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¢ TH: (RFLFERLAIEEN)
o B FAPython TR
POELIERE ], EREX
sklearn,numpy,
tf, pytroch, keras,
dynet, tensor2tensor, fastAl, allenNLP, chainer ...

« Hfh: Linux, c++,java, CS basis.
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* models, X EIE BT A Ndemo, BREMRIEIERE:
machine learning models
DRER, FHFRFERE, FHRE

E1&RE (graph)
span prediction
transition
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deep learning models

MLP, RecurrentNN, RecursiveNN, CNN,
seq2seq

many Gans,

reinforcement learning

Autoencoder: VAE

CapsuleNet

Transformerf74E
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* MNLP tasks 415l

vV Vv
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DR EXAERDEK, XK, BROM

HEL XXZBRIESM4T, NER, CWG, XZEIMEL, EHMEY,
SRL, AMR

JE/Z: dependency parsing, CFG, lexicon, semantic, B
Fmany-to-many: #E. FEEM. BEIDUE. seq2SQL
others: transfer learning, multi-task, RL, multi-lingual,

many new to come...

Domain adaptation

Entity linking

Information extraction
Named entity recognition
Part-of-speech tagging

story ending generation
peotry generation

text summarization

Word sense disambiguation
Relation prediction
Relationship extraction
Chinese word segmentation
punctuation, #i‘a]
WRIBFRN

BCERS N

F— AT

188 I A

iy BRI

Falgi 46 M Metaphor detection
IR A

word composition
Coreference resolution
Grammatical error correction
Simplification

Stance detection

Taxonomy learning

Temporal processing
paraphrase

sequence transduction (128811, T, XHEEH)
Stance analysis

Query auto-completion
FTh%E. EHSEST
Automatic essay scoring (AES)
Generating Classical Chinese Poems
Text normalization

Discourse segmentation
Entity Typing

sentiment modification

8] FHEFrtext-to-SQL

Hierarchical text classification
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© REEETP, lossEEAZMSEF I
SR BIED M, BRARTAY
Logits

* Upper-bounds Inference

* Inductive Bias

* Exposure Bias
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Please notes:

* Learning by doing

+ BERFEY, ZERIFEHNEBEFRER

- FERFINKRE, #H2EAN, Bun, 2 fEagEEZ2XEN!
- FARXERFR FEERENEIFE.
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* official:
google scholar, bing, baidu scholar,
glgoo, scihub
dblp,
Arxiv,

ACL-antholody

 QOther source:

H¥Fblog, 52NLP
PRSI, EFAM, TH-
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« F—iR:

PR, abstract, introduction, HE—IB, = AEREERY, KEME T Y
e FTTIR:

REZN, HiEE,

BRI ES

MRS =S
. /‘*E:\IE

methodology In details.
contribution, motivation, innovation?

AT AREHR?
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AEZE . contribution, motivation, innovation

@ Step?.
RS, By
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O Abstract

® Introduction

® Related Work

® Framework

® Experiment (settings, results, analysis)
® Conclusion

O Reference
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* FIXFH R
- QRTR, RARET

s WRARLEN B
- MELE—REFTEIRNHERL
e 4o : CNN model is perfectly good at modeling xxx data
- Mo d| M TR AL S A%
— &4 A — & 4F Hlgeneral 4y 43 JC

o fldw: “knowledge”. “context”. “information”%

- &S K TR, AXagTHaK
* fHdw:
- ZHOTHERERTRERET, BT ELT
» ] F: Our model significantly improves over all previous methods

- HERAKHERE—FHAH A, BEA, FRFAKS LREHHAL, L&
AR URRE TR, g, Shh nic, Lan

— m— R R
» “onxxx task in terms of xxx metrics”
» “all previous methods”—“all the comparison methods”
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* Notation #94] F
— R4 7] AR

s —AHFLEZRIER, IREARREL
o 43R 4E B A w4 dynotationk FIE A 4EMESF
© T AL R R 5] AR A
o JREAE ) — 2k $.43 09 45 5 | T notation (src, dest)
* MEAL A LT AMARGLG T
s HENHTIET 2
* \log, \exp \min ---
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Our baselines have a comprehensive coverage of the related

models. To summarize, we categorize the baselines into eight groups i*g_;é___- .)I'\L_é‘ = ol - o 2 1 0] ﬁ;fé

shown in Table 2, according to the task orientation, with/without
KB and with/without neural models.

Table 2: The categorization of the comparison methods.

| Tasks ” KB ] Neural (No) | Neural (Yes) |

Gemnal 1221 = CKE
FEMETA No BPR ——
Sequential [|-125 1 = RUM, GRUf, KSR
" No FFMC GRU, GRU++
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« ACLZEZ%: ACL, EMNLP, NAACL, CoNLL, (+coling)
 AAAI IJCAI, ECAI:
« EM®X: NLPCC, CCL
. I ICML, NIPS, ICLR: hardcore
. I SIGIR, SIGKD, ...
e others:

BIBM
WWW
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« SCIZ&7%
HEXA L,

v" Neurocomputing
v Information science
v" Knowledge base system

« CCFZ7%
IEEE transRZ S HEATIMEE H 2FERN, YHB AT,

Neural networks
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Strengths+

1.—+ The-writing-is-decent+
2 -+ Thetechnical-aspect seen

Weaknesses«

1.—This-idea-is-not-particularly
a-little-more-explanation_+

2 -+ The-technical-exposition-is

3.—The-design-choices-are ve
network-is-just-an-attentior
embedding. -And-forK-em«
performing-attention-again
for-extracting features .~

