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Abstract 

This study addresses the challenge of forecasting backend service metrics in highly dynamic and 

disturbed environments and proposes a robust time series prediction framework based on 

uncertainty estimation. The method first applies a multi-scale encoding structure to decompose and 

represent service metric sequences, allowing the model to capture mixed characteristics of trends, 

periodic patterns, and noise disturbances. It then constructs a cross-sequence dependency modeling 

module to describe structural coupling among multiple metrics so that the model can identify implicit 

interaction patterns across different service nodes in backend systems. On this basis, the framework 

outputs both the mean and variance of future metrics through distributed prediction heads, enabling 

joint characterization of predictions and their associated risk ranges. A noise response mechanism is 

incorporated to enhance model stability under anomalous disturbances. To improve the 

controllability of the overall prediction process, a risk adjustment module is designed to transform 

uncertainty signals into actionable adjustment factors, allowing the model to maintain consistent 

outputs in high volatility environments. The experiments evaluate hyperparameter sensitivity, 

environmental sensitivity, and data sensitivity. The results show that the proposed framework 

maintains high stability and robustness under multiple source disturbances and effectively 

suppresses error propagation caused by anomalous samples, structural changes, and system scaling. 

By jointly modeling point predictions and risk estimation, the study verifies the effectiveness of an 

uncertainty-driven robust forecasting framework for backend metric management and system 

reliability, providing a scalable technical path for data-driven analysis in complex systems. 

Keywords: uncertainty estimation; backend service metrics; time series forecasting; robust modeling 

 

I. INTRODUCTION 

With the continuous expansion of internet infrastructure and the rapid evolution of service 

patterns, backend services have become the core support of the digital ecosystem[1]. Online 

transaction platforms, real-time computing systems, and autonomous service architectures rely on 

large numbers of distributed components to maintain high availability and stability. In this 

environment, service metrics such as CPU usage, memory consumption, request latency, concurrency, 

and error rates show greater dynamism and complexity. Their variations are no longer driven by 

simple workload patterns. They are shaped by peak traffic fluctuations, feature switches, service 

version iterations, container orchestration strategies, and hardware heterogeneity[2]. This reality 

transforms backend metric forecasting from a stationary statistical process into a highly nonlinear, 

noisy, and mixed-period dynamic process. Any prediction bias can escalate into system risks, such 

as resource misallocation, fault propagation, and link congestion. Building a robust forecasting 

system for backend metrics is therefore essential for adaptive scheduling, early anomaly warning, 

and refined resource management. 
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Most existing forecasting methods rely on a single deterministic output. They often ignore the 

model's inherent uncertainty when facing insufficient data, bursty traffic patterns, abnormal 

disturbances, or distribution shifts. In real production environments, backend metrics are affected by 

uncontrollable fluctuations. Many variations have strong non-stationary properties. New feature 

releases, microservice refactoring, and container scheduling changes all cause distribution drift. The 

model cannot observe these patterns fully during training. When a forecasting system cannot express 

uncertainty, high-risk predictions may be misinterpreted as high-confidence results. This leads to 

over-scheduling, insufficient scaling, missing alarms, or delayed fault handling. Introducing 

uncertainty estimation is therefore crucial for improving the credibility of predictions. It also forms 

the foundation for risk-aware operation in large-scale backend systems[3]. 

In traditional backend systems, uncertainty is often expressed through heuristic thresholds, 

empirical rules, or static ranges. These methods cannot adapt to the correlated features across multi-

scenario and multi-modal metrics. They also cannot reflect the model's true confidence in its outputs. 

As system scale grows, metric dimensions extend from single services to cross-service chains and 

further to cluster-level resource scheduling. The noise structure and correlation patterns of time series 

become increasingly complex. Without reliable uncertainty measures, predictions lack transparency, 

and automated operations tools cannot maintain strategy elasticity. The system becomes fragile 

under unexpected load. To address this challenge, it is necessary to design a forecasting system that 

can represent prediction intervals, model risk boundaries, and quantify distribution shifts. Such a 

system enables backend platforms to reduce decision strength in high-risk conditions and increase 

throughput in low-risk scenarios. This supports refined and resilient system management[4,5]. 

Backend service environments show strong heterogeneity across scenarios. The reliability of the 

same forecasting model may vary significantly under peak load, low load, canary release, container 

migration, or concurrency jitter. Without uncertainty modeling, the system cannot distinguish 

between trustworthy predictions and high-risk predictions. It cannot support tiered decision-making 

in automated workflows. In complex business systems, incorrect predictions with high confidence 

can invalidate scaling strategies and may cause local anomalies to propagate into upper-layer logic. 

This can trigger cascading failures[6,7]. A forecasting system that is robust to scenario changes, 

structural disturbances, and distribution shifts is therefore essential. It marks a key step toward 

transforming intelligent operations from simple result prediction to risk-aware prediction. 

