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METHOD, DEVICE AND COMPUTER PROGRAM FOR TRAINING A 

MACHINE LEARNING MODEL TO GENERATE TEXT AND FOR 

GENERATING TEXT USING THE TRAINED MACHINE LEARNING MODEL 

 

Technical field 5 

The present disclosure relates to a computer-implemented method for training a machine 

learning model to generate text and to a computer-implemented method for generating 

text using the trained machine learning model as well as to a corresponding computer 

program, device and system.  

 10 

Technical background 

In the context of natural language processing, tokenization describes the process of 

splitting text into smaller pieces (i.e., tokens). The tokens serve as the basis for further 

processing steps such as embedding. Accordingly, tokenization divides text into 

meaningful components that are further processed. The resulting token can vary in 15 

granularity. Two fundamental tokenization approached are character-level tokenization 

and word-level tokenization. 

During character-level tokenization, the text is split into individual characters rather than 

other words or sentences. Subsequently, each individual character is treated as a separate 

token. The input text “Hello” would thus result in a total of six token “h”, “e”, “l”, “l” and 20 

“o”. An advantage of character-level tokenization is the size of the vocabulary. Since each 

character is a token, the total size of the vocabulary is limited to the number of characters. 

This type of tokenization is also able to handle previously unseen words, since it is not 

focused on the word but on the character-level. However, character-level tokenization 

results in very long sequences which increases the computational complexity of the 25 

training process and of the inference process. For example, the word “nature” would result 

in a sequence of six different token instead of just one token as would be the case in word-

character tokenization. Since the computational complexity of machine learning models 

handling natural language is based on the length of the sequence, character-level 

tokenization increases the computational cost. Finally, character-level tokenization also 30 

makes it difficult to capture long range dependencies, such as a word relating to a word in 

another sentence.  



 
 

 

 2 
In contrast, during word-level tokenization, the text is split into words rather than 

individual characters or entire sentences. Each word is then treated as an individual token. 

The sentence “Hello world” would for example result in the token “Hello” and “world”. In 

contrast to character-level tokenization, word-level tokenization is better at preserving 

semantic meaning. Word-level tokenization also produces smaller sequences and is 5 

usually computationally more efficient than character-level tokenization. However, word-

level tokenization suffers in performance when words are misspelled. Moreover, words 

that are not present during training are treated as unknown when using word-level 

tokenization. Accordingly, the trained model is extremely sensitive to the corpus that is 

used for training. Word-level tokenization also struggles to accurately process 10 

morphologies of a word such as “run”, “running” and “ran”. Since these morphologies are 

different words, they receive a different token. However, they are likely to convey a similar 

meaning.  

Sub-word tokenizers aim at combining both character-level and word-level tokenization 

by splitting the text into smaller units that are larger than characters and smaller than 15 

words. Each sub-word is then treated as a token. The sentence “Hello world” may, for 

example, result in the token “Hel”, “lo” and “world”.  The sub-word approach aims at 

balancing the efficiency of the word-level approach with the flexibility of the character-

level approach. However, sub-word tokenization still suffers from several drawbacks 

including lack of adaptability to new domains or language, sensitivity to typos and spelling 20 

variations and a large vocabulary in comparison to  character-level approaches.  

In view of these disadvantages, the presently known tokenization approaches may not 

always lead to the desired results. Against this background, an object of the present 

disclosure is to address one or more or all of the above-mentioned disadvantages. 

Summary of the invention 25 

The above-mentioned objects and other objects, which become apparent from the 

following description, are solved by the subject-matter of the independent claims. 

Preferred embodiments are subject of the dependent claims. 

 

A 1st embodiment of the disclosure is directed to a computer-implemented method for 30 

training a machine learning model for text generation, the method comprising: inputting 

text into the machine learning model; preprocessing the input text to obtain a plurality of 

character vector representations; encoding, using an encoder, each of the plurality of 
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character vector representations to obtain a plurality of word vector representations; 

generating, using a backbone model, a plurality of predictive word vector representations 

based on the plurality of word vector representations; decoding, using a decoder, the 

plurality of predictive word vector representations to obtain a plurality of character-

probabilities; and updating the machine learning model based the plurality of character-5 

probabilities.  

 

Preprocessing the input text to obtain a plurality of character vector representations may 

have the advantage of preparing the input text for further processing during the 

subsequent steps. Since the input text is preprocessed to obtain vector representations on 10 

a character-level, the size of the resulting vocabulary may be limited to the number of 

possible characters. A smaller vocabulary size may require less memory and may thus save 

computational resources. An initial processing on a character-level may also provide a 

higher degree of flexibility.  

 15 

Encoding, using an encoder, each of the plurality of character vector representations to 

obtain a plurality of word vector representations may have the advantage of converting the 

character-level input into a word-level output. In other words, the input to the encoder is 

based on vector representations on a character-level (i.e., one vector per character) and 

the output of the decoder is based on vector representations on a word-level (i.e., one 20 

vector per word). The conversion from character-level to word-level may save 

computational resources during further processing of the input text.  

 

Generating, using a backbone model, a plurality of predictive word vector representations 

based on the plurality of word vector representations may have the advantage of 25 

performing the most computationally expensive part of the model on word-level 

representation of the input text. More specifically, in word-level representation, a single 

word vector represents an entire word. In contrast, in character-level representation, a 

single word requires x character vectors, wherein x is the number of characters that the 

word is made up of. For example, using word-level representation, the word “nature” 30 

requires one word vector but six character-vectors, one vector for each character in the 

word. Accordingly, performing the backbone calculations on a word-level may have the 

advantage of being computationally less complex and may thus save computational 

resources. 



