P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ C≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\∫ T⟨⌉≀∇† M⟩\⟩↖C≀\{⌉∇⌉\⌋⌉ ⊣⊔ GLOBECOM ≃∃△⇔ S⊣\ F∇⊣\⌋⟩∫⌋≀⇔ C⊣↕⟩{≀∇\⟩⊣⇔ √√↙ ∞∈′∘∞∈

A TES↖BASED MODEL FOR COMPRESSED ⊢⊢STAR WARS≃≃ VIDEO BENJAMIN MELAMED NEC USA I\⌋↙ △ I\⌈⌉√⌉\⌈⌉\⌋⌉ W⊣† P∇⟩\⌋⌉⊔≀\⇔ NJ ′∀▽△′ E⇕⊣⟩↕¬ ⌊⌉\ℵ⌋⌋∇↕↙\|↙\⌉⌋↙⌋≀⇕⇔ F⊣§¬ ′̸∃↖∃▽∞↖∈△∃∃

DIMITRIOS PENDARAKIS D⌉√⊣∇⊔⇕⌉\⊔ ≀{ E↕⌉⌋⊔∇⟩⌋⊣↕ E\}⟩\⌉⌉∇⟩\} ⊣\⌈ C⌉\⊔⌉∇ {≀∇ T⌉↕⌉⊔∇⊣{⊘⌋ R⌉∫⌉⊣∇⌋⟨ C≀↕⊓⇕⌊⟩⊣ U\⟩⊑⌉∇∫⟩⊔† N⌉⊒ Y≀∇‖⇔ NY ∞′′∈

A⌊∫⊔∇⊣⌋⊔ T⟨⟩∫ √⊣√⌉∇ √∇⌉∫⌉\⊔∫ ⊣ ∫⊔≀⌋⟨⊣∫⊔⟩⌋ ⇕≀⌈⌉↕ {≀∇ ⊔⟨⌉ ⊑⊣∇⟩⊣⌊↕⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇐VBR⇒ ⊑⟩⌈⌉≀ ≀{ ⊔⟨⌉ ⌉\⊔⟩∇⌉ ⊖S⊔⊣∇ W⊣∇∫⪰ ⇕≀⊑⟩⌉ ⊓\⌈⌉∇ ⊣ JPEG↖↕⟩‖⌉ ⌋≀⇕√∇⌉∫∫⟩≀\↙ T⟨⌉ }≀⊣↕ ≀{ ⊔⟨⟩∫ ⊒≀∇‖ ⟩∫ ⊔≀ ⌈⌉⊑⌉↕≀√ ⊣ ⇕⌉⊔⟨≀⌈≀↕≀}† {≀∇ ⌋≀\∫⊔∇⊓⌋⊔⟩\} ⊣ ∫⊓⟩⊔⌉ ≀{ ⟨⟩}⟨↖ ⊘⌈⌉↕⟩⊔† ∫≀⊓∇⌋⌉ ⇕≀⌈⌉↕∫ ≀{ {⊓↕↕↖⇕≀⊔⟩≀\ ⊑⟩⌈⌉≀ ⊣∫ ⊣ ⊔∇⊣{⊘⌋ ⌊⌉\⌋⟨⇕⊣∇‖ ∫⊓⟩⊔⊣⌊↕⌉ {≀∇ ⌈∇⟩⊑⟩\} ∇⌉⊣↕⟩∫⊔⟩⌋ M≀\⊔⌉ C⊣∇↕≀ ∫⟩⇕↖ ⊓↕⊣⊔⟩≀\∫ ≀{ ⌊∇≀⊣⌈⌊⊣\⌈ ⊔⌉↕⌉⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\∫ \⌉⊔⊒≀∇‖∫↙ T≀ ⊔⟨⟩∫ ⌉\⌈⇔ ⊣ TES↖⌊⊣∫⌉⌈ ⇕≀⌈⌉↕⟩\} ⇕⌉⊔⟨≀⌈≀↕≀}† ⊒⊣∫ ⌉⇕↖ √↕≀†⌉⌈⇔ ∫⊓⌊|⌉⌋⊔ ⊔≀ ⊘⌈⌉↕⟩⊔† ⌋∇⟩⊔⌉∇⟩⊣ ∇⌉∐⊓⟩∇⟩\} ⊔⟨⌉ ∫⟩⇕⊓↕⊔⊣\⌉↖ ≀⊓∫ ⌋⊣√⊔⊓∇⌉ ≀{ ⌊≀⊔⟨ ⊘∇∫⊔↖≀∇⌈⌉∇ ⊣\⌈ ∫⌉⌋≀\⌈↖≀∇⌈⌉∇ ∫⊔⊣⊔⟩∫⊔⟩⌋∫↙ T⟨⌉ ⌉\⊔⟩∇⌉ ⇕≀⊑⟩⌉ ⊒⊣∫ ⇕≀⌈⌉↕⌉⌈ ⊣∫ ⊣ M⊣∇‖≀⊑↖R⌉\⌉⊒⊣↕↖ M≀⌈⊓↕⊣⊔⌉⌈ TES ⇐MRMT⇒ √∇≀⌋⌉∫∫ ⊒⟩⊔⟨ ⌋↕⊣∫∫↖⌈⌉√⌉\⌈⌉\⊔ ⟨≀↕⌈⟩\} ⊔⟩⇕⌉∫↙ T⟨⌉ ⇕≀⌈⌉↕⟩\} ∇⌉∫⊓↕⊔∫ ∫⊓√√≀∇⊔ ⊔⟨⌉ ⌉{⊘⌋⊣⌋† ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕⟩\} ⇕⌉⊔⟨≀⌈≀↕≀}† ⊣\⌈ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⟨⟩}⟨↖⊘⌈⌉↕⟩⊔† ⌋≀⇕√⊣⌋⊔ ∫≀⊓∇⌋⌉ ⇕≀⌈⌉↕∫ ≀{ {⊓↕↕↖⇕≀⊔⟩≀\ ⊑⟩⌈⌉≀ ⌋⊣\ ⌊⌉ ⌈⌉↖ ⊑⌉↕≀√⌉⌈ ⌊† ⊣√√↕†⟩\} ⊔⟨⟩∫ ⇕⌉⊔⟨≀⌈≀↕≀}† ⊔≀ ≀⊔⟨⌉∇ ⊔†√⌉∫ ≀{ ⇕≀⊑⟩⌉∫ ⊓\⌈⌉∇ ⊣ ⊑⊣∇⟩⌉⊔† ≀{ ⌋≀⌈⟩\} ∫⌋⟨⌉⇕⌉∫↙

∞ I\⊔∇≀⌈⊓⌋⊔⟩≀\ T⟨⟩∫ ⊒≀∇‖ ⟨⊣∫ ⌊⌉⌉\ ⇕≀⊔⟩⊑⊣⊔⌉⌈ ⌊† ⊔⟨⌉ \⌉⌉⌈ ⊔≀ ⌋∇⌉⊣⊔⌉ ⊣⌋⌋⊓↖ ∇⊣⊔⌉⇔ †⌉⊔ ∫⟩⇕√↕⌉ ⊣\⌈ ⊙⌉§⟩⌊↕⌉⇔ ⊒≀∇‖↕≀⊣⌈ ∫≀⊓∇⌋⌉ ⇕≀⌈⌉↕∫ ≀{ ∇⌉⊣↕⟩∫⊔⟩⌋ ⊑⊣∇⟩⊣⌊↕⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇐VBR⇒ ⌋≀⇕√∇⌉∫∫⌉⌈ ⊑⟩⌈⌉≀↙ I⊔ ⟩∫ ⌉§√⌉⌋⊔⌉⌈ ⊔⟨⊣⊔ ⊑⟩⌈⌉≀ ⊔∇⊣{⊘⌋ ⊒⟩↕↕ ⌋≀\∫⊔⟩⊔⊓⊔⌉ ⊣ ∫⟩}\⟩⊘⌋⊣\⊔ √⊣∇⊔ ≀{ ⊔⟨⌉ ↕≀⊣⌈ ⟩\ {⊓⊔⊓∇⌉ ⌊∇≀⊣⌈⌊⊣\⌈ I\⊔⌉}∇⊣⊔⌉⌈ S⌉∇⊑⟩⌋⌉∫ D⟩}↖ ⟩⊔⊣↕ N⌉⊔⊒≀∇‖∫ ⇐B↖ISDN⇒⇔ ⌉∫√⌉⌋⟩⊣↕↕† ≀{ ⊔⟨⌉ A∫†\⌋⟨∇≀\≀⊓∫ T∇⊣\∫{⌉∇ M≀⌈⌉ ⇐ATM⇒ ⊑⊣∇⟩⌉⊔†↙ S⊓⌋⟨ ∫†∫⊔⌉⇕∫ ⊒⟩↕↕ ⌊⌉ ⌋≀↕↖ ↕⌉⌋⊔⟩⊑⌉↕† ∇⌉{⌉∇∇⌉⌈ ⊔≀ ⊣∫ ⌊∇≀⊣⌈⌊⊣\⌈ \⌉⊔⊒≀∇‖∫⇔ {≀∇ ∫⟨≀∇⊔↙ T⟨⌉ ∫⟩‡⌉ ≀{ ⌊∇≀⊣⌈⌊⊣\⌈ \⌉⊔⊒≀∇‖∫⇔ ⌋≀⇕⌊⟩\⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⌋≀⇕√↕⌉§⟩⊔† ⊣\⌈ ⌈⟩⊑⌉∇∫⟩⊔† ≀{ ⊔⟨⌉⟩∇ √∇≀|⌉⌋⊔⌉⌈ ⊔∇⊣{⊘⌋ ⇕⟩§ ⇐⊑≀⟩⌋⌉⇔ ⊑⟩⌈⌉≀⇔ ⊘↕⌉ ⊔∇⊣\∫{⌉∇∫ ⌉⊔⌋↙⇒⇔ ⊒⟩↕↕ ⌈≀⊓⌊⊔↕⌉∫∫ ∇⌉\⌈⌉∇ ⊔⟨⌉ ⊔⊣∫‖ ≀{ \⌉⊔⊒≀∇‖ ⌈⌉∫⟩}\ ⊣\⌈ ⇕⊣\⊣}⌉⇕⌉\⊔ ⊣ ⌈⟩{⊘⌋⊓↕⊔ ≀\⌉↙ A⌋⌋⊓∇⊣⊔⌉ ⇕≀⌈⌉↕⟩\} ≀{ ⌊∇≀⊣⌈⌊⊣\⌈ \⌉⊔⊒≀∇‖∫ ⌋⊣↕↕∫ {≀∇ ⌋⊣∇⌉{⊓↕ √⌉∇{≀∇⇕⊣\⌋⌉ ⊣\⊣↕†∫⟩∫⇔ ⇕⊣⟩\↕† ⊑⟩⊣ ∫⟩⇕⊓↕⊣⊔⟩≀\ ⌉§√⌉∇⟩⇕⌉\⊔∫↙ S⊓⌋⟨ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⇕⊓∫⊔ ∇⌉↕† ⌋∇⟩⊔⟩⌋⊣↕↕† ≀\ ⟨⟩}⟨↖⊘⌈⌉↕⟩⊔† ⊔∇⊣{⊘⌋ ⇕≀⌈⌉↕⟩\}⇔ ⌉∫√⌉⌋⟩⊣↕↕† {≀∇ ⌊⊓∇∫⊔† ⊔∇⊣{⊘⌋↙ I\⊔⊓⟩⊔⟩⊑⌉↕†⇔ ⌊⊓∇∫⊔⟩↖

