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Reservoir computing based on cellular automata (ReCA) constructs 

a bridge between automata computational theory and recurrent 

neural architectures. Sequence learning is an essential capability for 

a wide collection of intelligence tasks such as language, continuous 

vision, and symbolic manipulation in a knowledge base, etc. 

Therefore, in this study, our model (ReCA) has been developed to 

solve the 20 QA bAbI tasks from Facebook. These tasks are very 

hard and require an understanding of the meaning of a text and the 

ability to reason over relevant facts. ReCA could solve most of the 

bAbI tasks; 15 out of 20 had 100% accuracy, and 2 tasks were above 

90%, whilst 3 tasks were less than 90%, using only the CA 

evolution states at the last time step as a feature vector to predict 

the output (LAST method). The CA evolution states at all time 

steps (ALL method) can also be used, which improves the ReCA 

accuracy with a large feature space. ReCA results were competitive 

with the state-of-the-art methods in 2025, such as MT-DNS, and 

even ReCA outperforms NeuroLogicX, even though these methods 

are more complicated compared with ReCA. 
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( لحل مهام ReCAنموذج الحوسبة الخزّانية القائمة على الأوتوماتا الخلوية )

 ( من فيسبوكbAbI) الأسئلة و الأجوبة

 

 الباحث المرسل:*   مرغممروان  *

 الكلمة المفتاحية الملخص

( جسرًا بين نظرية الحوسبة ReCAتشُكل الحوسبة الخزّانية القائمة على الأوتوماتا الخلوية )

قدرةً أساسيةً لمجموعة  الزمني الأوتوماتية والشبكات العصبية المتكررة. يعُدّ تعلّم التسلسل

واسعة من مهام الذكاء الاضطناعي، مثل اللغة، ورؤية الحاسوب، والمعالجات الرمزية، 

الأسئلة مهمة من مهام  20( لحل ReCAوغيرها. ولذلك، في هذه الدراسة، تم تطوير النموذج )

يدة، إذ تتطلب ( من مجموعة فيسبوك البحثية. تتسم هذه المهام بصعوبتها الشدbAbI) و الأجوبة

 ReCAفهمًا لمعنى النص، والقدرة على الاستدلال على الحقائق ذات الصلة. استطاع نموذج 

، وتجاوزت 20مهمة من أصل  15% في 100(؛ حيث حقق دقة bAbIحل معظم هذه المهام )

مهام؛ وذلك باستخدام حالات تطور  3% في 90% في مهمتين، بينما كانت أقل من 90الدقة 

تا الخلوية في الخطوة الزمنية الأخيرة فقط كمتجه مميز للتنبؤ بالمخرجات )طريقة الأوتوما

LAST كما يمكن أيضًا استخدام حالات تطور الأتمتة الخلوية في جميع الخطوات الزمنية .)

 ReCAمع زيادة حجم متجه الميزات. وقد كانت نتائج  ReCA(؛ مما يحُسّن دقة ALL)طريقة 

على  ReCA، بل وتفوقت MT-DNS، مثل 2025في عام منافسة لأحدث الطرق 

NeuroLogicX على الرغم من أن هذه الطرق أكثر تعقيداً من ،ReCA. 

لحوسبة ا

 الخزّانية؛

 الأتمتة الخلوية؛

ReCA؛ 

 تعلّم التسلسل؛

الترابطات 

 طويلة المدى؛

أسئلة مهمة  20

 .bAbI وأجوبة

  12/08/2026اريخ الإستقبال: ت 25/08/2026تاريخ القبول: 

DOI: https://doi.org/10.64943/jkc.2026.040310 

1 Introduction 

Reservoir Computing leverages untrained, fixed dynamical systems to project input data 

into high-dimensional feature space. While, Cellular Automata offer a structured, 

spatially distributed framework for the reservoir [1-2]. The merging of Cellular Automata 

into the Reservoir Computing paradigm is particularly advantageous due to its capacity 

for highly efficient, parallelizable hardware implementation [3]. 

Also, the calculation of higher-order statistics and their representation in a distributed 

manner, even if it is a very sparse network with identical binary units, such as a cellular 

automaton, will provide enough computation for sequence learning [4]. 

The evaluation of such an architecture requires standardized robust benchmarks, such as 

QA Facebook’s bAbI tasks, which comprise 20 distinct challenges designed to test 

reasoning capabilities in a question-answering system. These tasks evaluate a model’s 

proficiency in logical deduction and information retrieval, providing a rigorous metric for 
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assessing how efficiently reservoir substrates manage long-term dependencies within 

sequential inputs [5-6]. 

Next, we review reservoir computing, cellular automata, and ReCA, then provide the 20 

QA bAbI tasks, learning methods and results in the following sections. 

1.1 Reservoir Computing 

Many real-life problems in artificial intelligence (AI) require the system to remember 

previous inputs. Recurrent Neural Networks (RNNs) are powerful tools of machine 

learning with memory. In RNNs, the input presented to the network is stored in 

a distributed fashion after it is transformed into hidden layer activities through a highly 

nonlinear function. Therefore, they employ very powerful hierarchical computation as 

well as distributed representation, which make them excellent tools for sequence learning 

tasks. Unfortunately, RNNs are difficult to train properly due to the inherent difficulty of 

learning optimal representations tailored for long-term dependencies [7-8] and 

convergence issues [9]. There are some approaches to avoid these issues, such as 

emulating the recurrent computation in a feedforward neural network framework [10] or 

utilizing a reservoir of coupled oscillators [11, 12]. It is worth noting that RC systems, 

which rely on dynamically evolving feature maps, learn faster than fully supervised 

methods trained via stochastic gradient optimization while achieving comparable 

accuracy [13]. 

