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TEXT GENERATION METHODS AND APPARATUSES, STORAGE 

MEDIUM DEVICES, AND PROGRAM PRODUCTS 

TECHNICAL FIELD 

[0001] One or more embodiments of this specification relate to the field of computer 

applications, and in particular, to text generation methods and apparatuses, storage medium 5 

devices, and program products. 

BACKGROUND 

[0002] A large language model (LLM) is a deep learning model trained based on massive text 

data. The large language model can understand the meanings of texts, generate natural language 

texts based on given texts, and process various natural language tasks, for example, text 10 

summarization, question answering, and translation. 

[0003] However, in the conventional technology, a process of generating natural language 

texts by the LLM through inference is slow, and an overall throughput of the LLM is relatively 

low. 

SUMMARY 15 

[0004] In view of this, one or more embodiments of this specification provide text generation 

methods and apparatuses, storage medium devices, and program products. 

[0005] According to a first aspect of one or more embodiments of this specification, a text 

generation method is provided, is applied to a large language model (LLM), and includes 

generating an output text for an input text by performing a plurality of rounds of iteration, where 20 

at least one round of iteration includes: estimating a first text sequence following an obtained 

current text sequence based on a speculative decoding method, and forming a plurality of candidate 

sequences based on the current text sequence and different subsequences of the first text sequence; 

allocating logical blocks to text units in the plurality of candidate sequences in a key-value cache, 

to store attention information of the text units, and mapping the allocated logical blocks to physical 25 
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blocks based on a first criterion, where the first criterion includes that a plurality of logical blocks 

allocated to the same text unit in the plurality of candidate sequences are mapped to the same 

physical block; and determining, by the LLM, a newly generated text unit in the current round of 

iteration by using attention information of each candidate sequence in the key-value cache, to form 

a current text sequence for a next round. 5 

[0006] According to a second aspect of one or more embodiments of this specification, a text 

generation apparatus is provided, is applied to an LLM, and generates an output text for an input 

text by performing a plurality of rounds of iteration, where at least one round of iteration is 

performed by the following units: a speculative decoding unit, configured to estimate a first text 

sequence following an obtained current text sequence based on a speculative decoding method, 10 

and form a plurality of candidate sequences based on the current text sequence and different 

subsequences of the first text sequence; a storage space allocation unit, configured to allocate 

logical blocks to text units in the plurality of candidate sequences in a key-value cache, to store 

attention information of the text units, and map the allocated logical blocks to physical blocks 

based on a first criterion, where the first criterion includes that a plurality of logical blocks 15 

allocated to the same text unit in the plurality of candidate sequences are mapped to the same 

physical block; and an LLM inference unit, used by the LLM to determine a newly generated text 

unit in the current round of iteration by using attention information of each candidate sequence in 

the key-value cache, to form a current text sequence for a next round. 

[0007] According to a third aspect of the embodiments of this specification, a computer-20 

readable storage medium is provided. The computer-readable storage medium stores computer 

instructions, and when the computer instructions are executed by a processor, the text generation 

method according to the first aspect of the embodiments of this specification is implemented. 

[0008] According to a fourth aspect of the embodiments of this specification, a computer 

device is provided. The computer device includes: a processor; and a storage, configured to store 25 

instructions executable by the processor. 

[0009] The processor runs the executable instructions to implement the text generation method 

according to the first aspect of the embodiments of this specification. 

[0010] According to a fifth aspect of the embodiments of this specification, a computer 

program product is provided. When the computer program product is executed by a processor, the 30 

text generation method according to the first aspect of the embodiments of this specification is 
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implemented. 

[0011] This specification provides a text generation method and apparatus, a storage medium 

device, and a program product, which are applied to an LLM. In each round of iteration of the 

LLM, the following operations can be performed: A first text sequence following a current text 

sequence is obtained by using a speculative decoding method, and a plurality of candidate 5 

sequences are formed. Logical blocks are allocated to text units in the plurality of candidate 

sequences in a key-value cache, and the logical blocks are mapped to physical blocks. In a process 

of mapping to a physical block, mapping is performed based on a first criterion. Specifically, a 

plurality of logical blocks allocated to the same text unit in the plurality of candidate sequences 

obtained through speculative decoding are mapped to the same physical block. Then, a newly 10 

generated text unit in the current round of iteration is determined by the LLM by using attention 

information stored in the key-value cache. 

[0012] In the above-mentioned method, first, the speculative decoding method is used, so that 

a quantity of tokens generated in one round of iteration is increased, and a quantity of rounds of 

iteration is decreased, to accelerate an inference process of the LLM. Then, a paging management 15 

method is used, so that more batches can be stored in the KV cache, and a quantity of requests that 

can be simultaneously processed by the LLM is increased, to increase an overall system throughput. 

[0013] In addition, in the method provided in this specification, when speculative decoding is 

combined with paging management, in a special scenario in which there is the same text unit in a 

plurality of candidate sequences, the first criterion for mapping a logical block to a physical block 20 

is provided, so that the plurality of candidate sequences can occupy as little graphics memory space 

as possible, to further improve utilization of the graphics memory space. 

[0014] Furthermore, based on use of the speculative decoding method in the above-mentioned 

method, in a process of generating an output text, a parallel computation amount in one round of 

iteration is increased, and a quantity of rounds of iteration is decreased. As such, a compute-to-25 

memory access ratio is increased, and a hardware parallel capability can still be fully used in online 

scenarios with limited network traffic, thereby improving hardware resource utilization. 

[0015] It should be understood that the above-mentioned general descriptions and the 

following detailed descriptions are merely examples and explanations, and should not limit this 

specification. 30 



 

4 

BRIEF DESCRIPTION OF DRAWINGS 

[0016] The accompanying drawings here are incorporated into this specification, constitute a 

part of this specification, illustrate embodiments that conform to this specification, and are used 

together with this specification to explain the principles of this specification. 

[0017] FIG. 1 is a schematic diagram illustrating a key-value cache in the conventional 5 

technology, according to this specification; 

[0018] FIG. 2 is a flowchart illustrating a text generation method, according to some example 

embodiments of this specification; 

[0019] FIG. 3 is a partial schematic diagram illustrating a text generation method, according 

to this specification; 10 

[0020] FIG. 4 is another partial schematic diagram illustrating a text generation method, 

according to this specification; 

[0021] FIG. 5 is a flowchart illustrating a text generation method, according to some specific 

embodiments of this specification; 

[0022] FIG. 6 is a block diagram illustrating a text generation apparatus, according to some 15 

example embodiments of this specification; and 

[0023] FIG. 7 is a diagram illustrating a hardware structure of a computer device, according 

to some example embodiments of this specification. 

DESCRIPTION OF EMBODIMENTS 

[0024] Example embodiments are described in detail here, and examples of the example 20 

embodiments are presented in the accompanying drawings. When the following descriptions are 

associated with the accompanying drawings, unless specified otherwise, the same numbers in 

different accompanying drawings represent the same or similar elements. Implementations 

described in the following example embodiments do not represent all implementations consistent 

with one or more embodiments of this specification, On the contrary, the implementations are 25 

merely examples of apparatuses and methods that are described in the appended claims in detail 

and consistent with some aspects of one or more embodiments of this specification. 

[0025] It is worthwhile to note that the steps of the corresponding methods are not necessarily 

performed in the sequence shown and described in this specification in other embodiments. In 
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some other embodiments, the method can include more or fewer steps than those described in this 

specification. In addition, a single step described in this specification may be split into a plurality 

of steps in other embodiments for description; and a plurality of steps described in this 

specification may be combined into a single step in other embodiments for description. 

[0026] An LLM is a neural network model that can obtain an output text based on a user input 5 

text. The user input text can be a question to be answered, a text whose summary needs to be 

generated, a text that needs to be translated, etc. Tasks such as question answering, generation of 

a text summary, and text translation can be implemented by using the LLM. 

[0027] A process in which the LLM generates an output text based on an input text is usually 

as follows: First, the input text is converted into a form that can be processed by the LLM, that is, 10 

converted into a text unit (Token) sequence. Then, inference is performed, that is, the token 

sequence of the input text is input to the LLM, encoding representation is performed on the token 

sequence, and an output token sequence is predicted based on the encoding representation. Finally, 

the output token sequence is converted into a text form to obtain the output text. A token is a 

smallest text unit processed by the LLM model, for example, a word or a character combination 15 

(root) in English, a single character in Chinese, etc. 

[0028] There are the following problems in an inference process of the LLM model in the 

related technology: 

[0029] 1. Slow inference process 

[0030] In the above-mentioned inference process of obtaining the output text, a current token 20 

to be output needs to be inferred by using previous information. Therefore, there is sequential 

dependency between generated tokens, and serial decoding needs to be performed. That is, a 

plurality of rounds of iteration need to be performed in the process of generating the output text, 

and in each round of iteration, the LLM needs to generate a next token of the output text by using 

a generated token and a token corresponding to the input text. This results in a relatively slow 25 

inference process of the LLM. 

[0031] 2. Relatively low system throughput 

[0032] In a processing process of the LLM, an attention mechanism needs to be used to 

perform encoding representation on the token with reference to context. Therefore, information 

encoded can be referred to as attention information. In each round of iteration, the next token is 30 

generated by using the generated token of the output text and the token corresponding to the input 
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text. In this case, attention information used in each round of iteration includes all attention 

information used in a previous round of iteration. Therefore, to reduce a computation amount of 

attention information, a key-value cache (KV cache) is stored in a graphics memory, and the key-

value cache stores attention information of a token used in the process of generating the output 

text. As such, a computation amount in an iteration process can be reduced to accelerate inference. 5 

[0033] For ease of understanding, a concept of request in the processing process of the LLM 

is described here. In one round of iteration, the LLM can simultaneously process a plurality of 

requests. Each request corresponds to one input text (usually from a user), and different requests 

correspond to different input texts. In one round of iteration, the LLM can generate a token 

subsequent to a text in a request. One batch in FIG. 1 corresponds to one request. 10 

[0034] For a specific manner of storing the attention information in the KV cache in the related 

technology, references can be made to FIG. 1. Storage space in the KV cache is divided into a 

plurality of blocks based on rows and columns. Each row is used to store one batch, and one batch 

corresponds to one request. For requests of the same input text in different rounds of iteration, 

attention information needed for the requests in different rounds of iteration is usually stored by 15 

using a same batch. 