\⌉∫∫ ⟩∫ √∇⌉∫⌉\⊔ ⟩\ ⊣ ⊔∇⊣{⊘⌋ √∇≀⌋⌉∫∫⇔ ⟩{ ⊣∇∇⟩⊑⊣↕ √≀⟩\⊔∫ ⊣√√⌉⊣∇ ⊔≀ {≀∇⇕ ⊑⟩∫⊓⊣↕ ⌋↕⊓∫⊔⌉∇∫ ≀\ ⊔⟨⌉ ⊔⟩⇕⌉ ↕⟩\⌉↙ T⟨⌉ ⇕⊣⊔⟨⌉⇕⊣⊔⟩⌋⊣↕ ⊓\⌈⌉∇√⟩\\⟩\}∫ ≀{ ⌊⊓∇∫⊔⟩\⌉∫∫ ⊣∇⌉ ⌋≀⇕√↕⌉§∅ ⊔⊒≀ ⇕⊣⟩\ {⊣⌋⊔≀∇∫ ⌋≀\⊔∇⟩⌊⊓⊔⟩\} ⊔≀ ⊔∇⊣{⊘⌋ ⌊⊓∇∫⊔⟩\⌉∫∫ ⊣∇⌉ ⊔⟨⌉ ⇕⊣∇}⟩\⊣↕ ⌈⟩∫⊔∇⟩↖ ⌊⊓⊔⟩≀\ ⊣\⌈ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ {⊓\⌋⊔⟩≀\ ≀{ ⊔∇⊣{⊘⌋ ⟩\⊔⌉∇⊣∇∇⟩⊑⊣↕ ⊔⟩⇕⌉∫⇔ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ∫⊔∇≀\} √≀∫⟩⊔⟩⊑⌉ ∫⟨≀∇⊔↖⊔⌉∇⇕ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣↖ ⊔⟩≀\∫ ∪∋⊎↙ T⟨⌉ ⟩⇕√⊣⌋⊔ ≀{ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ ⟩\ ⊔∇⊣{⊘⌋ √∇≀⌋⌉∫∫⌉∫ ≀\ ∐⊓⌉⊓⌉⟩\} ⇕⌉⊣∫⊓∇⌉∫ ∫⊓⌋⟨ ⊣∫ ⇕⌉⊣\ ∐⊓⌉⊓⌉ ↕⌉\}⊔⟨⇔ ⇕⌉⊣\ ⊒⊣⟩⊔⟩\} ⊔⟩⇕⌉∫ ⊣\⌈ ↕≀∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⟩\ ⊘\⟩⊔⌉ ⌊⊓{{⌉∇∫⇔ ⌋⊣\ ⌊⌉ ⊑⌉∇† ⌈∇⊣⇕⊣⊔⟩⌋⇔ ⌉⊑⌉\ ⟩\ ↕⟩}⟨⊔ ⊔∇⊣{⊘⌋ ∪⇎ ∞′⇔ ∞△⊎↙ T⟨⌉ ∫⊔⊓⌈⟩⌉∫ ⌋⟩⊔⌉⌈ ⊣⌊≀⊑⌉ ∫⊓√√≀∇⊔ ⊔⟨⌉ ⊑⟩⌉⊒ ⊔⟨⊣⊔ ⇕≀⌈⌉↕⟩\} ⊣ ⌊⊓∇∫⊔† ⊔∇⊣{⊘⌋ ∫⊔∇⌉⊣⇕ ⇐≀\⌉ ⊒⟩⊔⟨ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⌉⌈ ⟩\⊔⌉∇⊣∇∇⟩⊑⊣↕ ⊔⟩⇕⌉∫ ≀∇ ⌊⟩⊔ ∇⊣⊔⌉∫⇒ ⊣∫ ⊣ ∇⌉\⌉⊒⊣↕ √∇≀⌋⌉∫∫ ⇐⟩\⌈⌉√⌉\⌈⌉\⊔ ⊑⊣∇⟩↖ ⊣⊔⌉∫⇒ ⌋⊣\ ⌉\⊔⊣⟩↕ ⊣ ∫⟩}\⟩⊘⌋⊣\⊔ ⇕≀⌈⌉↕⟩\} ∇⟩∫‖↙ W≀∇∫⌉ ∫⊔⟩↕↕⇔ ∫⊓⌋⟨ ⊔∇⊣{⊘⌋ ⇕≀⌈⌉↕∫ ⊣∇⌉ ⌊≀⊓\⌈ ⊔≀ ⌉∇∇ ≀\ ⊔⟨⌉ ≀√⊔⟩⇕⟩∫⊔⟩⌋ ∫⟩⌈⌉⇔ ⟩{ ⊔⟨⌉ ⇕≀⌈⌉↕⌉⌈ ⊔∇⊣{⊘⌋ ⟨⊣∫ ⊣√√∇⌉⌋⟩⊣⌊↕⌉ ∫⟨≀∇⊔↖⊔⌉∇⇕ √≀∫⟩⊔⟩⊑⌉ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\∫↙ U\{≀∇⊔⊓\⊣⊔⌉↕†⇔ ⊔⟨⟩∫ ∫⟩⊔⊓⊣⊔⟩≀\ ⟩∫ √∇⌉⊑⊣↖ ↕⌉\⊔ ⟩\ ⊑⊣∇⟩⊣⌊↕⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇐VBR⇒ ⌋≀⌈⌉⌈ ⊑⟩⌈⌉≀↙ T⟨⌉ ∇⌉⊣∫≀\ ⟩∫ ∐⊓⟩⊔⌉ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈¬ ∫⊓⌋⌋⌉∫∫⟩⊑⌉ ⊑⟩⌈⌉≀ {∇⊣⇕⌉∫ ⌈⟩{{⌉∇ ⊑⌉∇† ↕⟩⊔⊔↕⌉ ⊣∫ ⌊⟩⊔⇕⊣√∫⇔ ∫⟩\⌋⌉ ⊔⟨⌉⟩∇ ∇⊣⊔⌉ ≀{ }⌉\⌉∇⊣⊔⟩≀\ ⟩∫ ⊣⌊≀⊓⊔ ∋′ {∇⊣⇕⌉∫∝∫⌉⌋≀\⌈↙ C≀\∫⌉∐⊓⌉\⊔↕†⇔ ⊣ ⌋≀⌈⌉⌈ ⊑⟩⌈⌉≀ ∫⌉↖ ∐⊓⌉\⌋⌉ {∇≀⇕ ⊣ ∫⟩\}↕⌉ ∫⌋⌉\⌉ √≀∫∫⌉∫∫⌉∫ ⊣\ ⟩\⟨⌉∇⌉\⊔ ⊔⌉⇕√≀↖ ∇⊣↕ ⌈⌉√⌉\⌈⌉\⌋⌉⇔ ⊒⟨⟩⌋⟨ ⟩∫ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕↕† ⇕⊣\⟩{⌉∫⊔⌉⌈ ⌊† ∫⊔∇≀\} ∫⟨≀∇⊔↖⊔⌉∇⇕ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ ∇⊣\⌈≀⇕ ⌊⟩⊔ ∇⊣⊔⌉ √∇≀⌋⌉∫∫↙ T⟨⊓∫⇔ ⊣⊓⊔≀⌋≀∇⌉↕⊣⊔⌉⌈ ⇕≀⌈⌉↕∫ ≀{ ⌋≀⌈⌉⌈ ⊑⟩⌈⌉≀ ⊣∇⌉ ⌉∫∫⌉\⊔⟩⊣↕ ⊔≀ ⟨⟩}⟨↖⊘⌈⌉↕⟩⊔† ⇕≀⌈⌉↕⟩\} ≀{ ⌊∇≀⊣⌈⌊⊣\⌈ \⌉⊔⊒≀∇‖∫⇔ ⟩\ ∫√⟩⊔⌉ ≀{ ⊔⟨⌉⟩∇ ⊣⌈⌈⌉⌈ ⌋≀⇕√↕⌉§⟩⊔†↙ T⟨⌉ ⌊⊓↕‖ ≀{ √∇⌉⊑⟩≀⊓∫ ⊒≀∇‖ ⟩\ ⊑⟩⌈⌉≀ ∫≀⊓∇⌋⌉ ⇕≀⌈⌉↕⟩\} ⟨⊣∫ ⌊⌉⌉\ ⌋≀\⊘\⌉⌈ ⊔≀ ∫⟨≀∇⊔ ∫⌉∐⊓⌉\⌋⌉∫ ≀{ ⌉⇕√⟩∇⟩⌋⊣↕ ∇⌉⌋≀∇⌈∫ ⌋≀\∫⟩∫⊔⟩\} ≀{ ≀\⌉ ≀∇ ⊣ {⌉⊒ ∫⌋⌉\⌉∫∅ {⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊣⌈⟩⊔⟩≀\⊣↕ ⊑⟩⌈⌉≀ ∫≀⊓∇⌋⌉ ⇕≀⌈⌉↕∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⌈⌉∫⟩}\⌉⌈ ⊔≀ ⌋⊣√⊔⊓∇⌉ ⌉⟩⊔⟨⌉∇ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ {⊓\⌋⊔⟩≀\ ≀∇ ⊔⟨⌉ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ {⊓\⌋⊔⟩≀\ ≀{ ⌉⇕√⟩∇⟩⌋⊣↕ ⌊⟩⊔ ∇⊣⊔⌉ ∇⌉⌋≀∇⌈∫⇔ ⌊⊓⊔ \≀⊔ ⌊≀⊔⟨∅ ∫⌉⌉ ∪∋⇔ △⊎ ⊣\⌈ ∇⌉{⌉∇⌉\⌋⌉∫ ⊔⟨⌉∇⌉⟩\↙ S⟩\⌋⌉ ⊔∇⊣{⊘⌋ ⌊⊓∇∫⊔⟩\⌉∫∫ ⌋⊣\ ⌊⌉ ⌋⊣⊓∫⌉⌈ ⌊† ⊔⟨⌉ ∫⟨⊣√⌉ ≀{ ⊔⟨⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⊣∫ ⊒⌉↕↕ ⊣∫ ⌊† ⟩⊔∫ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ {⊓\⌋⊔⟩≀\⇔ ⟩⊔ ⟩∫ ⟩⇕√≀∇⊔⊣\⊔ ⊔≀ {⊣⟩⊔⟨{⊓↕↕† ⌋⊣√⊔⊓∇⌉ ⌊≀⊔⟨ ⊘∇∫⊔↖≀∇⌈⌉∇ ⊣\⌈ ∫⌉⌋≀\⌈↖≀∇⌈⌉∇ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ≀{ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌈⊣⊔⊣↙ ∞∈′

