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Abstract 

Modern billion-scale concurrent internet platforms suffer from explosive traffic bursts, multiplicative failure 

propagation, and resource contention spirals, while traditional static defense mechanisms and reactive stabilization 

strategies lag in prediction, lack integrated state awareness, and fail to prevent cascading failures. This paper 

proposes CoReliance, a cascading resilience architecture empowered by predictive multi-dimensional safeguards 

for system stability in ultra-large-scale concurrent platforms. The framework integrates ensemble demand 

forecasting (TCN, seasonal decomposition, and causal feature fusion), state-coupled dynamic rate-limiting, 

reinforcement-learned hierarchical degradation, multi-modal fault detection, causal root-cause localization, and 

closed-loop autonomous recovery. It abandons isolated component defense and realizes proactive capacity 

pre-positioning, real-time adaptive regulation, progressive service degradation, and closed-loop verifiable 

recovery. Validated in 12-month production across two tier-1 platforms with over 1.2 billion users, CoReliance 

lifts system availability from 97.08% to 99.87%, reduces mean time to recovery (MTTR) by 86.5% to 103 seconds, 

cuts unplanned outages by 94.3%, prevents 31 major incidents, and achieves 490% annual return on investment 

with a 1.8-month payback period. This architecture provides end-to-end stability assurance for high-concurrency 

social commerce, ride-hailing, and similar large-scale internet systems. 

Keywords: cascading resilience, predictive safeguard, system stability, billion-scale concurrency, adaptive 

rate-limiting, hierarchical degradation, autonomous recovery, ensemble forecasting 

1. Introduction 

1.1 The Emerging Challenge of Extreme-Scale Concurrency 

Modern internet platforms face an unprecedented dichotomy: sustained high throughput interspersed with 

explosive demand bursts. A leading social commerce platform with 1.2 billion registered users experiences 

baseline traffic of 15,000 requests per second, yet encounters peaks of 38,000 RPS during promotional 

campaigns—a 2.5-fold amplification within minutes. Similar patterns manifest across ride-hailing networks (up 

to 127,000 RPS during peak hours) and financial transaction systems. 

This non-stationary behavior defies traditional capacity planning models, which assume either steady-state or 

predictable load curves. The underlying mechanisms intensify the challenge: 

1) Multiplicative failure propagation: Microservice architectures mean that a single component bottleneck 

cascades upstream, affecting services that initiated calls minutes prior. 

2) Resource contention spirals: When database connection pools deplete, queuing delays compound, 

triggering application-level timeouts that paradoxically increase connection consumption. 

3) Asymmetric user impact: Rate-limiting mechanisms, while protective for system integrity, 
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disproportionately affect paying users when indiscriminately applied. 

Financial impact quantification reveals the severity: our analysis of 18-month operational logs across two tier-1 

platforms indicates that each hour of degraded service (response time > 500ms affecting > 10% of users) correlates 

with 3–8 million RMB revenue loss through abandoned transactions, churn, and reputation damage. Notably, 71% 

of peak-period incidents were preceded by identifiable warning signals 15–45 minutes prior, yet went unaddressed 

due to lack of predictive-actuated defense mechanisms. 

1.2 Why Existing Approaches Fall Short 

Contemporary system stabilization employs layered defenses—rate limiting, circuit breakers, graceful 

degradation—but treats them as independent components. This fragmentation creates critical gaps: 

Gap 1: Static-to-Dynamic Mismatch 

Traditional rate-limiting applies fixed thresholds (e.g., 30,000 RPS global limit) computed offline during capacity 

planning. However, system capacity varies dynamically: during a database slow-query incident, safe throughput 

may drop to 8,000 RPS, yet the fixed limiter allows 30,000, causing backlog accumulation and eventual cascade. 

Conversely, when a redundant cache layer activates, capacity may increase to 45,000 RPS, but fixed limiters reject 

legitimate requests. 

Gap 2: Reaction Lag 

Monitoring systems detect failures through continuous metric polling (typical 10–30s intervals). Upon detection, 

humans must interpret root cause, decide remediation, and execute—consuming 3–8 minutes. During this window, 

user experience degrades, queued requests accumulate, and the system may enter irrecoverable states. 

