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Abstract
Text classification is a crucial task in the text mining field, and it can be included in queries 
with user-defined functions(UDF). In many web applications, such as Twitter mining or 
Weibo real-time processing, when the amount of text data to be processed is enormous, 
there will be many overload phenomena. At the same time, when the system is overloaded, 
the delays in the query process can negatively affect the user experience in a streaming 
scenario. This paper focuses on the query with text classification on streaming data. We 
propose a novel method called Zebra with progressive pipelines to optimize the overload 
query situations. The core module of Zebra is the probabilistic filter which can reduce an 
incredible amount of text data based on semantic information of the query predicate. We 
train weak classifiers as filters using data with labels from brute-force pipelines. Next, we 
use a parameter search method to choose a suitable filter with the best settings and apply 
it to progressive pipelines. Experiments with several text workloads on real-world datasets 
show that Zebra can achieve higher accuracy stably while answering the query in time.

Keywords  Query processing · Text classification · Overload · Probabilistic filter · Load 
shedding

1  Introduction

With the explosive development of the Internet, an incredible amount of text data is 
produced every day. For example, according to the statistics of 2020,1 there were 187 
million daily active users on Twitter, and the number of only movies and TV-themed 
tweets alone produced can reach 7000 per minute. Besides, 2 billion tweets about sports 
were produced all the year. Generally, text data contains more semantic information 
than traditional data, such as the information on whether the document is positive or the 
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keywords contained in the text. This indirect and relational information is always pro-
duced after executing machine learning user-defined functions(UDF). In the meantime, 
with the rapid rise of artificial intelligence, many relational data platforms or systems 
support the analysis of unstructured data such as text, images, or videos [2, 5, 28, 36] 
more popularly. The users also demand to post queries to dig out opaque information 
about the related data they focus on nowadays.

Many video query processing data platforms or engines including BlazeIt [19], 
MIRIS [4], NoScope [18], probabilistic predicates [29], SVQ [42], etc, have been pro-
posed to accelerate the execution of video analytics in recent years. These engines work 
and optimize the pipeline, which mainly focuses on video analytics queries. These work 
all rely on totally offline training phases based on the UDF and predicates of the query. 
The other work, including opaque filters [11], save the cost time based on different SQL 
clauses like limit and join. None of these work try to optimize the query pipeline with 
machine learning tasks in an online scenario, especially overload situations in stream 
systems. However, processing the machine learning UDF query offline, which is based 
on the historical data results, needs a lot of related data to analyze the query.

Compared to offline query processing, streaming data pay much more attention to the 
query answer latency. In many data stream applications, processing delay is the most 
critical quality requirement since the value of query results decreases dramatically over 
time. It’s very common in Data Stream Management Systems(DSMSs) that the ability 
to remain a desired level of delay is significantly damaged under overload situations. In 
general, DSMSs employ the load shedding technique in order to meet quality require-
ments and keep pace with the high rate of data arrivals [38]. For the system to continue 
to provide up-to-date query responses, load shedding always discards some fraction 
of the unprocessed data. In the streaming data scenario, the system typically works on 
unbounded data streams rather than static data sets. In fact, people always use sliding 
windows to limit the recent data over a stream, and the size of a window is often speci-
fied based on a time interval like 5 seconds or 10 seconds. The window ends at the cur-
rent time, called a suffix window. In the background of the explosion of data and limited 
resources of computing platforms, the situations of data overloading frequently happen 
in a real-world scene.

We focus on a new scenario about a text stream system with overload situations 
and propose a new query pattern with text classification UDF and the limited 
time of the query execution. Generally, when the system is overloaded, DSMSs 
employ the load shedding technique without considering potential semantic infor-
mation of the query with analysis UDF. The system usually sheds redundant data 
which can not be processed in a random way. Although this method can guaran-
tee the query is answered in a limited time, the accuracy of the response is rela-
tively low. Notice that when the overload percent is more serious, the accuracy 
of the query drops more rapidly, and the load shedding technique will shed the 
data which satisfies the query easily. For example, we suppose that the number 
of input documents is 1000, the system can process 100 documents per second 
based on real-time UDF, and the user hopes to receive the result within 5 seconds. 
In this situation, the load shedding technique will shed 50% of documents indis-
criminately, whether the document is positive or negative for the real-time query. 
Some samples are absolutely not satisfied with the query predicate, but they have 
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the same shedding rate as the positive samples. In summary, the load shedding 
technique can help data stream reduce load, and this method is simple and brute. 
Besides, the overhead of applying this method is very low, and this technique is 
easy to implement. However, as described above, the query pipelines have low 
accuracy when only including load shedding, and this method is not suitable for 
machine learning inference queries.

In this paper, our optimization target is to improve the accuracy of the query and 
returning more useful data to users. Intuitively, we can shed data which tends to be 
negative based on the predicate and UDF of the query. Based on such motivation, We 
apply the probabilistic filter technique to the pipeline to help us select text data. How-
ever, there are two challenges in applying the probabilistic filter technique. The first is 
that how to train effective filters quickly. The second is how to adapt the filtering mod-
ule to the real-time query and improve the query accuracy. Faced with these two chal-
lenges, we propose Zebra method to optimize the query when the data stream is over-
loaded. We train some classifiers as filters based on an online training phase, and the 
training data comes from previous online sliding data windows. We apply the filtering 
module to progressive pipelines, which helps improve the accuracy of the query pipe-
lines and selects data biasedly. In contrast to brute-force pipelines with load shedding, 
this method improves the processing data efficiency of the system. In the next stage, 
we use an optimized parameter search method to find the best filter parameters adapted 
to the real-time query based on metrics. The parameter search helps solve the second 
challenge. Ultimately, this series of optimization methods will work and improve the 
query accuracy in overload scenarios. Moreover, we consider the overload scenario with 
dynamic data distribution and propose Zebra-Dynamic to deal with it. In summary, this 
paper claims to make the following contributions:

•	 We propose a query processing frame with text classification UDF, which supports 
users to propose the query response time under the stream scenario.

