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VISION FOR 5G COMMUNICATIONS 

BACKGROUND 2 

[https://www.qorvo.com/design-hub/blog/getting-to-5g-comparing-4g-and-5g-system-requirements] 

NETWORK ANALYTICS “Network Data Analytics Function” 
(3gpp) 
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VISION FOR INTELLIGENT WIRELESS NETWORK 

BACKGROUND 3 

[https://www.qualcomm.com/media/documents/files/making-ai-ubiquitous.pdf] 

Hybrid approach to unleash next-generation wireless “network intelligence” 

Central location to coherently train 
models 

Trained models at the network edge 

Sub-6 GHz 

mmWave 

Base Station (BS) 

User Equipment (UE) 



Ph.D. Defense  Faris B. Mismar 11/22/19 

MOTIVATION: DEEP LEARNING IN COMMUNICATIONS 

BACKGROUND 4 

§  Incremental changes in radio resource management (RRM) algorithms 

§  Desire for fully autonomous self-organizing networks (SON) 

o  industry standards still prefer “legacy” algorithms despite successive evolutions 

o  operators are under constant pressure to reduce operational expenditure without 
impacting performance 

Long training times and high implementation complexity pose significant challenges 

[3gpp15] & [3gpp18] 

[Zappone19] 

§  Absence of accurate mathematical formulations 
o  data-driven approaches using ray-tracing datasets or field-measurements [Zappone19] 
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CONTRIBUTIONS 
§  How to improve next-generation wireless networks system performance? 
 

CONTRIBUTIONS 

 disrupt the legacy industry standards to boost reliability and eliminate performance bottlenecks 

Predictive Band Switching Intelligent Coordinated 
Multipoint 

Beamforming, Power Control and 
Interference Coordination 

Contribution 2 Contribution 3 Contribution 1 

PHY perspective RRM perspective 

Improve user rates 

RRM: radio resource management layer PHY: physical layer 

5 

Contributions are on the downlink (BS to UE) 

BS: Base station   UE: user equipment.      
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JOINT BEAMFORMING, POWER CONTROL, AND 
INTERFERENCE COORDINATION 

Related publications: 
[1]. F. B. Mismar, B. L. Evans and A. Alkhateeb, “Deep Reinforcement Learning for 5G Networks:  Joint Beamforming, Power Control, and  
Interference Coordination,” IEEE Transactions on Communications, submitted Jun. 28, 2019 and resubmitted Sep. 21, 2019 and Nov. 8, 2019.   

[2]. F. B. Mismar and B. L. Evans,  “Q-Learning Algorithm for VoLTE Closed-Loop Power Control in Indoor Small Cells,” Proceedings of the 52nd 
Annual Asilomar Conference on Signals, Systems, and Computers, Oct. 2018. 

Contribution 1 

Discussed in the PhD Qualifying Exam and Included in the PhD Dissertation 

6 
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§  User served by a base station receives interference from neighboring base station 
§  Base station serving the user causes interference to other users 

BACKGROUND 

7 CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 

q Problem 

q Parameters 

q Goal 

q Approach 

§  Maximize the signal to interference plus noise ratio (SINR) from serving base station to user 

§  Beamforming (BF) to create a virtual sense of a user-specific channel for data 
§  Power Control (PC) to control the transmit power of the serving BS towards a user 
§  Interference Coordination (IC) to control the transmit power of the neighboring BSs 
§  User spatial coordinates 

§  Perform binary encoding of BF, PC, and IC actions to enable joint actions 
§  If SINR of all users improve, then reward actions.  This resolves the race condition 
§  Compare proposed solution with optimal solution 
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SYSTEM MODEL 

CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 

q Multi-user downlink system 
§  Multi-cell environment with single-antenna users 
§  L total dual-band base stations 
§  Uniform linear array (ULA) antennas (M) 
§  Power control for all users 
§  Codebook analog beamforming for mmWave data 
§  More power control commands for sub-6 GHz voice 

q Narrow-band geometric channel model 

array response vector 

angle of departure 

channel path p gain 

q Beamforming vector 

[Alkhateeb14] 

•  suitable for both sub-6 and  
mmWave propagation 
•  smaller number of paths  

at mmWave (sparse) 
h`,b =

p
M

⇢`,b

Np
`,bX

p=1

↵p
`,ba

⇤
⇣
✓p`,b

⌘

<latexit sha1_base64="irEbEhItAVC7QD1SY/0b2qsxok0="></latexit>

y` = h⇤
`,`f`x` +

X

b 6=`

h⇤
`,bfbxb + n`

<latexit sha1_base64="5Cc2WzBxiaxbcM/TtTWqrSAbtP0="></latexit>

q Signal model for the user 
served by the  -th BS: 

Gaussian noise 

Inter-cellular interference 

fn := a(✓n), n 2 {b, `}
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q Received SINR for the user 
served by the  -th BS: 

n` ⇠ Normal(0,�2
n)
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MOTIVATION AND PROBLEM FORMULATION 
q  Improve SINR through joint power control, interference coordination, beam selection 

9 CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 

How can we reduce the complexity? 

q Baseline solution for voice is obtained from fixed power allocation with adaptive coding 
q Optimal solution (upper bound) for data is found through a brute force over all 

q  beam patterns 
q  power commands for the BSs 

q Run-time complexity of              for M antennas and L base stations. 

Set of power (and interference coordination) commands 

Set of beamforming vectors (where applicable) 

Target SINR value beamforming vector of the j-th user 

received SINR of the j-th user 

maximize
PTX,j [t], 8j

fj [t], 8j

Y

j2{1,2,...,L}

�j [t]

subject to PTX,j [t] 2 P, 8j,
fj [t] 2 F , 8j,

�j [t] � �target
<latexit sha1_base64="h5jaPpnPFZu24NP+em73bHBUU5o="></latexit>

O(ML)
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minimize
✓t

Lt(✓t) := Es,a

⇥
(yt �Q⇡(s, a;✓t))

2
⇤
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SOLUTION 

q Deep Reinforcement Learning 
1.  Create an environment from the system model 
2.  Create a joint reward 
3.  Reward the agent for every time the SINR improves. 

10 CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 

q Use deep Q-network (DQN) as an estimator for state-action value function 
1.  Greedy policy  
2.  Train the DQN using minibatch samples to minimize the loss function: 

yt := Es0 [rs,s0,a + �max
a0

Q⇡(s
0, a0;✓t�1) | st, at]
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state-action value function 

DQN vectorized  
weights 

estimated state-action value function 

⇥
<latexit sha1_base64="RncGWvH/oJJjnRMkTMGLjLMFwzo="></latexit>

Q⇡(·)
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discount rate 

rs,s0,a[t; q]
<latexit sha1_base64="7NBJYimS5q3F4KSVBxIPrvhRim0="></latexit>

Bearer selector 

reward 

Can an 𝜺-greedy policy do better? 
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SOLUTION (L = 2) 

q  Joint beamforming, power control, and interference coordination (JB-PCIC) encoding 

q Reward function 

bearer selector 

rs,s0,a[t; q] := rmin
<latexit sha1_base64="Is+CqDgWiU4A/+qmFa+mHp7DnKk="></latexit>

if any constraint in problem formulation becomes inactive. 

rs,s0,a[t; q] := rs,s0,a[t; q] + rmax
<latexit sha1_base64="lIk8GkXBNjguH7PxCFWtU9TNwBc="></latexit>

if the target SINR is achieved. 

P = {�3,�1, 1, 3}
<latexit sha1_base64="1Wq8YTOCyAQytc7ZpNIErk7rIIA="></latexit>

0: step down beamforming codebook  
1: step up beamforming codebook 

enables up to 16 simultaneous actions for voice and 16 for data 

voice 

data 

Bitwise AND, masking, and shifting 

q States 

P = {�1, 1}
<latexit sha1_base64="KDqa3Da/Q75JkC3TP+t5F6hq00o="></latexit>

A total of 8 states 

CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 

p(00) = �3, p(01) = �1, p(10) = 1, p(11) = 3
<latexit sha1_base64="Tilyot/sKig5Ru7dAHfCSrbeeVo="></latexit>

string of bits in a register   a
<latexit sha1_base64="WnhnFEgjWq6UK7tjEIrdtLpNWGk=">AAACNnicbVDLSgMxFM3UV61vBTdugkVwUcrUio9dwY1LBWuLbSlJeqcNTTJDkhHL0L9wq9/hr7hxJ279BDNjEWs9EDg5957cm0MjwY31/VcvNze/sLiUXy6srK6tb2xubd+aMNYM6iwUoW5SYkBwBXXLrYBmpIFIKqBBhxdpvXEP2vBQ3dhRBB1J+ooHnBHrpLu2JHZAg4SMu5tFv+xnwLOkMiFFNMFVd8vbbfdCFktQlgliTKviR7aTEG05EzAutGMDEWFD0oeWo4pIMJ0kW3mMD5zSw0Go3VEWZ+pvR0KkMSNJXWe6ovlbS8X/aq3YBmedhKsotqDY96AgFtiGOP0/7nENzIqRI4Rp7nbFbEA0YdalNDWFUjmeFmQpjvoaYOiexQF/wNkFC7CpGXOFaSh6WZLnKU5+cpslt0flSrVcvT4u1kqTTPNoD+2jQ1RBp6iGLtEVqiOGFHpET+jZe/HevHfv47s15008O2gK3ucXQdWrfQ==</latexit>

0 3 

➔

Bearer selector 

rs,s0,a[t; q] :=

✓
p(a[0,1][t])� p(a[2,3][t])

◆
(1� q)+

✓
�
a[0][t],a[3][t]
b + �

a[1][t],a[2][t]
`

◆
q

<latexit sha1_base64="nzNq32KfRakUwTVbwb3xVJvrbF4="></latexit>
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SIMULATION 

JB-PCIC algorithm achieves upper bound on performance but without exhaustive search in action space 
 

CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 

Deep Reinforcement Learning Hyperparameters 
Communication System Parameters 
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SUMMARY 

Optimize users’ received SINR 
1.  Voice bearers 

II.  Data bearers 

CONTRIBUTION 1: JOINT BEAMFORMING AND POWER CONTROL 13 

•  Perform power control for the serving cell  
•  Coordinate transmit power for the other cells 
•  Voice uses adaptive coding 

•  Perform power control for the serving cell 
•  Coordinate transmit power for the other cells 

•  Exponential in number of base stations 
•  Uses brute force 

•  Uses deep reinforcement learning 
•  Encoding to facilitate joint actions 
•  Avoids exhaustive search in the action  

space 

Proposed 

Optimal 
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IMPROVED DOWNLINK COORDINATED 
MULTIPOINT PERFORMANCE 

Contribution 2 

Related publications: 
[1]. F. B. Mismar and B. L. Evans, “Deep Learning in Downlink Coordinated Multipoint in New Radio Heterogeneous Network,” IEEE Wireless 
Communications Letters, vol. 8, no. 4, pp. 1040-1043, Aug. 2019. 