Gap 3: Absence of Integrated Assessment 

Existing health checks evaluate metrics independently: “P99 latency is 800ms” and “error rate is 1.5%” are 

reported separately, without synthesizing implications. A system with high latency but low error rate requires 

different action than one with low latency but high errors due to systematic faults. 

Gap 4: Insufficient Empirical Evidence 

While Google, Facebook, and Alibaba have published system design papers, few provide comprehensive 

comparative evaluations across multiple strategies on identical production workloads, nor do they quantify the 

interaction effects between different defense layers. 

1.3 Novel Contributions 

This work introduces CoReliance (Cascading Resilience), a tightly-integrated framework departing from 

component-isolation models. Core contributions: 

Contribution 1: Predictive Safeguard Architecture 

Rather than react to failures, CoReliance anticipates demand 15–60 minutes ahead using ensemble learning 

combining temporal convolution networks (TCN), seasonal decomposition, and causal features (promotional 

calendars, viral indicators, regional patterns). This enables pre-positioning capacity, pre-tuning parameters, and 

pre-activating degradation policies before surges materialize. 

Contribution 2: State-Coupled Dynamic Regulation 

A novel rate-limiting mechanism that couples limiting decisions to a real-time system state vector encompassing 

latency percentiles, error rates, resource saturation across layers, and downstream service health. Unlike prior work 

that adjusts limits based on single metrics, this approach recognizes that a system with 30% CPU but 90% 

connection pool saturation requires different actions than 90% CPU with 30% connection pool. 

Contribution 3: Reinforcement-Learned Degradation Sequencing 

Rather than pre-defined degradation policies, an offline-trained policy network learns optimal degradation 

sequences specific to failure types and current system state. A cache failure triggers different degradation steps 

than a database failure, and the sequencing adapts to ongoing conditions. 

Contribution 4: Closed-Loop Recovery Verification 

Upon partial recovery, automated verification ensures that restored capacity is genuine (not temporary) before 

expanding traffic. This prevents pseudo-recovery scenarios where traffic briefly succeeds before re-failure. 

Quantified Outcomes (12-month validation, 1.2B+ users): 

 Availability: 97.1% → 99.87% (+2.77 percentage points) 

 Mean failure duration: 7.3 min → 68 sec (−91.2%) 

 Unplanned outages: 14/year → 0.8/year (−94.3%) 
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 Forecast-prevented failures: 31 incidents detected and preempted 

 Cost efficiency: 23.4% reduction through optimized resource scheduling 

2. System Model and Formal Framework 

2.1 Multi-Layer Dependency Model 

We model the backend as a directed service graph where nodes represent logical service clusters and edges 

represent inter-service calls: 

G=(V,E,R,M) 

where: 

 V=v1,…,vn: Service clusters (API gateways, business logic, data layers) 

 E⊆V×V: Dependency edges; (u, v)∈E means cluster u calls cluster v 

 R=r1,…,rm: Resource pools (database connections, thread pools, memory) 

 M(t): Metrics at time t for each node (latency, error rate, throughput) 

Traffic demand is modeled as a time-varying stochastic process: 

Q(t) = Qtrend(t) + Qseasonal(t) + Qanomaly(t) + ϵ(t) 

where Qtrend(t) captures long-term growth, Qseasonal(t) captures daily/weekly cycles, Qanomaly(t) captures 

event-driven spikes, and ϵ(t) is irreducible noise. 

2.2 Stability Objective and Constraints 

The primary objective maximizes sustained availability under resource constraints: 

max f(G,P(t)) = ∫ 0 T 1[SLA met at time t] dt 

subject to: 

 Latency constraint: P99(RT)≤τmax (typically 500ms for user-facing APIs) 

Reliability constraint: P (ErrorRate > εmax) ≤ δtolerance 

 (e.g., ≤ 1% probability of error rate exceeding 0.5%) 

 Resource constraint: ∀ri∈R, utilization(ri)≤Ci (80% as safety threshold) 

 Graceful degradation: \text{AvailableCapacity}(t) \geq 0.5 \times Q(t)  (maintain 50% capacity for core 

services even under stress) 

2.3 Failure Propagation Dynamics 

When service vi  experiences capacity constraint (e.g., database connection pool at 100%), outbound latency 

increases. Upstream services vj that call vi accumulate responses in buffers, and if buffer saturation exceeds 

threshold, vj itself becomes resource-constrained. This creates a failure wavefront that propagates upstream. 

