊔⟨ ⊣ ⊑⌉∇† ⊒⟩⌈⌉ ∇⊣\}⌉ ≀{ ⌉\⊑⟩∇≀\⇕⌉\⊔∫↙ W⌉ \≀⊒ √∇⌉∫⌉\⊔ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⇕≀⌈⊓↕⌉⇔ ⊔⟨⌉ ∇⌉√∇⌉↖ ∫⌉\⊔⊣⊔⟩≀\∫ ⊓∫⌉⌈ ⌊† ⊔⟨⌉ ∫†∫⊔⌉⇕⇔ ⊣\⌈ ⊔⟨⌉ ⇕⌉⊔⟨≀⌈∫ ⊓∫⌉⌈ ⌊† ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⟩\ ⇕≀∇⌉ ⌈⌉⊔⊣⟩↕↙ ∈↙∈ T⟨⌉ S⌋⟨⌉⇕⊣↖B⊣∫⌉⌈ R⌉⊣⌋⊔⟩⊑⌉ C≀\⊔∇≀↕ M≀⌈⊓↕⌉ T⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕≀⌈⊓↕⌉ ⟩∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ A⊓RA ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉ ⇐A∇‖⟩\⇔ ∞∃∀∃⇒⇔ ⊣\⌈ ⌋≀\∫⟩∫⊔∫

≀{ ⊣ ∫⌉⊔ ≀{ ⇕≀⊔≀∇ ∫⌋⟨⌉⇕⊣∫ ⊔⟨⊣⊔ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⟩\⌈⟩↖ ⊑⟩⌈⊓⊣↕ ⇕≀⊔≀∇ ⌊⌉⟨⊣⊑⟩≀∇∫ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⊔⟨⌉ ∫†∫⊔⌉⇕↙ E⊣⌋⟨ ∫⌋⟨⌉⇕⊣ ∇⌉⊣⌋⊔∫ ⊔≀ ∫⌉\∫≀∇† ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔⇔ ⊣\⌈ √∇≀⌈⊓⌋⌉∫ ⊣ ⊑⌉↕≀⌋⟩⊔† ⊑⌉⌋↖ ⊔≀∇ ∇⌉√∇⌉∫⌉\⊔⟩\} ⊔⟨⌉ ⌈⟩∇⌉⌋⊔⟩≀\ ⊣\⌈ ∫√⌉⌉⌈ ⊣⊔ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ∇≀⌊≀⊔ ⟩∫ ⊔≀ ⇕≀⊑⌉ }⟩⊑⌉\ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\↖ ⊔⊣↕ ⌋≀\⌈⟩⊔⟩≀\∫↙ T⟨⌉ ⊑⌉↕≀⌋⟩⊔† ⊑⌉⌋⊔≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊣↕↕ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣∫ ⊣∇⌉ ⊔⟨⌉\ ⌋≀⇕⌊⟩\⌉⌈ ⊔≀ √∇≀⌈⊓⌋⌉ ⊣ √≀⊔⌉\⊔⟩⊣↕ ⊘⌉↕⌈ ⊔⟨⊣⊔ ⌈⟩∇⌉⌋⊔∫ ⊔⟨⌉ ⊣⌋⊔⊓⊣↕ ⇕≀⊑⌉⇕⌉\⊔ ≀{ ⊔⟨⌉ ∇≀⌊≀⊔↙ S⟩⇕√↕⌉ ⌊⌉⟨⊣⊑⟩≀∇∫⇔ ∫⊓⌋⟨ ⊣∫ ⊒⊣\↖ ⌈⌉∇⟩\}⇔ ≀⌊∫⊔⊣⌋↕⌉ ⊣⊑≀⟩⌈⊣\⌋⌉⇔ ⊣\⌈ }≀⊣↕ {≀↕↕≀⊒⟩\}⇔ ⌋⊣\ ⌋≀⇕⌊⟩\⌉ ⊔≀ √∇≀⌈⊓⌋⌉ ⌋≀⇕√↕⌉§ ⌉⇕⌉∇}⌉\⊔ ⌊⌉↖ ⟨⊣⊑⟩≀∇∫ ⟩\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌉\⊑⟩∇≀\⇕⌉\⊔↙ D⟩{{⌉∇⌉\⊔ ⌉⇕⌉∇}⌉\⊔ ⌊⌉⟨⊣⊑⟩≀∇∫ ⌋⊣\ ⌊⌉ ≀⌊⊔⊣⟩\⌉⌈ ⌊† ⇕≀⌈↖ ⟩{†⟩\} ⊔⟨⌉ ∫⟩⇕√↕⌉ ⌊⌉⟨⊣⊑⟩≀∇∫↙ T⟨⟩∫ ⊣↕↕≀⊒∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊔≀ ⟩\⊔⌉∇⊣⌋⊔ ∫⊓⌋⌋⌉∫∫{⊓↕↕† ⟩\ ⌈⟩{{⌉∇⌉\⊔ ⌉\↖ ⊑⟩∇≀\⇕⌉\⊔⊣↕ ⌋≀\⊘}⊓∇⊣⊔⟩≀\∫ ∇⌉∐⊓⟩∇⟩\} ⌈⟩{{⌉∇⌉\⊔ \⊣⊑⟩}⊣⊔⟩≀\⊣↕ ⊖∫⊔∇⊣⊔⌉}⟩⌉∫⪰ ⇐C↕⊣∇‖⇔ A∇‖⟩\⇔ ↘ R⊣⇕⇔ ∞∃∃∈⇒↙ A ⌈⌉⊔⊣⟩↕⌉⌈ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ∫⌋⟨⌉⇕⊣↖⌊⊣∫⌉⌈ ∇⌉⊣⌋↖ ⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕⌉⊔⟨≀⌈∫ ⌋⊣\ ⌊⌉ {≀⊓\⌈ ⟩\ A∇‖⟩\ ⇐∞∃∀∃⇒↙ I\ ⊔⟨⟩∫ ∇⌉∫⌉⊣∇⌋⟨⇔ ⊒⌉ ⊓∫⌉⌈ ⊔⟨∇⌉⌉ ⇕≀⊔≀∇ ∫⌋⟨⌉⇕⊣∫¬ AVOID↖STATIC↖OBSTACLE⇔ MOVE↖TO↖ GOAL⇔ ⊣\⌈ NOISE↙ AVOID↖STATIC↖OBSTACLE ⌈⟩↖ ∇⌉⌋⊔∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊔≀ ⇕≀⊑⌉ ⟩⊔∫⌉↕{ ⊣⊒⊣† {∇≀⇕ ⌈⌉↖ ⊔⌉⌋⊔⌉⌈ ≀⌊∫⊔⊣⌋↕⌉∫↙ MOVE↖TO↖GOAL ∫⌋⟨⌉⇕⊣ ⌈⟩↖ ∇⌉⌋⊔∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊔≀ ⇕≀⊑⌉ ⊔≀⊒⊣∇⌈∫ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ √≀⟩\⊔ ⟩\ ⊔⟨⌉ ⊔⌉∇∇⊣⟩\↙ T⟨⌉ NOISE ∫⌋⟨⌉⇕⊣ ⇕⊣‖⌉∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊔≀ ⊒⊣\⌈⌉∇ ⟩\ ⊣ ∇⊣\⌈≀⇕ ⌈⟩∇⌉⌋⊔⟩≀\↙ E⊣⌋⟨ ⇕≀⊔≀∇ ∫⌋⟨⌉⇕⊣ ⟨⊣∫ ⊣ ∫⌉⊔ ≀{ √⊣∇⊣⇕⌉⊔⌉∇∫ ⊔⟨⊣⊔ ⌋≀\⊔∇≀↕ ⊔⟨⌉ √≀⊔⌉\⊔⟩⊣↕ ⊘⌉↕⌈ }⌉\⌉∇⊣⊔⌉⌈ ⌊† ⊔⟨⌉ ⇕≀↖ ⊔≀∇ ∫⌋⟨⌉⇕⊣↙ I\ ⊔⟨⟩∫ ∇⌉∫⌉⊣∇⌋⟨⇔ ⊒⌉ ⊓∫⌉⌈ ⊔⟨⌉ {≀↕↖ ↕≀⊒⟩\} √⊣∇⊣⇕⌉⊔⌉∇∫¬ O⌊∫⊔⊣⌋↕⌉↖G⊣⟩\⇔ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ AVOID↖STATIC↖OBSTACLE⇔ ⌈⌉⊔⌉∇⇕⟩\⌉∫ ⊔⟨⌉ ⇕⊣}\⟩⊔⊓⌈⌉ ≀{ ⊔⟨⌉ ∇⌉√⊓↕∫⟩⊑⌉ √≀⊔⌉\⊔⟩⊣↕ ⊘⌉↕⌈ }⌉\⌉∇↖ ⊣⊔⌉⌈ ⌊† ⊔⟨⌉ ≀⌊∫⊔⊣⌋↕⌉∫ √⌉∇⌋⌉⟩⊑⌉⌈ ⌊† ⊔⟨⌉ ∫†∫⊔⌉⇕∅ G≀⊣↕↖G⊣⟩\⇔ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ MOVE↖TO↖GOAL⇔ ⌈⌉⊔⌉∇⇕⟩\⌉∫ ⊔⟨⌉ ⇕⊣}\⟩⊔⊓⌈⌉ ≀{ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔⟩⊑⌉ √≀↖ ⊔⌉\⊔⟩⊣↕ ⊘⌉↕⌈ }⌉\⌉∇⊣⊔⌉⌈ ⌊† ⊔⟨⌉ }≀⊣↕∅ N≀⟩∫⌉↖G⊣⟩\⇔ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ NOISE⇔ ⌈⌉⊔⌉∇⇕⟩\⌉∫ ⊔⟨⌉ ⇕⊣}\⟩↖ ⊔⊓⌈⌉ ≀{ ⊔⟨⌉ \≀⟩∫⌉∅ ⊣\⌈ N≀⟩∫⌉↖P⌉∇∫⟩∫⊔⌉\⌋⌉⇔ ⊣↕∫≀ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ NOISE⇔ ⌈⌉⊔⌉∇⇕⟩\⌉∫ ⊔⟨⌉ ⌈⊓∇⊣⊔⟩≀\ {≀∇ ⊒⟨⟩⌋⟨ ⊣ \≀⟩∫⌉ ⊑⊣↕⊓⌉ ⟩∫ ⊣↕↕≀⊒⌉⌈ ⊔≀ √⌉∇∫⟩∫⊔↙ D⟩{{⌉∇⌉\⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ≀{ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ √∇≀⌈⊓⌋⌉ ⌈⟩{{⌉∇⌉\⊔ ⌊⌉⟨⊣⊑⟩≀∇∫ ⊔≀ ⌊⌉ ⌉§⟨⟩⌊⟩⊔⌉⌈ ⌊† ⊔⟨⌉ ∫†∫⊔⌉⇕ ⇐∫⌉⌉ ⊘}⊓∇⌉ ∈⇒↙ T∇⊣⌈⟩⊔⟩≀\⊣↕↕†⇔ √⊣∇⊣⇕↖ ⌉⊔⌉∇∫ ⊣∇⌉ ⊘§⌉⌈ ⊣\⌈ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⊣⟨⌉⊣⌈ ≀{ ⊔⟩⇕⌉ ⌊† ⊔⟨⌉ ∫†∫⊔⌉⇕ ⌈⌉∫⟩}\⌉∇↙ H≀⊒⌉⊑⌉∇⇔ ≀\↖↕⟩\⌉ ∫⌉↕⌉⌋↖ ⊔⟩≀\ ⊣\⌈ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ √⊣∇⊣⇕↖ ⌉⊔⌉∇∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋⊣\ ⌉\↖

