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Task-Oriented Communication

« To transmit informative features for downstream inference
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Issues and Our Solutions
Feature extraction via End-to-end optimization via
Information Bottleneck deep learning
Redundancy
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System Model
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Informativeness-Robustness Tradeoff
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- Task-irrelevant information: I(X;2) —I(Y;Z)  cooeeemmmmmeeeeeeeeeee
« Coded redundancy: ‘

R(¢p) 2 1(2;2) - 1(X; 2) | k@
« Channel capacity: y

C 2 maxI(Z;2)
p¢(z) I(Z;Z) I(Z, X)

Data processing inequality: ]—
. . . 1(Z;Y)
I(Y;2)<I(X;2)<1(Z;2) < C !




Robust Information Bottleneck (RIB)
Lris(¢) = —1(Y;2) — BI(Z; Z) — I(X; 2)]
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Key Idea: Keep minimal but sufficient task-relevant information and
leave the rest redundancy utilized for robust encoding.



Variational Encoding

Variational upper bound:
Lris (@) < Lyvris (@, 0)
= Epx,y) [Epy(zx)[— log g6 (y|2)]
LI RE VAN BN :AVASII Advantages:

qe(v|2) is a variational distribution to - No need to propose a variational

approximate py(y|2) prior q(z) that conforms well to

the aggregated posterior py(z).

Empirical estimation'
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Discrete Task-Oriented JSCC (DT-JSCC)
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Experimental Results

- State-of-the-art baselines: Deep]SCC, VFE

« Inference Performance on MNIST and CIFAR-10 classification tasks:

THE INFERENCE ACCURACY OF EVALUATED METHODS FOR THE MNIST

TABLE IV

CLASSIFICATION TASK.

TABLE V
THE INFERENCE ACCURACY OF EVALUATED METHODS FOR THE
CIFAR-10 CLASSIFICATION TASK.

PSNR 4dB 8dB 12dB 16dB 20dB
DeepJSCC | 86.63 9392 9539 9563 9591
VFE 86.69 9395 9541 95.79  96.03
DT-JSCC | 96.66 97.21 97.25 97.72 97.93

PSNR 4dB 8dB 12dB 16dB 20dB
DeepJSCC | 91.22 91.66 91.80 9190 9193
VFE 91.33 91.67 91.84 9194 9198
DT-JSCC | 9146 9193 9191 9226 92.14




Experimental Results

« Robustness of evaluated methods (MNIST):
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Experimental Results

« Robustness of evaluated methods (CIFAR-10):

| 13 ]
11.0 4 i —*— VFE —%— VFE —»— VFE
i —o— DT-JSCC —eo— DT-JSCC
+ DT‘JSCC 12 i ].6 . .
10.5
g 10.0 e?; 11 §’ 14 1
% 15 1S
& ~ &~
— 9.5 5 »
2 E 101 E 127
&5 i3 i3
9.0
9 1 10 A
8.5 1
8.0 A 8 4 8 -
411 é é ll() 1I2 1'4 116 1I8 2l0 ;l é é 1'0 1'2 l'4 1'6 118 2'0 411 é é IIO 112 1'4 116 1'8 2'0
P SNRtest (dB) PSNRtest (dB) PSNRtest (dB)

(2) PSNR,i, = 8 dB (b) PSNR 5, = 12 dB (c) PSNRyi, = 16 dB



Conclusion

« Information Bottleneck needs more investigation
« Generalization gap in amortized inference VS single-letter
JSCC
« Variational prior
« Case-by-case design for learning-based communication
systems.
 There exists a connection between representation learning

and communication system design.



Representation Learning (RL) and
Communication
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Research Topics:
* From RL to Communication:
 Task-Oriented Communication

« From Communication to RL:
* Privacy-preserving RL with a capacity-limited channel
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