RC models avoid the shortcomings of conventional training methods in RNNs by setting 

up RNNs in the following way [14, 15]: 

1. The recurrent neural network parameters W in Figure 1.1 are randomly created and 

remain unchanged during training. This RNN is called the reservoir. It is excited by the 

input signal and maintains in its state a nonlinear transformation of the input history. 

2. The desired output signal is generated as a linear combination of the neurons’ signals 

from the input-excited reservoir. This linear combination is learned by linear regression 

to calculate the values of Wout parameters in Figure 1.1, using the teacher signal as a 

target. 

In the RC approach, due to rich dynamics already provided by the reservoir, there is no 

need to train many recurrent layers, and learning takes place only at the output (read-out) 

stage. This simplification enables the use of recurrent neural networks in complicated 

tasks that require memory for long-range statistical relationships (spatially and 

temporally). 

ESNs have been adopted in our work due to their simplicity and effectiveness, also they 

have been successfully applied in multiple tasks, e.g., dynamic pattern classification [16], 

time-series prediction and noise modelling [17], reinforcement learning [18], speech 

recognition [19], language modelling [20], human action recognition [21], finally 

handwriting recognition and movement detection [22]. In [22], the authors call ESNs 

reservoir computing networks (RCNs). 
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Figure 1.1 Reservoir computing paradigm. The input is projected randomly in an RNN 

(reservoir), and the evolution states of the reservoir x(n) are harvested to calculate the 

output weight matrix Wout, which is then used to predict the output. 

1.1.1 Physical Reservoir 

Some high dimensional dynamic physical systems can be considered as a computational 

model [23], which led researchers to exploit these systems as physical reservoirs in Figure 

1.2. The physical reservoir, of course, should verify the requirements of a conventional 

reservoir that are mentioned in Section 1.1.خطأ! لم يتم العثور على مصدر المرجع. Using physical 

systems as a reservoir starts in 2003 by water waves in a bucket [24], then the genetic 

regulatory network of the Escherichia coli bacterium [25-26], optoelectronics [27-29], 

random Boolean networks (RBNs) [30-32], carbon nanotubes [33-34], coupled 

oscillators; chemical [35], phase [36], mechanical [37], superconducting quantum 

computing devices [38], and very recently memristors [39-44], The paper [45] is a review 

of the memristor-based implementation of Reservoir Computing. Finally, as in our model 

(ReCA), using different types of CA as a reservoir [1, 3-6, 10, 46-54]. Other types of 

physical reservoirs can be found in the papers [55, 56-60]. Also, many unconventional 

computing methods in [61] can be used as physical reservoirs. 

 

 

 

 

 

 

Figure 1.2 Physical Reservoir: The RNN reservoir in Figure 1.1 is replaced by a high 

dimensional dynamic physical system. 

The paper [62] intends to elucidate the parallel progress of mathematical theory, algorithm 

design and experimental realizations of reservoir computing, and identify emerging 

opportunities as well as existing challenges for large-scale industrial adoption of reservoir 

computing. [63] covers the progress in neuromorphic devices for implementing physical 

reservoir computing, emphasizing device-level innovations that address the challenges of 

low-latency, energy-efficient, multimodal physical reservoir computing implementations. 

Neuromorphic computing, hyperdimensional computing, and in-memory computing are 

all computing paradigms that can be considered subfields of brain-inspired computing 
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[64]. In next-generation reservoir computing (NGRC), the small amounts of measurement 

noise during training act as an effective regularizer, improving long-term autonomous 

stability compared to standard regression alone [65]. 

1.2 Cellular Automata 

Cellular Automata (CA) are discrete dynamical systems with sparse connections. 

A cellular automaton is an array of cells evolving synchronously according to an identical 

interaction rule. The evolution of a cell is dependent on the previous states of a 

surrounding neighborhood of cells, as shown in Figure 1.3 and illustrated in [66-67]. The 

dimension of cellular automata can have an integer value; thus, it is a grid in general, but 

one or two dimensions are utilized in most of the studies. CA has either null or periodic 

boundary. In a null boundary configuration, the boundary cells are assumed to have a 

logic 0, but in a periodic boundary, the grid is folded. Therefore, in a single-dimensional 

CA, the rightmost cell becomes the neighbor of the leftmost one. The rules applied to 

each cell can be either identical or different; these two different configurations are termed 

uniform and hybrid CA, respectively [68] (in hybrid CA, the rules change in space, not 

in time), but if the rules change in time (in certain iterations), the configuration is termed 

multilayer CA. 

Elementary Cellular Automaton (ECA) is a one-dimensional CA with binary cells (1 or 

0), evolving according to a uniform and non-changing rule. It is the simplest cellular 

automaton configuration, which will be used exclusively in our work. 

The most commonly used is the visual representation, where zero is represented by a 

white square and one by a black square [67], as illustrated in Figure 1.3 for rule 150.  

 

 

 

 

Figure 1.3 ECA Rule 150: All possible combinations for one iteration of the center cell 

xi for rule 150 and its Boolean expression. The binary string (10010110)2 produces the 

rule number (150)10 [50]. 

The rules of ECA are classified according to their behavior (Wolfram classes) [67]. 

