
Relational Processing of Tensor Programs
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Diverse data science applications [1, 2, 3, 4, 5, 6, 7, 8] require the ability to operate
over numerical arrays that have more than two dimensions, commonly known as tensors.
Motivated by this necessity, in recent years there has been an emergence of tensor compilers
such as TACO [9], Finch [18], Halide [11] and ExTensor [12], as well as declarative frameworks
like Galley [13].

In addition, real-world numerical data is sparse: tensors with predominantly zero entries.
Similarly, relational data is stored sparsely: only relevant tuples are materialized. For this
reason, relational query engines arise as a natural candidate to process tensor workloads,
since they are inherently sparse-oriented, performing computation only over existing tuples.

The systems mentioned above extend array programming (e.g., NumPy [14] and Py-
Torch [15]) to sparse data, supporting arbitrary user-defined pointwise functions and aggre-
gates. With the exception of Galley, these compilers focus on systematically optimizing the
computation tensor kernels, not arbitrary tensor expressions. Tensor kernels are common ten-
sor expressions that arise in different contexts and work as building blocks for tensor-based
algorithms. Current systems [9, 18, 11, 12, 13] do not attempt to adapt relational processing
optimization techniques to the computation of the tensor kernels.

On the other hand, many of the solutions that have tackled numerical computations from
a relational perspective focus on processing linear algebra computations, and assume that
matrix entries and operations belong to an arbitrary semiring [9, 16, 17, 18, 19, 20, 21, 22,
27, 23, 25, 26, 24, 16, 28], and system-oriented linear algebra optimizations [27, 23, 25, 26, 24,
16, 28] assume that entries and functions belong to the usual, but specific, semiring (R, ·,+).
If we want to go beyond a single semiring, the FAQ [29] framework is an option, but the
expressions are restricted to one pointwise funtction, which is insufficient to express even the
most basic tensor kernels compositions.

To the best of our knowledge, there is no formal characterization of tractable fragments
when using multiple pointwise functions on tensor programs. At first, by tractability we
mean computable by a relational algebra program. For example, given a tensor program
that mixes ReLU, min, and arithmetic operations, under what conditions can we guarantee
that its evaluation and updates can be expressed and optimized within relational techniques
if we are only interested in computing tensor values that lie within a certain range (sparse
computation)?

Our main result provides a general characterization of the functions for which a full
tensor query can be reduced to a relational algebra computation. Specifically, we show that
every such query can be translated into an expression using union, join, and set difference.
Moreover, within this class we identify a fragment of functions for which set difference is
not required, so that the reduction involves only union and join. These characterizations
establish the first bridge between tensor queries and relational query evaluation.
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