F⟩}⊓∇⌉ ∈¬ T†√⟩⌋⊣↕ \⊣⊑⟩}⊣⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇∫ ≀{ ⌈⟩{{⌉∇⌉\⊔ ⊔⊓\↖ ⟩\}∫ ≀{ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕≀⌈⊓↕⌉↙ T⟨⌉ ⊘}⊓∇⌉ ≀\ ⊔⟨⌉ ↕⌉{⊔ ∫⟨≀⊒∫ ⊔⟨⌉ \≀\↖↕⌉⊣∇\⟩\} ∫†∫⊔⌉⇕ ⊒⟩⊔⟨ ⟨⟩}⟨ ≀⌊∫⊔⊣⌋↕⌉ ⊣⊑≀⟩⌈↖ ⊣\⌋⌉ ⊣\⌈ ↕≀⊒ }≀⊣↕ ⊣⊔⊔∇⊣⌋⊔⟩≀\↙ O\ ⊔⟨⌉ ∇⟩}⟨⊔⇔ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ∫†∫⊔⌉⇕ ⟨⊣∫ ↕≀⊒⌉∇⌉⌈ ≀⌊∫⊔⊣⌋↕⌉ ⊣⊑≀⟩⌈⊣\⌋⌉ ⊣\⌈ ⟩\⌋∇⌉⊣∫⌉⌈ }≀⊣↕ ⊣⊔⊔∇⊣⌋⊔⟩≀\⇔ ⊣↕↕≀⊒⟩\} ⟩⊔ ⊔≀ ⊖∫∐⊓⌉⌉‡⌉⪰ ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ≀⌊∫⊔⊣⌋↕⌉∫ ⊣\⌈ ⊔⟨⌉\ ⊔⊣‖⌉ ⊣ ∇⌉↕⊣⊔⟩⊑⌉↕† ⌈⟩∇⌉⌋⊔ √⊣⊔⟨ ⊔≀ ⊔⟨⌉ }≀⊣↕↙ ⟨⊣\⌋⌉ \⊣⊑⟩}⊣⊔⟩≀\⊣↕ √⌉∇{≀∇⇕⊣\⌋⌉ ⇐C↕⊣∇‖⇔ A∇‖⟩\⇔ ↘ R⊣⇕⇔ ∞∃∃∈∅ M≀≀∇⇕⊣\ ↘ R⊣⇕⇔ ∞∃∃∈⇒↙ SINS ⊣⌈≀√⊔∫ ⊔⟨⟩∫ ⊣√√∇≀⊣⌋⟨ ⌊† ⊣↕↕≀⊒⟩\} ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕↖ ⌉⊔⌉∇∫ ⊔≀ ⌊⌉ ⇕≀⌈⟩⊘⌉⌈ ⌈†\⊣⇕⟩⌋⊣↕↕†↙ H≀⊒⌉⊑⌉∇⇔ ⟩\ ⊔⟨⌉⟩∇ ∫†∫⊔⌉⇕∫⇔ ⊔⟨⌉ ⌋⊣∫⌉∫ ⊣∇⌉ ∫⊓√√↕⟩⌉⌈ ⌊† ⊔⟨⌉ ⌈⌉↖ ∫⟩}\⌉∇ ⊓∫⟩\} ⟨⊣\⌈↖⌋≀⌈⌉⌈ ⌋≀⌈⌉⌈ ⌋⊣∫⌉∫↙ O⊓∇ ∫†∫↖ ⊔⌉⇕⇔ ⟩\ ⌋≀\⊔∇⊣∫⊔⇔ ⌋⊣\ ↕⌉⊣∇\ ⊣\⌈ ⇕≀⌈⟩{† ⟩⊔∫ ≀⊒\ ⌋⊣∫⌉∫ ⊔⟨∇≀⊓}⟨ ⌉§√⌉∇⟩⌉\⌋⌉↙ T⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ≀⊓∇ ⌋⊣∫⌉∫ ⟩∫ ⊣↕∫≀ ⌋≀\∫⟩⌈⌉∇⊣⌊↕† ⌈⟩{{⌉∇⌉\⊔ ⊣\⌈ ⟩∫ ⌈⌉∫⟩}\⌉⌈ ⊔≀ ∫⊓√√≀∇⊔ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\}↙ ∈↙∋ T⟨⌉ S†∫⊔⌉⇕↖E\⊑⟩∇≀\⇕⌉\⊔ M≀⌈⌉↕ R⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ T⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⟩\ SINS ⌋⊣\ ⌊⌉ ⊣⌈⊣√⊔⌉⌈ ⊔≀ ⌉§⟨⟩⌊⟩⊔ ⇕⊣\† ⌈⟩{{⌉∇⌉\⊔ ⌊⌉⟨⊣⊑⟩≀∇∫↙ SINS ⟩⇕↖ √∇≀⊑⌉∫ ⟩⊔∫ √⌉∇{≀∇⇕⊣\⌋⌉ ⌊† ↕⌉⊣∇\⟩\} ⟨≀⊒ ⊣\⌈ ⊒⟨⌉\ ⊔≀ ⊔⊓\⌉ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉↙ I\ ⊔⟨⟩∫ ⊒⊣†⇔ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⌋⊣\ ⊓∫⌉ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌊⌉⟨⊣⊑↖ ⟩≀∇ ⟩\ ⌉⊣⌋⟨ ⌉\⊑⟩∇≀\⇕⌉\⊔⊣↕ ⌋≀\⊘}⊓∇⊣⊔⟩≀\ ⌉\⌋≀⊓\↖ ⊔⌉∇⌉⌈↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉⇔ ⊔⟨⌉∇⌉{≀∇⌉⇔ ⇕⊓∫⊔ ↕⌉⊣∇\ ⊣⌊≀⊓⊔ ⊣\⌈ ⌈⟩∫⌋∇⟩⇕⟩\⊣⊔⌉ ⌊⌉⊔⊒⌉⌉\ ⌈⟩{{⌉∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔∫⇔ ⊣\⌈ ⊣∫∫≀⌋⟩⊣⊔⌉ ⊒⟩⊔⟨ ⌉⊣⌋⟨ ⊔⟨⌉ ⊣√↖ √∇≀√∇⟩⊣⊔⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\∫ ⊔≀ ⌊⌉ √⌉∇{≀∇⇕⌉⌈ ≀\ ⊔⟨⌉ ⇕≀⊔≀∇ ∫⌋⟨⌉⇕⊣∫↙ T⟨⟩∫ ∇⌉∐⊓⟩∇⌉∫ ⊣ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⊣↕ ∫⌋⟨⌉⇕⌉ ⊔≀ ⇕≀⌈⌉↕⇔ \≀⊔ |⊓∫⊔ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔⇔ ⌊⊓⊔ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊣\⌈ ⊔⟨⌉ ⌉\↖ ⊑⟩∇≀\⇕⌉\⊔↙ H≀⊒⌉⊑⌉∇⇔ ⊔≀ ⌉\∫⊓∇⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⌈≀⌉∫ \≀⊔ }⌉⊔ ⌊≀}}⌉⌈ ⌈≀⊒\ ⟩\ ⌉§⊔⌉\∫⟩⊑⌉ ⟨⟩}⟨↖ ↕⌉⊑⌉↕ ∇⌉⊣∫≀\⟩\}⇔ ⊔⟨⌉ ‖\≀⊒↕⌉⌈}⌉ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⟩\ ⊔⟨⌉ ⇕≀⌈⌉↕ ⇕⊓∫⊔ ⌊⌉ ⌊⊣∫⌉⌈ ≀\ √⌉∇⌋⌉√⊔⊓⊣↕ ⊣\⌈ ⇕≀↖ ⊔≀∇ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌉⊣∫⟩↕† ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊣⊔ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ↕⌉⊑⌉↕↙

