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Tay et al. Attention

Our QConformer reaches PESQ 3.18 — best among all quaternion models.

The shared-score (ours) and Tay et
al. (2019) attentions produce near-
identical attention output
distributions (quantile correlation:
0.995).

When the same (Q, K, V) extracted from
independently trained models is fed into both
formulas, the outputs are highly correlated
(corr = 0.78–0.88).

 Why Does
a
Shared
Score
Suffice?

GPU RTF −44.3% (1.79× faster), CPU RTF −58.1% (2.39× faster).

Quaternion Neural Networks (QNNs) are attractive for parameter efficiency.

Quaternion self-attention computes 4 separate scores (r, i, j, k), each with its own

softmax (Tay et al.) [1] — increasing computation and slowing inference.

Question: are the four scores really independent? → They are not.
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Ours Attention

Tay et al. computes 4
scores from (Q, K), each
with its own softmax.
We replace them with one
real-valued score via the
quaternion inner product.

This single attention map
is shared across all four
V components.

Key Idea

The same trend holds in vision and NLP — quality preserved, output distributions
nearly identical (corr > 0.995), and consistent efficiency gains.

Hamilton Product

Speedup grows with sequence length —
1.27× at T=512 → 2.08× at T=4096. 

Reduce softmax operations from 4 to
1

Reduce score-computation
multiplications by 75%

Paper Code Our Team

One shared score is enough — four were redundant.
[1] Y. Tay, A. Zhang, A. T. Luu, J. Rao, S. Zhang, S. Wang, J. Fu, and S. C. Hui. Lightweight and Efficient Neural
Natural Language Processing with Quaternion Networks. ACL 2019, pp. 1494–1503.

Quaternion Inner Product

Quaternion: 
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