 
 

 

 4 

Decoding, using a decoder, the plurality of predictive word vector representations to 

obtain a plurality of character-probabilities may enable final processing on a character 

level. This may have the advantages of providing a more flexible output and may thus 

increase the performance of the model regarding quality of the output. Updating the 

machine learning model based the plurality of character-probabilities may have the 5 

advantage of improving the model based on the processed text.  

 

Finally, performing the input (i.e., the initial preprocessing of the input text) and the 

output (i.e., the final processing of the output text) on a character-level, while performing 

the backbone calculation (i.e., the computationally expensive part of the model) on a 10 

word-level may combine the advantages of character-level and word-level approaches. 

More specifically, the combined approach may benefit from the flexibility of the character-

level approach and the reduced requirements regarding computation resources of the 

word-level approach.  

 15 

According to a 2nd embodiment, iteratively repeating the steps of inputting, preprocessing, 

encoding, generating, decoding, and updating.  

 

Iteratively repeating the steps of inputting, preprocessing, encoding, generating, decoding, 

and updating may have the advantage of gradually improving the performance of the 20 

machine learning model. This iterative approach further as the advantage of enabling the 

machine learning model to be trained on large training datasets. More specifically, a large 

dataset may reach a size where the entire training dataset cannot fit into memory. The 

iterative approach may be used to iteratively load parts of the training dataset into 

memory and train the model on the loaded part of the training dataset. A further 25 

advantage of the iterative approach may be that data that becomes available after initially 

training the machine learning model may still be incorporated by performing additional 

training iterations. An iterative approach may also enable performance monitoring. For 

example, the performance of the model may be tested after a predefined number of 

iterations. If the model does not perform as desired, adjustments to the model may be 30 

performed before further training. 

 

According to a 3rd embodiment, preprocessing comprising splitting the input text into a 

plurality of character sequences, wherein each character sequence represents a word; and 
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embedding each character in the plurality of character sequences to obtain the plurality of 

character vector representations.  

 

Splitting the input text into a plurality of character sequences, wherein each character 

sequence represents a word may have the advantage of preprocessing the input text on a 5 

character-level. Embedding each character in the plurality of character sequences to 

obtain the plurality of character vector representations may have the advantage of 

obtaining a vector representation for each character of the input text.  

 

According to a 4th embodiment, preprocessing comprising, prior to embedding, 10 

prepending a special character to each character sequence.  

 

Prior to embedding, prepending a special character to each character sequence may have 

the advantage of introducing a special character which may later be used to represent the 

character sequence that it is prepended to. Prepending the special character prior to 15 

embedding may enable accurate incorporation of the special character into the training 

process. 

 

According to a 5th embodiment, the encoder is a natural language processing model, 

wherein preferably the architecture of the first natural language processing model is based 20 

on a transformer model of the decoder-only variant, most preferably wherein the attention 

mechanism of the transformer model is bidirectional.  

 

The encoder being a first natural language processing machine learning model may 

provide the ability of processing sequences as an input and return sequences as an output. 25 

The architecture of the first natural language processing model being preferably based a 

transformer model of the decoder-only variant may have the advantage of leveraging the 

performance advantages of the respective architecture. The attention mechanism of the 

transformer model preferably being bidirectional may improve the model’s ability to 

understand the context of the input text. More specifically, a bidirectional attention 30 

mechanism considers preceding and succeeding words simultaneously which improves 

context awareness.  

 

According to a 6th embodiment, the backbone model is a second natural language 

processing model, wherein preferably the architecture of the second natural language 35 
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processing model is based on a transformer model of the decoder-only variant, most 

preferably wherein the attention mechanism of the transformer model is causal.  

 

The backbone model being a second natural language processing machine learning model, 

wherein preferably the architecture of the natural language processing model being based 5 

on a transformer model of the decoder-only variant may have the same advantages as 

mentioned with regards to embodiment 5. The attention mechanism of the transformer 

model being causal may enable  the model to autoregressively generate text. In other 

words, the causal attention mechanism may enables the backbone model to generate an 

output in which each output is based on the previously generated output.  10 

 

According to a 7th embodiment, comprising, prior to the decoding step, concatenating each 

of the plurality of predictive word vector representations with the corresponding character 

vector representations.  

 15 

Prior to the decoding step, concatenating each of the plurality of predictive word vector 

representations with the corresponding character vector representations may have the 

advantage of improving the information that the decoding step is based on. This may 

particularly be the case since the predictive word vector representation represents the 

word that is predicted to be the next word by the backbone model and the corresponding 20 

character vector representations represent the actual next word. The combination of 

word-level representation (i.e., word vector of the predicted next word) and character-

level representation (i.e., character vectors of the actual next word) may further improve 

the information that the decoding step is based on.  

 25 

According to an 8th embodiment, the decoder is a third natural language processing 

model, wherein preferably the architecture of the third natural language processing model 

is based on a transformer model of the decoder-only variant, most preferably wherein the 

attention mechanism of the transformer model is causal 

 30 

The backbone model being a third natural language processing model, wherein preferably 

the architecture of the third natural language processing model being based on a 

transformer model of the decoder-variant may have the same advantages as mentioned 

with regards to embodiment 5. The attention mechanism of the transformer model 

preferable being causal may have the same advantages as discussed in embodiment 6.  35 
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According to a 9th embodiment, updating the machine learning model comprises updating 

one or more of the adjustable parameters of one or more of: an embedding matrix that is 

used during the preprocessing step, the encoder, the backbone model and/or the decoder. 

