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ADVANCING THE SOTA OF RAN 

CONTROL FRAMEWORKS 

o So far: Main focus on sophisticated 
mechanisms. 

 

o Next step: Robust and proactive 

scaling of slices  based on triggers. 

 

o Triggers are: 

o Scalable. 

o Universal – applicable in 

HetNets. 

o Capable of quantifying 

uncertainty. 

 



INFORMATION-DRIVEN TRIGGERS – 

THE ENABLER OF DYNAMIC SLICING. 

o Proper triggers require sophisticated observation 

points/models that are: 

o Computationally lightweight. 

o Provide information-effective representations of the 

network state and its variability. 

o Decentralized / distributed for serving short-term / 

long-term control loops. 

o Offloading observability processes to the networks 
reduces the monitoring overhead significantly *. 

* John, Wolfgang, Catalin Meirosu, Bertrand Pechenot, Pontus Sköldström, Per Kreuger, and Rebecca Steinert. "Scalable software defined 

monitoring for service provider devops." In Software Defined Networks (EWSDN), 2015 Fourth European Workshop on, pp. 61-66. IEEE, 2015. 

Local data sources 

(counters, estimates) 

Composite models (aggregates, 
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Logically centralized control 

 

Programmable infrastructure w. local observability points/triggers 

Management framework w. triggers 

Aggregated high-level composite models 
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DISTRIBUTED OBSERVABILITY. 
Kreuger, Per, and Rebecca Steinert. "Scalable in-network rate monitoring." In Integrated Network 

Management (IM), 2015 IFIP/IEEE International Symposium on, pp. 866-869. IEEE, 2015 
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EXAMPLE – THE HIDDEN ISSUE OF  

5 MIN SNMP AVERAGES. 

Measurements 

over  a 1 Gb link. 
 

All good… 

Kreuger, Per, and Rebecca Steinert. "Scalable in-network rate monitoring." In Integrated Network Management (IM), 2015 IFIP/IEEE 

International Symposium on, pp. 866-869. IEEE, 2015. 



SURPRISE - PERSISTENT RISK OF  

LINK OVERLOAD. 

Fig. 5: Time series of 5 m averages over one day from 15-24 on the
heavily loaded 1 G link (top), and estimates of the risk of exceeding
link capacity over consecutive periods of 5 m, and 0.3 s respectively.

TABLE II: Detection rates for naive congestion detector.

threshold 5 m 0.3 s
t = 0.01 true positive false positive true negative hit miss

t /15 72 23 9 1184 17

t /10 69 11 24 1180 21

t /5 49 6 49 1088 113

correctly predicted absence of congestion at 0.3 s during the
following 5 m period. The “hit” and “miss” columns indicate
how many of the “ true” 0.3 scongestions thedetector captured.

We can see that even this relatively naive mechanism has
a fairly impressive hit rate. For example, a threshold of one
tenth of the “ true” 0.3 s threshold at the 5 m level, the detector
captures 1180 out of 1201 “ true” 0.3 s congestions, or 98.3%.
The main problem with this simple mechanism is the amount
of high rate monitoring required to find the true positives. Still,
this simple assessment clearly indicates the potential for using
the estimates derived at lower time resolutions as predictors

for higher rate events.
IV. CONCLUSION AND PERSPECTIVE

We have proposed a generic local and scalable approach
to traffic rate monitoring based on high rate updates of two
counters in the data plane for recording the first and second
statistical moments of each observed rate. The moments are
used to estimate the parameters (using a MoM estimator) of a
lognormal distribution at predefined and/or variable intervals.
Different aspects of the method have been evaluated using
real-world data sets. We have verified that the data can be
fitted using a lognormal distribution, compared the estimation
accuracy relative to observations at different time scales and
tested a naive probabilistic method for detecting increased
risk of congestion on a link using probabilistic thresholds on
properties of the estimated distributions.

Analysis of the percentiles of estimates obtained at low
rates shows clear potential for methods for autonomously
and robustly detecting high risk of congestion. Future work
includes development of a more robust detector based on
adaptive probabilistic thresholds, and extension of the study
to less aggregated flows, and shorter time scales.
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Measurements 

over  a 1 Gb link. 
 

All good… NOT! 

Kreuger, Per, and Rebecca Steinert. "Scalable in-network rate monitoring." In Integrated Network Management (IM), 2015 IFIP/IEEE 

International Symposium on, pp. 866-869. IEEE, 2015. 
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Measurements 

over  a 1 Gb link. 
 

All good… NOT! 
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For the sake of scalability and observability: 

 

 

THOU SHALT NOT MEASURE CENTRALLY. 

 

THOU SHALT MEASURE LOCALLY. 



TRIGGER: RAW SIGNAL STRENGTH  

VS ESTIMATED ATTAINABLE THROUGHPUT. 
Rao, Akhila, and Rebecca Steinert. "Probabilistic multi-RAT performance abstractions." (2018). 

LTE 

Wifi 

Signal strength Throughput Throughput distribution 



TRIGGER: RAW SIGNAL STRENGTH  

VS ESTIMATED ATTAINABLE THROUGHPUT. 
Rao, Akhila, and Rebecca Steinert. "Probabilistic multi-RAT performance abstractions." (2018). 

LTE 

Wifi 

Signal strength Throughput Throughput distribution 

o Probability of fulfilling an SLO related to throughput 

requirements. 

 

o RAT-agnostic representation by conditional probabilities 

for decision making and less monitoring overhead. 

 

o Significantly reduced control signalling (due to 

handovers) and tamed control over the tolerated 

amount of performance violations. 

 



OBSERVABILITY FOR RESOURCE COORDINATION. 

Serving 

cell A 

(LTE) 
Serving 

cell B 

(WiFi) A client with SLO: 

Minimum 12 Mbit 

throughput at 90% 

of the session  

duration. 

Controller 

? 

Local 

estimate 

of attainable  

throughput 

Serving  
Cell 

Attainable  
throughput 
estimate 

Serves  
client 

A P(est. TP >= 12) = 73%   

B P(est. TP >= 12) = 95% X 

Policy 

enforcement:  

Processing and 

decision making 

Rao, Akhila, and Rebecca Steinert. "Probabilistic multi-RAT performance abstractions." (2018). 



CHALLENGES AND OPPORTUNITIES FOR RAN SLICING. 

Unified representation of heterogeneous RATs 

User/service-specific  

triggers for SLA/SLO 

Proactive adaptive 

control loops 

Grand challenges 

Improved  

resource utilization. 

 

Improved 

service reliability and 

quality; 

 

More clients and 

subscribers and profit. 

Opportunities 

ML & AI for networks Network intelligence 

Develop learning distributed systems 

Gains 



FINAL THOUGHTS. 

o Programmability and virtualization enables flexible observability. 

 

o Advancements of ML at scale and computational capabilities paves 

the way for novel observability processes at different scales. 

 

o Increased synergies between the telecom industry and open source 

communities is likely to accelerate development towards high-
granular dynamic RAN-slicing. 



THANKS FOR LISTENING. 


