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Abstract

The Android communication system is constantly evolving and is often influenced
by multiple factors such as network fluctuations, resource competition, module cou-
pling, and version changes. This can lead to increased message latency, unstable
connection maintenance, and abnormal spread caused by local updates. Based on
these operational characteristics, a multi-source feature set covering device re-
sources, system behavior, communication links, and version evolution information
is constructed. Machine learning is used to identify performance change trends and
abnormal triggering risks, and the prediction results are embedded in evolution pro-
cesses such as gray release, change assessment, abnormal rollback, and online cor-
rection. Experimental comparisons show that the prediction model has a high de-
gree of compatibility in identifying connection anomalies, warning of latency fluc-
tuations, and intercepting release risks. After collaborative evolution control, the
system stability, update controllability, and fault response efficiency have all been
improved. This research provides a feasible technical reference for the high-relia-
bility evolution of Android communication software.
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The Android communication system needs to maintain the continuity of message transmission and state synchroni-
zation, while also dealing with operational disturbances caused by heterogeneous terminals, weak network switching,
background activation, and frequent updates. Relying solely on post-event troubleshooting is insufficient to cover the
fine-grained instability scenarios in real usage environments. The more challenging aspect is that performance fluc-
tuations often do not occur independently. Thread scheduling adjustments, dependency upgrades, cache policy mod-
ifications, and interface compatibility deviations can gradually amplify along the communication link and eventually
evolve into connection interruptions, latency fluctuations, or service degradation. Therefore, moving performance
assessment forward to before version release and embedding the risk identification results into the software evolution
chain has become an important entry point to improve the stability of the Android communication system [1].

1. Performance Risk and Prediction Feature Modeling of Android Communication System
1.1 Identification of Communication Performance Indicators and Risk Variables

The performance assessment of the Android communication system cannot rely solely on a single latency indicator.
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Instead, key states along four chains - message transmission, connection maintenance, background response, and
abnormal recovery - need to be identified simultaneously. During the specific modeling process, core indicators such
as end-to-end message latency, message delivery success rate, long connection retention rate, abnormal reconnection
success rate, and background wake-up response duration can be set as the core representation indicators. These are
then combined with operating variables such as CPU peak occupancy, memory jitter amplitude, thread blocking
frequency, and weak network switching packet loss rate to form a joint assessment criterion. When message latency
continuously increases and connection retention rate simultaneously declines, it often indicates that the risk has ex-
panded from link fluctuations to the combined range of resource scheduling, connection control, and version pertur-
bation. At this point, system state identification should shift from single-point anomaly detection to full-link risk
positioning [2].

1.2 Structured Expression of Multi-source Operating Characteristics

After defining the performance objects and risk variables, the original operation logs need to be further transformed
into trainable, comparable, and traceable structured features to support subsequent prediction modeling and evolution
control. As shown in Figure 1, the characteristics input of the Android communication system can be organized ac-
cording to four dimensions: device resources, system behavior, communication links, and version evolution. Key
indicators such as CPU occupancy rate, memory usage rate, thread active count, GC frequency, RTT fluctuation,
retransmission times, heartbeat interval deviation, module change density, and dependency upgrade frequency are
extracted, and feature compression and expression are completed through sliding time windows, abnormal peak an-
notation, time alignment, and unified encoding. Thus, discrete logs, dynamic states, and version information are
condensed into an input set that can represent the system performance trend and instability boundaries [3].
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Figure 1. Machine Learning-Based Framework for Performance Prediction and High-Reliability Evolution of Android Com-
munication Systems.

2. Design of Communication Performance Prediction Model Based on Machine Learning
2.1 Construction of Prediction Model for Multi-task Goals

The performance modeling of the Android communication system should not adopt a single path, but should be
carried out simultaneously in a “continuous value prediction + risk classification identification” manner [4]. Contin-
uous indicators such as end-to-end message delay, background wake-up response time, and CPU peak occupancy can
be included in the regression task; while status-type results such as connection interruption risk, abnormal trigger
level, and version release instability probability should be classified into the classification task. The input of the
model is composed of resource features, link features, and version perturbation features, with a time window length
of 30 seconds, a sliding step size of 5 seconds, and the feature dimension of a single input controlled at around 24
items to ensure the simultaneous input of dynamic states and structural information; this combined modeling ap-
proach is more in line with the “numerical fluctuations and state mutations coexisting” operational characteristics of
the Android communication system.

2.2 Sample Processing and Model Training Optimization

Before the original logs enter the training stage, missing values need to be filled, abnormal peak values need to be
identified, and standardized compression and time alignment need to be completed; otherwise, different sampling
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frequencies and instantaneous jitter will directly lower the model’s discrimination accuracy. Considering the low
proportion of communication abnormal samples, when constructing the training set, category weight correction and
stratified sampling strategies should be introduced, setting the weight ratio of normal samples and abnormal samples
to 1:3 to enhance the model’s sensitivity to the instability boundary; the data set can be divided into training set,
validation set and test set at a ratio of 70%, 20%, and 10%, and the five-fold cross-validation can be used to correct
accidental deviations to ensure stable convergence performance of the model parameters under different device loads
and network scenarios [5].

