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Motivations

• Datasets tend to be homogeneous.


• Models overfit to repetitive patterns, but fail to cover long-
tail patterns or linguistic phenomena such as negation.



Motivations

• Deep learning methods generally do NOT


• incorporate intuitive rules such as negation


• consider large-scale linguistic resources such as PPDB 
or WordNet



Methods

• How to do with Intuitive rules and linguistic resources 


• Task-specific?


• Model-independent ?
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Experiments
Table 4: Test accuracies with di↵erent subsam-
pling ratios on SNLI (top) and SciTail (bottom).

SNLI 1% 10% 50% 100%
D 57.68 75.03 82.77 84.52
Dretro 57.04 73.45 81.18 84.14
AdvEntuRe
x D + Gs2s 58.35 75.66 82.91 84.68

x D + Grule
60.45 77.11 83.51 84.40

x D + Grule + Gs2s 59.33 76.03 83.02 83.25

SciTail 1% 10% 50% 100%
D 56.60 60.84 73.24 74.29
Dretro 59.75 67.99 69.05 72.63
AdvEntuRe
x D + Gs2s

65.78 70.77 74.68 76.92
x D + Grule 61.74 66.53 73.99 79.03

x D + Grule + Gs2s 63.28 66.78 74.77 78.60

Our proposed model, AdvEntuRe, is evaluated
in three flavors: D augmented with examples gen-
erated by Grule, Gs2s, or both, where Grule = GKB[
GH. In the first two cases, we create new examples
for each batch in every epoch using a fixed gener-
ator (cf. Section 3.5). In the third case (D + Grule

+ Gs2s), we use the GAN-style training.
We uses grid search to find the best hyper-

parameters for D based on the validation set: hid-
den size 200 for LSTM layer, embedding size 300,
dropout ratio 0.2, and fine-tuned embeddings.

The ratio between the number of generated vs.
original examples, ↵ is empirically chosen to be
1.0 for SNLI and 0.5 for SciTail, based on vali-
dation set performance. Generally, very few gen-
erated examples (small ↵) has little impact, while
too many of them overwhelm the original dataset
resulting in worse scores (cf. Appendix for more
details).

5.1 Main Results

Table 4 summarizes the test set accuracies of the
di↵erent models using various subsampling ratios
for SNLI and SciTail training data.

We make a few observations. First, Dretro is in-
e↵ective or even detrimental in most cases, except
on SciTail when 1% (235 examples) or 10% (2.3K
examples) of the training data is used. The gain in
these two cases is likely because retrofitted lexical
rules are helpful with extremely less data training
while not as data size increases.

On the other hand, our method always achieves
the best result compared to the baselines (D and
Dretro). Especially, significant improvements are

Table 5: Test accuracies across various rules R
and classes C. Since SciTail has two classes, we
only report results on two classes of Gs2s

R/C SNLI (5%) SciTail (10%)

D
+
G

ru
le

D 69.18 60.84
+ PPDB 72.81 (+3.6%) 65.52 (+4.6%)
+ SICK 71.32 (+2.1%) 67.49 (+6.5%)
+WordNet 71.54 (+2.3%) 64.67 (+3.8%)
+ HAND 71.15 (+1.9%) 69.05 (+8.2%)
+ all 71.31 (+2.1%) 64.16 (+3.3%)

D
+
G

s2
s

D 69.18 60.84
+ positive 71.21 (+2.0%) 67.49 (+6.6%)
+ negative 71.76 (+2.6%) 68.95 (+8.1%)
+ neutral 71.72 (+2.5%) -
+ all 72.28 (+3.1%) 70.77 (+9.9%)

made in less data setting: +2.77% in SNLI (1%)
and 9.18% in SciTail (1%). Moreover, D + Grule’s
accuracy on SciTail (100%) also outperforms
the previous state-of-the-art model (DGEM (Khot
et al., 2018), which achieves 77.3%) for that
dataset by 1.7%.

Among the three di↵erent generators combined
with D, both Grule and Gs2s are useful in Sci-
Tail, while Grule is much more useful than Gs2s on
SNLI. We hypothesize that seq2seq model trained
on large training sets such as SNLI will be able
to reproduce the input sentences. Adversarial ex-
amples from such a model are not useful since
the entailment model uses the same training exam-
ples. However, on smaller sets, the seq2seq model
would introduce noise that can improve the robust-
ness of the model.

5.2 Ablation Study

To evaluate the impact of each generator, we per-
form ablation tests against each symbolic genera-
tor in D + Grule and the generator Gs2s

c
for each

entailment class c. We use a 5% sample of SNLI
and a 10% sample of SciTail. The results are sum-
marized in Table 5.

Interestingly, while PPDB (phrasal para-
phrases) helps the most (+3.6%) on SNLI, simple
negation rules help significantly (+8.2%) on Sc-
iTail dataset. Since most entailment examples in
SNLI are minor rewrites by Turkers, PPDB often
contains these simple paraphrases. For SciTail, the
sentences are authored independently with lim-
ited gains from simple paraphrasing. However, a
model trained on only 10% of the dataset (2.3K
examples) would end up learning a model relying
on purely word overlap. We believe that the sim-
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Learn a Lesson

• Easiest way to do a good but not exciting work


• Find right problem (the most difficult part)


• do trivial but promising ideas


• make elaborate experiment analysis. 