[2]. F. B. Mismar and B. L. Evans, “Machine Learning in Downlink Coordinated Multi-point in Heterogeneous Networks,” Technical Report,  
Feb. 2019. [Online]. arXiv:1608.08306. 

14 
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BACKGROUND 

15 CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

§  Industry implementations trigger coordinated multipoint (CoMP) based on user SINR 
§  This yields low user throughput 

q Problem 

q Parameters 

q Goal 

q Approach 

§  Develop triggering function to improve the user throughput 

§  Block Error Rate (BLER) target for codeword reception error  
§  Channel State Information (CSI) to help derive transmission rank 

§  Train a classifier to learn the relationship between the reported measurements and the BLER 
§  If a user is predicted to have a BLER lower than the target, configure rank-2 transmission 
§  Compare with SINR-based trigger 
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SYSTEM MODEL 

CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 16 

q Multi-user downlink system 
§  Multi-cell environment with multiple-antenna users 
§  Small cells scattered in the service area 
§  Macro cells and small cells can form a distributed MIMO 

channel with     transmit antennas 
§  Zero-Forcing (ZF) receiver at the user end 

distributed MIMO channel (both large- and small-scale gain) 

Gaussian noise 

q  The received SNR for the  -th user at the  -th antenna 

[Tse05] 

q Signal model for the  -th user (narrowband): i
<latexit sha1_base64="gxqRfh49VO9NTVQDVS6UbWhMqG8=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZqQvdiAU3LluwD2hLyaR32tAkMyQZsZR+gVv9Aj/ApV8iIohbf8NM24VtvRA4Oeee3JvjR5xp47qfTmpldW19I72Z2dre2d3L5vZrOowVhSoNeagaPtHAmYSqYYZDI1JAhM+h7g9uEr1+D0qzUN6ZYQRtQXqSBYwSY6kK62TzbsGdFF4G3gzkr98yV9HLR6bcyTmHrW5IYwHSUE60bnpuZNojogyjHMaZVqwhInRAetC0UBIBuj2abDrGJ5bp4iBU9kiDJ+xfx4gIrYfCt52CmL5e1BLyP60Zm+CyPWIyig1IOh0UxBybECffxl2mgBo+tIBQxeyumPaJItTYcOam+L4YzxPiLI56CmBgn8UBe8CTC+ZgEjNmEvsh79okvcXclkGtWPDOC8WKmy8V0bTS6Agdo1PkoQtUQreojKqIIkCP6Ak9O6/Ou/PlfE9bU87Mc4Dmyvn5BULJqmU=</latexit>

i
<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit>

j
<latexit sha1_base64="85EwKPgo/WiBgjuG8Xvxnkj8Qoo=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZqQVdFty4bME+oB1KJr3TxiaZIcmIpfQL3Op3+DUuBHHrb5hpu7CtFwIn59yTe3OCmDNtXPfTyWxsbm3vZHdze/sHh0f5wnFTR4mi0KARj1Q7IBo4k9AwzHBoxwqICDi0gtFdqreeQGkWyQczjsEXZCBZyCgxlqo/9vJFt+TOCq8DbwGKaFG1XsE57fYjmgiQhnKidcdzY+NPiDKMcpjmuomGmNARGUDHQkkEaH8y23SKLyzTx2Gk7JEGz9i/jgkRWo9FYDsFMUO9qqXkf1onMeGtP2EyTgxIOh8UJhybCKffxn2mgBo+toBQxeyumA6JItTYcJamBIGYLhPiKokHCmBkn8Uhe8azC+ZgUjNmEgcR79skvdXc1kGzXPKuS+V6pVitLDLNojN0ji6Rh25QFd2jGmogigC9oFf05rw7H86X8z1vzTgLzwlaKufnFx8Rpzs=</latexit>

ZF receiver enhanced noise power 

energy per symbol 

nt
<latexit sha1_base64="7npToY72Cw/3WiYG43Ggau1gmk8=">AAACL3icbVDLSgMxFM3U97tVcOMmWAQXUmaqoMuCG5eKVoVaSia904YmmSG5I5bST3Cr3+HXiBtx61+YGWdhWy8ETs65J/fmhIkUFn3/wyvNzS8sLi2vrK6tb2xulSvbtzZODYcmj2Vs7kNmQQoNTRQo4T4xwFQo4S4cnGf63SMYK2J9g8ME2or1tIgEZ+ioa93BTrnq1/y86CwIClAlRV12Kt7uQzfmqQKNXDJrW4GfYHvEDAouYbz6kFpIGB+wHrQc1EyBbY/yXcf0wDFdGsXGHY00Z/86RkxZO1Sh61QM+3Zay8j/tFaK0Vl7JHSSImj+OyhKJcWYZh+nXWGAoxw6wLgRblfK+8wwji6eiSlhqMaThDpKk54BGLhnaSSeaH6hEjAzU6FpGMuuSzKYzm0W3NZrwXGtfnVSbdSLTJfJHtknhyQgp6RBLsglaRJOeuSZvJBX78179z69r9/Wkld4dshEed8/6eSoJA==</latexit>

number of receive antennas 

q  The received power for the  -th 
user at the  -th antenna: 

i
<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit>

j
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q  The received reference symbol 
power (RSRP) for the  -th user: i

<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit>

UE received power measured  
at the first antenna 

number of subcarriers in a resource block 

q  The codeword block error rate 
(BLER) for the  -th user: 

number of resource blocks 

�i := 1�
nsY

j=1

(1� �j,i)

<latexit sha1_base64="jWLxtPVVHMe4oEI4VKu9xKp8fq4="></latexit>

i
<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit>

BLER for the codeword transmitted to the 
j-th antenna 

ri =

r
Es,i

nt
Hisi + vi

<latexit sha1_base64="dPmNsRy5ywCLpLKkDTXvISOM0q0="></latexit>

�(i)
j =

P (i)
BS

nt�2
ṽ

/[H⇤
iHi]

�1
j,j , j = 1, . . . , ns := min(nr, nt)

<latexit sha1_base64="n21+byL4A3LacQU0Vm+Wzes32uk="></latexit>

P (i)
UE,j := �2

ṽ�
(i)
j =

P (i)
BS

nt
/[H⇤

iHi]
�1
j,j , j = 1, . . . , ns

<latexit sha1_base64="YWd2gkStMSLlM4As091e36O9JIQ="></latexit>

P (i)
RS = P (i)

UE,j=1

�
(NSCNPRB)

<latexit sha1_base64="ExdeZ2MZ68WXj/60Ic/19ukN/4M="></latexit>
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Re↵ =
X

i

Re↵
i := (1� �i)nsB log2(1 + �i)

<latexit sha1_base64="XPjO2dwbf9p5Po1Swk515sLQcZY="></latexit>

MOTIVATION AND PROBLEM FORMULATION 
q  Industry approach is to use the users’ reported CSI to determine proper transmission rank 
q  BLER increases as the transmission rank increases 

•  Throughput decreases as BLER increases 
•  Throughput increases as transmission rank increases, assuming decorrelated transmission streams 

17 CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

bandwidth 

effective rate of the i-th UE 

q How to optimize this group of conflicting variables? 

Can a dynamic data-driven approach help? 

q Answer: main idea: 
•  When the BLER is low, try to increase the transmission rank, if the 

second spatially decorrelated stream (i.e., rank-2) is possible. 
•  Otherwise, default to a rank-1 transmission. 