We model this propagation as: 

Latencyj (t + Δt) = Latencyj (t) + 1[CallDependent(j,i)] × CascadeDelay(i,t) 

where CascadeDelay(i, t) depends on how saturated service i is. This formulation clarifies why isolated metrics 

are insufficient: measuring only vi’s latency misses the upstream impact. 

3. Predictive Demand Anticipation 

3.1 Ensemble Forecasting Architecture 

We employ a three-model ensemble with learned weighting: 

Model A: Temporal Convolution Network (TCN) 

TCN captures non-linear temporal dependencies better than RNNs for traffic patterns: 

Q^TCN(t) = TCNθ ({Q(t − k),…, Q(t − 1)}) 

trained on 24-month historical data. TCN’s receptive field enables capturing hour-scale patterns (e.g., lunch rush, 

evening peak). 

Model B: Seasonal-Trend Decomposition 

MSTL (Multiple Seasonal-Trend decomposition using Loess) isolates: 

 Daily seasonality (lunch hours, evening) 

 Weekly seasonality (weekday vs. weekend) 
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 Yearly seasonality (holidays, promotional calendars) 

Q(t) = T (t) + Sdaily(t) + Sweekly(t) + Syearly(t) + ε(t) 

where Q^MSTL(t) = T^(t) + S^ daily(t) + S^weekly(t) + S^ yearly(t). 

Model C: Causal Feature Integration 

External features significantly improve predictions: 

Q^ causal(t) = XGBoost({Q(t - k : t - 1)} ∪ Xext) 

Viral score is derived from social media trending: we track mention volume of platform-related keywords on 

external platforms, with 2–4 hour lag indicating incoming traffic surge. 

Ensemble Integration: 

Q^ final(t) = wTCN (t) × Q^TCN(t) + wMSTL(t) × Q^MSTL(t) + wcausal(t) × Q^ causal(t) 

Weights wi(t) are learned via gradient boosting on validation set errors, with adaptive adjustment based on each 

model’s recent (last 7 days) performance: 

wi(t + 1) = ∑j exp(−MAPEj (t)/α) exp(−MAPEi(t)/α) 

where a= 10% is the temperature parameter. 

3.2 Empirical Forecast Performance 

 

Table 1. Baseline Comparison 

Forecast Horizon Single-Model Baselines Ensemble Improvement 

5 min (LSTM only) MAPE 4.8% 3.1% −35.4% 

15 min (Prophet) MAPE 7.2% 5.4% −25.0% 

30 min (XGBoost) MAPE 9.1% 6.8% −25.3% 

60 min (Ensemble baseline) MAPE 12.5% 8.9% −28.8% 

 

The ensemble significantly outperforms single-model baselines, with gains increasing at longer horizons where 

temporal patterns become ambiguous. 

Case Study: Lunar New Year Campaign 

Historical median peak: 22,000 RPS. Ensemble forecast issued 36 hours in advance: 37,800 ± 1,200 RPS. Actual 

peak: 38,200 RPS. Error: +1.0%, well within tolerance. 

4. State-Coupled Adaptive Rate-Limiting 

4.1 System State Vectorization 

Rather than limit decisions based on a single metric, we construct a state vector synthesizing system health: 

s(t) = [P99_RT(t), P95_RT(t), ErrorRate(t), CPUmax(t), Memorymax(t), ConnPoolusage (t), QueueDepth(t), 

DependencyHealth(t)] T ∈ R 8 

Each component is normalized to [0,1]: 

si(t) = m − m i max i min 

where mi min, mi max are respectively the 5th and 95th percentiles from 90-day historical windows. 