 5 

Updating one or more of the adjustable parameters of one or more of an embedding 

matrix that is used during the preprocessing step, the encoder, the backbone model 

and/or the decoder enables training of the machine learning model. This may have the 

advantage of improving the performance of the machine learning model. It may further 

provide the flexibility of training some components of the machine learning model while 10 

keeping other components of the machine learning model fixed. 

 

A 10th embodiment of the disclosure is directed to a computer-implemented method for 

generating text using the machine learning model trained according to any one of the 

preceding embodiments, the method comprising inputting text into the trained machine 15 

learning model; generating text based on the input text using the trained machine learning 

model.  

 

A computer-implemented method for generating text using the machine learning model 

trained according to any one of the preceding embodiments may have the advantage of 20 

reducing computational complexity while maintaining the performance of the machine 

learning model. As mentioned with regards to previous embodiments, the architecture of 

the trained machine learning model may provide the computational efficiency of word-

level processing while maintaining the flexibility of character-level processing.  

 25 

According to an 11th embodiment, generating text comprises generating a character based 

on the plurality of character probabilities; and updating the input of the decoder based on 

the generated character or updating the input of the backbone model based on the one or 

more generated characters; and iteratively repeating the generating and the updating.  

 30 

Generating a character based on the plurality of character probabilities may enable text 

generation on a character-level. In other words, the machine learning model may not 

predict the entire next word but may rather predict each character of the next word 

individually. This may improve the result of the prediction. Character-level prediction may 

also have the advantage of making the prediction more flexible. Updating the input of the 35 
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decoder based on the generated character or updating the input of the backbone model 

based on the one or more generated characters may have the advantage of taking the 

generated character into account during the generation of subsequent characters. 

Iteratively repeating the generating and the updating may further improve the generated 

text.  5 

 

According to a 12th embodiment, updating the input of the decoder comprising 

determining that the generated character is not a special character; and updating the input 

to the decoder based on the character vector representation of the generated character; 

and decoding the updated input to obtain a plurality of character probabilities.  10 

 

Updating the input of the decoder comprising determining that the generated character is 

not a special character may enable to switch between character-level prediction and word-

level prediction. The determination that the generated character is not a special character 

may signal the prediction of a next character. Updating the input to the decoder based on 15 

the character vector representation of the generated character may provide the advantage 

of taking the generated character into account when generating the next character. This 

may improve the result of the prediction. decoding the updated input to obtain a plurality 

of character probabilities may provide flexibility during text generation by predicting the 

next word on an individual character basis instead of a word-level. 20 

 

According to a 13th embodiment, updating the input of the backbone model comprising 

determining that the generated character is a special character; prepending the special 

character to one or more generated characters to obtain a prediction character sequence; 

embedding each character of the prediction character sequence to obtain a plurality of 25 

prediction character vector representations; encoding, using the encoder, the prediction 

character vector representations to obtain a prediction word vector representation; 

updating the input to the backbone model based on the prediction word vector 

representation; generating a predictive word vector representation based on the updated 

input; decoding the predictive word vector representation to obtain a plurality of character 30 

probabilities.  

 

Updating the input of the backbone model comprising determining that the generated 

character is a special character may provide the advantage of combining character-level 

prediction with word-level prediction. In other words, determining that the generated 35 
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character is a special character may trigger word-level prediction. The word vector of the 

generated word (i.e., one or more generated characters) and the character vectors of the 

generated word may then be used to update the input to the backbone model. Accordingly, 

the flexibility of the character-level prediction is combined with the efficiency of the word-

level prediction that is performed by the backbone model. Prepending the special 5 

character to one or more generated characters to obtain a prediction character sequence 

embedding each character of the prediction character sequence to obtain a plurality of 

prediction character vector representations and encoding, using the encoder, the 

prediction character vector representations to obtain a prediction word vector 

representation may have the advantage of preprocessing and encoding the one or more 10 

generated characters. This may improve subsequent processing, particularly the 

prediction performed by the backbone model. Updating the input to the backbone model 

with the prediction word vector representation may have the same advantages as 

mentioned above with regards to leveraging the efficiency of word-level prediction.  In 

other words, performing the backbone calculations on a word-level representation may be 15 

less computationally complex and may thus save computational resources.  

 

Generating a predictive word vector representation based on the updated input may have 

the advantage using the efficiency of the backbone model to predict the next word. As 

previously discussed, processing on a word-level may be more efficiency which is among 20 

others due to the shorter sequence length in which the input is represented. Decoding the 

predictive word vector representation to obtain a plurality of character probabilities may 

provide flexibility during text generation by predicting the next word on an individual 

character basis instead of a word-level. 

 25 

A 14th embodiment of the disclosure is directed to device or system comprising means for 

carrying out the method according to any one of embodiments 1 to 13.  

 

A device or system comprising means for carrying out the method according to any one of 

embodiments 1 to 13 may have all the advantages mentioned in regards to the 30 

corresponding embodiments.  

 

A 15th embodiment of the disclosure is directed to a computer program comprising 

instructions which, when the program is executed by a computer, cause the computer to 

carry out the method of any one of embodiments 1 to 13.  35 
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A computer program comprising instructions which, when the program is executed by a 

computer, cause the computer to carry out the method of any one of embodiments 1 to 13 

may have all the advantages mentioned in regards to the corresponding embodiments.  

 

Brief description of the figures 5 

Various aspects of the present invention are described in more detail in the following by 

reference to the accompanying figures without the present invention being limited to the 

embodiments of these figures. 

