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Abstract 

Reservoir computing (RC) is a highly efficient time-series processing neural network 
model that can be applied to a wide range of real-world applications, including natural 
language processing. This study offers physical perspectives on how RC processes natural 
language, focusing on network structure and information flow. The character memoriza-
tion task on Shakespeare’s works (i.e., a 9,044,939-character database) revealed that 
memory retention largely depends on the network’s structural properties. However, 
structural property measures such as clustering coefficient, shortest path length, and de-
gree fail to capture the prediction mechanism. Predicting the following character mainly 
relies on optimal effective memory depth, revealed by Layer-wise relevance propagation 
analysis. This information-centered view, rather than apparent network topologies, may 
strongly support the notion of a physical model-based understanding of Large Language 
Models. 

Keywords: reservoir computer; natural language processing; network structure;  
information flow 
 

1. Introduction 
Reservoir computing (RC) is a highly efficient model that utilizes the complex dy-

namics of a recurrent neural network (RNN) [1,2], where randomly connected nonlinear 
neurons in the reservoir exhibit high-dimensional, nonlinear dynamics with intrinsic 
memory effects. The reservoir maps temporal/sequential inputs into a high-dimensional 
latent vector space of the information-processing nodes, and a readout model (usually a 
linear classifier) interprets the information. The readout is trained in a supervised manner 
while the reservoir remains fixed. This learning strategy enables RCs to solve a wide range 
of real-world tasks at lower training cost than conventional RNN-based models where all 
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connection weights are trained. In addition, the RC framework helps circumvent conver-
gence issues during training and vanishing/exploding gradient problems in RNNs [1–7]. 

RC models have been applied to a wide range of real-world problems for tem-
poral/sequential data such as stock market prediction [8,9], stochastic/chaotic time series 
prediction [7,10–21], biomedical applications [22–26], speech recognition [27,28], and 
handwriting recognition [29–33]. Furthermore, RC models have just begun to be applied 
to natural language processing (NLP) [34–40], yet the underlying mechanisms remain elu-
sive. 

This study investigates how RC can efficiently process natural language from a phys-
ics perspective, focusing on network structure and information flow therein. Two quanti-
tative tests (i.e., memory retention and character prediction) using Shakespeare’s works 
(i.e., a 9,044,939-character database) are devised. Relevant network structural properties 
for character memory and prediction abilities are investigated. Furthermore, by tracing 
the information flow during inference, the most critical mechanisms for NLP at the latent 
vector space level are elucidated. This also highlights an information-centered approach 
that uses dynamical modeling to interpret Large Language Models (LLMs). 

2. Methods 
2.1. Echo State Network 

We consider an echo state network (ESN) with 𝐾 input receiving nodes, 𝑁 infor-
mation processing nodes, and 𝑂 nodes for readout. The input nodes are connected inter-
nally following internal weight matrix 𝑊௜௡ ∈ ℝே×௄ , the reservoir nodes are connected 
through 𝑊 ∈ ℝே×ே, and the output nodes upon 𝑊௢௨௧ ∈ ℝை×ே. The reservoir state 𝐱ሺ𝑡ሻ =(𝑥ଵ(𝑡ሻ, 𝑥ଶ(𝑡ሻ, … , 𝑥ே(𝑡ሻ) ∈ ℝே driven by the input state 𝐮(𝑡) = (𝑢ଵ(𝑡),𝑢ଶ(𝑡), … ,𝑢௄(𝑡)) ∈ ℝ௄ 
evolves following the equation: 

𝑥௜(𝑡) = tanhቌ෍𝑊௜௝𝑥௝(𝑡 − 1)ே
௝ୀଵ + ෍𝑊௜௞௜௡𝑢௞(𝑡)௄

௞ୀଵ ቍ. (1)

