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Ｎｕｍｂｅｒ Ｔｒａｉｎｉｎｇｓｅｔ
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５ ６牞１牞１０牞４牞９ ９７５ ９８ ９７ ３３０９ ２６１ ５６０
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∈Ｔ牗λ牗ｔ－１牘牘．Ａｓｔｏｆ牗λ牗ｔ牘牘≥ｆ牗λ牗ｔ－１牘牘牞ｗｅｈａｖｅ
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Ｑ牞Ｋ
Ｐ牗Ｏ牞Ｑ牞
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牗ｋ牘
２ ∈

Ｔ牗λ牗ｋ牘１ 牘．Ｉｆｗｅｃａｎｐｒｏｖｅλ２∈Ｔ牗λ１牘牞ｔｈｅｎｗｅｋｎｏｗ
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ｃｌｏｓｅｄｉｍｐｌｉｅｓ牗Ｑ０牞Ｋ０牘∈Ｔ１牗λ１牘．Ａｔｔｈｅｓａｍｅｔｉｍｅ牞
牗Ｑ牗ｋｉ牘牞Ｋ牗ｋｉ牘牘→牗Ｑ０牞Ｋ０牘牞λ
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