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Abstract: Modern cloud computing environments demand dynamic, intelligent resource allocation strategies capable of 
adapting to fluctuating workloads while minimizing operational expenditure. This paper presents a comprehensive framework 
for intelligent cloud resource management by integrating machine learning (ML) algorithms with advanced observability tools 
to achieve simultaneous cost and performance optimization. The proposed system leverages real-time telemetry data — 
encompassing metrics, logs, and distributed traces — collected through observability platforms such as Prometheus, Grafana, 
and OpenTelemetry, which are subsequently processed by predictive ML models including Long Short-Term Memory (LSTM) 
networks and reinforcement learning agents. These models enable proactive auto-scaling, anomaly detection, and workload 
forecasting, significantly reducing over-provisioning and under-utilization of cloud resources. Experimental evaluations 
conducted across multi-cloud and hybrid environments demonstrate that the integrated framework achieves up to 35% 
reduction in infrastructure costs while maintaining service-level agreement (SLA) compliance exceeding 99.5%. Furthermore, 
the system exhibits adaptive behavior under sudden traffic spikes, outperforming conventional threshold-based autoscaling 
mechanisms. The findings underscore the transformative potential of combining ML-driven intelligence with full-stack 
observability, establishing a scalable and robust foundation for next-generation cloud resource governance in enterprise-grade 
deployments. 
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1. Introduction 

The rapid proliferation of cloud computing has 
fundamentally transformed how organizations 
design, deploy, and manage their digital 
infrastructure. Enterprises increasingly migrate 
workloads to cloud platforms such as Amazon Web 
Services (AWS), Microsoft Azure, and Google 
Cloud Platform (GCP), driven by promises of 
scalability, flexibility, and reduced capital 
expenditure [1]. However, the dynamic and 
distributed nature of cloud environments introduces 
significant operational challenges, particularly in the 
domains of resource provisioning, cost governance, 
and performance assurance [2]. Studies reveal that 
organizations waste nearly 30–35% of their total 
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cloud spending due to idle resources, over-
provisioning, and inadequate monitoring strategies, 
underscoring the urgent need for intelligent resource 
management frameworks [3]. 

Traditional cloud resource management approaches 
rely heavily on static threshold-based autoscaling 
policies and rule-driven configurations, which prove 
insufficient in handling the unpredictable and bursty 
nature of modern cloud workloads [4]. These 
reactive mechanisms frequently result in either 
under-provisioning — causing service degradation 
and SLA violations — or over-provisioning, which 
inflates operational costs without delivering 
proportional performance benefits. The emergence 
of machine learning (ML) techniques has opened 
new horizons for proactive and adaptive resource 
management, enabling systems to learn from 
historical patterns and forecast future demand with 
remarkable accuracy [5]. 

Concurrently, the evolution of observability 
engineering has provided cloud operators with 
unprecedented  visibility  into  system  behavior 
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through the unified collection of metrics, logs, and 
distributed traces [6]. Platforms such as Prometheus, 
Grafana, OpenTelemetry, and Datadog empower 
DevOps and Site Reliability Engineering (SRE) 
teams to monitor application health, detect 
anomalies, and diagnose performance bottlenecks in 
real time. When observability data is systematically 
fed into ML pipelines, it creates a powerful feedback 
loop that enables data-driven, context-aware 
decision-making for resource allocation [7]. 

This paper proposes an integrated framework that 
synergizes machine learning algorithms — 
including Long Short-Term Memory (LSTM) 
networks, reinforcement learning agents, and 
ensemble forecasting models — with full-stack 
observability tools to achieve intelligent, automated 
cloud resource management. The framework targets 
two critical objectives: minimizing infrastructure 
costs through precision scaling and eliminating 
resource waste, while simultaneously guaranteeing 
performance consistency and SLA compliance 
across multi-cloud and hybrid environments. Unlike 
prior works that address cost optimization and 
performance management in isolation, this research 
presents a unified, end-to-end architecture that treats 
both dimensions as interdependent optimization 
goals [8]. The remainder of this paper is organized 
as follows: Section 2 reviews related literature, 
Section 3 describes the proposed framework 
architecture, Section 4 presents experimental 
methodology and results, and Section 5 concludes 
with directions for future research. 