Fig. 1 illustrates an exemplary training process according to an embodiment of 

the present disclosure; 10 

Fig. 2 illustrates an exemplary inference process according to an embodiment of 

the present disclosure; 

Fig. 3 illustrates an exemplary inference process according to an embodiment of 

the present disclosure; 

Fig. 4 further illustrates a flow diagram depicting a computer-implemented 15 

method for training a machine learning model for text generation according 

to an embodiment of the present disclosure; and  

Fig. 5 shows an example computing device that may be used in some 

embodiments to implement features described herein. 

Detailed description of preferred embodiments 20 

In the following, the invention is described with reference to the accompanying figures in 

more detail. However, the present invention can also be used in other embodiments not 

explicitly disclosed hereafter. As detailed below, the embodiments are compatible with 

each other, and individual features of one embodiment may also be applied to another 

embodiment. The figures do not limit the scope of the claims but merely support the 25 

understanding of the invention. 

 

Figure 1 illustrates an exemplary training process 100 of a machine learning model 

according to an embodiment of the disclosure.  

 30 
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The training process 100 may generally be categorized in three phases, an encoding phase, 

a backbone phase, and a decoding phase. As illustrated in Figure 1, the encoding phase 

and the decoding phase process the input text 101 on a byte level (i.e., character level). In 

contrast, the backbone phase processes the input text on a word level. The core of each 

phase may comprise a natural language processing machine learning model that processes 5 

the input text.   

 

The training process 100 may be based on one or more corpora of text. For illustration 

purposes, Figure 1 focuses on the processing on one piece of text (i.e., “Hello World, my 

Name”) that could have occurred in a text corpus. “Hello World, my Name” is regarded as 10 

an input text 101. In a preprocessing step, the input text may be split into words. The word 

splitting 110 may be performed using a fixed splitting rule. More specifically, the text may 

be split at whitespaces. Additionally, the whitespaces may be added to the previous words. 

Note that a special token, indicated here as [W] may be prepended to each word. The 

special token may indicate the beginning of each word. For the input text 101 such word 15 

splitting and prepending may result in the character sequences 110a “[W]Hello_“, 

“[W]World,_”, “[W]my_” and “[W]Name_”. The input text may be referred to as 𝑇 =

(𝑏ଵ, … , 𝑏௡) wherein 𝑏௜ ∈ 𝔹 = {0,… , 255}. In other words, the input text  𝑇 may comprise 

one or more characters 𝑏௜ that are represented in a binary format. The splitting of the 

input text into a sequence of words 𝑆 may further be represented as 𝑆 = (𝑤ଵ, … , 𝑤௡) =20 

ቀ൫[𝑊], 𝑏ଵ, … , 𝑏௞(்)൯,… , ([𝑊], 𝑏௟(்), … 𝑏௡)ቁ wherein 𝑤௜ ∈ 𝔹அ. In this representation, the 

special token is already prepended to each word of the sequence of words 110a.  

 

The resulting sequence of characters 110a serve as an input to the embedding step 120 in 

which each character of each sequence is transformed into a vector 120a. The embedding 25 

step 120 may be implemented using an embedding matrix. An embedding matrix may be a 

matrix in which each row corresponds to a vector representation (i.e., embedding 120a) of 

a token (e.g., a character) of a vocabulary. During the embedding step 120, the embedding 

matrix may be used to look up the vector representation 120a of each character and 

replace each character with its corresponding vector representation 120a. 30 

 

The subsequent encoding step 130 uses a natural language processing model to encode 

each vector representation 120a. The architecture of the natural language processing 

model may be based on a transformer model of a decoder-only variant. The attention 

mechanism of the transformer model of a decoder-only variant may be bidirectional. As 35 
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illustrated in Figure 1, the encoding step 130 may return an encoded vector representation 

for each character 130a. However, only one encoded vector representation per word may 

be used for further processing and the other encoded vector representations are discarded. 

In this manner, the machine learning model may learn to represent one word in one 

vector (i.e., the vector that is not discarded but further processed). 5 

Since the discarding may change the dimensionality of the information, a linear mapping 

step 140 may be required to consolidate the remaining encoded word vector 

representations. The result of the encoding phase may be a dense representation of the 

input text in form of one encoded vector representation for each word 140a. As illustrated 

in Figure 1, 𝐸ଵ may be the encoded vector representation of the word “[W]Hello_”, 𝐸ଶ may 10 

be the encoded vector representation of the word “[W]World_”, 𝐸ଷ may be the encoded 

vector representation of the word “[W]my_” and 𝐸ସ may be the encoded vector 

representation of the word “[W]Name_”.  Accordingly, the encoding phase may be used to 

convert the character-level input into a word-level output.  

 15 

This word-level input text may serve as the input text for the subsequent backbone phase.  

The backbone phase may comprise a natural language processing model 150 that uses the 

word vector representations (i.e., 𝐸ଵ, 𝐸ଶ, 𝐸ଷ, 𝐸ସ) 140a to predict the respective subsequent 

word vector representations (i.e., 𝑃ଵ, 𝑃ଶ, 𝑃ଷ) 150a. The architecture of the natural language 

machine learning model may be based on a transformer model of the decoder-only 20 

variant. The attention mechanism of the transformer model of a decoder-only variant may 

be causal. A model comprising acausal attention mechanism may describes a model that 

generates predictions based on previous information. For example, when given the string 

“Hello World, my Name” and predicting the word “World”, a causal model only takes into 

account the word “Hello”. If the model was not causal, it may also take into account the 25 

words “my” and “Name” for the prediction of the word “World”.  