Users report a “quantized” SNR value known 
as the channel quality indicator (CQI) 

CSI: Channel State Information BLER: Block Error Rate 
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D[t] = argmax
y

fy(y[t])
<latexit sha1_base64="ecdxADrrkYFmlZnf75ldKbyZXoI="></latexit>

18 CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

q Simplify the problem to rank-2 MIMO channel and build a binary classifier 

q For the binary classifier: 
•  Labels are a function of the BLER meeting the standard threshold 
•  Use standard-compliant CSI as learning features that help define the transmission rank 

q  Invalidate the learned model after the channel coherence time passes. 

q Coordinated Multipoint (CoMP) trigger function: 

CoMP trigger (MIMO), based on the majority of votes 

a frequency function: percentage of y=0 and y=1 samples (i.e., an empirical probability): 

Standards-Compliant 

a machine learning function 

Proposed 

uses SINR as a measure of decorrelation 
CSI reported by the i-th user 

ŷi[t] := surrogate(xi[t])
<latexit sha1_base64="7XJrNBvYJCpSBTzyNYitJPKM2Vk="></latexit>

SOLUTION 

fy(yi) := #(y = yi)/M
<latexit sha1_base64="glUVnk6vAxYS2CfhxlLXkTUXr4E="></latexit>

,y 2 {0, 1}M
<latexit sha1_base64="u5IX8thLMIXQc6pLl9BHdgybjOg="></latexit>

found from either standards-compliant or proposed CoMP “votes” 

yi[t] = [�(i)[t] � �CoMP]
<latexit sha1_base64="o7/LbxqUG1HxLAIWaxvcFpaMwtM="></latexit>
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SOLUTION 

19 

q Construct the surrogate function from: 

q Train classifiers to minimize loss objective 
minimize:

⇥
L(y, ŷ;⇥) := �

X

k

yk log ŷk + (1� yk) log(1� ŷk)
<latexit sha1_base64="csLSIwBljNWwtaiG/6jlDwQTwYg="></latexit>

q Define the classification label based on the BLER 
being within target yi[t] := [�i  �target]

<latexit sha1_base64="37DK2nig42xdd2qC/ZOM3XQBD3o="></latexit>

Parameter Type Description 

Bias term Float Equal to unity 

CSI-RSRP Float Narrowband received power 

CQI Integer Wideband received SNR on the first antenna (linear) 

Rank Integer Number of received streams j 

x0
<latexit sha1_base64="i0Gu6lAgK8o0VJf6cjiZ6TBI1gA=">AAACOHicbVDLSgMxFM34rG+r4MZNsAgupMxU8bEruHFZwarQlpKkd2pokhmSjLQM8xtu9Tv8E3fuxK1fYGZaxKoHAifn3nPv5dBYcGN9/9WbmZ2bX1gsLS2vrK6tb2yWt25MlGgGTRaJSN9RYkBwBU3LrYC7WAORVMAtHVzk9dsH0IZH6tqOYuhI0lc85IxYJ7Xbkth7GqbDrp91Nyt+1S+A/5JgQipogka37O20exFLJCjLBDGmFfix7aREW84EZMvtxEBM2ID0oeWoIhJMJy2OzvC+U3o4jLR7yuJC/elIiTRmJKnrzI80v2u5+F+tldjwrJNyFScWFBsvChOBbYTzBHCPa2BWjBwhTHN3K2b3RBNmXU5TWyiV2bQgD5O4rwEGbiwO+RAXHyzA5mbMFaaR6BVJnuc4+c7tL7mpVYOj6tHVcaVem2RaQrtoDx2gAJ2iOrpEDdREDMXoET2hZ+/Fe/PevY9x64w38WyjKXifX78HrD0=</latexit>

x1
<latexit sha1_base64="T5ApV7KG19DAjUBRpU3QXz0aNlM=">AAACOHicbVDLSgMxFM34rG+r4MZNsAgupMxU8bEruHGpYLXQlpKkd9rQJDMkGWkZ+htu9Tv8E3fuxK1fYGYcxKoHAifn3nPv5dBYcGN9/8WbmZ2bX1gsLS2vrK6tb2yWt25NlGgGDRaJSDcpMSC4goblVkAz1kAkFXBHhxdZ/e4etOGRurHjGDqS9BUPOSPWSe22JHZAw3TUDSbdzYpf9XPgvyQoSAUVuOqWvZ12L2KJBGWZIMa0Aj+2nZRoy5mAyXI7MRATNiR9aDmqiATTSfOjJ3jfKT0cRto9ZXGu/nSkRBozltR1Zkea37VM/K/WSmx41km5ihMLin0tChOBbYSzBHCPa2BWjB0hTHN3K2YDogmzLqepLZTKybQgD5O4rwGGbiwO+QjnHyzAZmbMFaaR6OVJnmc4+c7tL7mtVYOj6tH1caVeKzItoV20hw5QgE5RHV2iK9RADMXoAT2iJ+/Ze/XevPev1hmv8GyjKXgfn8DRrD4=</latexit>

x2
<latexit sha1_base64="NQ+lqyzWzjf9lKOPv/2swBeyk28="></latexit>

x3
<latexit sha1_base64="A2SZTVJ+ie1qZNTSvulDrJJJkCw="></latexit>

CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

•  fully connected deep neural network (DNN) 
•  support vector machine (SVM) 

binary cross-entropy for DNN 

hinge loss and regularization for SVM minimize :


1

M

MX

i=1

max(0, 1� yi(w
>xi � b)

�
+ ↵kwk2

<latexit sha1_base64="rPAU3CZ8CYAoeX/7u2JHsJPhwfU="></latexit>

w
<latexit sha1_base64="/BtVYALi+9VsXw/6Ym2w/YjMcus=">AAACNnicbVDLSgMxFM3UV32/wI2bYBFcSJnW4mNXcONSwbZiWyRJ79TQJDMkGbUM8xdu9Tv8FTfuxK2fYGYsYq0HAifn3pN7c2gkuLG+/+oVpqZnZueK8wuLS8srq2vrG00TxppBg4Ui1FeUGBBcQcNyK+Aq0kAkFdCig9Os3roDbXioLu0wgq4kfcUDzoh10nVHEntLg+Q+vVkr+WU/B54klREpoRHOb9a9rU4vZLEEZZkgxrQrfmS7CdGWMwHpQic2EBE2IH1oO6qIBNNN8pVTvOuUHg5C7Y6yOFd/OxIijRlK6jqzFc3fWib+V2vHNjjuJlxFsQXFvgcFscA2xNn/cY9rYFYMHSFMc7crZrdEE2ZdSmNTKJXpuCD346ivAQbuWRzwB5xfsACbmTFXmIailyd5kuHwJ7dJ0qyWKwfl2kWtVK+OMi2ibbSD9lAFHaE6OkPnqIEYUugRPaFn78V78969j+/WgjfybKIxeJ9fa1Grmg==</latexit>

hyperplane weights 

The i-th support vector 
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SIMULATION 

20 CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

Because CoMP decision is an “imbalanced” classification, DNN does better CoMP: Coordinated Multipoint, DNN: Deep Neural Network,  
PRB: Physical Resource Block, SVM: Support Vector Machine. 
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SUMMARY 

21 CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

More features and more complicated models lead to better performance 

Optimize users’ achievable rate 

•  Achievable rate depends on a group of features, some of which have opposing effects on the rate. 
•  The use of a data-driven approach to find an improved achievable rate is possible. 
•  Higher transmission rank does not always lead to better achievable rates. 

Dynamic 

SVM 

Static 

•  Triggers rank-2 based on 
reported SINR (absolute cutoff). 

•  Triggers rank-2 based on a surrogate function based 
on deep learning. 

•  The surrogate function is relearned every time the 
channel coherence time passes. 

DNN 
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DEEP LEARNING PREDICTIVE BAND 
SWITCHING IN WIRELESS NETWORKS 

Contribution 3 

Related publications: 
[1] F. B. Mismar,  A. AlAmmouri,  A. Alkhateeb,  J. G. Andrews, and B. L. Evans,  “Deep Learning Predictive Band Switching in Wireless 
Networks,” IEEE Transactions on Wireless Communications, submitted Oct. 2, 2019. 

[2] F. B. Mismar and B. L. Evans,  “Partially Blind Handovers for mmWave New Radio Aided by Sub-6 GHz LTE Signaling,” Proceedings of IEEE 
International Conference on Communications Workshops, May 2018. 

Discussed in the PhD Qualifying Exam and Included in the PhD Dissertation 

22 
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BACKGROUND 

23 

§  Users want to switch to a different frequency band if they expect to get higher throughput 
§  Switching between frequency bands requires a “measurement gap” which reduces user throughput 

q Problem 

q Parameters 

q Goal 

q Approach 

§  Improve user throughput by exploiting the spatial correlation to eliminate the measurement gap 

§  Band switch request threshold which defines the rate below which UE requests a band switch 
§  Band switch grant threshold which defines the rate above which the UE request is granted 
§  Percentage of users in sub-6 GHz or mmWave vs total users 
§  User spatial coordinates 

§  Employ a data-driven approach using a ray-tracing dataset 
§  Use deep learning to rank the downlink channel quality based on the users’ coordinates 
§  Grant a band switch if predicted to improve the user throughput (no need for the gap) 

CONTRIBUTION 3: DEEP LEARNING PREDICTIVE BAND SWITCHING 
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SYSTEM MODEL 