 

 
2. Literature Review 

Cloud resource management has been an active area 
of research over the past decade, evolving from 
simple rule-based provisioning mechanisms to 
sophisticated, intelligence-driven frameworks. 
Early investigations into cloud autoscaling 
established foundational principles of elasticity, 
demonstrating that dynamic resource allocation 
based on CPU and memory thresholds could 
significantly improve infrastructure utilization 
compared to static provisioning models. However, 
these threshold-based approaches were criticized for 
their inability to anticipate workload surges, often 
reacting to performance degradation after it had 
already impacted end users rather than preventing it 
proactively [9]. 

The integration of machine learning into cloud 
resource management gained substantial momentum 
with the application of supervised learning models 
for workload prediction. Regression-based models 
and decision tree classifiers were among the earliest 
ML techniques applied to predict resource demand, 
enabling cloud platforms to pre-emptively allocate 
compute capacity ahead of anticipated traffic 
increases. These studies confirmed that historical 
telemetry data, when properly preprocessed and 
feature-engineered, could serve as reliable training 
signals for short-term workload forecasting with 
prediction accuracy exceeding 85% in controlled 
experimental environments [10]. 

Deep learning architectures, particularly Recurrent 
Neural Networks (RNNs) and Long Short-Term 
Memory (LSTM) networks, subsequently 
demonstrated superior performance in capturing 
temporal dependencies within cloud workload time-
series data. LSTM-based forecasting models proved 
especially effective in environments characterized 
by seasonal traffic patterns, such as e-commerce 
platforms and media streaming services, where 
workload fluctuations follow cyclical yet variable 
trends across hourly, daily, and weekly intervals 
[11]. 

Reinforcement learning (RL) emerged as a 
transformative paradigm for autonomous cloud 
resource orchestration, enabling agents to learn 
optimal scaling policies through continuous 
interaction with the cloud environment. RL-based 
resource managers demonstrated the ability to 
balance competing objectives — minimizing cost 
while maximizing performance — by framing 
resource allocation as a Markov Decision Process 
(MDP) and optimizing long-term cumulative reward 
functions. Comparative studies showed that RL 
agents consistently outperformed both static policies 
and supervised learning approaches in dynamic, 
non-stationary workload scenarios [12]. 

Observability tools have played an increasingly 
central role in enabling data-rich cloud management 
ecosystems. The adoption of the three pillars of 
observability — metrics, logs, and distributed traces 
— provided engineering teams with granular, 
correlated visibility across microservices 
architectures. Research demonstrated that unified 
observability platforms significantly reduced mean 
time to detection (MTTD) and mean time to 
resolution (MTTR) for cloud incidents, thereby 
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improving overall system reliability and reducing 
the financial impact of unplanned outages [13]. 

Prometheus and Grafana have emerged as widely 
adopted open-source observability solutions within 
cloud-native ecosystems, offering powerful time-
series data collection, storage, and visualization 
capabilities. Studies evaluating these platforms in 
production Kubernetes environments confirmed that 
fine-grained metric collection at sub-minute 
intervals provided sufficient resolution for ML 
models to detect anomalous resource consumption 
patterns before they escalated into critical service 
disruptions [14]. 

OpenTelemetry, as a vendor-neutral observability 
framework, further advanced the standardization of 
telemetry data collection across heterogeneous 
cloud environments. Research exploring 
OpenTelemetry adoption in multi-cloud 
deployments demonstrated its ability to unify trace 
propagation and metric instrumentation across 
diverse runtime environments, significantly 
reducing the complexity of building observability 
pipelines that feed downstream ML-based 
optimization systems [15]. 

Cost optimization in cloud environments has been 
extensively studied through the lens of resource 
rightsizing, spot instance utilization, and reserved 
capacity planning. Investigations into ML-driven 
rightsizing algorithms revealed that models trained 
on extended resource utilization histories could 
identify systematically over-provisioned virtual 
machines and recommend precise downscaling 
actions, yielding average cost reductions between 
25% and 40% without measurable degradation in 
application throughput or response latency [16]. 

Anomaly detection represents another critical 
dimension of intelligent cloud management, with 
numerous studies proposing unsupervised and semi-
supervised learning approaches for identifying 
irregular resource consumption behaviors. Isolation 
Forest, Autoencoders, and One-Class SVM models 
have been extensively benchmarked for cloud 
anomaly detection tasks, with autoencoder-based 
approaches demonstrating particularly strong 
performance in detecting subtle, multi-dimensional 
anomalies in high-cardinality telemetry streams 
generated by large-scale microservices deployments 
[17]. 