The output 𝐲ො(𝑡) = ൫𝑦ොଵ(𝑡),𝑦ොଶ(𝑡), … ,𝑦ොை(𝑡)൯ ∈ ℝை  is obtained from the reservoir state 
by the readout as 𝐲ො(𝑡) = 𝑔(𝑊௢௨௧𝐱(𝑡) + 𝐛), (2)

where 𝑔 is the output activation function and 𝐛 ∈ ℝை is a bias vector. Only 𝑊௢௨௧ and 𝐛 
are trained to minimize the error between the target vector 𝐲(𝑡) and the output vector 𝐲ො(𝑡), whereas 𝑊௜௡ and 𝑊 are randomly generated and remain fixed. All ESNs use the 
same 𝑊௜௡, with weights sampled from a Gaussian distribution with zero mean and vari-
ance 0.9ିଶ𝐾ିଵ. 

The 𝑊  are varied to represent four network topologies: random, regular, small-
world, and scale-free (see Appendix A). To examine the effect of network density, the 
number of links 𝑀 (i.e., non-zero entries in 𝑊) is varied from 50,000 to 500,000 by adding 
50,000 links at each step. 

2.2. Natural Language Processing Using Echo State Network 

We apply the ESN to natural language processing, specifically to character-level lan-
guage modeling (Figure 1a). In addition to the components in Section 2.1, the model in-
cludes an embedding matrix of the input characters, 𝐸 ∈ ℝ௄×௏, where 𝑉 is the vocabu-
lary size. Each character is represented as a one-hot vector 𝐬 ∈ ℝ௏ and mapped to an em-
bedding vector 𝐮 = 𝐸𝐬. The elements of 𝐸 are independently sampled from a standard 
Gaussian distribution and kept fixed across all experiments. 
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Figure 1. Schematic diagram illustrating the natural language processing using an echo state net-
work. (a) Training an ESN for natural language processing. Each character in the input sequence is 
mapped to 16 input units by an input embedding matrix. The reservoir is driven by the sequence of 
the input embedding vectors from 𝑡 = −𝑇 + 1 to 0. The readout weights are updated to map the 
final state to a probability distribution over the vocabulary. In this system, an ESN model is trained 
to infer the target character. (b) Two inference tasks on ESN. 1) In the character memorization task, 
the ESN receives a long character sequence and is evaluated on the reconstruction of the character 
at position 𝑐ℎ relative to the last input character. 2) In the next-character prediction task, the ESN 
receives the character sequence of length ℎ denoted by 𝑃𝑐ℎ(ି௛) and is evaluated on the prediction 
of the next-character. 

For an input sequence of 𝑇  characters 𝐬(1), 𝐬(2), … , 𝐬(𝑇) , the embedding vectors 𝐮(𝑡) = 𝐸𝐬(𝑡) drive the reservoir according to Equation (1). The reservoir state is initialized 
to zero, 𝐱(0) = 0, and only the final reservoir state 𝐱(𝑇) is used for the readout. The final 
state is mapped to a probability distribution 𝐲ො ∈ ℝை over the vocabulary (i.e., 𝑂 = 𝑉) by 𝐲ො = softmax(𝑊௢௨௧𝐱෤(𝑇) + 𝐛),             𝑥෤௜(𝑇) = 𝑥௜(𝑇) − ⟨𝐱(𝑇)⟩𝜎௫(𝑇) , (3)

with a softmax activation function and the normalized reservoir state 𝐱෤(𝑇), obtained us-
ing the mean ⟨𝐱(𝑇)⟩ = ∑ 𝑥௜(𝑇)ே௜ୀଵ 𝑁⁄   and standard deviation 𝜎௫(𝑇) =ඥ∑ ሾ𝑥௜(𝑇) − ⟨𝐱(𝑇)⟩ሿଶே௜ୀଵ 𝑁⁄ . The readout parameters (i.e., 𝑊௢௨௧ and 𝐛) are trained by min-
imizing the cross-entropy loss 

𝐻 = − 1𝑁௦෍෍𝑦௡,௝ log𝑦ො௡,௝௏
௝ୀଵ

ேೞ
௡ୀଵ  , (4)

where 𝑁௦ is the number of samples, 𝑦௡,௝ is the 𝑗-th component of the one-hot encoding 
vector for the target 𝑦௡ and 𝑦ො௡,௝ is the 𝑗-th component of 𝒚ෝ for the 𝑛-th sample. 

