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From	LTE	to	5G
Key new features of 5G vs. LTE: 
• Millimeter wave (mmWave), esp. beam 

management and alignment features
• Variable bandwidths (“bandwidth parts”) 

and scalable OFDM subcarrier widths
• Flexible self-contained slots and control 

channels, more TDD emphasis
• Ultra-reliable low latency communication 

(URLLC) support
• Designed for max “forward compatibility”

Inherited/modified features from LTE: 
• OFDMA with most data and control 

channel structures preserved
• Carrier aggregation including unlicensed 

spectrum and now mmWave
• Most of the multi-antenna (MIMO) and 

CoMP (multi-transmission point) 
frameworks

• Overall – 5G can be viewed as largely an 
evolution from 4G (LTE), as opposed to a 
clean break as in previous G’s.
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Predictions: 
1. 5G will have a longer life cycle than previous Gs
2. 6G will not be a clean break from 5G (so defn. of 6G is “open”)



6G@UT:	UT	Austin’s	New	6G	Research	Center
Four	Main	Research	Directions.				More	info:	http://6g-ut.org/

1. Deeply Embedded Machine Learning
a. At PHY, MAC, Network layers – focusing on disruptive approaches
b. From modem up to a network-level scale, leveraging sensing

2. Pervasive Sensing
a. High integrity localization and mapping via 6G network infrastructure 
b. Sensing as a service; sensing as an input to ML algorithms

3. New Spectrum and Topologies
a. New spectrum (e.g. > 100 GHz) and new spectrum access modalities
b. Non-terrestrial network integration (esp. LEO) for global coverage

4. Network Architectures, Slicing and Sharing
a. True network slicing, separation of data and control planes 
b. Intensive softwarization; cellular in the cloud
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ML’s	Role	in	Future	Wireless
• ML is a broad set of ever-evolving techniques

• Determining the most appropriate approach is often the key research problem
• Incredibly, in some cases, you may even determine you don’t need or want ML!

• It is useful to think in terms of time scales and the training procedure
• Deep Neural Networks (DNNs)

• Often require considerable training, but then can make fast inferences or classifications and fully leverage GPU 
architectures.

• A DNN is in my mind basically a powerful form of adaptive signal processing
• Reinforcement learning (RL)

• Requires considerable “start up” (offline) training, and then can learn and adapt to slow changes in the environment 
(online phase), very powerful for complex time-varying problems

• However – we’ve found RL for wireless systems to often have convergence problems, and to be quite data hungry 
and slow.

• A DNN is typically more suitable for the physical layer (PHY).   
• RL for the upper layers and at a network level (with above caveats), although also for some “trial and 

error” type problems at the PHY/MAC

• In this talk we focus on Deep Learning at the PHY for two different (but related) problems; and 
we use two very different architectures
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Deep	Learning	at	the	PHY
• The 5G and WiFi PHY is highly optimized in both theory and practice

• Guided by information theory and decades of implementation, its very tough to beat state of the art 
– e.g. MIMO-OFDMA + LDPCs in a Qualcomm ASIC – in any meaningful way in a generic setting.

• For example, [AuoHoy21, ZhaDos21] recently show one can learn from scratch a competitive DNN-
based transceiver, that even has some possible advantages.   Impressive, but is it compelling?

• Instead of supplanting known PHY principles, I see the role of DL as more specific.
1. For nonlinear physical realities that defy good models

Examples: Low resolution A/D [BalAnd19], highly nonlinear RF/power amps [AuoHoy21], MIMO channel 
estimation with insufficient pilots and/or feedback [today’s example 2]

2. Finding approximate solutions to open problems in information theory
Examples: feedback channel codes [Kim20], many-user interference channels at moderate SINR [Mis21]

3. Site-specific learning & design where a “one-size fits all” approach is highly suboptimal
Examples: BS parameter optimization, beam alignment in a specific environment [today’s example 1], 
learned MIMO transceivers [O’Shea17], multiuser MIMO user selection
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Example	1:	Learning	Site-Specific	Probing	
Beams	for	Fast	mmWave	Beam	Alignment

1. Y. Heng, J. Mo, J. G. Andrews, “Learning Site-Specific Probing Beams for Fast mmWave Beam 
Alignment”, under revision, IEEE Trans. on Wireless Comm.   Available: 
https://arxiv.org/abs/2107.13121

2. Y. Heng, J. Mo, and J. G. Andrews, “"Learning Probing Beams for Fast mmWave Beam 
Alignment”, IEEE Globecom, Madrid, Spain, Dec. 2021.
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Beam	Alignment	in	5G
• Wireless systems operating at a carrier frequency above roughly 15 GHz – ”mmWave” and Sub-TeraHz (THz) 

– need increasingly directional beamforming (BF) to achieve viable received signal strength
• 5G mmWave base stations (BS) and user equipment (UE) at have large – 64 or 128 at BS side – codebooks of 

indexed analog beams, from which a good beam pair needs to be selected.
• A typical approach is an exhaustive search over a “DFT” codebook of 64 evenly spaced beams over a 3D cone 

or pyramid shape: slow and does not scale well to higher frequencies or mobile scenarios
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For an overview of beam alignment in 5G and a
view to the future, we have a recent paper with
Samsung research:

Y. Heng, J. G. Andrews, J. Mo, V. Va, A. Ali, B. Ng, and C.
Zhang, “Six Key Challenges for Beam Management in 5.5G
and 6G Systems”, IEEE Communications Magazine, July 2021.



Beam	Alignment	in	5G
• Downlink Beam alignment in 5G is based on this beam sweep (exhaustive search) approach. 

1. The BS sweeps through the transmit (Tx) codebook using Synchronization Signal Block (SSB) “wide” beams, UE 
transmits a random access preamble back to BS corresponding to the best SSB (beam)

2. Channel State Information Reference Signal (CSI-RS) “narrow beams" are used for beam refinement, up to 4 signal 
strength measurements can be fed back by the UE

3. The UE may also need to sweep its receive (Rx) codebook – causing a multiplicative increase in latency
4. Eventually/hopefully, the best beam pair is selected. 

• Although the limitations of this brute-force approach are obvious, it is hard to use many of 
the more “intelligent” methods, which may miss detecting new UEs or new UE positions
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Beam alignment is 
the #1 bottleneck to 
mmWave and THz 
communication.



Enhancements	to	Beam	Alignment
• !"#$%$&'"&%()*#%+),#%$&')iteratively reduce the search space by 

sweeping wide beams first, then narrower child beams [1].
• Reduces the beam sweeping overhead compared to the 

exhaustive search 
• Prone to search errors caused by noisy measurements
• We will use this as a baseline

• -./0#10)"/2.$+%0"./)such as location [2], out-of-band 
information [3] and vision [4] can assist beam alignment.
• Feedback of context information requires additional 

standards support
• Possible privacy issues for localization and vision

• 3"0#4,5#&"2"&)&.6#*..7,)can reduce beam sweeping overhead 
[5].   This is more related to our approach.