T⟨⟩∫ √⊣√⌉∇ √∇⌉∫⌉\⊔∫ ⊣ \≀⊑⌉↕ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⊑⟩⌈⌉≀ ⇕≀⌈⌉↕⟩\}↙ S√⌉⌋⟩⊘⌋⊣↕↕†⇔ ⟩⊔ ⇕⊣‖⌉∫ ⊔⊒≀ \⌉⊒ ⇕⊣⟩\ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\∫↙ F⟩∇∫⊔⇔ ⟩⊔ √∇⌉∫⌉\⊔∫ ⊣ ⇕≀⌈⌉↕ ≀{ ⊣ {⊓↕↕↖↕⌉\}⊔⟨ ⇕≀⊑⟩⌉ ⊣∫ ≀√√≀∫⌉⌈ ⊔≀ ⊣ ⇕⌉∇⌉ ⊑⟩⌈⌉≀ ⌋↕⟩√↙ A\⌈ ∫⌉⌋≀\⌈⇔ ⊔⟨⌉ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟨⌉∇⌉ ∇⌉↕⟩⌉∫ ≀\ ⊔⟨⌉ TES ⇕≀⌈⌉↕⟩\} ⇕⌉⊔⟨≀⌈≀↕≀}† ⇐⊔≀ ⌊⌉ ⌉§√↕⊣⟩\⌉⌈ ↕⊣⊔⌉∇⇒ ⊔≀ ⊣⌋⌋⊓∇⊣⊔⌉↕† ⌋⊣√⊔⊓∇⌉ ⌊≀⊔⟨ ⊘∇∫⊔↖≀∇⌈⌉∇ ⊣\⌈ ∫⌉⌋≀\⌈↖ ≀∇⌈⌉∇ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ≀{ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌊⟩⊔ ∇⊣⊔⌉ ∇⌉⌋≀∇⌈∅ ⇕≀∇⌉ ∫√⌉⌋⟩{↖ ⟩⌋⊣↕↕†⇔ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊣√√∇≀§⟩⇕⊣⊔⌉∫ ⊒⌉↕↕ ⊔⟨⌉ ⇕⊣∇}⟩\⊣↕ ⌈⟩∫⊔∇⟩⌊⊓↖ ⊔⟩≀\ ⊣\⌈ ⊔⟨⌉ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ {⊓\⌋⊔⟩≀\ ⇐⌉∐⊓⟩⊑⊣↕⌉\⊔↕†⇔ ∫√⌉⌋↖ ⊔∇⊣↕ ⌈⌉\∫⟩⊔†⇒ ≀{ ⊔⟨⌉ ⌊⟩⊔ ∇⊣⊔⌉ √∇≀⌋⌉∫∫⇔ ∫⟩⇕⊓↕⊔⊣\⌉≀⊓∫↕†⇔ ⊣\⌈ ⊔⟨⌉ ⇕≀⌈⌉↕ ∫⊣⇕√↕⌉ √⊣⊔⟨ ∇⌉⊣↕⟩‡⊣⊔⟩≀\∫ ⌊⌉⊣∇ ⊣ ∫⊔∇≀\} ↑∇⌉∫⌉⇕↖ ⌊↕⊣\⌋⌉↑ ⊔≀ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ∇⌉⌋≀∇⌈↙ N≀⊔⌉⇔ ⊔⟨≀⊓}⟨⇔ ⊔⟨⊣⊔ ⊔⟩⇕⌉ ∫⌉↖ ∇⟩⌉∫ ↑∇⌉∫⌉⇕⌊↕⊣\⌋⌉↑ ⟩∫ ⊣ ∫⊓⌊|⌉⌋⊔⟩⊑⌉ |⊓⌈}⇕⌉\⊔ ⊒⟨⟩⌋⟨ ⌋⊣\\≀⊔ ⌊⌉ √∇⌉⌋⟩∫⌉↕† ∐⊓⊣\⊔⟩⊘⌉⌈↙ W⟨⟩↕⌉ ⟩⊔∫ ⌉§⊣⌋⊔ ⇕⌉⊣\⟩\} ⟩∫ ⌊⌉∫⊔ ↕⌉{⊔ ⊣⊔ ⊔⟨⌉ ⟩\⊔⊓⟩⊔⟩⊑⌉ ↕⌉⊑⌉↕⇔ ⊒⌉ √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔ ∫⊓⌋⟨ |⊓⌈}⇕⌉\⊔∫ ⊣∇⌉ ∇≀⊓⊔⟩\⌉↕† ⇕⊣⌈⌉ ⌊† ⊣√√↕⟩⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⟩⊣\∫ ⟩\ ⟩\{≀∇⇕⊣↕ ⇕⊣\\⌉∇↙ T⟨⌉ ⇕≀⌈⌉↕ √∇⌉∫⌉\⊔⌉⌈ ⟨⌉∇⌉ ⟩∫ ⊣ M⊣∇‖≀⊑↖R⌉\⌉⊒⊣↕↖ M≀⌈⊓↕⊣⊔⌉⌈ TES ⇐MRMT⇒ √∇≀⌋⌉∫∫⇔ }⌉\⌉∇⊣↕⟩‡⟩\} ⊔⟨⌉ ⊒⌉↕↕↖ ‖\≀⊒\ M⊣∇‖≀⊑↖M≀⌈⊓↕⊣⊔⌉⌈ P≀⟩∫∫≀\ P∇≀⌋⌉∫∫ ⇐MMPP⇒⇔ ⊒⟨⟩⌋⟨ ⟨⊣⌈ ⌊⌉⌉\ ∫⊓⌋⌋⌉∫∫{⊓↕↕† ⊣√√↕⟩⌉⌈ ⊔≀ ⇕≀⌈⌉↕ ⊑≀⟩⌋⌉ ⊔∇⊣{↖ ⊘⌋ ⟩\ ⊔⌉↕⌉√⟨≀\† ∪⊎̸↙ T⟨⌉ ⇕≀⌈⌉↕⟩\} √∇≀⌋⌉⌈⊓∇⌉ ⌋≀\∫⟩∫⊔⌉⌈ ≀{ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⇕⊣|≀∇ ∫⊔⌉√∫↙ F⟩∇∫⊔⇔ ⊔⟨⌉ ⌉\⊔⟩∇⌉ ⇕≀⊑⟩⌉ ⊒⊣∫ ∫⌉}⇕⌉\⊔⌉⌈ ⟩\⊔≀ ∫⌋⌉\⌉∫↙ S⌉⌋≀\⌈⇔ ∫⌋⌉\⌉∫ ⊒⌉∇⌉ √⊣∇⊔⟩⊔⟩≀\⌉⌈ ⟩\⊔≀ ⌋↕⊣∫∫⌉∫ ⌊† ⊣ ⌋↕⊓∫⊔⌉∇⟩\} ⊣↕}≀∇⟩⊔⟨⇕ ⊣\⌈ ⊣ ∫⌋⌉\⌉ ⊔⊣} ⊒⊣∫ ⊣∫∫⟩}\⌉⌈ ⊔≀ ⌉⊣⌋⟨ ∫⌋⌉\⌉↙ T⟨⌉ ∇⊣\⌈≀⇕ ∫⌉∐⊓⌉\⌋⌉ ≀{ ∫⌋⌉\⌉ ⊔⊣}∫ ⊒⊣∫ ⇕≀⌈⌉↕⌉⌈ ⊣∫ ⊣ ∫⟩⇕√↕⌉ M⊣∇‖≀⊑ ⌋⟨⊣⟩\ ⊒⟩⊔⟨ |⊓∫⊔ {≀⊓∇ ∫⊔⊣⊔⌉∫ ⇐∫⌋⌉\⌉ ⌋↕⊣∫∫⌉∫⇒↙ T⟨⟩∇⌈⇔ ⊔⟨⌉ ⌊⟩⊔ ∇⊣⊔⌉ √∇≀⌋⌉∫∫ ≀{ ⊣ ∫⌋⌉\⌉ ⌋↕⊣∫∫ ⊒⊣∫ ⇕≀⌈⌉↕⌉⌈ ⊣∫ ⊣ TES √∇≀⌋⌉∫∫ � ≀\⌉ √⌉∇ ⌋↕⊣∫∫↙ F⟩↖ \⊣↕↕†⇔ ∫⌋⌉\⌉ ⌈⊓∇⊣⊔⟩≀\∫ ⊒⌉∇⌉ ⇕≀⌈⌉↕⌉⌈ ⊣∫ ⊣ ⌋↕⊣∫∫↖⌈⌉√⌉\⌈⌉\⊔ ∇⌉\⌉⊒⊣↕ √∇≀⌋⌉∫∫↙ T⟨⌉ ∇⌉⇕⊣⟩\⌈⌉∇ ≀{ ⊔⟨⌉ √⊣√⌉∇ ⌈⌉∫⌋∇⟩⌊⌉∫ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊘⊔⊔⌉⌈ ⊣\⌈ ∫⟨≀⊒∫ ⊔⟨⊣⊔ ⟩⊔ ⌋≀⇕√↕⟩⌉∫ ⊒⌉↕↕ ⊒⟩⊔⟨ ⊔⟨⌉ ⇕≀⌈⌉↕⟩\} ∇⌉∐⊓⟩∇⌉⇕⌉\⊔∫ √≀∫⊔⊓↕⊣⊔⌉⌈ ⊣⌊≀⊑⌉↙