 

The decoding phase may commence with a further linear transformation 160. The linear 

transformation may again serve the purpose of adjusting the dimensionality of the input 

information. More specifically, before entering the decoder 170, the input information is 30 

adjusted by concatenating the word vector representation (i.e., word-level representation) 

of the predicted next word 140a with the sequence of character vector representations (i.e., 

character-level representation) of the actual next word 160b. For example, the character 

vector representations 160b “W”, “o”, “r”, “l”, “d”, “,”, “_” are concatenated to the predicted 

word vector representation 160a 𝑃ଵ, the character vector representations “m”, “y” and “_” 35 
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are concatenated to the predicted word vector representation 𝑃ଶ and so on. Note that the 

characters of the actual next 160b word may be embedded using an embedding matrix 

that is different from the embedding matrix that may have been used for initial embedding 

step 120.  

 5 

The character-level input information may serve as an input to the decoder 170. The 

decoder 170 may be a natural language processing model. The architecture of the natural 

language processing machine learning model may be based on a transformer model of the 

decoder-only variant. The attention mechanism of the transformer model of a decoder-

only variant may be causal. Based on the character-level input information, the decoder 10 

170 may return a plurality of character probability vectors 170a, wherein each position in a 

character probability vector may describe the likelihood of a specific character of being the 

next character in the text. Note that character logits, as mentioned in Figure 1, are a 

processed form of character probabilities 170a which may improve further processing.  

 15 

Finally, a cross entropy loss function may be used to compare the prediction of the 

machine learning model with the actual values 171a. The trainable parameters of the 

machine learning model may be updated according to the result of the comparison. This 

may include updating the parameters of the embedding matrix in the encoding step 120, 

the embedding matrix in the decoding step, the parameters of the encoder 130, the 20 

parameters of the backbone model 150 and/or the parameters of the decoder 170. The 

above-mentioned steps may be iteratively repeated.  

 

Note that during the inference process, word-level prediction 180, which is described in 

more detail with regards to Figure 3 may comprise the embedding step 120, the encoding 25 

step 130, the linear mapping 140, the backbone step 150 and/or the further linear 

mapping 160. Word-level prediction 180 may result in the generation of predictive word 

vector representation 160a (i.e., 𝑃ଶ).  

 

Figure 2 illustrates the inference process on a character level 200 which may also be 30 

referred to as character completion.  

 

During inference, the trained machine learning model may be used to generate text based 

on a piece of input text. The provided input text is processed by the trained machine 

learning model. The processing of the provided input text may be identical to that 35 



 
 

 

 14 

described with regards to Figure 1 with the difference that the output may not be used to 

train the model but to iteratively generate text. Figure 2 illustrates the iterative generation 

of characters which may also be referred to as character completion 200. The trained 

decoder 270 may take the prediction word vector representation 260a as an input and 

may generate a vector of character probabilities 270a. As described above, each position in 5 

the vector of character probabilities represents the probability of a specific character to be 

the next character. Such a vector of character probabilities 270a may be illustrated as [“a” 

= 0.6, “b” = 0.3, …, “z” = 0.1], wherein the character “a” has a probability of 60% of being 

the next character, “b” has a probability of 30% of being the next character and so on.  

 10 

With regards to Figure 2, the provided input text was “Hello World, ”. The prediction word 

vector representation 260a may thus represent the word that is predicted by the backbone 

model 150 based on the input text 101 “Hello World, “. Accordingly, the vector of character 

probabilities 270a may represent the likelihood of each possible character to be the next 

character in a sequence of characters starting with “Hello World, “.  15 

 

To achieve an iterative text generation, the vector representation of the most likely next 

character, in this case the vector representation of the character “m” 290a, may be 

concatenated to the prediction word vector representation 260a. The concatenation of the 

prediction word vector representation and the vector representation of the most likely 20 

next character may then be used as an updated input to the decoder 270. Based on the 

updated input information, the decoder 270 may predict a further vector of character 

probabilities 271a. In the example, the most likely subsequent character is the letter “y” 

290b. The input to the decoder 270 is updated accordingly and the process continues in an 

iterative manner until the decoder 270 predicts the most likely character to be a special 25 

character (i.e., character with the highest probability of the final vector of character 

probabilities 270d). Note that a special character may signal the end of a word. If a special 

character is predicted, a word-level prediction 180, 380 which involves the backbone 

model and is described in more detail in Figure 3 may be triggered.  

 30 

Figure 3 illustrates the inference process on a word-level 300 which may start as soon as 

a special character is predicted. As shown in Figure 3, the characters “m”, “y”, “_”, 390 and 

the special character 390d may have been predicted to be the most likely next characters 

given the input text “Hello World, “. The special character 390d may indicate that the 

previously generated characters 390a-c form a word and that this word has now ended. 35 
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The special character 390d may also function as a trigger of the word-level prediction 300. 

More specifically, when a special character is predicted, the special character 390d may be 

prepended to the sequence of characters of the previously generated character 390a-c. The 

sequence of characters of the previously generated character 390a-c including the 

prepended special character 390d may be used as an input to the embedding step 120 in 5 

which each character of the sequence is transformed into a character vector representation 

120a. The subsequent encoding step 130 may return an encoded vector representation for 

each character 130a. However, only one encoded vector representation per word may be 

used for further processing and the other encoded vector representations are discarded. A 

linear mapping step 140 may be required to consolidate the remaining encoded word 10 

vector representations 140a. With regards to Figure 3, the linear mapping step 140 may 

consolidate the encoded word vector representation for the words “[W]Hello_”, 

“[W]World,_” and the newly generated encoded word vector representation “[W]my_”.  

This word-level input text may serve as the input text for the subsequent backbone phase 

which predicts the word vector representation of the subsequent word 150a. The result 15 

may be used as an input to the decoder 170, 270 and may start a character completion 200 

as discussed in Figure 2. 