•	 We apply the probabilistic filter technique to progressive pipelines, which can 
improve the query accuracy when the data stream is overloaded. In progressive pipe-
lines, we propose a progressive training style to train classifiers as filters and use an 
optimized search method to find the best configuration for the real-time query.

•	 We integrate these optimizations into the method called Zebra and conduct experi-
ments on various query workloads and datasets. Experimental results show that 
Zebra can achieve higher query accuracy compared with the baseline. Besides, in 
the experiments, we use a function fitting method to control the latency of the query.

•	 We further consider the overload scenario with dynamic data distribution and pro-
pose Zebra-Dynamic to optimize the query. Experiments show that Zebra-Dynamic 
performs better than original Zebra method and baseline in this scenario.

The rest of this paper is organized as follows: Section 2 describes the problem and 
introduces the brute-force pipeline and the progressive pipeline. Section  3 describes 
the probabilistic filters we used. Section 4 presents the overview of Zebra method and 
explains how Zebra method works. Section 4 also introduces how to deal with dynamic 
distribution scenario. Section 5 presents the results of our experiments. In the end, we 
summarize the related work in Section 6 and draw the conclusion in Section 7.
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2 � Problem definition & processing pipelines

In this section, we focus on introducing the problem we solved and the overview of 
pipelines in our method. Table  1 describes the important notations and their descrip-
tions in the paper.

2.1 � Problem description

We support users to give a tuple that includes query(UDF) and the limited time that 
users hope to spend on waiting for the query. The tuple is as follows : < query,tbound >. 
The query includes the specific UDF task given by users, such as sentiment analysis or 
the topic of documents with the concrete predicate value. For example, in sentiment 
analysis, some users want to find the highest level positive documents. The details about 
the query pattern are as follows:

The SQL query above is the example of the query pattern, which always includes a 
text-related UDF and this UDF is a costly machine learning task including deep learn-
ing models with a deep neural network. In our paper, we focus on the text classification 
tasks, and our UDF consists of text classification only like presented in Table 1. In the 
example query, the user hopes to find the documents in TwitterSet, which mainly have 
positive emotions. The potential values of the sentiment predicate UDF can be three 
types: positive, neutral, and negative. Other typical classification tasks of text data are 
spam detection, keyword extraction, the topic of documents, etc. Obviously, users can 
not propose the query with unsupported UDFs.

������ ∗ ���� ����������

������������������(������
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Table 1   Frequently used notations

Notation Description

W number of documents that can be processed in the bounded time under
normal conditions

Nd number of documents that need to be processed in the bounded time
under overload conditions

UDF user defined function(text classification tasks)
x the rate of random sampling before pipeline
rf data reduction rate of filters
cf cost time of using filters
u cost time of UDF processing per document
tbound the bounded answer time of query given by users
textra the extra time reserved for extra modules in progressive pipelines
tudf the time for text classification UDF
th threshold of one filter
af the accuracy of trained filters which can be tuned by threshold
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Next, the tbound can be considered as the desired answering time of the query that 
users can accept. In the stream scenario, the latency of the query is crucial, and it is 
critical for answer quality. Based on this, we hope that the accuracy of the query answer 
is higher than before, which means that the answer can bring more related data to 
users. Therefore, the main goal of our problem is as follows: users can get the answer 
to the query within their expected time, and on this basis, the system schedules all the 
resources and makes the accuracy of the answer as high as possible.

2.2 � Pipeline overview

When the query arrives, the system will process the query on a recent data window in 
streaming data. In the stream scenario, the stream system usually processes data in a 
window unit, and the size of the window is usually fixed. For example, the TwitterSet 
comes as streaming data, and we control the window size by limiting the documents 
data in recent 5 minutes. We can obtain the data windows by documents’ timestamps. In 
TwitterSet, each Tweet has a timestamp that records the time when users sent it. We uti-
lize timestamps to limit the data window size. When the number of recent tweets has an 
explosive growth, the data text in the recent data window will become much more than 
usual. Under this condition, the system is overloaded and needs to take some different 
techniques to solve this problem.

Brute‑force pipeline  Without any optimization techniques or methods, when overloaded, 
the system must shed load in order to maintain the low-latency of the query [38]. The 
brute-force pipeline is as follows (Fig. 1):

We can see that the data window will firstly be input into the load shedding module, 
where the system will randomly drop some documents. The random drop stage can be seen 
as sampling the documents in a real-time data window. Next, the remaining documents are 
passed into the UDF module, which is related to the real-time query. After the rest of the 
documents are input to UDF, the system will return the answer to the user, and the UDF 
module costs most of the time in the pipeline.

In a brute-force pipeline, we can pre-compute some metrics of the answer by assigning 
the parameters in all pipeline modules in advance. We attempt to represent two metrics, 
the accuracy and the response time of the pipeline, by using the notations in Table 1. We 
assume that when the system is overloaded, the random shedding rate of the load shedding 
stage is x, the number of documents in the recent time window is N, and per document 
costs time u evenly. In the end, we can get two metrics as follows:

The sample rate is x, and the true positives for the query predicate will be reduced into 
N * x. Eventually, the ratio of the last true positives and original true positives is x, so the 

(1)
Accuracy = x,

Cost = N ∗ x ∗ u ≤ tbound

Fig. 1   Brute-force pipeline



	 World Wide Web

1 3

accuracy of the whole pipeline is x. The number of documents passed into the UDF mod-
ule is N * x, which results in N * x * u cost time. In the end, the total cost time needs to be 
limited within tbound.