4 - Even-the core-component:
network"-are-all-off-the-she

Reasons to reject
. The model is not defined properly. The authors says this is "a novel Markov decision
process" (L114), but as far as | read the paper, the model shown in the paper is not a
Markov decision process. {\bf s}t, the state of the time step t defined in Section 3.1.1, does
not depend on the previous action a{t-1}. All the states {{\bf s}7, ..., {\bf s}n} can be
calenlated withont anv action a t If the guthors believe this is a Markov decision process
Reasons-to-accept+ o solve, the reason should be explained.
10t clear. The function f(x)=x+0.01/x (L319) was
An-improvement-for-general-attention-mechanism-will-be-broadly-beneficial for the-  >nale is not clear. | wonder if the constant value
NLP-community. The-idea is interesting, the experiments are convincing, and the- € better at least to show experimental results

improvement-is-obtained for-different-tasks-and different kinds-of -attention- evyard furlction in Equation (5) uses t_he value N
mechanisms.« t is said "an accumulated threshold is set based on

setting is unclear and it is hard to reproduce the

Reasons-to-reject- el is low. In Table 5, the seq2seq model with DRGA

! English-German. However, it is known that the
The-improvement-is-not-convincing for-some tasks, 1.e.-one percent-accuracy- es 28.4 (Vaswani et al, 2017). It is better to run
improvement does not show the strength of the proposed-method sufficiently. And-  Nich are not weak.

_ _ _ _ ] - _ o P proposed model improves the attention. In Section
the proposed-method-seems-over-complicated -compared-with those improvements ~ »n mechanism is mentioned (L079-082), but it is not

) s the attention quality. Some examples of the
Questions for-the-Author(s)- 6 and 7. However, seeing a few successful results
antions were improved and worsened. In NMT,
Is-it-possible to-use a supervised leaming method instead of reinforcement learning?  EU has been calculated in studies to improve the

It-would be betterif the-authors-can-provide some-reason-for-this-choice since-it entions for Neural Machine Translation; Liu et al.
seems to me that the difference between the defined reward function and the original Vis€d Attention). It will be better to evaluate with
loss-function-is-a-regularization term, -which-may-be-included-to-the-final-loss-of the-

supervised-training.-In-that-way, -the-whole -framework-will-be-simpler-and-training- :tior-1 since \alpha_t is a scalar.

could be faster.~ hhs} are equal, and the same symbol should be
““““““““““““““ used for avoiding confusion.

Presentation Improvements o (L274)s_i->s t

(L296) \alpha* -> {\bf \alpha}*
o (L358, 359) {\bf w}i -> {{\bf w}i} {i=1}"n, {\bf h}i -> {{\bf h}i} {i=1}"n
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other:

1. [Summary] Please summarize the main claims/contributions of the paper in your own words.

In this paper, authors try to employ RL method to refine attention mechisame to make sure that the attention weights
are more related to the task. They show that this method could improve a wide range of NLP applications and improve
the leaming efficiency.

2. [Relevance] Is this paper relevant to an Al audience?

Likely to be of interest to a large proportion of the community

3. [Significance] Are the results significant?

Highly significant

4. [Novelty] Are the problems or approaches novel?
Somewhat novel or somewhat incremental

5. [Soundness] Is the paper technically sound?
Technically sound

6. [Evaluation] Are claims well-supported by theoretical analysis or experimental results?

Very convincing

7. [Clarity] Is the paper well-organized and clearly written?

Good

8. [Detailed Comments] Please elaborate on your assessments and provide constructive feedback.

1. They incorporate a policy network to refine attention weights automatic.

2. This method is effective in many tasks.

3. Analyzing is reasonable and intuitive.

9. [QUESTIONS FOR THE AUTHORS] Please provide questions for authors to address during the author
feedback period.

‘six challenges for neural machine translation™ and "Neural machine translation with adequacy-oriented learning” are
also related to this topic.

7. [Clarity] Is the paper well-organized and clearly written?
Satisfactory

8. [Detailed Comments] Please elaborate on your assessments and provide constructive feedback.
Pros:
1. Extensive studies are conducted on various model structures

Cons:

1. This formulation modifies attention based on the current hidden state, which is available to the attention module as
well, then why does this method provide better results? Is it due to the added parameters or due to the residual
modeling? A reasonable baseline would be doing residual modeling of attention and add ocutputs from an MLP to the
original attention weights and train in the normal fashion.

2. | don't understand why the policy gradient is needed. Is there any randomness of the attention modifications? It's
true that we cannot directly backpropagate through the second term of the reward, but 1) that term looks weird (see
below), and 2) we can do a continuous version of that too.

3. How to set the additional hyperparameters beta, L, threshold, and gamma? Grid search using validation
performance seems to be very expensive. Besides, is the second term of the reward necessary? What's the intuition?

9. [QUESTIONS FOR THE AUTHORS] Please provide questions for authors to address during the author

feedback period.
See the above comments. Besides, in Figure 3 and Table 2, what's the task?

10. [OVERALL SCORE]
4 - Reject

10. [OVERALL SCORE]
8 - Accept (Top 50% accepted papers (est.))
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2. my point of view
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LSTM cell level modification
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