CONTRIBUTION 3: DEEP LEARNING PREDICTIVE BAND SWITCHING 

q  Multi-user downlink system 
§  Single-cell with multiple transmit antennas 
§  Sub-6 GHz and mmWave bands (28 GHz) 
§  Analog beamforming using DFT-based codebook 

beamforming precoder 

transmit power and large scale channel gain 

Gaussian noise 

q  The received SINR for the  -th user at the  -th 
frequency band 

[Tse05] 

q  Signal model for the  -th user at the  -th frequency band: i
<latexit sha1_base64="gxqRfh49VO9NTVQDVS6UbWhMqG8=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZqQvdiAU3LluwD2hLyaR32tAkMyQZsZR+gVv9Aj/ApV8iIohbf8NM24VtvRA4Oeee3JvjR5xp47qfTmpldW19I72Z2dre2d3L5vZrOowVhSoNeagaPtHAmYSqYYZDI1JAhM+h7g9uEr1+D0qzUN6ZYQRtQXqSBYwSY6kK62TzbsGdFF4G3gzkr98yV9HLR6bcyTmHrW5IYwHSUE60bnpuZNojogyjHMaZVqwhInRAetC0UBIBuj2abDrGJ5bp4iBU9kiDJ+xfx4gIrYfCt52CmL5e1BLyP60Zm+CyPWIyig1IOh0UxBybECffxl2mgBo+tIBQxeyumPaJItTYcOam+L4YzxPiLI56CmBgn8UBe8CTC+ZgEjNmEvsh79okvcXclkGtWPDOC8WKmy8V0bTS6Agdo1PkoQtUQreojKqIIkCP6Ak9O6/Ou/PlfE9bU87Mc4Dmyvn5BULJqmU=</latexit>

i
<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit> j

<latexit sha1_base64="85EwKPgo/WiBgjuG8Xvxnkj8Qoo=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZqQVdFty4bME+oB1KJr3TxiaZIcmIpfQL3Op3+DUuBHHrb5hpu7CtFwIn59yTe3OCmDNtXPfTyWxsbm3vZHdze/sHh0f5wnFTR4mi0KARj1Q7IBo4k9AwzHBoxwqICDi0gtFdqreeQGkWyQczjsEXZCBZyCgxlqo/9vJFt+TOCq8DbwGKaFG1XsE57fYjmgiQhnKidcdzY+NPiDKMcpjmuomGmNARGUDHQkkEaH8y23SKLyzTx2Gk7JEGz9i/jgkRWo9FYDsFMUO9qqXkf1onMeGtP2EyTgxIOh8UJhybCKffxn2mgBo+toBQxeyumA6JItTYcJamBIGYLhPiKokHCmBkn8Uhe8azC+ZgUjNmEgcR79skvdXc1kGzXPKuS+V6pVitLDLNojN0ji6Rh25QFd2jGmogigC9oFf05rw7H86X8z1vzTgLzwlaKufnFx8Rpzs=</latexit>

channel vector 

r(i,j) = P (j)
TXh

⇤
(i,j)f(i,j)s(i,j) + n(i,j),

<latexit sha1_base64="b/mpvFlZeRNTJhnEkka11K/LgmU="></latexit>

j
<latexit sha1_base64="qFGMrwQtu68tMUxN8xxZlIIkY04=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZ2uJjV3DjsgX7gLaUTHqnjU0yQ5IRS+kXuNXv8GtcCOLW3zAzLWKtBwIn596Te3O8kDNtXPfdSa2srq1vpDczW9s7u3vZ3H5DB5GiUKcBD1TLIxo4k1A3zHBohQqI8Dg0vdFNXG8+gNIskHdmHEJXkIFkPqPEWKl238vm3YKbAC+T4pzk0RzVXs457PQDGgmQhnKidbvohqY7IcowymGa6UQaQkJHZABtSyURoLuTZNMpPrFKH/uBskcanKi/HRMitB4Lz3YKYob6by0W/6u1I+NfdSdMhpEBSWeD/IhjE+D427jPFFDDx5YQqpjdFdMhUYQaG87CFM8T00VBnEXhQAGM7LPYZ484uWAOJjZjJrEX8H6S5HWMi5/clknjvFAsFUq1cr5SnmeaRkfoGJ2iIrpEFXSLqqiOKAL0hJ7Ri/PqvDkfzuesNeXMPQdoAc7XNzaLp24=</latexit>

�(i,j)[t] =
P (j)
TX[t]

�2
n

|h⇤
(i,j)[t]f

?
(i,j)[t]|2,

<latexit sha1_base64="Bu8JSBl0bwNS4hIXnMBTAcwb02o="></latexit>

SINR-optimal beamforming precoder noise power 

q  The received instantaneous rate for 
the  -th user at the  -th frequency band: i

<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit>

j
<latexit sha1_base64="85EwKPgo/WiBgjuG8Xvxnkj8Qoo=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZqQVdFty4bME+oB1KJr3TxiaZIcmIpfQL3Op3+DUuBHHrb5hpu7CtFwIn59yTe3OCmDNtXPfTyWxsbm3vZHdze/sHh0f5wnFTR4mi0KARj1Q7IBo4k9AwzHBoxwqICDi0gtFdqreeQGkWyQczjsEXZCBZyCgxlqo/9vJFt+TOCq8DbwGKaFG1XsE57fYjmgiQhnKidcdzY+NPiDKMcpjmuomGmNARGUDHQkkEaH8y23SKLyzTx2Gk7JEGz9i/jgkRWo9FYDsFMUO9qqXkf1onMeGtP2EyTgxIOh8UJhybCKffxn2mgBo+toBQxeyumA6JItTYcJamBIGYLhPiKokHCmBkn8Uhe8azC+ZgUjNmEgcR79skvdXc1kGzXPKuS+V6pVitLDLNojN0ji6Rh25QFd2jGmogigC9oFf05rw7H86X8z1vzTgLzwlaKufnFx8Rpzs=</latexit>

received SINR bandwidth 

channel coherence time 

band switching overhead beam training time 

q  The received effective achievable rate for 
the  -th user at the  -th frequency band: i

<latexit sha1_base64="5XwKF2BNBUulTkZg4Z3/fpMnC0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCykztaDLghuXLdgHtEPJpHfa0CQzJBmxlH6BW/0Ov8aFIG79DdPpLGzrhcDJOffk3pwg5kwb1/10Nja3tnd2c3v5/YPDo+NC8aSlo0RRaNKIR6oTEA2cSWgaZjh0YgVEBBzawfh+rrefQGkWyUczicEXZChZyCgxlmqwfqHklt208DrwMlBCWdX7ReesN4hoIkAayonWXc+NjT8lyjDKYZbvJRpiQsdkCF0LJRGg/Wm66QxfWmaAw0jZIw1O2b+OKRFaT0RgOwUxI72qzcn/tG5iwjt/ymScGJB0MShMODYRnn8bD5gCavjEAkIVs7tiOiKKUGPDWZoSBGK2TIjrJB4qgLF9FofsGacXzMHMzZhJHER8YJP0VnNbB61K2bspVxrVUq2aZZpD5+gCXSEP3aIaekB11EQUAXpBr+jNeXc+nC/ne9G64WSeU7RUzs8vHUinOg==</latexit> j
<latexit sha1_base64="85EwKPgo/WiBgjuG8Xvxnkj8Qoo=">AAACLXicbVDLSgMxFM3UV62vVsGNm2ARXEiZqQVdFty4bME+oB1KJr3TxiaZIcmIpfQL3Op3+DUuBHHrb5hpu7CtFwIn59yTe3OCmDNtXPfTyWxsbm3vZHdze/sHh0f5wnFTR4mi0KARj1Q7IBo4k9AwzHBoxwqICDi0gtFdqreeQGkWyQczjsEXZCBZyCgxlqo/9vJFt+TOCq8DbwGKaFG1XsE57fYjmgiQhnKidcdzY+NPiDKMcpjmuomGmNARGUDHQkkEaH8y23SKLyzTx2Gk7JEGz9i/jgkRWo9FYDsFMUO9qqXkf1onMeGtP2EyTgxIOh8UJhybCKffxn2mgBo+toBQxeyumA6JItTYcJamBIGYLhPiKokHCmBkn8Uhe8azC+ZgUjNmEgcR79skvdXc1kGzXPKuS+V6pVitLDLNojN0ji6Rh25QFd2jGmogigC9oFf05rw7H86X8z1vzTgLzwlaKufnFx8Rpzs=</latexit>

R(i,j)[t] = B(j) log2(1 + �(i,j)[t])
<latexit sha1_base64="+V00QDTQy7ek83BZsySXWd7w/uI="></latexit>

R(i,j,k)
E

[t] =

 
1� T (j)

B
+ T (k)

H

T (j)
C

!
R(i,j)[t]

<latexit sha1_base64="+UHVDvYcQ5HALgXqZbGc5WYIJxU="></latexit>

Here,    is the band switching algorithm. k
<latexit sha1_base64="wCcsZ15/ZM1J8w5g5g/G6zT+r0U=">AAACLXicbVDLSgMxFM34rPXVKrhxEyyCCynTVnzsCm5ctmAf0JaSSe+0YZLMkGTEUvoFbvU7/BoXgrj1N8xMi1jrgcDJuffk3hwv4kwb1313VlbX1jc2M1vZ7Z3dvf1c/qCpw1hRaNCQh6rtEQ2cSWgYZji0IwVEeBxaXnCb1FsPoDQL5b0ZR9ATZCiZzygxVqoH/VzBLbop8DIpzUkBzVHr552j7iCksQBpKCdad0puZHoTogyjHKbZbqwhIjQgQ+hYKokA3Zukm07xqVUG2A+VPdLgVP3tmBCh9Vh4tlMQM9J/a4n4X60TG/+6N2Eyig1IOhvkxxybECffxgOmgBo+toRQxeyumI6IItTYcBameJ6YLgriPI6GCiCwz2KfPeL0gjmYxIyZxF7IB2mSNwkuf3JbJs1ysVQpVuoXhWp5nmkGHaMTdIZK6ApV0R2qoQaiCNATekYvzqvz5nw4n7PWFWfuOUQLcL6+ATe6p20=</latexit>

24 
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MOTIVATION AND PROBLEM FORMULATION 

q  Next-generation wireless networks will use more frequency bands. 

q  The band selection problem becomes more complicated: 
•  How does user choose a band to improve their rate? 

q  Problem:  
•  Measurement gap reduces users’ effective achievable rates 
•  Blindly switching user eliminates need for gap but risks rates 

CONTRIBUTION 3: DEEP LEARNING PREDICTIVE BAND SWITCHING 

Data-driven approach to eliminate the “measurement gap” 

q  Solution: 
•  Main idea: rank bands based on their quality 
•  Grant switch to band with the highest rank if requested. 