Progressive pipeline  Compared with a brute-force processing pipeline, our method adds 
an intermediate module to improve the whole pipeline (Fig. 2). The input streaming data is 
assigned to the load shedding module also. After that, the remaining documents are passed 
into our trained probabilistic filters rather than the UDF module. The probabilistic filters 
will filter the documents semantically based on query predicate and tend to select the docu-
ment which can pass the query condition in high probability. Eventually, the left unpro-
cessed documents will be input into UDF tasks, and the answer is accomplished. When 
faced with the data stream overload problem, the filtering module will discard the data 
that is more inclined not to satisfy the query conditions and help reduce the load. Com-
pared with the brute-force pipeline, more positive samples are preserved, which improves 
the query pipeline accuracy. Therefore, the system can process the query more efficiently, 
reducing the cost time of negative samples. However, injecting probabilistic filters into the 
pipeline brings the problem of accuracy that filters do not change the false-positive rate but 
can increase the false-negative rate. Notice that machine learning tasks are tolerant to this 
kind of error, and even the origin machine learning UDFs have the problem of true posi-
tives and false negatives [29]

As for our pipeline, we also assume that when the system is overloaded, we set the ran-
dom rate of load shedding as x, and the number of documents is N. There are three vari-
ables of filters which are accuracy af, cost time cf and reduction rate rf. In the end, we can 
get two metrics as follows:

Notice that two modules process the original documents, firstly load shedding and sec-
ondly filtering. If the accuracy of the applied filter is af, there will be af * x * N true posi-
tive documents input into the UDF. Thus, the result of the accuracy will be x * af. Next, we 
consider the cost time of the pipeline. Firstly, the unit time of the filter processing a single 
document is cf. The number of documents after the load shedding module will reduce into 
N * x for the random rate is x. Therefore, the cost time of the filter stage is N * x * cf. Sec-
ondly, as the reduction rate of the filter is rf, the number of documents input into UDF will 
be N * x * (1 − rf). Ultimately, the total cost time of the pipeline will be like (2), which 
should be restricted within tbound.

(2)
Accuracy = x ∗ af ,

Cost = N ∗ x ∗ cf + N ∗ x ∗ (1 − rf ) ∗ u ≤ tbound

Fig. 2   Progressive pipeline
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3 � Probabilistic filters

In this section, we introduce the classifiers we used as filters and the dimension reduction tech-
nique we applied to data. Next, we describe the details of the training filter stage.

3.1 � Classifier 1: Perceptron

First of all, we consider perceptron [10], which is a binary classifier for supervised learn-
ing. Perceptron is a linear classifier that makes its predictions based on a linear predictor 
function combining a set of weights with a feature vector.

In general, the binary classifier learned by perceptron can be seen as a threshold func-
tion that maps its input x (a real-valued vector) to an output value f(x)(a single binary value 
0 or 1):

in which w is a vector of real-valued weights, w ⋅x is the dot product 
n∑
i=1

wixi , where n is the 

number of inputs of the perceptron, and b is the bias. The bias shifts the decision boundary 
away from the origin and does not depend on any input value. In the context of deep learn-
ing, a perceptron can be considered as an artificial neuron using the Heaviside step func-
tion as the activation function. Different from a multilayer perceptron, the common percep-
tron is also called a single-layer perceptron. In the training phase, the main target is to 
determine the real-valued weight vector w in (3). Moreover, the threshold function of lin-
ear SVM is the same as a perceptron, so we only pick one of them.

3.2 � Classifier 2: Neural network classifier

Next, we consider the more complex version of perceptron or multilayer perceptron, which 
is well-known and solid in CV and NLP research fields called deep neural network(DNN) 
[24]. To a certain extent, the classifier can have multiple fully connected layers interpreted 
as varying input data with different matrices sequentially.

The function gi generally is a non-linear activation that receives the results from each 
fully connected layer, and commonly-used activation functions are ReLU, sigmoid, etc. 
Such a non-linear activation function guarantees the non-linearity of the whole model, 
which has an advantage over other linear classifiers when the system processes data with 
non-linearly distribution.

Obviously, DNN has performed excellently in various machine learning tasks [22, 
25], concentrating on CV and NLP fields. However, on the other hand, the model is on a 
larger scale and needs to train more parameters than the other traditional machine learning 
classifiers.

(3)f (�) =

{
1 if � ⋅ � + b > 0,

0 otherwise

(4)f i(�) = gi
(
Wi⋯f i−1(�) + bi

)
,

gi(x) = ReLU(x) = max(0, x)
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3.3 � Classifier 3: Bernoulli naive Bayes classifier

To filter the sample data that disagrees with the predicate’s condition, we also consider 
naive Bayes classifiers [9], which are easy to build without complicated iterative param-
eter estimation. Even though naive Bayes is simple, the naive Bayesian classifier often per-
forms surprisingly well and is widely used because it often outperforms more sophisticated 
classification methods. This classifier works mainly based on Bayes’ Theorem, which can 
be stated mathematically as the following equation:

where A and B are events and P(B) can not be equal to zero. Meanwhile, the Bayes classifi-
ers always observe a naive assumption which is also well-known. The assumption supposes 
that the features of the sample are independent of each other. In this situation, we consider 
the Bernoulli NB classifier, which can be seen as a binary classifier to separate the labeled 
data into two classes.

In the multivariate Bernoulli event model, features are independent Booleans (binary 
variables) describing inputs. If we use xi to describe the occurrence or absence of the i th 
term from the vocabulary, then the likelihood of a class Ck of a document is given by [33]

where pki is the probability of class Ck generating the term xi. This model is prevalent for 
classifying short texts, and in our scenario, it’s suitable as a weak classifier.

3.4 � Dimension reduction

Real-world input data always have high dimensions. When the corpus of the dataset is vast, 
the dimension of input text will be very high. If we feed the input text into the filters or 
UDF as a high-dimensional sparse vector, the complexity of the inference stage will be too 
high for computing resources to support. Dimension reduction techniques can reduce the 
input text dimension and the inference complexity of models, which can be seen as help-
ing lighten the overload situation. Therefore, before inputting to filters, we need to apply 
dimension reduction techniques.

The current mainstream dimension reduction techniques in machine learning include 
Principal Component Analysis (PCA) [17] and Feature Hashing (FH) [40]. In practice, 
we mainly use feature hashing to reduce dimension. Compared with PCA, feature hashing 
can be thought of as a simplified form and needs no training, which performs well when 
the feature vector x is very sparse. Normally, the equation of feature hashing is as follows, 
and it has two hash functions h1 and h2:

where the original dimension of the feature vector x is n and the output after feature hash-
ing is m. It has been shown that feature hashing is inexpensive and unbiased to data.

