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CONSTRUCTING AND PROCESSING tive variable representing a respective wiring vector that 
COMPUTATIONAL GRAPHS FOR specifies a location of tokens having each label correspond 

DYNAMICALLY STRUCTURED MACHINE ing to the operation argument in a received input . Specifying 
LEARNING MODELS data flow includes : for each argument for each operation , 

modifying the wiring vector to either ( i ) identify a location , 
BACKGROUND in the input , of the token having the label corresponding to 

the argument or ( ii ) if no token has the label corresponding This specification relates to constructing and processing to the argument in the input , identify that no token of the computational graphs that represent dynamically structured argument exists in the input . Generating the directed com machine learning models . putational graph can include : inserting , for each operation Machine learning models receive input and generate argument , a corresponding gather operation that receives as output based on the received input and on values of model input the wiring vector associated with the operation argu parameters . The operations performed by some machine 
learning models can be input - dependent and the machine ment and an input vector and outputs a result to the operation 
learning models are therefore dynamically structured 15 for which the operation argument corresponds . Generating a 
depending on their input . directed computational graph can include adding , to the 

computational graph , a concatenation operation to concat 
SUMMARY enate all results of operations in the layer . Specifying data 

flow through the single directed computational graph using 
This specification describes technologies relating to 20 the received labeled data can include : determining whether 

machine learning systems in general , and specifically to the label data has multiple levels of labels ; in response to 
systems and methods for constructing a single computa determining that the label data has multiple levels , generat 
tional graph that represents input - dependent machine learn ing , for each level of the label data , a copy of the compu 
ing model architectures and scheduling input to be processed tational graph as a new layer of the graph , wherein output of 
using the computational graph . 25 a previous layer of the computational graph is the input to a 

In general , one innovative aspect of the subject matter next layer of the graph . For each layer , the wiring vectors 
described in this specification can be embodied in methods may be modified according to the corresponding level in the 
that include the actions of receiving data identifying a label data . The operations of the computational graph may 
plurality of operations that can be performed on input data be executed and a final gather operation may be used to for processing by a dynamically structured machine learning 30 select results as output of the model . A second input may be model ; receiving a plurality of labels corresponding to received for processing by the dynamically structured arguments for the plurality of operations ; generating a machine learning model that includes a second plurality of directed computational graph representing a comprehensive tokens and second labeled data different from the received layer of the dynamically structured machine learning model from the identified operations and labels , wherein the com- 35 input and the data flow through the layer of the single 
prehensive layer is a layer that includes each possible directed computational graph to fit the second labeled data . 
operation that can be performed by the dynamically struc Executing the operations of the computational graph may 
tured machine learning model ; receiving an input for pro include allocating the nodes in the computational graph 
cessing by the dynamically structured machine learning across a plurality of devices and causing each of the devices 
model , wherein the input includes a plurality of tokens and 40 to perform the operations represented by the nodes allocated 
label data specifying labels for the plurality of tokens ; and to the device . 
specifying data flow through the directed computational The subject matter described in this specification can be 
graph to fit the received labeled data . An example system implemented in particular embodiments so as to realize one 
includes one or more computers and one or more storage or more of the following advantages . By constructing a 
devices storing instructions that when executed by the one or 45 single computational graph that can accept input graphs of 
more computers cause the one or more computers to perform differing shapes to a dynamically structured machine learn 
an example method . ing model , a machine learning system can accept and 

Other embodiments of this aspect include corresponding efficiently process input data to the machine learning model computer systems , apparatus , and computer programs that differs in shape . In particular , the system can process recorded on one or more computer storage devices , each 50 inputs of various shapes without requiring that the compu configured to perform the actions of the methods . For a tational graph be rewritten for each input . Some customary system of one or more computers to be configured to systems forbid computational graph rewrites while others perform particular operations or actions means that the 
system has installed on it software , firmware , hardware , or permit rewrites , but these rewrites are inefficient . Because 
a combination of them that in operation cause the system to 55 no rewrites are necessary in an example system , the amount 
perform the operations or actions . For one or more computer of computational resources needed to handle large - scale 
programs to be configured to perform particular operations processing of inputs to dynamically structured models is 
or actions means that the one or more programs include reduced and input processing is more efficient . When an 
instructions that , when executed by data processing appa input is received to a dynamically structured machine learn 
ratus , cause the apparatus to perform the operations or 60 ing model , the computational graph representing the model 
actions . does not have to be rewritten and the input can efficiently be 

The foregoing and other embodiments can each optionally scheduled for processing by multiple hardware devices . 
include one or more of the following features , alone or in The details of one or more embodiments of the subject 
combination . In particular , one embodiment includes all the matter of this specification are set forth in the accompanying 
following features in combination . Generating the directed 65 drawings and the description below . Other features , aspects , 
computational graph can include : for each argument of the and advantages of the subject matter will become apparent 
operations , inserting , into the computational graph , a respec from the description , the drawings , and the claims . 
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BRIEF DESCRIPTION OF THE DRAWINGS sequence that classifies words as one or more parts of a 
sentence including : determiners ( D ) , adjectives ( ADJ ) , 

FIG . 1A illustrates an example machine learning system . nouns ( N ) , adverbs ( ADV ) , verbs ( V ) , noun phrases ( NP ) , 
FIG . 1B is a conceptual diagram for an exemplary frame and verb phrases ( VP ) . 

work for distributing operations represented as computa- 5 As another example , the dynamically structure machine 
tional graphs in the system of FIG . 1A . learning model can take in arbitrary structured data , such as 
FIG . 2A illustrates a grammatical diagram of the sentence , JSON or Protocol buffers , and construct a generic machine 

“ Big dogs run . ” learning model . As still another example , the dynamically 
FIG . 2B illustrates a grammatical diagram of the sentence structured machine learning model can receive a graph 

“ The dog runs quickly . ” 10 structure of chemical properties to construct a machine 
FIG . 3 is a flow diagram of an example process for learning model to determine the chemical properties of 

constructing and using a single directed computational graph models . 
that represents a dynamically structured machine learning Some systems represent operations of a machine learning 
model . model , e.g. , operations to generate an inference from an 
FIG . 4 illustrates a directed computational graph repre- 15 input or to train the model , as a computational graph of 

senting a comprehensive layer of a dynamically structured nodes and directed edges in order to process inputs to the 
machine learning model that supports the emulation of machine learning model or to train the machine learning 
arbitrary input graphs composed of words of type “ D , ” model . 
“ ADJ , ” “ N , ” “ ADV , ” “ V , ” “ NP , ” “ VP , ” and “ S. ” However , once the structure of a computational graph 
FIG . 5 is a flow diagram of an example process for 20 representing a machine learning model is defined , it can be 

constructing and using a single directed computational graph very difficult to modify the graph structure to accept differ 
with multiple layers that represents a dynamically structured ent shapes of input data . In some conventional systems , it is 
machine learning model . impossible to modify the graph structure . In other conven 

Like reference numbers and designations in the various tional systems , the systems permit modification , but the 
drawings indicate like elements . 25 system may not be designed to quickly modify a graph . 

