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Background

Experiments

Arithmetic Learning. Long Context Modeling.

Existing positional embe d dings usua"y impose ROPE RandPE NoOPE FIRE TAPE 100 Performance comparison on SCROLLS benchmark.
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sequence content is essential 26.98% and 32.82% respectively for RoPE, RandPE, NoPE, FIRE, and our TAPE.
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General Formulation. Let a tuple (X, E) represent a language sequence, where X € 2 C RV*¢ are token features, 0.41 .-::::::-'::5:""<'-:':-'-:'-:'-=--=-.='.f::_\_.__’_’_,_,-o— -------- i .
and E € & C R¥*P are positional embeddings. 1k 2k 3k 4k 5k 6k 7k 8k
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A transformer block consists of two separate operations: Accuracy on passkey retrieval. Model is based on Llamaz 7B.

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

. Token Mixing: 1 & X & — R™C encodes positional embeddings to represent token features.
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Position Contextualization: g : Z X & — R encodes the context information into the positional embeddings. — s a0 3o aseT T o ot 5o 51
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permutation group and O( - ) denote an orthogonal
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(a) Traditional position embedding. (b) TAPE with enhanced causal attention and feed forward layers. Transformers. In First Con f erence on Lang uage Modelin g.

(Proposition 3.1)