(5)P(A‖B ) = P(B‖A)P(A)
P(B)

(6)p(x‖Ck) =

n�
i=1

p
xi
ki

�
1 − pki

�(1−xi)

(7)�
(h1,h2)

i
(�) =

n∑
j=1

�h1(j)=i
⋅ h2(j) ⋅ �j,∀i = 1…m
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3.5 � Training filter stage

Assuming we have the training data, we can train the filters online for a real-time query. 
The filter can be characterized as two partition: Training Set D and Accuracy a. The 
specific kinds of filters have been introduced in the previous section. The set D has two 
kinds of data blobs, and each blob has a label + 1 or − 1, which agrees or disagrees 
with the query. The accuracy a represents the accuracy of the filter, which can be tuned 
dynamically during the pipeline, and a has a relationship with ra which means the por-
tion of data thrown away by the filter.

About training set  If we train the filter on the whole training data set, it can easily lead to 
overfitting. To avoid this situation happening, we randomly divide the set into training and 
validation parts. The filter is trained on the Dtrain part while validated on the Dval part, and 
the relation between filter accuracy and data reduction is calculated on validation part Dval.

About accuracy  Once we have trained the filter, the parameters of the filter are determined, 
and we can use the following decision function to predict the labels of new input data:

f(x) represents the output of the filter classifier, and x is the input feature to filter. The 
input feature is a simple representation of the documents. In the text tasks, x is usually 
tokenized word vectors for documents. tha represents the threshold in the filter, and it is 
crucial for calculating the relation between accuracy and data reduction. If we fix the value 
of accuracy a, we choose the tha as follows:

Different values of tha can lead to different accuracy and reduction rates, and once the 
threshold is fixed, the decision function of a filter is deterministic. If we let th = 0, all data 
samples will pass the filter, resulting with accuracy a = 1 and reduction rate ra = 0. At the 
same time, we can get the ra as follows:

From Equation (9) and Equation (10), we can see that the data reduction rate varies with 
the filter’s accuracy. We can use the trained filter to predict data samples on Dval, and we 
will get a series of f(x) of the data in Dval. Then the samples on validation are ranked in 
ascending order according to their probability values f(x), and we use these data with labels 
to characterize the accuracy-data reduction curve ra. In Figure 4, we can find that when the 
filter’s threshold is th1.0, the documents passed by the filter are 12, and 10 of them are posi-
tive, which leads to accuracy a = 1.0. At the same time, 4 documents are discarded by the 
filter. When the threshold is set to the second one, we can get the accuracy a = 0.8 because 
two true positive data are abandoned, and more documents are thrown away, causing a high 
data reduction rate.

(8)Filter(�) =

{
+1 if f (�) > tha,

−1 otherwise

(9)tha = max th ,
|{x ∈ D ∶ f (�) > th & label(x) = +1}|

|{x ∈ D ∶ label(x) = +1}| ≥ a

(10)ra = 1 −

|||
{
x ∈ D ∶ f (�) > tha

}|||
|D|
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In the end, our method can compute the accuracy and reduction rate curve like the 
example in Figure 3.

4 � Zebra method overview

This section shows the whole overview of Zebra method. Specifically, we show how we 
prepare training data and train the filters in overload scenarios. Then we introduce how 
to calculate the relations among accuracy, threshold, and data reduction rate. Finally, 
this section states how we apply these filters to pipelines and how we determine the 
parameters.

4.1 � Zebra overall architecture

Figure  4 shows all modules in Zebra. Firstly the query arrives, and in the previous few 
pipelines, the method will process the query and streaming text data in the brute-force way 
that it will abandon text data randomly; when the trigger condition is satisfied, the method 
will start to train the filter using the labeled data collected in brute-force pipelines. The 
trigger condition is described in Section 4.2. Once the filter is available, the future pipe-
lines will become progressive pipelines with applying filters in the inference stage. Before 
entering the load shedding module in pipelines, the method selects the values of param-
eters using the Parameter Search module. As shown in Figure 3, the query is a long-run-
ning query for all pipelines. Notice that the arrows with different colors in the figure mean 
whether the filtering module is available, and each pipeline has its own input window data. 
Besides, the arrows represent the timing relationship, and the arrow endpoint pipeline will 
run after the arrow starting point.

4.2 � Data preparation for training filter

At the beginning stage of our method, we can not utilize our filters and apply them to the 
pipeline because we have not trained filters yet, and in the meanwhile, we do not have the 
training data suitable for our real-time query task. So, firstly, we need to get some labeled 
data for training filters.

Fig. 3   Documents in Dval are ranked in ascending order according to prediction values. The second array is 
the label values of the corresponding documents
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Cold start  In Zebra method, at first, due to that we do not have trained filters, we 
have to process the query and the streaming data like brute-force pipelines, which 
abandon data randomly for overload scenarios. In the first few pipelines, the method 
will process the query based on a brute-force pipeline pattern with a sample rate that 
represents the Load Shedding module, and the system is saving the query answer to 
local at the same time. We can see that the query answer are the documents with 
labels ready to use. Obviously, we may not train a filter based on only one pipeline 
data owing to that the data is not enough to train an efficient classifier. When a new 
window of streaming data comes, the system will check the data size threshold for 
training. If the training data stored locally is larger than the threshold we set in the 
new pipeline, the system will use the local data with labels to train filters online. 
Generally, we set the threshold as 10 thousand for text classifiers. To guarantee the 
filter can classify the two categories well, we need to ensure that the training data has 
label + 1 and label − 1 enough both. The + 1 label data which satisfies the query can 
also be stated as Positive data, and on the contrary, − 1 label data is Negative data. 
The data size needs to satisfy the following equation.

Training filters  Since we have the above training data, we can train the classifiers as fil-
ters, and the specific classifier types have been introduced in Section 3. The training stage 
details can be found in Section 3.5. Once we have trained the filters, we can use them to 
optimize the query pipelines.