∈ T⟨⌉ E⇕√⟩∇⟩⌋⊣↕ C≀⌈⌉⌈ V⟩⌈⌉≀ D⊣⊔⊣ T⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌋≀⌈⌉⌈ VBR ⊑⟩⌈⌉≀ ⌈⊣⊔⊣ ⊓∫⌉⌈ ⟩\ ⊔⟨⟩∫ ∫⊔⊓⌈† ⊒⊣∫ ⊔⟨⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇐{∇⊣⇕⌉ ∫⟩‡⌉⇒ ∇⌉⌋≀∇⌈⇔ ≀⌊⊔⊣⟩\⌉⌈ {∇≀⇕ ⌋≀⇕↖ √∇⌉∫∫⟩\} ⊔⟨⌉ ⇕≀⊑⟩⌉ ↑S⊔⊣∇ W⊣∇∫↑ ⊑⟩⊣ ⊣ ⊑⊣∇⟩⊣\⊔ ≀{ ⊔⟨⌉ JPEG ⌋≀⌈⟩\} ∫⌋⟨⌉⇕⌉ ∪∞∞⊎↙ T⟨⟩∫ ⇕≀⊑⟩⌉ ⟩∫ ⊣ }≀≀⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ≀{ {⊓↕↕↖⇕≀⊔⟩≀\ ⊑⟩⌈⌉≀ ∫⟩\⌋⌉ ⟩⊔ ⌋≀\⊔⊣⟩\∫ ⊣ ⌈⟩⊑⌉∇∫⌉ ⌋≀↕↕⌉⌋⊔⟩≀\ ≀{ ⊑⟩⌈⌉≀ ∫⌉∐⊓⌉\⌋⌉∫ ⊒⟨≀∫⌉ ⊑⟩∫⊓⊣↕ ⌋≀⇕√↕⌉§⟩⊔† ⊣\⌈ ⇕≀⊔⟩≀\ ⌋≀\⊔⌉\⊔ ∇⊣\}⌉∫ {∇≀⇕ ↕≀⊒ ⊔≀ ⟨⟩}⟨ ⊣\⌈ ⊑⌉∇† ⟨⟩}⟨↙ T⟨⌉ ⌈⊣⊔⊣ ∇⌉⌋≀∇⌈ ⌋≀\∫⟩∫⊔⌉⌈ ≀{ ∫≀⇕⌉ ∞∞⇔′′′ {∇⊣⇕⌉ ∫⟩‡⌉∫ ⇐⟩\ ⌊†⊔⌉∫ √⌉∇ {∇⊣⇕⌉⇒ � ⊔⟨⌉ ⌉∐⊓⟩⊑⊣↕⌉\⊔ ≀{ ⊣⌊≀⊓⊔ ⊔⊒≀ ⟨≀⊓∇∫ ≀{ ⊑⟩⌈⌉≀ ⌉↕⊣√∫⌉⌈ ⊔⟩⇕⌉ ⊣⊔ ⊔⟨⌉ ∇⊣⊔⌉ ≀{ ∈△ {∇⊣⇕⌉∫ ⊣ ∫⌉⌋≀\⌈↙ I\ ⊑⟩⌉⊒ ≀{ ⊔⟨⌉ ⊔⟩⇕⌉ ⌋≀⇕√↕⌉§⟩⊔† ≀{ }⌉\⌉∇⊣⊔⟩\} ⟨⟩}⟨↖∐⊓⊣↕⟩⊔† {⊓↕↕↖ ⇕≀⊔⟩≀\ ⌋≀⌈⌉⌈ ⊑⟩⌈⌉≀ ⊒⟩⊔⟨≀⊓⊔ ⟨⊣∇⌈⊒⊣∇⌉ ∫⊓√√≀∇⊔⇔ ⊔⟨⌉ ⌋≀⌈⟩\} ∫⌋⟨⌉⇕⌉ ∫⌉↕⌉⌋⊔⌉⌈ ⟩∫ ∫⟩⇕⟩↕⊣∇⇔ ⌊⊓⊔ \≀⊔ ⟩⌈⌉\⊔⟩⌋⊣↕⇔ ⊔≀ JPEG↙ T⟨⌉ ∫⟩⇕√↕⟩⊘⌉⌈ ⊑⊣∇⟩⊣\⊔ ⌋≀⌈⌉∫ ≀\↕† ⊔⟨⌉ ↕⊓⇕⟩\⊣\⌋⌉ ⌋≀⇕√≀\⌉\⊔⇔ ∇⌉∫⊓↕⊔⟩\} ⟩\ ⇕≀\≀⌋⟨∇≀⇕⌉ ⊑⟩⌈⌉≀↙ T⟨⌉ ⌈⟩}⟩⊔⟩‡⌉⌈ {∇⊣⇕⌉ ∫⟩‡⌉ ⟩∫ △∀′ × ▽′△ √⟩§⌉↕∫∅ ⊔⟨⌉ ↕⊣∫⊔ ∀ √⟩§⌉↕∫ ≀\ ⌉⊣⌋⟨ ▽∞∈↖√⟩§⌉↕ ↕⟩\⌉ {≀∇⇕ ⊔⟨⌉ ⟨≀∇⟩‡≀\⊔⊣↕ ∇⌉⊔∇⊣⌋⌉ ⟩\⊔⌉∇⊑⊣↕⇔ ⊣\⌈ ⊔⟨≀∫⌉ ⊣∇⌉ ⌈∇≀√√⌉⌈ ⌊⌉{≀∇⌉ ⌋≀⌈⟩\}↙ T⟨⌉ {∇⊣⇕⌉ ⟩∫ √⊣∇⊔⟩⊔⟩≀\⌉⌈ ⟩\⊔≀ ⌊↕≀⌋‖∫ ≀{ ∀×∀

√⟩§⌉↕∫⇔ ≀\ ⊒⟨⟩⌋⟨ ⊣ ⌈⟩∫⌋∇⌉⊔⌉ ⌋≀∫⟩\⌉ ⊔∇⊣\∫{≀∇⇕ ⇐DCT⇒ ⟩∫ √⌉∇↖ {≀∇⇕⌉⌈↙ N≀ ⌈⟩{{⌉∇⌉\⊔⟩⊣↕ ≀∇ ⇕≀⊔⟩≀\↖⌋≀⇕√⌉\∫⊣⊔⌉⌈ ⌋≀⌈⟩\} ⟩∫ ⟩\⌋↕⊓⌈⌉⌈↙ A ⌈⌉⊔⊣⟩↕⌉⌈ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌊⟩⊔ ∇⊣⊔⌉ ∇⌉⌋≀∇⌈ ⊣√√⌉⊣∇∫ ⟩\ ∪△⊎↙

∋ S⌉}⇕⌉\⊔⟩\} ⊔⟨⌉ B⟩⊔ R⊣⊔⌉ S⊔∇⌉⊣⇕ I\⊔≀ S⌋⌉\⌉∫ F⟩}⊓∇⌉ ∞ ⌈⟩∫√↕⊣†∫ ⊣ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ∫⌉}⇕⌉\⊔ ≀{ ⊔⟨⌉ ⌉⇕√⟩∇⟩↖ ⌋⊣↕ ⌊⟩⊔ ∇⊣⊔⌉ ∇⌉⌋≀∇⌈↙ T⟨⌉ VBR ∫⌉∐⊓⌉\⌋⌉ ≀{ ⌊⟩⊔ ∇⊣⊔⌉∫⇔ {X_n}⇔ ⌉§⟨⟩⌊⟩⊔∫ ⌋≀\∫⟩⌈⌉∇⊣⌊↕⌉ ⌊⊓∇∫⊔⟩\⌉∫∫ ⊣∫ ⌉⊑⟩⌈⌉\⌋⌉⌈ ⌊† ⊔⟨⌉ ⌉⇕↖ √⟩∇⟩⌋⊣↕ ∇⌉⌋≀∇⌈ ⊣\⌈ ⊔⟨⌉ ⊣⊔⊔⌉\⌈⊣\⊔ ⟨⟩}⟨ ∫⟨≀∇⊔↖⊔⌉∇⇕ ⌉⇕√⟩∇⟩⌋⊣↕ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\∫ ⇐∫⌉⌉ ⊓√√⌉∇ ⌋⊣\⊑⊣∫⌉∫ ⟩\ F⟩}⊓∇⌉ ⇒↙