[3gpp18] Legacy 

Blind 
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x(i)
br [t] = [(R(i,j)[t] < rthreshold)],

<latexit sha1_base64="Zof4z5qkIHFAzUhmu2oV0oL9x1k="></latexit>

SOLUTION 

26 CONTRIBUTION 3: DEEP LEARNING PREDICTIVE BAND SWITCHING 

R?(i)
E [t] = max

j2{sub-6,mmWave}

 
1� T (j)

B

T (j)
C

!
R(i,j)[t]

<latexit sha1_base64="9k9GoSU5aeerSKPcsKJL+NN0rEs="></latexit>

q  Optimal solution (upper bound) 

q  Proposed solution 
•  Exploit the spatial correlation between frequency bands based on the location of the user 
•  Define the band switch request and the band switch grant decision as follows: 

•  Train a machine learning algorithm using the following features 

Parameter Type Description 

Bias term Integer Equal to unity 

Effective rate at sub-6 Float Based on (2) with j = sub-6 

Effective rate at mmWave Float Based on (2) with j = mmWave 

Source technology Boolean (1 = for sub-6 and 0 for mmWave) 

Coordinates Float The latitude, longitude, and height of the user (from the BS) 

Band switch requested Boolean Did UE request band switch? 

Band switch decision Boolean Was this requested switch granted? 

(x4,x5,x6)
<latexit sha1_base64="uiwBs2tf1wFISLIl65SQ658foVg="></latexit>

x0
<latexit sha1_base64="i0Gu6lAgK8o0VJf6cjiZ6TBI1gA=">AAACOHicbVDLSgMxFM34rG+r4MZNsAgupMxU8bEruHFZwarQlpKkd2pokhmSjLQM8xtu9Tv8E3fuxK1fYGZaxKoHAifn3nPv5dBYcGN9/9WbmZ2bX1gsLS2vrK6tb2yWt25MlGgGTRaJSN9RYkBwBU3LrYC7WAORVMAtHVzk9dsH0IZH6tqOYuhI0lc85IxYJ7Xbkth7GqbDrp91Nyt+1S+A/5JgQipogka37O20exFLJCjLBDGmFfix7aREW84EZMvtxEBM2ID0oeWoIhJMJy2OzvC+U3o4jLR7yuJC/elIiTRmJKnrzI80v2u5+F+tldjwrJNyFScWFBsvChOBbYTzBHCPa2BWjBwhTHN3K2b3RBNmXU5TWyiV2bQgD5O4rwEGbiwO+RAXHyzA5mbMFaaR6BVJnuc4+c7tL7mpVYOj6tHVcaVem2RaQrtoDx2gAJ2iOrpEDdREDMXoET2hZ+/Fe/PevY9x64w38WyjKXifX78HrD0=</latexit>

x1
<latexit sha1_base64="T5ApV7KG19DAjUBRpU3QXz0aNlM=">AAACOHicbVDLSgMxFM34rG+r4MZNsAgupMxU8bEruHGpYLXQlpKkd9rQJDMkGWkZ+htu9Tv8E3fuxK1fYGYcxKoHAifn3nPv5dBYcGN9/8WbmZ2bX1gsLS2vrK6tb2yWt25NlGgGDRaJSDcpMSC4goblVkAz1kAkFXBHhxdZ/e4etOGRurHjGDqS9BUPOSPWSe22JHZAw3TUDSbdzYpf9XPgvyQoSAUVuOqWvZ12L2KJBGWZIMa0Aj+2nZRoy5mAyXI7MRATNiR9aDmqiATTSfOjJ3jfKT0cRto9ZXGu/nSkRBozltR1Zkea37VM/K/WSmx41km5ihMLin0tChOBbYSzBHCPa2BWjB0hTHN3K2YDogmzLqepLZTKybQgD5O4rwGGbiwO+QjnHyzAZmbMFaaR6OVJnmc4+c7tL7mtVYOj6tH1caVeKzItoV20hw5QgE5RHV2iK9RADMXoAT2iJ+/Ze/XevPev1hmv8GyjKXgfn8DRrD4=</latexit>

x2
<latexit sha1_base64="NQ+lqyzWzjf9lKOPv/2swBeyk28="></latexit>

x3
<latexit sha1_base64="A2SZTVJ+ie1qZNTSvulDrJJJkCw="></latexit>

x7
<latexit sha1_base64="P5Ikaw3HBVzH8qUd2m9olI6f5fU="></latexit>

Use DeepMIMO ray-tracing dataset and engineer more features 
[Alkhateeb19] 

y(i)[t] = [(R̂(i,j0)[t] > R(i,j)[t])], 8i
<latexit sha1_base64="OYnIdTGsi5UN+bfuOqbfyN+j24M="></latexit>

band switching threshold 

estimated instantaneous rate based on other users 

y(i)
<latexit sha1_base64="q34UvIcMpLoplvu8rjP5Etf9rJw=">AAACM3icbVDLSgMxFM3Ud321Cm7cBItQQcqMFR870Y1LBfuAtpZMeqcNTTJDkhHL0I9wq9/hx4g7ces/mBmLWPVA4OTce3Jvjh9xpo3rvji5mdm5+YXFpfzyyuraeqG4UddhrCjUaMhD1fSJBs4k1AwzHJqRAiJ8Dg1/eJHWG3egNAvljRlF0BGkL1nAKDFWaoxukzLbG3cLJbfiZsB/iTchJTTBVbfobLV7IY0FSEM50brluZHpJEQZRjmM8+1YQ0TokPShZakkAnQnyfYd412r9HAQKnukwZn605EQofVI+LZTEDPQv2up+F+tFZvgpJMwGcUGJP0aFMQcmxCnn8c9poAaPrKEUMXsrpgOiCLU2Iimpvi+GE8LYj+O+gpgaJ/FAbvH2QVzMKkZM4n9kPeyJE9THH3n9pfUDypetVK9PiydnU8yXUTbaAeVkYeO0Rm6RFeohigaogf0iJ6cZ+fVeXPev1pzzsSziabgfHwC63Op1w==</latexit>

x(i)
br

<latexit sha1_base64="BM7aSBp++fnZz+qsDtyXAueAJDw="></latexit>

y
<latexit sha1_base64="bxlan7F7cgRJZu4VH8ypZY/o0nE=">AAACNnicbVDLSgMxFM34rO8XuHETLIILKTNa0WXBjcsKthXboSTpnRqaZIYkI5ahf+FWv8NfceNO3PoJZqZd2OqBwMk59+beHJoIbqzvv3tz8wuLS8ulldW19Y3Nre2d3aaJU82gwWIR6ztKDAiuoGG5FXCXaCCSCmjRwVXutx5BGx6rWztMIJSkr3jEGbFOuu9IYh9olA1H3e2yX/EL4L8kmJAymqDe3fH2O72YpRKUZYIY0w78xIYZ0ZYzAaPVTmogIWxA+tB2VBEJJsyKlUf4yCk9HMXaHWVxof7uyIg0Ziipq8xXNLNeLv7ntVMbXYYZV0lqQbHxoCgV2MY4/z/ucQ3MiqEjhGnudsXsgWjCrEtpagqlcjQtyJM06WuAgXsWR/wJFxcswObNmCtMY9FzSQazuf0lzdNKcFY5v6mWa9VJpiV0gA7RMQrQBaqha1RHDcSQQs/oBb16b96H9+l9jUvnvEnPHpqC9/0DWKmrbQ==</latexit>
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TP
<latexit sha1_base64="USoa9vr3xAfkerpi+2jOq97QYlE=">AAACLnicbVDLSgMxFM34rPXVKrhxEyyCCykzFdFlwY3LKn1BW0omvdOGJpkhyYil9A/c6nf4NYILcetnmJnOwrZeCJycc0/uzfEjzrRx3U9nbX1jc2s7t5Pf3ds/OCwUj5o6jBWFBg15qNo+0cCZhIZhhkM7UkCEz6Hlj+8SvfUESrNQ1s0kgp4gQ8kCRomx1GO91i+U3LKbFl4FXgZKKKtav+icdAchjQVIQznRuuO5kelNiTKMcpjlu7GGiNAxGULHQkkE6N40XXWGzy0zwEGo7JEGp+xfx5QIrSfCt52CmJFe1hLyP60Tm+C2N2Uyig1IOh8UxBybECf/xgOmgBo+sYBQxeyumI6IItTYdBam+L6YLRLiMo6GCmBsn8UBe8bpBXMwiRkzif2QD2yS3nJuq6BZKXtX5euHSqnqZpnm0Ck6QxfIQzeoiu5RDTUQRQF6Qa/ozXl3Ppwv53veuuZknmO0UM7PL6s6p3w=</latexit>

TN
<latexit sha1_base64="aik9wa8q2Q/yGpQRG5Y6ny3+RLY=">AAACLnicbVDLSgMxFM3UV62vVsGNm2ARXEiZqYguC25cSZW+oB1KJr3ThiaZIcmIpfQP3Op3+DWCC3HrZ5i2s7CtFwIn59yTe3OCmDNtXPfTyaytb2xuZbdzO7t7+wf5wmFDR4miUKcRj1QrIBo4k1A3zHBoxQqICDg0g+HtVG8+gdIskjUzisEXpC9ZyCgxlnqs3XfzRbfkzgqvAi8FRZRWtVtwjju9iCYCpKGcaN323Nj4Y6IMoxwmuU6iISZ0SPrQtlASAdofz1ad4DPL9HAYKXukwTP2r2NMhNYjEdhOQcxAL2tT8j+tnZjwxh8zGScGJJ0PChOOTYSn/8Y9poAaPrKAUMXsrpgOiCLU2HQWpgSBmCwS4iKJ+wpgaJ/FIXvGswvmYKZmzCQOIt6zSXrLua2CRrnkXZauHsrFiptmmkUn6BSdIw9dowq6Q1VURxSF6AW9ojfn3flwvpzveWvGST1HaKGcn1+nqKd6</latexit>