(11)

⎧⎪⎨⎪⎩

TrainingDataSize ≥ thresholdall

PositiveDataSize ≥ thresholdpos

NegativeDataSize ≥ thresholdneg

Data with 

label
AnswerUDF

Load 

Shedding

Window 

Data

Brute-force 
Pipeline ( )

Window 

Data

Load

Shedding
FilterUDFAnswer

Progressive 
Pipeline ( )

Query 1

1

1

Filter is 

available

Filter is not
available

Fig. 4   Zebra architecture overview
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4.3 � Parameter search

Thus far, we have trained the filters applied to progressive pipelines, but we don’t know 
how to determine the parameters in progressive pipelines to make the response result 
of the query best. The main parameters in the progressive pipelines are sample rate x, 
accuracy af of the filter, and the specific filter to apply. The premise of the answer is that 
we need to satisfy the cost time condition in Section 2, and based on this, we select the 
best parameter configuration by maximizing the whole pipeline accuracy:

Notice that the domains of sample rate x and filter accuracy af are both [0,1], and 
there are only three possible filter types. We propose Exhausted Search method to find 
the best configuration of progressive pipelines.

The domain [0,1] is a continuous space, and if we try to enumerate the sample rate and 
accuracy of the filter, we can divide the domain into discrete values. For example, [0,1] can be 
divided into 100 pieces with a step size equal to 0.01. In the end, if we divide the domain of 

(12)[x, af , mfilter] = arg max Accuracy (Cost <= tbound)
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sample rate, filter accuracy, and filter kinds into N parts, M parts, and K parts, respectively, the 
complexity of Exhaustive Search is O(N * M * K) as cubic level. Before Exhaustive Search, 
we first need to obtain the unit cost time of UDF, and it is an average time for the current 
streaming text data. More details about how we get tudf will be introduced in Section 5. We use 
a linear fitting method to get this value. In Exhaustive Search, we search the parameters in two 
modes separately. In brute-force pipelines, the method calculates how much load the system 
can afford based on tudf, then gets the sample rate xp; in progressive pipelines, the method 
enumerates the two parameters and finds a max value of the whole pipeline while satisfying 
the time cost constraint. In progressive pipelines, there are lots of different operations or func-
tions, so we add an additional cost time textra to the pipeline cost.

The pseudocode in Algorithm 1 covers the details for further reference.

4.4 � Overload scenario with dynamic distribution

The basic data steam overload scenario is based on the assumption that in the close time inter-
val, the workload of input data is similar and the distribution of streaming data is basically 
constant. In this scenario, we can use the above Zebra method to optimize the query pipeline. 
However, in real application scenarios, the phenomenon of dynamic data distribution can still 
occur, and the previous data window distribution is quite different from the latter one.

When the distribution of input data changes, the calculated accuracy and reduction rate 
curves of filters are no longer applicable, and the searched parameters before are not suitable 
for the real-time query. Therefore, we have to recalculate the curve of filters, and we find that 
the curves of one filter on the same distribution almost match each other. Based on this, we 
propose Zebra-Dynamic to optimize the dynamic overload scenario.

Zebra‑dynamic  Zebra-Dynamic is totally based on original Zebra method and adapts the 
parameter curves of filters to the real-time distribution. Because we can not directly obtain 
the real-time data window distribution, Zebra-Dynamic uses a sampling-based method to 
approximate the distribution. Specifically, Zebra-Dynamic samples a small set of streaming 
data and inputs the data set into the UDF module directly. After that, the small set of data 
has labels, and we can use this distribution as a microcosm of the entire data window. Next, 
Zebra-Dynamic adjusts the distribution of the validation set to be consistent with the small 
set. In the end, we recalculate the curves of filters on the new validation set as introduced 
in Section 3.5. The next steps of Zebra-Dynamic are the same as original Zebra. Figure 5 
shows the overview of Zebra-Dynamic.

Fig. 5   Zebra-dynamic method overview
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5 � Experiments

5.1 � Experiments setup

Environment  All the experiments and our method are implemented with C++ and 
Python3.7. Our programs are all running on a Dell PowerEdge R540, and the operating 
system is Ubuntu 18.04 LTS with a 2.1GHz Intel Xeon Silver CPU, 160GB RAM and 7.3 
TB HDD.

Datasets  We perform our experiments on three real-world datasets, Amazon Review Data, 
IMDB data, and Twitter dataset(Tweets). We input the documents into the system as a data 
stream. If the dataset doesn’t have a timestamps attribute, we divide the documents into 
data windows with different sizes; if the dataset has a timestamps attribute, we divide the 
documents into data windows according to timestamps, such as one data window contain-
ing the documents in one minute. In the experiments in Section 5.3, we control the selec-
tivity of the input data to be almost stable. In the dynamic overload experiment, input data 
distribution changes over time.

Performance metrics & baseline  In our experiments, we focus on two metrics: the accu-
racy and the response latency of the query in one pipeline. Accuracy of the query can also 
be seen as the recall for the query owing that the accuracy is the ratio of the positive data 
number in the query answer to the total positive data number in the current data window. 
Finally, the accuracy is calculated in the following equation, and Sans means the set of 
query answers in one pipeline. The latency of the query is the response time of process-
ing the real-time data window, and we hope the latency can be limited into tbound given by 
users. In the experiment stage, we principally focus on the accuracy metric, which is the 
primary optimization target that our method improves. The baseline we mainly compare 
is applying the load shedding technique only, which means that the baseline only contains 
brute-force pipelines in experiments. To calculate the accuracy of pipelines, in the end, we 
run related text classification UDF in advance to label the data.

5.2 � Query case & determine UDF time

There are lots of text classification tasks, like sentiment analysis, named entity recognition, 
and information extraction, and we focus on the UDF related to text classification.

For every streaming data window, we need to first evaluate the unit cost time of the real-
time UDF in a query because, in Parameter Search module, we compute the values based 
on this. It’s easy to see that the UDF cost time of a single document is related to the docu-
ment’s token number because the size of feature input to the model is proportional to the 
token number. Therefore, we propose four examples of queries as SQL patterns, and the 
tbound of these queries are 60 seconds in default. The first SQL, which includes sentiment 
analysis UDF and classifies the text into positive and negative, is as follows:

(13)Accuracy =

|||
{
x ∈ Sans ∶ label(x) = true

}|||
|label(x) = true|
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This SQL is about finding the positive documents in TwitterSet streaming data, and we 
implement the UDF through AllenNLP2 library. The actual model of the sentiment analysis 
in Allen NLP is GLoVe-LSTM which is a typical RNN model.

