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1-1) Majority Ensemble in Seq2Seq
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Figure 3.1: Overall Structure of Traditional Majority in Seq2Seq
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1-2) Survival Ensemble in Seq2Seq
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Figure 3.3: Overall Structure of Survival in Seq2Seq
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1-3) Consensus Ensemble in Seq2Seq
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2) Majority, Survival and Consensus Ensemble in Transformer
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Experiments Setup

Seq2Seq
1) Neural Machine Translation (Spain-English)

o U HE & 154

o Baselines: Majority, Independent Ensemble

o Metric: TQE(Translation Quality Estimation, BERTScore, BLEU, ROUGE)
2) String Arithmetic

o H L = HN

o Metric: Accuracy

Transformer
1) Neural Machine Translation(German-English)
o U HE & 104
o Baselines: Majority, Checkpoint Ensemble
o Metric: TQE(Translation Quality Estimation, BERTScore, BLEU, ROUGE)
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Experiments Results

Neural Machine Translation in Seq2Seq

Table 4.2: Comparison of the performance of TQE (%), BLEU (%), and F1 BERT (%)
for various ensemble methods and single model (avg) in Spanish-English machine

translation

Model TQE BLEU F1BERT
Independent (top 1) [35]  60.34 19.49 78.40
Independent (top 2) [35]  62.59 20.5 78.91
Independent (top 3) [35]  62.83 20.64 79.06

Traditional Majority 72.43 21.9 80.20

Survival (REGEN) 73.10 21.28 80.31

Consensus (REGEN) 74.33 22.71 80.53

Single (Avg, 10 epoch) 69.09 19.56 79.28
-z 2= HO 22 A=

o = 103U YeIE P

e Recurrent Ensemble > J|& @

2 &= (Independent Ensemble)

String Arithmetic in Seq2Seq

100

—— Consensus(REGEN)
—— Survival(REGEN)
Table 4.7: Comparison of performance of Accuracy for various ensemble methods god ;'i:::zmal Majortty
and single model in String Arithmetic
Model Accuracy (%)
— — 60 -
Traditional Majority 76.38 g
Survival (REGEN) 77.53 2
Consensus (REGEN) 86.75 < 40
Single (Avg) 64.70
Single 1 65.46
20+
Single 2 68.32
Single 3 67.90
i 0 . . . . . - . -
Single 4 38.14 25 50 75 100 125 150 175 200
Single 5 63.70 Epoch

Figure 4.2: Accuracy evaluated during Training

e Recurrent Ensemble > baseline: Majority Ensemble
e (Consensus > survival > Majority

o JJ| B1 A I} N2 (X 6| Recurrent Ensemble(Q] J| & 0] QA S ditH



REGEN: Recurrent Ensemble Methods for Generative Models

Ahjeong Park, Youngmi Park, Chulyun Kim

Experiments Results

Neural Machine Translation in Transformer

Table 4.9: Comparison of the performance of TQE (%), BLEU (%), and F1 BERT
(%) scores for the various ensemble methods and single model in German-English

machine translation

Model TQE BLEU F1 BERT
Checkpoint (190, 195, best) [9]  81.23 23.62 9291
Checkpoint (190, 195) [9] 81.5 23.76 93.01
Traditional Majority 83.10 2402 93.56
Survival (REGEN) 84.48 25.04 0421
Consensus (REGEN) 84.55  25.15 94.23
Single (Avg, 200 Epoch) 84.19 2493 94.09
Table 4.8: TQE, BLEU, F1 BERT &= Hlud
o Recurrent Ensemble > Baseline(Majority, J1& Y& E)

o Recurrent Ensemble > Single Models

Table 4.10: Comparison of the performance of n-gram BLEU (%) for various ensem-
ble methods and single model (avg) in

Model BLEU1 BLEU2 BLEU3 BLEU4
Checkpoint (190, 195, best) [9]  41.68 32.27 21.08 13.07
Checkpoint (190, 195) [9] 41.76 3243 21.21 13.2

Traditional Majority 42.3 32.6 2143 13.38
Survival (REGEN) 42.63 33.96 22.55 14.14
Consensus (REGEN) 42.8 34.09  22.65 14.21
Single (Avg, 200 Epoch) 42.7 33.78 2241 14.05

Table 4.9: N-gram BLEU &= H|1!
o Recurrent Ensemble > Majority > Checkpoint Ensemble(J1£ 2&t=S)

o Recurrent Ensemble > Single Model
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