[0035] Because lengths of output texts for requests are different, lengths of different batches 

are different. When lengths of different batches are different, a space size of the KV cache is 

directly proportional to a quantity of batches and a longest sequence length (max_seq_len). That 

is, a quantity of batches that can be stored in the KV cache is limited by a longest batch. Specifically, 20 

although a length of each of batch 0, batch 1, and batch 2 is less than a size of nine blocks, because 

a length of batch 3 is nine blocks, nine blocks need to be allocated to each of batch 0, batch 1, and 

batch 2. Further, as shown in FIG. 1, a shaded part is KV cache space that is actually needed. 

Consequently, graphics memory space in a non-shaded part is wasted. If the batch with the longest 

sequence length is very long, graphics memory space of the same size as graphics memory space 25 

of the batch with the longest sequence length needs to be allocated to all batches. Consequently, a 

large amount of graphics memory space, for example, the non-shaded part in FIG. 1, is wasted. In 

addition, when the KV cache has a limited size, the quantity of batches cannot be set to be very 

large. Consequently, a quantity of requests that can be sequentially processed by a system during 

iteration is relatively small, and an overall throughput is relatively low. 30 

[0036] In addition, it is worthwhile to further note that in the KV cache, storage is performed 
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based on a method shown in FIG. 1 to facilitate computation in an inference process of the LLM. 

Specifically, when the attention information is used by the LLM, attention information of a 

plurality of requests needs to be formed into a form of a matrix, and attention information of 

different requests is stored in different rows in the matrix. The matrix in which attention 

information is stored is multiplied by a weight matrix, to obtain output information. Therefore, the 5 

above-mentioned matrix can be conveniently obtained when storage is performed based on the 

method shown in FIG. 1. If batch 0, batch 1, etc. are consecutively stored in FIG. 1, when the 

matrix in which attention information is stored is directly obtained based on the KV cache in FIG. 

1, different batches cannot be distinguished, and an accurate result cannot be obtained. 

[0037] To resolve the above-mentioned two problems, there are two solutions in the related 10 

technology. The two solutions in the related technology are separately described below. 

[0038] 1. Speculative decoding-based LLM acceleration method 

[0039] A speculative decoding process is usually as follows: Autoregressive sampling is 

performed for a request by using a simplified language model, to continuously generate a plurality 

of tokens. Then, the plurality of generated tokens are combined with a generated token, and the 15 

plurality of tokens obtained through speculative decoding are verified by using the LLM large 

model. If it is considered, after verification, that the plurality of tokens are appropriate, a next 

round of iteration continues to be performed. If the plurality of tokens are inappropriate, the large 

model generates a new token and continues a next round of iteration. 

[0040] Compared with a solution in which no speculative decoding is performed, this solution 20 

increases a quantity of tokens that can participate in computation in one round of iteration, 

decreases a quantity of rounds of iteration, accelerates the inference process of the LLM, and 

reduces a request latency. 

[0041] However, this solution cannot resolve the problem of a low system throughput and a 

limited quantity of batches stored in the KV cache. Because a sequence length of the batch that 25 

can be stored in the KV cache and the quantity of batches are in a trade-off relationship, a quantity 

of batches that can be simultaneously processed is relatively small when the length of the batch 

may be increased by using the speculative decoding method, resulting in a still low system 

throughput. 

[0042] 2. Paging management-based LLM library 30 

[0043] In the related technology, a PagedAttention mechanism is used to resolve the problem 
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of a low system throughput. Specifically, the KV cache is organized into blocks of a fixed size, 

which are similar to pages in a virtual memory. Logically, the blocks are stored based on the 

method shown in FIG. 1. When logical blocks are mapped to physical blocks, the logical blocks 

can be consecutively stored or stored in any idle physical blocks, and a mapping relationship 

between a logical block and a physical block is recorded by using a block table. 5 

[0044] This method improves utilization of physical storage space, and reduces a waste of a 

graphics memory. 

[0045] However, this method still does not implement acceleration of the inference process of 

the LLM, and a request latency is relatively high. In addition, due to a limitation of instantaneous 

network traffic in online scenarios, a quantity of requests arriving in the same time period is 10 

relatively small, and an advantage of the batch cannot be fully used. 

[0046] It can be seen that the method in the related technology cannot simultaneously resolve 

the above-mentioned problems of slow inference of the LLM and a low system throughput caused 

due to a waste of the graphics memory. 

[0047] Based on this, this specification provides text generation methods, which are applied 15 

to an LLM. In each round of iteration of the LLM, the following operations can be performed: A 

first text sequence following a current text sequence is obtained by using a speculative decoding 

method, and a plurality of candidate sequences are formed. Logical blocks are allocated to text 

units in the plurality of candidate sequences in a key-value cache, and the logical blocks are 

mapped to physical blocks. In a process of mapping to a physical block, mapping is performed 20 

based on a first criterion. Specifically, a plurality of logical blocks allocated to the same text unit 

in the plurality of candidate sequences obtained through speculative decoding are mapped to the 

same physical block. Then, a newly generated text unit in the current round of iteration is 

determined by the LLM by using attention information stored in the key-value cache. 

[0048] In the above-mentioned method, first, the speculative decoding method is used, so that 25 

a quantity of tokens generated in one round of iteration is increased, and a quantity of rounds of 

iteration is decreased, to accelerate an inference process of the LLM. Then, a paging management 

method is used, so that more batches can be stored in the KV cache, and a quantity of requests that 

can be simultaneously processed by the LLM is increased, to increase an overall system throughput. 

[0049] In addition, in a method that uses only speculative decoding, because of a limitation of 30 

the KV cache, a batch has a limited length when a quantity of batches is ensured. In this case, a 
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quantity of tokens that can be obtained in one round of speculative decoding is relatively small. 

However, compared with the method, a combination of speculative decoding and a batch 

eliminates a limitation on the length of the batch. In this case, a larger quantity of tokens can be 

obtained through speculative decoding, and an overall throughput is increased. In addition, a 

quantity of rounds of iteration is further decreased, an inference process is accelerated, and an end-5 

to-end latency is reduced. 

[0050] In addition, the above-mentioned method is not just a direct combination of the paging 

management method and the speculative decoding method, but is improved based on the 

combination of the paging management method and the speculative decoding method. Specifically, 

the first criterion is provided in the method provided in this specification. The first criterion is 10 

provided for a demand that exists only in a scenario in which paging management is combined 

with speculative decoding. In a paging management scenario, if no speculative decoding is 

performed, there is no candidate sequence including a plurality of subsequences of the first text 

sequence. In this case, different requests are specific to different input texts, there is no same text 

unit in different requests, and further there is no demand for mapping logical blocks of the same 15 

text unit to the same physical block. 

[0051] It can be seen from the above-mentioned analysis that in the method provided in this 

specification, when speculative decoding is combined with paging management, in a special 

scenario in which there is the same text unit in a plurality of candidate sequences, the first criterion 

for mapping a logical block to a physical block is provided, so that the plurality of candidate 20 

sequences can occupy as little graphics memory space as possible, to further improve utilization 

of the graphics memory space. 

[0052] In addition, the above-mentioned method further increases a compute-to-memory 

access ratio. 

[0053] Specifically, although the inference process of the LLM in the conventional technology 25 

is slow, the slow inference is not caused due to limited hardware resources, and even computing 

performance of the hardware resources is not fully used in the inference process. Specifically, due 

to a limitation of instantaneous network traffic, a quantity of output texts that can be computed by 

a server in one round of iteration is limited, and consequently a relatively small quantity of tokens 

participate in computation in one iteration process. In addition, in each iteration process, all weight 30 

parameters of the LLM model need to be transmitted from a storage unit to a computing unit. It 
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can be seen that in one iteration process, a large amount of time is consumed in a memory access 

operation, and less time is used for computation. That is, the computing performance of the 

hardware resources is not fully used in computing a relatively small quantity of tokens in each 

round of iteration, but the memory access operation consumes a large amount of time. 

[0054] Based on use of the speculative decoding method in the above-mentioned solution, in 5 

a process of generating an output text, a parallel computation amount in one round of iteration is 

increased, and a quantity of rounds of iteration is decreased. As such, a compute-to-memory access 

ratio is increased, and a hardware parallel capability can still be fully used in online scenarios with 

limited network traffic, thereby improving hardware resource utilization. 

[0055] The text generation method provided in this specification is described below. FIG. 2 is 10 

a flowchart illustrating a text generation method, according to some example embodiments of this 

specification. The method is applied to an LLM. In the text generation method, an output text is 

generated for an input text by performing a plurality of rounds of iteration, where at least one 

round of iteration includes the following steps shown in FIG. 2. 

[0056] Step 201: Estimate a first text sequence following an obtained current text sequence 15 

based on a speculative decoding method, and form a plurality of candidate sequences based on the 

current text sequence and different subsequences of the first text sequence. 

[0057] Specifically, to increase an inference speed of the LLM, a plurality of text units 

following the current text sequence are estimated by using a method with simpler complexity, and 

these text units can form the first text sequence. Therefore, the plurality of candidate sequences 20 

can be formed to verify the accuracy of each text unit in the first text sequence. 

[0058] Step 201 can be divided into two phases. The first phase is a phase in which speculative 

decoding is performed to obtain the first text sequence, and the second phase is a process in which 

the plurality of candidate sequences are formed based on a speculative decoding result. 

[0059] The first phase is described below. Nouns involved in the first phase are first described. 25 

[0060] The obtained current text sequence can include a token obtained by converting the user 

input text and a token corresponding to the output text generated by using the LLM, or can include 

only a token sequence of the input text when the first output token is not generated for the input 

text, or can include only a generated token of the output text when the output token is generated. 

[0061] The obtained current text sequence can correspond to one request, and one request is a 30 

request used to process one user input text in one round of iteration. For convenience of description, 
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in this specification, requests are classified into an encoding request and a decoding request. The 

encoding request is a request for generating the first token of the output text, and the decoding 

request is a request for generating a token other than the first token of the output text. 

[0062] Correspondingly, when a currently processed request is an encoding request, the 

obtained current text sequence can include the token obtained by converting the input text. When 5 

a currently processed request is a decoding request, the obtained current text sequence can include 

the token obtained by converting the input text and the token corresponding to the output text 

generated by using the LLM. 

[0063] In addition, a processing process of one request is described in the above-mentioned 

explanations. In an inference process of the LLM, only one request can be processed at a time, or 10 

a plurality of requests can be simultaneously processed in one round of iteration. That is, the input 

text can alternatively include a plurality of user request texts. Correspondingly, the current text 

sequence includes several sequence segments, and each sequence segment corresponds to one 

request, and includes a user request text and an optional generated output text. 