• Many other clever methods for beam alignment have been 
proposed, e.g. [6], but nearly all have important limitations in a 
real-world cellular system with many mobile users.

• 89$):.%()",)0.)6#;#(.5)%)5$%&0"&%()0#&'/"<9#)0'%0)2"0,)"/0.)0'#)
=>)2$%+#?.$7@)A#0)%&'"#;#,)*":):%"/,).;#$)0'#)&9$$#/0)
#1'%9,0";#)%/6)'"#$%$&'"&%(),#%$&')+#0'.6,
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!"#$%&$'()$*&$%+,-)$.&$/&$0123, 4-5$6&$7&$8()$9:(,343;+(;4<$%15,211=>?4@,5$AB<C(B@,3$?,4D$E34(-(-F$
G13$A(<<(D,C,3$H4I,$A4@@(I,$AJA.)9$(-$JKKK$E34-@&$H(3,<,@@$%1DDB-&)$LMLM&

!L#$7&$:,-F$4-5$N&$6&$/-53,O@)$PA4;+(-,$8,43-(-F>/@@(@C,5$?,4D$/<(F-D,-C$G13$DDH4I,$QR@C,D@S)$
C1$4TT,43)$JKKK$E34-@&$1-$%1F-(C(I,$%1DD&$4-5$U,CO13=(-F&$$V,43<R$4;;,@@$1-$JKKKWT<13,X

!Y#$/&$/<()$U&$61-Z4<,Z>[3,<;(;)$4-5$\&$H&$:,4C+)$PA(<<(D,C,3$O4I,$2,4D>@,<,;C(1-$B@(-F$1BC>1G>24-5$
@T4C(4<$(-G13D4C(1-)S$JKKK$E34-@&$H(3,<,@@$%1DDB-&)$LM"]&

!^#$H&$_B)$,C$4<&$9Y0$Q;,-,>?4@,5$?,4D$Q,<,;C(1-$G13$DDH4I,$%1DDB-(;4C(1-@&9$JKKK$H(3,<,@@$
%1DDB-&$8,CC,3@)$LMLM

!`#$A&$/<342,(4+)$7&$a+4-F)$4-5$/&$/<=+4C,,2&$9U,B34<$U,CO13=@$?4@,5$?,4D$%15,211=@b$8,43-(-F$
DDH4I,$A4@@(I,$AJA.$?,4D@$C+4C$/54TC$C1$0,T<1RD,-C$4-5$:435O43,&9$43_(IT3,T3(-C$
43_(IbLMMc&"^`M")$LMLM

!c#$.&$K&$/R4;+)$Q&$\4d4F1T4<)$Q&$/2B>QB334)$a&$[($4-5$\&$H&$:,4C+)$9QT4C(4<<R$QT43@,$[3,;15(-F$(-$
A(<<(D,C,3$H4I,$AJA.$QR@C,D@)9$(-$!"""#$%&'(&)*+,'(#,'#-+%./.((#0,112'+)&*+,'( )$A43;+$LM"^&

Hierarchical 
search



Overview	of	our	proposed	beam	alignment	method
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Our method utilizes two neural networks:
1. A probing codebook W, which is learned via site-specific 

training.    W consists of a small number (~10) of beams that 
learn to efficiently cover the key parts of the whole angular 
space.   

2. A beam selection function !!" #$%#&'()(&*+&,)%('-),).#(&/&
0))12%34&5.&W6(&7-528.9&2)%,(&#5&%.1&7-)183#&#$)&57#8,%:&
.%--5;&2)%,&8.&%&(#%.1%-1&351)2554&V !)<9<&=>?@&(8A)&BCD"

?$)&7-575()1&,)#$51&15)(&.5#&-)E'8-)&%118#85.%:&35.#)F#&
8.05-,%#85.@&"#$%&'%()*+",&-./%0&,1%,1/%23%-/"*%".&4#*/#,%
!5"*/0)567%%

!.?)"0)?.$7, :
1. BS sweeps probing codebook B
2. UE measures and reports the received 

power of each beam in B
3. BS predicts the optimal narrow beam in C

using f() based on the UE feedback
4. BS transmits data to a UE using its 

predicted  ; *

!"#$%&'(%)*+,
-. /.012*3405.06)405.07.08*9:2;+40<=2':*%*30>%(2?>@2&%A%&0!:)#%*30B2'C+0A):0D'+(0CCE'F20B2'C08$%3*C2*(G40

"*92:0:2F%+%)*40!"""#$%&'()#*'#+,%-.-((#/*00.0008F'%$'#$2,0H((@+,II':J%F.):3I'#+IK-LM.-N-K-
K. /.012*3405.06)40'*905.07.08*9:2;+40<O=2':*%*30!:)#%*30B2'C+0A):0D'+(0CCE'F20B2'C08$%3*C2*(G40!"""#

1.*2-3*0 4#6'9:%940>@'%*40P2&.0KLK-.

https://arxiv.org/abs/2107.13121


System	and	Signal	Model	(Baseline)
• =G&,':#87:)H8.7'#&(8.9:)H5'#7'#&!IJKL"&3$%..):&,51):@&*GM&!7:%.%-&%:(5&75((82:)"@&%.%:59&N>&5.:OP

12

• ?$)&NK&;8::&#-%.(,8#&%&1%#%&(O,25:&! '(8.9&%&N>&Q)3#5-&v@&%.1&#$)&-)3)8Q)1&(89.%:&3%.&2)&;-8##).&%(P

• ?$)&NK&$%(&%&.%--5;&2)%,&351)2554&V ;8#$&R! ?F&2)%,(@&5'-&95%:&8(&#5&'()&2)%,&v %3$8)Q8.9&#$)&2)(#&KRSP&

• ?5&15&(5@&%0#)-&(;))78.9&#$)&(,%::&!:)%-.)1"&7-528.9&351)2554&W, ;8#$&RE << R! 2)%,(@&#$)&-)3)8Q)1&75;)-&
50&)%3$&2)%,&8.&! 8(&,)%('-)1&%.1&-)75-#)1&#5&05-,&#$)&0)%#'-)&Q)3#5-&"P



Neural	Network	Architecture:	Learning	(Training)	Phase

• ?$)&).#8-)&7-528.9H2)%,&(;))78.9&%.1&.%--5;H2)%,&
():)3#85.&7-53)1'-)&%-)&(#%34)1&%.1&#-%8.)1&%(&%.&).1H#5H
).1&1))7&.)'-%:&.)#;5-4&!RR"<
• The probing codebook B is a complex-valued NN.
• Beam selector f() is a multilayer perceptron (MLP) classifier. 