F⟩}⊓∇⌉ ∞¬ A L≀⊒ A⌋⊔⟩⊑⟩⊔† S⌉}⇕⌉\⊔ ≀{ ⊔⟨⌉ E⇕√⟩∇⟩⌋⊣↕ B⟩⊔ R⊣⊔⌉ R⌉⌋≀∇⌈↙ T⟨⌉ ⊣√√⌉⊣∇⊣\⌋⌉ ≀{ ⊔⟨⌉ ⌈⊣⊔⊣ √↕≀⊔⊔⌉⌈ ⟩\ F⟩}⊓∇⌉ ∞ ∫⊓}}⌉∫⊔∫ ⊣ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ √⊓\⌋⊔⊓⊣⊔⌉⌈ ∫⊔⊣⊔⟩≀\⊣∇⟩⊔†↙ I\ ≀⊔⟨⌉∇ ⊒≀∇⌈∫⇔ ⊒⌉ √≀∫⊔⊓↕⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉⌋≀∇⌈ ⟩∫ ⌋≀⇕√≀∫⌉⌈ ≀{ ∫⊔⊣⊔⟩≀\⊣∇† ∫⌉}↖ ⇕⌉\⊔∫⇔ ⊒⟩⊔⟨ ∇⊣\⌈≀⇕ ⊔∇⊣\∫⟩⊔⟩≀\∫ ⊣⇕≀\} ∫⌉}⇕⌉\⊔∫↙ S⌉}⇕⌉\⊔ ⌊≀⊓\⌈⊣∇⟩⌉∫ ⊣∇⌉ ⊑⟩∫⊓⊣↕↕† ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉⌈ ⌊† ⊣⌊∇⊓√⊔ ↕⊣∇}⌉ ⇕⊣}↖ \⟩⊔⊓⌈⌉ ⌋⟨⊣\}⌉∫ ⟩\ ⊔⟨⌉ ↕≀⌋⊣↕ ⊣⊑⌉∇⊣}⌉ ≀{ ⌊⟩⊔ ∇⊣⊔⌉∫↙ I⊔ \⌉⌉⌈∫ ⊔≀ ⌊⌉ ⌉∫⊔⊣⌊↕⟩∫⟨⌉⌈⇔ ⊔⟨≀⊓}⟨⇔ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ∫⌉}⇕⌉\⊔∫ ⌋≀∇∇⌉∫√≀\⌈ ⊔≀ ⌈⟩∫⊔⟩\⌋⊔ ∫⌋⌉\⌉∫ ≀{ ⊔⟨⌉ ⇕≀⊑⟩⌉⇔ ⟩↙⌉↙⇔ ⊔≀ ⇕≀⊑⟩⌉ ∫⌉}⇕⌉\⊔∫ ⊒⟩⊔⟨≀⊓⊔ ∫⟩}\⟩⊘⌋⊣\⊔ ∫⟨⟩{⊔∫ ≀{ ⊑⟩⌉⊒∅ ∫⊓⌋⟨ ∫⟨⟩{⊔∫ ∇⌉∫⊓↕⊔ {∇≀⇕ ⊣⌊∇⊓√⊔ ⌋⊣⇕⌉∇⊣ ‡≀≀⇕⟩\}⇔ √⊣\\⟩\}⇔ ≀∇ ⌋⊓⊔⊔⟩\} ⊔≀ ⊣ \⌉⊒ ⊑⟩↖ ∫⊓⊣↕ ⌋≀\⊔⌉§⊔↙ B† ≀⌊∫⌉∇⊑⟩\} ⊔⟨⌉ ⊣⌋⊔⊓⊣↕ ⇕≀⊑⟩⌉ {∇⊣⇕⌉∫ ⊣\⌈ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⟩\} ⌊⟩⊔ ∇⊣⊔⌉ ∫⌉∐⊓⌉\⌋⌉ ⟩\ ↕≀⌋‖∫⊔⌉√⇔ ⊒⌉ ⊒⌉∇⌉ ⊣⌊↕⌉ ⊔≀ ⊣∫⌋⌉∇⊔⊣⟩\ ⊔⟨⊣⊔ ∫⌋⌉\⌉ ⌋⟨⊣\}⌉∫ ⌈≀ ⟩\⌈⌉⌉⌈ ⌋≀⟩\⌋⟩⌈⌉ ⊒⟩⊔⟨ ⊣⌊∇⊓√⊔ ∫⊓∫⊔⊣⟩\⌉⌈ ⌋⟨⊣\}⌉∫ ⟩\ ⌊⟩⊔ ∇⊣⊔⌉ ⇕⊣}\⟩⊔⊓⌈⌉↙ I\ ≀∇⌈⌉∇ ⊔≀ ⌈⌉⊔⌉⌋⊔ ∫⌋⌉\⌉ ⌊≀⊓\⌈⊣∇⟩⌉∫ ⟩\ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌊⟩⊔ ∇⊣⊔⌉ ∇⌉⌋≀∇⌈⇔ ⊒⌉ {≀↕↕≀⊒⌉⌈ ⊣ ⇕⌉⊔⟨≀⌈≀↕≀}† ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⊣⊔ ⟩\⊔∇≀⌈⊓⌋⌉⌈ ⟩\ ∪∞∈⊎↙ A ∫⌋⌉\⌉ ⌋⟨⊣\}⌉ ⟩∫ ⌈⌉⌋↕⊣∇⌉⌈ ⟩\ ⊔⟨⌉ ⌊⟩⊔ ∇⊣⊔⌉ ∫⊔∇⌉⊣⇕ ⊒⟨⌉\ ⊔⟨⌉ ⊣⌊∫≀↕⊓⊔⌉ ⊑⊣↕⊓⌉ ≀{ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ∫⊓⌋⌋⌉∫∫⟩⊑⌉ ⌊⟩⊔ ∇⊣⊔⌉∫ ⌉§⌋⌉⌉⌈∫ ⊣ ⌋⌉∇⊔⊣⟩\ ⊔⟨∇⌉∫⟨≀↕⌈ ⟩\ ⊣ ∫⊓∫⊔⊣⟩\⌉⌈ ⇕⊣\\⌉∇↙ T⟨⟩∫ ⊣√√∇≀⊣⌋⟨ ⌈⟩⌈ ⊣ }≀≀⌈ |≀⌊ ≀{ ⌈⌉⊔⌉⌋⊔⟩\} ∫⌋⌉\⌉ ⌋⟨⊣\}⌉∫ ⟩\ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ∇⌉⌋≀∇⌈↙ ∞∈∞

△ C↕⊣∫∫⟩{†⟩\} S⌋⌉\⌉∫ ⟩\⊔≀ C↕⊣∫∫⌉∫ H⊣⊑⟩\} ∫⌉}⇕⌉\⊔⌉⌈ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌊⟩⊔ ∇⊣⊔⌉ ∫⌉∐⊓⌉\⌋⌉ ⟩\⊔≀ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ∫⌋⌉\⌉∫⇔ ⊔⟨⌉ \⌉§⊔ ≀⌊|⌉⌋⊔⟩⊑⌉ ⟩∫ ⊔≀ √⊣∇⊔⟩⊔⟩≀\ ⊔⟨⌉ ∫⌋⌉\⌉∫ ⟩\⊔≀ ⇐∫⊔≀⌋⟨⊣∫⊔⟩⌋⇒ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⌉∫↙ T⟨⌉ ⟩⌈⌉⊣ ⟩∫ ⊔≀ ⌋≀\∫⊔∇⊓⌋⊔ ⊣ √⊣∇∫⟩⇕≀\⟩≀⊓∫ ⇕⊣⊔⟨⌉⇕⊣⊔⟩⌋⊣↕ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ∫⊓{⊘⌋⟩⌉\⊔ ⊣⌋⌋⊓∇⊣⌋†⇔ ⟩\ ⌋≀⇕√↕⟩⊣\⌋⌉ ⊒⟩⊔⟨ ⊔⟨⌉ ⊔⟨∇⌉⌉ ⇕≀⌈↖ ⌉↕⟩\} ⌋∇⟩⊔⌉∇⟩⊣ ⟩\ S⌉⌋⊔⟩≀\ ∞↙ W⌉⇔ ⊔⟨⌉∇⌉{≀∇⌉⇔ ⊣∫∫⊓⇕⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ∇⌉⌋≀∇⌈ ⌋≀\∫⟩∫⊔∫ ≀{ ∫⌋⌉\⌉ ∇⌉⊣↕⟩‡⊣⊔⟩≀\∫ {∇≀⇕ ⊣ ∫⇕⊣↕↕ \⊓⇕⌊⌉∇ ≀{ ∫⊔⊣⊔⟩≀\⊣∇† √∇≀⌊⊣⌊⟩↕⟩⊔† ↕⊣⊒∫ ⇐⌋↕⊣∫∫⌉∫⇒⇔ ⊒⟩⊔⟨ ⌋↕⊣∫∫↖⌈⌉√⌉\⌈⌉\⊔ ⌈⊓∇⊣⊔⟩≀\∫⇔ ⊣\⌈ ⊔⟨⊣⊔ ⊔∇⊣\∫⟩⊔⟩≀\∫ ⊣⇕≀\} ∫⌋⌉\⌉ ⌋↕⊣∫∫⌉∫ ⊣∇⌉ }≀⊑⌉∇\⌉⌈ ⌊† ⊣ ∫⟩⇕√↕⌉ M⊣∇‖≀⊑ ⌋⟨⊣⟩\↙ W⌉ ⊘∇∫⊔ ⌈⌉⌋⟩⌈⌉⌈ ⊔≀ ⊓∫⌉ ⌉⟩⊔⟨⌉∇ ⊣ ∫⌋⌉\⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇕⌉⊣\ ≀∇ ∫⌋⌉\⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⊑⊣∇⟩⊣\⌋⌉ ⇐≀∇ ⌊≀⊔⟨⇒ ⊣∫ √⊣∇⊔⟩⊔⟩≀\⟩\}⌋∇⟩⊔⌉∇⟩⊣↙ W⌉ {≀⊓\⌈⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⊣⊔ ∫⌋⌉\⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇕⌉⊣\ ⊣↕≀\⌉ ⊒⊣∫ ⊣ }≀≀⌈ ⌋∇⟩⊔⌉∇⟩≀\ {≀∇ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⟩\} ∫⌋⌉\⌉ ⌋↕⊣∫∫⌉∫ ⇐∫⌉⌉ ⌊⌉↕≀⊒⇒↙ A∫ ⊣ √⊣∇⊔⟩⊔⟩≀\⟩\} ⇕⌉⊔⟨≀⌈≀↕}† ⊒⌉ ⌋⟨≀∫⌉ √⊣∇⊔⟩⊔⟩≀\⊣↕ ⌋↕⊓∫↖ ⊔⌉∇⟩\} ∪∃⊎↙ T⟨⌉ }⌉\⌉∇⊣↕ ⊣⌊∫⊔∇⊣⌋⊔ √⊣∇⊔⟩⊔⟩≀\⟩\} √∇≀⌊↕⌉⇕ ⟩∫ {≀∇↖ ⇕⊓↕⊣⊔⌉⌈ ⊣∫ {≀↕↕≀⊒∫↙ G⟩⊑⌉\ n elements in a ddimensional metric space αnd a partition of the elements into K equiv alence classes ↼clusters↽ such that elements in each cluster are Ψcloserν to each other than to elements in all other clus ters▷ The value of K may or may not be prescribed▷ A clustering metric formalizing the notion of closeness has to be selected▷ The most common metric used in practice and the one used in this study is the Euclidean distance η(v, w) = √∑_d i=1(v_i − w_i)2, for vectors v and w in ddimensional Euclidean space▷ The clustering heuristic proceeds iteratively in a trialanderror fashion▷ The al gorithm requires the speciαcation of two auxiliary param eters. the minimum distance between cluster centroids η_{min} and the maximum variation within a cluster E 2_{max}, see ♭9♯ for more details▷ Figure 2 depicts the results of applying the clustering procedure to the set of empirical scene bit rates▷ Note that four visually distinct clusters are clearly discernible in Figure 2 each marked by a different character▷ The main point made by this αgure is the signiαcance of the mean scene bit rate as a clustering criterion and the com parable insigniαcance of the corresponding variance▷ To see that note that vertical lines have been drawn in αgure 2 to demarcate approximate cluster boundaries by bit rate means, on the other hand a similar segregation by bit rate variances is not evident▷ This clustering pattern has persisted over a wide range of values of the auxiliary clustering parameters leading us to conclude that the variance of the scene bit rate does not play an important role as a clustering criterion▷ The variance was subsequently dropped as a clustering criterion and thereafter scenes were clustered by bit rate mean only▷ Henceforth we will refer to clusters of scenes as classes of scenes▷