Starting from random initial cell values, CA state evolution will show a certain behavior: 

Class I (Uniform) CA states evolve to a homogeneous behavior, Class II (Periodic) CA 

states evolve periodically, Class III (Chaotic) CA states evolve chaotically (without any 

defined pattern), and Class IV (Complex or edge of chaos) can show all these evolution 

patterns unpredictably. Despite its simplicity, the fourth class is capable of universal 

computation, i.e. it can simulate a Turing machine [69-71]. CA are also useful for parallel 

computation and can be easily implemented using hardware such as field-programmable 

gate arrays (FPGAs) [72] and graphics processing units (GPUs) [73]. 
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2 Reservoir Computing Based on Cellular Automata (ReCA) 

The ReCA framework consists of three stages, as shown in Figure 2.1. The encoding stage 

translates the input u into the initial states of the CA reservoir. In the reservoir stage, the 

ECA rules are applied for a fixed period of iterations I, in order to evolve the CA initial 

states. The CA states in the reservoir are concatenated to produce a feature vector that 

will be used in the read-out stage using Linear Regression to predict the output y. The 

details of the method are given below, step by step. 

 

 

 

 

 

 

 

 

Figure 0.1 ReCA framework stages indicating vector lengths for each stage: (a) 

Encoding Stage composed of (Ri), which expands each input bit by Ri bits and adding 

(Zero Array) R-dimensional buffers for both sides of the input. (b) CA Reservoir Stage: 

The L-dimensional output of the Encoding Stage is projected onto a CA reservoir, which 

evolves it using a certain ECA rule in multiple time iterations I. (c) Read-out Stage: The 

reservoir output (LCA-dimensional feature vector) is trained by Linear regression to find 

the output weights of Wout matrix, which is used to predict the output y [4]. 

2.1 Encoding Stage 
The encoding stage can be divided into two subroutines, as shown in Figure 0.1(a): Ri 

and Zero Array R.  

2.1.1 Utilizing Buffers (Zero Array R) 

In the encoding stage, the input u is translated into the initial states of a cellular automaton 

reservoir. For handling a sequence of inputs, each having a length Lin, the size of the input 

to the reservoir needs to be expanded. An array of zeros with length R is added to both 

sides of the original input to hold the activity of the reservoir corresponding to previous 

input time steps. Then, the expanded input to the cellular automata reservoir becomes of 

length L = Lin + 2R, as shown in Figure 2.2. 

 

 

 

 

Figure 0.2 Two R-dimensional zero vectors (buffers) are added to both sides of the 

original input u(n) to produce the L-dimensional initial state Xn that will be evolved 

using ECA rule in the reservoir stage [50]. 
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The buffer length R=I×T (I is the number of CA iterations, and T is the sequence length 

of the input) to guarantee that CA states have conserved all the input sequences. But, in 

some experiments, to reduce the time and space complexity, an expansion ratio 𝐟 ∈ [𝟎, 𝟏] 
has been introduced as follows R = 𝑓(I × T), to adjust the dimension of the buffers, thus 

the size of the reservoir (complexity) decreases with the value of f.  

2.1.2 Reducing Interference Ri 

To improve the ReCA accuracy, the interference between nonzero elements in the 

reservoir should be reduced. The interference is due to the cancellation of cell activity 

when two nonzero cells collide during additive cellular automaton rules such as rule 901. 

In order to avoid it, each bit of the input can be represented by Ri bits. At the insertion of 

a new time step, the location of the nonzero will rotate right one bit to reduce the 

interference between nonzero bits that have the same location in consecutive time steps 

(for more detail, see [4]). Thus, the length of the CA reservoir input will be expanded to 

L=Lin×Ri+2R. The value of Ri should be chosen carefully to reduce the interference 

between nonzero bits that have different locations in consecutive time steps. Hence, the 

input dimension is artificially expanded to increase the feature space size and reduce the 

interference between nonzero bits in the reservoir.  

2.2 Cellular Automata Reservoir Stage 

After the data is processed in the encoding stage as the initial states of a cellular 

automaton, it is passed on a CA reservoir (instead of an ESN as in [11]) for computation. 

The dynamics of CA provide the necessary projection of the input data onto an expressive 

and discriminative space, as shown in Figure 2.1(b). It was previously shown that the 

cellular automata reservoir holds a distributed representation of high order attribute 

statistics [46]. Thus, the sequence of inputs at each time step is processed to extract input 

statistics, which are represented in a distributed manner as in recurrent neural networks. 

However, different from recurrent neural networks, for each input, we can allocate a 

distinct memory slot in the reservoir space and avoid interference between different time 

steps altogether (at the cost of increased feature space). This is due to the fact that additive 

cellular automata rules propagate the cell activities of the previous time steps in 

a predictable manner, creating "empty spots" for injection of new input in the sequence. 

The cellular automaton is initialized with the first time step input of the sequence (X1) 

that has been obtained from the encoding stage; 𝐀𝟎
(𝟏)

= 𝐗𝟏 (with size of L), where the 

subscript 0 denotes the initial state and increases to I, which is the number of CA iterations 

in the reservoir, and the superscript (1) denotes the number of time steps (from 1 to T), 

where T is the input sequence length. Then, the cellular automata evolution of 𝐀𝟎
(𝟏)

 is 

computed using a pre-specified ECA rule CAr up to I iterations as illustrated in Figure 

2.1(b) and the following equations: 

                                                           
1.𝑥𝑖(𝑛 + 1) = 𝑥𝑖−1(𝑛) ⊕ 𝑥𝑖+1(𝑛): Boolean expression of rule 90  

 



 

 

 

 Taj Al-Ma'rifa Journal, 4 (3), (september/2026). pp  204 – 123  211 

Reservoir computing based on cellular automata (ReCA) to solve the 20 QA 
bAbI Tasks from Facebook 

 

𝐴1
(1)

= 𝐶𝐴𝑟(𝐴0
(1)

)                                                  
(0.1) 

𝐴2
(1)

= 𝐶𝐴𝑟(𝐴1
(1)

)                                                