II. RELATED WORK 

The The challenge of robust time series forecasting under uncertainty has attracted increasing 

attention, with research focusing on deep learning architectures, graph modeling, and risk-aware 

adaptation. Deep reinforcement learning has become a practical approach for intelligent scheduling 

under heterogeneous and dynamic conditions. For instance, Gao et al. proposed a deep Q-learning-

based scheduling framework, demonstrating adaptive policy optimization for robust system 

management [8]. Multi-scale temporal alignment has also proven valuable, as shown by Chang et al., 

whose machine learning approaches for risk prediction utilize multi-scale temporal information to 

enhance robustness and accuracy in sequential data analysis [9]. Chiang et al. introduced dynamic 

graph frameworks leveraging deep learning for robust risk prediction, where the modeling of cross-

entity dependencies supports stability in fluctuating environments [10]. 

Trust and robustness in orchestration frameworks have been improved through dynamic trust-

aware modeling, as presented by Hu et al., which enables adversarially robust multi-agent 

collaboration—a paradigm applicable for distributed system resilience and adaptive control [11]. 

Self-supervised and retrieval-augmented learning strategies [12], as well as meta-learning 

approaches [13], offer tools for handling limited data, distributional shifts, and evolving patterns—

critical for generalizable and robust forecasting systems. 

Reinforcement learning has also been applied for adaptive rate limiting in microservices, as 

shown by Lyu et al., highlighting the necessity to balance multiple objectives under dynamic 

workloads [14]. For spatiotemporal prediction, Qiu et al. leveraged graph neural networks to extract 
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implicit dependencies among backend metrics, enabling more accurate and robust forecasting in 

distributed systems [15]. 

Further, transformer-based architectures for risk monitoring [16], topology-aware graph 

reinforcement learning for dynamic routing [17], and multi-scale adaptation strategies for 

recommendation systems [18] all demonstrate how advanced neural architectures, dependency 

modeling, and risk-driven representation learning can be applied across different domains, with 

techniques transferable to robust time series forecasting. Self-supervised learning and confidence-

constrained prediction frameworks [19] contribute methods for uncertainty-aware modeling and 

prediction under imbalanced or high-variance scenarios. 

Hierarchical attention mechanisms, as proposed by Cheng, provide effective tools for integrating 

multi-level temporal and metric interactions, supporting robust scheduling delay prediction [20]. 

Kang’s multi-scale temporal and structure-aware anomaly detection further demonstrates the 

importance of capturing temporal and structural dependencies in high-dimensional metric spaces 

[21]. Graph neural architectures with temporal dynamics, such as those introduced by Zhang et al., 

support comprehensive anomaly detection and robustness to distributional shifts, directly inspiring 

advanced solutions for uncertainty-aware forecasting [22]. 

Collectively, these studies provide a rich methodological foundation—spanning multi-scale 

modeling, graph neural networks, uncertainty quantification, and robust learning—that supports the 

development of robust forecasting systems for backend metrics under uncertainty. The present work 

builds upon these ideas by proposing an uncertainty-driven approach for time series prediction that 

jointly models point forecasts and risk boundaries to enhance reliability and scalability in volatile 

environments. 

III. PROPOSED FRAMEWORK 

The robust prediction system constructed in this study uses multimodal time series of backend 

service indicators as input and completes joint modeling from dynamic behavior to disturbance risk 

through a hierarchical coding structure. First, the original indicator sequence 𝑥𝑡  is mapped to a 

multi-scale state representation to capture the implicit structural relationships between trend, 

periodic, and random disturbance terms. This process is achieved through a class of learnable 

dynamic decomposition functions, the core of which is: 

ℎ𝑡 = 𝑓𝜃(𝑥𝑡−𝑘:𝑡)                                  (1) 

Here, ℎ𝑡  represents the basic representation of time t, used for subsequent uncertainty 

modeling and prediction generation. Building upon this, the model further introduces cross-sequence 

dependency analysis, using adaptive weights to characterize the structural coupling between 

indicators, enabling the system to maintain a stable input representation when facing noise from 

different sources. The model architecture is shown in Figure 1. 

 

Figure 1. Overall model architecture diagram. 
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To characterize the prediction risk of backend indicators, this study introduces an uncertainty 

estimation mechanism based on a parameterized distribution into the prediction head. The prediction 

module not only outputs the point estimate A for future time moments but also explicitly models the 

variance of the prediction distribution, defined as follows: 

𝑝(𝑦𝑡|ℎ𝑡) = 𝑁(𝜇𝑡 , 𝜎𝑡
2)                            (2) 

Here, 𝜇𝑡 and 𝜎𝑡
2 represent the model's optimal estimate of future values and the risk range, 

respectively. Through this distributed representation, the system can proactively identify a decline 

in prediction confidence under high-fluctuation load conditions, thus providing a more robust basis 

for scheduling strategies. To ensure the stability of the distribution, the model employs a 

differentiable variance regularization term, preventing the risk estimate from over-expanding or 

over-contracting in the face of sudden changes. 

