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Transformer
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Z = FFN(MHA(FFN(MHA(x))))



Encoding word features
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X = WE + PE + SE + ？

how to encode features, e.g. Word, Position, Segment ? 

how to encode sequential feature?

how to  better encode sequential feature? [Vaswani et.al and Wang et.al]



Fully-learnable PE (after T-SNE)
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It seems that there are some clear patterns !!!



Some assumed properties  
(to be examined)
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Monotonicity: neighboring positions are embedded closer than faraway ones;  
                          e.g, 1 is closer to 2 than 3, 4… 

Translation invariance: distances of two arbitrary m-offset position vectors are identical;  
                         distance(1,2) = distance (2,3) 

Symmetry: the metric (distance) itself is symmetric. Especially no further info could be 
provided. 
                         distance(1,2) = distance (2,1)



To understand sinusoidal APE
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It satisfies  translation invariance and symmetry 

For monotonicity, we need to check its first order derivative



To understand frequencies
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The more far, the less similar for PEs



For RPE

• Since It directly parameterize relative distance, 
it by definition satisfies translation invariance 

• P(-m) is different with p(+m), it does not satisfy 
symmetry
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Existing PEs
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Be either fully-learnable or functional parameterised



Pre-training setting

• Replace the PE component and train with 5 
more epochs (128 length) and 2 more epoch 
(512 length) 

• Dataset: wiki and books (16G raw text) 

• Task: Mask word prediction and next word prediction
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Probing test
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Transformer…

Transformer 

Take the attention weights in the first layers

Transformer…

。。。

Probe the 
first-layer attention



Probing test
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Probing test
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The bigger, the more it violates the properties (monotonicity, translation invariance and 
symmetry )



Applications

• Document-level classifications (GLUE) 
• Use [CLS] for prediction 

• Token-level classifications (SQuAD) 
• Use each token for prediction
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GLUE requires that PEs can flexibly deal with CLS and normal positions



Downstream tasks - GLUE
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The fully-learnable PE performs well, not PE variants significantly outperform it 



Downstream tasks - SQuADs

16

RPEs and sin. APEs perform better than the fully learnable PE



Tips of PEs

• Untie [CLS] and PEs for document-level 
classification 

• Use RPE for token-level classification



Correlations between properties and 
performance

18

violating local monotonicity and translation  invariance is  harmful, while  violating  symmetry 
(and direction-balance) is beneficial



• Thanks 
• We will further post a blog to explain more 

details of position embeddings, very soon