Therefore , in order to process data of different shapes for a 
DETAILED DESCRIPTION dynamically structured model , existing systems have to 

build a new computational graph for each input shape . This 
A dynamically structured machine learning model has process of constructing multiple computational graphs is 

various shapes depending on the input it receives . That is , 30 inefficient and complex , making it difficult to represent a 
the operations performed by the dynamically structured dynamically structured machine learning model in a system 
machine learning model to generate an output from a that performs processing of inputs to machine learning 
received input will differ depending on the characteristics of models by representing the machine learning models as 
the input . computational graphs . 
An example of a dynamically structured machine learning 35 An example system as described in this specification can 

model is a recursive neural network that is generated by easily and efficiently represent an input - dependent , dynami 
traversing a given structure in topological order . Other cally structured machine learning model by constructing a 
examples of a dynamically structured machine learning single computational graph that emulates the behavior of all 
model include a high dimensional sparse variant of grid long possible input data graphs or tree structures for a given 
short - term memory and arbitrary architectures containing 40 dataset . 
multiple long short - term memories of example - dependent FIG . 1A illustrates an example machine learning system 
depth . Additional examples of dynamically structured ( 100 ) . The machine learning system ( 100 ) is an example of 
machine learning models include graph convolutional neural a system implemented as computer programs on one or more 
networks and tree long short - term memories . The dynami computers in one or more locations , in which the systems , 
cally structured machine learning model can be configured 45 components , and techniques described below are imple 
to receive any kind of digital data input and to generate any mented . 
kind of score , classification , or regression output based on The machine learning system ( 100 ) includes a configu 
the input . ration engine ( 103 ) that receives data identifying operations 

For example , the dynamically structured machine learn ( 101 ) which can be performed on a graph or tree input by a 
ing model can receive as input an input text segment and a 50 dynamically - structured machine learning model . These 
parse tree of the input text segment and can process the text operations each take one or more arguments as input and 
segment to generate a natural language processing output for produce a result output . 
the text segment , e.g. , to classify the text segment as relating For each operation , the configuration engine ( 103 ) 
to one or more topics , to classify the sentiment of the text receives data that specifies the possible labels of each of the 
segment , to predict one or more words that should follow the 55 arguments of the operation . That is , each operation operates 
input text segment , and so on . As another example , the only on a subset of the possible labels that input data can 
dynamically structured machine learning model can gener have , and the received data identifies the subset of labels 
ate a numeric representation of the text segment , e.g. , a corresponding to each of the operation arguments . 
vector or other ordered collection of numeric values that The configuration engine ( 103 ) then connects nodes rep 
represents that text segment , that can be processed by 60 resenting wiring vectors for each operation argument with 
another machine learning model or system to generate a nodes representing the corresponding operations as well as 
natural language processing output for the text segment or to gather and concatenation operations to generate a compu 
otherwise classify the text segment . tational graph that includes a respective node for every 

In particular , in these examples , input words from received operation and is augmented with additional nodes 
sequences are parsed into parse trees to show the grammati- 65 and edges to support processing arbitrary input trees . Gen 
cal structure of each sequence . Each input to the model can erating the computational graph will be described in more 
include a word sequence and a parse tree of the word detail below . 
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Once the computational graph has been generated , the The phrase “ big dogs ” can be labeled as a noun phrase with 
machine learning system ( 100 ) can receive labeled input “ big ” as the first argument of a noun phrase and “ dogs ” as 
data ( 105 ) that can be scheduled by the computational graph the second argument of a noun phrase . The noun phrase 
representation of the machine learning model and processed taken together with the verb makes a complete sentence . As 
to produce a model output ( 106 ) . shown , the parse tree of this sentence is three levels deep An example system modifies the wiring vectors to adapt with an adjective , noun , and verb at the first level , a noun the data flow through the computational graph to match the phrase at the second level , and a full sentence representation input and , optionally , makes copies of the computational at the third level . graph to account for the input having multiple levels . 
The operations represented by the computational graph 10 sentence , “ The dog runs quickly . ” In this example , “ the ” is FIG . 2B illustrates a grammatical diagram 250 of the 

cause devices upon which the operations are scheduled to a determiner , “ dog ” is a noun , “ runs ” is a verb , and perform the operations using the specified data flow . 
Example techniques for executing operations represented by " quickly ” is an adverb . As described above , these data types 

can be labeled so that an example system understands the a computational graph are described in “ TensorFlow : Large Scale Machine Learning on Heterogeneous Distributed Sys- 15 type of data each token of the parse tree represents . The 
tems , ” by Martin Abadi et al ( Nov. 9 , 2015 ) . phrase , “ the dog ” is a noun phrase and “ runs quickly ” is a 
The system 100 performs the operations to generate the verb phrase . The noun and verb phrases together make up a 

particular output by partitioning the operations represented complete sentence . This parse tree of this sentence diagram 
by the computational graph across multiple devices . The is also three levels deep . However , this parse tree has a 
system 100 partitions the operations to the multiple devices 20 determiner , noun , verb , and adverb at a first level . The tree 
over a data communication network , e.g. , local area network has a noun phrase and a verb phrase at the second level and 
( LAN ) or wide area network ( WAN ) . The devices perform the full sentence at the third level . 
the operations and , if applicable , return a respective output The examples of FIGS . 2A and 2B show that parse trees 
or indication to the system 100 , which can return the can have differing shapes . Providing parse trees or other 
requested output or indication to the client . 25 graph data as input to a machine learning model therefore 
Any devices performing operations , e.g. , devices , can can result in the machine learning model dynamically 