In this study, we use Shakespeare’s works from The Folger Shakespeare [41]. The text 
is lowercased during preprocessing, yielding 9,044,939 characters with a vocabulary size 
of 𝑉 = 59. The first 90% is used for training, and the remaining 10% for testing. From the 
text, training and test samples are generated by sliding a window of 𝑇 characters with a 
stride of one, where 𝑇 is the input sequence length. For the optimization, Adam is used 
with a learning rate of 10ିସ and a batch size of 1024 for 70 epochs. We report the test loss 
at the final epoch. All results are averaged over three network realizations. 
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2.3. Character Memorization Task 

The memory of the reservoir during NLP is quantitatively measured through the re-
construction test (Figure 1b-1). The reservoir is driven by a sequence of 𝑇 = 32 charac-
ters, and a readout is trained to reconstruct the character at position 𝑐ℎ relative to the last 
input character. For example, 𝑐ℎ = −1 denotes the character immediately preceding the 
last input. We vary 𝑐ℎ from −1 to −6. The embedding matrix, reservoir, and training 
settings are the same as in Section 2.2, and performance is evaluated by the test loss, the 
cross-entropy 𝐻 (Equation (4)). 

2.4. Next-Character Prediction Task 

The prediction power of the networks with different topologies is evaluated through 
the next-character prediction task, where the readout predicts the character immediately 
following the input sequence (Figure 1b-2). To examine the effect of context length on 
prediction performance, we vary the length of the input sequence. Specifically, the reser-
voir receives an input sequence consisting of 𝑎 + 1 consecutive characters, denoted by 𝑃𝑐ℎ(ି௔). We vary 𝑎 from 1 to 6. All other settings, including the reservoir, the readout, 
and the training procedure, are identical to those of the character memorization task. 

2.5. Layer-Wise Relevance Propagation 

The information flow during language processing is quantified using layer-wise rel-
evance propagation (LRP) [42,43]. We evaluate the relevance assigned to the input 𝐮(𝑡) 
at each time step (𝑡 = −𝑇 + 1, … , 0 ) with respect to the model prediction 𝑦ො௖  with 𝑐 =argmax௦ 𝑦ො௦. This relevance identifies which time steps in the input sequence contribute 
most strongly to the inference. The relevance of the final state 𝑥௜(𝑡 = 0) with respect to 𝑦ො௖ is given by 𝑅௜௫(𝑡 = 0) = 𝑊௖௜௢௨௧𝑥௜(𝑡 = 0). (5)

The relevance is then propagated backward through the reservoir dynamics and dis-
tributed between the preceding reservoir state and the input at each time step. For 𝑡 ≤ 0, 
the relevances assigned to the past state 𝑥௜(𝑡 − 1) and the input 𝑢௞(𝑡) are calculated as 

𝑅௜௫(𝑡 − 1) = ෍ 𝑊௝௜𝑥௜(𝑡 − 1)𝑍௝(𝑡) + 𝜖sgnൣ𝑍௝(𝑡)൧ே
௝ୀଵ 𝑅௝௫(𝑡), (6)

𝑅௞௨(𝑡) = ෍ 𝑊௝௞௜௡𝑢௞(𝑡)𝑍௝(𝑡) + 𝜖sgnൣ𝑍௝(𝑡)൧ே
௝ୀଵ 𝑅௝௫(𝑡), (7)

where 𝑍௝(𝑡) = ∑ 𝑊௝௞𝑥௞(𝑡 − 1)ே௞ୀଵ + ∑ 𝑊௝௞௜௡𝑢௞(𝑡)௄௞ୀଵ   denotes a normalization factor and 𝜖 
is a stabilizer for numerical stability. For the following analysis, the normalized temporal 
relevances are defined as 𝑅௨(Δ) = ∑ |𝑅௞௨(−Δ)|௄௞ୀଵ∑ ∑ |𝑅௞௨(−Δᇱ)|௄௞ୀଵ்ିଵ୼ᇲୀ଴ , (8)