The concept of AIOps — Artificial Intelligence for 
IT Operations — has provided a broader 
architectural context for integrating ML capabilities 
with cloud operational workflows. AIOps platforms 
that ingest observability data and apply ML-driven 
analysis for event correlation, root cause analysis, 
and predictive alerting have demonstrated 
measurable improvements in operational efficiency, 
reducing alert fatigue and enabling SRE teams to 
focus remediation efforts on genuinely critical 
incidents rather than noise-driven false positives 
[18]. 

Serverless computing environments have introduced 
unique resource management challenges distinct 
from traditional virtual machine or container-based 
deployments. Research examining ML-based cold 
start prediction and function concurrency 
optimization in serverless platforms such as AWS 
Lambda demonstrated that predictive pre-warming 
strategies, informed by historical invocation 
telemetry, could reduce cold start latency by up to 
60%, directly improving user-perceived application 
responsiveness without incurring proportional cost 
increases [19]. 

Despite the considerable progress achieved across 
these individual research threads, a notable gap 
persists in the literature regarding unified 
frameworks that holistically integrate ML-driven 
intelligence with comprehensive observability 
pipelines for simultaneous cost and performance 
optimization across heterogeneous, multi-cloud 
environments. Most existing works address either 
cost reduction or performance assurance in relative 
isolation, treating observability data as 
supplementary rather than foundational to the 
optimization process. This research directly 
addresses that gap by proposing an end-to-end 
architecture wherein observability-derived 
telemetry serves as the primary data substrate for 
continuously trained ML models governing all 
resource management decisions [20]. 

 
 

3. Proposed Method 

3.1 Overview of the Framework 

The proposed framework establishes a six-layer 
end-to-end pipeline that seamlessly integrates cloud 
infrastructure telemetry with a hybrid machine 
learning engine to achieve simultaneous cost 
minimization and performance optimization. Unlike 
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existing approaches that treat observability and 
intelligence as isolated components, the proposed 
architecture treats full-stack telemetry as the 
primary data substrate upon which all ML-driven 
decision-making  is  grounded.  The  framework 

incorporates two novel contributions — an 
intelligent data preprocessing module and a hybrid 
ML engine — layered atop standard observability 
tooling and beneath an intelligent orchestration 
engine that actuates real-time resource decisions. 

 

 
 

Figure 1: six-lay er end-to-end cloud infrastructure telemetry with a hybrid machine learning engine. 

3.2 Block-by-Block Explanation 

Layer 1 — Cloud Infrastructure (Data Sources) 
This foundational layer represents the 
heterogeneous pool of cloud resources from which 
all telemetry originates. It encompasses virtual 
machines, containerized workloads managed via 
Docker, Kubernetes clusters operating in multi-node 
environments, serverless function runtimes such as 
AWS Lambda, persistent storage and database 
services, and managed network components. These 
resources continuously emit raw operational signals 
— CPU utilization, memory pressure, disk I/O rates, 
packet throughput, and function invocation counts 
— that  serve  as  the  primary  inputs  to  the 
observability pipeline above. This layer is standard 

across cloud-native architectures and forms the 
unmodified substrate upon which the proposed 
system operates. 

Layer 2 — Observability Pipeline This layer 
implements the three pillars of modern observability 
using established open-source platforms. 
Prometheus handles time-series metrics collection at 
sub-minute scrape intervals, capturing CPU, 
memory, latency, and throughput from all 
instrumented endpoints. Grafana provides real-time 
visualization and threshold-based alerting 
dashboards consumed by SRE teams alongside the 
automated ML pipeline. OpenTelemetry 
standardizes distributed trace propagation across 
microservices, enabling end-to-end span correlation 
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that reveals inter-service dependency bottlenecks 
invisible to metrics alone. Together, these tools 
produce a unified telemetry stream — the richest 
possible representation of system state — that feeds 
directly into the preprocessing engine. 

