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Abstract— In the modern world, there are many systems using 

streaming data processing. Often, these systems use CPU and GPU 
devices in their calculations. It should be noted that such systems 
can fail for various reasons. Therefore, to optimize throughput, 
system designers need to determine in advance how many CPUs 
and GPUs to configure the system with. In our article, we present 
a possible architecture of such a system and present what methods 
can be used to calculate the optimal number of CPUs and GPUs 
with optimal throughput and taking into account other factors, for 
example, the cost of devices and the failure rate of the 
environment.  
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I. INTRODUCTION 

Today, in the IT industry, streaming data processing 
systems are in demand more than ever, for example, they are 
used wherever there is a large flow of valuable information. 
They can be useful in the tasks of analyzing customer banking 
transactions, in tracking links that users of various sites click on 
to increase conversion from advertising, etc. Streaming 
processors are challenged with a wide variety of domain-
specific tasks, but for all of them, resiliency, scalability, and 
high throughput are often key requirements. As you know, in 
enterprises in such systems, CPUs and GPUs are used to 
parallelize and accelerate computations. In our work, we 
propose a principle of optimal use of these devices in such 
systems based on containerization technology, from the point 
of view of Kafka[3] consumers. 

II. RELATED WORKS 

Currently, in streaming data processing systems, the most 
common technologies as a message broker are Apache Kafka, 
Rabbit MQ, NATS Streaming[10]. In our research we will use 
Apache Kafka because it has the lowest latency compared to its 
counterparts [5] [6]. It is also worth noting that for the isolation 
of Kafka consumers or other apps, it is necessary to use Docker 
[2][9][11], which allows the use of CPU and GPU devices 
[7][12]. 

III. ARCHITECTURE DESIGN 

Based on the studies described above, this article proposes 
an experimental system architecture (Figure 1), with the 
following components: 

1. Sender - service for generating input messages for 
processing. 

2. IN_TOPIC – Kafka topic with messages for processing 

3. CPU and GPU Kafka consumer containers - a Docker – 
containers [2], which are consumers of Kafka messages 
and perform calculations using the CPU or GPU. 

4. Failure simulation module - service for simulating 
failures of Kafka – consumers 

5. Output topics with a log of the operation of CPU and 
GPU containers before performing calculations 

6. Output topics with a log of the operation of CPU and 
GPU containers after performing calculations 

7. Deduplicator[4] - application, which determines the 
statistics of the execution for calculations on the CPU 
and GPU Kafka consumers. 

 
Fig. 1. Experimental system architecture  

It is worth noting that CPU and GPU consumers, for greater 
approximation to real conditions, performs the task of ML 
analysis based on data coming from Kafka. In our case, these 
containers performed the function of recognizing character 
patterns from the MNIST dataset[1]. 

The general operating principle of the developed testing 
system can be described as follows. First, the sender starts, 
which writes predetermined number of messages to IN_TOPIC. 
The sender assigns a unique identifier to each message. Next, 
CPU and GPU consumers are launched. They cyclically 
perform the following actions: 
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• Reading batch messages of a fixed size by 
consumers. 

• Logging identifiers processed messages to the topic 
of preprocessing logs. 

• Processing batch of messages by the investigated 
function. 

• Logging the identifiers of processed messages to the 
post-processing log topic. 

• Fixing the offset in IN_TOPIC. 

Simultaneously with the launching of the CPU and GPU 
consumers, the container failure simulation module is launched, 
which, once every failurePeriod seconds, restarts the CPU and 
GPU containers of the consumers. 

After the CPU and GPU consumers finish processing all the 
messages from IN_TOPIC, their work, as well as the work of 
the container failure simulation module, ends. The execution 
time of CPU and GPU of consumers is recorded. And then, it 
starts deduplicator who reads all the messages from the topics 
of the preprocessing and post-processing logs, and makes 
statistics for the CPU and GPU consumers about the number of 
messages processed by them, and the number of duplicates. 

IV. ANALYSIS OF FAILURE STATISTICS 

The container failure simulation module allows generating 
customer failures with a specified period. Since fixing the offset 
of CPU and GPU consumers in IN_TOPIC occurs only after 
logging and processing the batch, a failure that occurred in the 
middle of this process before fixing the offset will lead to the 
fact that consumers after restarting will re-process the messages 
of this batch. Thus, duplicates appear, the number of which 
directly affects to the operating time and throughput of 
consumers.  

In general, we can say that the shorter the failure period (the 
higher the failure rate) and the larger the batch size, the lower 
the bandwidth of the CPU and GPU consumers. However, this 
dependence can be expressed in different ways and its nature is 
not necessarily the same for all combinations of the studied 
input parameters. This implies the need for additional analysis 
of the statistics obtained, determining the type of dependence 
and finding the appropriate coefficients. Knowing the 
dependence of the throughput of the function under study on a 
certain combination of input parameters, it can be used to 
calculate the proportions of the CPU and GPU launch of 
consumers to ensure the target throughput in an industrial 
environment. 