[0064] When the plurality of user request texts are simultaneously processed, the plurality of 15 

user candidate sequences are processed in parallel in the following step 202. 

[0065] In some optional implementations, if a plurality of requests are simultaneously 

processed, speculative decoding can be performed only on a decoding request, no speculative 

decoding is performed on an encoding request, and only attention information of the encoding 

request is stored by using a KV cache. That is, the input text can include a plurality of user request 20 

texts. In this case, the current text sequence includes several sequence segments, and a single 

sequence segment corresponds to an output text generated for a single user request text (that is, 

the current text sequence includes a generated output text); and the first text sequence includes 

several continuation sequences respectively estimated for the several sequence segments. 

[0066] Speculative decoding is performed only on the decoding request because for the 25 

encoding request, speculative decoding can increase an overall processing speed, but does not 

shorten a time to first token, and has limited acceleration impact on the encoding request. Therefore, 

speculative decoding is performed only on the decoding request, and no speculative decoding is 

performed on the encoding request, to ensure that the time to first token is not affected. As such, 

when a user has a demand on the time to first token, user experience can be ensured. 30 

[0067] Certainly, when a plurality of requests are simultaneously processed, speculative 



 

12 

decoding can be performed on both an encoding request and a decoding request. Implementations 

are not limited in this specification. 

[0068] After the current text sequence is described, the first text sequence is described below. 

The first text sequence is a sequence including a text unit (Token), subsequent to the obtained 

current text sequence, obtained through speculative decoding. For example, if a text corresponding 5 

to the obtained current text sequence is "weather today", a text corresponding to the first text 

sequence can be "is a sunny day". 

[0069] In addition, for one request, one result can be obtained through sampling, as described 

above, or a plurality of results can be obtained through sampling. When a plurality of results are 

obtained through sampling, the first text sequence can include a plurality of possible sequences 10 

subsequent to the current text sequence. For example, if a text corresponding to the current text 

sequence is "weather today", a text corresponding to the first text sequence can be two possible 

results: "is a sunny day" and "is a cloudy day". 

[0070] There are advantages when one result is obtained through speculative decoding and 

there are advantages when a plurality of results are obtained through speculative decoding. When 15 

one result is obtained through speculative decoding, a subsequent computation amount of the LLM 

can be reduced, and repeated writing and return to the KV cache can be reduced. When a plurality 

of results are obtained through speculative decoding, accuracy of a result obtained through 

speculative decoding can be improved, thereby decreasing a quantity of rounds of iteration, and 

improving an LLM inference acceleration effect of speculative decoding. 20 

[0071] Speculative decoding is described below. 

[0072] Speculative decoding means that before a real generative operation is performed, a 

group of results are predicted by using an untrusted method, and then correctness of the predicted 

results is verified by using a trusted computational process. Generally, computational costs of the 

untrusted method are far less than computational costs of the trusted method. 25 

[0073] An implementation of speculative decoding can be the same as the implementation in 

the related technology described above, that is, a plurality of tokens are obtained at a time by using 

a simplified language model. In addition, for the implementation of speculative decoding, 

speculative decoding can alternatively be implemented based on a vocab table. In a process of 

performing speculative decoding based on a vocab table, the current text sequence can be used as 30 

a key value, and a matching mapping value can be queried in the vocab table as the first text 
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sequence. Certainly, the two speculative decoding examples shown in this specification do not 

represent limitations on this specification. Another speculative decoding method can alternatively 

be used in the method shown in this specification. Implementations are not limited in this 

specification. 

[0074] A method for implementing speculative decoding based on a vocab table is described 5 

below in detail. 

[0075] In some optional implementations, the vocab table can store a mapping relationship 

between the current text sequence and a text sequence subsequent to the current text sequence. By 

performing matching in the vocab table, a possible first text sequence subsequent to the current 

text sequence can be quickly obtained. 10 

[0076] That is, a speculative decoding process can include querying a vocab table by using the 

current text sequence, to obtain the matching first text sequence. The vocab table includes a 

plurality of mapping relationships, the mapping relationship is a mapping relationship between a 

text sequence and a continuation text sequence following the text sequence, and the vocab table is 

obtained based on a text generated by the LLM. 15 

[0077] The vocab table includes a mapping relationship, that is, includes a mapping 

relationship between a text sequence and a text sequence subsequent to the text sequence, for 

example, can store mapping relationships such as "weather tomorrow" - "is a sunny day" and 

"weather is" - "a sunny day". 

[0078] The mapping relationship in the vocab table can be obtained based on a text previously 20 

generated by the LLM model. 

[0079] In addition, to improve a degree of matching between the output text and the input text, 

and improve the accuracy of the estimated first text sequence, the vocab table can include a global 

vocab table and a local vocab table. The global vocab table caches all high-frequency mapping 

relationships generated since a service is started, while the local vocab table caches a high-25 

frequency mapping relationship generated in a process of generating an output text for a certain 

input text. 

[0080] That is, the vocab table includes a global vocab table and a local vocab table; the global 

vocab table records a mapping relationship in which a co-occurrence frequency of sequences in 

the text generated by the LLM is greater than a first frequency threshold; the local vocab table 30 

records a mapping relationship in which a co-occurrence frequency of sequences in a text 
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generated for the input text is greater than a second frequency threshold; and after the output text 

is generated, the local vocab table is added to the global vocab table. 

[0081] The co-occurrence frequency is a frequency at which two sequences in the mapping 

relationship simultaneously and continuously occur in a corpus. The first frequency threshold and 

the second frequency threshold can be the same or different, and a specific value can be selected 5 

based on scenario needs. 

[0082] After the output text is generated, the local vocab table can be added to the global vocab 

table because the text related to the corresponding input text does not need to be generated again. 

[0083] By adding the local vocab table, some mapping relationships that are not common in 

other output texts but are relatively common in a scenario of the current input text, to improve 10 

accuracy of a matching result. 

[0084] In addition, matching can be preferentially performed in the local vocab table when 

matching is performed, to improve a degree of matching between the matching result and the 

current scenario. Alternatively, matching can be performed in both the two vocab tables, to 

improve a degree of matching between the matching result and the current scenario and improve 15 

richness of a result. 

[0085] In addition to storing the mapping relationship, the vocab table can further store a score 

value of the mapping relationship. The score value can be positively correlated with the co-

occurrence frequency. When speculative decoding is performed, if a plurality of text sequences 

match the current text sequence, a text sequence with the highest score value can be used as the 20 

first text sequence. As such, the accuracy of the speculative decoding result can be improved, a 

quantity of tokens participating in computation in the LLM can be decreased, and the inference 

process of the LLM can be accelerated to some extent. 

[0086] That is, the mapping relationship in the vocab table corresponds to a score value 

determined based on the co-occurrence frequency; and the querying a vocab table by using the 25 

current text sequence, to obtain the matching first text sequence includes: performing query and 

matching for the current text sequence in the vocab table; and when there are a plurality of 

matching text sequences in the vocab table, determining a text sequence with the highest score 

value as the first text sequence. 

[0087] In addition, when there is a score value, to improve accuracy of speculative decoding, 30 

a score value of a mapping relationship that is not hit within a time period in the global vocab table 
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can be reduced, and a reduction value can be determined based on a change value of the co-

occurrence frequency. 

[0088] In some other optional implementations, the vocab table can store a plurality of 

sentences, and the plurality of sentences can be sentences generated by the LLM. When the first 

text sequence is obtained, the current text sequence can be matched with the plurality of sentences. 5 

When there is a text, that matches the current text sequence, in a certain sentence in the vocab 

table, a text sequence subsequent to the current text sequence in the sentence can be used as the 

first text sequence. 

[0089] For example, the current text sequence is "weather tomorrow", and the vocab table 

stores the sentence "weather tomorrow is a sunny day". In a process of performing matching 10 

between the current text sequence and the vocab table, if it is determined that "weather tomorrow 

is a sunny day" matches "weather tomorrow", a subsequent text sequence "is a sunny day" of 

"weather tomorrow" in the sentence can be used as the first text sequence. 

[0090] It is worthwhile to note that for ease of understanding, the above-mentioned examples 

are examples of the mapping relationship, the text sentence, etc., and are provided in a form of a 15 

text. However, in an actual application process, the vocab table stores a token corresponding to a 

text. The current text sequence and the first text sequence also exist in a form of a token sequence. 

Similarly, a text mentioned below also exists in a form of a token. Details are omitted here for 

simplicity. 

[0091] Some commonalities between the above-mentioned two vocab tables are described 20 

below. 

[0092] When the LLM model corresponds to a relatively short service application time and a 

relatively small quantity of texts are generated, the vocab table can alternatively be obtained based 

on a text obtained from a network. In this case, when the service application time corresponding 

to the LLM model is increased and the LLM model generates sufficient texts to form a vocab table, 25 

the original vocab table obtained based on the text obtained from the network can be deleted, to 

ensure accuracy of the speculative decoding result. Certainly, to ensure diversity of the speculative 

decoding result, the vocab table obtained based on the text obtained from the network can 

alternatively be retained. 

[0093] If the first text sequence that matches the current text sequence does not exist in the 30 

vocab table, speculative decoding can be additionally performed for the current text sequence by 
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using another speculative decoding method. Alternatively, a token subsequent to the current text 

sequence can be directly obtained by using the LLM. 

[0094] In addition, when query is performed in the vocab table, query can be performed by 

using all tokens of the current text sequence as a key value. 

[0095] In some cases, the generated output text is relatively long. If query is performed by 5 

using all the tokens of the current text sequence as a key value, a matching failure may be caused. 

[0096] Therefore, in addition to performing query by using all the tokens of the current text 

sequence as a key value, matching and query can be performed by using last several tokens (a 

quantity can be predetermined) of the current text sequence as a key value. For example, if the 

current text sequence is "weather tomorrow is", matching and query can be performed by selecting 10 

"weather is" as a key value. 

[0097] Further, when the vocab table stores a mapping relationship, considering that most 

characters can be represented by using a single token or two tokens, a single token or a token pair 

can be used as a key value of the vocab table. In this case, a token used to perform matching in the 

vocab table can include a last single token or a token pair of the current text sequence, and a key 15 

value of the mapping relationship in the vocab table correspondingly includes a single token or a 

token pair. 