F⟩}⊓∇⌉ ∋¬ S⊣⇕√↕⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ∫⟨≀⊒⟩\} ⊔⟨⌉ ⊔⟩⇕⌉ ⟨⟩∫↖ ⊔≀∇† ≀{ ⊣\⊣↕≀} ⊑⊣↕⊓⌉∫ ∇⌉√∇⌉∫⌉\⊔⟩\} √⌉∇⌋⌉⟩⊑⌉⌈ ⟩\√⊓⊔∫ ⊣\⌈ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫↙ E⊣⌋⟨ }∇⊣√⟨ ⟩\ ⊔⟨⌉ ⌋⊣∫⌉ ⇐⌊⌉↕≀⊒⇒ ⟩∫ ⇕⊣⊔⌋⟨⌉⌈ ⊣}⊣⟩\∫⊔ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⟩\} }∇⊣√⟨ ⟩\ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⇐⊣⌊≀⊑⌉⇒ ⊔≀ ⌈⌉⊔⌉∇⇕⟩\⌉ ⊔⟨⌉ ⌊⌉∫⊔ ⇕⊣⊔⌋⟨⇔ ⊣{⊔⌉∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ∇⌉⇕⊣⟩\⟩\} √⊣∇⊔ ≀{ ⊔⟨⌉ ⌋⊣∫⌉ ⟩∫ ⊓∫⌉⌈ ⊔≀ }⊓⟩⌈⌉ \⊣⊑↖ ⟩}⊣⊔⟩≀\ ⇐∫⟨≀⊒\ ⊣∫ ⌈⊣∫⟨⌉⌈ ↕⟩\⌉∫⇒↙

SINS ⊓∫⌉∫ ⊣ ⇕≀⌈⌉↕ ⌋≀\∫⟩∫⊔⟩\} ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ∫⌉\∫≀∇† ⟩\√⊓⊔∫ ⊣\⌈ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕↖ ⌉⊔⌉∇∫ ⊑⊣↕⊓⌉∫↙ E⊣⌋⟨ ∫⌉⊔ ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫ ⟩∫ ∇⌉√↖ ∇⌉∫⌉\⊔⌉⌈ ⊣∫ ⊣ ⌋⊣∫⌉↙ S⌉\∫≀∇† ⟩\√⊓⊔∫ √∇≀⊑⟩⌈⌉∫ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⌋≀\⊘}⊓∇⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉\↖ ⊑⟩∇≀\⇕⌉\⊔⇔ ⊣\⌈ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇ ⟩\{≀∇⇕⊣⊔⟩≀\ ∫√⌉⌋⟩⊘⌉∫ ⟨≀⊒ ⊔≀ ⊣⌈⊣√⊔ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⟩\ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔∫ ⊔≀ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌋⊣∫⌉ ⟩∫ ⊣√√↕⟩⌋⊣↖ ⌊↕⌉↙ E⊣⌋⟨ ⊔†√⌉ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊣∫ ⊣ ⊑⌉⌋⊔≀∇ ≀{ ⊣\⊣↕≀} ⊑⊣↕⊓⌉∫↙ E⊣⌋⟨ ⊣\⊣↕≀} ⊑⊣↕⊓⌉ ⌋≀∇∇⌉∫√≀\⌈∫ ⊔≀ ⊣ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉ ⊑⊣∇⟩⊣⌊↕⌉ ⇐⊣ ∫⌉\∫≀∇† ⟩\√⊓⊔ ≀∇ ⊣ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇⇒ ⊣⊔ ⊣ ∫√⌉⌋⟩⊘⌋ ⊔⟩⇕⌉↙ A ⊑⌉⌋⊔≀∇ ∇⌉√∇⌉∫⌉\⊔∫ ⊔⟨⌉ ⊔∇⌉\⌈ ≀∇ ∇⌉⌋⌉\⊔ ⟨⟩∫⊔≀∇† ≀{ ⊣ ⊑⊣∇⟩⊣⌊↕⌉↙ A ⌋⊣∫⌉ ⇕≀⌈⌉↕∫ ⊣\ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉↖ ⊔⊒⌉⌉\ ∫⌉\∫≀∇† ⟩\√⊓⊔∫ ⊣\⌈ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ ⌊† }∇≀⊓√⟩\} ⊔⟨⌉⟩∇ ∇⌉∫√⌉⌋⊔⟩⊑⌉ ⊑⌉⌋⊔≀∇∫ ⊔≀}⌉⊔⟨⌉∇↙ F⟩}↖ ⊓∇⌉ ∋ ∫⟨≀⊒ ⊣\ ⌉§⊣⇕√↕⌉ ≀{ ⊔⟨⟩∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙ T⟨⟩∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⟨⊣∫ ⊔⟨∇⌉⌉ ⌉∫∫⌉\⊔⟩⊣↕ √∇≀√⌉∇↖ ⊔⟩⌉∫↙ F⟩∇∫⊔⇔ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⟩∫ ⌋⊣√⊣⌊↕⌉ ≀{ ⌋⊣√↖ ⊔⊓∇⟩\} ⊣ ⊒⟩⌈⌉ ∇⊣\}⌉ ≀{ √≀∫∫⟩⌊↕⌉ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫ ⌊⌉↖ ⊔⊒⌉⌉\ ≀{ ∫⌉\∫≀∇† ⟩\√⊓⊔∫ ⊣\⌈ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫↙ S⌉⌋≀\⌈⇔ ⟩⊔ √⌉∇⇕⟩⊔∫ ⌋≀\⊔⟩\⊓≀⊓∫ √∇≀}∇⌉∫∫⟩⊑⌉ ∇⌉↖ ⊘\⌉⇕⌉\⊔ ≀{ ⊔⟨⌉ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫↙ F⟩\⊣↕↕†⇔ ⊔⟨⌉ ∇⌉√∇⌉↖ ∫⌉\⊔⊣⊔⟩≀\ ⌋⊣√⊔⊓∇⌉∫ ⊔∇⌉\⌈∫ ≀∇ √⊣⊔⊔⌉∇\∫ ≀{ ⟩\√⊓⊔ ⊣\⌈

