June 26th, 2022

Talib Al-Ameri, Ph.D
Academic Editor
PLOS-ONE,

Dear Prof. Al-Ameri,

We have uploaded the revised version of the paper Entropic Associative Memory for
Manuscript Symbols, PONE-D-22-03590. We have attended to all the comments made
by the two reviewers and include the relevant suggested references. We also removed
the acknowledgements section and include the funding information as required.

The answers to reviewer 1 are:

1.

The motivation of this work shall be improved.

Response: The motivation of the work is to add evidence on the viability of the
EAM model and its associated theory for developing computational models of
natural memories as well as practical applications. This is emphasized in lines 3-6 of
the 1st paragraph of Section 1!, which now reads: “Our motivation is to add
evidence on the viability of the EAM model and its associated theory for developing
computational models of natural memory and to show its feasibility for constructing
practical applications.”

What is the novelty of this article? What is the technical difficulty on methods and
analysis aspect? Please give some explanations.

Response: This paper introduces explicitly the capacity of an Associative Memory
Register (AMR) at a given state as a function of the entropy e and the number of
columns n, which is 2¢". The impact of this measure is discussed explicitly in
Section 5.9. We also show a case study in which instances of manuscripts symbols
of the EMINIST Corpus are stored and retrieved. The approach to the problem is
novel, and an extensive comparison with related work is presented in Section 5.10.
An important characteristic of the model is its simplicity, as the memory has a
declarative format. To appreciate this, we include the formal definition of the
memory operations at the end of Section 1 in p.3 and p.4 —instead of just making a
reference to the original EAM publication.

The practical application of entropic associative memory for manuscript symbols
shall be presented in Conclusion.

Response: A new paragraph has been added in Section 6, p. 23 as follows: “The
Entropic Associative Memory has a variety of potential applications in which a
large amount of data needs to be accessed by content. For instance, the present study
and experiments can be applied to the construction of handwriting optical character
recognition, which is useful for scanning manuscript texts. The memory system can
be applied to computer vision and speech processing, and some preliminary

! The references to pages, paragraphs and lines in this letter refer to the marked-up version of the paper.



experiments are already on their way. More generally, an effective associative
memory should be a central functional module of the cognitive architecture of
computational agents that need to interact in real time with the world.”

Compared with the previous publications, what is the advantage of this paper?

Response: The experiments presented in this paper deal with a much larger number
of classes than the previous one: 47 and 36 versus 10 and 5, respectively, with
satisfactory results. In addition, a detailed comparison in 10 dimensions with
previous work in associative memories developed within the framework of Artificial
Neural Networks (ANNs) is presented in Section 5. These include (1) EAM’s the
declarative format versus the procedural or sub-symbolic format of ANNs; (2) the
productive or generalization property of EAM that ANNs’ memories lack; (3) the
constructive retrieval of EAM versus the photographic retrieval of ANNs
approaches; (4) the integrated auto and hetero associativity of EAM; (5) the
property of direct rejection of EAM that ANNs approaches lack; (6) the natural
parallelism of EAM due to the direct cell to cell and column operations, which does
not involve matrix operations; (7) EAM is not a dynamic system and does not use
an energy function; (8) the explicit use of the entropy by EAM that ANNs
approaches lack; (9) the very large storing capacity of EAM; and (10) the
quantitative comparisons of EAM with ANNSs; in particular, with associative
memory systems using similar corpus, such as dense associative memories (Krotov
and Hopfield, Ref. 29).

The format of the references shall be united

Response: All references have been reviewed and included using the Latex BibTex
format, using PLOS ONE templates.

The following related publications on associative memory shall be added:

Response: Our paper is concerned with the performance of a novel model of
associative memory that uses a declarative format in which memory register is an
abstraction, cues not contained in the memory are rejected directly without search,
and memory retrieval is a constructive operation. We assessed our model
empirically in terms of the precision, the recall and the accuracy of the memory
recognition and the memory retrieval operations in relation to the memory size, the
amount remembered data and the entropy, and the tolerance to error; and we offered
a comparison with related work addressing similar problems. We could not find any
of these concerns in the recommended papers and are unable to appreciate why such
references shall be included, and we have not done so.

The answers to reviewer 2 are:

1.

On page 4, the amount of data allocated by Training Corpus, Remembered Corpus
and Test Corpus is 57%, 30% and 10%, respectively. Please explain in detail why
such a proportion is allocated and the advantages of this allocation.