[0098] In addition, as described above, speculative decoding can be performed on the encoding 

request. For the encoding request, the current text sequence can be all tokens corresponding to the 

input text, or last several tokens corresponding to the input text. 20 

[0099] In addition, when the LLM simultaneously processes a plurality of requests, 

speculative decoding can be separately performed on the plurality of requests in one round of 

iteration. Correspondingly, the current text sequence includes several sequence segments, and 

matching can be separately performed for each sequence segment in the vocab table. Several 

continuation sequences respectively obtained for the several sequence segments through 25 

speculative decoding can form the first text sequence. 

[0100] After the first phase of step 201 is described, the second phase of step 201, that is, the 

process of forming the candidate sequence, is described below. 

[0101] After the first text sequence is obtained, because the LLM model can output a 

subsequent token only based on an input token at a time, the first text sequence cannot be directly 30 

verified. Therefore, to help the LLM determine, in subsequent steps, whether each token in the 
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first text sequence is accurate, the first text sequence and the current text sequence need to be 

organized into forms of candidate sequences. This process can also be referred to as request 

splitting. 

[0102] A single candidate sequence in the plurality of candidate sequences includes the current 

text sequence, or includes the current text sequence and a subsequence extracted from the 5 

beginning of the first text sequence. That is, the subsequence is a consecutive subsequence in the 

first text sequence, and the subsequence includes several earlier tokens of a possible speculative 

decoding result in the first text sequence. In addition, different candidate sequences are different, 

and different candidate sequences are used to verify different tokens in the first text sequence. 

[0103] For example, the current text sequence is "weather tomorrow", and the first text 10 

sequence includes two sequence segments: "is a sunny day" and "is a cloudy day". 

Correspondingly, the candidate sequences include "weather tomorrow", "weather tomorrow is", 

"weather tomorrow is a sunny", "weather tomorrow is a sunny day", "weather tomorrow is a 

cloudy", and "weather tomorrow is a cloudy day". 

[0104] By inputting each candidate sequence to the LLM in subsequent steps, the LLM can 15 

output a token subsequent to each candidate sequence, and can output a plurality of tokens by 

comparing the token with a token at a corresponding location in the first text sequence. 

[0105] Step 202: Allocate logical blocks to text units in the plurality of candidate sequences in 

a key-value cache, to store attention information of the text units, and map the allocated logical 

blocks to physical blocks based on a first criterion. 20 

[0106] The first criterion includes that a plurality of logical blocks allocated to the same text 

unit in the plurality of candidate sequences are mapped to the same physical block. 

[0107] Specifically, in step 202, a paging management idea is used, and a form in which a 

logical block is allocated in the key-value cache and then mapped to a physical block is used, to 

reduce a waste of the non-shaded storage space in FIG. 1. In addition, on this basis, for speculative 25 

decoding, a plurality of candidate sequences that include the same token are obtained. For a 

plurality of candidate sequences of one user request text in one round of iteration, although 

different logical blocks are allocated to attention information of the same token in the plurality of 

candidate sequences in a logical unit, these different logical blocks are mapped to the same 

physical block. As such, the attention information is quickly read by using the logical block, and 30 

occupation of physical storage space is reduced, so that more batches are stored in the KV cache, 
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and an advantage of the batch is fully used, to increase an overall system throughput. 

[0108] A specific implementation of step 202 is described below. 

[0109] First, for a specific meaning, stored content, and a function of the KV cache, references 

can be made to the above-mentioned descriptions. Details are omitted here for simplicity. Storage 

methods of the logical block and the physical block in the KV cache are described below in detail. 5 

[0110] The storage method of the logical block is similar to the storage method shown in FIG. 

1. Each row is used to store attention information corresponding to one request, that is, attention 

information of one candidate sequence. The logical block is stored to facilitate construction of an 

attention matrix, and facilitate computation by the LLM in subsequent steps. 

[0111] That is, logical storage space corresponding to the key-value cache forms a matrix, and 10 

a logical block in one row in the matrix is used to store a text unit in one candidate sequence. 

Correspondingly, a process of allocating logical blocks is: adding a new row to the matrix for each 

candidate sequence, and adding a logical block to the row for a text unit in the candidate sequence. 

[0112] Specifically, when a logical block is allocated, a new row can be added to the KV cache, 

and the logical block is mapped based on a block size. For example, for the encoding request, a 15 

logical block can be allocated based on a length of a token corresponding to an input text; and for 

the decoding request, a corresponding quantity of logical blocks can be allocated based on a 

longest length obtained after speculative decoding. 

[0113] For example, if a length of a request (that is, an encoding request) in an encoding phase 

is 5 and the block size is 2, a new row needs to be added to the KV cache, and three logical blocks 20 

need to be allocated to the request in the row. In addition, because the request is an encoding 

request, the KV cache does not store any attention information of the request before the request is 

input. Therefore, after the logical block is allocated, the three allocated logical blocks need to be 

mapped to physical blocks for storage. 

[0114] For another example, if a request (that is, a decoding request) in a decoding phase is 25 

split to obtain three requests (corresponding to different candidate sequences), for any request 

obtained through splitting, a new row can be added to the logical storage space, and a 

corresponding logical block is allocated to the request in the row. If a length of the request is 8, 

when the block size is 2, four logical blocks need to be allocated to the request. In the four logical 

blocks, if attention information of two logical blocks is the same as attention information of the 30 

request before splitting, and the attention information of the request before splitting is computed 
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and stored in the KV cache in a previous round of iteration, the two logical blocks can be mapped 

to a corresponding stored physical block. In the four logical blocks, if a token corresponding to 

one logical block overlaps a token in another request obtained through splitting, logical blocks 

corresponding to the same token in the two requests obtained through splitting can be mapped to 

the same physical block. If content stored in the last one remaining logical block is different from 5 

that in another request, the logical block can be directly mapped to a new physical block. 

[0115] In addition, a plurality of blocks in the physical storage space can be consecutively 

stored, or can be stored in idle storage space based on a storage rule. As such, all physical storage 

space can be applied, so that more batches can be simultaneously processed, to increase the system 

throughput. 10 

[0116] Step 203: The LLM determines a newly generated text unit in the current round of 

iteration by using attention information of each candidate sequence in the key-value cache, to form 

a current text sequence for a next round. 

[0117] Specifically, the plurality of candidate sequences can be simultaneously processed by 

using the LLM, to obtain a plurality of tokens in one round of iteration, and construct a text 15 

sequence for a next round of iteration based on the token generated in the current round of iteration, 

until the output text is obtained. 

[0118] Compared with that in the method in which no speculative decoding is used in the 

related technology, the LLM needs to process more requests in one round of iteration, that is, more 

candidate sequences. However, for the LLM, compared with computation of a small quantity of 20 

requests, computation of an appropriate quantity of requests by the LLM in one round of iteration 

does not result in an excessively high latency because of a hardware parallel capability. For 

example, a time consumed by the LLM to process five requests is roughly the same as a time 

consumed to process 50 requests, and compared with processing of the five requests, processing 

of the 50 requests does not result in a significant latency. As such, the hardware parallel capability 25 

can be fully used in step 203, thereby decreasing a quantity of rounds of iteration and accelerating 

the inference process of the LLM. 

[0119] A specific form of the LLM is not limited in this specification. The method in this 

specification can be applied to any existing LLM. 

[0120] In step 203, a subsequent token can be predicted for each candidate sequence by using 30 

the attention information stored in the key-value cache, and a newly generated token in the current 
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round of iteration can be determined based on the token predicted by the LLM for each candidate 

sequence. As such, by using the speculative decoding result as an input, a token subsequent to the 

input can be predicted, so that a plurality of token are generated in one round of iteration. 

[0121] That is, the determining a newly generated text unit in the current round of iteration 

includes: The LLM predicts a next text unit for each candidate sequence by using the attention 5 

information of each candidate sequence in the key-value cache, and sequentially forms a second 

text sequence for next text units respectively predicted for the plurality of candidate sequences; 

and compares the second text sequence with the first text sequence, and determines the newly 

generated text unit based on a comparison result. 

[0122] For example, the candidate sequences include "weather tomorrow", "weather tomorrow 10 

is", "weather tomorrow is a sunny", and "weather tomorrow is a sunny day". In this case, for 

"weather tomorrow", the LLM can generate a token corresponding to "is", and the token can verify 

whether "is" in the first text sequence is accurate; for "weather tomorrow is", the LLM can generate 

a token corresponding to "a sunny"; for "weather tomorrow is a sunny", the LLM can generate a 

token corresponding to "day"; and for "weather tomorrow is a sunny day", the LLM can generate 15 

a subsequent token, for example, a token corresponding to "please". Correspondingly, the second 

text sequence is "is a sunny day. Please". 

[0123] The second text sequence is compared with the first text sequence. A matching token 

"is a sunny day" can be used as a token verified as "correct". As such, an objective of generating a 

plurality of tokens in one round of iteration is achieved. 20 

[0124] In addition, in a verification process of the LLM, there are some tokens with incorrect 

speculative decoding results, and in step 202, logical blocks and physical blocks are allocated to 

these tokens. If there are tokens with incorrect speculative decoding results, logical blocks and 

physical blocks occupied by these tokens need to be returned, to reduce unnecessary resource 

occupation. 25 

[0125] For an earlier token in the first text sequence, if a speculative decoding result of the 

token is incorrect, a token, subsequent to the token, obtained through speculative decoding is also 

untrusted, and a logical block and a physical block allocated to the subsequent token also need to 

be returned. 

[0126] In addition, for a token in the second text sequence, if the token is different from a 30 

token at a corresponding location in the first text sequence, it indicates that a speculative decoding 
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result of the token at the corresponding location in the first text sequence is incorrect and there is 

an incorrect text unit, and can further indicate that a token subsequent to the token in the second 

text sequence is also untrusted. This is because the token subsequent to the token is generated by 

the LLM based on the speculative decoding result. When the speculative decoding result is 

incorrect, the token subsequent to the token in the second text sequence is also untrusted. 5 

[0127] That is, the following operations further need to be performed: determining a first 

incorrect text unit based on the comparison result, where the first incorrect text unit is a text unit 

that exists in the first text sequence and does not exist at a corresponding location in the second 

text sequence; determining a text unit following the first incorrect text unit in the first text sequence 

as a second incorrect text unit; and for each incorrect text unit in the first incorrect text unit and 10 

the second incorrect text unit, returning a logical block and a physical block corresponding to 

attention information of the incorrect text unit in the key-value cache. 