≀⊓⊔√⊓⊔ ⊑⊣↕⊓⌉∫ ≀⊑⌉∇ ⊔⟩⇕⌉↙ T⟨⟩∫ ⊣↕↕≀⊒∫ ⊔⟨⌉ ∫†∫↖ ⊔⌉⇕ ⊔≀ ⌈⌉⊔⌉⌋⊔ √⊣⊔⊔⌉∇\∫ ≀⊑⌉∇ ↕⊣∇}⌉∇ ⊔⟩⇕⌉ ⊒⟩\⌈≀⊒∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟨⊣⊑⟩\} ⊔≀ ⇕⊣‖⌉ ⊣ ⌈⌉⌋⟩∫⟩≀\ ⌊⊣∫⌉⌈ ≀\↕† ≀\ ⟩\∫⊔⊣\⊔⊣\⌉≀⊓∫ ⊑⊣↕⊓⌉∫ ≀{ √⌉∇⌋⌉√⊔⊓⊣↕ ⟩\√⊓⊔∫↙ I\ ⊔⟨⟩∫ ∇⌉∫⌉⊣∇⌋⟨⇔ ⊒⌉ ⊓∫⌉⌈ {≀⊓∇ ⟩\√⊓⊔ ⊑⌉⌋⊔≀∇∫ ⊔≀ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉ ⊔⟨⌉ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⊣\⌈ ⌈⟩∫⌋∇⟩⇕↖ ⟩\⊣⊔⌉ ⊣⇕≀\} ⌈⟩{{⌉∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\⊘}⊓∇⊣↖ ⊔⟩≀\∫¬ O⌊∫⊔⊣⌋↕⌉↖D⌉\∫⟩⊔† √∇≀⊑⟩⌈⌉∫ ⊣ ⇕⌉⊣∫⊓∇⌉ ≀{ ⊔⟨⌉ ≀⌋⌋⊓√⟩⌉⌈ ⊣∇⌉⊣∫ ⊔⟨⊣⊔ ⟩⇕√⌉⌈⌉ \⊣⊑⟩}⊣⊔⟩≀\∅ A⌊∫≀↕⊓⊔⌉↖M≀⊔⟩≀\ ⇕⌉⊣∫⊓∇⌉∫ ⊔⟨⌉ ⊣⌋⊔⟩⊑⟩⊔† ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕∅ R⌉↕⊣⊔⟩⊑⌉↖M≀⊔⟩≀\ ∇⌉√∇⌉∫⌉\⊔∫ ⊔⟨⌉ ⌋⟨⊣\}⌉ ⟩\ ⇕≀⊔⟩≀\ ⊣⌋⊔⟩⊑⟩⊔†∅ ⊣\⌈ M≀⊔⟩≀\↖T≀⊒⊣∇⌈∫↖G≀⊣↕ ∫√⌉⌋⟩⊘⌉∫ ⟨≀⊒ ⇕⊓⌋⟨ √∇≀}∇⌉∫∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⟨⊣∫ ⊣⌋↖ ⊔⊓⊣↕↕† ⇕⊣⌈⌉ ⊔≀⊒⊣∇⌈∫ ⊔⟨⌉ }≀⊣↕↙ T⟨⌉∫⌉ ⟩\√⊓⊔ ⊑⌉⌋↖ ⊔≀∇∫ ⊣∇⌉ ⌋≀\∫⊔⊣\⊔↕† ⊓√⌈⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ∇⌉⌋⌉⟩⊑⌉⌈ {∇≀⇕ ⊔⟨⌉ ∫⌉\∫≀∇∫↙ W⌉ ⊣↕∫≀ ⊓∫⌉⌈ {≀⊓∇ ≀⊓⊔√⊓⊔ ⊑⌉⌋⊔≀∇∫ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇ ⊑⊣↕⊓⌉∫ ⊓∫⌉⌈ ⊔≀ ⊣⌈⊣√⊔ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉⇔ ≀\⌉ {≀∇ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ ⇐O⌊∫⊔⊣⌋↕⌉↖G⊣⟩\⇔ G≀⊣↕↖G⊣⟩\⇔ N≀⟩∫⌉↖ G⊣⟩\⇔ ⊣\⌈ N≀⟩∫⌉↖P⌉∇∫⟩∫⊔⌉\⌋⌉⇒ ⌈⟩∫⌋⊓∫∫⌉⌈ ⌉⊣∇↕⟩⌉∇↙ T⟨⌉ ⊑⊣↕⊓⌉∫ ⊣∇⌉ ∫⌉⊔ √⌉∇⟩≀⌈⟩⌋⊣↕↕† ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ∇⌉⌋≀⇕⇕⌉\⌈⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⌋⊣∫⌉ ⊔⟨⊣⊔ ⌊⌉∫⊔ ⇕⊣⊔⌋⟨⌉∫ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔↙ T⟨⌉ \⌉⊒ ⊑⊣↕⊓⌉∫ ∇⌉⇕⊣⟩\ ⌋≀\∫⊔⊣\⊔ ⊓\⊔⟩↕ ⊔⟨⌉ \⌉§⊔ ∫⌉⊔⊔⟩\} √⌉∇⟩≀⌈↙ T⟨⌉ ⌋⟨≀⟩⌋⌉ ≀{ ⟩\√⊓⊔ ⊣\⌈ ≀⊓⊔√⊓⊔ ⊑⌉⌋⊔≀∇∫ ⊒⊣∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⌋≀⇕√↕⌉§⟩⊔† ≀{ ⊔⟨⌉⟩∇ ⌋⊣↕⌋⊓↕⊣⊔⟩≀\ ⊣\⌈ ⊔⟨⌉⟩∇ ∇⌉↕⌉⊑⊣\⌋⌉ ⊔≀ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖↙ T⟨⌉ ⟩\√⊓⊔ ⊑⌉⌋↖ ⊔≀∇∫ ⊒⌉∇⌉ ⌋⟨≀∫⌉\ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\↖ ⊘}⊓∇⊣⊔⟩≀\∫ ⟩\ ⊣ }⌉\⌉∇⟩⌋ ⇕⊣\\⌉∇ ⌊⊓⊔ ⊔⊣‖⟩\} ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔ ⊔⟨⌉ √∇≀⌋⌉∫∫⟩\} ∇⌉∐⊓⟩∇⌉⌈ ⊔≀ √∇≀⌈⊓⌋⌉ ⊔⟨≀∫⌉ ⊑⌉⌋⊔≀∇∫ ⇐⌉↙}↙⇔ ≀⌊∫⊔⊣⌋↕⌉ ⌈⌉\∫⟩⊔† ⟩∫ ⇕≀∇⌉ }⌉\⌉∇⟩⌋ ⊔⟨⊣\ ≀⌊∫⊔⊣⌋↕⌉ √≀∫⟩⊔⟩≀\⇔ ⊣\⌈ ⌋⊣\ ⌊⌉ ≀⌊⊔⊣⟩\⌉⌈ ⌉⊣∫↖ ⟩↕† {∇≀⇕ ⊔⟨⌉ ∇≀⌊≀⊔≃∫ ⊓↕⊔∇⊣∫≀\⟩⌋ ∫⌉\∫≀∇∫⇒↙ T⟨⌉ ≀⊓⊔√⊓⊔ ⊑⌉⌋⊔≀∇∫ ⊒⌉∇⌉ ⌋⟨≀∫⌉\ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⌈⟩∇⌉⌋⊔↕† ⊔⟨⌉ ⊣⌋⊔⟩≀\∫ ⊔⟨⊣⊔ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⊓∫⌉∫ ⊔≀ ⊔⊓\⌉ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉⇔ ⊔⟨⊣⊔ ⟩∫⇔ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣↖ ∇⊣⇕⌉⊔⌉∇ ⊑⊣↕⊓⌉∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫↙ ∈↙△ T⟨⌉ O\↖L⟩\⌉ A⌈⊣√⊔⊣⊔⟩≀\ A\⌈ L⌉⊣∇\⟩\} M≀⌈⊓↕⌉ T⟨⟩∫ ⇕≀⌈⊓↕⌉ ⌋∇⌉⊣⊔⌉∫⇔ ⇕⊣⟩\⊔⊣⟩\∫ ⊣\⌈ ⊣√√↕⟩⌉∫ ⊔⟨⌉ ⌋⊣∫⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊓∫⌉⌈ {≀∇ ≀\↖↕⟩\⌉ ⊣⌈⊣√⊔⊣↖ ⊔⟩≀\ ≀{ ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⇕≀⌈⊓↕⌉↙ T⟨⌉ ≀⌊|⌉⌋⊔⟩⊑⌉ ≀{ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨≀⌈ ⟩∫ ⊔≀ ⌈⌉⊔⌉⌋⊔ ⊣\⌈ ⌈⟩∫⌋∇⟩⇕↖ ⟩\⊣⊔⌉ ⊣⇕≀\} ⌈⟩{{⌉∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\⊘}⊓∇⊣↖ ⊔⟩≀\∫⇔ ⊣\⌈ ⊔≀ ⟩⌈⌉\⊔⟩{† ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇ ⊑⊣↕⊓⌉∫ ⊔≀ ⌊⌉ ⊓∫⌉⌈ ⌊† ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉⇔ ⟩\ ⊣ ⌈†\⊣⇕⟩⌋ ⊣\⌈ ⊣\ ≀\↖↕⟩\⌉ ⇕⊣\\⌉∇↙ T⟨⟩∫ ⇕⌉⊣\∫ ⊔⟨⊣⊔⇔ ⊣∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⟩∫ \⊣⊑⟩}⊣⊔⟩\}⇔

⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⟩∫ √⌉∇⌋⌉⟩⊑⟩\} ⊔⟨⌉ ⌉\⊑⟩∇≀\↖ ⇕⌉\⊔⇔ ⌈⌉⊔⌉⌋⊔⟩\} ⊣\ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\⊘}⊓∇⊣⊔⟩≀\⇔ ⊣\⌈ ⇕≀⌈⟩{†⟩\} ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ ≀{ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⊣⌋⌋≀∇⌈⟩\}↕†⇔ ⊒⟨⟩↕⌉ ∫⟩⇕⊓↕⊔⊣↖ \⌉≀⊓∫↕† ⊓√⌈⊣⊔⟩\} ⟩⊔∫ ≀⊒\ ⌋⊣∫⌉∫ ⊔≀ ∇⌉⊙⌉⌋⊔ ⊔⟨⌉ ≀⌊↖ ∫⌉∇⊑⌉⌈ ∇⌉∫⊓↕⊔∫ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕≃∫ ⊣⌋⊔⟩≀\∫ ⟩\ ⊑⊣∇⟩≀⊓∫ ∫⟩⊔⊓⊣⊔⟩≀\∫↙ T⟨⌉ ⇕⌉⊔⟨≀⌈ ⟩∫ ⌊⊣∫⌉⌈ ≀\ ⊣ ⌋≀⇕⌊⟩\⊣⊔⟩≀\ ≀{ ⟩⌈⌉⊣∫ {∇≀⇕ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ∇⌉⊣∫≀\⟩\} ⊣\⌈ ↕⌉⊣∇\⟩\}⇔ ⊒⟨⟩⌋⟨ ⌈⌉⊣↕∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩∫∫⊓⌉ ≀{ ⊓∫⟩\} √⊣∫⊔ ⌉§√⌉∇⟩⌉\⌋⌉∫ ⊔≀ ⌈⌉⊣↕ ⊒⟩⊔⟨ ⊣\⌈ ↕⌉⊣∇\ {∇≀⇕ \≀⊑⌉↕ ∫⟩⊔⊓⊣⊔⟩≀\∫ ⇐⌉↙}↙⇔ ∫⌉⌉ K≀↕≀⌈\⌉∇⇔ ∞∃∀∀∅ H⊣⇕⇕≀\⌈⇔ ∞∃∀∃⌊⇒⇔ ⊣\⌈ {∇≀⇕ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\}⇔ ⊒⟨⟩⌋⟨ ⌈⌉⊣↕∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩∫∫⊓⌉ ≀{ ⊓√⌈⊣⊔⟩\} ⊔⟨⌉ ⌋≀\⊔⌉\⊔ ≀{ ∫†∫⊔⌉⇕≃∫ ‖\≀⊒↕⌉⌈}⌉ ⌊⊣∫⌉⌈ ≀\ {⌉⌉⌈⌊⊣⌋‖ {∇≀⇕ ⊔⟨⌉ ⌉\⊑⟩∇≀\↖ ⇕⌉\⊔ ⇐⌉↙}↙⇔ ∫⌉⌉ S⊓⊔⊔≀\⇔ ∞∃∃∈⇒↙ H≀⊒⌉⊑⌉∇⇔ ⟩\ ⊔∇⊣⌈⟩↖ ⊔⟩≀\⊣↕ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ √↕⊣\\⟩\} ∫†∫⊔⌉⇕∫ ⇐⌉↙}↙⇔ H⊣⇕↖ ⇕≀\⌈⇔ ∞∃∀∃⊣⇒ ↕⌉⊣∇\⟩\} ⊣\⌈ ⊣⌈⊣√⊔⊣⊔⟩≀\ ∇⌉∐⊓⟩∇⌉∫ ⊣ ⌈⌉⊔⊣⟩↕⌉⌈ ⇕≀⌈⌉↕ ≀{ ⊔⟨⌉ ⌈≀⇕⊣⟩\↙ T⟨⟩∫ ⟩∫ ⌉§⊣⌋⊔↕† ⊒⟨⊣⊔ ∇⌉⊣⌋⊔⟩⊑⌉ √↕⊣\\⟩\} ∫†∫⊔⌉⇕∫ ⊣∇⌉ ⊔∇†⟩\} ⊔≀ ⊣⊑≀⟩⌈↙ E⊣∇↕⟩⌉∇ ⊣⊔⊔⌉⇕√⊔∫ ⊔≀ ⌋≀⇕⌊⟩\⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\↖ ⊔∇≀↕ ⊒⟩⊔⟨ ⌋↕⊣∫∫⟩⌋⊣↕ √↕⊣\\⟩\} ∫†∫⊔⌉⇕∫ ⇐⌉↙}↙⇔ C⟨⟩⌉\⇔ G⌉∇⊑⊣∫⟩≀⇔ ↘ D⌉J≀\}⇔ ∞∃∃∞⇒ ≀∇ ⌉§√↕⊣\⊣⊔⟩≀\↖ ⌊⊣∫⌉⌈ ↕⌉⊣∇\⟩\} ∫†∫⊔⌉⇕∫ ⇐⌉↙}↙⇔ M⟩⊔⌋⟨⌉↕↕⇔ ∞∃∃′⇒ ⊣↕∫≀ ∇⌉↕⟩⌉⌈ ≀\ ⌈⌉⌉√ ∇⌉⊣∫≀\⟩\} ⊣\⌈ ⊒⌉∇⌉ ⊔†√⟩⌋⊣↕↕† ⊔≀≀ ∫↕≀⊒ {≀∇ ⊔⟨⌉ {⊣∫⊔⇔ ∇⌉⊙⌉§⟩⊑⌉ ⌊⌉⟨⊣⊑⟩≀∇ ∇⌉∐⊓⟩∇⌉⌈ ⟩\ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ∫†∫⊔⌉⇕∫↙ U\↕⟩‖⌉ ⊔⟨⌉∫⌉ ⊣√↖ √∇≀⊣⌋⟨⌉∫⇔ ≀⊓∇ ⇕⌉⊔⟨≀⌈ ⌈≀⌉∫ \≀⊔ {⊣↕↕ ⌊⊣⌋‖ ≀\ ∫↕≀⊒ \≀\↖∇⌉⊣⌋⊔⟩⊑⌉ ⊔⌉⌋⟨\⟩∐⊓⌉∫ {≀∇ ⟩⇕√∇≀⊑⟩\} ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕↙ T≀ ⌉{{⌉⌋⊔⟩⊑⌉↕† ⟩⇕√∇≀⊑⌉ ⊔⟨⌉ √⌉∇{≀∇⇕⊣\⌋⌉ ≀{ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖⇔ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ ⇕⊓∫⊔ ⊘\⌈ ⊣ ⌋≀\∫⟩∫⊔⌉\⊔ ⇕⊣√√⟩\} {∇≀⇕ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\⊘}⊓↖ ∇⊣⊔⟩≀\∫ ⊔≀ ⌋≀\⊔∇≀↕ √⊣∇⊣⇕⌉⊔⌉∇∫↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈↖ ⊓↕⌉ ⌋⊣√⊔⊓∇⌉∫ ⊔⟨⟩∫ ⇕⊣√√⟩\} ⟩\ ⊔⟨⌉ ↕⌉⊣∇\⌉⌈ ⌋⊣∫⌉∫⇔ ⌉⊣⌋⟨ ⌋⊣∫⌉ ∇⌉√∇⌉∫⌉\⊔⟩\} ⊣ √≀∇⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕⊣√↖ √⟩\} ↕≀⌋⊣↕⟩‡⌉⌈ ⟩\ ⊣ ∫√⌉⌋⟩⊘⌋ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\↖ ⊘}⊓∇⊣⊔⟩≀\↙ T⟨⌉ ∫⌉⊔ ≀{ ⌋⊣∫⌉∫ ∇⌉√∇⌉∫⌉\⊔∫ ⊔⟨⌉ ∫†∫↖ ⊔⌉⇕≃∫ ⇕≀⌈⌉↕ ≀{ ⟩⊔∫ ⟩\⊔⌉∇⊣⌋⊔⟩≀\∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⌉\⊑⟩↖ ∇≀\⇕⌉\⊔⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⊣⌈⊣√⊔⌉⌈ ⊔⟨∇≀⊓}⟨ ⌉§√⌉∇⟩⌉\⌋⌉ ⊓∫⟩\} ⊔⟨⌉ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ⊣\⌈ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\↖ ⟩\} ⇕⌉⊔⟨≀⌈∫↙ T⟨⌉ ⌋⊣∫⌉↖⌊⊣∫⌉⌈ ⇕⌉⊔⟨≀⌈ ∫⌉↕⌉⌋⊔∫ ⊔⟨⌉ ⌋⊣∫⌉ ⌊⌉∫⊔ ∫⊓⟩⊔⌉⌈ {≀∇ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⌋≀\↖ ⊘}⊓∇⊣⊔⟩≀\↙ T⟨⌉ ∇⌉⟩\{≀∇⌋⌉⇕⌉\⊔ ↕⌉⊣∇\⟩\} ⇕⌉⊔⟨≀⌈ ⊓√⌈⊣⊔⌉∫ ⊔⟨⌉ ⌋≀\⊔⌉\⊔ ≀{ ⊣ ⌋⊣∫⌉ ⊔≀ ∇⌉⊙⌉⌋⊔ ⊔⟨⌉ ⌋⊓∇↖ ∇⌉\⊔ ⌉§√⌉∇⟩⌉\⌋⌉⇔ ∫⊓⌋⟨ ⊔⟨⊣⊔ ⊔⟨≀∫⌉ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ⇕⊣√√⟩\} ⊔⟨⊣⊔ ⊣∇⌉ ⌋≀\∫⟩∫⊔⌉\⊔ ≀⊑⌉∇ ⊔⟩⇕⌉ ⊔⌉\⌈ ⊔≀ ⌊⌉ ∇⌉⟩\{≀∇⌋⌉⌈↙ S⟩\⌋⌉ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⇕≀⌈⊓↕⌉ ⟩⇕√↕⟩⌋↖ ⟩⊔↕† √∇≀⊑⟩⌈⌉∫ ⊔⟨⌉ ⌊⟩⊣∫ ⊔≀ ⇕≀⊑⌉ ⊔≀ ⊔⟨⌉ }≀⊣↕ ⊒⟨⟩↕⌉ ⊣⊑≀⟩⌈⟩\} ≀⌊∫⊔⊣⌋↕⌉∫⇔ ⇕⊣√√⟩\}∫ ⊔⟨⊣⊔ ⊣∇⌉ ⌋≀\∫⟩∫↖