The second SQL is about finding the text which has a personal name, and the text classi-
fication UDF is a named entity recognition task. We implement it also through Allen NLP 
library. According to the official Allen NLP guide, it uses a Gated Recurrent Unit (GRU) 
[7] character encoder as well as a GRU phrase encoder, and it starts with pretrained GloVe 
vectors for its token embeddings. The rest queries are similar to the previous two but differ-
ent text classification tasks. One is to find the text, including location name, and the other 
is aimed to find text containing organization. The queries we present above all have high 
selectivity, and these text classification predicates are popular in common text data.

How to determine UDF time  In Table  2, we list some mainstream model structures of 
text UDF tasks and their time complexity related to text token number and depth of the 
neural network. In [39], there are theoretical analyses about it, and finally, the results are 
given. Based on this, for example, as for the first SQL statement above, we know that the 
sentiment analysis UDF was implemented with the LSTM [13] model, and we can inquire 
about the time complexity of UDF from Table 2 for the LSTM model is a typical RNN [31] 
structure. For the sentiment analysis task, the UDF cost time of a single document has a 
linear relationship with the text token number. We can assume UDF cost time u = k * n + 
b, and n represents the text token number. We try to use the linear fitting method to solve 
the parameters k and b in the equation. We select the inference time of thousands of docu-
ments on the current UDF task, like sentiment analysis, and use these data to fit linear rela-
tionships in advance. As shown in Figure 6, we can find that the relationship between two 
variables basically satisfies the linearity, and although obviously, there will be some errors, 
we still can use this equation to calculate UDF time approximately. The experiment about 
sentiment analysis UDF cost time was realized on about 30 thousand documents. Finally, 
other UDF cost times can be deduced by analogy. In experiments, the cost of UDF for sin-
gle documents ranges from 0.02s to 0.5s, and it is consistent with the data about UDF cost 
mentioned in [11].
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2  AllenNLP library: https://​allen​nlp.​org/
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5.3 � Accuracy evaluation of overload experiment

In these experiments, we set the training data size to ten thousand, positive data size to four 
thousand, and negative data size to four thousand. These hyperparameters are mentioned in 
Section 4.3, and the target of setting in this way is to ensure that the classification effect of 
the filters is good enough.

Incremental Overload Experiment  In this experiment, we compare the performance 
between Zebra method and baseline on the Query in Section 5.2 with the tbound = 60s. Next, 
we divide the three datasets into lots of batches to stimulate the stream scenario, and one 
data batch can be seen as a data window with window size, such as recent 120 seconds text 
data input to Twitter, and we respond to the query in the limit time tbound. In this scenario, 
the given queries are all long-running, and the rate of the positive samples in one data 
window is about 40% to 60%. We mainly focus on the overload situations that our method 
performs better than the baseline. We propose a measure of the overload ratio of the input 
data window, as shown in the equation below:

(14)Overloadrate =
Nd −W

W

Table 2   Complexity on text 
models

 n represents the document token length and d represents the depth of 
the neural network

Model Structure Inference Complexity

Neural Network With Attention O(n2 ⋅ d)
Recurrent Neural Network O(n * d2)
Convolutional Neural O(n * d2)

Fig. 6   The relationship between UDF cost time and document token number of Sentiment Analysis



World Wide Web	

1 3

Nd means the documents number needs to be processed for the real-time data window, 
and W means the number of documents that can be processed in tbound. So the overload rate 
is the rate of extra documents which can not be processed normally. We fix the tbound in our 
experiments because for a fixed-size data window, changing the response time can be seen 
as adjusting the overload in disguise. Different text classification tasks have a different load 
for data, and diverse datasets also impact the unit processing capacity that the average doc-
uments length change with datasets. For example, in our experiments, the processing capa-
bility of the sentiment analysis classification task is about 4k to 6k documents per minute.

We firstly design an experiment with the effect of incremental overload rate, and we 
make the incremental step equal to 10%, which means each data window has 10% more 
data than the previous window. Then, we do experiments on three different datasets and 
use the accuracy rate to represent the improvement rate of Zebra to baseline. Accuracy rate 
equals Zebra method accuracy divided by baseline accuracy. In Figure 7, we can see that 
on all three datasets, as the overload percent increases, the improvement of Zebra becomes 
larger, and on IMDB Data, Zebra performs best and can achieve more than 2.5x of the 
baseline. In the other two datasets, the improvement can be up to 1.5x and 2.0x, respec-
tively. Also, the results show that as the overload percent increases, the improvement tends 
to stabilize, and the accuracy of Zebra method drops slower than the baseline. For that, if 
the overload is too high, the accuracy of the answer will be very low, and it doesn’t make 
sense in actual sense. In the end, we set the upper bound of our experiments as about 400% 
overload.

Performance of fixed overload rate  In this experiment, we control the overload rate of 
input data consistently. Figure 8 shows the results of running Query 1 on 10%, 20%, and 
40% overload Tweets data windows. It shows that progressive pipelines perform all the 
better than brute-force pipelines, and with the incremental overload percent, the accuracy 
of the progressive pipelines drops slower than the brute-force pipelines. In 20% and 40% 
overload experiments, the accuracy can be improved by about 10 percent.

Figure 9 shows the results of Query 2 on Tweets. Comparing Figures 7 and 8, we can 
see that Zebra performs better on Query 1, and the improvement on Query 1 is more stable 

Fig. 7   Accuracy rate of the Progressive pipeline to the Brute-force pipeline with incremental overload per-
cent for Query1
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and more significant than Query 2. The difference in the improvement effect is mainly 
related to the complexity of the text classification task itself.