[0128] The first incorrect text unit is directly obtained by comparing the first text sequence 

with the second text sequence. The second incorrect text unit is a token subsequent to the first 

incorrect text unit in the first text sequence. The second incorrect text unit may be a text unit that 15 

exists at a corresponding location in each of the first text sequence and the second text sequence 

but is actually incorrectly estimated. 

[0129] In addition, when the logical block is allocated, the plurality of candidate sequences 

occupy a plurality of rows. However, in the next round of iteration, the plurality of rows of 

candidate sequences in the current round of iteration are no longer needed. Therefore, after the 20 

newly generated text unit in the current round of iteration is determined, the plurality of candidate 

sequences in the logical block can be combined to facilitate the next round of iteration. Certainly, 

in the next round of iteration, when a logical block is allocated to a candidate sequence obtained 

through speculative decoding in the next round of iteration, the logical block occupied by the 

plurality of candidate sequences in the current round of iteration is processed together. 25 

Implementations are not limited in this specification. 

[0130] How to combine the LLM batch with the speculative decoding method in the iteration 

process is described above. When to perform the above-mentioned method is described below. 

[0131] It is found, in a process of testing this solution, that when no limitation is imposed on 

sampling behavior, compared with those in a case of not using this solution, a token generation 30 

speed (Token/s) and the throughput (qps) are increased by 12 times in a case of using this solution, 



 

22 

but the corresponding time to first token is also doubled. It can be seen that although the above-

mentioned method can increase the system throughput and an output speed of the output text, in 

the above-mentioned process, a computation amount in each round of iteration is increased, and a 

time needed for one round of iteration is longer than that in the related technology. This leads to 

an increase in the time to first token. The time to first token is a time consumed from sending of 5 

the input text by the user to the system to generation of the first token in the output text. 

[0132] There are different demands on a system performance indicator in different scenarios. 

There may be a relatively high demand on the time to first token in some scenarios, there may be 

a relatively high demand on the system throughput in some scenarios, and there may be a relatively 

high demand on both the time to first token and the system throughput in some scenarios. Therefore, 10 

for different scenarios, three optional modes are provided in an example provided in this 

specification, to support more service scenarios by using a plurality of optional modes. The three 

optional modes are described below. 

[0133] 1. Speculative decoding is disabled. 

[0134] Speculative decoding increases a computation amount in one round of iteration, and 15 

increases a data amount for LLM inference. In addition, a speculative decoding operation and KV 

cache allocation and reclaim cause additional overheads. Furthermore, speculative decoding 

cannot shorten a generation time of the first token. Therefore, if speculative decoding is used, the 

time to first token is adversely affected. However, if speculative decoding is disabled, adverse 

impact of speculative decoding on the time to first token is avoided. In scenarios in which there is 20 

a relatively high demand on the time to first token, this mode can be used to avoid an increase in 

the time to first token. 

[0135] 2. Speculative decoding is performed when all requests are decoding requests. 

[0136] That is, when a plurality of requests are processed in one round of iteration, that is, the 

current text sequence includes a plurality of sequence segments, a process of estimating the first 25 

text sequence in the first phase of step 201 includes: performing the speculative decoding only 

when the LLM generates at least one output text unit for each of the plurality of user request texts, 

where the current text sequence includes a plurality of sequence segments corresponding to the 

plurality of user request texts. 

[0137] When at least one output text unit is generated for each of the plurality of user request 30 

texts, it represents that a request corresponding to the sequence segment is a decoding request 
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instead of a request for generating the first token. 

[0138] This mode is applicable to applications or services with a relatively high demand on 

the time to first token, a relatively high demand on the end-to-end latency (that is, a latency for 

generating the complete output text), and a relatively high demand on the throughput. Considering 

that speculative decoding adversely affects the time to first token and has no acceleration effect on 5 

a request in the encoding phase, decoding sampling is performed only when a certain input is a 

decoding request, to balance a plurality of performance indicators, that is, the time to first token, 

the end-to-end latency, and the throughput. 

[0139] 3. Adaptive speculative decoding is performed based on a request length. 

[0140] First, it is worthwhile to note that when a computing power indicator is evaluated below, 10 

the computing power indicator is evaluated based on a quantity of tokens whose attention 

information needs to be computed in one round of iteration. The computing power represents a 

maximum quantity of tokens that can be simultaneously processed by the system in one round of 

iteration without significantly affecting the processing speed. Processing here is processing of 

computing the attention information. For example, if the computing power is 100 tokens, it 15 

indicates that the system can compute attention information of a maximum of 100 tokens in parallel 

in one round of iteration without affecting the processing speed. 

[0141] It is worthwhile to further note that this part is specific to scenarios in which a plurality 

of requests are processed in one round of iteration. 

[0142] Specifically, when a relatively large quantity of requests are processed in one round of 20 

iteration or there is a very large quantity of tokens in an input encoding request, and when hardware 

performance can be fully used, speculative decoding can no longer be performed. Otherwise, a 

response speed may be decreased. For example, the hardware computing power indicator is 100 

tokens, and the quantity of tokens in the input encoding request is 100 tokens or even greater than 

100 tokens. In this case, there is no extra computing power to be allocated to the decoding request, 25 

and therefore speculative decoding may not be performed to avoid significantly affecting the 

processing speed. 

[0143] When a relatively small quantity of requests are input or there is an insufficient quantity 

of tokens in an input encoding request, and hardware performance cannot be fully used, computing 

power consumed for the encoding request can be subtracted from the hardware computing power 30 

indicator, and the remaining computing power is equally allocated to a plurality of decoding 
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requests, to determine a quantity of tokens obtained for each decoding request through speculative 

decoding, that is, a length of the first text sequence. 

[0144] That is, before speculative decoding, the following operations further need to be 

performed: determining a hardware computing power indicator and a first quantity of text units in 

a target request text, where the hardware computing power indicator is used to represent a 5 

maximum quantity of text units whose attention information can be simultaneously computed, and 

the target request text is a user request text for which a first text unit in an output text is not 

generated when the current round of iteration starts; determining an available computing power 

indicator based on a difference between the maximum quantity of text units and the first quantity; 

and determining a length of the first text sequence based on the available computing power 10 

indicator. 

[0145] The target request is an encoding request. By subtracting the quantity of the target 

request from the maximum quantity of text units, the available computing power indicator, that is, 

a computing power indicator available for the decoding request, is obtained. The available 

computing power indicator can be further allocated to a plurality of decoding requests based on a 15 

predetermined allocation criterion, to determine the length of the first text sequence. The 

predetermined allocation criterion can be equal allocation, etc. 

[0146] For example, a hardware computing power indicator of a certain machine is that 100 

tokens can be simultaneously processed, and there are only a total of 36 tokens in an input encoding 

request. In this case, it can be determined that the available computing power indicator is 64 tokens, 20 

and the computing power indicator of 64 tokens can be equally allocated to all decoding requests. 

If there are 16 decoding requests, three additional tokens need to be obtained through speculative 

decoding based on an input token for each decoding request. 

[0147] In the above-mentioned example, a first text sequence obtained through speculative 

decoding for each decoding request includes three tokens instead of four tokens because for the 25 

request in the decoding phase, attention information of the first text sequence obtained through 

speculative decoding needs to be computed in one round of iteration, and a token whose attention 

information is not computed in a previous round of iteration further needs to be computed. 

Specifically, when the first text sequence estimated through speculative decoding is correct, in step 

203, the LLM may further generate a subsequent token for a candidate sequence including the 30 

current text sequence and the first text sequence, and attention information of the token needs to 
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be computed in the next round of iteration. 

[0148] For example, if the current text sequence is "weather tomorrow", and the first text 

sequence is "is a sunny day", attention information of a token corresponding to "is a sunny day" is 

computed in the current round of iteration and stored in the KV cache in step 202. For the candidate 

sequence "weather tomorrow is a sunny day", if the LLM further generates the token 5 

corresponding to "please" in step 203, attention information of the token corresponding to "please" 

is computed in the next round of iteration. 

[0149] This mode is applicable to applications or services with a high demand on the end-to-

end latency and a high demand on the throughput. In the above-mentioned mode, utilization of 

computing resources can be maximized, and a low end-to-end latency and a high throughput can 10 

be ensured as much as possible while the throughput is ensured. 

[0150] In addition, the plurality of above-mentioned modes can be adjusted based on a 

performance indicator to which a service pays close attention, to obtain a shorter latency or a 

higher throughput. If there is no performance indicator to which close attention is paid, the system 

can adaptively adjust a sampling length, to ultimately obtain system performance with a relatively 15 

balanced latency and throughput. 

Table 1 

Sampling mode 

Performance indicator 

Throughput Time to first token 

Speculative decoding is disabled Poor Good 

Speculative decoding is performed 

when all requests are decoding 

requests 

Medium Medium 

Adaptive speculative decoding is 

performed based on a request length 

Good Medium 

 

[0151] For performance of the performance indicator in the three modes, references can be 

made to Table 1. It can be seen from Table 1 that when the speculative decoding method is disabled, 20 

a relatively good time to first token can be obtained, but an overall request latency and system 

throughput are relatively poor. If speculative decoding is performed when all requests input in one 
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round of iteration are decoding requests, a slightly better time to first token can be obtained, and 

an overall system latency and throughput are slightly better than those obtained when sampling 

optimization is completely disabled. When adaptive speculative decoding is performed based on a 

quantity of requests, sequences of different lengths are obtained through sampling for batches in 

different rounds of iteration based on a quantity of tokens input in a current round of iteration. This 5 

can greatly increase the system throughput and shorten the request latency, but affects the indicator 

of the time to first token. 

[0152] In conclusion, compared with the method in which a paging-based KV cache is simply 

used in the related technology, the method provided in this specification decreases a quantity of 

rounds of iteration in a text generation process through speculative decoding, and lowers the 10 

request/end-to-end latency. In addition, the method removes serial dependency, obtains the first 

text sequence through speculative decoding, and performs verification on the first text sequence 

by using the LLM. This increases a data amount in one time of computation, and fully uses a GPU 

parallel computing capability. As such, a problem that a hardware parallel capability cannot be 

fully used due to a limitation of instantaneous traffic in online scenarios is resolved, thereby 15 

increasing a service throughput. 