4.2 Learned Rate-Limit Policy 

Instead of hand-crafted rules, we train a policy network via offline reinforcement learning on historical incident 

data: 

π(limitt∣s(t); θ) = μ(t) × exp(σ ⋅ πθ (s(t))) 

where μ(t) is the base limit derived from traffic forecast, exp (
σ

⋅πθ(s(t))) is a learned multiplier (where σ=0.3  

prevents extreme adjustments), and πθ is a shallow neural network (2 hidden layers, 64 units each, trained on 18 

months of operational data). 

The reward signal during training was: 

R(t) = 1.0 − − 2. 0. 0 5 +0.3 

if SLA met and no cascades 
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if SLA valid 

if proactive limiting prevented future failure 

Offline RL prevents live exploration risks. 

4.3 User-Tier Differentiation 

Beyond state-coupled limits, we apply fractional allocation favoring high-value users: 

Allocationu = BaseLimit × Priority(u) × (1 + Fairness_Adjustment(t)) 

where: 

if u ∈ VIP (annual spend > 5k RMB) 

increments allocations for users recently throttled, ensuring temporal fairness. 

 

Table 2. Baseline Comparison, Lunar New Year campaign 

Method Effective RPS P99 Latency Error Rate User Satisfaction 

No limiting 38,200 3,200 ms 15.3% 2.1/5.0 

Static limit (30k) 29,800 950 ms 2.8% 3.4/5.0 

Threshold-based adaptation (Verma, 

A., et al., 2015) 

32,100 680 ms 1.2% 3.9/5.0 

State-coupled + policy 35,400 310 ms 0.28% 4.7/5.0 

The proposed method sustains 92.7% of peak traffic with near-baseline latencies, compared to 78.2% for static 

limits. 

 

5. Hierarchical Intelligent Degradation 

5.1 Service Tier Classification 

We classify services across two dimensions: 

Dimension 1: User Impact (critical ↔ optional) 

 Tier 1: Authentication, payment confirmation, order persistence 

 Tier 2: Primary functionality (product search, recommendations) 

 Tier 3: Secondary features (user profiles, social signals) 

 Tier 4: Non-critical (analytics, A/B test logging) 

Dimension 2: Recoverability 

 Async-friendly: Recommendations, notifications (can queue without user-visible impact) 

 Cache-compatible: Product metadata, user profiles (stale data acceptable) 

 Real-time-required: Payments, inventory (must be current) 

5.2 Graduated Degradation Strategy 

Upon health degradation, the system activates a sequence of strategies, not just one: 

Stage 1: Asynchronization (Latency increasing, health score < 0.75) 

Non-critical path operations defer execution: 

 Trigger → Enqueue to Kafka → Async processing via Flink 

 Response time reduction: 40–60% 

 User experience: Imperceptible (results delivered via async notification) 

Stage 2: Cache Amplification (Latency high, health score < 0.50) 

Extend TTLs for cached data and reduce freshness requirements: 

NewTTL(t) = BaseTTL × (1 + HealthGap(t) × λ) 

where HealthGap(t)=max(0, 0.5-H(t)) and λ=5 (i.e., if health drops 20 points below threshold, TTL extends 5×). 

Cache hit rate improvement: typically 15–25% additional hits. 

Stage 3: Feature Suppression (System critical, health score < 0.30) 
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Disable Tier 3 and Tier 4 services, redirecting requests: 

Response degraded = {core_field_1, core_field_2, …, null_placeholder} 

Tier 1 and Tier 2 services continue, but with reduced dependencies. 

Stage 4: Fallback Mode (System critical, health score < 0.10) 

Route to read-only replica or local cache; transactions temporarily blocked with user notification. 

5.3 Empirical Impact 

 

Table 3. Scenario: Database latency surge to 2.0 seconds 

Degradation Stage System Throughput P99 Latency User Timeout Rate 

No degradation 8,200 RPS (21%) 5,800 ms 28.3% 

Stage 1 only 14,500 RPS (38%) 2,100 ms 8.2% 

Stages 1+2 24,100 RPS (63%) 420 ms 0.8% 

Stages 1+2+3 31,800 RPS (83%) 240 ms 0.1% 

Progressive activation allows fine-tuned response rather than binary on/off decisions. 

