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The inhibitor transformer uses an attention mechanism based on Manhattan
distance and RelLU activation for computational efficiency. It achieves comparable
GLUE benchmark performance to conventional dot-product transformers when
trained via knowledge distillation.
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'Method

The dot-product attention score of the conventional Transformer is replaced with the Manhattan distance:
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baseline. Furthermore, we note that the training
data for the GLUE tasks is very sparse

(1) Future work
: * Quantization aware training. Special hardware.

i KD from full sized BERT.
- where Q, K, V are the query, key, and value matrices and d is the size of the latent dimension.
: * Generative LM and Vision Transformers

The attention head output is then similarly replaced * Test on modern and harder NLP tasks.
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written with in the notation (x)* = max(x,0) and (x)~ = min(x,0) for the positive and negative ReLU functions. ABOUT RISE

RISE Research Institutes of Sweden is
an independent, State-owned research
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Inhibi.DistilBERT (E1) 40.0 79.2 86.8 854  89.5  59.2 90.2 83.5 56.3 over 130 testbeds and demonstration
Inhibi.DistilBERT (E2) 47.5 72.2 77.0 80.0 63.4 473 91.0 83.5 56.3 environments for future technologies,
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Table 2: Comparison on GLUE between conventional DistilBERT (E@) and inhibitor trained by Task-
agnostic KD (E1) and Task-specific KD (E2). Task scores are averaged over three runs.
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