[0153] Compared with that in the method in which only speculative decoding is used in the 

related technology, in this solution, paging-based graphics memory management is added. This 

process includes a logical block mapping process input after sampling and a graphics memory 

return process after a request ends. This greatly reduces graphics memory fragmentation, increases 20 

a quantity of tokens that can be obtained through sampling, and further increases the service 

throughput. In addition, this specification provides a plurality of sampling modes, and a user can 

flexibly select an appropriate sampling mode based on a service scenario, to obtain better service 

performance. 

[0154] In addition, in the method provided in this specification, the speculative decoding 25 

method and the paging management method are not directly combined, but a problem that exists 

in a scenario after combination is resolved. In this system, KV cache space is managed by using 

the paging-based graphics memory management method, and the KV cache is divided into logical 

blocks that include specific sequence lengths for allocation. In addition, requests obtained through 

splitting due to speculative decoding can share KV cache space with a common prefix, that is, 30 

logical blocks corresponding to the same token in candidate sequences are mapped to the same 
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physical block, to save a large amount of graphics memory space to carry more batch requests, 

and increase the service throughput. 

[0155] The text generation method provided in this specification is described below by using 

a specific embodiment. 

[0156] A service can obtain an input text, and generate an output text for the input text. The 5 

process can be implemented by performing a plurality of rounds of iteration. Each round of 

iteration can include five phases shown in FIG. 3 and FIG. 4. FIG. 3 and FIG. 4 jointly form the 

five phases in each round of iteration. For ease of reading, the five phases are described here by 

using two figures, that is, FIG. 3 and FIG. 4. It is easy to understand that after phase 2 in FIG. 3 in 

each round of iteration ends, phase 3 shown in FIG. 4 needs to be performed. 10 

[0157] The service includes a plurality of modules responsible for performing iteration. The 

modules are as follows: 

[0158] First, a scheduling module is responsible for reading a related configuration, receives 

a new request, and determines whether the request ends. 

[0159] Second, a KV cache management module is responsible for KV cache paging 15 

management, and mainly provides functions such as KV cache physical block allocation, reclaim, 

and logical block mapping. 

[0160] Third, a lookahead module is responsible for speculative decoding, where a vocab table 

query-based sampling method is used in this specification, and mainly provides functions of 

storing a token sequence, performing sampling based on current token information, extracting a 20 

correctly sampled sequence, etc. 

[0161] Fourth, a batcher module is mainly responsible for constructing a model input based 

on a request input and speculative decoding information, and constructing request output data 

based on a model output. 

[0162] As shown in FIG. 3 and FIG. 4, in a process of generating a plurality of output texts for 25 

a plurality of input texts by the service, each round of iteration includes the following five phases. 

[0163] First, before iteration starts, and before phase 1 in FIG. 3 is performed, the scheduling 

module first receives a new request, determines whether a request participating in iteration in a 

previous round ends, to select a request to participate in a current time of computation, determines, 

based on a predetermined mode, whether to perform speculative decoding, and when speculative 30 

decoding needs to be performed, continues to perform phases 1–5 shown in FIG. 3 and FIG. 4. If 
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a speculative decoding module does not need to be performed, phase 1 is not performed, the 

batcher module directly constructs model input data, and phase 3 is performed to obtain a token 

output in the current round of iteration. 

[0164] In addition, if a mode used is that adaptive speculative decoding is performed based on 

a request length, the scheduling module can further determine a length for speculative decoding. 5 

[0165] In phase 1, speculative decoding is performed. This phase is performed by the 

lookahead module. 

[0166] First, for ease of understanding, meanings of letters in FIG. 4 are described here. Here, 

 represents a jth token in an ith request,  represents a kth token obtained for the ith request 

through speculative decoding, k represents an index of the kth token in a sequence segment of a 10 

first text sequence, and j represents an overall index of the kth token in a current text sequence and 

the sequence segment corresponding to the first text sequence, that is, an overall index in tokens 

processed by an LLM for a certain request. 

[0167] The input shown in FIG. 3 includes five requests, where request 0 and request 1 are 

encoding requests, and request 2, request 3, and request 4 are decoding requests. The input shown 15 

in FIG. 1 refers to a length of a sequence input to a vocab table. Therefore, tokens in request 0 and 

request 1 in an encoding phase are counted starting from 0. However, when speculative decoding 

is performed on a request in a decoding phase based on the vocab table, one token is used as a key 

value. Therefore, in the input request, each of request 2, request 3, and request 4 includes only the 

last token. For a token included in each request, references can be made to the descriptions in FIG. 20 

3. Details are omitted here for simplicity. 

[0168] Based on speculative decoding, from the vocab table, three tokens are obtained for 

request 2 through sampling, one token is obtained for request 3 through sampling, and matching 

of request 4 is not completed in the vocab table, and no token is obtained through sampling. In 

FIG. 3, the token obtained through speculative decoding is marked by using a dashed line. 25 

[0169] Because a plurality of tokens are obtained for each of request 2 and request 3 through 

speculative decoding, each of request 2 and request 3 is correspondingly split into a plurality of 

requests. 

[0170] Specifically, request 2 is split into four requests:  ,  ,  , and  . A 

candidate sequence corresponding to   includes a token  ; a candidate sequence 30 
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corresponding to  includes tokens  and ; a candidate sequence corresponding to 

 includes tokens , , and ; and a candidate sequence corresponding to  

includes tokens  ,  ,  , and  . In some implementations, each of the several 

requests can further include  and . Request 3 is similar to request 2. Details are omitted 

here for simplicity. 5 

[0171] In phase 2, the plurality of requests obtained through splitting need to be respectively 

stored in different rows in a logical block. In phase 3, one token is separately generated for each 

request obtained through splitting. 

[0172] In phase 2, KV cache graphics memory allocation is performed. This phase is 

performed by the KV cache management module. 10 

[0173] First, the KV cache management module can first determine whether there are 

sufficient logical blocks, and if there are insufficient logical blocks to complete current mapping, 

can first allocate a physical memory, and then perform KV cache logical block mapping. If there 

are sufficient graphics memory blocks, logical block mapping is directly performed, and a physical 

block is allocated to the logical block. 15 

[0174] There is no one-to-one correspondence between logical blocks and physical blocks. 

Therefore, even if there is no idle logical block in logical storage space, storage can continue to be 

performed in physical storage space. In this case, an attempt can be first made to allocate a physical 

block to attention information. If the physical block can be allocated, it indicates that a logical 

block can be added to the logical storage space. Otherwise, if a logical block is directly allocated, 20 

content corresponding to the logical block possibly cannot be stored in the physical storage space. 

[0175] For each request, KV cache graphics memory allocation can be performed by using the 

method shown in FIG. 3. In FIG. 3, a logical block area on the left side shows the logical storage 

space including logical blocks, and a physical block on the right side shows the physical storage 

space. Physical blocks are exemplarily identified and distinguished by using numbers 0–35. A 25 

number in a logical block indicates that the logical block is mapped to a physical block represented 

by using the number. For example, the first logical block in the last row in the logical storage space 

is marked with a number 3, indicating that the logical block is mapped to physical block 3, that is, 

physical block 3 is used to store content in the logical block. 

[0176] In a box corresponding to a logical block, a box shown by using a dashed line is a block 30 
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to which a new physical block needs to be currently allocated, and a box shown by using a solid 

line is a block to which a physical block has been allocated. In a box corresponding to a physical 

block, a dashed line box is a physical block to which new mapping needs to be performed in a 

current round of iteration, a solid line box is a physical block to which mapping has been performed, 

and a box with a gray background is a physical block occupied after the current round of iteration. 5 

Different sizes of the dashed line box and the solid line box in FIG. 3 are for ease of reading, and 

do not indicate a difference in an amount of content stored in the two types of blocks. Optionally, 

a block size can be 2. 

[0177] Specifically, for request 0 and request 1 in the encoding phase, because the encoding 

requests participate in iteration for the first time, attention information of these requests is not 10 

previously stored in a KV cache. Therefore, a logical block needs to be allocated to the encoding 

request, and the logical block is mapped to a physical block, that is, physical blocks 8–11 are newly 

allocated and newly mapped. 

[0178] For request 4, because no token is obtained through speculative decoding, there is no 

need to allocate a logical block and a physical block to the request in the current round of iteration. 15 

[0179] For request 2 and request 3, a plurality of candidate sequences obtained after 

speculative decoding need to be first determined, then a new row is added to the logical space for 

each candidate sequence, and a logical block is mapped to a physical block. During mapping to a 

physical block, logical blocks corresponding to the same token need to be mapped to the same 

physical block. 20 

[0180] For request 2, four requests are obtained through splitting, and each of the four requests 

occupies one row in the logical space for storage. Although respective first logical blocks in the 

four requests are newly allocated in the logical storage space to the requests obtained through 

splitting from request 2, the first logical blocks store attention information of  and a previous 

token of , and the attention information is computed in a previous round of iteration and stored 25 

in physical block 0. A continuation logical block stores attention information of the token obtained 

through speculative decoding. Therefore, a physical block (that is, block 12 and block 13) needs 

to be allocated to the logical block in the current round of iteration for storage. 

[0181] A physical block allocation process of request 3 is similar to that of request 2. Details 

are omitted here for simplicity. 30 

[0182] In phase 3, LLM inference is performed. The batcher module constructs model input 
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data, and performs model inference. In a model inference process, attention information in the KV 

cache needs to be read. 

[0183] As shown in FIG. 4, the LLM model inference process in phase 3 includes the following: 

Each request (including a request corresponding to the candidate sequence) is input to a neural 

network model, and one or more layers of the neural network model perform processing. For 5 

example, a normalization layer (LayerNorm) can first process input data. Then, processed data are 

input to an attention layer (Attention). A processing formula of the attention layer is shown in FIG. 

4. In FIG. 4, request 2 is used as an example to compute attention information. Another request is 

similar to request 2. Details are omitted here for simplicity. After attention processing is completed, 

a series of processing, for example, normalization layer, can be further performed, to complete the 10 

LLM inference process. 

[0184] In phase 4, comparison is performed to obtain a result. 

[0185] Specifically, misaligned comparison is performed based on a predicted result of the 

LLM model and input data after sampling, to obtain the final result. 