𝑅௫(Δ) = ∑ |𝑅௜௫(−Δ)|ே௜ୀଵ∑ ∑ ห𝑅௜௫(−Δᇱ)หே௜ୀଵ்ିଵ௱ᇲୀ଴ , (9)

to quantify the extent to which the input and reservoir state at each time step contribute 
to the model prediction, respectively. 
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3. Results 
As shown in Figure 2, cross-entropy loss 𝐻  in the character memorization task 

largely depends on the network structure. For long-term memorization tasks (i.e., 𝑐ℎ =−4, −5, and −6), the loss decreases as the number of links 𝑀 increases. A context-inde-
pendent unigram predictor [44] based solely on the empirical character frequencies of the 
corpus yields a cross-entropy loss of 3.056, serving as the baseline for the task. For each 
task, random networks exhibit the steepest decrease in loss 𝐻  with increasing 𝑀 , fol-
lowed by scale-free networks, while regular and small-world networks exhibit the most 
gradual decreases. Increasing the number of links improves memory retention in all net-
work topologies, although the degree of improvement varies, with random networks 
showing the greatest efficiency. The effect of increasing connectivity on memory retention 
is strongly topology dependent, with random networks showing the largest gain per ad-
ditional link. In contrast, short-term memorization tasks (i.e., 𝑐ℎ = −1 , −2 , and −3 ) 
show low cross-entropy loss 𝐻 regardless of the number of links 𝑀 and the network 
topology. This indicates that a small number of recurrent links is sufficient to retain infor-
mation from recent time steps. 

 

Figure 2. Character memorization tasks using different network topologies: random, regular, small-
world, and scale-free. The tasks are specified by 𝑐ℎ = −1,−2, … ,−6, where 𝑐ℎ = −𝑎 represents in-
ference of the character at 𝑡 = −𝑎. For each topology, the number of links 𝑀 is varied from 50,000 
to 500,000 in increments of 50,000. Cross-entropy loss 𝐻 between the predicted and target charac-
ters is displayed. 

Next, we describe the correlation between character memorization performance and 
a basic structural measure, mean degree ⟨𝑘⟩. Mean degree ⟨𝑘⟩ is the average number of 
links connected to a node. As shown in Figure 3a, the cross-entropy loss 𝐻 in character 
memorization tasks decreases as mean degree ⟨𝑘⟩ increases, regardless of network type. 
Across all tasks (𝑐ℎ = −2,−3, … ,−6), the loss curves collapse onto a single curve, indicat-
ing that mean degree provides a common structural description of memory retention 
across regular, random, small-world, and scale-free networks. Even at the same 𝑀, net-
works with larger ⟨𝑘⟩ exhibit lower loss, explaining the superior memory retention of 
random networks (Figure 2). These results indicate that mean degree is the primary struc-
tural quantity governing memory retention; other structural properties such as the clus-
tering coefficient and shortest path length may provide a small margin for fine-tuning the 
memory (see Figures A1 and A2 in Appendix B). However, next-character prediction does 
not rely on the network’s structural properties; not only the clustering coefficient and the 
shortest path length, but even the mean degree poorly characterizes the underlying pre-
diction mechanism. For comparison, a bigram predictor based only on the single preced-
ing character [44] yields a cross-entropy loss of 𝐻 = 2.465, providing a simple low-order 
statistical baseline for the prediction task. As shown in Figure 3b, the cross-entropy loss 
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varies nonlinearly with mean degree—this indicates that the optimal mean degree may 
reflect nonlinear information processing in the high-dimensional latent vector space due 
to the network topology. 