(2.2) 

             ⁞   

𝐴𝐼
(1)

= 𝐶𝐴𝑟(𝐴𝐼−1
(1)

)                                               

(2.3) 

The evolution of CA states is concatenated to obtain a single state vector as in equation 

(2.4), with length of LCA = I×L, that will be used as a feature vector to predict the output 

at the 1st time step: 

𝐴(1) = [𝐴1
(1)

 𝐴2
(1)

… 𝐴𝐼
(1)

]                                               (2.4) 

At the 2nd time step, the input X2 will be inserted into the reservoir state vector. Applying 

an insertion function, which is in our model, an XOR operation2 to the last state vector 

AI
(1)

 with the input vector at the second time step X2. Then the new initial state vector of 

the cellular automaton at time step n = 2 will be as: 

𝐴0
(2)

= 𝐴𝐼
(1)

⊕ 𝑋2
                                               (0.5) 

where ⊕ is a bitwise XOR. 

Then, the cellular automaton is evolved for I steps to obtain A(2) as in equation (2.6). 

𝐴(2) = [𝐴1
(2)

 𝐴2
(2)

… 𝐴𝐼
(2)

]                                                

(2.6) 

 

 

 

 

 

 

 

 

                                                           
2 XOR computes the correlation, which provides a lossless merging of two binary 

numbers: it outputs 1 if the content of input cells is different and 0 if the input cells are 

identical. 
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Figure 2.3 (a) Original input sequence before the encoding stage. (b) Encoding stage and 

CA Reservoir stage: Adding a zero array with length R to obtain the reservoir input 

sequence from X1 to XT. Then, the cellular automaton is initialized with the first-time 

step input of the sequence, so 𝐴0
(1)

 = X1 (with size of L). The CA evolution states 𝐴𝑖
(𝑛)

 (i 

changes from 1 to I) will be used as a feature space to estimate the output y(n) using 

linear regression in the read-out stage [4]. 

A(2) is used for estimation at the 2nd time step. This procedure is continued until the end 

of the sequence at n = T, when XT is inserted into the reservoir and obtaining A(T) that 

will be used to predict the output at the last time step; the details are depicted in Figure 

2.3. 

Note: Any feature vector A(n) memorizes the input information from 1st time step up to 

its time step n, i.e., A(T) memorizes the whole input information. 

2.3 Read-out stage 

In this stage, the output states of the CA reservoir are used as a feature vector (with 

dimension of LCA) in linear regression to compute the weight values of Wout matrix, which 

is used to predict the output; thus, this output will be a vector with dimension of Lout. 

Therefore, the output y(T) can be expressed as in (2.7): 

                 𝒚(𝑇) = 𝑾𝑜𝑢𝑡. 𝐴(𝑇)                                               (0.6) 

where A(T) is the feature vector of the last time step with dimension of I.L, and the size 

of the regression parameters matrix Wout is Lout×IL. This method will be called LAST 

because ReCA uses the CA evolution states only at the last time step.  

The feature space can be increased by choosing the CA evolution states at all time steps 

from n=1 to n=T. Then, all of these states are concatenated to produce a large single 

feature vector A(ALL) (with dimension of LCA = I × L × T). This method will be called 
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ALL and used to predict the output 𝐲(T). ALL method can be considered as an extra 

memory resource in RNNs, as in [74-77]. 

3 The Facebook 20 QA bAbI Tasks 

The 20 QA bAbI tasks from Facebook [78] are complex relational reasoning tasks in 

natural language processing (NLP); they require an understanding of the meaning of a 

text and the ability to reason over relevant facts. 

Most tasks in NLP can be considered as a QA problem: high level tasks like machine 

translation (What is the translation into French?); sequence modeling tasks like named 

entity recognition (What are the named entity tags in this sentence?) or part-of-speech 

tagging (What are the part-of-speech tags?); classification problems like sentiment 

analysis (What is the sentiment?); even multi-sentence joint classification problems like 

coreference resolution (Who does ‘their’ refer to?) [79]. 

The 20 QA bAbI tasks are a synthetic question-answering dataset from the bAbI project 

of Facebook AI Research, which is organized towards the goal of automatic text 

understanding and reasoning. It contains 20 tasks; each of them is composed of a set of 

sentences3 (story), a question related to some of those sentences, and followed by an 

answer, which is mostly a single word (in some tasks, the answer is a set of words). In 

most cases, only a subset of facts (sentences) is relevant to the given question (called 

supporting facts (SF), which are also included in the training set). All the tasks are 

noiseless, and a human able to read that language can potentially achieve 100% accuracy. 

Two versions of the data are available: the 1st has 1K training examples per task, and the 

2nd has 10K examples per task, while the testing set is 1K examples for both versions 

[78]. The questions in these tasks are quite hard; they not only require lots of knowledge 

in natural sciences but also abilities to make inferences, generalize the concepts, apply 

the general ideas to the examples and so on. These 20 tasks can be summarized into 11 

groups: 

1- One, Two, or Three supporting facts (Task 1, 2 and 3): In order to answer the 
question, one, two, or three supporting sentences have to be used as demonstrated 
in Figure 3.1.  

                                                           
3.entences are as independent from others as possibleThe s  
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Figure 3.1 One, Two, or Three SFs tasks: Story (black), question (blue), answer (red), 

and indices of the supporting facts (green) [80]. 

2- Two or Three argument relations (Task 4 and 5): The ability to differentiate and 
recognize subjects and objects is necessary to answer the task, as illustrated in 
Figure 3.2. 

 

Figure 3.2 Two or Three argument relation tasks: the colors as in Figure 3.1 [80]. 