Fixing the batch size in a series of experiments and studying 
the dependence of the throughput on the failure period (1): 

 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 = 𝑓(𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑), (1) 

a number of measurements are made. Since the analytical value 
of the function 𝑓(𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑) is unknown, there is a 
challenge to find a formula that would describe the functional 
relationship. This problem was solved using numerical 
methods. Let us present the empirical formula (2): 

 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡̃ = 𝑓(𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑), (2) 

the values of which at 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑 = 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑𝑖  
would differ slightly from the experimental data. The sought 
function (2) must belong to a sufficiently narrow class of 
functions (for example, linear, logarithmic, etc.) in order to 
make the problem more definite. The task comes down to 
determining the type of empirical formula and finding its 
coefficients. 

The statistics collected by the testing system is presented as 
a set of graphs of the throughput versus the failure period for a 
fixed batch size. For each such graph, it is necessary to 
determine the type of empirical formula and find the values of 
the corresponding coefficients. The search for an empirical 
formula was considered on the example of experimental data 
obtained in the study of the MNIST function, as described in 
the architecture section. The resulting graphs of dependencies 
for CPU and GPU consumers are shown in the figure 2. 

 
Fig. 2. Graphs of throughput versus failure period. (Experimental data) 

  The statistics collected by the testing system is presented 
as a set of graphs 

The amount of experimental data in our example was 
relatively small, but according to the trend of the graph (Figure 
2), we can make an acceptable approximation and assume that 
the functional dependence has a linear form and there is reason 
to believe the presence of a linear dependence. In this case, 
when searching for an empirical formula, the problem is 
reduced to finding the coefficients of a linear function of the 
form (3): 

 𝑦 = 𝑎𝑥 + 𝑏 (3) 

Where y – is a throughput and x – is a failurePeriod. After 
choosing the type of empirical formula, the problem is reduced 
to finding unknown coefficients. 

Let's find the unknown coefficients using the least squares 
method. Following the method of least squares, the following 
notation is introduced. Let n be the number of points of 
experimental data, m - the number of unknown coefficients of 
the empirical formula. The empirical formula (4) is represented 
as: 
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 𝑦 = 𝑓(𝑥; 𝑎1, 𝑎2, … , 𝑎𝑚), (4) 

and the concept of deviation of the empirical formula from the 
initial data is introduced as (5): 

 𝜀𝑖 = 𝑓(𝑥𝑖; 𝑎1, 𝑎2, … , 𝑎𝑚) − 𝑦𝑖 , 𝑖 = 1,2, … , 𝑛, (5) 

According to the least squares method [8], the best coefficients 
𝑎1, 𝑎2, … , 𝑎𝑚are those for which the sum of the squares of the 
deviations (6) is minimal: 

 𝑆(𝑎1, 𝑎2, … , 𝑎𝑚) = ∑ (𝑓(𝑥𝑖; 𝑎1, 𝑎2, … , 𝑎𝑚) − 𝑦𝑖)
2𝑛

𝑖=1 , (6) 

Then, the problem is reduced to finding the minimum of a 
function of several variables. Let's compose the system of 
equations (7): 

 
𝜕𝑆

𝜕𝑎1
= 0,

𝜕𝑆

𝜕𝑎2
= 0, … ,

𝜕𝑆

𝜕𝑎𝑚
= 0, (7) 

If this system has a unique solution, then it will be the desired 
one. The system of equations for linear dependence according 
to the least squares method has the following form (8): 

 {
𝑎 ∑ 𝑥𝑖

2 + 𝑏 ∑ 𝑥𝑖 = ∑ 𝑥𝑖𝑦𝑖
𝑛
𝑖=1

𝑛
𝑖=1

𝑛
𝑖=1

𝑎 ∑ 𝑥𝑖 + 𝑏𝑛 =𝑛
𝑖=1 ∑ 𝑦𝑖

𝑛
𝑖=1

, (8) 

Since the values of 𝑥𝑖 and 𝑦𝑖  are known, we calculate the values 
of the sums and substitute them into the system of equations. 
Solving the system of equations by one of the known methods, 
for example, by the Cramer method, we find the values of the 
coefficients a and b, at which the empirical linear function will 
approximate the experimental points in the best way in 
comparison with any other linear function. 

As a result of the search for the coefficients of the empirical 
linear function by the least squares method for the experimental 
values of the points of the graph above, the following functional 
dependencies for the CPU and GPU Kafka consumers can be 
obtained (9): 

 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐶𝑃𝑈
̃ = 𝑎𝐶𝑃𝑈𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑 + 𝑏𝐶𝑃𝑈 (9) 

𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐺𝑃𝑈
̃ = 𝑎𝐺𝑃𝑈𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑 + 𝑏𝐺𝑃𝑈 

The graphs of these functional dependencies, with the 
calculated values of the coefficients for us experiment, are 
presented in the graph (Figure 3). 

 
Fig. 3. The graph of the empirical dependence of the throughput dependence 
on the failure period. 