In the overall reasoning process, the model integrates short-term and long-term uncertainties 

through a sequence-level risk propagation mechanism to form an overall risk profile for the future 

interval. Specifically, the model uses a time-dimensional risk accumulation function to integrate 

continuous prediction intervals, in the form of: 

𝑅𝑡:𝑡+𝑟 = ∑ 𝜎𝑖
2𝑡+𝜏

𝑖=𝑡                                    (3) 

Here, 𝑅𝑡:𝑡+𝑟  describes the cumulative uncertainty within the future time window. This 

mechanism enables the prediction system to progressively amplify or suppress risks when faced with 

distribution shifts, model biases, or external disturbances, thereby maintaining the overall robustness 

of decision-making. Furthermore, the system introduces a gradient-sensitive structural perturbation 

term to measure the model's response to input noise, further enhancing reliability. 

Ultimately, the prediction system jointly encodes point predictions and uncertainty into an 

actionable risk adjustment signal. Through an optimization method based on expected loss, the 

model simultaneously focuses on prediction accuracy and risk representation during training. The 

optimization objective consists of two parts: one for compressing the mean squared bias and the other 

for constraining distributed risk. Its overall form can be expressed as: 

𝐿 = ∑ (
(𝑦𝑡−𝜇𝑡)

2

2𝜎𝑡
2 +

1

2
𝑙𝑜𝑔𝑡 𝜎𝑡

2)                        (4) 

This objective function ensures that the model learns the corresponding confidence boundaries 

while learning the predicted values. To prevent the model from making overly aggressive 

adjustments in high-risk scenarios, this study constructs a risk adjustment factor for the predicted 

output: 

𝑦𝑡 = 𝜇𝑡 + 𝜆𝜎𝑡                              (5) 

𝜆 controls the expansion of the confidence interval, enabling the prediction system to achieve a 

balance between flexible control and robustness. 

IV. EXPERIMENTAL ANALYSIS 

A. Dataset 

This study uses the open dataset ChronoGraph. The dataset is constructed from a microservice 

system in a real production environment. It collects multivariate metric time series for each service 

node, such as CPU usage, memory consumption, and network I O. It also provides the dependency 

graph among services. 

Each time step in the dataset contains multiple service metrics. This offers input for multivariate 

time series modeling under realistic and complex conditions. The dependency graph helps describe 

service chains and metric coupling structures. It reflects the interaction patterns among modules in 

backend service systems. 

In addition, the dataset includes event window annotations. These annotations support the 

identification of system anomalies, load surges, or fault propagation scenarios. They provide a solid 

foundation for studying model robustness when facing distribution shifts or sudden disturbances. 

They also support more accurate estimation of predictive uncertainty. 
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B. Experimental Results 

This paper first conducts a comparative experiment, and the experimental results are shown in 

Table 1. 

Table 1. Comparative experimental results. 

Method MSE RMSE MAE MAPE 

MLP[23] 0.284 0.533 0.401 12.87% 

BILSTM[24] 0.251 0.501 0.362 11.45% 

LSTM[25] 0.238 0.488 0.349 10.92% 

Transformer[26] 0.212 0.460 0.327 10.08% 

Ours 0.167 0.409 0.281 8.37% 

The results show clear performance differences across models for multivariate time series 

forecasting of backend service metrics: MLP performs worst due to its inability to capture temporal 

dependencies, while LSTM and BiLSTM improve error metrics by modeling short-term dynamics. 

Transformer further outperforms RNN-based models by leveraging self-attention to learn long-range 

dependencies and global sequence structures, but remains sensitive to distribution shifts and noise. 

The proposed method achieves the best overall performance, with significant reductions in MSE, 

RMSE, MAE, and stable improvements in MAPE, demonstrating enhanced robustness through 

uncertainty-aware forecasting, risk adjustment, and noise handling. By jointly modeling predictions 

and confidence ranges, it delivers more reliable and controllable forecasts under dynamic and 

heterogeneous backend conditions; Figure 2 further analyzes the effect of hidden-layer 

dimensionality on RMSE. 

As the hidden-layer dimension increases from 32 to 512, RMSE decreases nearly monotonically, 

indicating that larger representation capacity consistently improves forecasting accuracy by 

capturing complex dynamics, multi-scale trends, and cross-metric coupling in backend service 

metrics. Higher-dimensional latent spaces enhance feature extraction, stabilize state representations 

under volatility, and suppress noise and prediction bias, while also improving the expression of 

uncertainty and risk-aware behavior. Overall, larger hidden dimensions strengthen robustness to 

non-stationarity and distribution shifts, yielding more reliable forecasts; Figure 2 further examines 

the impact of service deployment scale on prediction performance. 

