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Trdpyer otov kéouo Toltoy évag MUoTIKOS YOOGS — av O€V UTPXE, 0 KOTUOS
Oa ‘tav ané x1\idoes ypovia yapéros — okAnpds ki anapafiaotog: to Kako
rdvta oty apyn) Opappede ka1 ndvta oto Tédogs vikdral.

~Nixos Kalavtlixng, Eevlepia 1y Odvatog

There is a secret law in this world - if it didn’t exist, the world would have
been lost thousands of years ago - hard and inviolable: evil always prevails
in the beginning and is always defeated in the end.

—Nikos Kazantzakis, Freedom or Death

Yy owoyévead pov

To my family
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