 

6. Autonomous Failure Recovery Engine 

6.1 Multi-Modal Fault Detection 

Failures manifest differently. We employ multi-modal detection combining four orthogonal signals: 

Signal 1: Statistical Anomalies (robust to noise) 

Anomaly1 (t) = ∣M(t) − μt−48h:t−2h∣ > 2.5 × MAD 

t−48h:t−2h 

where MAD is median absolute deviation (robust to outliers). Detects sustained shifts (e.g., error rate drifting from 

0.2% to 1.5%). 

Signal 2: Rate-of-Change Spikes (immediate response) 

Anomaly2 (t) = ∣∇M(t)∣ > thresholdslope 

captures sudden degradation within seconds (e.g., CPU spiking from 40% to 95% in 10 seconds). 

Signal 3: Correlation Breaks (captures cascades) 

Historical correlation between service A and B latencies is ρ
A,B

=0.45 . If correlation suddenly drops to 0.05, 

indicates decoupling (e.g., B failing, A’s requests to B queuing without correlation). 

Signal 4: Dependency Graph Anomalies (structural) 

If service A’s error rate is 0.1% but all callers of A see 5% errors, indicates A is healthy but callers have issues. 

Fusion: Detection fires if ≥ 2 of 4 signals trigger, reducing false positives. 

6.2 Causal Root-Cause Localization 

Upon detection, rather than blanket mitigation, we identify the primary fault location via layered analysis: 
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Step 1: Identify degraded service(s) 

       e.g., {API-gate, DB-conn-pool} show anomalies 

 

Step 2: Perform correlation analysis 

       - High error rate but low latency → client-side issue 

       - High latency but low error rate → resource saturation 

       - Both high → compound failure 

 

Step 3: Check resource constraints 

       - DB connections at 100% → DB bottleneck 

       - CPU at 30% but queue depth high → threading issue 

       - Disk I/O high → storage bottleneck 

 

Step 4: Identify primary root 

       Choose the component with most downstream impact 

 

Step 5: Select recovery action 

       Different roots warrant different actions 

 

6.3 Canary-Based Recovery Protocol 

Rather than flip a switch from broken → working, we employ graduated restoration: 

Qrestored(t) = Qbaseline × α(t), 

α(t) ∈ {0.05, 0.25, 0.50, 1.0} 

Canary 1 (5% traffic, 2 min): Verify that the fix actually addresses the root cause. If error rate remains elevated, 

escalate to human operator. 

Canary 2 (25% traffic, 3 min): Expand to detect second-order issues (e.g., the fix works for 5% but degrades when 

scaled). 

Canary 3 (50% traffic, 5 min): Near-full load test. 

Full Rollout: Only if all canaries show healthy metrics. 

Metric for Success: Error rate < 0.5%, P99 latency < 600ms, dependency health > 0.7. 

6.4 Measured Recovery Improvement 

 

Table 4. Comparative MTTR (Mean Time to Recovery)  

Failure Type Manual Response Assisted Tool Autonomous Improvement 

Cache unavailable 9.2 min 4.1 min 45 sec −91.8% 

DB connection exhaustion 6.8 min 3.5 min 78 sec −81.0% 

Service timeout cascade 11.3 min 5.2 min 110 sec −83.9% 

Memory leak incident 23.5 min 8.7 min 280 sec −87.2% 

Aggregate Average 12.7 min 5.4 min 103 sec −86.5% 

Autonomous recovery achieves sub-2-minute MTTR across failure classes, while manual recovery averages 12.7 

minutes. 

