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Abstract. We introduce Spline-based Transformers, a novel class of
Transformer models that eliminate the need for positional encoding. In-
spired by workflows using splines in computer animation, our Spline-
based Transformers embed an input sequence of elements as a smooth
trajectory in latent space. Overcoming drawbacks of positional encoding
such as sequence length extrapolation, Spline-based Transformers also
provide a novel way for users to interact with transformer latent spaces
by directly manipulating the latent control points to create new latent
trajectories and sequences. We demonstrate the superior performance of
our approach in comparison to conventional positional encoding on a
variety of datasets, ranging from synthetic 2D to large-scale real-world
datasets of images, 3D shapes, and animations.
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1 Introduction

Positional encoding is an essential component in transformer models, introduced
in the seminal work by Vaswani et al . [43]. It infuses positional information into
input tokens to help transformers learn position-agnostic token embeddings. Po-
sitional encoding works by (1) pre-assigning sinusoids of different frequencies
and phases to every position an input token can take on in a sequence, and (2)
by adding this sinusoid to the token embedding that appears at the correspond-
ing position in the sequence. Injecting a token with positional information, also
referred to as absolute position encoding in later work, has evolved into several
variants that address shortcomings and improve generalization. For example,
several works have shown that absolute position encoding limits the ability of
transformers to handle longer sequences at inference time and proposed rela-
tive position encoding schemes where a fixed or learned bias is added to the
attention matrix [19, 31, 34]. Irrespective of their exact arrangement, today’s
state-of-the-art transformer architectures employ a combination of absolute and
relative position encoding schemes [31,37,38].
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Positional encoding assumes that token embeddings represent elemental data
in a collection, e.g ., individual words in a sentence, images in a video, or poses
in an animation, and that an additional notion of position is required to model
a collection of such elements, such as sequences of words, images, or animation
frames. This thought process conceptually decouples elemental and collective
datatypes and forces that separate representations for the elements and the col-
lection as a whole are learned. This becomes even more evident when we consider
that most existing architectures that learn compact neural representations for
collections do not leverage the fact that individual elements, traversed in a par-
ticular order, make up a collection.

In this work, we argue that learned neural representations for elemental and
collective datatypes do not have to be decoupled from one another. Instead,
they can be effectively represented in a single, shared latent space. At the heart
of our approach is the idea that a collection can be represented by learning to
traverse a trajectory in the latent space of elemental data. Inspired by animation
workflows where splines are commonly used to describe a temporal sequence of
poses, we introduce a new class of transformer models based on splines that we
call Spline-based Transformers. They do not require absolute position encoding.

At a high level, our approach uses a transformer-based encoder with ad-
ditional learned control tokens to reduce an input collection of elements to a
fixed number of latent control points 2 Rd. These control points are interpreted
as the control points of a d-dimensional spline in latent space, representing a
continuous latent space trajectory. The trajectory encapsulates the fundamental
characteristics of the elements constituting the input collection. Uniformly sam-
pling and processing the trajectory through the transformer-based decoder re-
constructs the original input sequence. Our Spline-based Transformers require no
sinusoidal positional encoding and, therefore, completely circumvent the down-
sides of absolute position encoding, including poor extrapolation and overfitting.
A conceptual overview of our approach is illustrated in Fig. 1.
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Fig. 1: Spline-based Transformers. Our Spline-based Transformers encode an in-
put sequence, together with learnable control tokens, into a trajectory in latent space
defined by the latent control points of a spline curve.


	Spline-based Transformers