For that, the results of other query experiments are similar to Query 1 and Query 2, and we 
present the statistical results. Figure 10 shows the average accuracy of two methods on fixed 
overload data windows. We run all the queries on 30 data windows and calculate the average 
accuracy. It shows that among different queries, Zebra method performs better for Query 1 and 
Query 3, and accuracy for Query 1 and Query 3 is improved more than for Query 2 and Query 4.

Eventually, in all the experiments above, Zebra method can satisfy the latency condition 
tbound based on the method of evaluating UDF cost in 5.2, and to prevent the pipeline from 
exceeding the time limit, we reserve a bit more time in textra. The actual latency of progres-
sive ranges from 57 seconds to 59 seconds when the tbound = 60s.

5.4 � Extra cost time discussion

In this section, we evaluate the extra cost of our method, including the training stage and 
inference stage of the filters, the parameter search module, and some preprocessing stages. 

Fig. 8   Accuracy of the Progressive pipeline and the Brute-force pipeline on 10%, 20% and 40% Tweets 
overload data windows for Query 1

Fig. 9   Accuracy of the Progressive pipeline and the Brute-force pipeline on 10%, 20% and 40% Tweets 
overload data windows for Query 2

Fig. 10   Average accuracy of the Progressive pipeline and the Brute-force pipeline on 10%, 20% and 40% 
Tweets overload data windows for Query 1-4
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In our experiments above, we set the inference time and training time into the textra with tudf 
for text classification UDF processing. We list the cost time of filters we trained in Table 3, 
and we train the filters on 8000 documents and test on 2000 documents. We can see that 
the overhead of classifiers is very low compared to UDF cost time and even the training 
time of DNN classifier is less than 10% of 60 seconds. In experiments, we use the textra to 
contain this overhead, and only the first progressive pipeline contains the training stage, 
which affects the accuracy of the query a bit.

Besides the cost of filters in our pipeline, we still have the cost of other modules. We list 
the cost in Table 4, and these sections have a higher magnitude compared with the infer-
ence time of filters. So the total extra cost time is less than 2 seconds generally. In experi-
ments, we set the textra related to the data window size for that the scanning stage occupies 
a large part of the time.

5.5 � Sample rate discussion & parameter search optimization

Why do the progressive pipelines need the Load Shedding module?  In the progressive 
pipeline, the Load Shedding module is the previous module of the filtering module, and the 
sample rate is the core part of Load Shedding. At present, we have filters, so why do we 
still need load shedding to sample data before the filter stage? Intuitively, we can apply fil-
ters to the pipeline directly and search the parameters to make the filtered data can respond 
in answer time. Although we can optimize the pipeline based on such a direct method, 
there will be a better solution theoretically based on the parameter search method. We can 
see the example in Table 5. It’s a real example coming from the filters we trained, and the 
progressive pipeline with the sample rate parameter can achieve higher accuracy than the 
pipeline directly applied filters. The premise of comparison between the two methods is 

Table 3   Training time and 
inference time of the classifiers 
in experiments

Classifier Training Time(s) Inference Time(ms)

Perceptron 0.31488 0.372
Naive Bayes Classifier 0.03712 0.840
DNN 4.17079 10.367

Table 4   Other extra cost time in 
our experiments

Other Modules Average Cost 
Time(s)

Dimension Reduction(Feature Hashing) 0.09270
Scanning Documents 1.19257
Parameter Search 0.72236

Table 5   Comparison the progressive method with only applying filters method

Method Sample Rate Filter Accuracy Pipeline Accuracy Reduction Rate

Progressive 0.96 0.74 0.96*0.74=0.7104 0.61
Only Filters 1.0 0.7 1.0*0.7=0.7 0.63
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that the whole latency of pipelines is almost the same as the other, which means they all 
meet the constraint condition of (2) and have the same data reduction rate. In this example, 
a method with only filters means there is no sample stage before the filtering module, and 
the sample rate can be seen as 1.0. In the meanwhile, the accuracy of the whole pipeline 
equals to sample rate times the accuracy of filters, and in this case, the progressive pipeline 
can achieve 0.7104 accuracy, which is a bit better. In the actual specific experiment stage, 
if only the accuracy and reduction rate curve has a small error on the real-time data, the 
progressive method will perform better.

Optimization for parameter search  In the experiments above, we also found that the 
sample rate value from Parameter Search is always very high, and the method of applying 
filters directly is a proper solution for our target. Based on this condition, we can optimize 
Exhaustive Search, and we propose a new version called Advanced Search. We mainly 
accelerate the search method for progressive mode. The details of the optimization algo-
rithm can be found in Algorithm 2. We fix the latency firstly, and we utilize the latency 
to calculate the data reduction rate directly. Then we can obtain the accuracy of filters by 
Binary-Search method as the order in AccReductionm map is sorted. The equation of pseu-
docode line 11 is derived from (15). Compared with Exhausted Search, the complexity of 
Advanced Search is O(N * K * log(M)), where N represents the size of sample rate values, 
M represents the domain size of filters accuracy, and K represents the number of filter cat-
egory. Besides, based on experiment experience, we limit the lower bound of sample rate 
value. In the end, the time complexity is much lower than Exhausted Search algorithm.



World Wide Web	

1 3

The actual results of different Parameter Search algorithms are shown in Table 6, and 
we test the two algorithms on different datasets. Obviously, this module makes no refer-
ence to queries or datasets. In experiments, Advanced Search accelerates the Parameter 
Search module about 100x to 150x compared with naive Exhausted Search, which saves 
more time for the next module to process more positive samples, and it also improves the 
throughput of the answer a little.

5.6 � Evaluation of dynamic overload experiment

We evaluate Zebra-Dynamic in this experiment. The difference from the experiments in 
Section  5.3 is that the distribution of input data is dynamic. In the actual implementa-
tion, we set a threshold for the difference in distribution, and if the distribution difference 
between adjacent data stream windows exceeds the threshold, we apply the Zebra-Dynamic 
method to optimize the query pipeline.