Layer 3 — Intelligent Data Preprocessing (New 
Contribution) This is the first major novel 
contribution of this work. Raw observability 
telemetry is inherently noisy, high-cardinality, and 
multi-modal, making it unsuitable for direct 
ingestion by ML models without careful 
preparation. The preprocessing module performs 
three operations in sequence. First, noise filtering 
and Z-score normalization remove sensor artifacts 
and align feature scales across heterogeneous metric 
types. Second, a sliding-window feature engineering 
step transforms raw time-series into structured input 
tensors with lag features, rolling statistics, and 
temporal embeddings that encode time-of-day and 
day-of-week seasonality signals. Third, an Isolation 
Forest-based anomaly labelling algorithm 
automatically tags abnormal resource consumption 
episodes in the training corpus, enabling supervised 
anomaly classifiers in the ML engine to learn from 
historically verified failure signatures. This 
preprocessing stage significantly improves 
downstream model accuracy compared to pipelines 
that feed raw metrics directly into learning 
algorithms. 

Layer 4 — Hybrid ML Engine (New 
Contribution) This layer constitutes the central 
intellectual contribution of the proposed framework. 
It comprises three cooperating ML models operating 
in parallel. The LSTM workload forecasting model 
processes the engineered time-series tensors to 
predict near-future resource demand with a 
forecasting horizon of 5 to 30 minutes, providing the 
scaling engine with sufficient lead time to pre-
provision capacity before demand materializes. The 
reinforcement learning agent frames resource 
allocation as a Markov Decision Process, learning 
an optimal policy that maps observed system states 
to scaling actions — scale-out, scale-in, or hold — 
by maximizing a composite reward function that 
jointly penalizes SLA violations and excess 
provisioning costs. The ensemble cost optimizer 
combines XGBoost gradient boosting with linear 
regression to predict per-service infrastructure cost 
trajectories under candidate allocation scenarios, 
enabling the decision engine to select the minimum- 

cost allocation that still satisfies performance 
constraints. 

Layer 5 — Intelligent Decision and Orchestration 
Engine This layer translates ML model outputs into 
concrete infrastructure actions executed via cloud 
provider APIs and Kubernetes admission 
controllers. Proactive auto-scaling commands are 
issued to Kubernetes Horizontal Pod Autoscalers 
and vertical node pool managers ahead of forecast 
demand peaks. Resource rightsizing 
recommendations are applied to systematically 
over-provisioned VMs and pods identified through 
cost optimizer outputs. SLA enforcement constraints 
act as hard guardrails, vetoing any scaling action 
predicted to violate agreed response time or 
availability thresholds. All actions are logged back 
to the observability pipeline, closing the continuous 
feedback loop visible on the left side of the block 
diagram. 

Layer 6 — Optimization Outcomes The final layer 
represents the measurable benefits delivered by the 
framework across four dimensions: infrastructure 
cost savings of up to 35% through elimination of idle 
resource waste; SLA compliance consistently at or 
above 99.5% owing to proactive rather than reactive 
scaling; performance improvement through reduced 
tail latency; and near-zero idle resource utilization 
as a direct consequence of precision auto-scaling. 

3.3 Mathematical Formulation 

The proposed framework is formally grounded in 
three mathematical constructs governing its core 
operations. 

Equation 1 — LSTM Workload Prediction 

The LSTM forecasting model predicts future 
resource demand d^t+k at horizon kk k from a 
sliding input window of T historical observations: 

 

 
where xt∈RF is the feature vector of F observability 
metrics at time t, θ denotes the learned LSTM weight 
parameters, and k∈{5,10,…,30} minutes is the 
configurable forecast horizon. 
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Equation 2 — Reinforcement Learning Reward 
Function 

The RL scaling agent maximizes the expected 
cumulative discounted reward Gt defined over an 
infinite horizon: 

 

 
where γ∈(0,1) is the discount factor, Ct is the 
normalized infrastructure cost at time step t, Vt is the 
SLA violation penalty — set to 1 if response time 
exceeds the agreed threshold and 0 otherwise — and 
α,β>0 are tunable weighting coefficients that govern 
the cost-performance trade-off. The agent learns an 
optimal policy π∗(s)=argmaxaQ(s,a) through deep 
Q-network training over simulated cloud 
environment episodes. 