⊔⌉\⊔↕† ≀⌊∫⌉∇⊑⌉⌈ ⊣∇⌉ ⊔⟨≀∫⌉ ⊔⟨⊣⊔ ⊔⌉\⌈ ⊔≀ √∇≀⌈⊓⌋⌉ ⊔⟨⟩∫ ⌊⌉⟨⊣⊑⟩≀∇↙ A∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ }⊣⟩\∫ ⌉§√⌉∇⟩⌉\⌋⌉⇔ ⊔⟨⌉∇⌉{≀∇⌉⇔ ⟩⊔ ⟩⇕√∇≀⊑⌉∫ ⟩⊔∫ ≀⊒\ √⌉∇{≀∇⇕⊣\⌋⌉ ⊣⊔ ⊔⟨⌉ \⊣⊑⟩}⊣⊔⟩≀\ ⊔⊣∫‖↙ E⊣⌋⟨ ⌋⊣∫⌉ ∇⌉√∇⌉∫⌉\⊔∫ ⊣\ ≀⌊∫⌉∇⊑⌉⌈ ∇⌉}⊓↕⊣∇⟩⊔† ⌊⌉↖ ⊔⊒⌉⌉\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌉\⊑⟩∇≀\⇕⌉\⊔⊣↕ ⌋≀\⊘}⊓∇⊣⊔⟩≀\ ⊣\⌈ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ⌈⟩{{⌉∇⌉\⊔ ⊣⌋⊔⟩≀\∫⇔ ⊣\⌈ √∇⌉↖ ∫⌋∇⟩⌊⌉∫ ⊔⟨⌉ ⊑⊣↕⊓⌉∫ ≀{ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇∫ ⊔⟨⊣⊔ ⊣∇⌉ ⇕≀∫⊔ ⊣√√∇≀√∇⟩⊣⊔⌉ ⇐⊣∫ {⊣∇ ⊣∫ ⊔⟨⌉ ∫†∫⊔⌉⇕ ‖\≀⊒∫ ⌊⊣∫⌉⌈ ≀\ ⟩⊔∫ √∇⌉⊑⟩≀⊓∫ ⌉§√⌉∇⟩⌉\⌋⌉⇒ {≀∇ ⊔⟨⊣⊔ ⌉\↖ ⊑⟩∇≀\⇕⌉\⊔↙ T⟨⌉ ↕⌉⊣∇\⟩\} ⇕≀⌈⊓↕⌉ √⌉∇{≀∇⇕∫ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊔⊣∫‖∫ ⟩\ ⊣ ⌋†⌋↕⟩⌋ ⇕⊣\\⌉∇¬ ⇐∞⇒ √⌉∇⌋⌉⟩⊑⌉ ⊣\⌈ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩∇≀\⇕⌉\⊔∅ ⇐∈⇒ ∇⌉↖ ⊔∇⟩⌉⊑⌉ ⊣ ⌋⊣∫⌉ ⊒⟨≀∫⌉ ⟩\√⊓⊔ ⊑⌉⌋⊔≀∇ ∇⌉√∇⌉∫⌉\⊔∫ ⊣\ ⌉\⊑⟩∇≀\⇕⌉\⊔ ⇕≀∫⊔ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⌉\⊑⟩↖ ∇≀\⇕⌉\⊔∅ ⇐∋⇒ ⊣⌈⊣√⊔ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇ ⊑⊣↕↖ ⊓⌉∫ ⟩\ ⊓∫⌉ ⌊† ⊔⟨⌉ ∇⌉⊣⌋⊔⟩⊑⌉ ⌋≀\⊔∇≀↕ ⇕≀⌈⊓↕⌉ ⌊† ⟩\↖ ∫⊔⊣↕↕⟩\} ⊔⟨⌉ ⊑⊣↕⊓⌉∫ ∇⌉⌋≀⇕⇕⌉\⌈⌉⌈ ⌊† ⊔⟨⌉ ≀⊓⊔√⊓⊔ ⊑⌉⌋⊔≀∇∫ ≀{ ⊔⟨⌉ ⌋⊣∫⌉∅ ⊣\⌈ ⇐△⇒ ↕⌉⊣∇\ \⌉⊒ ⊣∫∫≀⌋⟩↖ ⊣⊔⟩≀\∫ ⊣\⌈∝≀∇ ⊣⌈⊣√⊔ ⌉§⟩∫⊔⟩\} ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫ ∇⌉√∇⌉↖ ∫⌉\⊔⌉⌈ ⟩\ ⊔⟨⌉ ⌋⊣∫⌉ ⊔≀ ∇⌉⊙⌉⌋⊔ ⊣\† \⌉⊒ ⟩\{≀∇⇕⊣⊔⟩≀\ }⊣⟩\⌉⌈ ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ⊓∫⌉ ≀{ ⊔⟨⌉ ⌋⊣∫⌉ ⟩\ ⊔⟨⌉ \⌉⊒ ∫⟩⊔⊓⊣⊔⟩≀\ ⊔≀ ⌉\⟨⊣\⌋⌉ ⊔⟨⌉ ∇⌉↕⟩⊣⌊⟩↕⟩⊔† ≀{ ⊔⟨⌉⟩∇ √∇⌉↖ ⌈⟩⌋⊔⟩≀\∫↙ A ⌈⌉⊔⊣⟩↕⌉⌈ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⌉⊣⌋⟨ ∫⊔⌉√ ⊒≀⊓↕⌈ ∇⌉↖ ∐⊓⟩∇⌉ ⇕≀∇⌉ ∫√⊣⌋⌉ ⊔⟨⊣\ ⟩∫ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⟩\ ⊔⟨⟩∫ √⊣√⌉∇∅ ⟨≀⊒⌉⊑⌉∇⇔ ⊣ ∫⟨≀∇⊔ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕⌉⊔⟨≀⌈ {≀↕↖ ↕≀⊒∫↙ T⟨⌉ √⌉∇⌋⌉⟩⊑⌉ ∫⊔⌉√ ⌊⊓⟩↕⌈∫ ⊣ ∫⌉⊔ ≀{ {≀⊓∇ ⟩\√⊓⊔ ⊑⌉⌋⊔≀∇∫ Einput_j one for each sensory input j de scribed earlier which are matched against the corresponding input vectors Cinput_j of the cases in the systemφs memory in the retrieve step▷ The case similarity metric SM is based on the mean squared difference between each of the vector values C^k_{inputj} (i) of the kth case C^k over a trend ing window l C and the vector values E input_j (i) of the environment E over a trendingwindow of

a given length lE.

SM (E, C^k, p) = 4X_{j=1 wj}^{min(l}E^{�p,l}C^)X_{i=0} (E input_j (i + p) − C input_j (i))2 (min(l_E − p, l_C ) − p)2 The match window p bestis calculated using a reverse sweep over the time axis p similar to a convolution process to αnd the relative position ↼represented by min(l_E − p, l_C )) that matches best. The best matching case C^{k best} satisfying the equation. {k best, p best| ⇕⟩\(SM (E, C^k, p)), ∀k, 0 ≤ p ≤ l_C }

⟩∫ ⟨⊣\⌈⌉⌈ ⊔≀ ⊔⟨⌉ ⊣⌈⊣√⊔ ∫⊔⌉√⇔ ⊒⟨⟩⌋⟨ ∫⌉↕⌉⌋⊔∫ ⊔⟨⌉ ∫⌋⟨⌉⇕⊣ √⊣∇⊣⇕⌉⊔⌉∇ ⊑⊣↕⊓⌉∫ C^k_{outputj} from the out put vectors of the case and modiαes the values currently in use using a reinforcement formula which uses the case similarity metric as a scalar reward▷ Thus the actual adaptations performed depend on the goodness of match between the case and the environment and are given by.

C k best output_j^{min}(l E − p best, lC)× |∞ − RSM |∇⊣\⌈≀⇕(0, max_k C^{k best}_{outputj} ) where RSM is the relative similarly metric dis cussed below▷ The random factor allows the system to Ψexploreν the search space locally in order to discover regularities since the system does not start with prior knowledge that can be used to guide this search▷ Finally the learn step uses statistical informa tion about prior applications of the case to de termine whether information from the current application of the case should be used to mod ify this case or whether a new case should be created▷ The vectors encoded in the cases are adapted using a reinforcement formula in which a relative similarity measure is used as a scalar reward or reinforcement signal▷ The relative similarity measure RSM given by (SM − SM best)/(SM − SM best) quantiffes how similar the current environment conffguration is to the environment conffguration encoded by the case relative to how similar the environment has been in previous utilizations of the case. Intuitively, if case matches the current situation better than previous situations it was used in, it is likely that the situation involves the very regularities that the case is beginning to capture; thus, it is worthwhile modifying the case in the direction of the current situation. Alternatively, if the match is not quite as good, the case should not be modiffed because that will take it away from the regularity it was converging towards. Finally, if the current situation is a very bad fft to the case, it makes more sense to create a new case to represent what is probably a new class of situations. Thus, if the RSM is below a certain threshold ↼0▷1 in this paper↽ the input and output case vec tors are updated using a gradient descent formula based on the similarity measure. C^{k best}_j (i) = α min(l_E − p, l_C )(E_j(i + p) − C^{k best}_j (i)), 0 ≤ i ≤ l_C where the constant α determines the learning rate ↼0▷5 in this paper↽▷ In the adapt and learn steps the overlap factor min(l_E − p best_{,lC} ) is used to attenuate the modiffcation of early values within the case which contribute more to the selection of the current case.

Since the reinforcement formula is based on a relative similarity measure, the overall effect of the learning process is to cause the cases to converge on stable associations between environment conffgurations and schema parameters. Stable associations represent regularities in the world that have been identiffed by the system through its experience, and provide the predictive power necessary to navigate in future situations. The assumption behind this method is that the interaction between the system and the environment can be characterized by a ffnite set of causal patterns or associations between the sensory inputs and the actions performed by the system. The method allows the system to learn these causal patterns and to use them to modify its actions by updating its schema parameters as appropriate.