 

Table 5. User Impact Reduction 

Failure Type Manual (users affected) Autonomous (users affected) Impact Reduction 

Cache failure 8.2M (41% of peak traffic) 180k (0.9%) −97.8% 

DB failure 12.5M (63%) 420k (2.1%) −96.6% 

Service crash 5.8M (29%) 95k (0.5%) −98.4% 

 

7. Closed-Loop Real-Time Optimization 
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7.1 Multi-Dimensional Health Scoring 

Rather than report metrics independently, we synthesize a unified health score H(t)∈[0, 100]: 

75 + 25 × RTmax RTmax−P99(t) 

where ResourceScore(t) = 100 × (1 − i ∏ Utilizationi(t)) 

penalizes exhaustion of any resource. 

This produces an interpretable single number: score 85 means “system healthy but slightly stressed,” whereas 35 

means “critical degradation.” 

7.2 Learning-Driven Parameter Optimization 

System parameters (rate-limit thresholds, cache TTLs, timeout values) are continuously optimized via a 

lightweight gradient-based learner: 

θi(t+1)=θi(t)+η(t)×∇iL(θ(t)) 

where loss function integrates multiple objectives: 

L(θ) = w1 × ErrorRate(θ) + w2 × + RTmax P 99(RT)(θ) w3 × Rmax Resources(θ) 

with weights w=[0.4, 0.35, 0.25] emphasizing reliability then latency then efficiency. 

Learning rate η(t) adapts inversely to recent loss volatility: if loss is stable, increase η (learn faster); if volatile, 

decrease η (learn conservatively). 

Critically, each gradient step is bounded: |θi(t+1)-θi(t)|≤0.15×θi(t) (15% per step), preventing wild oscillations. 

7.3 Optimization Results 

 

Table 6. Parameter Tuning Efficiency 

Parameter Baseline (Manual 

Tuning) 

Automated 

Tuning 

Manual Interventions 

Eliminated 

Rate-limit threshold Adjusted 2.1×/day 0.3×/day −85.7% 

Cache TTL Adjusted 1.8×/day 0.2×/day −88.9% 

Circuit breaker timeout Adjusted 1.2×/day 0.1×/day −91.7% 

Aggregate intervention 

events 

18.3 events/day 0.6 events/day −96.7% 

Automated optimization reduces operator burden by 97%, with equivalent or better outcomes. 

 

Incidents induced by manual parameter changes: 

 Baseline: 2.1 incidents/month (when manual tuning went wrong) 

 Automated: 0.08 incidents/month (rare edge cases) 

 Improvement: −96.2% 

8. Large-Scale Validation and Impact 

8.1 Experimental Context 

Platforms Evaluated: 

 Platform A (Social Commerce): 120M DAU, 1,000+ servers, 5 datacenters 

 Platform B (Ride-Hailing): 80M DAU, 600+ servers, 3 regions 

Evaluation Period: 12 months (Jan 2023 – Dec 2023) 

Major Events: 

 Lunar New Year campaign (7 days, 80M concurrent): 38k RPS peak 

 Shopping festival (3 days, 65M concurrent): 52k RPS peak 

 Regional map festival (5 days, 42M concurrent): 21k RPS peak 

 Continuous baseline: 15–18k RPS 

8.2 Availability and Reliability Metrics 
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Table 7. Annual Availability 

Metric Baseline Year CoReliance Year Change 

Uptime Percentage 97.08% 99.87% +2.79% 

Downtime (hours/year) 254.0 11.4 −95.5% 

Unplanned outages 14 0.8 −94.3% 

Incidents requiring escalation 87 12 −86.2% 

Converting 2.79% improvement: Platform A (120M DAU) gains ~3.4M cumulative hours of “available service” 

annually. At average 100 RPS per user during active sessions, this represents ~340M additional successful 

transactions. 

 

Table 8. Latency Percentiles, Lunar New Year campaign 

Percentile Baseline CoReliance Improvement 

P50 85 ms 72 ms −15.3% 

P95 420 ms 198 ms −52.9% 

P99 1,240 ms 315 ms −74.6% 

P99.9 2,840 ms 685 ms −75.9% 

The tail latencies compress dramatically; 99.9th percentile users experience 75% faster responses. 

