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Accuracy on passkey retrieval. Model is based on Llama2 7B. 

Background

Existing positional embeddings usually impose 
a fixed distance-decay pattern on attention 
maps, thereby enforcing a locality bias. Their 
rigid structure hinders effective modeling of 
complex tasks like long-context retrieval and 
arithmetic computations [1]. We argue that 
contextualizing positional embeddings with 
sequence content is essential.

Performance comparison on SCROLLS benchmark.
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(a)  Traditional position embedding.
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(b) TAPE with enhanced causal attention and feed forward layers.

Our Approach: Contexualized Equivariant Positional Encoding (TAPE)

General Formulation. Let a tuple  represent a language sequence, where  are token features, 
and  are positional embeddings. 

A transformer block consists of two separate operations: 

• Token Mixing:  encodes positional embeddings to represent token features. 

• Position Contextualization:  encodes the context information into the positional embeddings.

(X, E) X ∈ 𝒳 ⊆ ℝN×C

E ∈ ℰ ⊆ ℝN×D

f : 𝒳 × ℰ → ℝN×C

g : 𝒳 × ℰ → ℝN×D

Equivariance Principles. Let  denote 
permutation group and  denote an orthogonal 
group. For the two principles 
is required for  and : 

• Permutation Invariance:  , 
an intrinsic property of standard transformer. 

• Rotation Equivariance: , 
important to keep transformer invariant to shift on 
token indices and thus can generalize to long 
sequence (Proposition 4.3). 

  Our proposed TAPE implements the two principles.            
  (Proposition 3.1)

Π( ⋅ )
O( ⋅ )

∀P ∈ Π(N), R ∈ O(R),
f g

f(PX, PER) = Pf(X, E)

g(PX, PER) = Pg(X, E)R
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Model Architecture.

Accuracy on addition task on 2   context length. The x- and y-axes represent the sequence lengths of 
the two operands respectively. The average accuracy across the heatmap is 26.32%, 26.56%, 22.45%, 
26.98% and 32.82% respectively for RoPE, RandPE, NoPE, FIRE, and our TAPE.
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Efficiency Analysis.

Arithmetic Learning. Long Context Modeling.

Speed measurement. We report execution time per step and iteration per second.

Perplexity evaluation on two datasets. Lower means better(↓).