 

Figure 3. Correlation between natural language processing performance and mean degree of the 
network. (a) Cross-entropy loss 𝐻  in the character memorization tasks (𝑐ℎ = −2,−3, … ,−6 ) is 
shown as a function of the mean degree ⟨𝑘⟩. (b) Cross-entropy loss in the next-character prediction 
tasks (𝑃𝑐ℎ(ିଶ),𝑃𝑐ℎ(ିଷ), … ,𝑃𝑐ℎ(ି଺)) is shown as a function of ⟨𝑘⟩, where 𝑃𝑐ℎ(ି்ାଵ) denotes the pre-
diction task using an input sequence of length 𝑇. Both panels show results for the same network 
structures as in Figure 2, with error bars denoting the standard error over three network realizations. 

Layer-wise relevance propagation (LRP) analysis provides an explanation of the pre-
diction mechanism by quantifying information flow in high-dimensional latent vector 
space. As shown in Figure 4a, information flow from the reservoir state 𝐱(−Δ) and input 𝐮(−Δ) to the model prediction is quantified by normalized relevances 𝑅௫(Δ) and 𝑅௨(Δ), 
respectively. The relevance decays exponentially with Δ, and we thus define an effective 
memory depth 𝜉 of the reservoir by fitting the exponential curve 𝑓(Δ) = 𝐴𝑒ି୼/క  to the 
relevance decay curve 𝑅௫(Δ). All fits are performed using the least-squares method, with 
coefficients of determination 𝑅ଶ ൐ 0.98  across all network topologies and input win-
dows. The memory depths also exhibit low fitting uncertainty, as quantified by their rel-
ative standard errors. The relative standard error is defined as ඥVar(𝜉)/𝜉, where Var(𝜉) 
is the corresponding diagonal element of the parameter covariance matrix. The mean rel-
ative standard errors ranged from 1.2% to 4.4% across network topologies, and remained 
below 8% for all fitted profiles (see Table A1 in Appendix C). To compare the effective 
memory depth per model parameter, we calculate the normalized memory depth: 𝜉ሚ = 𝜉 𝑀⁄ . (10)

As shown in Figure 4b, the normalized memory depth 𝜉ሚ decreases with 𝑀 in reg-
ular, small-world, and scale-free networks; however, that of the random network exhibits 
nonmonotonic changes. 
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Figure 4. Information flow during next-character prediction. (a) Schematic illustration of LRP-based 
quantification of information flow and extraction of the effective memory depth 𝜉. The prediction 
task 𝑃𝑐ℎ(ି଺) is illustrated as an example. The arrow thickness corresponds to the values of 𝑅௨ and 𝑅௫, the magnitude of relevances assigned to the input and the reservoir state at each time step, re-
spectively. The effective memory depth 𝜉 is obtained by fitting the relevance decay curve 𝑅௫(Δ) 
to an exponential function 𝑓(Δ) ∝ 𝑒ି୼/క . (b) Effective memory depth normalized by the link num-
ber is displayed for different network topologies. Error bars denote the standard error over three 
network realizations. 

The normalized memory depth 𝜉ሚ is large at small 𝑀 regardless of network topol-
ogy, leading to poor prediction performance (Figure 3b). As 𝑀 increases, the value of 𝜉ሚ 
in regular, small-world, and scale-free networks converges toward an optimal value 𝜉ሚ ൎ0.3, whereby the cross-entropy loss is minimized. This convergence is faster in regular 
and small-world networks than in scale-free networks, consistent with the larger improve-
ment in prediction performance observed in Figure 3b. In contrast, the memory depth in 
random networks does not reach the optimal value over the entire range of 𝑀 . It de-
creases with increasing 𝑀 and then slightly increases at large 𝑀, mirroring the nonmon-
otonic behavior of the cross-entropy loss in the prediction task. 

This LRP-based analysis shows that prediction requires an appropriate, rather than 
maximal, effective memory depth. By resolving the reservoir’s latent vector dynamics at 
the level of information-flow, the analysis should elucidate the prediction mechanism, 
overcoming limitations of network structural concepts. 

4. Discussion and Conclusions 
This study described the mechanisms underlying natural language processing (NLP) 

in the recurrent neural network model called an ESN (the representative reservoir com-
puter model) from a physical perspective. The primary approaches applied were (1) 
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network-theoretic analysis to grasp the influence of network structure and (2) layer-wise 
relevance propagation (LRP) for tracing information flow during NLP embedded in the 
latent vector space of the reservoir network topologies. 