• ='-8.9&#-%8.8.9@&#$)&3$%..):&Q)3#5-&h 8(&#$)&8.7'#&

• ?$)&5'#7'#&8(&#$)&7-52%28:8#O&50&)%3$&2)%,&8.&V 2)8.9&#$)&
57#8,%:&.%--5;&2)%,<&
• The loss function is the cross-entropy between this predicted 

distribution and the true optimal beam.
• Both NN’s are updated via the same loss function

• ?$)&7-575()1&,)#$51&-)E'8-)(&%.&500:8.)&#-%8.8.9&7$%()<&
• The training data consists of measured/estimated channel 

vectors throughout the cell area.  
• These can be obtained through ray-tracing simulation (our 

approach) before deployment or through channel estimation 
in an actual deployment.
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Our	Architecture:	Deployment	Phase

• For an actual BS deployment, after training, the learned 
probing codebook ! is extracted and implemented in RF 
e.g. as phase shifters

1. The BS periodically sweeps through its site-specific learned probing 
codebook B

2. The UEs measure and feed back the received power of each probing 
beam, forming the input feature 1. 

3. The BS predicts the optimal (top-1) narrow beam or the top-k
candidate beams in C to try using the learned MLP beam selection 
function f().

• If the environment or the overall UE location distribution 
changes (occurs slowly, on the order of hours or more), 
we can re-enter the training phase to update ! and !"#.
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Experimental	Setup
• Channel data is from our own Rosslyn dataset [2] and the public DeepMIMO dataset [7]:

• Generated using a commercial ray-tracing by “Wireless InSite”
• 4 different environments containing LOS and NLOS UEs. 
• 0.6/0.2/0.2 is training/validation/testing split

• NN parameters:
• MLP has 2 hidden layers with ReLu activation
• NN Trained for 200 epochs using the Adam optimizer

• We train models with different sizes of B : N! = [6, 8, 10, 12, 16,20]
• Baselines:

DE >#/"# (true optimum, a hard upper bound): picks the beam in Cwith the highest BF gain
FE G1'%9,0";#),#%$&': picks the beam in Cwith the highest received power (measurement is degraded by noise)
HE F4,0%:#)'"#$%$&'"&%(),#%$&': first searches N! wide beams covering the entire angular space, then searches all child beams 

of the best wide beam, finally selects the child beam with the highest received power.
IE J"/%$A),#%$&'K)repeatedly splits the search space into two equal partitions and search two wide beams covering each 

partition until reaching the final narrow beam
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!L#$7&$:,-F$4-5$N&$6&$/-53,O@)$PA4;+(-,$8,43-(-F>/@@(@C,5$?,4D$/<(F-D,-C$G13$DDH4I,$QR@C,D@S)$C1$4TT,43)$JKKK$E34-@&$1-$%1F-(C(I,$%1DD&$4-5$U,CO13=(-F&$
04C4@,Cb$+CCT@beeF(C+B2&;1De7Bf(4-F:,-FeA8>DDH4I, >?,4D >/<(F-D,-C

!g#$/&$/<=+4C,,2)90,,TAJA. b$/$6,-,3(;$0,,T$8,43-(-F$04C4@,C$G13$A(<<(D,C,3$H4I,$4-5$A4@@(I,$AJA.$/TT<(;4C(1-@$)P$(-$[31;&$JE/)$h,2&$LM"i&

https://github.com/YuqiangHeng/ML-mmWave-Beam-Alignment


Rosslyn	Ray-tracing	Dataset
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• The ray-tracing environment is a 3-D reconstruction of 
an urban outdoor area of “Rosslyn” in Arlington, VA 

• ?$)&2'8:18.9(&%.1&#)--%8.&%-)&,51):)1&;8#$&35.3-)#)&
,%#)-8%:&;8#$&#$)&%77-57-8%#)&18):)3#-83&7-57)-#8)(

• BS placed at the center of an intersection with 10-
meter elevation, with 64 antennas

• 73,884 UEs are placed uniformly around the AP on the 
terrain surface in a roughly (90 meters)2 grid with 0.35 
meter spacing and 2-meter elevation.

• 28 GHz carrier, 100 MHz bandwidth

!L#$7&$:,-F$4-5$N&$6&$/-53,O@)$PA4;+(-,$8,43-(-F>/@@(@C,5$?,4D$/<(F-D,-C$G13$DDH4I,$QR@C,D@S)$C1$4TT,43)$JKKK$E34-@&$1-$%1F-(C(I,$%1DD&$4-5$U,CO13=(-F&$
04C4@,Cb$+CCT@beeF(C+B2&;1De7Bf(4-F:,-FeA8>DDH4I, >?,4D >/<(F-D,-C

https://github.com/YuqiangHeng/ML-mmWave-Beam-Alignment


DeepMIMO Datasets
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DeepMIMO O1_28 & O1_28B
• Outdoor street environment (O) with buildings on 

both sides. 
• O1_28 contains 72,581 LOS UEs.
• O1_28B includes an additional metal screen in front 

of the BS and reflectors on both sides.
• Contains 497,931 LOS + NLOS UEs

• Both are at 28 GHz carrier

DeepMIMO I3
• Indoor office environment (I) with a grid of LOS 

UE in the room and NLOS UEs in the corridor.
• Contains 118,959 LOS + NLOS UEs

• 60 GHz carrier

!g#$/&$/<=+4C,,2)90,,TAJA. b$/$6,-,3(;$0,,T$8,43-(-F$04C4@,C$G13$A(<<(D,C,3$H4I,$4-5$A4@@(I,$AJA.$/TT<(;4C(1-@$)P$(-$[31;&$JE/)$h,2&$LM"i&



Evaluation:	beam	alignment	accuracy	in	NLOS scenarios

• The beam alignment accuracy is the probability (relative frequency) that the BS selects the optimal narrow beam from C.

• The genie (UB) has probability 1 of selecting the best beam.

• The proposed method outperforms the hierarchical searches with just 6 probing beams and no additional beam sweeping (k = 1). 

• By trying the top-3 predicted candidate beams, the proposed method quickly outperforms even the exhaustive search!
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Evaluation:	beam	alignment	accuracy	in	LOS	scenarios

• ?$)-)&8(&:)((&9%8.&35,7%-)1&#5&8.&#$)&RGLK&(3).%-85(@&(8.3)&#$)-)&8(&35.(81)-%2:O&:)((&
(#-'3#'-)&#5&:)%-.&%.1&#$)&%.9:)&50&%--8Q%:&!M5M"&18(#-82'#85.&8(&,5-)&'.805-,&

• ?$)&7-575()1&,)#$51&3%.&(#8::&2)%#&$8)-%-3$83%:&()%-3$)(&;8#$&BT&7-528.9&2)%,(&%.1&
#$)&)F$%'(#8Q)&()%-3$&;8#$&BU<
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Beam	sweeping	complexity/latency	for	many	UEs
• V$).&35.(81)-8.9&(8,':#%.)5'(&2)%,&%:89.,).#&05-&

,':#87:)&*+(&!W@&BX&%.1&BW&*+("&#$)&7-575()1&,)#$51&
(#8::&%3$8)Q)(&,'3$&:5;)-&2)%,&(;))78.9&35,7:)F8#O&
!(;))7(&0%-&0);)-&#5#%:&2)%,("<

• >5-&BX&*+(@&#$)&7-575()1&,)#$51&-)1'3)(&#$)&2)%,&
(;))78.9&5Q)-$)%1&50&#$)&$8)-%-3$83%:&()%-3$&,)#$51(&2O&
%-5'.1&3x ;8#$&BC&7-528.9&2)%,(&%.1&4YZ&%.1&2O&%-5'.1&
10x ;8#$&BC&7-528.9&2)%,(&%.1&4YB<

• R5#)P&#$)&,':#87:)&*+&(3).%-85&8(&;$).&#$)&%77%-).#&
9%8.(&50&,%.O&5#$)-&%77-5%3$)(&)Q%75-%#)
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Beam Sweeping Complexity for " UEs



Probing	codebook	beams:	what	do	they	look	like?