 

Accordingly, the machine learning model may predict the most likely next character and 

may iteratively update the input of the decoder 170, 270 to predict a subsequent character 20 

390a-c. Once the model predicts a special character 390d (i.e., character with the highest 

probability of the final vector of character probabilities 270d), which may indicate the end 

of a word, as the most likely next character, the word-level prediction 300 may be 

triggered and the input to the backbone model 150 may be updated to incorporate the 

previously generated characters 390a-c. Note that updating the input to the backbone 25 

model 150 may require embedding 120, encoding 130 and linearly transforming 140 the 

generated characters 390a-c. In this manner, the machine learning model may combine 

processing the input text on a character- and on a word-level.  

 

An advantage of the machine learning model of the current disclosure may be a reduction 30 

in computational cost which results from a lower computational complexity. The 

reduction in computational complexity may be demonstrated by comparing the 

complexity of the current disclosure model (𝐶ௗ௜௦௖௟௢௦௨௥௘) with the complexity of a baseline 

model (𝐶௕௔௦௘௟௜௡௘). The complexity of both models may heavily depend on the length of the 

sequence 140a that is passed through the backbone. In the case of the current disclosure 35 
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model, the length of the sequence is that of the word vector representation and may be 

represented as 𝐿ௐ. Assuming that the base model uses a sub-word tokenizer, the length of 

the sequence is that of the sub-word vector representation times the number of sub-words 

present in the sequence and may be represented as 𝐿். Both models contain the same 

number of backbone parameters 𝑃௕௔௖௞௕௢௡௘. The baseline model may require additional 5 

embedding and output matrices with parameters 𝑃௛௘௔ௗ.  The current disclosure model may 

further contain the parameters of the encoder and the decoder model 𝑃௖௛௔௥. The length of 

the sequence that is passed through the encoder and decoder may be larger than that that 

is passed through the backbone model and is denoted as 𝐿 + 𝐿ௐ . Accordingly, the 

computational complexity of a baseline model may be described as 𝐶௕௔௦௘௟௜௡௘ =10 

𝐿்(𝑃௕௔௖௞௕௢௡௘ + 𝑃௛௘௔ ) and the computational complexity of the model of the current 

disclosure may be described as 𝐶ௗ௜௦௖௟௢௦௨௥௘ = 𝐿ௐ𝑃௕௔௖௞௕௢௡௘ + 2(𝐿 + 𝐿ௐ)𝑃௖௛௔௥.  

 

Accordingly, the complexity of the current disclosure model may be lower than that of the 

baseline model if the following conditions hold true (a) 𝐿ௐ < 𝐿் and (b) 𝑃௖௛௔௥ ≪ 𝑃௕௔௖௞௕௢௡௘. 15 

The first condition may be concerned with the length of the input sequence to the 

backbone. More specifically, the length of the input sequence to the backbone of the 

current disclosure model may have to be smaller than the length of the input sequence to 

the backbone of the baseline model. Since the backbone of the current disclosure model 

processes the input on a word-level and the backbone of the baseline model processes the 20 

input on a sub-word level, it may be assumed that the length of the sequence is on average 

smaller in the current disclosure model. Accordingly, this condition may be achieved. The 

second condition may be concerned with the size of the respective models as measured in 

the number of parameters. More specifically, the encoder model and the decoder model 

may have to be much smaller than the backbone model. Given that the main computation 25 

takes place in the backbone model, this condition may also be achieved by the model of the 

current disclosure. 

Figure 4 is a flow diagram illustrated a computer-implemented method 400 for training 

a machine learning model for text generation according to an embodiment of the 

disclosure. A first step 410 comprises inputting text into the machine learning model. A 30 

second step 420 comprises preprocessing the input text to obtain a plurality of character 

vector representations. A third step 430 comprises encoding, using an encoder, each of the 

plurality of character vector representations to obtain a plurality of word vector 

representations. A fourth step 440 comprises generating, using a backbone model, a 

plurality of predictive word vector representations based on the plurality of word vector 35 
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representations. A fifth step 450 comprises decoding, using a decoder, the plurality of 

predictive word vector representations to obtain a plurality of character-probabilities; and 

a sixth step comprises updating the machine learning model based the plurality of 

character-probabilities.  

Figure 5 is a block diagram of an example computing device 500 (which may also be 5 

referred to, for example, as a “computing device,” “computer system,” or “computing 

system”) according to some embodiments.  

 

In some embodiments, the computing device 500 includes one or more of the following: 

one or more processors 502 (which may be referred to as “hardware processors” or 10 

individually as a “hardware processor”); one or more memory devices 504; one or more 

network interface devices 506; one or more display interfaces 508; and one or more user 

input adapters 510. Additionally, in some embodiments, the computing device 700 is 

connected to or includes a display device, input devices, etc.  These elements (e.g., the 

processors 502, memory devices 504, network interface devices 506, display interfaces 15 

508, user input adapters 510) are hardware devices (for example, electronic circuits or 

combinations of circuits) that are configured to perform various different functions for the 

computing device 500.   In some embodiments, these components of the computing device 

500 may be collectively referred to as computing resources (e.g., resources that are used to 

carry out execution of instructions and include the processors (one or more processors 20 

502), storage (one or more memory devices 504), and I/O (network interface devices 506, 

one or more display interfaces 508, and one or more user input adapters 510).   

 

In some instances, the term processing resources may be used interchangeably with the 

term computing resources.  In some embodiments, multiple instances of computing device 25 

500 may arranged into a distributed computing system. Computing device 500 may be 

configured to communicate with one or more external devices 516.  External devices 516 

can be other instances of computing device or may be different (e.g., just storage devices, 

sensors, etc.).  In some examples, computing device 500 includes multiple computing 

devices 500.  As an example, a computing device 500 includes different architectures that 30 

may be used in cloud computing environments. 

