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  Why delay performance is important? 
  “WHAT??!! He is stuck in the 

air!! !$*(&#%*!(!” 

  “You must be kidding me! 
Buffering at such an important 
moment!!??”�
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  We may have multiple delay-sensitive wireless 
applications running at different devices 

Keep track of a game�

Play mulI‐player game �

Keep talking to 
some friends �
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  OFDMA Joint Power and Subband Design for PHY 

Performance 

[Yu’02], [Hoo’04],[Seong’06], etc. 
–  Selects the strongest user per subband 
–  Time‐Frequency Water‐filling Power AllocaIon 
–  Assuming knowledge of perfect CSIT. 

[Lau’05], [Wong’09], [Brah’07] etc. 
–  Robust  Power  and  Subband  Control  with  limited 

feedback or outdated CSIT (packet errors). �
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  Challenges to incorporate QSI and CSI in adaptation 

When Shannon meets Kleinrock… �

Claude Shannon � Leonard Kleinrock�
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  Various approaches dealing with delay problems 

Buffer 
State s 

To regulate the buffer state 
towards 1/v 

S<1/v  S>1/v 

v  ‐v 
Buffer ParNNoning 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  Various approaches dealing with delay problems 
Approach II [Yeh’01PhD], [Yeh’03ISIT] 

‐ Symmetric and homogeneous users in mulI‐access fading channels 

‐ Using stochasNc majorizaNon theory, the authors showed that the 
longest queue highest possible rate (LQHPR) policy is delay‐opImal �

A 

B 
Capacity region 

Longer queue 
for user 1 

higher rate 
for user 1 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  Various approaches dealing with delay problems 
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  Various approaches dealing with delay problems 
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Uplink OFDMA System Model�



H

OFDMA PHY Model�
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  OFDMA Physical Layer Model 
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be displayed. Your 
computer may not 
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BS�
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G‐MAP 
Packets 

YouTube 
Packets 

CSI�

QSI�

Cross Layer  
Controller 

(BS) 

PHY State 

MAC Layer 

G‐MAP 
Packets 

PHY Layer 

Power & 
SubbandAllocaNon 

Ime�

Packet Arrivals 

PHY Frames 

scheduling Nme slot 
  Channel is quasi‐staNc in a slot 
  i.i.d. between slots 

MAC State 

YouTube 
Packets 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  Time domain partitioned into scheduling slots 

  CSI H(t) remains quasi-static within a slot and is i.i.d. 

between slots 

  Packet arrival A(t)=(A1(t) ,…,AK(t))  where Ak (t) i.i.d. 

according to a general distribution P(A). 

  Nk(t) denotes the random packet size, i.i.d. 

  Qk(t) denotes the number of packets waiting in the k-th 

buffer at the t-th slot.  

  Global System State (CSI, QSI) Total number of bits  
Transmi`ed in the t‐th slot 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 Stationary Power and Subband Allocation Control Policy 

  A mapping             from the system state   to a power 

and subband allocation actions.    

(Power Constraint) 

(Subband Allocation Constraint) 

(Packet Drop Rate Constraint) 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 Definitions: Average Delay, Power and Packet Drop Constraints 

under a control policy  

Li`le’s Law: average no. of packets=average arrival rate *average delay 
the average delay (in terms of seconds)         the average queue length
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Problem Formulation: Find the optimal control policy    that minimizes  

“PosiIve WeighIng Factor”  

Pareto OpImal delay boundary 

  Why the Optimization Problem is difficult? 
–  Huge dimension of variables involved  

 (policy = set of acIons  over all system state realizaIons) 
–  K queues are coupled together  ExponenIally Large State Space 
–  In general, we cannot have explicit closed‐form expression of how the 

objecIve funcIon (average delay) is related to the control variables 
(policy). 