• ?$)&%-3$8#)3#'-)&35.(8(#).#:O&:)%-.(&7-528.9&
2)%,&7%##)-.(&#$%#&[,%4)&().()\&8.&#$)&35.#)F#&
50&#$)&7-57%9%#85.&).Q8-5.,).#<

• RGLK&).Q8-5.,).#P
• Strong beams tend to point towards the reflectors 

and LOS UEs on either side
• Little energy directed towards blockage areas or 

dead zones
• J,75-#%.#&#5&.5#)&#$%#&;)&15&.5# 57#8,8A)&#$)&

7-528.9&351)2554&W 05-&%Q)-%9)&N>&9%8.&5-&KRS<&
• S%#$)-@&#$)&7-528.9&351)2554&8(&57#8,8A)1&#5&

:)%-.&#$)&7-57%9%#85.&).Q8-5.,).#&#5&2).)08#&
#$)&15;.(#-)%,&IG]&2)%,&():)3#5-&!89
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For LOS, 
learns a 
nontrivial 
but fairly 
uniform 
pattern

For NLoS, 
learns best 
reflectors 
and to avoid 
obstacles: 



Wrap-up	of	Example	1
• We proposed a promising, 5G-plausible, deep-learning based beam alignment method that 

predicts the optimal narrow beam(s) after sweeping a learned site-specific probing codebook
• There is significant gain in the challenging NLOS scenarios

• ?$)&7-575()1&,)#$51&3%.&-)%3$&5-&)Q).&)F3))1&#$)&)F$%'(#8Q)&()%-3$&%33'-%3O@&;$8:)&-)1'38.9&#$)&
()%-3$&:%#).3O&by over 10x. 

• V)&35.^)3#'-)&#$)&9%8.(&35':1&2)&)Q).&:%-9)-&05-&.%--5;)-&2)%,(&%#&$89$)-&3%--8)-&0-)E').38)(&!?_A"

• My take on why it works so well (in light of the “no free lunch” principle):
• J.(#)%1&50&%&5.)H(8A)H08#(H%::&(5:'#85.@&5'-&7-528.9&351)2554&)F7:58#(&#$)&'.8E')&7-57%9%#85.&%.1&*+&

3:'(#)-8.9&8.&)%3$&3)::&(8#)@&;$83$&%Q581(&,5(#&;%(#)0':&()%-3$)(
• ?$)&).1H#5H).1&#-%8.8.9&50&25#$&#$)&7-528.9&351)2554&%.1&#$)&2)%,&():)3#5-&0!"&%::5;(&(O.)-98)(&

2)#;)).&#$),&#5&1)Q):57
• L'-&(3$),)&15)(&8.3-)%()&#$)&*G&0))12%34&7)-&*+&` ;)&().1&0))12%34&5.&%::RE 7-528.9&2)%,(@&

8.(#)%1&50&^'(#&#$)&2)(#&2)%,!("<&&_5;)Q)-@&#$8(&8(&7-52%2:O&%&9-)%#&#-%1)500&8.&,5(#&3%()(@&(8.3)&;)&
%3$8)Q)&,'3$&0%(#)-&15;.:8.4&2)%,&%:89.,).#<

• Considerable scope for future work and generalizations of this framework
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Example	2:
Ultra	High	Dimensional	Channel	Estimation	
leveraging	Deep	Generative	Networks

1. E. Balevi, A. Doshi, A. Jalal, A. Dimakis, and J. G. Andrews, “High Dimensional Channel Estimation Using Deep 
Generative Networks”, IEEE Journal on Sel. Areas in Communications, Vol. 39, No. 1, pp. 18-30, Jan. 2021 

2. E. Balevi and J. G. Andrews, “Wideband Channel Estimation with A Generative Adversarial Network”, IEEE Trans. 
on Wireless Comm, Vol. 20, No. 5, pp. 3049-60, May 2021.

This work has been supported by NSF (and preliminary work by Intel)



Motivation	
(I	thought	Channel	Estimation	was	a	solved	problem?)

! !" #$%&'($)*+,*"-. /' 0&01 2 3456 $)* -,&- 7%'89'):,'. /';')"9$##< 1 2==3456>
• Could have antenna spacings on the order of 2-3 mm (100-150 GHz carrier).
• 6G base stations could have ~10,000 antenna elements in a compact planar array

! ?-$))'# '.",@$",A) $)* -,&- &$,) ('$@ $#,&)@')" +,##(' "-' @A.":-$##')&,)&
B%A(#'@.+,"- *,@').,A)$#,"<A) "-' A%*'%A7>

• 1,000-10,000 x 100-1,000 spatial channel dimensions (correlated)
• 1,000 subcarriers over 10+ coherence bandwidths
• 10! "10# total (correlated) dimensions – "#$%&'()' *(+,-!(.-&# (UHD)
• Current approaches won’t scale: too many pilots, too much computation

! C'$)+-,#'D *''B #'$%),)&$BB%A$:-'.7A%'77,:,')"#< !""#$%&'!(&)* #$%&',);'%.'
B%A(#'@.$%''EB'%,'):,)& %$B,*$*;$):'@')"D ' 0&0*''B &')'%$",;' @A*'#./F3C.6

! G%A@HE02D$#.A%':$##+' )''* :-$))'# '.",@$"'. "A#'$%)$B%A(,)&:A*'(AAI 0
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• !"#$%&%'(#)*+#((,) ,-&%.#&'"--/*+ #- 01123 #", (,#" 4'5&%.#)6'" "%*+./)&%5#&+*+#((,)-
• However, ultra high-dimensional channels tend to exhibit extremely sparse structures [Bajwa10a, which

these estimators cannot directly exploit
• Moreover, GK-type estimators require many pilots: at least equal to the number of transmit antennas, as well

as priors like the correlation matrix
• 7- # ",.,$89 -5#"-%&8+#- :,,( ,;5)'%&,$<%#*'.5",--,$ -,(-%(= >?2@9, A=A%(/($,"B#&," #*'/-&%*