[0186] The input after speculative decoding shown in FIG. 4 is the current text sequence and 15 

the first text sequence mentioned in step 201, where a token in a solid line box is the current text 

sequence, and a token in a dashed line box is the first text sequence obtained through speculative 

decoding. A token in a dashed line box in a result generated by the LLM is a second text sequence 

generated by the LLM for the candidate sequence. The final result is a newly generated token in 

the current round of iteration. 20 

[0187] The input after speculative decoding and the result generated by the LLM are shown in 

FIG. 4. The LLM generates a token  for request 0; and generates a token  for request 1; 

and the LLM generates   for request 4. Because no token are obtained for these several 

requests through speculative decoding, these tokens do not need to be compared. These tokens can 

be directly used as final results corresponding to the three requests. 25 

[0188] For the candidate sequence corresponding to request 2, a token  is generated for 

the candidate sequence . As shown in FIG. 4, after misaligned comparison is performed (that 

is, tokens at corresponding locations in the input after sampling and the generated result are 

compared based on a token sequence), it is determined that   generated in the first text 

sequence is accurate. A token  is generated for the request . It can be determined that 30 
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 and  are different, and therefore it is determined that  and a token following 

 in the first text sequence are inaccurate. Because it is determined that both  and the 

token following  are inaccurate, there is no need to perform misaligned comparison between 

the token following  and a token generated by the LLM. In addition, it can be determined 

that in the result generated by the LLM,   generated for   and   generated for 5 

 are inaccurate. Therefore, for request 2, newly generated tokens in the current round of 

iteration include  and . 

[0189] For the candidate sequence corresponding to request 3, a misaligned comparison 

process is the same as that of request 2. Details are omitted here for simplicity. 

[0190] After the final result is obtained, the final result can be used as an input in a next round 10 

of iteration, and speculative decoding is performed based on the final result in the next round of 

iteration. 

[0191] In phase 5, a KV cache graphics memory is returned. This phase is performed by the 

KV cache management module. 

[0192] As described above, it can be determined, through misaligned comparison in phase 4, 15 

that there is an inaccurate token in the first text sequence, and there is no need to continue to store 

attention information of the token. Therefore, a logical block and a physical block allocated to the 

token in phase 2 need to be returned. 

[0193] Specifically, incorrect tokens in first text sequences corresponding to request 2 and 

request 3 are , , and . Correspondingly, storage space occupied by the incorrect 20 

tokens needs to be deleted. That is, there are logical blocks that need to be returned in requests 2 

and 3. If blocks that need to be returned are 13 and 14, logical blocks and physical blocks 

corresponding to 13 and 14 need to be returned. 

[0194] In addition, when the logical block and the physical block are returned, requests 

obtained through splitting can be further combined into one request, and a corresponding row in 25 

the logical block is deleted. For example, for a plurality of rows obtained by splitting request 2, 

only one row of candidate sequence  can be retained. 

[0195] As shown in FIG. 4, a logical block and a physical block that need to be returned are 

marked by using a dashed line box, and a physical block that has been mapped is marked by using 
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a block with a gray background. It can be seen from FIG. 4 that blocks 13 and 14 need to be 

returned. In addition, to facilitate the next round of iteration, in the logical block, the plurality of 

requests obtained by splitting request 2 are combined into one request for storage. Similar 

processing is performed on request 3. 

[0196] Phase 1 to phase 5 are iterated, so that an output text can be generated in response to a 5 

user input text. 

[0197] The above-mentioned overall procedure in one round of iteration can be summarized 

as a flowchart shown in FIG. 5, and includes the following: 

[0198] Step 501: The scheduling module selects a request to participate in a current round of 

computation. 10 

[0199] Step 502: Determine, based on settings, whether to perform speculative decoding. If 

yes, step 503 is performed. Otherwise, step 504 is performed. 

[0200] Step 503: Perform speculative decoding. 

[0201] Step 504: The batcher module constructs model input data. 

[0202] Step 505: Determine whether there are sufficient KV cache graphics memory blocks. 15 

If no, step 506 is performed. If yes, step 507 is performed. 

[0203] Step 506: Perform KV cache physical block allocation. 

[0204] Step 507: Perform KV cache logical block mapping. 

[0205] Step 508: Perform LLM model inference. 

[0206] Step 508: Perform misaligned comparison to obtain a final result. 20 

[0207] Step 509: Return a KV cache graphics memory. 

[0208] For a specific method for performing the steps shown in FIG. 5, references can be made 

to the above-mentioned descriptions. Details are omitted here for simplicity. 

[0209] Corresponding to the above-mentioned method embodiments, this specification further 

provides an apparatus and embodiments of a computer device to which the apparatus is applied. 25 

[0210] FIG. 6 is a block diagram illustrating a text generation apparatus, according to some 

example embodiments of this specification. The apparatus is applied to an LLM, and generates an 

output text for an input text by performing a plurality of rounds of iteration, where at least one 

round of iteration is performed by the following units: a speculative decoding unit 610, configured 

to estimate a first text sequence following an obtained current text sequence based on a speculative 30 

decoding method, and form a plurality of candidate sequences based on the current text sequence 
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and different subsequences of the first text sequence; a storage space allocation unit 620, 

configured to allocate logical blocks to text units in the plurality of candidate sequences in a key-

value cache, to store attention information of the text units, and map the allocated logical blocks 

to physical blocks based on a first criterion, where the first criterion includes that a plurality of 

logical blocks allocated to the same text unit in the plurality of candidate sequences are mapped to 5 

the same physical block; and an LLM inference unit 630, used by the LLM to determine a newly 

generated text unit in the current round of iteration by using attention information of each candidate 

sequence in the key-value cache, to form a current text sequence for a next round. 

[0211] In some optional implementations, logical storage space corresponding to the key-

value cache forms a matrix, and a logical block in one row in the matrix is used to store a text unit 10 

in one candidate sequence; and the storage space allocation unit 620 is specifically configured to 

add a new row to the matrix for each candidate sequence, and add a logical block to the row for a 

text unit in the candidate sequence. 

[0212] In some optional implementations, the speculative decoding unit 610 is specifically 

configured to query a vocab table by using the current text sequence, to obtain the matching first 15 

text sequence, where the vocab table includes a plurality of mapping relationships, the mapping 

relationship is a mapping relationship between a text sequence and a continuation text sequence 

following the text sequence, and the vocab table is obtained based on a text generated by the LLM. 

[0213] In some optional implementations, the vocab table includes a global vocab table and a 

local vocab table; the global vocab table records a mapping relationship in which a co-occurrence 20 

frequency of sequences in the text generated by the LLM is greater than a first frequency threshold; 

the local vocab table records a mapping relationship in which a co-occurrence frequency of 

sequences in a text generated for the input text is greater than a second frequency threshold; and 

after the output text is generated, the local vocab table is added to the global vocab table. 

[0214] In some optional implementations, the mapping relationship in the vocab table 25 

corresponds to a score value determined based on a co-occurrence frequency; and the speculative 

decoding unit 610 is specifically configured to perform query and matching for the current text 

sequence in the vocab table; and when there are a plurality of matching text sequences in the vocab 

table, determine a text sequence with a highest score value as the first text sequence. 

[0215] In some optional implementations, the LLM inference unit 630 is specifically used by 30 

the LLM to predict a next text unit for each candidate sequence by using the attention information 
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of each candidate sequence in the key-value cache, and sequentially form a second text sequence 

for next text units respectively predicted for the plurality of candidate sequences; and compare the 

second text sequence with the first text sequence, and determine the newly generated text unit 

based on a comparison result. 

[0216] In some optional implementations, the apparatus further includes an incorrect text unit 5 

determining unit (not shown in the figure), which is specifically configured to determine a first 

incorrect text unit based on the comparison result, where the first incorrect text unit is a text unit 

that exists in the first text sequence and does not exist at a corresponding location in the second 

text sequence; determine a text unit following the first incorrect text unit in the first text sequence 

as a second incorrect text unit; and for each incorrect text unit in the first incorrect text unit and 10 

the second incorrect text unit, return a logical block and a physical block corresponding to attention 

information of the incorrect text unit in the key-value cache. 

[0217] In some optional implementations, the input text includes a plurality of user request 

texts, the current text sequence includes several sequence segments, and a single sequence segment 

corresponds to an output text generated for a single user request text; and the first text sequence 15 

includes several continuation sequences respectively estimated for the several sequence segments. 

[0218] In some optional implementations, the apparatus further includes a length determining 

unit (not shown in the figure), which is specifically configured to determine a hardware computing 

power indicator and a first quantity of text units in a target request text, where the hardware 

computing power indicator is used to represent a maximum quantity of text units whose attention 20 

information can be simultaneously computed, and the target request text is a user request text for 

which a first text unit in an output text is not generated when the current round of iteration starts; 

determine an available computing power indicator based on a difference between the maximum 

quantity of text units and the first quantity; and determine a length of the first text sequence based 

on the available computing power indicator. 25 

[0219] In some optional implementations, the speculative decoding unit 610 is specifically 

configured to perform the speculative decoding only when the LLM generates at least one output 

text unit for each of the plurality of user request texts, where the current text sequence includes a 

plurality of sequence segments corresponding to the plurality of user request texts. 

[0220] For an implementation process of functions and roles of each unit in the apparatus, 30 

references can be made to an implementation process of corresponding steps in the above-
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mentioned method. Details are omitted here for simplicity. 

[0221] Because the apparatus embodiments correspond to the method embodiments, for 

related parts, references can be made to related descriptions in the method embodiments. The 

apparatus embodiments described above are merely examples. The units described as separate 

parts can or cannot be physically separate, and parts displayed as units can or cannot be physical 5 

units, can be located at one location, or can be distributed on a plurality of network units. Some or 

all of the units can be selected based on actual needs to achieve the objectives of the solutions of 

this specification. A person of ordinary skill in the art can understand and implement the solutions 

without creative efforts. 

[0222] FIG. 7 is a diagram illustrating a hardware structure of a computer device in which a 10 

text generation apparatus is located, according to some embodiments. The device can include a 

processor 1010, a storage 1020 configured to store instructions executable by the processor, an 

input/output interface 1030, a communication interface 1040, and a bus 1050. The processor 1010, 

the storage 1020, the input/output interface 1030, and the communication interface 1040 are 

communicatively connected to each other within the device by using the bus 1050. The processor 15 

runs the executable instructions to implement the above-mentioned text generation method. 

[0223] The processor 1010 can be implemented in a form of a general-purpose central 

processing unit (CPU), a microprocessor, an application-specific integrated circuit (ASIC), one or 

more integrated circuits, etc., and is configured to execute a related program, to implement the 

technical solutions provided in the embodiments of this specification. The processor runs the 20 

executable instructions to implement the above-mentioned method. 