 

In some embodiments, each or any of the processors 502 is or includes, for example, a 

single- or multi-core processor, a microprocessor  (e.g., which may be referred to as a 
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central processing unit or CPU), a digital signal processor (DSP), a microprocessor in 

association with a DSP core, an Application Specific Integrated Circuit (ASIC), a Field 

Programmable Gate Array (FPGA) circuit, or a system-on-a-chip (SOC) (e.g., an integrated 

circuit that includes a CPU and other hardware components such as memory, networking 

interfaces, and the like). And/or, in some embodiments, each or any of the processors 502 5 

uses an instruction set architecture such as x86 or Advanced RISC Machine (ARM). 

 

In some embodiments, each or any of the memory devices 504 is or includes a random 

access memory (RAM) (such as a Dynamic RAM (DRAM) or Static RAM (SRAM)), a flash 

memory (based on, e.g., NAND or NOR technology), a hard disk, a magneto-optical 10 

medium, an optical medium, cache memory, a register (e.g., that holds instructions), or 

other type of device that performs the volatile or non-volatile storage of data and/or 

instructions (e.g., software that is executed on or by processors 502). Memory devices 504 

are examples of non- transitory computer-readable storage media. 

 15 

In some embodiments, each or any of the network interface devices 506 includes one or 

more circuits (such as a baseband processor and/or a wired or wireless transceiver), and 

implements layer one, layer two, and/or higher layers for one or more wired 

communications technologies (such as Ethernet (IEEE 802.3)) and/or wireless 

communications technologies (such as Bluetooth, WiFi (IEEE 802.11), GSM, CDMA2000, 20 

UMTS, LTE, LTE-Advanced (LTE-A), LTE Pro, Fifth Generation New Radio (5G NR) 

and/or other short-range, mid-range, and/or long-range wireless communications 

technologies).  

 

Terms and phrases used in this document, and variations thereof, unless otherwise 25 

expressly stated, should be construed as open-ended rather than limiting. As examples of 

the foregoing: “and/or” includes any and all combinations of one or more of the associated 

listed items (e.g., a and/or b means a, b, or a and b); the singular forms “a”, “an”, and “the”  

should be read as meaning “at least one,” “one or more,” or the like; the term “example”, 

which may be used interchangeably with the term embodiment, is used to provide 30 

examples of the subject matter under discussion, not an exhaustive or limiting list thereof; 

the terms “comprise” and “include” (and other conjugations and other variations thereof) 

specify the presence of the associated listed elements but do not preclude the presence or 

addition of one or more other elements; and if an element is described as “optional,” such 
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description should not be understood to indicate that other elements, not so described, are 

required. 

 

As used herein, the term “non-transitory computer-readable storage medium”  includes a 

register, a cache memory, a ROM, a semiconductor memory device (such as D-RAM, S-5 

RAM, or other RAM), a magnetic medium such as a flash memory, a hard disk, a magneto-

optical medium, an optical medium such as a CD-ROM, a DVD, or Blu-Ray Disc, or other 

types of volatile or non-volatile storage devices for non-transitory electronic data storage.  

The term “non-transitory computer-readable storage medium” does not include a 

transitory, propagating electromagnetic signal.  Computer programs described herein may 10 

be stored on a non-transitory computer-readable storage medium.  

 

The claims are not intended to invoke means-plus-function construction/ interpretation 

unless they expressly use the phrase “means for” or “step for.” Claim elements intended to 

be construed/interpreted as means-plus-function language, if any, will expressly manifest 15 

that intention by reciting the phrase “means for” or “step for”; the foregoing applies to 

claim elements in all types of claims (method claims, apparatus claims, or claims of other 

types) and, for the avoidance of doubt, also applies to claim elements that are nested 

within method claims. Consistent with the preceding sentence, no claim element (in any 

claim of any type) should be construed/interpreted using means plus function 20 

construction/interpretation unless the claim element is expressly recited using the phrase 

“means for” or “step for.” 

 

Although various embodiments have been shown and described in detail, the claims are 

not limited to any particular embodiment or example.  None of the above description 25 

should be read as implying that any particular element, step, range, or function is 

essential.  All structural and functional equivalents to the elements of the above-described 

embodiments that are known to those of ordinary skill in the art are expressly 

incorporated herein by reference and are intended to be encompassed.  Moreover, it is not 

necessary for a device or method to address each and every problem sought to be solved by 30 

the present invention, for it to be encompassed by the invention.  No embodiment, feature, 

element, component, or step in this document is intended to be dedicated to the public. 

 

Embodiments of the present disclosure may be realized in any of various forms, e.g., in 

software. For example, in some embodiments, the present invention may be realized as a 35 
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computer-implemented method, a computer-readable memory medium, or a computer 

system.   

In some embodiments, a non-transitory computer-readable memory medium may be 

configured so that it stores program instructions and/or data, where the program 

instructions, if executed by a computer system, cause the computer system to perform a 5 

method, e.g., any of the method embodiments described herein, or, any combination of 

the method embodiments described herein, or, any subset of any of the method 

embodiments described herein, or, any combination of such subsets.  

In some embodiments, a computing device may be configured to include a processor (or a 

set of processors) and a memory medium, where the memory medium stores program 10 

instructions, where the processor is configured to read and execute the program 

instructions from the memory medium, where the program instructions are executable to 

implement any of the various method embodiments described herein (or, any combination 

of the method embodiments described herein, or, any subset of any of the method 

embodiments described herein, or, any combination of such subsets). The device may be 15 

realized in any of various forms.  