It is revealed that character memorization is correlated with the network’s structural 
properties, such as the degree of a node, clustering coefficient, and shortest path length; 
this certainly can provide design principles for how network topology can be fine-tuned 
to have larger memory capacities at the same network size (i.e., the same number of links 
and nodes) (Figure 3a). However, the character prediction mechanism may not be fully 
explainable at the topology level (Figure 3b), suggesting that facets of information pro-
cessing in a high-dimensional latent vector space should be explored. 

As such, layer-wise relevance propagation analysis provided an alternative explana-
tion for the prediction mechanism. Effective memory depth was defined based on tem-
poral information flow, and accurate next-character prediction was found to require an 
optimal effective memory depth (Figure 4). The analysis revealed that network structures 
retaining excessive past information increase the effective memory depth, which in turn 
degrades prediction performance. This information-centered view, rather than the appar-
ent network topology concept, may strongly support the notion of a physical model-based 
understanding of Large Language Models (LLMs). 

Such dynamical descriptions of language processing may provide a way to address 
theoretical questions in LLMs. Recent work has applied reservoir-based architectures to 
token-level language modeling by combining ESNs with additional trainable compo-
nents, suggesting that reservoir dynamics can remain useful within larger language-
model architectures [40]. Next-character prediction performance improves with increas-
ing training data and gradually saturates (see Figure A3 in Appendix D). Whether more 
complex scaling behavior emerges in larger reservoir-based language models remains an 
open question. 

The concept of ‘AI as a complex dynamical system’ was first proposed by Weinan E. 
[45], which was concretized through the concept of neural ordinary differential equations 
(ODEs) [46], which map feature transformations in neural networks to the numerical 
methods used to solve ODEs. This enabled interpreting neural networks as dynamical 
systems governed by equations of motion (corresponding to neural ODEs) and has been 
successfully applied to the design of ResNets with improved stability and robustness [47–
50]. In line with this, the transformer architecture can be formalized as a multi-particle 
dynamical system [51–56]: once inputs are transformed into vector representations in an 
embedding space through data encoding and feature projection, these representations—
system states—evolve according to the system dynamics defined by attention layers, 
pointwise feedforward operations, and layer normalization. 

Previous studies have formalized transformer dynamics primarily focusing on self-
attention mechanisms for unimodal processing, without incorporating feature fusion and 
cross-modal processing. However, our recent work successfully describes both self-atten-
tion and cross-attention mechanisms by describing latent vector dynamics under hetero-
geneous interactions, and explains how cross-modal bias can emerge during multimodal 
information processing [57]. 

The concept of memory depth based on our LRP analysis may extend this dynamical 
model view by incorporating an information-centric view, providing a useful framework 
for quantifying information flow in latent vector dynamics. The dynamical system mod-
eling, combined with an information-theoretic viewpoint, may serve as a universal model 
to understand information processing of deep learning models and LLMs for complex 
tasks, including NLP, ultimately to explain and interpret the black-box-like self-attention, 
feedforward, and cross-attention stacks and the resulting undesired and incomprehensi-
ble biases in embedding, latent, and representation spaces. 
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Appendix A. Generation of Network Topologies 𝑊 ∈ ℝே×ே in Section 2.1 defines a recurrent network of 𝑁 reservoir units, in which 
a link from unit 𝑗  to unit 𝑖  exists if 𝑊௜௝ ≠ 0 . The number of links 𝑀  thus equals the 
number of non-zero entries in 𝑊, and self-connections are excluded (𝑊௜௜ = 0). We con-
sider four network topologies for 𝑊: random, regular, small-world, and scale-free (Ap-
pendices A.1–A.4). The random topology consists of directed links, whereas the other 
three topologies consist of pairs of reciprocal links. For all topologies, the non-zero entries 
are independently sampled from a Gaussian distribution with zero mean and variance 0.9ିଶ𝑁ିଵ. 𝑀 is varied from 50,000 to 500,000 in increments of 50,000. 