include a memory , e.g. , a random access memory ( RAM ) , changing structure depending on the input data that it 
for storing instructions and data and a processor for execut processes . An example machine learning model performs 
ing stored instructions . Generally , each device is a hardware different operations on different input labels , e.g. , performs 
resource that performs operations independent of other 30 one operation on inputs that are labeled as nouns and another 
devices . For example , each device can have its own pro on inputs that are labeled as verbs . In order to represent 
cessing unit . The devices can be Graphical Processing Units possible structures of the machine learning model in a 
( GPUs ) or Central Processing Units ( CPUs ) . By way of computational graph , the machine learning system 100 
illustration , one machine can host one or more devices , e.g. , constructs a computational graph of fixed structure that is 
multiple CPUs and GPUs . Examples of such devices and 35 able to represent the model structure for all potential inputs 
machines can be seen in FIG . 1B . to the model . 
FIG . 1B is a conceptual diagram for an exemplary frame FIG . 3 is a flow diagram of an example process 300 for 

work for distributing operations represented as computa constructing and using a single directed computational graph 
tional graphs in the system 100. Referring now to FIG . 1B , that represents a dynamically structured machine learning 
examples of machines may include a computing device 126 , 40 model . For convenience , the process 300 will be described 
personal computer 128 , mobile device 130 , and server 132 . as being performed by a system of one or more computers , 
Each machine may , for example , include one or more located in one or more locations , and programmed appro 
devices , such as GPU 116 and CPU 118 . priately in accordance with this specification . For example , 

Each device can also have a respective computational a machine learning system , e.g. , the machine learning sys 
capability . That is , devices can have different amount of 45 tem 100 of FIG . 1A , appropriately programmed , can per 
memories , processing speed , or other architectural charac form the process 300 . 
teristics . Thus , some devices can perform operations that The system receives data identifying operations that can 
other devices cannot . For example , some operations require be performed on input data of a dynamically structured 
a certain amount of memory that only particular devices machine learning model ( 301 ) . Given the parsed sentence 
have , or some devices are configured to only perform a 50 examples from FIGS . 2A and 2B , the system receives 
particular type of operation , e.g. , inference operations . adjective , noun , verb , determiner , adverb , noun phrase , verb 

Generally , the labeled input data includes a set of input phrase , and sentence operations . 
tokens and a tree that specifies labels for the input tokens . The system also receives labels corresponding to argu 
That is , the labels may be hierarchical , with labels in the first ments of the operations ( 302 ) . That is , for each operation , the 
level of the tree directly labeling the input tokens in the input 55 system receives data identifying possible labels for each 
and labels in each higher level of the tree labeling either argument of the operation . For example , a label such as “ NP 
input tokens or labels from lower levels in the tree . Arg 1 ” represents that the data corresponding to this label 
FIGS . 2A and 2B illustrate two parse trees that differ in should be input into the computational graph as the first 

shape . These two parse trees can be inputs for a single argument of the noun phrase operation . Labels for the noun 
dynamically structured machine learning model that is rep- 60 phrase operation can designate the first argument as either 
resented by a single computational graph constructed by the the output of a determiner operation or the output of an 
machine learning system 100 . adjective operation . These labels can also designate the 
FIG . 2A illustrates a grammatical diagram 200 of the second argument as the output of a noun operation . 

sentence , “ Big dogs run . ” In this example , “ big ” is an The system can then generate a computational graph 
adjective , " dogs ” is the noun , and " run ” is the verb . The 65 representing a comprehensive layer of the dynamically 
words of the parse tree are tokens that can be labeled so that structured machine learning model from the identified 
an example system understands the datatype of each word . operations and the labels ( 303 ) . The comprehensive layer is 
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a layer that includes each possible operation that can be “ S. ” In FIG . 4 , ovals represent placeholder variables and 
performed by the machine learning model . rectangles represent nodes which are operations or groups of 

The system generates the computational graph by , for operations that can be performed on input data . Variables 
each possible operation , first connecting a respective wire and operation nodes in the computational graph are con 
vector for each argument of the operation and graph input as 5 nected by edges to form a directed computational graph that 
input to a node representing a corresponding gather opera represents a comprehensive layer of the dynamically struc 
tion . tured machine learning model and corresponds to the first 
A wiring vector is a placeholder variable or a data fetch level of a parse tree . The “ inputs ” oval is filled with a matrix 

operation that fetches the indices for an argument of an that contains the word vectors . Parse trees are used to 
operation . This type of vector is represented as a variable in 10 specify the data flow of the word vectors . In this case , the 
the computational graph . Each operation argument has an inputs are word vectors that are numeric representations of 
equivalent wiring vector in the computational graph that sentence fragments , e.g. of words or phrases , and operations 
denotes the presence of the operation argument . If the are operations that can be performed on sentence fragments . 
operation argument is present in the labeled input data as Wire vectors are generated for each operation argument as 
identified by its label , the wiring vector for the operation 15 shown in FIG . 4. Each wiring vector is connected to a gather 
specifies the position of the input that has the label to which operation which then feeds into the appropriate operation to 
the operation argument corresponds . Wiring for operation which the operation argument corresponds . The operations 
arguments that are not present in the input are set to null or output results that are input to a concatenation operation . 
the empty set so that the example computational graph does In order to schedule input of FIG . 2A for processing , the 
not include these operation arguments in the data flow of the 20 example system of FIG . 4 takes in an input vector of word 
computational graph . The example system supports multiple vectors , [ < big > , < dogs > , < run > ] with labels corresponding 
instances of an operation argument using a wiring vector to the type of data that is represented by the inputs . The 
with a length greater than one . For example , if the example example system will set the values for the wiring vectors 
sentence of FIG . 2B is modified to “ The dog and cat run corresponding to the positions of the labeled input data at 
quickly . ” The wiring vector for the noun operation argument 25 each level in the parse tree . For example , FIG . 4 is a directed 
would include a vector with two elements , 1 and 3 to computational graph that represents a first comprehensive 
represent that the nouns of the sentence are in the first and layer of the machine learning model which corresponds to 
third position of the sentence using zero - based indexing . the first level of the parse tree illustrated in FIG . 2A . At the 
A gather operation gathers slices from arguments of first level , the parse tree labels the token “ big ” as an 