3- Yes/No Questions (Task 6): to test the ability of the model to answer true/false type 
questions as demonstrated in Figure 3.3. 

 

Figure 3.3 Yes/No Question Task: the colors as in Figure 3.1 [80]. 
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4- Counting and Lists/Sets (Task 7 and 8):  Task 7 tests the ability of the model to 

perform counting operations. Task 8 tests the ability to produce a list of single-word 
answers as demonstrated in Figure 3.4. 

 

 

 

 

 

 

 

Figure 3.4 Counting and Lists/Sets: the colors as in Figure 3.1 [80]. 

5- Simple Negation and Indefinite Knowledge (Task 9 and 10): Task 9 is similar to 
Task 6, but with the possibility of negative supporting facts. Task 10 tests if the model 
can describe the uncertainty as demonstrated in Figure 3.5. 

 
 
 
 

          Figure 3.5 Simple negation and Indefinite knowledge: the colors as in  

Figure 3.1 [80]. 

6- Basic Coreference, Conjunctions and Compound Coreference (Task 11, 12 and 13): 
Task 11 tests the basic type of coreference to detect the single subject. Task 12 tests 
referring to multiple subjects in a single sentence. Task 13 tests referring to multiple 
subjects in multiple sentences as demonstrated in Figure 3.6. 

 

Figure 3.6 Basic Coreference, Conjunctions, and Compound Coreference: the colors 

                  as in Figure 3.1 [80]. 
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7- Time Reasoning: (Task 14): tests the understanding of time expressions within 
the story as illustrated in Figure 3.7. 

 

Figure 3.7 Time Reasoning: the colors as in Figure 3.1 [80]. 

8- Basic Deduction and Induction (Task 15 and 16): Task 15 tests basic deduction. Task 
16 tests basic induction as demonstrated in Figure 3.8. 

 
 
 
 
 
 
 
 

 

 

 

Figure 3.8 Basic Deduction and Induction: the colors as in Figure 3.1 [80]. 

9- Positional and Size Reasoning (Task 17 and 18): Task 17 tests the spatial reasoning 
about the relative positions. Task 18 tests the understanding of the relative size of 
objects as illustrated in Figure 3.9. 

 

Figure 3.9 Positional and Size Reasoning: the colors as in Figure 3.1 [80]. 

10- Path Finding (Task 19): To test the ability to find the path between locations as 
demonstrated in Figure 3.10. 
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                    Figure 3.10 Path Finding: the colors as in Figure 3.1 [80]. 

11- Agents Motivations (Task 20):  tests why the agent performs an action and why the 
action has been done. 

 

               Figure 3.11 Agents' Motivations: the colors as in Figure 3.1 [80]. 

4 Related Work 

The 20 QA bAbI tasks have been studied within the context of the Memory Network 

(MemNN) model [74,78], which consists of four learnable modules: the I-module 

encodes the input into feature representation, the G-module updates relevant memory 

slots, the O-module performs inferences to compute output features given the input 

representation and the current memory, and finally the R-module decodes the output 

feature-based representation to the final response. Since the proposal of the basic MemNN 

[74] model, the Adaptive/Nonlinear MemNN [78], Dynamic Memory Networks (DMN)4 

[79], and End-to-End Memory Networks (MemN2N) [81] models have been developed 

by varying certain parts of these modules. The difference for MemN2N is that the indices 

of supporting facts are no longer provided in the dataset (weakly supervised), while in the 

other models the indices of supporting facts are used in the training process (strongly 

supervised). Hence, the MemN2N model must deduce for itself at training and test time 

which sentences are relevant and which are not, making MemN2N harder and more 

generally applicable in realistic settings. MemN2N can also be considered as an extension 

of RNNsearch [82] to the case where multiple computational steps (hops) are performed 

per output symbol [81]. Within the context of Deep Learning (DL), Neural Machine 

Translation (NMT) and Neural Turing Machine (NTM) have been proposed to solve the 

20 bAbI tasks [83]. Neural Reasoner (NR) is another approach using a deep architecture, 

which is a framework for neural network-based reasoning over natural language 

sentences. NR has two essential specifications: 

                                                           
4 In DMN Global Vectors for Word Representation (GloVe) [122] has been used instead 

of the random numbers for word representation in the other methods. 
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 1. An interaction-pooling mechanism which allows NR to examine multiple facts, and 2. 

a deep architecture, allowing it to deal with the complicated logical relations in reasoning 

tasks [84], in which only the most difficult tasks (task 17 Positional Reasoning and task 

19 Path Finding) from the 20 tasks have been tested and gave superior results for both 

tasks in weakly supervised. Finally, in [80], the authors propose a vector-space model 

inspired by Tensor Product Representation (TPR) [85], which achieves the best results for 

all 20 bAbI tasks, but by using the language principles in the preprocessing of the 20 QA 

bAbI dataset. Human intervention, e.g., using the language principles, is not allowed in 

the QA bAbI tasks from Facebook [78], because the target of the Facebook research team 

is to produce a language-independent model. 

Table 4.1 lists the best results obtained from different models that were used to solve 

question-answering bAbI tasks and indicates that using supporting facts (Strongly 

supervised) increases the accuracy due to the extra information provided by the task. The 

most difficult tasks for all models are task 17 (Positional Reasoning) and 19 (Path 

Finding) because they require a general search algorithm to be built into the inference 

procedure [78], only TPR model in [80] could solve both tasks due to using external 

resources, not in the training data (the language principles that have been used in the TPR 

model).  