We process the input text data into dynamic distribution, and the proportion of positive 
data in adjacent data stream windows has a certain difference. Firstly, we fix the overload 
rate of each data stream window and evaluate methods on 100 windows. This experiment 
fixes the overload rate at 40% and evaluates methods on the Tweets dataset with Query 
1-4. Figure 11 shows the results, and we use the average accuracy of 100 data stream win-
dows as the metric. We can find that Zebra-Dynamic method performs better than original 

(15)s × (1 − r) = 1 − rf

Table 6   Average cost time of two 
search methods

Search Method Average Cost Time(ms)

Exhausted Search 741.40
Advanced Search 58.880

Fig. 11   Average accuracy of three methods on 100 dynamic data stream windows
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Zebra method in the dynamic distribution scenario. The reason is that the results from 
Zebra-Dynamic parameter search are more accurate than Zebra method. In the meantime, 
although the accuracy of Zebra method drops, Zebra still outperforms the baseline due to 
the filtering module. In Figure 11, we can find that Zebra-Dynamic can improve the accu-
racy by 4 to 7 percentage points compared with Zebra method. Consistent with the experi-
ments in Section 5.3, the performance improvement is better on Query 1 and Query 3.

In Tables 7 and 8, we list some extra details of the experiment in Figure 11. Table 7 
shows the average overhead time of the additional modules in Zebra-Dynamic on Query 
1-4. For different queries, the cost time in the sampling stage varies, and if the inference 
time of query UDF is high, the overhead of this stage will also become high.

Due to that, the accuracy and reduction rate curves of Zebra method are inaccurate, 
many query responses in Zebra method will fail, and only 64.3% of queries are completed 
in time. When calculating the average accuracy of methods, we only consider the com-
pleted pipelines for Zebra method. Meanwhile, Table 8 shows that the average response 
time of Zebra method is lower than the other two methods. This is caused by the inaccu-
racy curves of Zebra method’s filters. The reason why the response rate of the other two 
methods does not reach 100% is due to the experimental error.

Finally, we fix the overload rate of data stream windows and run all methods on Query 
1 with three different datasets. Figure 12 shows the results. We find that Zebra-Dynamic 
method achieves the best improvement on the IMDB dataset. Compared with Zebra 
method and baseline, it can improve the accuracy by 20% and 33% respectively.

6 � Related work

There are several different research areas related to our work, and we discuss them in depth 
below:

Load shedding in streaming scenario  Load Shedding is a traditional technique in 
streaming data scenarios, and owing to that, latency is the most significant require-
ment [38]. When input data exceed system capacity, DSMSs will become overloaded 
and subsequently employ the load shedding technique to satisfy quality requirements 
[3, 35]. In our query pattern, the query is a long-running query. Compared with merely 

Table 7   Average Overhead Time for Query 1-4

Extra Module Overhead (ms) Query 1 Query 2 Query 3 Query 4

Sampling Stage Overhead 1287.2 3216.4 1635.7 2183.5
Recalculating Curves Overhead 145.79 133.62 144.68 152.72

Table 8   Response completion 
of three methods in overload 
scenario with dynamic data 
distribution

Metrics Zebra-Dynamic Zebra Baseline

Percentage of Com-
pleted Queries in 
tbound 

97.5% 64.3% 98.6%

Average Response 
Time (seconds)

58.6 54.4 59.6
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applying the load shedding technique, the Zebra method also contains the load shed-
ding module, and for that, load shedding only abandons data randomly; our method 
filters data semantically, which results in high accuracy for the query while meeting 
the latency demand.

UDF optimization  In the database scenario, lots of researchers have been working on opti-
mizing queries with UDFs for decades [12]. Meanwhile, with the rapid development of 
artificial intelligence, there are many UDFs about AI tasks, like CV or NLP, and users have 
more demands on such queries. The traditional optimization techniques, such as operator 
reordering [14, 15], sub-query optimization [32], and index selection [6, 16], can not be 
applied or perform well in this scenario, considering that these UDFs have opaque seman-
tic information. Other recent researches about UDF optimization are to create new predi-
cates for pre-filtering using machine learning methods [1, 6, 29] and do not optimize the 
query in a streaming scenario. The Zebra method trains the filter online and searches the 
parameters to make the filter available for the real-time data batch.

Query optimization with machine learning  AI for DB has been a hot research topic in 
recent years. Numerous artificial intelligence technologies have emerged, such as deep 
learning [26] and reinforcement learning [34]. These popular methods have been widely 
used in query optimization. Li et al. [27] summarize the techniques of AI for DB, and in 
query optimization, learning-based techniques have been applied in many areas, includ-
ing end-to-end optimizer [30, 41] for SQL queries using neural networks, cardinality esti-
mation [20], selectivity estimation [23] and join order selection [21, 37] with deep rein-
forcement learning and Monte-Carlo tree search [8]. These research works perform better 
than traditional optimization methods using state-of-art machine learning techniques and 
address the hard problems in database optimization. Our work is designed for streaming 
scenario queries with specific UDF for text tasks.

Fig. 12   Average accuracy of three methods on 100 dynamic data stream windows of three datasets
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7 � Conclusion

This paper studies a new scenario of query optimization for nowadays hot tasks. In this 
paper, we propose a new query pattern with UDF for text classification and the bounded 
time, satisfying the demand for the stream scenario. We apply the probabilistic filters tech-
niques to select more potential data that users want and make the accuracy of answers 
higher within the limited time to deal with overload scenarios. Next, we present a progres-
sive training style to train several classifiers as filters during the method running phases 
and use an advanced search method to find the best configuration for the real-time query 
and data. For better results of parameter search and stable query latency, we also propose 
a method based on linear fitting to predict the cost time of input text data. We implement 
these techniques into the method called Zebra. Experiment results show that Zebra can 
achieve up to 1.5x-2.5x accuracy higher than the brute-force fashion method when the 
data overloads the system. Besides, we propose Zebra-Dynamic method to deal with the 
dynamic distribution scenario, and experimental results show that Zebra-Dynamic method 
performs better than Zebra method and the baseline in this scenario.

In future work, we aim to study how to optimize Zebra-Dynamic method in the dynamic 
distribution scenario. Besides, we consider integrating Zebra method into existing stream-
ing data systems.
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