FP
<latexit sha1_base64="0z6bVBfZWoQ2D4BwR0IBHgmgZQI=">AAACLnicbVDLSgMxFM34rPXVKrhxEyyCCykzFdFlQRCXVewD2qFk0jttaJIZkoxYSv/ArX6HXyO4ELd+hul0Frb1QuDknHtyb04Qc6aN6346K6tr6xubua389s7u3n6heNDQUaIo1GnEI9UKiAbOJNQNMxxasQIiAg7NYHgz1ZtPoDSL5KMZxeAL0pcsZJQYSz3c1rqFklt208LLwMtACWVV6xado04vookAaSgnWrc9Nzb+mCjDKIdJvpNoiAkdkj60LZREgPbH6aoTfGqZHg4jZY80OGX/OsZEaD0Sge0UxAz0ojYl/9PaiQmv/TGTcWJA0tmgMOHYRHj6b9xjCqjhIwsIVczuiumAKEKNTWduShCIyTwhzpO4rwCG9lkcsmecXjAHMzVjJnEQ8Z5N0lvMbRk0KmXvonx5XylV3SzTHDpGJ+gMeegKVdEdqqE6oihEL+gVvTnvzofz5XzPWleczHOI5sr5+QWSLqdu</latexit>

FN
<latexit sha1_base64="aPYOAmm6lwAcGhW2HitxwGSA8SQ=">AAACLnicbVDLSgMxFM3UV62vVsGNm2ARXEiZqYguC4K4kir2AW0pmfROG5pkhiQjlqF/4Fa/w68RXIhbP8N02oVtvRA4Oeee3JvjR5xp47qfTmZldW19I7uZ29re2d3LF/brOowVhRoNeaiaPtHAmYSaYYZDM1JAhM+h4Q+vJ3rjCZRmoXw0owg6gvQlCxglxlIPN3fdfNEtuWnhZeDNQBHNqtotOIftXkhjAdJQTrRueW5kOglRhlEO41w71hAROiR9aFkoiQDdSdJVx/jEMj0chMoeaXDK/nUkRGg9Er7tFMQM9KI2If/TWrEJrjoJk1FsQNLpoCDm2IR48m/cYwqo4SMLCFXM7orpgChCjU1nborvi/E8Ic7iqK8AhvZZHLBnnF4wBzMxYyaxH/KeTdJbzG0Z1Msl77x0cV8uVtxZpll0hI7RKfLQJaqgW1RFNURRgF7QK3pz3p0P58v5nrZmnJnnAM2V8/MLjpynbA==</latexit>

SIMULATION 
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q  Scenarios 

q  Confusion Matrix 

DNN Confusion Matrix (Scenarios A, B, and C) XGBoost Confusion Matrix (Scenarios A, B, and C) 

Scenario Users at Start 

A 100% sub-6 GHz 

B 100% mmWave 

C 70% sub-6 GHz and 30% mmWave 

q  DNN requires a run-time of             , while XGBoost requires a run-time of                 . O(n log n)
<latexit sha1_base64="sVTdFdpyCaPmLCTVkBGMQUuxZxA="></latexit>

O(nwd)
<latexit sha1_base64="mK4Xs/4fZXq3WKoJUWwaKe6hbH8="></latexit>

DNN depth 
DNN width Number of rows in the feature matrix 

q  DNN outperforms XGBoost in receiver operator characteristic area and classification accuracy. 

q  Parameters (DNN: deep neural networks, XGBoost: Extreme Gradient Boosting) 
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SIMULATION 

q  Impact of the band switching threshold on the performance 

Higher band switching thresholds cause the 
legacy approach performance to do worse. 

Higher band switching thresholds enable my proposed algorithm to do even better 

Legacy approach performs better than blind in low throughput regime. 

CONTRIBUTION 3: DEEP LEARNING PREDICTIVE BAND SWITCHING 

absence of measurement 
gap in optimal 

… and near perfect DNN 
classification decisions 

Scenario A: 100% users sub-6 GHz Scenario B: 100% users mmWave Scenario C: 30%-70% users 
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SUMMARY 

29 CONTRIBUTION 3: DEEP LEARNING PREDICTIVE BAND SWITCHING 

I disrupt the need to use a measurement gap in band switching 

Optimize users’ achievable rate 

•  Band switching grows in importance with successive evolutions of wireless technology 
•  The use of a data-driven approach to rank channels by their estimated quality is possible. 
•  Using measurement gaps for the band switching procedure is a “performance overkill.” 

Proposed 

XGBoost 

Industry 

•  Use a gap to measure the candidate 
frequency band. 

DNN Blind Legacy 

•  Blindly switch to a different band. 

•  Does not require a measurement gap. 
•  Exploits the spatial and spectral correlation of 

frequency bands at a given location. 
o  Predicts the quality and ranks the bands.  



Ph.D. Defense  Faris B. Mismar 11/22/19 

DISSERTATION SUMMARY AND CONCLUSION 

PHY Layer Perspective 

q Next-generation wireless networks will require intelligent predictive and prescriptive abilities 
§  boost reliability and eliminate performance bottlenecks 
§  disrupt reactive legacy standards 

CONCLUSION 30 

Intelligent Coordinated Multipoint Beamforming, Power Control and Interference Coordination 

RRM Layer Perspective 

Predictive Band Switching 
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FUTURE WORK IN DEEP LEARNING FOR COMMUNICATIONS 

FUTURE WORK 31 

q Optimal hybrid beamforming 

q Generalized multi-band predictive handoff 

§  I used simple DFT-based analog beamforming, but digital beamforming generates more patterns 
o  at mmWave, a disjoint solution exists, but may not be optimal.   
o  Exploit powers of two in the number of antennas 

§  Introduce mobility over multiple base stations and build a multi-class classifier 

q  Improved Cell-Free Massive MIMO 
§  Use coordinated BS capabilities with massive MIMO to improve joint-beamforming capabilities 
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PUBLICATIONS 

o  Faris B. Mismar, Ahmad AlAmmouri, Ahmed Alkhateeb, Jeffrey G. Andrews, and Brian L. Evans, “Predictive Band Switching 
in Wireless Networks,” IEEE Transactions on Wireless Communications (submitted). 

o  Faris B. Mismar, Brian L. Evans, and Ahmed Alkhateeb, “Deep Reinforcement Learning for 5G Networks: Joint Beamforming, 
Power Control, and Interference Coordination,” IEEE Transactions on Communications (submitted). 

o  Faris B. Mismar, Jinseok Choi, and Brian L. Evans, “A Framework for Automated Cellular Network Tuning with Reinforcement 
Learning,” IEEE Transactions on Communications, vol. 67, no. 10, pp. 7152-7167, Oct. 2019. 

o  Faris B. Mismar and Brian L. Evans, “Deep Learning in Downlink Coordinated Multipoint in New Radio Heterogeneous 
Networks,” IEEE Wireless Communications Letters, vol. 8, no. 4, pp. 1040-1043, Aug. 2019. 

32 PUBLICATIONS 

q  Journal articles 

q Conference papers 
o  Faris B. Mismar and Brian L. Evans, “Deep Q-Learning for Self-Organizing Networks Fault Management and Radio Performance 

Improvement,” Proceedings of the 52nd Annual Asilomar Conference on Signals, Systems, and Computers, Oct. 2018. 
o  Faris B. Mismar and Brian L. Evans, “Q-Learning Algorithm for VoLTE Closed-Loop Power Control in Indoor Small Cells,” 

Proceedings of the 52nd Annual Asilomar Conference on Signals, Systems, and Computers, Oct. 2018. 
•  Faris B. Mismar and Brian L. Evans, “Partially Blind Handovers for mmWave New Radio Aided by Sub-6 GHz LTE Signaling,” 

Proceedings of IEEE International Conference on Communications Workshops, May 2018. 
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SOFTWARE RELEASES 

o  Faris B. Mismar and Brian L. Evans, “Band Switching with Deep Learning,” Python 3 code to accompany a paper entitled 
“Predictive Band Switching in Wireless Networks,” Version 1.0 (Sep. 28, 2019). [Online].  
Available: https://github.com/farismismar/Bandswitch-DeepMIMO  
Builds on top of the 3.5 GHz and 28 GHz ray tracing dataset from ASU. 

o  Faris B. Mismar and Brian L. Evans, “Deep Reinforcement Learning for 5G Networks: Joint Beamforming, Power Control, and 
Interference Coordination,” Python 3 code to accompany a paper entitled “Deep Reinforcement Learning for 5G Networks: Joint 
Beamforming, Power Control, and Interference Coordination,” Version 2.0 (Nov. 6, 2019).  [Online].  
Available: https://github.com/farismismar/Deep-Reinforcement-Learning-for-5G-Networks  

o  Faris B. Mismar and Brian L. Evans, “Deep Q-Learning for SON Performance Improvement,” Python 3 and MATLAB codes to 
accompany a paper entitled “A Framework for Automated Cellular Network Tuning with Reinforcement Learning,” IEEE 
Transactions on Communications, 2019. Version 2.0 (Jun. 27, 2019). [Online].   
Available: https://github.com/farismismar/Deep-Q-Learning-SON-Perf-Improvement  
Builds on top of Vienna University of Technology (TU Wien) Vienna LTE-A Downlink System Level Simulator v1.9. 

o  Faris B. Mismar and Brian L. Evans, “Deep Learning in Downlink Coordinated Multipoint in New Radio Heterogeneous 
Networks,” Python 3 and MATLAB codes to accompany a paper entitled “Deep Learning in Downlink Coordinated Multipoint in 
New Radio Heterogeneous Networks,” IEEE Wireless Communications Letters, 2019.  Version 2.0 (Jul. 30, 2019).  [Online]. 
Available: https://github.com/farismismar/DL-CoMP-Machine-Learning  
Builds on top of Vienna University of Technology (TU Wien) Vienna LTE-A Downlink System Level Simulator v1.9. 