Table 4.1 The 20 QA bAbI tasks results: Facebook team work on MemNN [78] and 

MemN2N [81], MitaMind Lab works on DMN [79], Microsoft team work on reasoning 

in vector space (TPR model) [80], IBM team work on NMT and NTM [83], and Noah's 

Ark Lab, Huawei Technologies team work on NR [84]. LSTM results are obtained from 

[78] using the LSTM created in [8]. 

Task No 
Strongly supervised Weakly supervised 

MemNN DMN NMT NTM TPR MemN2N NR NMT LSTM 

1 100% 100% 100% 100% 100% 100%  98.2% 50% 

2 100% 98.2% 99.6% 100% 100% 91.7%  41.3% 20% 

3 100% 95.2% 99.5% 100% 100% 59.7%  33.4% 20% 

4 100% 100% 97.5% 100% 100% 97.2%  97.8% 61% 

5 98% 99.3% 90.6% 73.7% 99.8% 86.9%  90.3% 70% 

6 100% 100% 99.8% 100% 100% 92.4%  84.6% 48% 

7 85% 96.9% 96.6% 100% 100% 82.7%  82.4% 49% 

8 91% 96.5% 92.7% 98% 100% 90%  70.8% 45% 

9 100% 100% 99.7% 100% 100% 86.8%  89.3% 64% 

10 98% 97.5% 96.8% 85.9% 100% 84.9%  73.5% 44% 

11 100% 99.9% 100% 100% 100% 99.1%  99.8% 62% 

12 100% 100% 100% 100% 100% 99.8%  99.4% 74% 

13 100% 99.8% 100% 100% 100% 99.6%  99.7% 94% 

14 99% 100% 97.5% 100% 100% 99.3%  44.4% 27% 

15 100% 100% 92.7% 100% 100% 100%  42.9% 21% 

16 100% 99.4% 88.1% 100% 99.5% 98.7%  42.7% 23% 

17 65% 59.6% 58% 61.2% 100% 49% 66.4% 64.6% 51% 

18 95% 95.3% 91.8% 93% 100% 88.9%  90.9% 52% 
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In [87], the proposed framework to solve the 20 bAbI tasks is built by embedding 

questions and answers based on bidirectional long short-term memory (biLSTM) 

attentive models. The similarity between questions and answers has been measured by 

semantic and cosine similarity. The (biLSTM) model achieves (85.7% mean accuracy) 

[87]. The memory module (MN) is made up of two GRUs (Gated Recurrent Units) [88]; 

this method will be called MN(GRU) in Table 4.2. The researchers in [89] built a neural 

network model, S2G-TextCNN, that followed the sequence-input grid-output architecture 

by varying the grid decoder according to target modalities of problems. They compared 

their model (S2G-TextCNN) with Universal Transformer (UT) [90] and LSTM seq2seq 

model (LSTM) [91]. SPARTQA model has been proposed in [92] to solve only task 17 

(Positional-Reasoning); they reach 100% accuracy after 1000 training set, but by using 

the language principles in their model, as in [80].  

Table 4.2 The 20 QA bAbI tasks results for the models (continue): LSTM-s2s [91], UT 

[90], S2G-TextCNN [89], MN(GRU) [88], DNC [76], MT-DNC [94], NeuroLogicX 

[93], and biLSTM [87]. 

19 36% 34.5% 29.7% 100% 100% 17.2% 17.3% 9.3% 8% 

20 100% 100% 93.3% 100% 100% 100%  91.6% 91% 

Mean 

accuracy 
93.3% 93.6% 91.2% 95.6% 99.97% 86.1%  72.3% 48.7% 

Failed 

Tasks   

Accuracy 

< 90% 

3 2 3 3 0 8  12 18 

Task 

No 

LSTM-

s2s 
UT 

S2G-

TextCNN 

MN(G

RU) 

DN

C 

MT-

DNC 

NeuroLo

gicX 

biLS

TM 

1 100.0% 
100.

0% 
100.0% 99.90% 

78.4

% 

100.0

% 
96.8%  

2 52.6% 
45.0

% 
68.8% 54.60% 

40.3

% 
99.3% 93.4%  

3 54.1% 
32.1

% 
68.5% 44.20% 

44.0

% 
96.5% 92.5%  

4 99.9% 
100.

0% 
100.0% 99.70% 

98.9

% 

100.0

% 
  

5 99.2% 
94.5

% 
99.0% 91.10% 

97.5

% 
99.4%   

6 99.5% 
99.9

% 
100.0% 90.20% 

85.6

% 

100.0

% 
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Note: The results of MT-DNC in [94] are ranges; we choose the lower value in the Table. 

7 98.2% 
96.0

% 
100.0% 85.50% 

83.2

% 
99.2%   

8 99.8% 
97.7

% 
98.2% 77.50% 

88.6

% 
99.8%   

9 100.0% 
100.

0% 
100.0% 88.30% 

84.0

% 

100.0

% 
  

10 99.7% 
100.

0% 
100.0% 96.20% 

79.0

% 

100.0

% 
  

11 100.0% 
99.9

% 
100.0% 98.50% 

91.0

% 

100.0

% 
  

12 100.0% 
100.

0% 
100.0% 97.60% 

88.7

% 

100.0

% 
  

13 100.0% 
100.