inputs according to indices that are specified by the gather 30 adjective ; token “ dogs ” as a noun ; and token “ run ” as a verb . 
operation call . This operation uses a type of vector address In this example , the example system receives this labeled 
ing in which rows are selected from a vector given a list of data and then generates the corresponding wiring vectors of 
row indices . Gather operations emulate physical multiplex each placeholder variable accordingly . For example , the 
ers . That is , each gather operation receives an input and a system sets the adjective ( ADJ ) wiring to [ O ] since the first 
wiring vector that specifies the location of the portion of the 35 element ( at zero index ) of the inputs vector is “ big , " which 
input that corresponds to the corresponding operation and is labeled as an adjective . 
outputs the corresponding of the input . An example system In this example , the machine learning model system sets 
inserts one gather operation into the computational graph for noun ( N ) wiring to [ 1 ] because the second element of the 
each argument of each pre - declared operation including a input vector is “ dogs , " which is labeled as a noun , and verb 
pass - through operation for each operation type . 40 ( v ) wiring is set to [ 2 ] because the third element of the inputs 

After connecting the wire vectors and input graphs to the vector is labeled as a verb , “ run . ” All other wiring vectors 
nodes representing the gather operations , the example sys are set to null or an empty vector . The example machine 
tem then connects the nodes representing gather operations learning model system schedules this first comprehensive 
as input to nodes representing their corresponding opera layer which corresponds to the first level of the parse tree so 
tions . The example system then connects each node repre- 45 that in operation , executing the example configuration graph 
senting a possible operation to a node representing a con to the concatenation of the comprehensive layer results in 
catenate operation to concatenate the outputs of the the vector , [ ADJ ( < big > ) , N ( < dogs > ) , V ( < run > ) ] . 
operations to complete a comprehensive layer of the FIG . 5 is a flow diagram of an example process 500 for 
dynamically structured machine learning model , which rep constructing and using a single directed computational graph 
resents a level of the input graph . An example system 50 with multiple layers that represents a dynamically structured 
includes one concatenation operation for each supported machine learning model . For convenience , the process 500 
tensor type . Tensor type includes both a data type and a data will be described as being performed by a system of one or 
shape . A tensor type is supported if it is an input or output more computers , located in one or more locations , and 
type of an operation in the computational graph . programmed appropriately in accordance with this specifi 

This process generates a directed computational graph 55 cation . For example , a machine learning system , e.g. , the 
representing a comprehensive layer of the machine learning machine learning system 100 of FIG . 1A , appropriately 
model that is equivalent to one level of an input graph and programmed , can perform the process 500 . 
can then be used to schedule inputs for a dynamically The system receives labeled input data with multiple 
structured machine learning model . levels , i.e. , a parse tree , for processing by the dynamically 
Once the computational graph has been generated , the 60 structured machine learning model ( 502 ) . 

system can receive labeled input data for processing by the The example system specifies the data flow through the 
dynamically structured machine learning model ( 304 ) and current comprehensive layer of the graph using the received 
specify the data flow through the graph to fit the received labeled input data ( 503 ) . For subsequent levels of the input 
labeled input data ( 305 ) . graph , the example system constructs a copy of the com 
FIG . 4 illustrates a computational graph 400 that supports 65 prehensive layer of the computational graph representing the 

the emulation of arbitrary input graphs composed of nodes model using output of the previous comprehensive layer as 
of type , “ D , ” “ ADJ , ” “ N , ” “ ADV , " " V , ” “ NP , ” “ VP , ” and input for the current layer . 
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As described , the parse tree of FIG . 2A has three levels sentation of a comprehensive machine learning layer and 
that are hierarchical . Once the first comprehensive layer is without rewriting the graph for each input . 
scheduled , the example system constructs a second compre While the above - described examples show at most one 
hensive layer of the computational graph that takes the instance of each operation , an example system can support 
output of the first comprehensive layer , [ ADJ < big > , 5 input graphs with multiple instances of an operation using 
N ( < dogs > ) , V ( < run > ) ] , as input . In this second comprehen wiring vectors with length greater than one . Additionally , the sive layer , the computational graph uses the input and labels examples each show a single input graph for simplicity . 
for this input data to determine that the token “ ADJ ( < big > ) However , an example system is capable of executing a batch is the first argument of a noun phrase ( NP ) and the token of input graphs in parallel given the proper wiring connec 
“ N ( < dogs > ) ” is the second argument . All other wiring 10 tion . In particular , an example system can take in the union vectors are set to null or an empty vector . FIG . 4 shows an of a batch of graphs to generate a single , discontiguous , arrow between the inputs and the concatenation operation of 
the example computational graph that is an input to a gather graph on which the algorithm can run . 
operation , which also takes in a pass through wiring vector . Embodiments of the subject matter and the functional 
This gather operation allows for level skipping in the parse 15 operations described in this specification can be imple 
tree , such as in FIG . 2A where there is no verb phrase so the mented in digital electronic circuitry , in tangibly - embodied 
verb input skips from level one to level three . In this case , computer software or firmware , in computer hardware , 
the machine learning model system sets the pass through including the structures disclosed in this specification and 
wiring vector toe [ 2 ] at the second level in order to pass their structural equivalents , or in combinations of one or 
V ( < runs > ) through the second layer . The system schedules 20 more of them . Embodiments of the subject matter described 
the second comprehensive layer which corresponds to the in this specification can be implemented as one or more 
second level of the parse tree so that in operation , executing computer programs , i.e. , one or more modules of computer 
the example computational graph to the concatenation of the program instructions encoded on a tangible non - transitory 
comprehensive layer results in the vector , [ NP ( ADJ ( < big > ) , storage medium for execution by , or to control the operation 
N ( < dogs > ) ) , V ( < runs > ) ] . 25 of , data processing apparatus . The computer storage medium 