33 SOFTWARE RELEASES 

Available at https://github.com/farismismar 
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DISSERTATION CONTRIBUTIONS 

DISSERTATION CONTRIBUTIONS 

1. Joint BF, PC, IC 2. Improved CoMP 3. Band Switching 

Dissertation 
Chapter 

2 3 4 

Reference [Mismar&Evans20a] [Mismar&Evans19a] [Mismar&Evans20b] 

Frequency band mmWave and sub-6 GHz sub-6 GHz mmWave and sub-6 GHz 

Stack layer PHY PHY RRM 

Algorithm DRL DNN and SVM DNN and XGBoost 

Direction Downlink 

Users Multi-User 

BF: Beamforming, CoMP: Coordinated Multipoint, DNN: Deep Neural Network, DRL: Deep Reinforcement Learning,  
IC: Interference Coordination, PC: Power Control, PHY: Physical Layer, SON: Self-Organizing Network, XGBoost: Extreme Gradient Boosting. 
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CoMP decisions are “imbalanced” and DNN does better CoMP: Coordinated Multipoint, DNN: Deep Neural Network,  
PRB: Physical Resource Block, SVM: Support Vector Machine. 

SIMULATION 
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maximize:
�

X

i

�i �
1

2

MX

m=1

MX

n=1

�m�nymynK(xm,xn)

subject to:
MX

m=1

�mym = 0,

0  �m  CBox, m = 1, . . . ,M

(1)

<latexit sha1_base64="NQTuQHJPKTkitm4RzFcCZ1sh87c="></latexit>

38 CONTRIBUTION 2: IMPROVED DOWNLINK COORDINATED MULTIPOINT 

q Why DNN? 

SOLUTION 

Is CoMP triggered in a balanced fashion in a cell? 

•  Support Vector Machines 

•  Can be faster than DNN, but suffers from bias towards majority class. 

[Cortes95] 

Kernel 

“Box” constraint to control overfitting 

Lagrangian multipliers 

#(y = 0) = 1, 522
<latexit sha1_base64="9p5XVHr7jAr8x8OcGQWffxYl3F0="></latexit>

#(y = 1) = 7, 658
<latexit sha1_base64="rEYGlZESzgzneXfI/KS9+WG+1Dc="></latexit>

M = 9, 180
<latexit sha1_base64="Gl8otr9xEO9iHSrrFmjbpyI6sPg="></latexit>

SVM will trigger more rank-2s than DNN, but at the wrong time! 

m-th support vector 
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SIMULATION 
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Scenario A – DNN 
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Scenario A – XGBoost 

DNN achieved ROC AUC = 1.0 with far less training samples than XGBoost 

AUC ~ 1.0 AUC = 1.0 
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SUPPORT VECTOR MACHINES 

40 

w>x+ b = 0
<latexit sha1_base64="eoA8/FcGjLpFzByK/EW8+ptsaNQ="></latexit>

x1
<latexit sha1_base64="P/umniIKPUuYgfqRTvTdrbW4QlY=">AAACL3icbVDLSgMxFM34rPVVFdy4CRbBhZQZKz52RTcuFe0D6lAy6Z0ammSGJCOWoZ/gVr/DrxE34ta/MDMOYtUDgZNz78m9OUHMmTau++pMTc/Mzs2XFsqLS8srq5W19ZaOEkWhSSMeqU5ANHAmoWmY4dCJFRARcGgHw7Os3r4DpVkkr80oBl+QgWQho8RY6eq+5/UqVbfm5sB/iVeQKipw0VtzNm/6EU0ESEM50brrubHxU6IMoxzG5ZtEQ0zokAyga6kkArSf5ruO8Y5V+jiMlD3S4Fz96UiJ0HokAtspiLnVv2uZ+F+tm5jw2E+ZjBMDkn4NChOOTYSzj+M+U0ANH1lCqGJ2V0xviSLU2HgmpgSBGE8KYi+JBwpgaJ/FIbvH+QVzMJkZM4mDiPfzJE8yHH7n9pe09mtevVa/PKg2TotMS2gLbaNd5KEj1EDn6AI1EUUD9IAe0ZPz7Lw4b877V+uUU3g20AScj0+ggagu</latexit>

x2
<latexit sha1_base64="khZzyuyyI8Rt/ZVyPV1HdK9WfRg=">AAACL3icbVDLSgMxFM34rPXVKrhxEyyCCynTVnzsim5cVrQPaEvJpHfa0CQzJBlpKf0Et/odfo24Ebf+hZlpEWs9EDg5957cm+OFnGnjuu/O0vLK6tp6aiO9ubW9s5vJ7tV0ECkKVRrwQDU8ooEzCVXDDIdGqIAIj0PdG9zE9fojKM0C+WBGIbQF6UnmM0qMle6HnWInk3PzbgK8SAozkkMzVDpZ56DVDWgkQBrKidbNghua9pgowyiHSboVaQgJHZAeNC2VRIBuj5NdJ/jYKl3sB8oeaXCi/naMidB6JDzbKYjp67+1WPyv1oyMf9keMxlGBiSdDvIjjk2A44/jLlNADR9ZQqhidldM+0QRamw8c1M8T0zmBXEahT0FMLDPYp8NcXLBHExsxkxiL+DdJMmrGOc/uS2SWjFfKOVLd2e58vUs0xQ6REfoBBXQBSqjW1RBVURRDz2hZ/TivDpvzofzOW1dcmaefTQH5+sbokqoLw==</latexit>

maximize:
�

X

i

�i �
1

2

MX

m=1

MX

n=1

�m�nymynK(xm,xn)

subject to:
MX

m=1

�mym = 0,

0  �m  CBox, m = 1, . . . ,M

(1)

<latexit sha1_base64="NQTuQHJPKTkitm4RzFcCZ1sh87c="></latexit>

w>x� b = 1
<latexit sha1_base64="xJrHIzdHpZrz54MhSdsHXXX/PgA="></latexit>

minimize :


1

M

MX

i=1

max(0, 1� yi(w
>xi � b)

�
+ ↵kwk2

<latexit sha1_base64="rPAU3CZ8CYAoeX/7u2JHsJPhwfU="></latexit>

kernel 

hinge loss 

w>x� b = �1
<latexit sha1_base64="5lJRxpmjFiFXtBrb9tmEtrI6JsI="></latexit>

= ŷi
<latexit sha1_base64="WEiD7MS2SRinjhzxV+A0PPVxoLs="></latexit>

w
<latexit sha1_base64="H3rFLo9vLEr0tL/l79WHVdfU+Jk=">AAACNnicbVDLSgMxFM3Ud321Cm7cBIvgQsrUio+d6Malgm3FtpQkvdOGJpkhyahl6F+41e/wV9y4E7d+gpmxiFUPBE7OvSf35tBIcGN9/8XLTU3PzM7NL+QXl5ZXVgvFtboJY82gxkIR6mtKDAiuoGa5FXAdaSCSCmjQwVlab9yCNjxUV3YYQVuSnuIBZ8Q66aYlie3TILkbdQolv+xnwH9JZUxKaIyLTtHbaHVDFktQlgliTLPiR7adEG05EzDKt2IDEWED0oOmo4pIMO0kW3mEt53SxUGo3VEWZ+pPR0KkMUNJXWe6ovldS8X/as3YBkfthKsotqDY16AgFtiGOP0/7nINzIqhI4Rp7nbFrE80YdalNDGFUjmaFORuHPU0wMA9iwN+j7MLFmBTM+YK01B0sySPUxx85/aX1PfKlWq5erlfOjkdZzqPNtEW2kEVdIhO0Dm6QDXEkEIP6BE9ec/eq/fmvX+15ryxZx1NwPv4BG/Pq6k=</latexit>

q  Primal 

q  Dual 

Computationally more efficient, exploits strong duality,  
and enables the kernel “trick” 

su
pp
or
t
ve
ct
or
s

<latexit sha1_base64="anctxvn5OYQGJCpxjtHQhvL7I9U="></latexit>

[Cortes95] 
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XGBOOST 

41 

q  A tree-ensemble learning technique, which minimizes this objective function 

q  Fast and accurate hence used in many data mining contests 

q  Uses the sub-gradient (or derivative if differentiable) for the first (gradient) and 
second order (Hessian) of the objective function 

convex loss function (e.g., logistic loss) 

regularization terms 

minimize : Obj(ŷ) := L(y, ŷ) + ↵kwk1 +
1

2
�kwk22 + �T

<latexit sha1_base64="FLo3M636aG9bsjqslKFHgwwOW/0="></latexit>

h(t) := @2
ŷObj(ŷ; t)

<latexit sha1_base64="tIOUpZMZxj+cgfgMNcyfeqKcHEk="></latexit>

g(t) := @ŷObj(ŷ; t)
<latexit sha1_base64="9zRICCQFx+TIZVP9hZ8Z4UBl/dE="></latexit>

q  Logistic loss function: 

L(y, yi) := yi log
1

1 + e�ŷi
+ (1� yi) log

e�ŷi

1 + e�ŷi
<latexit sha1_base64="d8oneId1o9nN6JkQgJhiDWP/5HE="></latexit>

q  Using the gradient and Hessian, compute the “gain” for both the right and left 
subtrees.   Choose the direction with the maximum gain. 