Although specific embodiments have been described above, these embodiments are not 

intended to limit the scope of the present disclosure, even where only a single embodiment 

is described with respect to a particular feature. Examples of features provided in the 

disclosure are intended to be illustrative rather than restrictive unless stated otherwise. 20 

The above description is intended to cover such alternatives, modifications, and 

equivalents as would be apparent to a person skilled in the art having the benefit of this 

disclosure.  

The scope of the present disclosure includes any feature or combination of features 

disclosed herein (either explicitly or implicitly), or any generalization thereof, whether or 25 

not it mitigates any or all of the problems addressed herein. In particular, with reference 

to the appended claims, features from dependent claims may be combined with those of 

the independent claims and features from respective independent claims may be 

combined in any appropriate manner and not merely in the specific combinations 

enumerated in the appended claims. 30 
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110a, 310a character sequences 

110 word splitting 

120 embedding step 

120a character vector representation 

130 encoder 5 

130a encoded character vector representation 

140, 160 linear mapping 

140a word vector representation 

150 backbone model 

150a predictive word vector representation 10 

160a, 260a  predictive word vector representation 

160b sequence of character vector representations of the actual next  
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170, 270 decoder  

170a, 270a-c character probability vector 15 

171a actual next character 

180, 300, 380 word-level prediction 

200 character completion 

290a-c, 390a-c generated characters 

390d special character 20 

400 method for training 

410 inputting step 

420 preprocessing step 

430 encoding step 

440  backbone prediction step 25 

450 decoding step 

460 updating step 

500 computing device 

502 processor(s) 

504 memory device(s) 30 

506 network interface device(s) 

508 display interface(s) 

510 user input adapter(s) 

516 external device(s) 
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                                                            Claims 

 

1. A computer-implemented method for training a machine learning model for 

text generation, the method comprising: 

 inputting text into the machine learning model; 5 

 preprocessing the input text to obtain a plurality of character vector 

representations;  

 encoding, using an encoder, each of the plurality of character vector 

representations to obtain a plurality of word vector representations; 

 generating, using a backbone model, a plurality of predictive word vector 10 

representations based on the plurality of word vector representations;  

 decoding, using a decoder, the plurality of predictive word vector representations 

to obtain a plurality of character-probabilities; and 

 updating the machine learning model based the plurality of character-probabilities.  

 15 

2. The method of the preceding claim, further comprising iteratively repeating the 

steps of inputting, preprocessing, encoding, generating, decoding, and updating.  

 

3.  The method of any one of the preceding claims, wherein preprocessing comprises 

splitting the input text into a plurality of character sequences, wherein each character 20 

sequence represents a word; and 

 embedding each character in the plurality of character sequences to obtain the 

plurality of character vector representations.  

 

4. The method of the preceding claim, wherein preprocessing comprises, prior to 25 

embedding, prepending a special character to each character sequence.  

 

5. The method of any one of the preceding claims, wherein the encoder is a first 

natural language processing model, wherein preferably the architecture of the first natural 

language processing model is based on a transformer model of the decoder-only variant, 30 

most preferably wherein the attention mechanism of the transformer is bidirectional.  

 

6. The method of any one of the preceding claims, wherein the backbone model is a 

second natural language processing model, wherein preferably the architecture of the 

second natural language processing model is based on a transformer model of the 35 
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decoder-only variant, most preferably wherein the attention mechanism of the 

transformer is causal.  

 

7. The method of any one of the preceding claims, the method comprising, prior to 

the decoding step, concatenating each of the plurality of predictive word vector 5 

representations with the corresponding character vector representations.  

 

8. The method of any one of the preceding claims, wherein the decoder is a third 

natural language processing model, wherein preferably the architecture of the third 

natural language processing model is based on a transformer model of the decoder-only 10 

variant, most preferably wherein the attention mechanism of the transformer is causal. 

 

9. The method of any one of the preceding claims, wherein updating the machine 

learning model comprises updating one or more of the adjustable parameters of one or 

more of: an embedding matrix that is used during the preprocessing step, the encoder, the 15 

backbone model and/or the decoder. 

 

10. A computer-implemented method for generating text using the machine learning 

model trained according to any one of the preceding claims, the method comprising: 

 inputting text into the trained machine learning model; 20 

 generating text based on the input text using the trained machine learning model.  

 

11. The method of the preceding claim, wherein generating text comprises: 

 generating a character based on the plurality of character probabilities; and  

 updating the input of the decoder based on the generated character or updating the 25 

input of the backbone model based on the one or more generated characters; and 

 iteratively repeating the generating and the updating.  

 

12. The method of the preceding claim, wherein updating the input of the decoder 

comprises: 30 

 determining that the generated character is not a special character; and 

updating the input to the decoder based on the character vector representation of 

the generated character; and 

decoding the updated input to obtain a plurality of character probabilities.  

 35 
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13. The method of claim 11, wherein updating the input of the backbone model 

comprises: 

determining that the generated character is a special character;  

prepending the special character to one or more generated characters to obtain a 

prediction character sequence; 5 

embedding each character of the prediction character sequence to obtain a 

plurality of prediction character vector representations;  

encoding, using the encoder, the prediction character vector representations to 

obtain a prediction word vector representation;  

updating the input to the backbone model based the prediction word vector 10 

representation; 

generating a predictive word vector representation based on the updated input; 

decoding the predictive word vector representation to obtain a plurality of 

character probabilities.  

 15 

14. A device or system comprising means for carrying out the method according to any 

one of claims 1 to 13.  

 

15. A computer program comprising instructions which, when the program is executed 

by a computer, cause the computer to carry out the method of any one of claims 1 to 13.  20 