Response: A new paragraph was added in Section 3, p.7 as follows: “The data
allocated to each partition reflects a trade-off between learning and test data, so 90%



of the corpus is used for the former and 10% for the latter, according to standard
machine learning practices. The balance between training and remembered data
considers that a large enough amount of corpus is needed for training the deep
neural networks modeling perception and action, but enough data is needed to test
the AMRs with different remembering conditions and entropy levels. We also made
preliminary experiments with small variations to these amounts, and the present
choice constitutes a satisfactory compromise.”

In Figure 7, when the totality of the remembered corpus is used, the recall is lower
and the graphs do not intersect. For the largest registers, the cost of memory
resources is twice as high. How to solve these problems in practice.

Response: The fact that the precision and the recall do not intersect with a given
amount of data is not necessarily a problem in itself. Figure 7 shows that grids of 64
and 128 rows perform better for the EMNIST dataset than smaller and larger grids,
and that the best performance is achieved using the totality of the remembered data.
Hence these sizes are considered for functional AMRs and are tested with different
amounts of corpus and entropy levels. The graphs show that the best performance
for this dataset is achieved using the totality of the remembered corpus: the results
also suggest that registering more information will not impact on the performance
significantly. As the performance is very similar in both settings the smallest AMRs
size is chosen due to its reduced cost. A related but different question is how to
improve the performance of the system as a whole and reduce the memory size for
an arbitrary dataset. For this we plan to reinforce the cells of the AMRs whenever
they are used in the memory register mechanism, such that columns become
probability distributions shaped by the empirical data, with their associate Shannon's
entropy. Such learning mechanism should improve the performance and reduce the
size of operational AMRs. We leave such investigation for further work.

A new paragraph addressing this latter question has been added in Section 6, p. 22,
as follows: “The construction of practical applications requires improving the
performance of the system as a whole and reduce the memory size for an arbitrary
dataset. In order to address such question, we plan we plan to reinforce the cells of
the AMRs whenever they are used in the memory register operation, such that
columns become probability distributions shaped by the empirical data, with their
associate Shannon's entropy. Such learning mechanism should improve the
performance and reduce the size of operational AMRs. We leave such investigation
for further work.”

The language needs to be polished and some typos should be corrected. Please
check the language and improve the presentation.

Response: The language has been revised and the whole of the paper has been
carefully proof-read.

Please explain the purpose and difference of Experiment 1 and Experiment 2, as
well as the similarities and differences of simulation results.

Response: The first line of paragraph of section 3.2, p.10, has been elaborated to
clarify these questions as follows:



“This experiment shows that an AMR can hold the distributed representation of
objects of different classes, such as the representations of different digits —e.g., 0
and 1-— with similar levels of precision and recall but a small increment of the
entropy, as was shown in our previous work. In this case, we use EMNIST-36
instead of EMNIST-47 such that eleven different shaped capital and lower case
letters are collapsed in the same class.”

5. On page 10, the sentence “Such is the case of morphological hetero-associative
memories [19, 20, 22] and related work [25] which are also bidirectional.” The
author can refer to several works of associative memory as bedding, such as
Memristor-based neural network circuit of emotion congruent memory with mental
fatigue and emotion inhibition. Memristor-based neural network circuit of Pavlov
associative memory with dual mode switching. Memristor-Based Neural Network
Circuit of Full-Function Pavlov Associative Memory with Time Delay and Variable
Learning Rate.

Response: Two of the suggested references have been included in Section 5, p. 16
(Refs. 27 and 28).

6. How to set at about 4% of the remembered corpus or at an entry level between 3 and
4 in the second condition of memory retrieval operation, and what are the
advantages of such setting.

Response: The amount of corpus fed into the AMR is set up in the experimental
design as desired. Figures 7 and 8 show that for AMRs filled in with 3% to 4% of
the corpus the precision is close to 1 but the recall is almost zero, both for grids of
64 x 64 and 64 x 128, for both the individual AMRs and the system as a whole. The
reason is that the amount of information within the AMR is very low, so if a cue
retrieves an object, it is almost certain that it is of the right class, but most AMR do
not respond to the cue, and most true positives are missed out.

We hope that the new version of the paper is fully satisfactory.

Yours sincerely

Dr. Luis A. Pineda

Titular Research Professor

Institute for Applied Mathematics and Systems
Universidad Nacional Autéonoma de México