The example system then constructs a third layer that can be a machine - readable storage device , a machine - read 
takes the output of the second comprehensive layer , [ NP able storage substrate , a random or serial access memory 
( ADJ ( < big > ) , N ( < dogs > ) ) , V ( < runs > ) ] as input . The com device , or a combination of one or more of them . The 
putational graph uses this input and labels of the data to computer storage medium is not , however , a propagated 
determine that the token , NP ( ADJ ( < big > ) , N ( < dogs > ) ) and 30 signal . Alternatively or in addition , the program instructions 
the token , V ( < runs > ) , are the first and second argument can be encoded on an artificially - generated propagated sig 
respectively for the sentence . “ S Arg 1 Wiring ” is therefore nal , e.g. , a machine - generated electrical , optical , or electro 
set to [ 0 ] and “ S Arg 2 Wiring ” is set to [ 1 ] at this magnetic signal , that is generated to encode information for 
comprehensive layer . All other wiring vectors are set to null transmission to suitable receiver apparatus for execution by 
or an empty vector . The system schedules the third compre- 35 a data processing apparatus . 
hensive layer which corresponds to the third level of the The term “ data processing apparatus ” refers to data pro 
parse tree so that in operation , executing the example cessing hardware and encompasses all kinds of apparatus , 
computational graph to the concatenation of the layer results devices , and machines for processing data , including by way 
in [ S ( NP ( ADJ ( < big > ) , N ( < dogs > ) ) , V ( < run > ) ) ] . of example a programmable processor , a computer , or mul 
Once all comprehensive layers have been added to the 40 tiple processors or computers . The apparatus can also be , or 

computational graph and data has been scheduled and pro further include , special purpose logic circuitry , e.g. , an 
cessed , an example system uses a final gather operation to FPGA ( field programmable gate vector ) or an ASIC ( appli 
determine the output of the model . The last concatenation of cation - specific integrated circuit ) . The apparatus can option 
the last comprehensive layer is passed through a final gather ally include , in addition to hardware , code that creates an 
operation in order for the example system to select the 45 execution environment for computer programs , e.g. , code 
results that should be outputted from the model . In this that constitutes processor firmware , a protocol stack , a 
example the outputs are embedding vectors that represent database management system , an operating system , or a 
phrases , e.g. , S ( NP ( ADJ ( < big > ) , N ( < dogs > ) ) , V ( < run > ) ) ) . combination of one or more of them . 
The last gather operation filters out any nodes in the graph A computer program , which may also be referred to or 
that have the maximal depth , but are not outputs . The gather 50 described as a program , software , a software application , an 
operation also shuffles the remaining outputs into an order app , a module , a software module , a script , or code , can be 
expected by the user . When the user tags nodes as outputs , written in any form of programming language , including 
the values corresponding to the nodes will appear in the compiled or interpreted languages , or declarative or proce 
machine learning model output tensor in the order that the dural languages , and it can be deployed in any form , 
nodes were tagged . In this example , the results can be fed 55 including as a stand - alone program or as a module , compo 
into a network which tries to turn sentence - vectors into nent , subroutine , or other unit suitable for use in a computing 
classifications . environment . A program may , but need not , correspond to a 

The parse tree of FIG . 2B can be scheduled and processed file in a file system . A program can be stored in a portion of 
by the computational graph of FIG . 4 in a similar manner to a file that holds other programs or data , e.g. , one or more 
the parse tree of FIG . 2A as described above with wiring 60 scripts stored in a markup language document , in a single 
vectors set for the tokens and labels defining the parse tree file dedicated to the program in question , or in multiple 
of FIG . 2A . Because the parse tree of FIG . 2B has a different coordinated files , e.g. , files that store one or more modules , 
shape from the parse tree of FIG . 2A , the values of the sub - programs , or portions of code . A computer program can 
wiring vectors will be different for the processing of the be deployed to be executed on one computer or on multiple 
parse tree of FIG . 2B . Thus , different inputs to a dynami- 65 computers that are located at one site or distributed across 
cally - structured machine learning model can be handled multiple sites and interconnected by a data communication 
effectively by modifying wiring vectors in a graph repre network . 



US 10,776,714 B2 
11 12 

As used in this specification , an “ engine , ” or “ software can interact with a user by sending text messages or other 
engine , ” refers to a software implemented input / output sys forms of message to a personal device , e.g. , a smartphone , 
tem that provides an output that is different from the input . running a messaging application , and receiving responsive 
An engine can be an encoded block of functionality , such as messages from the user in return . 
a library , a platform , a software development kit ( “ SDK " ) , 5 Embodiments of the subject matter described in this 
or an object . Each engine can be implemented on any specification can be implemented in a computing system that 
appropriate type of computing device , e.g. , servers , mobile includes a back - end component , e.g. , as a data server , or that 
phones , tablet computers , notebook computers , music play includes a middleware component , e.g. , an application 
ers , e - book readers , laptop or desktop computers , PDAs , server , or that includes a front - end component , e.g. , a client smart phones , or other stationary or portable devices , that 10 computer having a graphical user interface , a web browser , includes one or more processors and computer readable 
media . Additionally , two or more of the engines may be or an app through which a user can interact with an imple 
implemented on the same computing device , or on different mentation of the subject matter described in this specifica 
computing devices . tion , or any combination of one or more such back - end , 

The processes and logic flows described in this specifi- 15 middleware , or front - end components . The components of 
cation can be performed by one or more programmable the system can be interconnected by any form or medium of 
computers executing one or more computer programs to digital data communication , e.g. , a communication network . 
perform functions by operating on input data and generating Examples of communication networks include a local area 
output . The processes and logic flows can also be performed network ( LAN ) and a wide area network ( WAN ) , e.g. , the 
by special purpose logic circuitry , e.g. , an FPGA or an ASIC , 20 Internet . 
or by a combination of special purpose logic circuitry and The computing system can include clients and servers . A 
one or more programmed computers . client and server are generally remote from each other and 