Equation 3 — Composite Resource Allocation 
Objective 

The overall resource allocation problem solved by 
the ensemble optimizer at each decision epoch is 
formulated as a constrained minimization: 

where rj is the number of allocated units of resource 
type j (CPU cores, memory slots, pod replicas), pj is 
the unit cost of resource j, cj is the capacity 
contribution of one unit of resource j toward 
satisfying demand d^t+k, and RTj≤SLAmax 
enforces the response time constraint. This integer 
programming problem is solved approximately in 
real time using the XGBoost-based cost predictor as 
a surrogate model, enabling sub-second allocation 
decisions at production scale. 

 
 

4. Results and Discussion 

4.1 Experimental Setup 

Experiments were conducted across a hybrid cloud 
environment spanning AWS EC2 instances, Google 
Kubernetes Engine (GKE) clusters, and Azure 
serverless functions over a continuous 30-day 
evaluation period. The proposed framework was 
benchmarked against three baseline systems: a static 
provisioning policy, a conventional threshold-based 
autoscaler (CPU > 70% trigger), and a supervised 
ML-only approach without observability 
integration. Performance was assessed across four 
dimensions: infrastructure cost, SLA compliance, 
resource utilization efficiency, and anomaly 
detection accuracy. 

 

 
4.2 Quantitative Results — Table 1: Cost and Performance Comparison 

Table 1: Cost and Performance Comparison Across Methods 

Evaluation over 30-day multi-cloud deployment (AWS + GKE + Azure) 

Method Monthly 
Cost (USD) 

Cost 
Saving 
(%) 

SLA 
Compliance 
(%) 

Avg. 
Latency 
(ms) 

Resource 
Utilization 
(%) 

Idle 
Resource 
(%) 

Static 
Provisioning 

$12,840 — 91.2 310 41.3 34.8 

Threshold-based 
Autoscaler 

$10,220 20.4 94.7 248 57.6 22.1 

ML-only (No 
Observability) 

$9,410 26.7 96.8 198 68.4 14.3 

★ Proposed 

Framework 

$8,350 35.0 99.6 112 89.2 3.1 

 

Table 1 demonstrates that the proposed framework 
achieves the highest cost saving of 35% over the 

static baseline while simultaneously delivering the 
best SLA compliance (99.6%), the lowest average 
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latency (112 ms), and near-zero idle resource waste 
(3.1%). Notably, the ML-only baseline without 
observability integration achieves only 26.7% 
savings and 96.8% SLA compliance, confirming 

that the observability pipeline is not merely 
supplementary but critically enabling to the 
framework's performance. 

 
Table 2: Anomaly Detection Performance Across Techniques 

Evaluated on 6,400 labeled telemetry samples (70% train / 30% test split) 

Detection Technique Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

False Positive 
Rate (%) 

MTTD 
(min) 

AUC-
ROC 

One-Class SVM 74.3 71.8 73.0 18.4 8.2 0.81 

Isolation Forest 81.6 79.4 80.5 12.7 5.9 0.87 

Autoencoder (Deep) 86.2 84.1 85.1 9.3 4.1 0.91 

LSTM (standalone) 88.7 86.5 87.6 7.8 3.4 0.93 

Proposed (LSTM + IF + 
Observability) 

94.8 93.2 94.0 3.4 1.8 0.97 

 

Table 2 confirms that combining LSTM with 
Isolation Forest preprocessing and observability-
enriched telemetry yields the highest anomaly 
detection F1-score of 94.0% and AUC-ROC of 0.97, 
reducing mean time to detection to just 1.8 minutes 
4.4 Graphical Analysis 

— a 78% improvement over One-Class SVM 
baselines. The false positive rate of 3.4% is critically 
low, ensuring SRE teams are not overwhelmed by 
spurious alerts. 

 

 

Figure 2 — Monthly Infrastructure Cost Comparison 

 

Figure 2 visually confirms that the proposed 
framework achieves the lowest monthly 
infrastructure cost at $8,350, representing a $4,490 
absolute saving compared to the static provisioning 

baseline. The progressive reduction across methods 
illustrates the incremental value each intelligence 
layer adds, with the observability-augmented ML 
engine delivering the steepest final reduction. 
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Figure 3 — SLA Compliance and Latency Over 30 Days 

Figure 3 reveals that the proposed framework's SLA 
compliance line stabilizes above the 99.5% target 
from Day 5 onward, as the LSTM model 
accumulates sufficient training history to produce 
reliable forecasts. The threshold-based autoscaler, 
by contrast, exhibits persistent oscillation in both 

SLA compliance and latency, reflecting its reactive 
nature. The proposed framework's latency curve 
shows a steady downward trend, reaching 112 ms by 
Day 30 — a 64% improvement over the threshold 
baseline's 310 ms average. 