*+#((,)- CD,"=," EFG#($ ..H#<, *+#((,)- >,A=AC7)IEJ9K,( ELG@A
• M%=+$%.,(-%'(#) *+#((,)- #", '6&,( <,"8 -5#"-,N)'B "#(I CO#55#5'"&EPG9C3)%#-%ELG9:/& ('&

(,*,--#"%)8%(# I('B( :#-%-Q:#-%-*#( <#"8:#-,$ '( &+,,(<%"'(.,(&
• R/" #55"'#*+Q# -%&,4-5,*%6%*ST1 B+%*+),#"(- &+,5"'5#=#&%'(,(<%"'(.,(& <%## T7U
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High	Dimensional	Channel	Estimation

!"#$%#&'()*+)"#$%#,)-+).#/01,)2+)3+)4#5667,)8+)9:%#;,)<=:>0?6@@67)=A#BB6C)46B@DBEF)2)96%)200?:#GA)1:)H@1D>#1DBE)40#?@6)3/C1D0#1A)=A#BB6C@II,)J?:G+KHHH)L'&'+)
!"6?E6?&'()=+)8+)"6?E6?,)M+)*#BE,)-+)./#BE,)4+)MA:/,)<200CDG#1D:B):N)46B@DBE)1:)40#?@6)=A#BB6C)H@1D>#1D:BII,)KHHH)=:>>+)3#E#ODB6,)9:P+L' &'+)
!2C;&Q()2+)2C;A#166R,)61)#C,)<=:>0?6@@DP6)=A#BB6C)6@1D>#1D:B)#B7)A5R?D7)0?6G:7DBE)N:?)>DCCD>616?)%#P6)G6CC/C#?)@5@16>@,S)!"""#$%&%',)TG1+)L'&Q+)
!8#00#0:?1&U()V+)8#00#0:?1)61)#C+)W*D?6C6@@)G:>>/BDG#1D:B@)#B7)#00CDG#1D:B@)#R:P6)&'')X.OF)T00:?1/BD1D6@)#B7)GA#CC6BE6@)N:?)YX)#B7)R65:B7+W!"""#())*++ ,)-/B+)L'&U!"
!HCD#@D&Z()J+)HCD#@D61)#C,)<[:%\?#B;)@0#1D#C)GA#BB6C)6@1D>#1D:B)N:?)>DCCD>616?)%#P6)G6CC/C#?)@5@16>@,S)!"""#&,-.+/#0.#12,*3*++#4055/,)L'&Z
!]6B&Z()^+)]6B/E:0#C)61)#C,)<=A#BB6C)6@1D>#1D:B)N:?)A5R?D7)#?GAD16G1/?6\R#@67)%D76R#B7)>DCCD>616?)%#P6)@5@16>@,S)KHHH)-42=,)460+L'&Z+



• ?'.5",--,$ Sensing (CS) using Matching Pursuit (MP) algorithms [Alk14] [Lee16] 
• !""#$%&$'()#$*++,&+,(*%"$-+*,-('.()/ 0*-(-
• 1&23"$4&5+2"6$&+%(5(7*%(&)$+,&02"5$*%$"*48$4&8",")4"$()%",3*2

• Message Passing (EM-GM-AMP, VAMP) [VilaSchniter13] [Rangan19] 
• 9&,:-$;"22$'&,$*$2*,/"$42*--$&'$,*)#&5$-")-()/$5*%,(4"-<$0=%$,">=(,"$*$-+*,-('.()/$0*-(-$

• Recent Deep Learning techniques [Wen18] [Yang19] [Gao19] [Dong19]
• 1=+",3(-"#<$"64"--(3"$%(5"$,">=(,"#$%&$/")",*%"$%8"$)"4"--*,.$2*0"2"#$#*%*$*)#$%8")$%,*()
• ?)-=+",3(-"#$%"48)(>="-$;&=2#$()$/")",*2$0"$'*,$+,"'",*02"

@A

!"#"$%&'%"($%#)"%*+%(*,(%-*.$+/*&+#0%1(#++$0%$/"*.#"*&+
(not an exhaustive list)

J9%K,*'$>K9.'K"-'K."%9:"9%'K:$B"9%'*K(<K$K*''BK&')'%$",;'K@A*'#K$.K$K
B%,A%DK'#,@,)$",)&K"-'K)''*K7A%K$K.B$%.,7<,)&($.,.KA%K.9B'%;,.'*K#'$%),)&

![66&Y()-+)[66)61)#C+)W=A#BB6C)6@1D>#1D:B)PD#):?1A:E:B#C)>#1GADBE)0/?@/D1)N:?)A5R?D7)3K3T)@5@16>@)DB)>DCCD>616?)%#P6)G:>>/BDG#1D:B@+W!"""#&/#4055/ ,)20?+)L'&Y+
!]DC#4GAD1B6?&_()-+)]DC#)#B7)J+)4GABD16?+)WH`06G1#1D:B\>#`D>DO#1D:B)X#/@@D#B\>D`1/?6)#00?:`D>#16)>6@@#E6)0#@@DBE+W!"""#&,-.+/#0.#%26.-3#',0)*++/7#-/C+)L'&_+)
!8#BE#B&U()4+)8#BE#B)61)#C+)W]6G1:?)#00?:`D>#16)>6@@#E6)0#@@DBE+W!"""#&,-.+/#0.#!.80/#&9*0,:,)3#5)L'&U+)
!*6B)&a()=+)^+)*6B)61)#C+,)Wb660)C6#?BDBE)N:?)>#@@DP6)3K3T)=4K)N667R#G;+W!"""#12,*3*++#4055;.2)-<20.+#=*<<*,+,)TG1+)L'&a+)
!c#BE&U()c+)c#BE)61)#C+,)<b660)C6#?BDBE\R#@67)GA#BB6C)6@1D>#1D:B)N:?)7:/RC5)@6C6G1DP6)N#7DBE)GA#BB6C@+S!"""#())*++ , >-,/#?@AB#
!X#:&U()4+)X#:)61)#C,)<b660)C6#?BDBE)R#@67)GA#BB6C)6@1D>#1D:B)N:?)>#@@DP6)3K3T)%D1A)>D`67\?6@:C/1D:B)2b=@,S)!"""#4055;.2)-<20.+#=*<<*,+, 2/E+)L'&U
!b:BE&U()J+)b:BE)61)#C,)<b660)=99\"#@67)=A#BB6C)H@1D>#1D:B)N:?)>>*#P6 3#@@DP6)3K3T)45@16>@,S)!"""#$0;,#08#%*3&0C#2.#%26.-3#',0)*++2.6#7#%*C#?@AB/#
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Deep	Generative	Models
• A deep generative model is a feed-forward NN 

• Input vector # $ %! &'()*() vector + # $ %" where , - . .  
• For small images, p/012*3 , 4 566 and . 4 789 789 : ;4 5<&<==>. 