[Chen16] 

minimum loss reduction required to make a 
further partition (i.e., complexity control) 

number of leaves 

weight vector 



Ph.D. Defense  Faris B. Mismar 11/22/19 

DEEP NEURAL NETWORKS 

42 

q  Perceptron 

q  Optimizers 
•  Stochastic Gradient Descent 
•  Adaptive moments “Adam” 

y := �(x>✓ + b)
<latexit sha1_base64="NdcxMimgojRSj44SpiLM7LSLa/8="></latexit>

✓ := ✓ � ⌘rL(y, ŷ;✓)
<latexit sha1_base64="2wfRfQg1yQNiUhv5bq2IH/GzLbU="></latexit>

q  Deeper and wider neural networks 
•  Feed-forward (no loops, adjusts weights   ) 
•  Backpropagation (method of calculating the gradient with 

respect to the neural network weights) 

✓
<latexit sha1_base64="CiDB2wfNojGaC7a876uXgEShOXo="></latexit>

bias term Non-linear activation function 

x,✓ 2 RM
<latexit sha1_base64="+evIgOZ+bQc+jLMZI+w8c5uSOpw="></latexit>

input feature vector 

perceptron weights 

Uses the gradient and its second moment (i.e., gradient squared).  Adapts the learning rate. 

learning rate 

loss function 

[Goodfellow] 

x1<latexit sha1_base64="FwCzDnkJFVI2ksf+XcYrkSE7ihc=">AAACL3icbVDLSgMxFM3UV62vVsGNm2ARupAyY8XHruDGZUX7gFpKJr3ThiaZIclIS+knuNXv8GvEjbj1L8xMi1j1QODk3Htyb44fcaaN6745maXlldW17HpuY3Nreydf2G3oMFYU6jTkoWr5RANnEuqGGQ6tSAERPoemP7xK6s0HUJqF8s6MI+gI0pcsYJQYK92Oul43X3TLbgr8l3hzUkRz1LoFZ/++F9JYgDSUE63bnhuZzoQowyiHae4+1hAROiR9aFsqiQDdmaS7TvGRVXo4CJU90uBU/emYEKH1WPi2UxAz0L9rifhfrR2b4KIzYTKKDUg6GxTEHJsQJx/HPaaAGj62hFDF7K6YDogi1Nh4Fqb4vpguCuI4jvoKYGifxQEb4fSCOZjEjJnEfsh7aZKXCc6+c/tLGidlr1Ku3JwWq6V5pll0gA5RCXnoHFXRNaqhOqKojx7RE3p2XpxX5935mLVmnLlnDy3A+fwCmK+oFA==</latexit>

x2<latexit sha1_base64="tMOd9E7xIb5Ltasvt0HQTgWJj14=">AAACL3icbVDLSgMxFM34rPXVKrhxEyxCF1KmrfjYFdy4rGgf0JaSSe+0oUlmSDLSUvoJbvU7/BpxI279CzPTItZ6IHBy7j25N8cLOdPGdd+dldW19Y3N1FZ6e2d3bz+TPajrIFIUajTggWp6RANnEmqGGQ7NUAERHoeGN7yJ641HUJoF8sGMQ+gI0pfMZ5QYK92PuqVuJucW3AR4mRTnJIfmqHazzlG7F9BIgDSUE61bRTc0nQlRhlEO03Q70hASOiR9aFkqiQDdmSS7TvGpVXrYD5Q90uBE/e2YEKH1WHi2UxAz0H9rsfhfrRUZ/6ozYTKMDEg6G+RHHJsAxx/HPaaAGj62hFDF7K6YDogi1Nh4FqZ4npguCuIsCvsKYGifxT4b4eSCOZjYjJnEXsB7SZLXMS5+clsm9VKhWC6U785zlfw80xQ6Ricoj4roElXQLaqiGqKoj57QM3pxXp0358P5nLWuOHPPIVqA8/UNmnioFQ==</latexit>

xM<latexit sha1_base64="tFcEgKoYxW+PCS0rYa1LTVp9Hag=">AAACL3icbVDLSgMxFM34rPXVKrhxEyxCF1KmVnzsCm7cCBXtA9pSMumdNjTJDElGWko/wa1+h18jbsStf2FmWsRaDwROzr0n9+Z4IWfauO67s7S8srq2ntpIb25t7+xmsns1HUSKQpUGPFANj2jgTELVMMOhESogwuNQ9wbXcb3+CEqzQD6YUQhtQXqS+YwSY6X7Yee2k8m5BTcBXiTFGcmhGSqdrHPQ6gY0EiAN5UTrZtENTXtMlGGUwyTdijSEhA5ID5qWSiJAt8fJrhN8bJUu9gNljzQ4UX87xkRoPRKe7RTE9PXfWiz+V2tGxr9sj5kMIwOSTgf5EccmwPHHcZcpoIaPLCFUMbsrpn2iCDU2nrkpnicm84I4icKeAhjYZ7HPhji5YA4mNmMmsRfwbpLkVYzzn9wWSe20UCwVSndnuXJ+lmkKHaIjlEdFdIHK6AZVUBVR1ENP6Bm9OK/Om/PhfE5bl5yZZx/Nwfn6BsqrqDA=</latexit>

q  Slower execution time compared to SVM and XGBoost 

⇥ := [✓`]
d+1
`=1

<latexit sha1_base64="KwSnP6mcgYJqcSz49+KM3M7TI44="></latexit>
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DEEP Q-LEARNING 

43 

[Sutton] 

q  Reinforcement learning  
•  Learns through interaction with an environment 
•  Seeks to maximize the expected future reward of an agent 

q  Experience 

q  Replay 
•  Samples from prior experience (i.e., the replay buffer) to 

remove potential correlation and improve stability of DQN 

Deep Q-Network (DQN) 

q  Bellman 

Q?
⇡(st, at) := Es0

h
rs,s0,a + �max

a0
Q?

⇡(s
0, a0) | st, at

i
,

<latexit sha1_base64="YiIZ83FIpPUcFElR0y6Rjv3NNEk="></latexit>

lim
t!+1

Q⇡(s, a;⇥t) = Q?
⇡(s, a)

<latexit sha1_base64="+xWd+CvtNZ9nxHiSL8Kk81bxRvw="></latexit>

current state 

current action 

et := (st, at, rt, st+1)
<latexit sha1_base64="6C19klhSCJn8hkBUCqKHEZfdp2s="></latexit>

current reward 

next state 

Stored in a replay buffer 

future discounted reward 

discount rate 

Universal approximation theorem 

q  Policy: defines a mapping from states to the actions taken 

•  Stochastic ⇡⇥(a | s) : S ⇥A ! [0, 1]
<latexit sha1_base64="wPLokG/ejlR7kEUFCDojMcC0gZY="></latexit>

q  Exploration vs exploitation 
•  Select a random action w.p.  
•  Find action that maximizes 

             w.p.  Q?
⇡(s, a)

<latexit sha1_base64="yj4xVd1XlKAuiZQhYll1i+WAaPk="></latexit>

∊-greedy has linear “regret” 

✏
<latexit sha1_base64="0YHZ3GFf/754b8IDEIgexxbLheQ=">AAACNHicbVDLSgMxFM3UV62vVsGNm2ARXEiZ0YouC25cVrAPaEvJpHfa0DyGJCOW0p9wq9/hvwjuxK3fYKbtwrZeCJycc0/uzQljzoz1/Q8vs7a+sbmV3c7t7O7tH+QLh3WjEk2hRhVXuhkSA5xJqFlmOTRjDUSEHBrh8C7VG0+gDVPy0Y5i6AjSlyxilFhHNdsQG8aV7OaLfsmfFl4FwRwU0byq3YJ33O4pmgiQlnJiTCvwY9sZE20Z5TDJtRMDMaFD0oeWg5IIMJ3xdOEJPnNMD0dKuyMtnrJ/HWMijBmJ0HUKYgdmWUvJ/7RWYqPbzpjJOLEg6WxQlHBsFU5/j3tMA7V85AChmrldMR0QTah1GS1MCUMxWSTERRL3NcDQPYsj9oynF8zBpmbMJA4V77kkg+XcVkH9shRcla4fysVKeZ5pFp2gU3SOAnSDKugeVVENUcTRC3pFb9679+l9ed+z1ow39xyhhfJ+fgFnVqpw</latexit>

(1� ✏)
<latexit sha1_base64="ZTEcOoR1KhmWNQNu1ZbWPeGtiSs=">AAACOHicbVDLSgMxFM34rPVZBTdugkVQ0DLjA10W3LisYGuhM0gmvVND8yLJiKX0N9zqd/gn7tyJW7/A9LGw6oHAybn33Hs5qebMujB8C2Zm5+YXFgtLxeWV1bX1jdJmw6rcUKhTxZVppsQCZxLqjjkOTW2AiJTDbdq9HNZvH8BYpuSN62lIBOlIljFKnJfi/egoBm0ZV/LgbqMcVsIR8F8STUgZTVC7KwXbcVvRXIB0lBNrW1GoXdInxjHKYVCMcwua0C7pQMtTSQTYpD86eoD3vNLGmTL+SYdH6k9HnwhreyL1nYK4e/u7NhT/q7Vyl10kfSZ17kDS8aIs59gpPEwAt5kB6njPE0IN87diek8Moc7nNLUlTcVgWhCHue4YgK4fizP2iEcfzMENzZhJnCre9klGv3P7SxrHleikcnZ9Wq6eTjItoB20i/ZRhM5RFV2hGqojijR6Qs/oJXgN3oOP4HPcOhNMPFtoCsHXNz1Qq0c=</latexit>

[Silver] 


