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Motivation Encoder Analysis Decoder Analysis
Neural machine translation (NMT) obtains e Effect of word representation Cold Prod BLEU e Encoder vs. decoder representations
state-of-the-art performance with a simple i. Word going —’ "J o Decoder representations are much worse
end-to-end architecture. ii. charCNN LIl L MA = Word/Char Word/Char Word/Char for POS/morphology
Little is known about what these models learn > Ar-En | 80.31/93.66 | 89.62/95.35 24.7/28.4 e Effect of attention mechanism
about source and target languages during e Ar-He | 78.20/92.48 | 88.33/94.66 9.9/10.7 o Attention mechanism takes load from the
training. ; ; De-En | 87.68/94.57 | 93.54/94.63 |  29.6/30.4 decoder when learning target morphology.
We analyze intermediate representations | , Er-En N 94.61/95.55 37.8/38.8
learned by NMT and evaluate their quality for O Representations learned with Cz-En — 75.71/79.10 23.2/25.4 POS Accuracy BLEU
earnine moroholoey in different char-based models give better BLEU Attn | ENC DEC | Ar-En  En-Ar
5 . P .gy scores and POS accuracy Table 1: POS accuracy on gold and predicted tags using
morphologically-rich languages. - 4 39.62 43.93 | 24.69  13.37
Recearch auestione. o Infrequent words benefit most. word-based a,I}d character-based representations, as well X -4.10 £0.38 | 11.88 5 04
qu : C : " as corresponding BLEU scores.
o Which parts of the NMT architecture © tertain tags are mc?re sensitive to
character information. Table 2: POS tagging accuracy using encoder and

capture word structure?
P decoder representations with/without attention.

o What is the division of labor between NMT 100 - D A =% - POS AcCliFacy pef Tah Fequericy
components (encoder, decoder, attention)? . ) e Effect of word representation
o How do different word representations help - P o Character representations do not help the
learn better morphology and modeling of p ; i = decoder.
infrequent words? > %ﬁoooo%go o B ol @ _ o Possible explanation: charCNN cannot
o How does the target language affect the § - @9%% v oS ” o @ | generate unseen words.
learning of word structure? ) % ? : o SN
I O 2 1l mNUAN / - POS Accuracy BLEU
Methodolo ; g% | & owr | == T o | S
i I T T Chur | 9535 4454 | 2842 1300
(ii) Feature extraction from trained model N — Frequency Frequency ‘ ‘ . ‘
2 e Effect of encoder depth o Effect of target language Table 3: POS tagging accuracy using word-based
_ Pronoun o Representations from lower layers © Translating to morphologically-poorer and char-based encoder/decoder representations.
% Feedirward are better for POS/morphology. languages leads to better representations.
] NI:tevl;:)arL E O But deeper networks improve BLEU. o BLEU scores do not always entail better :
o5 o Do higher layers capture semantics? morphological representations. Conclusion
= ié E s POS Accuracy by Representation Layer Effect of Target Language on POS/Morph Accuracy We investigate what neural machine
E 9 - /_ t:Y::‘l’ : e R :; translation models learn about morphology.
. 3 | pro Lazer . " o1 - oA We evaluate NMT representation quality on
-step p.roce.dure to evaluate morphology o : 60 00 0 i POS and morphological tagging.

Iearne.d in different parts of the network. g . - 00 00 Our insights can guide further development
1. Train NMT model on parallel .data g 80 ; gcw .:. : of NMT systems, for example by guiding joint
2. Extract fea.tl.Jres from prg-tramed model i N 0. DO learning of translation and morphology.

3. Trzfnn cIaSS|f|er o supgrwsed data , - . 50 o Future work can extend the analysis to other
e Quality of trained classifier reflects quality of 65 - 10 - 0 DO representations, deeper networks, and
extracted representations. 60 - 0- 20« 20« |

semantic tasks.
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