V. OPTIMAL PROPORTIONS OF CPU AND GPU PERFORMERS 

Now that we know the approximate dependence of 
consumer throughput on failure frequency, we can estimate 
how many CPU and GPU performers need to have to achieve a 
given throughput at the lowest cost of equipment rental costs. 

Suppose we have the following input parameters: 

• 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 - desired message processing 
throughput 

• 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 - failure frequency per minute, 
which affects consumers Kafka 

• 𝑐𝑜𝑠𝑡𝐶𝑃𝑈 – the cost renting a single machine without 
the GPU, which can be run on the CPU computation 
only 

• 𝑐𝑜𝑠𝑡𝐺𝑃𝑈 - the cost renting a single machine without 
the CPU, which can be run on the GPU computation 
only 

In the previous paragraph, we derived functions (9). These 
values can be used to calculate (10): 

 𝑚𝑖𝑛𝑁𝑢𝑚𝐶𝑝𝑢𝑂𝑛𝑙𝑦 =
𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡

𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐶𝑃𝑈̃
 (10) 

  𝑚𝑖𝑛𝑁𝑢𝑚𝐺𝑝𝑢𝑂𝑛𝑙𝑦 =
𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡

𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐺𝑃𝑈̃
, 

Where 𝑚𝑖𝑛𝑁𝑢𝑚𝐶𝑝𝑢𝑂𝑛𝑙𝑦 and 𝑚𝑖𝑛𝑁𝑢𝑚𝐺𝑝𝑢𝑂𝑛𝑙𝑦 are the 
minimum number of CPU and GPU consumers, allowing to 
achieve the requiredThroughput when using only the CPU or 
only the GPU Kafka consumers, respectively. 

Thus, the required bandwidth can be achieved using only 
minNumCpuOnly CPU consumers or only minNumGpuOnly 
GPU consumers. This is a valid solution, but it does not take 
into account the possible differences in resource costs for 
renting a unit of a node of the corresponding type. Thus, to find 
the optimal solution in terms of resource costs, it is necessary 
to find the minimum function (11): 
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𝑡𝑜𝑡𝑎𝑙𝐶𝑜𝑠𝑡 = 𝑐𝑜𝑠𝑡𝐶𝑃𝑈 ∗ 𝑛𝑢𝑚𝐶𝑃𝑈 + 𝑐𝑜𝑠𝑡𝐺𝑃𝑈 ∗ 𝑛𝑢𝑚𝐺𝑃𝑈 (11) 

where 𝑡𝑜𝑡𝑎𝑙𝐶𝑜𝑠𝑡 is the total cost of the resulting solution, 
𝑛𝑢𝑚𝐶𝑃𝑈 and 𝑛𝑢𝑚𝐺𝑃𝑈 are the unknown numbers of CPU and 
GPU consumers, respectively, to be found. Moreover, the 
resulting solution must satisfy (12): 

 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 ≥ 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (12) 

where, 

 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 = 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐶𝑃𝑈
̃ ∗ 𝑛𝑢𝑚𝐶𝑃𝑈 +

𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐺𝑃𝑈
̃ ∗ 𝑛𝑢𝑚𝐺𝑃𝑈 (13) 

- the expected throughput when using the solution must be 
greater than or equal to the required. 

Since failureFrequency is the frequency of failure per 
minute, failurePeriod will be (14): 

 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑃𝑒𝑟𝑖𝑜𝑑 =
60

𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
 (14) 

Substituting failurePeriod and function coefficients into 
empirical formulas (9) we obtain approximate values of the 
consumer CPU and GPU throughput for a given value of the 
failure period (15,16): 

 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐶𝑃𝑈
̃ = 𝑎𝐶𝑃𝑈 ∗

60

𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
+  𝑏𝐶𝑃𝑈 (15) 

 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝐺𝑃𝑈
̃ = 𝑎𝐺𝑃𝑈 ∗

60

𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
+ 𝑏𝐺𝑃𝑈 (16) 

And further, substituting the found values into the formulas 
(10) find minNumCpuOnly and minNumGpuOnly rounding up 
the values obtained as a result of division. In order to find the 
unknown numCPU and numGPU in formula (13), we need to 
enumerate (17): 

 𝑛𝑢𝑚𝐶𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑠 = 𝑚𝑖𝑛𝑁𝑢𝑚𝐶𝑝𝑢𝑂𝑛𝑙𝑦 ∗
 𝑚𝑖𝑛𝑁𝑢𝑚𝐺𝑝𝑢𝑂𝑛𝑙𝑦 (17) 

combinations CPU and GPU proportions of consumers. For 
each possible combination of CPU and GPU proportions, the 
condition (12) should be checked. And among all the 
combinations that satisfy it, there is one for which the value (13) 
is minimal. As a result, a combination of numCPU and 
numGPU is found, which for the given input parameters allows 
you to achieve the requiredThroughput with minimal cost 
(totalCost). 

Thus, the developed method for calculating the proportions 
of CPU and GPU Kafka consumers allows to calculate the 
number of CPU and GPU consumers with minimal costs, with 
the required throughput and failureFrequency. This approach 
can be useful in streaming systems where component failure 
thresholds are predefined and budget constraints exist. 
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