Computers suitable for the execution of a computer typically interact through a communication network . The 
program can be based on general or special purpose micro relationship of client and server arises by virtue of computer 
processors or both , or any other kind of central processing 25 programs running on the respective computers and having a 
unit . Generally , a central processing unit will receive client - server relationship to each other . In some embodi 
instructions and data from a read - only memory or a random ments , a server transmits data , e.g. , an HTML page , to a user 
access memory or both . The essential elements of a com device , e.g. , for purposes of displaying data to and receiving 
puter are a central processing unit for performing or execut user input from a user interacting with the device , which acts 
ing instructions and one or more memory devices for storing 30 as a client . Data generated at the user device , e.g. , a result 
instructions and data . The central processing unit and the of the user interaction , can be received at the server from the 
memory can be supplemented by , or incorporated in , special device . 
purpose logic circuitry . Generally , a computer will also In addition to the embodiments of the attached claims and 
include , or be operatively coupled to receive data from or the embodiments described above , the following numbered 
transfer data to , or both , one or more mass storage devices 35 embodiments are also innovative : 
for storing data , e.g. , magnetic , magneto - optical disks , or Embodiment 1 is a method comprising : 
optical disks . However , a computer need not have such receiving data identifying a plurality of operations that 
devices . Moreover , a computer can be embedded in another can be performed on input data for processing by a 
device , e.g. , a mobile telephone , a personal digital assistant dynamically structured machine learning model ; 
( PDA ) , a mobile audio or video player , a game console , a 40 receiving a plurality of labels corresponding to arguments 
Global Positioning System ( GPS ) receiver , or a portable for the plurality of operations ; 
storage device , e.g. , a universal serial bus ( USB ) flash drive , generating a directed computational graph representing a 
to name just a few . comprehensive layer of the dynamically structured 

Computer - readable media suitable for storing computer machine learning model from the identified operations 
program instructions and data include all forms of non- 45 and labels , wherein the comprehensive layer is a layer 
volatile memory , media and memory devices , including by that includes each possible operation that can be per 
way of example semiconductor memory devices , e.g. , formed by the dynamically structured machine learning 
EPROM , EEPROM , and flash memory devices ; magnetic model ; 
disks , e.g. , internal hard disks or removable disks ; magneto receiving an input for processing by the dynamically 
optical disks ; and CD - ROM and DVD - ROM disks . structured machine learning model , wherein the input 

To provide for interaction with a user , embodiments of the includes a plurality of tokens and label data specifying 
subject matter described in this specification can be imple labels for the plurality of tokens ; and 
mented on a computer having a display device , e.g. , a CRT specifying data flow through the directed computational 
( cathode ray tube ) or LCD ( liquid crystal display ) monitor , graph to fit the received labeled data . 
for displaying information to the user and a keyboard and a 55 Embodiment 1 may provide one or more of the following 
pointing device , e.g. , a mouse or a trackball , by which the technical advantages or effects : the system can process 
user can provide input to the computer . Other kinds of inputs of various shapes without requiring that the compu 
devices can be used to provide for interaction with a user as tational graph be rewritten for each input . When an input is 
well ; for example , feedback provided to the user can be any received to a dynamically structured machine learning 
form of sensory feedback , e.g. , visual feedback , auditory 60 model , the computational graph representing the model does 
feedback , or tactile feedback ; and input from the user can be not have to be rewritten and the input can efficiently be 
received in any form , including acoustic , speech , or tactile scheduled for processing by multiple hardware devices . 
input . In addition , a computer can interact with a user by Embodiment 2 is the method of embodiment 1 , wherein 
sending documents to and receiving documents from a generating the directed computational graph includes : 
device that is used by the user ; for example , by sending web 65 for each argument for each of the operations , inserting , 
pages to a web browser on a user's device in response to into the computational graph , a respective variable 
requests received from the web browser . Also , a computer representing a respective wiring vector that specifies a 
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location of tokens having each label corresponding to apparatus , to cause the data processing apparatus to perform 
the operation argument in a received input . the method of any one of claims 1 to 10 . 

Embodiment 3 is the method of embodiment 2 , wherein While this specification contains many specific imple 
specifying data flow comprises : mentation details , these should not be construed as limita 

for each argument for each operation , modifying the 5 tions on the scope of any invention or on the scope of what 
wiring vector to either ( i ) identify a location , in the may be claimed , but rather as descriptions of features that 
input , of the token having the label corresponding to the may be specific to particular embodiments of particular 
argument or ( ii ) if no token has the label corresponding inventions . Certain features that are described in this speci 
to the argument in the input , identify that no token of fication in the context of separate embodiments can also be 
the argument exists in the input . 10 implemented in combination in a single embodiment . Con 

Embodiment 4 is the method of any one of the embodi versely , various features that are described in the context of 
ments 2 or 3 , wherein generating the directed computational a single embodiment can also be implemented in multiple 
graph includes : inserting , for each operation argument , a embodiments separately or in any suitable subcombination . 
corresponding gather operation that receives as input the Moreover , although features may be described above as 
wiring vector associated with the operation argument and an 15 acting in certain combinations and even initially be claimed 
input vector and outputs a result to the operation for which as such , one or more features from a claimed combination 
the operation argument corresponds . can in some cases be excised from the combination , and the 

Embodiment 5 is the method of any one of the embodi claimed combination may be directed to a subcombination 
ments 1 through 4 , wherein generating a directed computa or variation of a sub combination . 
tional graph includes : Similarly , while operations are depicted in the drawings in 

adding , to the computational graph , a concatenation a particular order , this should not be understood as requiring 
operation to concatenate all results of operations in the that such operations be performed in the particular order 
layer . shown or in sequential order , or that all illustrated operations 

Embodiment 6 is the method of any one of the embodi be performed , to achieve desirable results . In certain cir 
ments 1 through 5 , wherein specifying data flow through the 25 cumstances , multitasking and parallel processing may be 
single directed computational graph using the received advantageous . Moreover , the separation of various system 
labeled data includes : modules and components in the embodiments described 

determining whether the label data has multiple levels of above should not be understood as requiring such separation 
labels ; in all embodiments , and it should be understood that the 

in response to determining that the label data has multiple 30 described program components and systems can generally 
levels , be integrated together in a single software product or pack 

generating , for each level of the label data , a copy of the aged into multiple software products . 
computational graph as a new layer of the graph , Particular embodiments of the subject matter have been 
wherein output of a previous layer of the computational described . Other embodiments are within the scope of the 
graph is the input to a next layer of the graph . 35 following claims . For example , the actions recited in the 

Embodiment 7 is the method of embodiment 6 further claims can be performed in a different order and still achieve 
comprising : desirable results . As one example , the processes depicted in 

for each layer , modifying the wiring vectors according to the accompanying figures do not necessarily require the 
the corresponding level in the label data . particular order shown , or sequential order , to achieve 

Embodiment 8 is the method of any one of the embodi- 40 desirable results . In some cases , multitasking and parallel 
ments 1 through 7 further comprising : processing may be advantageous . 