Figure 2. Clustering of a Subset of εStar Warsε Scenes by Mean and Variance Parameters▷

5 The Modulating Markov Chain Recall the modeling assumption postulated in Section 4 that each class of scenes ↼cluster↽ is assumed to consist of scene realizations from the same stationary stochastic process▷ The random sequence of scene classes was as sumed to be governed ↼modulated↽ by a simple Markov chain {M n}↙ T⟨⌉ ⌉∫⊔⟩⇕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ∞↖∫⊔⌉√ ⊔∇⊣\∫⟩⊔⟩≀\ ⇕⊣⊔∇⟩§⇔ P of {M_n}⇔ ⟩∫ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈↙ O\⌋⌉ ⊔⟨⌉ ⌋↕⊓∫⊔⌉∇⟩\} ∇⊣\}⌉∫ {≀∇ ⊔⟨⌉ ∫⌋⌉\⌉ ⌊⟩⊔ ∇⊣⊔⌉ ⇕⌉⊣\∫ ⊒⌉∇⌉ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ {∇≀⇕ ⊔⟨⌉ ⌋↕⊓∫↖ ⊔⌉∇⟩\} √∇≀⌋⌉⌈⊓∇⌉⇔ ⟩⊔ ⟩∫ ⊣ ∫⟩⇕√↕⌉ ⇕⊣⊔⊔⌉∇ ⊔≀ ⊣∫∫⟩}\ ⊣ ⌋↕⊣∫∫ ⊔⊣} ⊔≀ ⌉⊣⌋⟨ ∫⌋⌉\⌉ ⟩\ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ∇⌉⌋≀∇⌈⇔ ∇⌉∫⊓↕⊔⟩\} ⟩\ ⊣ ∇⌉⊣↕↖ ⟩‡⊣⊔⟩≀\⇔ {c_n}⇔ ≀{ ⌋↕⊣∫∫ ⊔⊣}∫↙ T⟨⟩∫ ∫⌉∐⊓⌉\⌋⌉ ⟩∫ ⊔∇⊣⊑⌉∇∫⌉⌈⇔ ↕⌉{⊔ ⊔≀ ∇⟩}⟨⊔⇔ ⊣\⌈ ⌋↕⊣∫∫ ⊔∇⊣\∫⟩⊔⟩≀\∫ ⊣∇⌉ ⌋≀⊓\⊔⌉⌈ {≀∇ ⌉⊣⌋⟨ √⊣⟩∇ ≀{ ⌋↕⊣∫∫⌉∫↙ N≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ≀{ ⊔⟨⌉∫⌉ ⌋≀⊓\⊔∫ ⇐⌈⟩⊑⟩∫⟩≀\ ⌊† ⊔⟨⌉ ⊔≀⊔⊣↕ \⊓⇕⌊⌉∇ ≀{ ⌋↕⊣∫∫ ⊔∇⊣\∫⟩⊔⟩≀\∫⇒ ⊔⟨⌉\ †⟩⌉↕⌈∫ ⊔⟨⌉ ⌈⌉∫⟩∇⌉⌈ ⊔∇⊣\∫⟩⊔⟩≀\ ⇕⊣⊔∇⟩§⇔ P. 6 TES Modeling of Individual Scenes This section provides a brief overview of TES processes and the TES (Transform-Expand-Sample) modeling methodology [7, 8, 15]. It then describes how TES processes were used as components of the �Star Wars� model to construct models of frame bit rates and scene durations for each scene class.

6.1 TES Processes TES modeling differs from other modeling approaches in that it aims to �t a prescribed marginal distribution and a prescribed autocorrelation function simultaneously, via a stationary stochastic process. Thus, TES models are designed to capture the statisticalsignature of empirical time series vis-a-visboth�rst-orderand second-order statistics. The construction of TES models involves two random sequences in lockstep. The �rst sequence, called a background TES process, serves in an auxiliary role. The particular variant of background TES process used was the so-called TES^+ class, consisting of random sequences,

{U^+_n }1_{n=0}, of the form

U^+_n = { U0, n = 0 ⟨U^+_n�1+ V_n⟩, n > 0 (1) Here, U0 is distributed uniformly on [0, 1); {V_n}1_{n=1} is a sequence of iid random variables, independent of U0 called the innovation sequence, and angular brack ets denote the modulo1 ↼fractional part↽ operator ⟨x⟩ = x − ⇕⊣§{⟩\⊔⌉}⌉∇ n . n ≤ x}↙ T⟨⌉ ∫⊓√⌉∇∫⌋∇⟩√⊔ \≀⊔⊣⊔⟩≀\ ⟩\ ⇐∞⇒ ⟩∫ ⇕≀⊔⟩⊑⊣⊔⌉⌈ ⌊† ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ TES^+ processes can gen- erate all lag-1 autocorrelations in the ranges [0,1]; another

class, called TES �, can generate all corresponding ones

in the range [-1,0] (see [15]). The second sequence,{X + n }1_{n=0, called a foreground}

TES process, is the target TES model. Foreground TES +

sequences have the form

X^+_n = D(U^+_n ), (2) where D is a transformation from [0, 1) to the reals, called a distortion.

Given an empirical time series, {Y_n}^N_{n=0}, one uses in

practice a composite distortion of the form

D_{Y,ξ}(x) = H�1_Y (S_ξ (x)), x ∈ [0, 1). (3) Here, the inner transformation, S_ξ is a εsmoothingε oper ation called a stitching transformation parameterized by 0 ≤ ξ ≤ ∞, and given by S_ξ (y) = { y/ξ, 0 ≤ y ≤ ξ (1−y)/(1−ξ), ξ ≤ y < 1. (4) The outer transformation, H�1_Y is the inverse of the em pirical ↼histogram↽ distribution function computed from {Y_n} {≀∇ x ∈ [0, 1) as H�1_{Y (x) =}^{J∑} j=1 1 [ Cj�1, ψCj )(x) [lj +(x− ←Cj�1) w_j ψp_j ], (5)

where 1_A is the indicator function of set A J is the number of histogram cells [l_j, r_j) is the support of cell j with width w_j = r_j − l_j > 0 ψp_j is the probability estimator of cell j and { ←Ci}Ji=0 is the cdf of {p j}Jj=1, i.e., Cj = ∑_j i=1 pi, 1 ≤ j ≤ J ↼ ψC0 = 0 and CJ = 1). The rationale for using TES processes stems from the following facts. First, all TES background sequences are stationary Markovian, and their marginal distribution is uniform on [0, 1), regardless of the probability law of the innovations {V_n} ∫⌉↕⌉⌋⊔⌉⌈ ∪⊎↙ S⌉⌋≀\⌈⇔ T⟨⌉ ⟩\⊑⌉∇↖ ∫⟩≀\ ⇕⌉⊔⟨≀⌈ ∪∈⊎ √⌉∇⇕⟩⊔∫ ⊓∫⇔ ⟩\ √∇⟩\⌋⟩√↕⌉⇔ ⊔≀ ⊔∇⊣\∫{≀∇⇕ ⊣\†

⊓\⟩{≀∇⇕ ⊑⊣∇⟩⊣⊔⌉ ⊔≀ ≀⊔⟨⌉∇∫ ⊒⟩⊔⟨ ⊣∇⌊⟩⊔∇⊣∇† ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ⊣∫ {≀↕↕≀⊒∫¬ ⟩{ U is uniform on [0, 1) and F is a prescribed distribution then X = F�1(U ) has distribution F ▷ In particular F = H_Y is just a special case▷ And third for 0 < ξ < 1 the effect of Sξ is to render the sample paths of background TES sequences more εcontinuous lookingε▷ Because stitching transformations preserve uni formity ♭15♯ the inversion method can still be applied to stitched background processes {S ξ(Un)}↙ I⊔ {≀↕↕≀⊒∫ ⊔⟨⊣⊔ ⊣\† {≀∇⌉}∇≀⊓\⌈ TES ∫⌉∐⊓⌉\⌋⌉ ≀{ ⊔⟨⌉ {≀∇⇕ X^+_n = H�1_Y (S_ξ(U^+_n )), (6)

obtained from any background sequence, is always guaranteed to have the empirical (histogram) distributionH_Y regardless of the innovation density f V and stitching pa rameter ξ selected▷ The choice of a pair (fV , ξ) will deter- mine the dependence structure of (2), and in particular (6), including the associated autocorrelation function. Thus, TES modeling decouples the fftting of the empirical distribution from the fftting of the empirical autocorrelation function. Since the former is guaranteed, one can concentrate on the latter.