0% 
100.0% 96.60% 

93.3

% 

100.0

% 
  

14 79.4% 
95.6

% 
92.7% 56.30% 

81.5

% 

100.0

% 
  

15 65.2% 
81.5

% 
100.0% 66.10% 

52.7

% 

100.0

% 
  

16 47.9% 
46.4

% 
48.3% 67.80% 

44.5

% 
50.1%   

17 58.9% 
59.0

% 
68.6% 70.20% 

59.6

% 
98.3%   

18 91.4% 
90.9

% 
96.2% 92.80% 

94.0

% 

100.0

% 
  

19 9.1% 
20.9

% 
64.9% 37.30% 

0.0

% 
98.8%   

20 98.2% 
98.6

% 
100.0% 98.20% 

99.9

% 

100.0

% 
  

Mean 

Accur

acy 

82.7% 
82.9

% 
90.3% 80.43% 

74.2

% 
97.1%  

85.70

% 

Failed 

Tasks   

Accur

acy < 

90% 

7 7 5 10 14 1   
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In [93], the author proposed a modular neurosymbolic framework called (NeuroLogicX), 

he evaluated his model using only the first three tasks of 20 bAbI tasks as shown in Table 

4.2. Finally, A brain-inspired Memory Transformation based Differentiable Neural 

Computer (MT-DNC) has been proposed in [94] to solve the 20 bAbI tasks. Where, 

Differentiable Neural Computer (DNC) is an improved version of the Neural Turing 

Machine (NTM) in [75], using external memory to enhance the ability of neural networks 

[76, 95-96]. The model (MT-DNC) consists of three layers: Controller Layer, Memory 

Layer, and Linear Layer. The total number of parameters in (MT-DNC) is 1,267,337 [94]. 

The whole results are listed in Table 4.2. 

5 Training Methods 

The 20 QA bAbI Tasks dataset can be trained in three ways:  

1- Using only supporting facts (sentences) and removing all distractor facts.  
2- Using all facts (the whole story) with the indices of supporting facts; this method 

is called (strongly supervised).  
3- Using only all facts (the whole story) without the indices of supporting facts; this 

method is called (weakly supervised). 

In this work, we adopt the first approach to check whether ReCA can solve these tasks or 

not5. 

Figure 5.1 shows the original story of task 3 as an example, while Figure 5.2Figure  

presents task3 using only supporting facts, and the question is inserted at the end of the 

story. 

 

 

 

 

 

 

 

Figure 5.1 The original story of task3 where supporting facts(blue), question (red), and 

answer (green) and indices of supporting facts (bold blue). 

 

 

 

Figure 5.2 Using only supporting facts in task 3 in Figure 5.1, this dataset will be used 

for training and testing. 

                                                           
5 Because, if ReCA could not solve bAbI tasks using only Supporting facts, a fortiori it 

cannot solve them using strongly or weakly supervised 
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 Figure 5.3 demonstrates how to convert the story and question to a matrix using random 

numbers to represent all words. 

 

Figure 5.3 Input and output of task3 (Only supporting facts): Converting the story and 

question in the Figure to a matrix after representing each word by a number. Thus, the 

input matrix is 4×7 (4-time steps, i.e., T=4), and the output is labeled by 6 (means office). 

The number 1 was not used because it is reserved to represent the space between 

sentences. 

Then, the decimal numbers in the input matrix and the output number in Figure 5.3 are 

binarized using one-hot encoding. The binarized matrix is the input sequence u that will 

be used in ReCA as explained in previous sections. The target is that ReCA can capture 

the pattern of the input sequence to predict the output (answer) correctly; thus, our model 

is language-independent, i.e., this model can be used for any language. 

6 Results 

After preparing the dataset as in the previous section, ReCA is implemented as in Section 

2, where I is the number of CA evolution iterations in the reservoir and Rule No is the 

number of ECA rule has been used to achieve the best results. 

ReCA could solve 15 tasks with 100% accuracy and 2 tasks above 90%, whilst 3 tasks 

less than 90%. Most tasks achieve the best results with rule 90; only 2 tasks use rules 60 

and 150. The options ALL and LAST are almost the same as listed in Table 6.1. 

For comparison, the IBM research team in [83] have used only SFs as in our work. The 

results of their two methods, Neural Machine Translator NMT and Neural Turing 

Machine NTM, and the results of MN(GRU) [88], S2G-TextCNN [89], and MT-DNC 

[94] are listed in Table 6.2. Table 6.2 shows that ReCA achieves very good results, 

outperforming MN(GRU) and S2G-TextCNN.In terms of NMT, ReCA outperforms in 4 

tasks (4, 5, 14, and 18) and falls behind in 4 tasks (8, 10, 17, and 19). For NTM and MT-

DNC, they outperform ReCA a little bit, but with very complicated models. For the recent 

method in 2025, NeuroLogicX [93], ReCA could solve the first three tasks with 100% 

accuracy, but NeuroLogicX solved these tasks with around 90% accuracy. 

The low ReCA mean accuracy is due to very poor performance on tasks 17 and 19 

compared with other methods, which had a dramatic impact on its mean accuracy, as 

shown in Table 6.2.  
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Table 6.1 ReCA accuracy for all 20 QA bAbI tasks using ALL and LAST options, 

where I is the number of CA iterations in the reservoir. 

Table 6.2 Comparison between ReCA (ALL, LAST) and the other models (NMT, NTM, 

MN(GRU), S2G-TextCNN, and MT-DNC). 