• This NN can be trained to take a iid Gaussian input # and produce samples of 
complicated distributions, e.g. human faces [Radford16]

• One powerful method for training generative models is !"#"$%&'(")
*+("$,%$'%-)."&,)/!*.,01

# ! $#%

!8#7N:?7&Y()8#7N:?7,)[+)361O,)#B7)4+)=ADB1#C#,)<dB@/06?PD@67)?60?6@6B1#1D:B)C6#?BDBE)%D1A)7660)G:BP:C/1D:B#C)E6B6?#1DP6)#7P6?@#?D#C)B61%:?;@,S)K=[8,)3#5)L'&Y+)
!^#??#@&a()V+)^#??#@,)V+)2DC#,)4+)[#DB6,)#B7)-+)[6A1DB6B,)<J?:E?6@@DP6)E?:%DBE):N)X29@)N:?)D>0?:P67)e/#CD15,)@1#RDCD15,)#B7)P#?D#1D:B,S)K=[8)L'&a

T7UV6#*,-VCW#""#-EXG
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Generative	Adversarial	Net	(GAN)
• !"#!$"%#&&'()**&+,-./0"1&234353"&("5+&"())'6(&7+87'"$$39"8":)2)785&7"! ;" '43174<4285&7""

)2:8:42:"42"82"45)7854=)"<424<8>":8<)?""

• ! 855)<@535&*)8725A)'858 '43574BC54&2# ! 9+A4*)" *)87235&'43174<4285)B)5+))2 7)8*'858
38<@*)3$ # ! 82' (8D)&2)3(7&<! $ #" .

A110@FffGB1;+#Df051A:B7:G@f=9
V^gL'Y2g"#@DGgX29+A1>C

!X::7N6CC:%&Q()X::7N6CC:%,)K#B,)61)#C+)WX6B6?#1DP6)#7P6?@#?D#C)B61@+W(DE-.)*+#2.#.*;,-3#2.80,5-<20.#C,0)*++2.6#+:+<*5++)L'&Q+

https://cntk.ai/pythondocs/CNTK_206A_Basic_GAN.html


!"#$%&''&()*&+',+-)./"%),#0-&)%&1"+'2%312,"+4)
3',+-)5&+&%02,6&)77'
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Y"%'"V7)='"%&+.VCD'"#ELGQ
EA !"#%(V#VT7UV/-%(=V#(V%.#=,V$#&#-,&A
ZA 3;&"#*&V&+,V&"#%(,$V=,(,"#&'"V! A
[A T%<,(V#V('%-8V*'.5",--,$V':-,"<#&%'(V"9V

",*'(-&"/*&V&+,V&"/,V%.#=,V"#,(*'$,-V:8V
-')<%(=V&+,V6'))'B%(=V'5&%.%\#&%'(V
5"':),.V/-%(=V="#$%,(&V$,-*,(&Q

B+,",V!"%-V#V)'--V6/(*&%'(AV]'"V,;#.5),9VV

JAVVV!+,V",*'(-&"/*&,$V%.#=,V%-V&+,(V! $##%A

!":?#&Z()2+)":?#,)2+)-#C#C,)H+)J?DG6,)#B7)2+)X+)bD>#;D@,)<=:>0?6@@67)@6B@DBE)/@DBE)E6B6?#1DP6)>:76C@,S)
DB)KB1C+)=:BN+):B)3#GADB6)[6#?BDBE)hK=3[i,)2/E+)L'&Z,)00+)j_ZkjQY+



30

Part	1:	Narrowband	Channel	Estimation
• !"#%(%(=4:#-,$ *+#((,) ,-&%.#&%'(#55"'#*+ 6'" (#""'B:#($ 5'%(&4&'45'%(&S0 1^1R -,&/5

B%&+Up 5%)'&-_ Ut &"#(-.%&#(&,((#- _ Ur ",*,%<,#(&,((#-A
• ^( ,#*+ &%.,-)'&9D2 ,.5)'8- # &"#%(%(=:,#.6'".," &' &"#(-.%&# 5%)'&-8.:') & '

( 9B+%),&+,̀ 3 .#I,- U" .,#-/",.,(&- A
• U5 $%-&%(*&:,#.6'".%(= <,*&'"- #", ,.5)'8,$ $/"%(=&"#%(%(=AS,('&,
• 7--/.%(= &+,-5#&%#)*+#((,) .#&"%; ",.#%(- *'(-&#(& '<," &+,U5 &%.,-)'&-9

",*,%<,$&"#%(%(=-%=(#) #&̀3 Q

• K,*&'"%\%(=9V#($V/&%)%\%(=VW"'(,*I,"V5"'$/*&-Q

?+#)),(=,Q7--/.%(=V) 5 * ) &+6%($%(=VM6"'.V 8 %-V#(V%))45'-,$V%(<,"-,V5"':),.A
R/"V%$,#Q`-,V&+,V-&"/*&/",V*#5&/",$V:8V#V5",&"#%(,$V$,,5V=,(,"#&%<,V.'$,)V#-V#V5"%'"A

B+,",



31

Narrowband	Generative	Channel	Estimator	(GCE)
7$#5&%(=VCD'"#ELGV&'V*+#((,)V,-&%.#&%'(Q
EA !"#%(V#VT7UV/-%(=V#V-,&V'6Va",#)bV*+#((,)V

",#)%\#&%'(-V>$,&#%)-V-+'"&)8@A
ZA 3;&"#*&V&+,V&"#%(,$V=,(,"#&'"V! A
[A T%<,(V('%-8V5%)'&V.,#-/",.,(&-V89V",*'(-&"/*&V

&+,V*+#((,):8V-')<%(=V&+,V6'))'B%(=V
'5&%.%\#&%'(V5"':),.V/-%(=V="#$%,(&V$,-*,(&Q

JA !+,V",*'(-&"/*&,$V*+#((,)V,-&%.#&,V%-V&+,(VV
! ## +B+%*+V%-V) ! , ) $

H,V",6,"V&'V&+%-V6"#.,B'"IV#-V&+,V!$%$"&'()$#
*+&%%$,#-.'(/&'0"#1!*-23

B+,",V- %-V&+,VT7Uc-V%(5/&V<,*&'"V$%.,(-%'(9V
#($VVVVVVVVV%-V#V",=/)#"%\#&%'(V5#"#.,&,"AV
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Wireless	System	Parameters

E)*8F"G7&(4*) HEI 6EJ

%& K/

%' .K

!25)228"!778F LI!

H8774)7"M7)NC)21F/-"#OP

!25)228"Q@8142: () *+

R)(&7)"C342:"5A)"34<C*85)'"1A822)*"<85741)3"(&7"5784242:"5A)"
#!$9"+)" 2&7<8*4P)"5A)<")*)<)256+43)?