executing the operations of the computational graph ; and 
using a final gather operation to select results as output of What is claimed is : 

the model . 1. A method comprising : 
Embodiment 9 is the method of any one of the embodi- 45 receiving data specifying a dynamically structured 

ments 1 through 8 further comprising : machine learning model , comprising : 
receiving a second input for processing by the dynami receiving data identifying a plurality of operations that 

cally structured machine learning model that includes a can be performed on input data for processing by the 
second plurality of tokens and second labeled data dynamically structured machine learning model , and 
different from the received input ; and receiving a plurality of labels corresponding to argu 

modifying data flow through the layer of the single ments for the plurality of operations , 
directed computational graph to fit the second labeled wherein the dynamically structured machine learning 
data . model is configured to process the input data using one 

Embodiment 10 is the method of claim 8 , wherein execut or more of the plurality of operations to generate output 
ing the operations of the computational graph comprises : data ; 

allocating the nodes in the computational graph across a generating data representing a directed computational 
plurality of devices ; and graph of the dynamically structured machine learning 

causing each of the devices to perform the operations model , the directed computational graph comprising a 
represented by the nodes allocated to the device . comprehensive layer that represents each possible 

Embodiment 11 is a system comprising : one or more 60 operation of the plurality of operations that can be 
computers and one or more storage devices storing instruc performed by the dynamically structured machine 
tions that are operable , when executed by the one or more learning model , wherein the comprehensive layer is 
computers , to cause the one or more computers to perform configured to perform any combination of one or more 
the method of any one of claims 1 to 10 . of the plurality of operations that would be required to 

Embodiment 12 is a computer storage medium encoded 65 be performed by the dynamically structured machine 
with a computer program , the program comprising instruc learning model , for any of a plurality of different 
tions that are operable , when executed by data processing received inputs ; 
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receiving an input for processing by the dynamically ing from an initial level up to the maximum count of 
structured machine learning model , wherein the input levels , generating a respective comprehensive layer 
includes a plurality of tokens and label data specifying corresponding to the level , wherein each comprehen 
labels for the plurality of tokens ; sive layer that does not correspond to the initial level 

specifying data flow through the directed computational 5 receives input from a previous comprehensive layer . 
graph to fit the received input ; and 10. The method of claim 9 , wherein specifying data flow 

executing the directed computational graph on one or through the directed computational graph comprises speci 
more computing devices to process the input in accor fying , at each comprehensive layer , data flow through one or 
dance with the specified data flow . more operations in the comprehensive layer that receive , as 

2. The method of claim 1 , wherein generating the data 10 arguments , respective one or more tokens with labels cor 
representing the directed computational graph includes : responding to the comprehensive layer . 

for each argument for each of the operations , inserting , 11. A system comprising : 
into the directed computational graph , a respective one or more computers ; and 
variable representing a respective wiring vector that one or more storage devices storing instructions that are 
specifies a location of tokens having each label corre- 15 operable , when executed by the one or more computers , 
sponding to the operation argument in a received input . to cause the one or more computers to perform opera 

3. The method of claim 2 , wherein specifying data flow tions comprising : 
comprises : receiving data specifying a dynamically structured 

for each argument for each operation , modifying the machine learning model , comprising : 
wiring vector to either ( i ) identify a location in the 20 receiving data identifying a plurality of operations that 
received input of a respective token having the label can be performed on input data for processing by the 
corresponding to the argument or ( ii ) identify that no dynamically structured machine learning model , and 
token of the argument exists in the received input , if no receiving a plurality of labels corresponding to argu 
token has the label corresponding to the argument in the ments for the plurality of operations , 
input . wherein the dynamically structured machine learning 

4. The method of claim 2 , wherein generating the data model is configured to process the input data using one 
representing the directed computational graph includes : or more of the plurality of operations to generate output 

inserting , for each operation argument , a corresponding data ; 
gather operation that receives , as input the wiring generating data representing a directed computational 
vector associated with the operation argument and an 30 graph of the dynamically structured machine learning 
input vector , and outputs a result to the operation for model , the directed computational graph comprising a 
which the operation argument corresponds . comprehensive layer that represents each possible 

5. The method of claim wherein generating the directed operation of the plurality of operations that can be 
computational graph includes : performed by the dynamically structured machine 

adding , to the directed computational graph , a concatena- 35 learning model , wherein the comprehensive layer is 
tion operation to concatenate all results of operations in configured to perform any combination of one or more 
the comprehensive layer . of the plurality of operations that would be required to 

6. The method of claim 1 , wherein executing the directed be performed by the dynamically structured machine 
computational graph comprises : learning model , for any of a plurality of different 

using a final gather operation to select results of process- 40 received inputs ; 
ing the input in accordance with the specified data flow receiving an input for processing by the dynamically 
as output of the model . structured machine learning model , wherein the input 

7. The method of claim 1 , wherein the input is a first input , includes a plurality of tokens and label data specifying 
and wherein the method further comprises : labels for the plurality of tokens ; 

receiving a second input for processing by the dynami- 45 specifying data flow through the directed computational 
cally structured machine learning model that includes a graph to fit the received input ; and 
second plurality of tokens and second label data dif executing the directed computational graph on one or 
ferent from the plurality of tokens and the label data more computing devices to process the input in accor 
included in the first input ; and dance with the specified data flow . 

specifying data flow through the directed computational 50 12. The system of claim 11 , wherein generating the data 
graph to fit the second input . representing the directed computational graph includes : 

8. The method of claim 1 , wherein executing the directed for each argument for each of the operations inserting , 
computational graph comprises : into the directed computational graph , a respective 

allocating nodes in the computational graph across the variable representing a respective wiring vector that 
one or more computing devices ; and specifies a location of tokens having each label corre 

causing each of the computing devices to perform opera sponding to the operation argument in a received input . 
tions represented by the nodes allocated to the com 13. The system of claim 12 , wherein generating the data 
puting device . representing the directed computational graph includes : 

