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1 %E7 /LD Embedding-based Metrics 12 X 3 Fif

Cornell Ubuntu
Model Average Greedy Extrema Average Greedy Extrema
1-turn
HRED & 7L 0559 0412 0358  0.557 0.404 0.332
$2ZRE 51 1 . HRED (Context RNN + User RNN) 0562 0.415 0364 0544 0392 0323
#2271 2 : HRED (User RNN only) 0.560 0.412 0361  0.538 0384 0321
1242 E 7L 3 : HRED (User RNN — Context RNN)  0.561 0402 0381  0.549 0397  0.327
VHRED &5 /L 0.553 0404 0370  0.553  0.397  0.306
2R E 71 4 . VHRED (Context RNN + User RNN)  0.554  0.407 0359  0.569 0408  0.305
$2ZEE 71 5 : VHRED (User RNN only) 0.552 0406 0355 0571 0414  0.339
22 E 7L 6 : VHRED (User RNN — Context RNN)  0.563  0.407 0375 0550 0.394  0.306
5-turn

HRED & 7/l 0.594 0.436 0371  0.606 0425 0.346
24 E 7L 1 : HRED (Context RNN + User RNN) 0.590 0434 0364 0572 0389 0336
#2471 2 : HRED (User RNN only) 0579 0410 0381 0570 0.395 0.323
82 €7V 3 : HRED (User RNN — Context RNN) ~ 0.579  0.421 0372  0.614 0435  0.352
VHRED &7 /L 0581 0417 0371 0599 0424  0.322
2R E 71 4 : VHRED (Context RNN + User RNN)  0.582  0.426  0.359 0574 0393  0.301
#2451 5 . VHRED (User RNN only) 0571 0424 0348 0497 0.337  0.297
$RZRE51 6 : VHRED (User RNN — Context RNN)  0.590 0.426 0386  0.593 0417  0.318
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£ 2 Ubuntu Dialogue Corpus % F\ 72 #-E 7L DM EEE R ("—"3FEE DR ERT)

Context

Response

hello, guys! i want to know, if i have a debian vps, how

can i install ubuntu to replace debian? — hmm.. wipe
and reinstall is the safest way to do it. but it’s not the only

way. but it is the only way to be absolutely sure. — i’ve

only got ssh access to it :( = why’re you downgrading
any how ?

HRED E 7 J)L:i *m trying to upgrade from 8.04 to 8.10

EZEET /L 1:i want to upgrade to breezy

BEET )L 2:i mtrying to get my <unk> to work with the

latest version of the iernel and the <unk> <unk> <unk>
%= €7 JL 3:because i want to install a new version of

ubuntu , and i want to install a newer version of ubuntu ,
and i want to install ubuntu on

hello, guys! i want to know, if i have a debian vps, how

can i install ubuntu to replace debian? — hmm.. wipe
and reinstall is the safest way to do it. but it’s not the only

way. but it is the only way to be absolutely sure. — i’ve

only got ssh access to it :( = why’re you downgrading
any how ?
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VHRED E 7 )L because the ubuntu server is only up-
dated, which are you currently in the boot order ?

{REET /L 4:what do you mean

RZEE T )L S:because i don’t want to upgrade to edgy ,
because i can’t get it to work

2 2 £ 7 )L 6:because i want to upgrade to the latest
version of apt get , and it ’s just that they have broken
dependencies , so if it fails
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