In practice, TES modeling consists in a heuristic search for a suitable pair (f_V , ξ), such that the ensuing TES model approximates well the leading empirical autocorrelations and gives rise to sample path realizations which adequately resemble the empirical record. Effective TES modeling requires software support. To construct TES models that fft empirical data, we used TEStool � a visual interactive software environment [5], designed to support TES modeling. TEStool allows the user to read in empirical time series and calculate their statistics (histogram, autocorrelation function and spectral density) in textual and graphical representations. It provides services to construct and modify TES models and to superimpose the corresponding TES statistics on their empirical counterparts. The search proceeds in an interactive style, guided by visual feedback: each model modiffcation triggers a recalculation and redisplay of the corresponding statistics. TES model autocorrelations and spectral densities are calculated numerically from fast and accurate formulas developed in [7, 8]. TEStool was used extensively to model compressed video; see, e.g., [13, 16, 17, 18] and references therein.

6.2 TES Models of Individual Scene Classes

The ffrst-order properties of each individual class of scenes are encapsulated by the corresponding empirical histogram of bit rates. Figure 3 shows that all these histograms exhibit a bell-shape pattern.

To estimate the empirical autocorrelation of the bit rate process for each scene class, we used the estimator in [1]

Figure 3: Empirical Histograms of Bit Rates for Individual Classes.

which for an empirical sequence, {Y_n}^N_{n=0}, is given by

ρ(τ ) = 1 σ_H ψσ_T (N − τ ) N�1�τ_∑ j=0 (Y_j − ←m_H )(Y_{j+τ} − ←m_T ), (7) where

m_H = 1 N −τ N�1�τ_∑ j=0 Y_j , ψσ2_H = 1 N −τ N�1�τ_∑ j=0 (Y_j − ←m_H )2,

ψm_T = 1 N −τ N�1_∑ j=τ Y_j , ψσ2_T = 1 N −τ N�1_∑ j=τ (Y_j − ←m_T )2, all depend on τ ▷ Note that product terms in ↼7↽ include only samples from the same scene since two successive scenes belonging to the same class are most likely not adjacent▷ The empirical autocorrealtion functions per scene class are depicted in Figure 4▷

Figure 4. Empirical Autocorrelation Functions of Bit Rates for Individual classes▷ Given the empirical histogram and autocorrelation func tion of bit rates for each scene class we proceeded to model each as a TES^+ sequence, {X^+_n }⇔ ≀{ ⊔⟨⌉ {≀∇⇕ ⇐⇏⇔ ⊑⟩⊣ ⊔⟨⌉ TES ⇕⌉⊔⟨≀⌈≀↕≀}† ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ ↙̸∞↙

↙̸∋ M≀⌈⌉↕⟩\} S⌋⌉\⌉ D⊓∇⊣⊔⟩≀\∫ R⌉⌋⊣↕↕ ⊔⟨⊣⊔ ⊔⟨⌉ MRMT ⇕≀⌈⌉↕ ⊓∫⌉∫ ⊣ ⇕≀⌈⊓↕⊣⊔⟩\} M⊣∇‖≀⊑ ⌋⟨⊣⟩\ ⊔≀ }≀⊑⌉∇\ ⊔⟨⌉ ∫⌉∐⊓⌉\⌋⌉ ≀{ ∫⌋⌉\⌉ ⌋↕⊣∫∫⌉∫↙ I⊔ ∇⌉⇕⊣⟩\∫ ⊔≀ ⇕≀⌈⌉↕ ∫⌋⌉\⌉ ⌈⊓∇⊣⊔⟩≀\∫ ⊣∫ ⊣ ∫⊔≀⌋⟨⊣∫⊔⟩⌋ ∫⌉∐⊓⌉\⌋⌉⇔ ⊔≀ ⌋≀⇕↖ √↕⌉⊔⌉ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ⊖S⊔⊣∇ W⊣∇∫⪰ ⇕≀⌈⌉↕↙ F⟩}⊓∇⌉ ▽ ⌈⟩∫√↕⊣†∫ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ∫⌋⌉\⌉ ⌈⊓∇⊣⊔⟩≀\∫ ⇐⟩\ \⊓⇕⌊⌉∇ ≀{ {∇⊣⇕⌉∫⇒ {≀∇ ⌉⊣⌋⟨ ∫⌋⌉\⌉ ⌋↕⊣∫∫↙ A ⊑⟩∫⊓⊣↕ ⟩\∫√⌉⌋⊔⟩≀\ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ⊣∇⌉ ∐⊓⟩⊔⌉ ∫⟩⇕⟩↕⊣∇⇔ ∫≀ ⊔⟨⊣⊔ ⊣ ⌋↕⊣∫∫↖⟩\⌈⌉√⌉\⌈⌉\⊔ ⌈⊓∇⊣⊔⟩≀\ ⇕≀⌈⌉↕ ⟩∫ ⊣ √≀∫∫⟩⌊⟩↕⟩⊔†↙ H≀⊒⌉⊑⌉∇⇔ {≀∇ }∇⌉⊣⊔⌉∇ ⇕≀⌈⌉↕⟩\} ⊣⌋⌋⊓∇⊣⌋†⇔ ⊣ ⌋↕⊣∫∫↖⌈⌉√⌉\⌈⌉\⊔ ⌈⊓∇⊣⊔⟩≀\ ⇕≀⌈⌉↕ ⊒⊣∫ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈↙ W⌉ ⊒⟩↕↕ ⌉↕⊣⌊≀∇⊣⊔⌉ ≀\ ⊔⟨⟩∫ √≀⟩\⊔ ⟩\ ⊔⟨⌉ \⌉§⊔ ∫⌉⌋⊔⟩≀\↙

F⟩}⊓∇⌉ ▽¬ E⇕√⟩∇⟩⌋⊣↕ D⟩∫⊔∇⟩⌊⊓⊔⟩≀\ F⊓\⌋⊔⟩≀\∫ ≀{ D⊓∇⊣⊔⟩≀\∫ {≀∇ I\⌈⟩⊑⟩⌈⊓⊣↕ ⌋↕⊣∫∫⌉∫↙ F⟩}⊓∇⌉ ̸⌈⟩∫√↕⊣†∫ ⊔⟨⌉ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ {⊓\⌋⊔⟩≀\∫ ≀{ ∫⌋⌉\⌉ ⌈⊓∇⊣⊔⟩≀\∫ {≀∇ ⌉⊣⌋⟨ ∫⌋⌉\⌉ ⌋↕⊣∫∫↙ T⟨⌉ ∫⊣↕⟩⌉\⊔ {⌉⊣⊔⊓∇⌉ ≀{ ⊔⟨⟩∫ ⊘}⊓∇⌉ ⟩∫ ⊔⟨⌉ ↕≀⊒ ⇕⊣}\⟩⊔⊓⌈⌉ ≀{ √≀∫⟩⊔⟩⊑⌉↖↕⊣} ⊣⊓⊔≀⌋≀∇∇⌉↕⊣↖ ⊔⟩≀\∫ {≀∇ ⊣↕↕ ⌋↕⊣∫∫⌉∫↙ I\⌈⌉⌉⌈⇔ {≀∇ ↕⊣}∫ ↕≀\}⌉∇ ⊔⟨⊣\ ▽⇔ ⊔⟨⌉ ⊣⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\∫ √∇⊣⌋⊔⟩⌋⊣↕↕† ⊑⊣\⟩∫⟨↙

F⟩}⊓∇⌉ ¬̸ E⇕√⟩∇⟩⌋⊣↕ A⊓⊔≀⌋≀∇∇⌉↕⊣⊔⟩≀\ F⊓\⌋⊔⟩≀\∫ ≀{ D⊓∇⊣↖ ⊔⟩≀\∫ {≀∇ I\⌈⟩⊑⟩⌈⊓⊣↕ ⌋↕⊣∫∫⌉∫↙ T≀ ∫⟩⇕√↕⟩{† ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ⇕≀⌈⌉↕ ⊒⟩⊔⟨≀⊓⊔ ∫⊣⌋∇⟩⊘⌋⟩\} ⊘↖ ⌈⌉↕⟩⊔†⇔ ⊒⌉ ⌈⌉⌋⟩⌈⌉⌈ ⊔≀ ⇕≀⌈⌉↕ ∫⌋⌉\⌉ ⌈⊓∇⊣⊔⟩≀\∫ ⊣∫ ⌋↕⊣∫∫↖ ⌈⌉√⌉\⌈⌉\⊔ ⟩⟩⌈ ∇⊣\⌈≀⇕ ⊑⊣∇⟩⊣⌊↕⌉∫ ⇐∇⌉\⌉⊒⊣↕ ∫⌉∐⊓⌉\⌋⌉∫↙⇒ ∞∈△