9. The method of claim 1 , inserting , for each operation argument , a corresponding 
wherein receiving data specifying the dynamically struc- 60 gather operation that receives , as input the wiring 

tured machine learning model comprises receiving a vector associated with the operation argument and an 
maximum count of levels for the plurality of labels , input vector and outputs a result to the operation for 
wherein each of the plurality of labels corresponds to a which the operation argument corresponds . 
respective level , and 14. The system of claim 11 , wherein specifying data flow 

wherein generating the data representing the directed 65 comprises : 
computational graph of the dynamically structured for each argument for each operation , modifying the 
machine learning model comprises , for each level start wiring vector to either ( i ) identify a location , in the 
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received input of a respective token having the label generating data representing a directed computational 
corresponding to the argument or ( ii ) identify that no graph of the dynamically structured machine learning 
token of the argument exists in the received input , if no model , the directed computational graph comprising a 
token has the label corresponding to the argument in the comprehensive layer that represents each possible 
input . operation of the plurality of operations that can be 

15. The system of claim 11 , wherein generating a directed performed by the dynamically structured machine 
computational graph includes : learning model , wherein the comprehensive layer is 

adding , to the directed computational graph , a concatena configured to perform any combination of one or more 
tion operation to concatenate all results of operations in of the plurality of operations that would be required to 
the comprehensive layer . be performed by the dynamically structured machine 

learning model , for any of a plurality of different 16. The system of claim 11 , wherein executing the received inputs ; directed computational graph comprises : receiving an input for processing by the dynamically using a final gather operation to select results of process structured machine learning model , wherein the input ing the input in accordance with the specified data flow includes a plurality of tokens and label data specifying as output of the model . labels for the plurality of tokens ; 
17. The system of claim 11 , wherein the input is a first specifying data flow through the directed computational 

input , and wherein the method further comprises : graph to fit the received input ; and 
receiving a second input for processing by the dynami executing the directed computational graph on one or 

cally structured machine learning model that includes a 20 more computing devices to process the input in accor 
second plurality of tokens and second label data dif dance with the specified data flow . 
ferent from the plurality of tokens and the label data 22. The non - transitory computer - readable storage 
included in the first input ; and medium of claim 21 , wherein generating the data represent 

specifying data flow through the directed computational ing the directed computational graph includes : 
graph to fit the second input . for each argument for each of the operations inserting , 

18. The system of claim 11 , wherein executing directed into the directed computational graph , a respective 
computational graph comprises : variable representing a respective wiring vector that 

allocating nodes in the computational graph across the specifies a location of tokens having each label corre 
one or more devices ; and sponding to the operation argument in a received input . 

causing each of the computing devices to perform opera- 30 23. The non - transitory computer - readable storage 
tions represented by the nodes allocated to the com medium of claim 22 , wherein specifying data flow com 
puting device . prises : 

19. The system of claim 11 , for each argument for each operation , modifying the 
wherein receiving data specifying the dynamically struc wiring vector to either ( i ) identify a location , in the 

tured machine learning model comprises receiving a 35 received input of a respective token having the label 
maximum count of levels for the plurality of labels , corresponding to the argument or ( ii ) identify that no 
wherein each of the plurality of labels corresponds to a token of the argument exists in the received input , if no 
respective level , and token has the label corresponding to the argument in the 

wherein generating the data representing the directed input . 
computational graph of the dynamically structured 40 24 . The non - transitory computer - readable storage 
machine learning model comprises , for each level start medium of claim 22 , wherein generating the data represent 
ing from an initial level up to the maximum count of ing the directed computational graph includes : 
levels , generating a respective comprehensive layer inserting , for each operation argument , a corresponding 
corresponding to the level , wherein each comprehen gather operation that receives , as input , the wiring 
sive layer that does not correspond to the initial level 45 vector associated with the operation argument and an 
receives input from a previous comprehensive layer . input vector and outputs a result to the operation for 

20. The system of claim 19 , wherein specifying data flow which the operation argument corresponds . 
through the directed computational graph comprises speci 25. The non - transitory computer - readable storage 
fying , at each comprehensive layer , data flow through one or medium of claim 21 , wherein generating a directed compu 
more operations in the comprehensive layer that receive , as 50 tational graph includes : 
arguments , respective one or more tokens with labels cor adding , to the directed computational graph , a concatena 
responding to the comprehensive layer . tion operation to concatenate all results of operations in 

21. A non - transitory computer - readable storage medium the comprehensive layer . 
comprising instructions stored thereon that are executable by 26. The non - transitory computer - rea computer - readable storage 
a processing device and upon such execution cause the 55 medium of claim 21 , wherein executing the directed com 
processing device to perform operations comprising : putational graph comprises : 

receiving data specifying a dynamically structured using a final gather operation to select results of process 
machine learning model , comprising : ing the input in accordance with the specified data flow 
receiving data identifying a plurality of operations that as output of the model . 

can be performed on input data for processing by the 60 27. The non - transitory computer - readable storage 
dynamically structured machine learning model , and medium of claim 21 , wherein the input is a first input , and 

receiving a plurality of labels corresponding to argu wherein the method further comprises : 
ments for the plurality of operations , receiving a second input for processing by the dynami 

wherein the dynamically structured machine learning cally structured machine learning model that includes a 
model is configured to process the input data using one 65 second plurality of tokens and second label data dif 
or more of the plurality of operations to generate output ferent from the plurality of tokens and the label data 
data ; included in the first input ; and 
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specifying data flow through the directed computational 
graph to fit the second input . 

28. The non - transitory computer - readable storage 
medium of claim 21 , wherein executing directed computa 
tional graph comprises : 

allocating nodes in the computational graph across the 
one or more computing devices ; and 

causing each of the computing devices to perform opera 
tions represented by the nodes allocated to the device . 

29. The computer - readable media of claim 21 , 
wherein receiving data specifying the dynamically struc 

tured machine learning model comprises receiving a 
maximum count of levels for the plurality of labels , 
wherein each of the plurality of labels corresponds to a 
respective level , and 

wherein generating the data representing the directed 
computational graph of the dynamically structured 
machine learning model comprises , for each level start 
ing from an initial level up to the maximum count of 
levels , generating a respective comprehensive layer 20 
corresponding to the level , wherein each comprehen 
sive layer that does not correspond to the initial level 
receives input from a previous comprehensive layer . 

30. The computer - readable media of claim 29 , wherein 
specifying data flow through the directed computational 25 
graph comprises specifying , at each comprehensive layer , 
data flow through one or more operations in the compre 
hensive layer that receive , as arguments , respective one or 
more tokens with labels corresponding to the comprehensive 
layer . 
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