Genetic algorithms may also be used to modify schema parameters in a given environment (Pearce, Arkin, & Ram, 1992). However, while this approach is useful in the initial design of the navigation system, it cannot change schema parameters during navigation when the system faces environments that are signiffcantly different from the environments used in the training phase of the genetic algorithm. Another approach to self-organizing adaptive control is that of Verschure, Kr�ose, & Pfeifer (1992), in which a neural network is used to learn how to associate conditional stimulus to unconditional responses. Although their system and ours are both selfimproving navigation systems, there is a fundamental difference on how the performance of the navigation task is improved. Their system improves its navigation performance by learning how to incorporate new input data (i.e., conditional stimulus) into an already working navigation system, while SINS improves its navigation performance by learning how to adapt the system itself (i.e., the navigation module). Our system does not rely on new sensory input, but on patterns or regularities detected in perceived environment. Our learning methods are also similar to Sutton (1990), whose system uses a trial-and-error reinforcement learning strategy to develop a world model and to plan optimal routes using the evolving world model. Unlike this system, however, SINS does not need to be trained on the same world many times, nor are the results of its learning speciffc to a particular world, initial location, or destination location.

3 Evaluation

The methods presented above have been evaluated using extensive simulations across a variety of different types of environment, performance criteria, and system conffgurations. The objective of these experiments is to measure qualitatively and quantitatively improvement of the navigation performance of SINS (the Ψadaptive system˚), and to compare this performance against a non-learning schema-based reactive system (the Ψstatic system˚) and a system that changes the schema parameter values randomly after every control interval (the Ψrandom system˚). Rather than simply measure the improvement in performance in SINS by some given metric such as Ψspeedup˚, we were interested in systematically evaluating the effects of various design decisions on the performance of the system across a variety of metrics in different types of environments. To achieve this, we designed several experiments, which can be grouped into four sets as discussed below.

3.1 Experiment Design

The systems were tested on randomly generated environments consisting of rectangular bounded worlds. Each environment contains circular obstacles, a start location, and a destination location, as shown in ffgure 2. Figure 4 shows an actual run of the static and adaptive systems on one of the randomly generated worlds. The location, number and radius of the obstacles were randomly determined to create environments of varying amounts of clutter, deffned as the ratio of free space to occupied space. We tested the effect of three different parameters in the SINS system: max-cases, the maximum number of cases that SINS is allowed to create; case- length, l_C representing the time window of a

case, and controlinterval which determines how often the schema parameters in the reactive control module are adapted▷ We used six estimators to evaluate the navigation performance of the systems▷ These metrics were computed using a cumulative average over the test worlds to factor out the intrinsic differences in difαculty of different worlds▷ Average number of worlds solved indicates in how many of the worlds posed the system actually found a path to the goal location▷ The optimum value is 100ϱ since this would indicate that every world pre sented was successfully solved▷ Average steps indicates the average of number of steps that the robot takes to terminate each world, smaller val ues indicate better performance▷ Average dis tance indicates the total distance traveled per world on average, again smaller values indicate better performance▷ Average actual optimal distance per world indicates the ratio of the total distance traveled and the Euclidean distance between the start and end points averaged over the solved worlds▷ The optimal value is 1 but this is only possible in a world without obstacles▷ Average virtual collisions per world indicates the total number of times the robot came within a pre deαned distance of an obstacle▷ Finally average time per world indicates the total time the system takes to execute a world on average▷ The data for the estimators was obtained after the systems terminated each world▷ This was to ensure that we were consistently measuring the effect of learning across experiences rather than within a single experience ↼which is less signiαcant on worlds of this size anyway↽▷ The execution is terminated when the navigation sys tem reaches its destination or when the number of steps reaches an upper limit ↼3000 in the cur rent evaluation↽▷ The latter condition guarantees termination since some worlds are unsolvable by one or both systems▷ In this paper we discuss the results from the following sets of experiments. Experiment set 1. Effect of the multistrategy learning method▷ We αrst evaluated the effect of our multistrategy casebased and reinforce ment learning method by comparing the perfor mance of the SINS system against the static and random systems▷ SINS was allowed to learn up to 10 cases ↼maxcases = 10), each of case- length = 4. Adaptation occurred every controlinterval = 4 steps. Figure 5 shows the results obtained for each estimator over the 200 worlds. Each graph compares the performance on one estimator of each of the three systems, static, random and adaptive, discussed above. Experiment set 2: Effect of case parameters. This set of experiments evaluated the effect of two parameters of the case-based reasoning component of the multistrategy learning system, that is, max-cases and case-length. controlinterval was held constant at 4, while max-cases was set to 10, 20, 40 and 80, and case-length was set to 4, 6, 10 and 20. All these conffgurations of SINS, and the static and random systems, were evaluated using all six estimators on 200 randomly generated worlds of 25% and 50% clutter. The results are shown in ffgures 6 and 7. Experiment set 3: Effect of control interval. This set of experiments evaluated the effect of the control-interval parameter, which determines how often the adaptation and learning module modiffes the schema parameters of the reactive control module. max-cases and caselength were held constant at 10 and 4, respectively, while control-interval was set to 4, 8, 12 and 16. All systems were evaluated using all six estimators on 200 randomly generated worlds of 50% clutter. The results are shown in ffgure 8. Experiment set 4: Effect of environmental change. This set of experiments was designed to evaluate the effect of changing environmental characteristics, and to evaluate the ability of the systems to adapt to new environments and learn new regularities. With max-cases set to 10, 20, 40 and 80, case-length set to 4, 6 and 10, and control-interval set to 4, we presented the systems with 200 randomly generated worlds of 25% clutter followed by 200 randomly generated worlds of 50% clutter. The results are shown in ffgure 9.

3.2 Discussion of Experimental Results The results in ffgures 5 through 9 show that SINS does indeed perform signiffcantly better than its non-learning counterpart. To obtain a more detailed insight into the nature of the improvement, let us discuss the experimental results in more detail.

Figure 4: Sample runs of the static and adaptive systems on a randomly generated world. The system starts at the fflled box (towards the lower right side of the world) and tries to navigate to the unfflled box. The ffgure on the left shows the static system. On the right, the adaptive system has learned to Ψballoon˚ around the obstacles, temporarily moving away from the goal, and then to Ψsqueeze˚ through the obstacles (towards the end of the path) and shoot towards the goal. The graphs at the top of the ffgures plot the values of the schema parameters over the duration of the run.

Experiment set 1: Effect of the multistrategy learning method. Figure 5 shows the results obtained for each estimator over the 200 worlds. As shown in the graphs, SINS performed better than the other systems with respect to ffve out of the six estimators. Figure 10 shows the ffnal improvement in the system after all the worlds. SINS successfully navigates 93% of the worlds, a 541% improvement over the nonlearning system, with 22% fewer virtual collisions. Although the non-learning system was 39% faster, the paths it found required over 4 times as many steps. On average, SINS’ solution paths were 25% shorter and required 76% fewer steps, an impressive improvement over a reactive control method which is already good at navigation.

The average time per world was the only estimator in which the self-improving system performed worse. The reason for this behavior is that the case retrieval process is very time consuming. However, since in the physical world the time required for physical execution of a motor action outweighs the time required to select the action, the time estimator is less critical than the distance, steps, and solved worlds estimators. Furthermore, as discussed below, better case organization methods should reduce the time overhead signiffcantly.

The experiments also demonstrate an somewhat unexpected result: the number of worlds solved by the navigation system is increased by changing the values of the schema parameters even in a random fashion, although the random changes lead to greater distances travelled. This may be due to the fact that random changes can get the system out of Ψlocal minima˚ situations in which the current settings of its parameters are inadequate. However, consistent changes (i.e., those that follow the Ψregularities˚ captured by our method) lead to better performance than random changes alone.

Experiment set 2: Effect of case parameters. All conffgurations of the SINS system navigated successfully in a larger percentage of the test worlds than the static system. Regardless of the

Figure 5: Cumulative performance results.

Figure 6: Effect of max-cases and case-length on 25% cluttered worlds.

Figure 7: Effect of max-cases and case-length on 50% cluttered worlds.

Figure 8: Effect of control-interval.

Figure 9: Effect of a sudden change in environment (after the 200th world).

static random adaptive Percentage of worlds solved 14.5% 41.5% 93% Average steps per world 2624.6 2046.8 618.4 Average distance per world 350.5 696.5 261.2 Average actual

optimaldistance 8.6 17.1 6.4 Average virtual collisions 46.1 26.4 35.7 Average time per world, ms 2947.8 2352.5 4878.3

Figure 10: Final performance results.

max-cases and case-length parameters, SINS could solve most of the 25% cluttered worlds (as compared with 55% in the static system) and about 90% of the 50% cluttered worlds (as compared with 15% in the static system). Although it could be argued that an alternative set of schema parameters might lead to better performance in the static system, SINS would also start out with those same settings and improve even further upon its initial performance.

Our experiments revealed that, in both 25% and 50% cluttered worlds, SINS needed about 40 worlds to learn enough to be able to perform successfully thereafter using 10 or 20 cases. However, with higher numbers of cases (40 and 80), it took more trials to learn the regularities in the environment. It appears that larger numbers of cases require more trials to train through trial-and-error reinforcement learning methods, and furthermore there is no appreciable improvement in later performance, The case-length parameter did not have an appreciable effect on performance in the long run, except on the average number of virtual collisions estimator which showed the best results with case lengths of 4 and 10. As observed earlier in experiment set 1, SINS requires a time overhead for case-based reasoning and thus loses out on the average time estimator. Due to the nature of our current case retrieval algorithm, the time required increases linearly with max-cases and with case-length. In 25% cluttered worlds, values of 10 and 4, respectively, for these parameters provide comparable performance.