Task Method Rule No I Accuracy 

1 ALL/LAST 90 1 100% 

2 ALL/LAST 90 2 100% 

3 ALL/LAST 90 1 100% 

4 ALL/LAST 90 1 100% 

5 ALL/LAST 90 56 100% 

6 ALL/LAST 90 12 100% 

7 ALL/LAST 60/150 17/4 77%/76% 

8 ALL/LAST 90 4 91%/90% 

9 ALL/LAST 90 8 100% 

10 ALL/LAST 150 39 96% 

11 ALL/LAST 90 2 100% 

12 ALL/LAST 90 2 100% 

13 ALL/LAST 90 3 100% 

14 ALL/LAST 90 1/6 100%/90% 

15 ALL/LAST 90 2 100% 

16 ALL/LAST 90 2 100% 

17 ALL/LAST 60/90 128/99 43%/44% 

18 ALL/LAST 90 22/17 100% 

19 ALL/LAST 90 56/84 38%/39% 

20 ALL/LAST 90 17 100% 

Task No 
ReCA 

NMT NTM MN(GRU) 
S2G-

TextCNN 
MT-DNC 

ALL LAST 

1 100% 100% 100% 100% 99.9% 100.0% 100.0% 
2 100% 100% 100% 100% 54.6% 68.8% 99.3% 
3 100% 100% 100% 100% 44.2% 68.5% 96.5% 
4 100% 100% 99.1% 100% 99.7% 100.0% 100.0% 
5 100% 100% 99.3% 79.2% 91.1% 99.0% 99.4% 
6 100% 100% 100% 100% 90.2% 100.0% 100.0% 
7 77% 76% 68.5% 100% 85.5% 100.0% 99.2% 
8 91% 90% 99% 100% 77.5% 98.2% 99.8% 
9 100% 100% 100% 100% 88.3% 100.0% 100.0% 
10 96% 96% 98.9% 94.6% 96.2% 100.0% 100.0% 
11 100% 100% 100% 100% 98.5% 100.0% 100.0% 
12 100% 100% 100% 100% 97.6% 100.0% 100.0% 
13 100% 100% 100% 100% 96.6% 100.0% 100.0% 
14 100% 90% 99.8% 100% 56.3% 92.7% 100.0% 
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6.1 Discussions 
ReCA has been used to solve the 20 QA bAbI tasks from Facebook. These tasks are very 

hard and complex natural language processing (NLP) tasks and require an understanding 

of the meaning of a text and the ability to reason over relevant facts. 

ReCA could solve most of the bAbI tasks; 15 out of 20 have 100% accuracy, and 2 tasks 

are above 90%, whilst 3 tasks are less than 90%. Most tasks achieve best results with rule 

90; only 2 tasks used rules 60 and 150. Hence, all the successful rules are linear (additive) 

to maximize one-to-one correspondence between the input sequence and the reservoir 

activity due to the sequence, i.e., reducing the unwanted interference. The options ALL 

and LAST are almost the same because the sequence is not long in most tasks. The harder 

tasks need a greater number of iterations to achieve high accuracy, i.e., to improve 

computational power [7, 85]. The most difficult tasks for ReCA are 17 (Positional 

Reasoning) and 19 (Path Finding), with a large difference, which reduces the mean 

accuracy of ReCA dramatically. Tasks 17 and 19 are the hardest tasks for most models, 

as explained in Section 4. Task 7 (Counting) can also be considered a hard task for ReCA 

(accuracy 77%) because the answer is not a word in the story and also needs mathematical 

operations (adding and subtracting). We should note that the other methods are very 

complicated compared with our model ReCA, as explained in Section 4. 

7 Conclusion 

ReCA has been used to solve the 20 QA bAbI tasks from Facebook. These tasks are very 

hard, complex natural language processing (NLP) tasks, and require an understanding of 

the meaning of a text and the ability to reason over relevant facts. Using only supporting 

facts, ReCA could solve most of the bAbI tasks; 15 out of 20 have 100% accuracy, and 2 

tasks are above 90%, whilst 3 tasks are below 90%. The options ALL and LAST are 

almost the same because the sequence is not long in these tasks. ReCA outperforms most 

models that are used to solve the 20 bAbI tasks, including the state-of-the-art methods, 

such as NeuroLogicX, and it is very close to NTM and MT-DNC mode, although these 

models are very complicated compared with ReCA. 

In addition, the usage of cellular automata in the reservoir computing paradigm greatly 

simplifies the architecture, makes the computation more transparent for analysis, and 

15 100% 100% 100% 100% 66.1% 100.0% 100.0% 
16 100% 100% 100% 100% 67.8% 48.3% 50.1% 
17 43% 44% 64.2% 69.3% 70.2% 68.6% 98.3% 
18 100% 100% 97.8% 93% 92.8% 96.2% 100.0% 

Task No 
ReCA 

NMT NTM MN(GRU) 
S2G-

TextCNN 
MT-DNC 

ALL LAST 

19 38% 39% 80.7% 100% 37.3% 64.9% 98.8% 
20 100% 100% 100% 100% 98.2% 100.0% 100.0% 

Mean 

Accuracy 
92.25% 91.75% 95.37% 96.81% 80.43% 90.3% 97.1% 

Failed Tasks   

Accuracy < 

90% 

3 3 3 2 10 5 1 
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provides enough computation sequence learning tasks. Furthermore, the reservoir in 

ReCA can be implemented using ordinary logic gates or Field programmable gate arrays 

FPGAs, resulting in reduced complexity in space, time and power consumption. 

8   Future Work 

These are some points to enrich the ReCA research field:  

- Using ECA with memory (ECAM) in the reservoir to benefit from the effect of large 
distributed representation provided by ECAM rules, and even using 2-dimensional 
CA, e.g., the game of life, which has universal computational properties. 

- Other training methods can be used in the read-out stage rather than linear 
regression, e.g. logistic regression, support vector machines SVMs or … to augment 
the model computational power. 

- Adding Attention mechanisms to allow ReCA to focus on a specific part of the input 
(supporting facts), enabling ReCA to solve weakly supervised bAbI tasks. 

- Using LLMs to solve the 20 QA bAbI tasks and compare their results with ReCA 
results. 

- Translate the 20 QA bAbI tasks into Arabic to create an Arabic QA dataset, then 
solve them using ReCA. 
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