2.3 Validation and Comparative Analysis of Prediction Results

Model validation should not be limited to a single precision value, but should also examine prediction errors, abnor-
mal identification capabilities, and scene migration stability. In the experimental stage, three sets of comparisons can
be set: one group uses the static threshold method as the baseline to test the improvement of the machine learning
model in connection anomaly warning; one group compares the differences in MAE, RMSE, Fl-score, and AUC
between random forest, XGBoost, and support vector machine; another group observes the generalization perfor-
mance by placing it in weak network switching, background maintenance, and high-concurrency message sending
scenarios. The test results show that XGBoost’s AUC in the abnormal identification task can reach 0.92, improving
by 0.11 compared to the threshold method, and the RMSE of random forest for delay prediction can be reduced to
within 15 ms, indicating that the model has strong engineering adaptability [6].

3. Software Evolution Mechanism and Application Verification for High-Reliability Operation
3.1 Risk-Aware Version Evolution Control

After the Android communication system enters the version iteration stage, the release control should not start from
the code merge node, but should generate a quantifiable risk list immediately after the change submission is com-
pleted. During the engineering process, the impact range of the 4 core units involved in this round of update, such as
message distribution, long connection keep-alive, reconnection control, and cache synchronization, can be scanned
first. The number of changed files, interface modifications, added levels in the call chain, thread pool parameter
adjustments, and third-party dependency upgrades can be counted, and these variables are sent to the prediction model
to form the release pre-determination result. Taking a 2.7.4 version incremental update of an instant messaging ap-
plication as an example, this round involved 18 files, 6 interfaces, 2 levels of call chain extension, and 1 network
library upgrade. The model output showed that the probability of message delay increase was 0.31, and the risk of
connection retention rate decline was 0.27, which was higher than the internal set warning threshold of 0.25. The
release process then shifted to the review link, reducing the heartbeat cycle from 25 s to 20 s, increasing the retry
times from 2 to 3, and adjusting the core thread count of the thread pool from 6 to 8. Only when the end-to-end
latency in the regression test recovered to within 160 ms and the connection retention rate rose to above 95% after
the version was restored could the version proceed to the next step of the gray-scale queue [7].

3.2 Collaborative Strategy for Gray-scale Release and Abnormal Rollback

After the version has passed the pre-check, it is not directly pushed to all terminals but is gradually advanced in the
order of “small sample verification - segmented expansion - full-scale release”. During the specific execution, 5% of
active terminals can be selected as the first batch of gray-scale objects. Continuous observation for 45 minutes is
conducted, with particular attention to recording the average message delay, long connection retention rate, back-
ground service survival rate, reconnection failure rate, and abnormal log increase. The message delay increase of the
message should be within 12% of the baseline value, the connection retention rate should not be lower than 95%, and
the background communication loss rate should be controlled below 3%. If the indicators of the first round are stable,
the gray-scale proportion can be expanded to 20%, and the observation window can be extended to 90 minutes. Then,
based on the results, it is decided whether to enter the 50% stage. Taking a cross-network switching scenario test as
an example, when the reconnection failure rate of the 20% gray-scale stage rose to 8.6%, and the abnormal log
quantity reached 1.7 times the baseline value, the release platform did not continue to expand but automatically
executed the three-step operation of “freeze expansion - rollback configuration - restore old package”. First, the new
keep-alive strategy was closed, then the connection scheduling parameters were reverted, and finally, the abnormal
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terminal was restored to the previous stable version [8]. The entire process was controlled within 6 minutes, avoiding
the problem from spreading from the local sample to all users.

3.3 Application Cases and Analysis of Reliability Enhancement Effects

To verify the feasibility of the aforementioned approach, a set of running records of an Android instant messaging
application over four consecutive version cycles can be selected as the observation object [9]. The sample size is set
at 12,000 terminals, covering Wi-Fi, 4G, and 5G three types of network environments. In the first cycle, only baseline
data is collected, with an average message delay of 186 ms, a long connection retention rate of 91.3%, and an abnor-
mal trigger rate of 7.8% within 24 hours after release; in the second cycle, the prediction model is embedded in the
change review process, and high-risk interface adjustments are intercepted 3 times; in the third cycle, after introduc-
ing segmented gray-scale and automatic rollback, the abnormal diffusion was blocked 2 times in the initial ramp-up
stage; in the fourth cycle, the online abnormal samples are re-submitted to the training set, making the model thresh-
old judgment closer to the fluctuations of real devices. After completing four iterations, the execution actions in the
system release link have formed a stable rhythm: first, high-disturbance modifications are screened out based on risk
scores, then the incremental version is verified through the gray-scale window, followed by triggering local rollback
and parameter correction based on logs and performance indicators, and finally, the effective abnormal samples are
re-included in the training. According to the final statistical criteria, the average message delay was reduced to 149
ms, the connection retention rate increased to 96.1%, the abnormal rate within 24 hours dropped to 3.2%, and the
number of emergency rollbacks decreased from 5 to 2.

4. Conclusion

Based on the performance fluctuations and release risks of the Android communication system during continuous
iterations, a technical path consisting of running feature extraction, machine learning prediction, and evolutionary
control execution was constructed. The focus of the writing is not on the accuracy of a single model, but on integrating
delay warning, connection risk identification, gray-scale release, abnormal rollback, and sample re-submission into
a closed-loop process, shifting performance assessment to before the ramp-up of the version. If online incremental
learning and cross-device heterogeneous data adaptation are further introduced in the future, the system’s stable dis-
crimination ability and evolution control accuracy in complex network environments can be further improved.
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