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Morphological Inflection Generation

with Hard Monotonic Attention

Roee Aharoni and Yoav Goldberg
Bar llan University NLP Lab

: Small (<500 training examples) - CELEX
» We present a general-purpose sequence to sequence learning model ( gsm ZPIEp 2PK3 N
. . . . . . . r Vg.
with a hard-attention mechanism, allowing linear decoding time MED (Kann and Schiitze, 2016a) | 83.9 | 95 | 87.6 | 84 | 87.62
NWFST (Rastogi et al., 2016) 86.8 94.8 | 87.9 81.1 | 87.65
» Our model is inspired by the monotonic alignments between the gg;(‘)feye”‘ al., 2008) g;f gg‘g‘ 2;4 g";g 233
characters in a word and its inflection Hard 858 |95.1 | 89.5 |87.2 | 89.44
» We evaluate the model on several morphological inflection generation Medium (~13k training examples) - SIGMORPHON 2016
datasets, achieving state-of-the-art results in various settings suffixing+stem changes | circ. | = suffixing+agg+vh. | ch. templatic
RU DE ES GE FI TU HU NA AR MA Avg.
\ ) MED | 91.46 | 95.8 08.84 | 98.5 9547 | 98.93 | 96.8 9148 | 99.3 88.99 | 95.56
Soft 02.18 | 96.51 | 98.88 | 98.88 | 96.99 | 99.37 | 97.01 | 95.41 | 99.3 88.86 | 96.34
Hard | 92.21 | 96.58 | 98.92 | 98.12 | 9591 | 97.99 | 96.25 | 93.01 | 98.77 | 88.32 | 95.61
2. The Task o o
Large (>100k training examples) - Wiktionary
Morphological Inflection Generation involves generating a target word given DEN | DE'V | ES-V | FI-NA | FIV_| FRV | NLV | Ave.
pnological inme enera olves generating a target word give Durrett and DeNero (2013) | 88.31 | 94.76 | 99.61 | 92.14 | 97.23 | 98.80 | 90.50 | 94.47
a source word and the morpho-syntactic attributes of the target: Nicolai et al. (2015) 88.6 | 97.50 | 99.80 | 93.00 | 98.10 | 99.20 | 96.10 | 96.04
Faruqui et al. (2016) 88.12 | 97.72 | 99.81 | 9544 | 97.81 | 98.82 | 96.71 | 96.34
input output Yu et al. (2016) 87.5 | 92.11 | 99.52 | 9548 | 98.10 | 98.65 | 95.90 | 95.32
source word morphological tags target word Soft 88.18 | 95.62 | 99.73 | 93.16 | 97.74 | 98.79 | 96.73 | 95.7
ensamblar pos=V, alt=LGSPEC1, mood=SBJV, ensamblaramos Hard 88.87 | 97.35 | 99.79 | 95.75 | 98.07 | 99.04 | 97.03 | 96.55
tense=PST, per=1, num=PL, aspect=IPFV - /

=

3. Previous Approaches

 Vanilla seq2seq (Faruqui et al., 2016) — not resolution preserving
- Soft attention (Kann & Schutze, 2016)
- Decoding time is quadratic w.r.t. sequence length
* Need to jointly learn both alignment and transduction — hard task given a
_ small amount of examples y

\_

7. Recent Adoption

» Makarov et al. (2017) — Winning system in CONLL-SIGMORPHON-2017
inflection generation shared task — hard attn. + copying mechanism

- Cotterel et al. (2017) — EACL 2017 outstanding paper — hard attn. + G.M.

+ Junczys-Dowmunt & Grundkiewicz (2017) — applied to machine translation
_ automatic post-editing y

8. Alignments Comparison — Soft vs. Hard
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4. From Alignment to Hard Monotonic Attention
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- Hard attention
learns one-to-
many, deletion
using the

stepping
mechanism
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» Learn an alignment model over the training data >
 Derive an emit/step action sequence from the alignments

* Train a neural network to predict such action sequences given an
9 iInput sequence p

input

» Hard alignments
are more
linguistically-
sensible

output

5. The Hard Attention Architecture
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Hard Attention - Encoded Inputs by Character

Soft Attention

35 Soft Attention - Encoded Inputs by Character
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