 

Figure 4 — Resource Utilization Efficiency 

 

Figure 4 demonstrates consistently superior 
resource utilization across all four infrastructure 
dimensions — CPU, memory, network I/O, and 
storage IOPS — for the proposed framework. The 
static provisioning baseline achieves only 38–43% 
utilization across all categories, indicative of severe 

over-provisioning. The proposed framework 
achieves utilization rates exceeding 87% in all 
categories, representing a near-doubling of 
efficiency compared to the static baseline and 
leaving minimal headroom for waste. 
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Figure 5 — Anomaly Detection F1-Score and False Positive Rate 

Figure 5 presents a bubble scatter plot positioning 
each technique by its F1-score (vertical axis) against 
its false positive rate (horizontal axis), with bubble 
size encoding AUC-ROC. The proposed framework 
occupies the ideal top-left zone — highest F1 at 
94.0% combined with the lowest false positive rate 
of 3.4% — making it decisively superior across both 
dimensions simultaneously. This confirms that 
enriching LSTM-based detection with Isolation 
Forest preprocessing and observability telemetry 
does not trade precision for recall, but genuinely 
improves both. 

4.5 Discussion 

The experimental results collectively validate all 
four hypotheses implicit in the abstract. First, the 
integration of ML with observability telemetry 
delivers materially superior outcomes compared to 
either component deployed in isolation, as 
evidenced by the performance gap between the ML-
only baseline (26.7% savings, 96.8% SLA) and the 
full proposed framework (35% savings, 99.6% 
SLA). Second, the LSTM forecasting model's 
progressive improvement over the evaluation 
window — visible in Figure 2's steadily stabilizing 
SLA curve — confirms that temporal telemetry data 
accumulates predictive signal that benefits from 
continued training. Third, the reinforcement 
learning agent's joint optimization of cost and SLA, 
formalized in Equation 2, successfully prevents the 
cost-performance trade-off that plagues simpler 
optimization approaches. Fourth, the preprocessing 
pipeline's Isolation Forest labelling step 
demonstrably reduces false positive rates from 
18.4% to 3.4%, substantially reducing alert fatigue 
in operational deployments. 

One limitation of the current framework is its warm-
up period of approximately five days before the 
LSTM model achieves peak forecasting accuracy, 
during which SLA compliance remains slightly 
below the 99.5% target. Future work will investigate 
transfer learning initialization strategies to reduce 
this bootstrapping period. Additionally, while the 
framework was validated across three major cloud 
providers, further evaluation on specialized edge-
cloud and fog computing environments represents a 
meaningful extension of this research. 

 

 
Conclusion 

This paper presented an intelligent cloud resource 
management framework that integrates machine 
learning algorithms with full-stack observability 
tools to achieve simultaneous cost reduction and 
performance optimization across multi-cloud 
environments. The proposed architecture, 
comprising a six-layer pipeline encompassing real-
time telemetry collection, intelligent preprocessing, 
hybrid ML-driven decision-making, and automated 
orchestration, demonstrated compelling 
improvements over all evaluated baselines. 
Experimental results confirmed a 35% reduction in 
monthly infrastructure costs, SLA compliance 
exceeding 99.5%, average latency reduction to 112 
ms, and near-elimination of idle resource waste, 
validating the central thesis that observability-
enriched telemetry fundamentally amplifies the 
effectiveness of machine learning-based resource 
governance. The hybrid ML engine, combining 
LSTM workload forecasting, reinforcement 
learning-based scaling policy optimization, and 
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ensemble cost prediction, proved particularly 
effective in adapting to sudden traffic spikes and 
non-stationary workload patterns that consistently 
defeat conventional threshold-based autoscalers. 
The anomaly detection pipeline achieved an F1-
score of 94.0% and AUC-ROC of 0.97, substantially 
reducing operational alert fatigue. Future research 
will explore transfer learning initialization to 
eliminate the framework's warm-up period, extend 
evaluation to edge-cloud and fog computing 
environments, and investigate federated learning 
strategies for privacy-preserving telemetry sharing 
across organizational boundaries. 
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