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4 Discussion

1 Background

Why attention may help more?
Quantum attention replaces fixed dot-
O/ product similarity with a compact nonlinear

and potentially non-separable query—key

« Hybrid Quantum Neural Networks often add a Case Study A: Radar Hybrid
quantum layer, but placement is rarely studied Quantum Neural Network
systematically.

G Case Study B: Quantum
Parameterized Self-Attention

expression images Important caveat: Despite the detector

advantage, benefit remains task-specific.
Differences in datasets or backbones still
prevent a controlled causal conclusion.

. Goal: extract structural design insight, not « Quantum module is placed after classical feature extractor + Quantum module replaces the attention scoring function.

simply declare a universal quantum advantage. « Matched parameter budget against CNN. * Acts directly on query-key interactions.

» We compare two very different placements: a - N ;' I: m "i ] interaction function, which may better
poI:t-encoder quantum bottleneck and quantum | 0 : | identify weak but mutually consistent RF
self-attention. ' :

o = | t: I_—tg Ll . target patterns under severe noise.

« We examine two study contexts: RF sensing 9 | | -d 000 , ..
and image classification ® I | ) > (quantum v Why bottleneck gains are limited?

' = | I: | Eg |  scoring) The quantum block arrives late, sees only

* RF sensing uses STFT spectrograms of drone signals STFT CNN feature 20-d ======="" Classifier/ K} low-dimensional summaries, and cannot

: : pr s replaces recover relational information already
for binary detection and classification across SNRs. spectrogram extractor  bottleneck 4 parallel detector KT/ compressed by the classical encoder

» Image classification use FER2013, containing facial- 5-qubit circuits { N

| |

Placement question  Evaluated across training SNRs: 20, 10, 5, 0, -5, and Mixed. - Only 5 trainable quantum parameters per layer.
(" ) ( ) (" ) - - - - - -
TR Statistical evidence remains limited;
smm Early @Plnteraction Output . . . e . . ege
BEE foatures m 0 layer D . S e 2 directionality is stronger than significance.
N JE N ) Structural Bottleneck placement = late, low-dimensional, downstream.
contrast Attention placement = repeated, interaction-centric, inside the model’s core operator.
( , )
X ) Don’t conclude any quantum layer helps.
Which location is better? Placement appears to matter more than
. AN y the mere presence of a quantum module.
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Quantum P terized Self-Attention Network Quacntum Parameterized Self-Attention 5 C lusi
. | uanium rarameterized >eir-Attention iNetwork Network vs ViT on Radar Detector onciusion
Q Radar Hybrid Quantum Neural Networks vs CNN | vs ViT on Image Classification | |
| i Evidence strength for useful
Five-class classifier — AF1 = HQNN — CNN § Reference paper (20 runs) Local replication (7 paired seeds) | |
- 80 -  970- ey = Placement is a first-order design choice in hybrid
g 10 dB - +0.001 +0.002 +0.000 +0.003 +0.003 -0.001 +0.008 +0.003 -0.003 0.03 . .
= quantum deep learning.
S 78 ] | 96.5 -
-l P | I oz | " 76}9% 5 AF, = +0.674 e Current evidence favors interaction-centric
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. . . . . . . . . g | .19 5 particularly for low-SNR RF detection.
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Test SNR (dB) Looo @i M e 1 = 93:3 1 . .
Binary detector — AF1 = HONN — CNN = J QPSAN shows stable gains over ViT on the radar
| oy 8 71-}7% 95.0 - detector, suggesting that quantum attention can
g 10 dB - -0.003 -0.001 -0.000 +0.003 +0.004 +0.003 +0.018 0.01 ! . . .
= | J help aggregate weak distributed target evidence.
E 0dB H +0.012 +0.008 +0.006 +0.004 +0.002 -0.011 -0.011 -0.02 10 - 94.5 A
s | A=+354 pp, p=1.7x10" =+2.61 pp [p=0.0045 T T T e tonolse ratio (dB) The. conclusmn. may not generalize to fine-
E= Mixed 4 -0.000 -0.000 +0.000 +0.002 +0.003 +0.002 -0.003 C ~0.03 68 | | g gralned RF CIaSS|flcat|0n or Other use cases;

S o 5 a0 15 T o - i S Modifying pairwise interactions The next decisive experiment is a controlled
Test SNR (dB) i i . . . . i
§ ) ] ] ] ] i may induce a stronger inductive bias placemel?t sweep using the same backl?o.ne,
HQNN is competitive, with local low-SNR advantages, ; Attention placement yields a consistent directional than transforming alread PQC family, parameter budget, and training
but not statistically superior overall. gain. 9 y protocols.

compressed features
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@ Take-home conclusion: if quantum modules are to help, the most promising place may be where the network computes interactions—not merely where it makes its final compressed decisions.
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