–  The problem is not convex 

Solution: Markov Decision Problem (MDP) 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  Specification of an Infinite Horizon Markov Decision Problem 

–  Decisions are made at points of Nme – decision epochs 

–  System state and Control AcNon Space: 

–  At the t‐th decision epoch, the system occupies a state           

–  The controller observes the current state and applies an acIon  
–  Per‐stage Reward & TransiNon Probability 

–  By choosing acIon           the system receives a reward     

–  The system state at the next epoch is determined by a transiIon 
probability kernel 

–  StaNonary Control Policy:  
–  The set of acIons for all system state realizaIons  

–  The OpNmizaNon Problem: 

–  Average Reward  
–  OpImal Policy 

R
∗ = max

π
lim

T→∞

1
T

E
[

T∑

t=1

R(St, At)

]
At = π(St)



  Solution of an Markov Decision Problem 

  Optimal average reward 

  Optimal policy (Fixed Point Problem on Functional Space) 

Overview of Markov Decision Problem Formulation �
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Constrained Markov Decision Problem Formulation �
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Lagrangian approach to the Constrained MDP: 

CMDP Formulation: Find the optimal control policy    that minimizes  
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  Infinite Horizon Average Reward MDP 

  Given a stationary control policy   ,  

he random process    evolves like a Markov Chain  

with transition kernel: 

  Solution is given by the “Bellman Equation” 

“PotenIal funcIon” (contribuIon of the state i to the average reward) 

“OpImal Value”                       EquaIons and           
              unknowns 



  Centralized Solution ? 

  Obtain knowledge of global QSI from K users (Uplink)? 

  Heavy signaling loading to deliver these QSI from mobiles to BS 

  Must have distributive solution ! 

Optimal Solution – Online Learning �
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  How to determine the potential function ?  

  Brute-Force solution of the Bellman Equation ? (Value Iteration): 

  Too complicated, exponential complexity and memory requirement 

  Online stochastic learning ! 

  Iteratively estimate potential function based on real time 

observation of CSI and QSI – online value iteration 

Per-user Potential and LMs Initialization 

Online Policy Improvement Based on Per-subband Auction 

Online Per-user Potential and LMs Update [Local CSI, Local QSI] 

Termination 

  Distributive Solution: 
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  Online Per-user Primal-Dual Potential Learning Algorithm via 

Stochastic Approximation 

Remark (Comparison to the deterministic NUM)  
Deterministic NUM: IteraIve updates are performed within the 
CSI coherence Ime  limit the number of iteraIons and the 
performance. 
Proposed online algorithm: IteraIve updates evolves in the same 
Ime scale as the CSI and QSI converge to a be`er soluIon (no 
longer limited by the coherence Ime of CSI). 

Both the per-user potential and 2 LMs 

are updated simultaneously. 

New Observation at 
the beginning of the 
(l+1)-th slot
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  Per-stage auction with K bidders (MSs) and one auctioneer 

(BS) 

  Low complexity Scalarized Per-Subband Auction 

  Bidding: Each user submits a bid  

  Subband allocation:  

  Power allocation: 

  Charging: 

  Lemma: The per-stage social optimal scalarized bid 

(CSI,QSI) is 
Water‐level depends on QSI (via potenIal funcIon) 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Theorem (Convergence of online per-user learning) Under 

some mild conditions, the distributive learning converges 

almost surely. 

Theorem (Asymptotically Global Optimal) For large K, the 

online per-user learning algorithm is asymptotical global 

optimal, and the summation of the per-user potential 

approaches (w.p.1) to the solution of the centralized 

Bellman equation. 

Remark (Comparison to conventional stochastic learning)  
Conventional SL: (1) for unconstrained MDP only  or LM for CMDP are 
determined offline by simulaIon; (2) designed for centralized soluIon with 
control acIon determined enIrely from the potenIal update  
Convergence Proof based on standard “contrac(on Mapping” and Fixed‐
Point Theorem argument. 
Proposed SL: (1)  simultaneous update of LM and the potenIal funcIon; 
(2) control acIon is determined by all the users’ potenIal via per‐stage 
aucIon  per‐user potenIal update is NOT a contrac(on mapping & 
standard proof does not apply. 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Average Delay per user vs SNR 

Close‐to‐opImal performance 
even for small number of users 

Huge gain in delay performance  
compared with Modified‐
Largest Weighted Delay First 
(M‐LWDF) , which is the queue 
length weighted throughput 
maximizaIon. 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Average Delay per user vs No. of users 

The distribuIve soluIon has 
huge gain in delay performance  
 compared with 3 Baselines. 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Illustration of convergence property: 
Potential function vs. the scheduling slot index (K=10) 
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Online Per-user Learning: 
Simultaneous update of LMs and Potentials.  
Almost sure convergence 

Asymptotically Global Optimal for large K 

Optimal Strategy for the Auction Game: 
Delay-Optimal Power Control: Multi-Level Water-Filling   
(QSI water level; CSI instantaneous allocation) 
Delay-Optimal Subband Allocation: User selection based on (QSI,CSI) 
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