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TN BRI R X1 > KHIRXA>
Trainset Testset || BLEU NIST METEOR ROUGE CIDEr | BLEU NIST METEOR ROUGE CIDEr
T5-Small
Default Default || 62.65 10.70 45.22 73.39 4.21 40.28 8.34 36.34 60.12 2.77
Default  Shuffle || 62.10 10.64 44.88 72.48 420 | 4026 8.32 36.44 60.05 2.77
Shuffie  Shuffle || 63.96 10.83 45.72 74.19 436 | 39.77 8.28 36.00 59.20 2.74
T5-Base
Default Default || 63.35 10.84 45.78 73.97 437 | 45.80 9.07 38.72 6291 3.16
Default  Shuffle || 62.56 10.75 45.44 73.17 4.33 4442 893 38.16 61.79 3.09
Shuffie  Shuffle || 64.37 10.89 45.94 74.18 443 | 4468 8.89 38.08 61.70 3.09
T5-Large
Default Default || 62.50 10.71 45.22 73.13 433 | 4621 9.06 38.54 63.69 3.13
Default Shuffle || 61.85 10.66 4493 72.17 429 | 4588 8.99 38.12 63.15 3.12
Shuffie  Shuffle || 63.37 10.76 45.37 73.79 438 | 48.08 9.15 38.35 63.80 3.21
N\
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%, METEOR % [\ T shuf-shuf 75 & WG FE & 2 A%
LTW3., Z#UE T5-small B & X T5-Base & 130
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T BRI R X1 > KAR X1

Trainset Testset || n=1 n=2 n=3 n=4 n=5 n=6 n=7|n=1 n=2 n=3 n=4 n=5
T5-Small

Default  Default || 81.30 67.50 61.02 61.50 5540 64.10 59.80 | 54.09 42.27 37.99 38.61 34.71
Default Shuffle || 81.30 67.37 59.20 61.35 5436 63.05 61.94 | 54.09 43.03 37.81 3840 35.73
Shuffle  Shuffie || 81.58 70.94 63.11 62.33 5547 63.73 61.29 | 55.04 41.56 37.06 37.43 34.49
T5-Base

Default  Default || 83.11 69.84 60.63 61.19 56.30 63.56 62.92 | 56.39 48.77 45.78 43.79 40.50
Default Shuffle || 83.11 68.78 60.13 61.17 54.75 61.48 60.02 | 56.39 46.82 44.05 43.15 38.74
Shuffle  Shuffie || 83.56 71.87 62.27 63.18 56.06 6445 6198 | 57.39 46.03 43.06 43.10 38.78
TS-Large

Default  Default || 81.21 69.15 59.50 61.20 53.65 67.46 60.06 | 58.95 47.47 44.62 44.74 41.04
Default Shuffle || 81.21 67.12 59.01 60.07 54.61 66.83 59.46 | 5895 46.65 44.06 4399 40.80
Shuffie  Shuffle || 82.60 71.63 60.24 60.44 55.72 6543 59.67 | 61.79 50.03 47.19 45.29 39.90

R3 La—FHlw ol FHYLa— P

n ‘ Train Test ‘ Test g Test soag
1 4,345 1,089 545 544
2 3,368 976 473 503
3 3,638 1,055 523 532
4 3,394 987 482 505
5 2,398 708 359 349
6 488 58 58 -
7 471 55 55 -
Total 18,102 4,928 2,495 2,433

Ave.(n) | 297 293] 3.2 275
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