Experiment set 3: Effect of control interval. Although all settings resulted in improved performance through experience, the best and worst performance in terms of average number of worlds solved was obtained with controlinterval set to 12 and 4, respectively. For low control-interval values, we expect poorer performance because environment classiffcation cannot occur reliably. We also expect poorer performance for very high values because the system cannot adapt its schema parameters quickly enough to respond to changes in the environment. Other performance estimators also show that control-interval = 12 is a good setting. Larger control-intervals require less case retrievals and thus improve average time; however, this gets compensated by poorer performance on other estimators.

Experiment set 4: Effect of environmental change. The results from these experiments demonstrate the fiexibility and adaptiveness of the learning methods used in SINS. Regardless of parameter settings, SINS continued to be able to navigate successfully despite a sudden change in environmental clutter. It continued to solve about 95% of the worlds presented to it, with only modest deterioration in steps, distance, virtual collisions and time in more cluttered environments. The performance of the static system, in contrast, deteriorated in the more cluttered environment.

Summary: These and other experiments show the efffcacy of the multistrategy adaptation and learning methods used in SINS across a wide range of qualitative metrics, such as fiexibility of the system, and quantitative metrics that measure performance. The results also indicate that a good conffguration for practical applications is max-cases = 10, case-length = 4, and controlinterval = 12, although other settings might be chosen to optimize particular performance estimators of interest. These values have been determined empirically. Although the empirical results can be explained intuitively, more theoretical research is needed to analyze why these particular values worked best.

4 Conclusions

We have presented a novel method for augmenting the performance of a reactive control system that combines case-based reasoning for on-line parameter adaptation and reinforcement learning for on-line case learning and adaptation. The method is fully implemented in the SINS program, which has been evaluated through extensive simulations.

The power of the method derives from its ability to capture common environmental conffgurations, and regularities in the interaction between the environment and the system, through an online, adaptive process. The method adds considerably to the performance and fiexibility of the underlying reactive control system because it allows the system to select and utilize different behaviors (i.e., different sets of schema parameter values) as appropriate for the particular situation at hand. SINS can be characterized as performing a kind of constructive representational change in which it constructs higher-level representations (cases) from low-level sensorimotor representations (Ram, 1993).

In SINS, the perception-action task and the adaptation-learning task are integrated in a tightly knit cycle, similar to the Ψanytime learning˚ approach of Grefenstette & Ramsey (1992). Perception and action are required so that the system can explore its environment and detect regularities; they also, of course, form the basis of the underlying performance task, that of navigation. Adaptation and learning are required to generalize these regularities and provide predictive suggestions based on prior experience. Both tasks occur simultaneously, progressively improving the performance of the system while allowing it to carry out its performance task without needing to Ψstop and think.˚

In contrast to traditional case-based reasoning methods which perform high-level reasoning in discrete, symbolic problem domains, SINS is based on a new method for Ψcontinuous casebased reasoning˚ in problem domains that involve continuous information, such as sensorimotor information for robot navigation (Ram & SantamarØ�a, 1993). There are still several unresolved issues in this research. The case retrieval process is very expensive and limits the number of cases that the system can handle without deteriorating the overall navigational performance, leading to a kind of utility problem (Minton, 1988). Our current solution to this problem is to place an upper bound on the number of cases allowed in the system. A better solution would be to develop a method for organization of cases in memory; however, conventional memory organization schemes used in case-based reasoning systems (see Kolodner, 1992) assume structured, nominal information rather than continuous, time-varying, analog information of the kind used in our cases.

Another open issue is that of the nature of the regularities captured in the system’s cases. While SINS’ cases do enhance its performance, they are not easy to interpret. Interpretation is desirable, not only for the purpose of obtaining of a deeper understanding of the methods, but also for possible integration of higher-level reasoning and learning methods into the system.

Despite these limitations, SINS is a complete and autonomous self-improving navigation system, which can interact with its environment without user input and without any pre-programmed Ψdomain knowledge˚ other than that implicit in its reactive control schemas. As it performs its task, it builds a library of experiences that help it enhance its performance. Since the system is always learning, it can cope with major environmental changes as well as ffne tune its navigation module in static and speciffc environment situations.

References

Arkin, R.C., Motor Schema-Based Mobile Robot Navigation, The International Journal of Robotics Research, 8(4):92ffi112, 1989.

Brooks, R., A Robust Layered Control System for a Mobile Robot, IEEE Journal of Robotics and Automation, RA-2(1):14ffi23, 1986.

Chien, S.A., Gervasio, M.T., & DeJong, G.F., On Becoming Decreasingly Reactive: Learning to Deliberate Minimally, in Birnbaum, L. & Collins, G. (editors), Proceedings of the Eighth

International Workshop on Machine Learning, 288ffi292, Chicago, IL, 1991.

Clark, R.J., Arkin, R.C., & Ram, A., Learning Momentum: On-Line Performance Enhancement for Reactive Systems, in Proceedings of the IEEE International Conference on Robotics and Automation, 111ffi116, Nice, France, 1992.

Fikes, R.E., Hart, P.E., & Nilsson, N.J., Learning and Executing Generalized Robot Plans. Artiffcial Intelligence, 3:251ffi288, 1972.

Grefenstette, J.J. & Ramsey, C.L. An Approach to Anytime Learning, in Sleeman, D. & Edwards, P. (editors), Machine Learning: Proceedings of the Ninth International Conference, 189ffi 195, Aberdeen, Scotland, 1992.

Hammond, K.J. Case-Based Planning: Viewing Planning as a Memory Task, Academic Press, Boston, MA, 1989a.

Hammond, K.J. (editor), Proceedings of the Second Case-Based Reasoning Workshop, Pensacola Beach, FL, Morgan Kaufman, 1989b.

Kaelbling, L., An Architecture for Intelligent Reactive Systems, Technical Note 400, SRI International, 1986.

Kolodner, J.L. (editor), Proceedings of a Workshop on Case-Based Reasoning, Clearwater Beach, FL, Morgan Kaufman, 1988.

Kolodner, J.L., Case-Based Reasoning, Morgan Kaufmann, San Mateo, CA, 1992 (in press).

Minton, S., Learning Effective Search Control Knowledge: An Explanation-Based Approach, PhD thesis, Technical Report CMU-CS-88-133, Carnegie-Mellon University, Computer Science Department, Pittsburgh, PA, 1988.

Mitchell, T.M., Becoming Increasingly Reactive, in Proceedings of the Eighth National Conference on Artiffcial Intelligence, 1051ffi1058, Boston, MA, 1990.

Moorman, K. & Ram, A., A Case-Based Approach to Reactive Control for Autonomous Robots, in Proceedings of the AAAI Fall Symposium on AI for Real-World Autonomous Mobile Robots, Cambridge, MA, 1992.

Mostow, J. & Bhatnagar, N., FAILSAFE � A Floor Planner that uses EBG to Learn from its Failures, in Proceedings of the Tenth International Joint Conference on Artiffcial Intelligence, 249ffi255, Milan, Italy, 1987.

Payton, D., An Architecture for Refiexive Autonomous Vehicle Control, in Proceedings of the IEEE Conference on Robotics and Automation, 1838ffi1845, 1986.

Pearce, M., Arkin, R., & Ram, A., The Learning of Reactive Control Parameters through Genetic Algorithms, In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems, 130ffi137, Raleigh, NC, 1992.

Ram, A., Creative Conceptual Change, in Proceedings of the Fifteenth Annual Conference of the Cognitive Science Society, Boulder, CO, 1993 (to appear).

Ram, A. & SantamarØ�a, J.C., Continuous Case- Based Reasoning, in Leake, D.B. (editor), Proceedings of the AAAI Workshop on Case-Based Reasoning, Washington, DC, 1993 (to appear).

Sacerdoti, E.D., A Structure for Plans and Behavior, Technical Note 109, Stanford Research Institute, Artiffcial Intelligence Center. Summarized in P.R. Cohen & E.A. Feigenbaum’s Handbook of AI, Volume III, pages 541-550, 1975.

Segre, A.M., Machine Learning of Robot Assembly Plans, Kluwer Academic Publishers, Norwell, MA, 1988.

Sutton, R.S., Integrated Architectures for Learning, Planning, and Reacting based on Approximating Dynamic Programming, in Proceedings of the Seventh International Conference on Machine Learning, 216ffi224, Austin, TX, 1990.

Sutton, R.S. (editor), Machine Learning, 8(3/4), special issue on Reinforcement Learning, 1992.

Verschure, P.F.M.J., Kr�ose, B.J.A., & Pfeifer, R., Distributed Adaptive Control: The Self- Organization of Structured Behavior. Robotics and Autonomous Systems, 9:181ffi196, 1992.

Watkins, C.J.C.H., Learning from Delayed Rewards, PhD thesis, University of Cambridge, England, 1089.

Whitehead, S.D. & Ballard, D.H., Active Perception and Reinforcement Learning, in Proceedings of the Seventh International Conference on Machine Learning, 179ffi188, Austin, TX, 1990.