Appendix A.1. Random 

A total of 𝑀 distinct links are selected uniformly at random from 𝑁(𝑁 − 1) possi-
ble links. With 𝑁 = 750, 𝑀 is varied from 50,000 to 500,000 by adding 50,000 links at 
each step. 

Appendix A.2. Regular 

Each of 𝑁 units on a ring is connected to its 𝑧 nearest neighbors (𝑧/2 on each side) 
by reciprocal links following the Watts–Strogatz model [58], yielding 𝑀 = 𝑁𝑧. With 𝑁 =1000, 𝑧 is varied from 50 to 500 in steps of 50, so that 𝑀 ranges from 50,000 to 500,000. 
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Appendix A.3. Small-World 

Starting from the ring lattice in Appendix A.2, each pair of reciprocal links is rewired 
with probability 𝑝 = 0.1 following the Watts–Strogatz model [58], with both links of a 
pair moved together, so that the network remains reciprocal. Since rewiring preserves the 
number of links, 𝑀 = 𝑁𝑧  as in Appendix A.2. Unlike in Appendix A.1, links are not 
added cumulatively; instead, a new network is generated for each 𝑧. 

Appendix A.4. Scale-Free 

Following the Barabási–Albert model [59], units are added one at a time, and each 
new unit is connected by pairs of reciprocal links to 𝑚 existing units, which are chosen 
with probability proportional to their degree. This yields 𝑀 = 2𝑚(𝑁 −𝑚) links. To ob-
tain exact values of 𝑀, 𝑁 is set to 𝑚 + 625, and 𝑚 is varied from 40 to 400 in steps of 
40, giving 𝑀 from 50,000 to 500,000 in increments of 50,000. 

Appendix B. Character Memorization and Prediction Task with  
Network-Theoretic Measures 

 

Figure A1. Character memorization task: network structural measures 𝐶 and 𝐿. (a) Cross-entropy 
loss 𝐻 in the character memorization tasks (𝑐ℎ = −2,−3, … ,−6) as a function of the average clus-
tering coefficient 𝐶 and (b) the average path length 𝐿. Error bars denote the standard error over 
three network realizations. 
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Figure A2. Next-character prediction task: network structural measures 𝐶 and 𝐿. (a) Cross-entropy 
loss 𝐻 in the next-character prediction tasks (𝑃𝑐ℎ(ିଶ),𝑃𝑐ℎ(ିଷ), … ,𝑃𝑐ℎ(ି଺)) as a function of the aver-
age clustering coefficient 𝐶 and (b) the average path length 𝐿. Error bars denote the standard error 
over three network realizations. 

Appendix C. Uncertainty Analysis of Effective Memory Depth Fitting 

Table A1. Relative standard error statistics for the fitted memory depth 𝝃 for each network topol-
ogy. The mean, median, and maximum are evaluated over all input windows for each topology. 
The presented values are averages over three realizations for each topology, with standard errors 
across realizations. 

Network Topology Mean (ඥ𝐕𝐚𝐫(𝝃) 𝝃ൗ ) 
(%) 

Median (ඥ𝐕𝐚𝐫(𝝃) 𝝃ൗ ) 
(%) 

Max (ඥ𝐕𝐚𝐫(𝝃) 𝝃ൗ ) 
(%) 

Random 3.537 ± 0.048 3.434 ± 0.078 7.596 ± 0.085 
Regular 1.210 ± 0.042 0.892 ± 0.022 2.920 ± 0.119 

Small-world 1.210 ± 0.034 0.818 ± 0.059 3.029 ± 0.174 
Scale-free 4.384 ± 0.529 4.607 ± 0.531 6.243 ± 0.678 
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Appendix D. Next-Character Prediction Performance Across Different 
Training Dataset Sizes 

 

Figure A3. Next-character prediction performance for different training dataset sizes. The training 
datasets consist of the first 10%, 20%, ..., and 100% of the original corpus. 
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