M&7":)2)78542:"5A)"B83)*42)39"1&234')742:"5A)"1*C35)7)'"1A822)*"
<&')*"SHEIT9"+)"C3)",E"EMU"8778F"7)3@&23)"<85741)3"! !" 82'"
! # 5&"&B5842"5A)"3@873)"1A822)*"7)@7)3)25854&2

UA)"7)1)4=)'"34:28*"85"5A)"LV"43?
E)2&5)"BF"""""""""""""""""""""""""""""""""""""""A

B$C,&5$DEFF$-+"4-$GH$DIJKLM<$*$-+*%(*2$NO1$48*))"2$5&#"2$=-"#$'&,$?P($-4")*,(&-J$QRN$SQ2=-%","#$R"2*.$N()"
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Performance	Benchmarks

I833&"HA822)*"V354<854&2?H&234')742:"5A)", * 1&2=)>"7)*8>854&2"&("5A)"WXG"@7&B*)<"SR8343"
GC73C45"E)2&4342:T9"+)"3&*=)"5A)"(&**&+42:"I8:782:482"(&7<"C342:"8"1&2=)>"3&*=)7?

VX 6#X 6!XG"HA822)*"V354<854&2%Y4*8Q1A245)7.Z0?#4=)2"! ;" ! sp9"VX6#X 6!XG"7)1&=)73"" v 
(7&<"+A41A"+)"182"7)1&=)7" A

WXG"HA822)*"V354<854&2%X[2')P6\48*.K0?Q&*=)3"5A43"2&261&2=)>"1&<B4285&748*"@7&B*)<?

UA)"WXG"35&@@42:"1745)74&2"43"B83)'"&2"7)34'C8*")77&7"@&+)79"1A&3)2"5&"B)"5A)"2&43)"=874821)]"

!3lB76O\8D#C&Y()8+)3lB76O\8D#C61)#C+)<.5R?D7)3K3T)#?GAD16G1/?6@)N:?)>DCCD>616?)%#P6)G:>>/BDG#1D:B@F)JA#@6)@ADN16?@):?)@%D1GA6@mS+!"""#())*++ , -#B+)L'&Y
!]DC#4GAD1B6?&_()-+)]DC#)#B7)J+)4GABD16?+)WH`06G1#1D:B\>#`D>DO#1D:B)X#/@@D#B\>D`1/?6)#00?:`D>#16)>6@@#E6)0#@@DBE+W!"""#&,-.+/#0.#%26.-3#',0)*++/7#-/C+)L'&_)
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GAN	Model	and	Training	Details

U784242:"'858"34P)ZK^/

U)3542:'858"34P) .,

W@54<4P)7 \XQG7&@

I)87242:"\85) -]----^

R851A"Q4P) ,--

V@&1A3 Z---

) 7): -]--.

• WC7"_833)735)42"#!$"%!7`&=3DF.a0"+83"57842)'"+45A"
34<C*85)'"1A822)*"7)8*4P854&23]"

• UA)":)2)785&7"#SPT"43"8"E))@"H&2=&*C54&28*"2)C78*"2)5+&7D9"
+A41A"43"5A)2")>57815)'"5&"C3)"42"5A)"!*:&745A<":4=)2")87*4)7]

• #"58D)3"82"42@C5"- . / %9"@833)3"45"5A7&C:A"8"')23)"*8F)7"+45A"
&C5@C5"34P)".,b" t " r c.K9"82'"7)3A8@)3"45"5&"$ $ t NJ+$

%
$ r

NJ+(./ %A
• UA43"*85)25"7)@7)3)25854&2"43"@833)'"5A7&C:A"0 ' . *8F)739"

)81A"1&2343542:"&("5A)"(&**&+42:"C2453?"C@638<@*42:9",E"
H&2=&*C54&2"+45A"8"D)72)*"34P)"&("/"82'"R851A"
$&7<8*4P854&2]

• M428**F"@833)'"5A7&C:A"8",E"H&2=&*C54&28*"*8F)7"+45A"*42)87"
8154=854&2"5&"&B5842"# 0- 19"5A)") ! , ) $ 1A822)*")354<85)

!2?$:P@;5&Z()3+)2?$:P@;5,)4+)=ADB1#C#,)#B7)[+)":11:/,)<*#@@6?@16DB)E6B6?#1DP6)#7P6?@#?D#C)
B61%:?;@,S)DB)KB1C+)=:BN+):B)3#GADB6)[6#?BDBE)hK=3[i,)L'&Z,)00+L&QkLL_+
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GCE	requires	under	40	parameters	to	represent	a	
16x64	complex	CDL	channel

• H,V$,&,".%(,V&+,V'5&%.#)V$%.,(-%'(V- '6V&+,V%(5/&V#
&'V&+,V=,(,"#&'"V%(V#:-,(*,V'6V('%-,9V5)'&&%(=VU123V
#-V#V6/(*&%'(V'6V1) & ) $AV

• - ' 23 #55,#"-V-/66%*%,(&9V#($V%(*",#-%(=V1) & ) $

:,8'($VFAJV$',-V('&V%.5#*&V&+,VU123QV

• 4+5.6#7$#8$'#0)$"#9:;#<0/="$..(0%#><,"8V
/-,6/)V6'"V*+#((,)V6,,$:#*I9V%6V(,,$,$@

• `-%(=V&+,V%(5/&V<,*&'"V## >'6V-%\,V%@9VB,V*#(V",*'<,"V
&+,V*+#((,)V,-&%.#&,VB%&+'/&VI('B%(=&+#&V&+,V
*+#((,)V%-V-5#"-,V%(V#(8V5#"&%*/)#"V>,A=AVS]!@V:#-%-AV

• T?3V5"'<%$,-V#V.'$,)46",,V#55"'#*+V6'"V,66%*%,(&)8V
",5",-,(&%(=V%(+,",(&)8V-5#"-,V'"V-&"/*&/",$V*+#((,)-A
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GCE	outperforms	OMP,	Lasso	&	EM-GM-AMP

3?HK$:-,';'.K$(A9"KLK*MKNCOHK&$,)KA;'%KHCP3C P!CQK$"KONRKSK2TK*MK

!" # $! $" # %&' !" # $! $" # %&(
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HEB#$)$",A).U?A@@')".>
EA T?3V+#-V5"%'"V%(6'".#&%'(V#:'/&V&+,V

*+#((,)V$%-&"%:/&%'(9VB+%*+V&+,V'&+,"V
&,*+(%d/,-V$'V('&

ZA M'B,<,"9V&+,V'&+,"V&,*+(%d/,-V$'VI('BV
#($V,;5)'%&V&+,V-5#"-%68%(=>,A=AVS]!@V
:#-%-QVT?3V$',-V('&

[A H,V,;5)'%&V",$/*,$V#(&,((#V-5#*%(=VeV
+%=+V-5#&%#)V*'"",)#&%'(V&'V),#"(V*+#((,)V
$%-&"%:/&%'(

GCE	outperforms	OMP,	Lasso	&	EM-GM-AMP
!" # $! $" # %&)*



Part	2:	Wideband	Channel	Estimation
• UAC3(87+) A8=)833C<)' 2877&+B82'1A822)*)354<854&295&34<@*4(F5A)@7&B*)<82'

