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ABSTRACT

Recently, recurrent neural networks have been attracting attention in solving prediction problem of sequential data through structure
considering time dependency. However, as the time step of sequential data increases, the problem of the gradient vanishing is occurred.
Long short-term memory models have been proposed to solve this problem, but there is a limit to storing a lot of data and preserving it
for a long time. Therefore, research on memory-augmented neural network (MANN), which is a learning model using recurrent neural
networks and memory elements, has been actively conducted. In this paper, we describe the structure and characteristics of MANN models
that emerged as a hot topic in deep learning field and present the latest techniques and future research that utilize MANN.
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Table 2. Summary of Stack-Augmented Neural Networks
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Characteristics
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Simple sequence prediction
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via trainable memory

Neural Stack[6]
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Synthetic transduction tasks,
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Table 3. Summary of propsed dataset

Dataset Description
The Movie Built from large-scale real-world sources.
Dialog Dataset Test the ability of End-to-End Dialog Systems.
(MovieQA)[13] Choose the domain of movies and movie related entities.
Built from Knowledge Base Freebase with human generated questions.
SimpleQuestions[16] Format triples as (Subject, Relationship, Object).

Rephrase questions as (Subject, Relationship, ?).

bAbI tasks[17] Construct 20 kinds of synthetic tasks.

Generate data in many different scenarios/simulations.

Designed to be prerequisites for text understanding and reasoning.

The Children’s
Book Test(CBT)[18]

Built from books Project Gutenberg.

Designed to be measure how models can capture both local and wider linguistic context in children’s stories.

WikiMovies[19]

Built from only the QA part of MovieQA
Test the ability of models to directly read documents to answer questions.
Measure performance of models when knowledge source is switched from a KB to documents
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Table 4. Memory Networks and Derived Models

Model Attention Learning task Dataset Characteristics
Memory Networks[3] Hard Sig;i]ilz J ]éicl;gpel;g;aelset[gr,ljlgl:ﬁtw world QA, Proposal of basic QA model
bAbI, Penn TreeBank[25], Text8[26],
End-to-End Memory . E:‘BT’ CNN QA[27]’ Less supervision,
Networks[12] Soft Weakly supervised ’I‘he Movie D124110g Dataset',‘ . Inference by using multiple hops
The Second Dialog State Tracking
Challenge[28]
Eg\;ﬁsﬁ;}/km@y Soft Weakly supervised | WikiMovies, WikiQA[29] Key-Value memory representation
Dynamic Memory Soft Strongly bAbI, Standford Sentiment geirs(t)ijvii iﬁggom rfr?(jdsli ne
Networks[21] h supervised Treebank(SST)[30], Penn TreeBank Ai))plying t 3 rI\STILP tasksy
Dynamic Memory Soft Weakly supervised DABL, DAQUARI3L], gﬁgggofjrhz;propﬁate input
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Table 5. Neural Turing Machines and Derived Models

Model

Addressing mechanism

Tasks Characteristics

Neural Turing

Content-based (Cosine similarity),
Location-based (Interpolation,

Copy, Repeat copy,
Associative recall,

Neural Networks by coupling External memory,
Addressable memory,

Machines[4] . . . Dynamic N-Grams, . .
Convolutional shift, Sharpening) y . Selective soft attention
Priority sort
. Content-based (Cosine similarity, . . .
Neural Turing Least R iy Used v Omniglot, Applying to one-shot learning,
ast Recen sex

Machines[32] Access (LRUAS;) Gaussian Process Reasonable mechanism (LRUA)

. N bAbI, Sequential pMNIST, . .
Dynamic Switching between Trainable memory addressing scheme,

Neural Turing

Cosine similarity, LRUA and

Stanford Natural Language
Inference(SNLI)[39],

Continuous + Differentiable or

Machines[33] Discrete L. . Discrete + Non-differentiable
Associative recall, Copy
Elaborate and intuitive addressing mechanism,
Random-generated graph .
. . . o . Proposal of next-generation computer model,
Differentiable Cosine similarity, (Traversal, Short-path, . L.
. . . . Troubleshot algorithmic tasks
Neural Dynamic memory allocation, Family tree(relation
i . . through data structure,
Computer[34] Temporal memory linkage inference)), bAbI, Block A .
. Applying to Natural Language Processing,
puzzle (Mini-SHRDLU) . .
Reinforcement learning
Reinforcement Copy, Repeat copy, Discrete + Non-differentiable,
Neural Turing - DuplicatedInput, Usability of external interface,

Machines[36]

Reverse, Forward reverse Reinforcement learning
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