[0224] The storage 1020 configured to store instructions executable by the processor can be 

implemented in a form of a read-only memory (ROM), a random access memory (RAM), a static 

storage device, a dynamic storage device, etc. The storage 1020 can store an operating system and 

other application programs. When the technical solutions provided in the embodiments of this 25 

specification are implemented by software or firmware, related program code is stored in the 

storage 1020. 

[0225] The input/output interface 1030 is configured to be connected to an input/output 

module, to implement information input and output. The input/output module can be configured 

as a component in the device (not shown in the figure), or can be externally connected to the device 30 

to provide a corresponding function. An input device can include a keyboard, a mouse, a 
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touchscreen, a microphone, various sensors, etc., and an output device can include a display, a 

speaker, a vibrator, an indicator light, etc. 

[0226] The communication interface 1040 is configured to be connected to a communication 

module (not shown in the figure) to implement communication and interaction between the device 

and other devices. The communication module can implement communication through a wired 5 

method (for example, a USB or a network cable), or through a wireless method (for example, a 

mobile network, Wi-Fi, or Bluetooth). 

[0227] The bus 1050 includes a channel to transmit information between various components 

(for example, the processor 1010, the storage 1020, the input/output interface 1030, and the 

communication interface 1040) of the device. 10 

[0228] It is worthwhile to note that although only the processor 1010, the storage 1020, the 

input/output interface 1030, the communication interface 1040, and the bus 1050 are shown in the 

device, in an actual implementation process, the device can further include other components that 

are necessary for normal running. In addition, a person skilled in the art can understand that the 

device can include only components that are necessary for implementing the solutions in the 15 

embodiments of this specification, and does not necessarily include all the components shown in 

the figure. 

[0229] An embodiment of this specification further provide a computer-readable storage 

medium. The computer-readable storage medium stores a computer program, and when the 

program is executed by a processor, the above-mentioned text generation method is implemented. 20 

[0230] The computer-readable medium includes persistent, non-persistent, removable and 

non-removable media that can store information by using any method or technology. The 

information can be computer-readable instructions, a data structure, a program module, or other 

data. Examples of the computer storage medium include but are not limited to a phase change 

random access memory (PRAM), a static random access memory (SRAM), a dynamic random 25 

access memory (DRAM), another type of random access memory (RAM), a read-only memory 

(ROM), an electrically erasable programmable read-only memory (EEPROM), a flash memory or 

another memory technology, a compact disc read-only memory (CD-ROM), a digital versatile disc 

(DVD) or another optical storage, a cassette magnetic tape, a magnetic tape/magnetic disk storage, 

another magnetic storage device, or any other non-transmission medium. The computer storage 30 

medium can be configured to store information that can be accessed by a computing device. As 
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described in this specification, the computer-readable medium does not include computer-readable 

transitory media (transitory media) such as a modulated data signal and a carrier. 

[0231] It is worthwhile to further note that the terms "include", "comprise", or any other 

variants thereof are intended to cover a non-exclusive inclusion, so that a process, a method, a 

product, or a device that includes a list of elements not only includes those elements but also 5 

includes other elements which are not expressly listed, or further includes elements inherent to 

such a process, method, product, or device. Without more constraints, an element preceded by 

"includes a …" does not preclude the presence of additional identical elements in the process, 

method, product, or device that includes the element. 

[0232] Specific embodiments of this specification are described above. Other embodiments 10 

fall within the scope of the appended claims. In some cases, the actions or steps described in the 

claims can be performed in a sequence different from that in the embodiments and desired results 

can still be achieved. In addition, the process depicted in the accompanying drawings does not 

necessarily need a particular order or consecutive order to achieve the desired results. In some 

implementations, multi-tasking and parallel processing are feasible or may be advantageous. 15 

[0233] User information (including but not limited to user equipment information, personal 

user information, etc.) and data (including but not limited to data used for analysis, stored data, 

displayed data, etc.) in this application are information and data that are authorized by a user or 

that are fully authorized by each party. Furthermore, related data need to be collected, used, and 

processed in compliance with relevant laws, regulations and standards of relevant countries and 20 

regions, and corresponding operation entries are provided for the user to choose to authorize or 

reject. 

[0234] This specification further provides a computer program product. When the computer 

program product is executed by a processor, the above-mentioned text generation method is 

implemented. 25 
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CLAIMS 

What is claimed is: 

1. A text generation method, applied to a large language model (LLM), wherein the method 

comprises generating an output text for an input text by performing a plurality of rounds of 

iteration, wherein at least one round of iteration comprises: 5 

estimating a first text sequence following an obtained current text sequence based on a 

speculative decoding method, and forming a plurality of candidate sequences based on the current 

text sequence and different subsequences of the first text sequence; 

allocating logical blocks to text units in the plurality of candidate sequences in a key-value 

cache, to store attention information of the text units, and mapping the allocated logical blocks to 10 

physical blocks based on a first criterion, wherein the first criterion comprises that a plurality of 

logical blocks allocated to a same text unit in the plurality of candidate sequences are mapped to 

a same physical block; and 

determining, by the LLM, a newly generated text unit in the current round of iteration by 

using attention information of each candidate sequence in the key-value cache, to form a current 15 

text sequence for a next round. 

2. The method according to claim 1, wherein logical storage space corresponding to the key-

value cache forms a matrix, and a logical block in one row in the matrix is used to store a text unit 

in one candidate sequence; and 

the allocating logical blocks to text units in the plurality of candidate sequences comprises: 20 

adding a new row to the matrix for each candidate sequence, and adding a logical block to 

the row for a text unit in the candidate sequence. 

3. The method according to claim 1, wherein the estimating a first text sequence following an 

obtained current text sequence based on a speculative decoding method comprises: 

querying a vocab table by using the current text sequence, to obtain the matching first text 25 

sequence, wherein the vocab table comprises a plurality of mapping relationships, the mapping 

relationship is a mapping relationship between a text sequence and a continuation text sequence 

following the text sequence, and the vocab table is obtained based on a text generated by the LLM. 

4. The method according to claim 3, wherein the vocab table comprises a global vocab table 

and a local vocab table; the global vocab table records a mapping relationship in which a co-30 
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occurrence frequency of sequences in the text generated by the LLM is greater than a first 

frequency threshold; the local vocab table records a mapping relationship in which a co-occurrence 

frequency of sequences in a text generated for the input text is greater than a second frequency 

threshold; and after the output text is generated, the local vocab table is added to the global vocab 

table. 5 

5. The method according to claim 3, wherein the mapping relationship in the vocab table 

corresponds to a score value determined based on a co-occurrence frequency; and 

the querying a vocab table by using the current text sequence, to obtain the matching first text 

sequence comprises: 

performing query and matching for the current text sequence in the vocab table; and 10 

when there are a plurality of matching text sequences in the vocab table, determining a text 

sequence with a highest score value as the first text sequence. 

6. The method according to claim 1, wherein the determining a newly generated text unit in 

the current round of iteration comprises: 

predicting, by the LLM, a next text unit for each candidate sequence by using the attention 15 

information of each candidate sequence in the key-value cache, and sequentially forming a second 

text sequence for next text units respectively predicted for the plurality of candidate sequences; 

and 

comparing the second text sequence with the first text sequence, and determining the newly 

generated text unit based on a comparison result. 20 

7. The method according to claim 6, further comprising: 

determining a first incorrect text unit based on the comparison result, wherein the first 

incorrect text unit is a text unit that exists in the first text sequence and does not exist at a 

corresponding location in the second text sequence; 

determining a text unit following the first incorrect text unit in the first text sequence as a 25 

second incorrect text unit; and 

for each incorrect text unit in the first incorrect text unit and the second incorrect text unit, 

returning a logical block and a physical block corresponding to attention information of the 

incorrect text unit in the key-value cache. 

8. The method according to claim 1, wherein the input text comprises a plurality of user 30 

request texts, the current text sequence comprises several sequence segments, and a single 
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sequence segment corresponds to an output text generated for a single user request text; and the 

first text sequence comprises several continuation sequences respectively estimated for the several 

sequence segments. 

9. The method according to claim 8, wherein 

before the estimating a first text sequence following an obtained current text sequence based 5 

on a speculative decoding method, the method further comprises: 

determining a hardware computing power indicator and a first quantity of text units in a target 

request text, wherein the hardware computing power indicator is used to represent a maximum 

quantity of text units whose attention information can be simultaneously computed, and the target 

request text is a user request text for which a first text unit in an output text is not generated when 10 

the current round of iteration starts; 

determining an available computing power indicator based on a difference between the 

maximum quantity of text units and the first quantity; and 

determining a length of the first text sequence based on the available computing power 

indicator. 15 

10. The method according to claim 8, wherein the estimating a first text sequence following 

an obtained current text sequence based on a speculative decoding method comprises: 

performing the speculative decoding only when the LLM generates at least one output text 

unit for each of the plurality of user request texts, wherein the current text sequence comprises a 

plurality of sequence segments corresponding to the plurality of user request texts. 20 

11. A text generation apparatus, applied to an LLM, and generating an output text for an input 

text by performing a plurality of rounds of iteration, wherein at least one round of iteration is 

performed by the following units: 

a speculative decoding unit, configured to estimate a first text sequence following an obtained 

current text sequence based on a speculative decoding method, and form a plurality of candidate 25 

sequences based on the current text sequence and different subsequences of the first text sequence; 

a storage space allocation unit, configured to allocate logical blocks to text units in the 

plurality of candidate sequences in a key-value cache, to store attention information of the text 

units, and map the allocated logical blocks to physical blocks based on a first criterion, wherein 

the first criterion comprises that a plurality of logical blocks allocated to a same text unit in the 30 

plurality of candidate sequences are mapped to a same physical block; and 
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an LLM inference unit, used by the LLM to determine a newly generated text unit in the 

current round of iteration by using attention information of each candidate sequence in the key-

value cache, to form a current text sequence for a next round. 

12. A computer device, comprising: 

a processor; and 5 

a storage, configured to store instructions executable by the processor, wherein 

the processor runs the executable instructions to implement the method according to any one 

of claims 1 to 10. 

13. A computer-readable storage medium, wherein the computer-readable storage medium 

stores computer instructions, and when the computer instructions are executed by a processor, the 10 

method according to any one of claims 1 to 10 is implemented. 

14. A computer program product, wherein when the computer program product is executed 

by a processor, the method according to any one of claims 1 to 10 is implemented. 

  