(&1C3&25A)3@8548*'&<842] O&+)=)7?
• !"#$%&"'()*(+, -,"''%./ "#%0#%12%'-3/%.%-+*4%5
• 6'.3 +,%+*7%"'( /8"+*". (97"*' -9##%."+*9'-"' &%%:8.9*+%(09#'"##9)&"'(; /9 )% 2/%("'

"#+*0*-*"..3/7".. "'+%''" /8"-*'$ <! "#$=+9$%'%#"+%/200*-*%'+-9##%."+*9'<),*-, 8#%/27"&.3"
#%".>)9#.( -,"''%. )92.( "./9 8#94*(%=5

• #!$3 87)C54*4P)'(&7+4')B82' 1A822)*<&')*42: %E&72)7,- 09BC55A43)354<85)3&2*F5A)
1&2'454&28*'43574BC54&2982' 432&581A822)*)354<85&7]

• _4')B82' <&')* ?
• $ p @4*&539$ t 57823<45825)22839$ r 7)1)4=)825)2283; 2&+ $ f 3CB18774)73
• U7823<45@4*&53F<B&*3(7&<<C*54@*)\M 1A842383&@@&3)'5&8342:*)\M 1A842

• Q8<) B834135)@394]) ]9=)15&74P42:982' C54*4P42:d7&2)1D)7@7&'C1595A)2BC4*'42:C@&2
82' <&'4(F42:5A)@7)=4&C3:)2)7854=)1A822)*)354<854&2S#HVT871A45)15C7)]
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Wideband	Generative	Channel	Estimator

The key differences vs. narrowband:
a. The measurement matrix has a different

(wideband) structure.
b. The channels are structured as N$N%distinct

complex planes of size N&x N' Thus:
• 9" 4*) "6+2&(%0&%8',">=")4. *)# %(5"

4&,,"2*%(&)-J
• T)%"))* -+*4()/ (- %8"-%*)#*,#' U@J

! !

! "



Theoretical Result
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• !' =/#"#(&,, #( /55," :'/($ &' &+,*+#((,) ,-&%.#&%'(,""'"9 &+,.,#-/",.,(& .#&"%;./-&
+#<, -/: 4T#/--%#(,(&"%,-CD'"#ELGA

• ]'" *+#((,) ,-&%.#&%'(9&+,",#", Z#$$%&%'(#)*'(-&"#%(&-6'" &+,.,#-/",.,(& .#&"%;$/, &'Q
EA !'&#) &"#(-.%--%'(5'B," *'(-&"#%(&
ZA ?'(-&#(& .'$/)/- *'(-&"#%(&9$/, &' &+,5+#-, -+%6&,"-%(&+,#(#)'= 5",*'$,"N*'.:%(,"

• O,*#)) &+#&

!"#CL'()H+)"#C6PD#B7)-+)X+)2B7?6%@,)<*D76R#B7)=A#BB6C)H@1D>#1D:B)%D1A)#)X6B6?#1DP6)27P6?@#?D#C)961%:?;,S)KHHH)V?#B@+)*D?6C6@@,)3#5)L'L&+

B+,",

B+,", V$*)*2&/$+,"4&#",V$+(2&%- V$*)*2&/$4&50()",

• 4+$0"$/ A^6 &+, 5%)'&-8.:')- #", \,"' .,#( :'/($,$ %A%A$A"#($'. <#"%#:),-9&+,( &+,
.,#-/",.,(& .#&"%;7 +#--/: 4T#/--%#(,(&"%,-6'" # =%<,(&'&#)&"#(-.%--%'(5'B," CD#)ZFGA
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Wideband	System	Details
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GCE	outperforms	LS	and	approaches	LMMSE

GA%K#A+KONRDK3?HK$:-,';'.K.9B'%,A%K/';')KAB",@9@V6KB'%7A%@$):'0K

#"2*.$-+,"*#$W$ML)-

• ]%"-&9B, :,(*+.#"I B%&+'5&%./. 5,"6'".#(*,9 &+/- #--/., 1) & ) $ ' ( 6'" ,#*+ *'+,",(*,
:#($B%$&+9#($ *'.5#", %&B%&+Q

1. Practical low-complexity LS estimator
2. Complex, but conventionally optimum* LMMSE estimator

#"2*.$-+,"*#$W$MLL)-
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GCE	scales	well	with	decreasing	pilot	overhead

W-'KB,#A"KA;'%-'$*K:$)K('K%'*9:'*K(<KX=YK+,"-KZ9."K[2K*MK#A..K,)KNCOH0

!+ # $! $#



Wrap-up	of	GAN-based	Channel	Estimation
! ?-$))'# '.",@$",A) ,. $) ,@BA%"$)"(A""#')':I 7A%-,&- *,@').,A)$# +,%'#'..

.<."'@.D.9:- $. @@\$;' $)* '.B':,$##<9BB'%@@\$;'UW45

! J9% )A;'# &')'%$",;' :-$))'# '.",@$"A%/3?H6D #';'%$&,)& *''B &')'%$",;'
)'"+A%I.D$:-,';'. ,@B%'..,;' '.",@$",A)$::9%$:<$)* %A(9.")'..

! 3?H *A'. )A" %'89,%'I)A+#'*&' A7"-' .B$%.,7<,)&($.,. A7"-' :-$))'#D ,@@').'#<
%'*9:'. "-' )9@('%A7B,#A".%'89,%'*D$)* +A%I.'.B':,$##<+'##$"#A+ONR

! W-' :A@B9"$",A)$#:A@B#'E,"<A7"-' B%ABA.'*'.",@$"A%,. %'$.A)$(#'>
• Narrowband channel estimation: O(?#?$

! ), where in downlink ?$ - ?#. Better than OMP which
has O(?#

" ?$
! ) and similar to EM-GM-AMP at O(?#?$log(?#?$)).

• Wideband channel estimation: O(?#?$?%?&
! ), where ?$&?& - ?#&?%, i.e., increases linearly with the

number of transmit antennas and subcarriers.
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Parting	Comments
• Deep Learning is a powerful tool for wireless systems – but not a panacea

! Learning when and how to use it (and also when not to!) is a key research 
challenge for the next decade

! Applying ML successfully for 5G/6G requires a strong communication theory 
and communication systems engineering background

• High dimensional channels are inherently “unknowable” (esp. with any 
mobility), complex/correlated, and require suboptimum RF electronics; so 
are a promising application space

• Industry is very excited about the potential of ML for 6G
• They follow and support our research, and are actively doing their own studies
• Desire for good datasets and simulators is substantial, and a big challenge right now –

academia can help
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