F⟩}⊓∇⌉ ¬ C≀⇕√⊣∇⟩∫≀\ ≀{ S⊔⊣⊔⟩∫⊔⟩⌋∫ ≀{ ⊔⟨⌉ E⇕√⟩∇⟩⌋⊣↕ ⊣\⌈ S⟩⇕⊓↕⊣⊔⌉⌈ ⊖S⊔⊣∇↖W⊣∇∫⪰ B⟩⊔ R⊣⊔⌉ P∇≀⌋⌉∫∫↙

R⌉∫⊓↕⊔∫ I\ ≀∇⌈⌉∇ ⊔≀ ⊑⊣↕⟩⌈⊣⊔⌉ ≀⊓∇ ⇕≀⌈⌉↕⇔ ⊒⌉ ∇⊣\ ⊣ M≀\⊔⌉ C⊣∇↕≀ ∫⟩⇕↖ ⊓↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊔≀ }⌉\⌉∇⊣⊔⌉ ⊣ ∇⌉⊣↕⟩‡⊣⊔⟩≀\ ≀{ ⊔⟨⌉ VBR √∇≀⌋⌉∫∫ ⊒⟩⊔⟨ ⊔⟨⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ∫⟩}\⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ≀∇⟩}⟩\⊣↕ ⊖S⊔⊣∇ W⊣∇∫⪰ ⌋≀⇕√∇⌉∫∫⌉⌈ ⊑⟩⌈⌉≀↙ S⟩⇕⊓↕⊣⊔⟩≀\ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊒⌉∇⌉ ⊔⟨⌉\ ⌋≀⇕√⊣∇⌉⌈ ⊔≀ ⊔⟨⌉ ≀∇⟩}⟩\⊣↕ ≀\⌉∫↙ B≀⊔⟨ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⌉⌈ ⊔⟩⇕⌉ ∫⌉∇⟩⌉∫ ⊣\⌈ ⊔⟨⌉ ≀∇⟩}⟩\⊣↕ ∇⌉⌋≀∇⌈ ⌋≀\∫⟩∫⊔⌉⌈ ≀{ ∞∞⇔′′′ {∇⊣⇕⌉∫ ⌉⊣⌋⟨↙ T⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\ √∇≀⌋⌉⌉⌈∫ ⊣∫ {≀↕↕≀⊒∫↙ O\ ∫⊔⊣∇⊔⊓√⇔ ⊣\ ⟩\⟩⊔⟩⊣↕ ∫⌋⌉\⌉ ⌋↕⊣∫∫ ⟩∫ }⌉\⌉∇⊣⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ ∫⊔⊣⊔⟩≀\⊣∇† ⌈⟩∫⊔∇⟩⌊⊓↖ ⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⊓↕⊣⊔⟩\} M⊣∇‖≀⊑ ⌋⟨⊣⟩\⇔ {M_n} ⇐∫⌉⌉ S⌉⌋⊔⟩≀\ ▽⇒∅ ⊔⟨⟩∫ ⌈⌉⊔⌉∇⇕⟩\⌉∫ ⌊≀⊔⟨ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ∫⌋⌉\⌉ ⌈⊓∇⊣⊔⟩≀\ ⊣\⌈ ⊔⟨⌉ TES √∇≀⌋⌉∫∫ ⊓∫⌉⌈ {≀∇ ⊔⟨⟩∫ ∫⌋⌉\⌉↙ T⟨⌉ ∫⌋⌉\⌉ ⟩∫ ⊔⟨⌉\ ∫⟩⇕⊓↕⊣⊔⌉⌈ ⊣\⌈ ⊒⟨⌉\ ⟩⊔∫ ⌈⊓∇⊣⊔⟩≀\ ⌉↕⊣√∫⌉∫⇔ ⊣ \⌉⊒ ∫⌋⌉\⌉ ⌋↕⊣∫∫ ⟩∫ }⌉\⌉∇⊣⊔⌉⌈ ⊑⟩⊣ ⊔⟨⌉ ⊔∇⊣\∫⟩⊔⟩≀\ ⇕⊣⊔∇⟩§⇔ P, of the modulating Markov chain, an independent durationis sampled, and so forth.

Figure 7 displays a screen image of TEStool, consisting of four canvases, each superimposing simulation-based statistics (bold curves) on their empirical counterparts

(faintercurves). The upper-leftcanvas displaysa subset of the original record superimposed on its simulation-based counterpart. The lower-left canvas depicts the empirical histogram and its simulation-based counterpart, computed from the data in the upper-left canvas. Similarly, the upper-right and lower-right canvases contain the corresponding autocorelation functions and spectral densities, respectively. Observe that all statistics exhibit excellent agreement between the empirical data and their simulation-based counterparts. In fact, the histogram, autocorrelation function and spectral density curves are barely distinguishable. In addition, the simulated time series bears a strongqualitativeresemblance tothe empirical record. Even thoughsuch a subjectivejudgmentcannotbe precisely quanti�ed, the results shown in Figure 7 support the claim that our MRMT model �ts the empirical record well, both quantitatively and qualitatively. Informally, the TES processes which model individualscenes capture short-term behavior, while the modulating Markov chain governing scene changes captures longer-term behavior.

Some additional remarks on modeling considerations are warranted at this point. First, the model is quite parsimonious in view of the fact that four scene classes appear to be the minimal number to yield a good �t. In particular, experimentation with fewer classes revealed de�ciencies in the corresponding �t, while more classes brought no perceptible improvement (at the cost of higher complexity). Thus, the clustering analysis was extremely valuable in identifying a parsimonious model. Second, recall that Section 6.3 suggested that the distribution of scene durations appeared independent of scene classes. An initial attempt in this vein led to surprisingly poor �t to the empirical histogram. This problem disappeared, once scene durations were modeled as class-dependent renewal processes.

Our results suggest that the modelingmethodologyproposedherecanbeusedtocreateparsimonioushigh-�delity models of compressed video traf�c, which capture the statistical signature of whole movies. Our goal is to create MRMT models for a suite of representative movies under a variety of coding algorithms. In particular, a TES-based model for MPEG coding is described in [18]; additional TES-based models are described in [13, 17] for other coding algorithms, including H.261. These can be used to driverealisticMonteCarlosimulationsofbroadbandcommunications networks in an effective way.

Acknowledgments

The empirical data were provided to us courtesy of Mark Garrett, Bell Communications Research (Bellcore) and Martin Vetterli, University of California, Berkeley.

References

[1] Cox, D.R. andLewis, P.A.W. The StatisticalAnalysis of Series of Events, Methuen, 1968.

[2] Devroye, L. Non-Uniform Random Variate Generation, Springer-Verlag, 1986.

[3] Frost, V. and Melamed, B. ”Traf�c Modeling for Telecommunications Networks”, Communications Magazine, 1994 (to appear).

[4] Garrett, M.W. ”Contributions Toward Real-Time Services on Packet Switched Networks”, Ph.D. Dissertation, Columbia University, May 1993.

[5] Geist, D. and Melamed, B. ”TEStool: An Environment for Visual Interactive Modeling of Autocorrelated Traf�c”, Proceedings of the 1992 International Conference on Communications (Chicago, Illinois), Vol. 3: 1285-1289, 1992.

[6] Heffes, H. and Lucantoni, D.M. ”A Markov Modulated Characterization of Packetized Voice and Data and Related Statistical Multiplexer Performance”, IEEE J. on Selected Areas in Communications Vol. SAC-4, 856�868, 1986.

[7] Jagerman, D.L. and Melamed, B. ”The Transition and Autocorrelation structure of TES Processes Part I: General Theory”. Stochastic Models, Vol. 8(2), 193-219, 1992.

[8] Jagerman, D.L. and Melamed, B. ”The Transition and Autocorrelation structure of TES Processes Part II:Special Cases”. StochasticModels, Vol.8(3),499- 527, 1992.

[9] Jain, A.K. Algorithms for Clustering Data, Prentice Hall, 1988.

[10] Latouche, G. ”An Exponential Semi-Markov Process, With Applications to Queueing Theory”, Stochastic Models, Vol. 1, No. 2, 137�169, 1985.

[11] ”JPEG Technical Speci�cation: Revision (Draft), Joint Photographic Experts Group, ISO/IEC JTC1/SC2/WG8, CCITT SGVIII”, August, 1990.

[12] Lazar, A.A., Paci�ci G. and Pendarakis, D.E. ”Modeling of Video Sources for Real Time Scheduling”, Technical Report 324-93-03, CTR, Columbia University, 1993.

[13] Lee, D.S., Melamed, B., Reibman, A. and Sengupta, B. ”TES Modeling for Analysis of a Video Multiplexer”, Performance Evaluation, Vol. 16, 21�34, 1992.

[14] Livny, M., Melamed B. and Tsiolis, A.K. ”The Impact of Autocorrelation on Queuing Systems”. Management Science, Vol. 39, 322�339, 1993.

[15] Melamed, B. ”TES: A Class of Methods for Generating Autocorrelated Uniform Variates”. ORSA J. on Computing, Vol. 3, No. 4, 317�329, 1991.

[16] Melamed, B., Raychaudhuri, D., Sengupta B. and Zdepski, J. ”TES-Based Traf�c Modeling for Performance Evaluation of Integrated Networks,” Proceedings of INFOCOM ’92, Vol. 1, 75�84, Florence, Italy, 1992.

[17] Melamed, B. and Sengupta, B. ”TES Modeling of Video Traf�c”. IEICE Transactions on Communications, Vol. E75-B, No. 12, 1292�1300, 1992.

[18] Reininger, D., Melamed, B. and Raychaudhuri, D.

”Variable Bit Rate MPEG Video: Characterization, Modeling and Multiplexing”,Proceedings of the 14- th International Teletraf�c Congress, Antibes Juanles-Pins, France, Vol. 1a, 295�306, June 1994.