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This work explores optimizing
transformer-based language models
by integrating model compression
techniques with inhibitor attention, a 
novel computationally efficient
alternative attention mechanism.

Inhibitor attention employs Manhattan distances

and ReLU activations instead of the matrix 

multiplications and softmax activation of the 

conventional scaled dot-product attention. This

shift offers potential computational and energy

savings while maintaining model effectiveness. We

propose further adjustments to improve the 

inhibitor mechanism's efficiency when trained by 

Knowledge Distillation (KD) and evaluate its

performance on the DistilBERT architecture. 

Our KD experiments indicate that the modified

inhibitor transformer model achieves competitive

performance on standard NLP benchmarks, 

including General Language Understanding

Evaluation (GLUE) and sentiment analysis tasks.

InhibiDistilbert: Knowledge Distillation
for a ReLU and Addition-based
Transformer Language Model
The inhibitor transformer uses an attention mechanism based on Manhattan 
distance and ReLU activation for computational efficiency. It achieves comparable
GLUE benchmark performance to conventional dot-product transformers when
trained via knowledge distillation.
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E1: Task-agnostic KD experiment
• Layerwise Training: Train only Q, K and V 

sequentlially bottom-up with MSE loss to align

self-attention, whilte other layers remain frozen.  

• Full-Layer Training: All layers were unfrozen and 

trained together using MSE loss applied to hidden

states to refine the representations.

E2: Task-specific KD experiment
• Soft Probability Distillation Loss: The distillation

loss function uses the teacher model’s soft 

probabilities to encourage the student model to 

replicate the teacher’s predictions.. 

• Hidden State Loss: To help guide the inner layers

of the student model toward better alignment

with the teacher’s representations.

Results
The overall performance the two NLP tasks in Table 

1 for the Task-agnostic training set-up (E1) is 

comparable to the conventional DistilBERT. The 

details in Table 2 show  competitive accuracy

across most GLUE tasks with the exception for  the 

CoLA task. Task-specific KD (E2) lags significantly

behind.

A performance drop may be expected for both

experiments as we used the original Distilbert

model both as a teacher model and as a benchmark 

baseline. Furthermore, we note that the training

data for the GLUE tasks is very sparse

Future work
• Quantization aware training. Special hardware.

• KD from full sized BERT.

• Generative LM and Vision Transformers

• Test on modern and harder NLP tasks. 

Diagram: Knowledge distillation (KD) set-up.

Table 2: Comparison on GLUE between conventional DistilBERT (E0) and inhibitor trained by Task-
agnostic KD (E1) and Task-specific KD (E2). Task scores are averaged over three runs.
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Method
The dot-product attention score of the conventional Transformer is replaced with the Manhattan distance:

where Q, K, V are the query, key, and value matrices and d is the size of the latent dimension. 

The attention head output is then similarly replaced

written with in the notation (x)+ = max(x,0) and (x)− = min(x,0) for the positive and negative ReLU functions.

Table 1: Experiment comparing a pre-trained
conventional DistilBert with the Inhibitor 
trained by task-agnostic KD (experiment E1).
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