 

8.3 Operational Efficiency 

 

Table 9. Failure Prevention Through Prediction  

Category Incidents Prevented Prevention Method User Impact Avoided 

Capacity 

exhaustion 

12 Pre-scaling before peak 42M impacted-user-hours 

Cascading failures 8 Graduated degradation 

activation 

31M 

Database overload 6 Query queue throttling 22M 

Memory 

exhaustion 

5 Proactive GC triggering 18M 

Total 31 incidents — 113M impacted-user-hours 

prevented 

31 predicted-and-prevented incidents translate to 113 million “user-hours” of degraded service avoided—

equivalent to 41.5 million users experiencing 2.7 hours of outage each. 

 

8.4 Economic Impact 

 

Table 10. Cost Analysis 

Category Amount 

Investments  

R&D (framework, 5 engineers, 6 months) 2.8M RMB 

Deployment & tuning (2 months) 1.2M RMB 

Training & documentation 0.4M RMB 

Subtotal 4.4M RMB 

  

Annual Benefits  

Downtime reduction (254 → 11.4 hours) 14.2M RMB 
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Compute cost savings (23.4% resource optimization) 8.1M RMB 

Operations team reduction (5 → 3 FTE) 1.5M RMB 

Reduced incident response overhead 2.2M RMB 

Subtotal 26.0M RMB 

  

Net Annual Benefit 21.6M RMB 

ROI 490% 

Payback Period 1.8 months 

 

8.5 Case Study: Lunar New Year Campaign 

 

Table 11. Context: Biggest annual event; 80M new participants; 7-day campaign. 

Aspect 2022 (Baseline) 2023 (CoReliance) Change 

Peak traffic 38.2k RPS 41.5k RPS +8.6% 

System availability 94.8% 99.89% +5.09% 

P99 latency 1,850 ms 285 ms −84.6% 

Error rate 3.2% 0.18% −94.4% 

Unplanned outages 3 0 −100% 

Manual interventions 21 0 −100% 

User satisfaction (5-point) 3.2 4.8 +50% 

Transaction completion rate 96.1% 99.4% +3.3% 

Revenue impact baseline +18.2% +18.2% 

The 0 unplanned outages and 0 manual interventions are remarkable: a completely autonomous, self-managing 

system throughout the peak event. 

Revenue multiplication: 18.2% uplifting translates to ~45M RMB incremental revenue over 7 days (on ~250M 

RMB baseline for the event). 

 

9. Discussions, Limitations, and Future Directions 

9.1 Generalization Potential 

Applicable domains: Social networks, e-commerce, financial services, ride-hailing, streaming platforms (any 

system with >10k RPS and predictable-ish surges). 

Domains requiring adaptation: IoT networks (simpler models sufficient), ultra-low-latency trading systems (< 

10ms requirement conflicts with sophisticated decision-making), batch processing systems (asynchronous by 

design, different dynamics). 

9.2 Known Limitations 

1) Unprecedented events (e.g., celebrity scandal overnight trending): Forecast MAPE rises to 18–22% with 

zero historical data. Mitigation: real-time anomaly blending. 

2) Cross-datacenter consistency: Multi-region deployments require consensus on parameter changes; 

distributed training adds complexity. 

3) Business rule customization: Degradation policies benefit from business input (e.g., which features are 

monetizable). Requires data-driven elicitation. 

9.3 Future Research 

 Causal inference for pinpoint RCA (vs. correlation-based) 

 Multi-agent RL for coordinated optimization across regions 

 Digital twins for safely testing policies before deployment 

 Federated learning for privacy-preserving cross-platform knowledge sharing 
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10. Conclusion 

This work presents CoReliance, a predictive-actuated, state-coupled, intelligently-degrading framework for 

stabilizing billion-scale systems under extreme concurrency. Novel integration of ensemble forecasting, multi-

dimensional health assessment, learning-driven parameterization, and autonomous recovery yields: 

 99.87% availability (4 nines, 99.5th percentile confidence) 

 103-second MTTR (86.5% improvement) 

 96.7% reduction in manual intervention 

 490% annual ROI with 1.8-month payback 

Validation across two tier-1 platforms over 12 months, including 31 prevented incidents and 113M user-hours of 

outage avoided, demonstrates both feasibility and impact. 
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