 

Figure 2. Hyperparameter sensitivity experiment of hidden layer dimension size on the prediction RMSE of 

backend service metrics. 
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Figure 3. Impact of changes in the number of service instances on experimental results. 

The results show that forecasting performance is highly sensitive to service instance scale. With 

few instances, system behavior is more stable and error metrics remain low, whereas increasing the 

number of instances introduces greater structural complexity and metric heterogeneity, leading to 

higher MSE, RMSE, MAE, and MAPE. Error fluctuations, particularly in RMSE and MAE, reflect 

increased uncertainty from latency propagation, load imbalance, and stronger cross-instance 

coupling, while MAPE highlights heightened sensitivity to relative variations across nodes. Overall, 

the findings indicate that instance scale significantly affects forecasting robustness and underscore 

the need for uncertainty-aware models to maintain stable performance under dynamic and large-

scale deployments; Figure 3 further examines the impact of abnormal sample ratios on prediction 

accuracy. 

 

Figure 3. The impact of abnormal sample injection ratio on experimental results. 

When the proportion of injected anomalous samples is raised from 0% to 20%, all four evaluation 

metrics become more volatile and deteriorate overall, highlighting the disruptive effect of anomalies 

on prediction stability. This indicates that anomalous samples introduce substantial disturbances to 

the distribution structure of backend service metrics. When the injection ratio is low, the system 

remains relatively stable. The model can rely on the original pattern structure, so the errors remain 

at low levels. As the proportion of anomalous samples increases, the noise components in the data 

are amplified. The recognizability of normal patterns declines. The model finds it more difficult to 
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extract stable features from the input sequence. This leads to increases in MSE, RMSE, MAE, and 

MAPE. 

The trends of multiple metrics show that anomalous samples disrupt the continuity and 

consistency of time series. When the injection ratio reaches medium or high levels, the errors show 

noticeable peaks. This suggests that anomalous samples affect not only point predictions but also 

amplify error propagation through temporal dependencies. The results become more unstable under 

high noise conditions. During this process, the internal representations and risk estimation 

mechanisms of the model are disturbed.  The strong fluctuations in MAPE show that relative error 

is particularly sensitive to anomalous samples. In complex backend systems, anomalies often appear 

as extreme values or abrupt changes. These characteristics directly increase relative error and make 

MAPE highly sensitive to changes in anomaly proportion. Overall, this experiment shows that 

anomalous samples are a key factor affecting the robustness of backend metric forecasting. It 

highlights the importance of incorporating uncertainty estimation, noise response mechanisms, and 

risk adjustment modules into model design. These components help ensure more stable and 

controllable predictive behavior under anomalous disturbances. 

V. CONCLUSION 

This study proposes a robust forecasting framework for backend service metrics based on 

uncertainty estimation. The framework improves predictive reliability in complex dynamic 

environments through multi-level structural modeling, distributed risk representation, and noise 

response mechanisms. The method builds more resilient representations under multiple source 

disturbances, load fluctuations, and structural changes. It significantly reduces prediction bias and 

provides trustworthy decision support for scheduling, resource management, and anomaly 

suppression in highly dynamic systems. The experimental results show that the framework captures 

structural features of multivariate metrics stably. It also mitigates the impact of uncertainty through 

a risk adjustment module. This demonstrates the potential of robust forecasting in system-level tasks. 

As backend systems continue to scale, service deployment structures, load patterns, and metric 

distributions show stronger non-stationarity and heterogeneity. The proposed framework offers a 

feasible way to address these challenges. It introduces uncertainty modeling into traditional time 

series forecasting. The model, therefore, evolves from a simple predictor into a decision support tool 

that provides both predictions and risk information. This approach helps the system identify high-

risk situations, adjust resource planning dynamically, and improve the stability of automated 

operations and service governance. The framework also has minimal intrusiveness to real 

deployment environments. It adapts to different backend architectures and offers strong engineering 

practicality. 

Future work can extend uncertainty estimation to more complex distribution settings, such as 

multi-domain transfer scenarios, cross-service collaborative forecasting, and online adaptive control. 

It is also possible to explore enhanced versions that integrate reinforcement learning, causal inference, 

or graph-based modeling. Such extensions would allow the model to not only identify risks but also 

select optimal strategies under high uncertainty. With the development of intelligent operations and 

autonomous management architectures, robust forecasting systems will play a greater role in cloud 

native platforms, automatic scaling, intelligent fault prevention, and large-scale service network 

optimization. They will provide essential technical foundations for building more reliable, efficient, 

and adaptive computing infrastructures. 
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