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ABSTRACT
Modern tensor software is a quiet systems boundary: Python
objects, mathematical array semantics, native implementations,
accelerator memory, and kernel execution meet behind a com-
pact user interface. Cinder is a small CUDA-backed dense tensor
library that exposes one Python value type over a C++ and
CUDA implementation. This report documents Cinder as an
engineering artifact rather than a research contribution or per-
formance competitor. Its current scope is deliberately narrow:
dense float32 tensors, runtime-rank shapes, row-major storage,
explicit host/device transfer, eager materialized operations, and
CUDA kernels for shape and tensor-algebra primitives. The report
explains the distinction between mathematical tensors and finite
array tensors, then traces how Cinder keeps shape reasoning,
storage ownership, device metadata, and kernel planning separate
enough to remain inspectable. The result is a concrete design
record for a compact Python/C++/CUDA tensor library, including
its implementation structure, current limits, and risks for future
extension.
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1 INTRODUCTION
The AI era has made tensor software both invisible and deci-
sive. To most users, the visible object is a model, an assistant,
an embedding, or a generated image. Underneath that interface,
however, modern AI systems are built from repeated tensor pro-
grams running across accelerator memory hierarchies, kernel
launch boundaries, compiler stacks, and distributed runtimes. The
Transformer made attention-heavy tensor computation central to
modern deep learning [39]; foundation models turned that com-
putation into a general-purpose platform layer [3]; and recent AI
Index reporting describes a field whose capability, investment, and
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deployment pressure are advancing faster than many evaluation
and governance mechanisms [35]. In this setting, tensor libraries
are not merely convenience APIs for numerical arrays. They are
the small, load-bearing joints between mathematical notation,
user-facing programming models, native system software, and
physical accelerator hardware.

That shift changes what is worth explaining in a small tensor
project. The interesting question is not whether a compact library
can imitate PyTorch, TensorFlow, NumPy, cuTENSOR, or a ten-
sor compiler. It cannot, and Cinder does not claim otherwise. The
useful question is more architectural: when a tensor value crosses
from Python into C++ and then into CUDA, which meanings must
stay explicit so that the system does not dissolve into operation-by-
operation special cases? Shape, layout, ownership, metadata place-
ment, error reporting, and launch planning may look like imple-
mentation details, but in AI workloads they are exactly where cost
and correctness meet. Work such as FlashAttention shows this at
a larger scale: the algorithmic idea matters, but so do memory traf-
fic, tiling, and the concrete path through the GPU memory hierar-
chy [7].

Cinder is a compact CUDA-backed dense tensor library exposed
to Python through a native C++ extension. Its current public scope
is deliberately narrow: dense float32 tensors, runtime-rank
shapes, row-major storage, explicit host-to-device and device-
to-host movement, and eager tensor operations implemented by
CUDA kernels. The supported operation set includes construc-
tion, arithmetic, reshaping, broadcasting, slicing, concatenation,
transpose, tensor product, contraction, mode multiplication, inner
product, and norm.This is not the scope of a production numerical
framework. It is a small engineering artifact whose value lies in
being inspectable: the reader can see where tensor semantics end,
where storage begins, and where host-side planning becomes
device-side work.

This report therefore uses Cinder as a concrete design record,
not as a research claim. Cinder introduces no new tensor algebra,
no new GPU programming model, no automatic differentiation
system, no graph compiler, no distributed runtime, and no per-
formance result that would threaten mature libraries. Its engineer-
ing stance is intentionally more modest and, for that reason, easier
to audit. Public tensors are dense row-major values. Shape errors
are host errors. Results are materialized rather than exposed as
lazy views. Rank-zero results remain tensors rather than escaping
through a separate scalar channel. CUDA remains the execution
substrate [21]; Cinder’s concern is how to keep the Python object,
C++ owner, packed device allocation, and CUDA kernel plan from
being collapsed into one ambiguous object.
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The report first separates mathematical tensors from array
tensors, because the engineering object used by Cinder is a fi-
nite dense array with explicit shape, scalar type, and storage
convention rather than a basis-independent multilinear object.
It then describes Cinder’s dense runtime-rank tensor model, its
value-producing public operations, and the execution discipline
that keeps shape reasoning on the host while leaving dense
value computation to CUDA. After that, it walks through the
native implementation: typed C++ products, policy-based layout,
packed CUDA allocations, host-side kernel plans, and a pybind11
boundary that exposes one Python value type. Finally, it discusses
current limits and risks so that future extensions can be evalu-
ated as engineering changes rather than absorbed as incidental
complexity.

The remainder of the report is organized as follows. Section 2
develops the mathematical and computational principles behind
the tensor abstraction. Section 3 presents Cinder’s design objec-
tives, semantic core, operation protocol, layering, metadata strat-
egy, and public API boundary. Section 4 describes the implemen-
tation in C++23, CUDA C++, pybind11, and scikit-build-core, with
particular attention to storage ownership, kernel planning, launch
behavior, transfer economy, and the Python extension ABI. Sec-
tion 5 discusses current limits, design risks, and an incremental
roadmap for measurement, descriptors, testing, views, dtype sup-
port, and optimized dispatch.

2 PRINCIPLE
The principle of tensor computation can be stated as a hierarchy of
mathematical objects: the intrinsic tensorial object, its coordinate
table, the finite index domain on which an array is defined, and the
linearization map that assigns offsets to coordinates. These levels
are often collapsed in numerical discourse, but keeping them sepa-
rate prevents a category error: a mathematical tensor is an invari-
ant multilinear object, whereas an 𝑛-dimensional array is a finite
function with a chosen coordinate and linearization convention.

2.1 From Linear Algebra to Tensor Algebra
The historical development from linear algebra to tensor algebra
is a movement from calculation with coordinates to laws that
survive changes of coordinates. Classical linear algebra began
with linear equations, determinants, and matrices. Grassmann’s
Ausdehnungslehre introduced an abstract calculus of extension
and exterior products, making it possible to reason about vectorial
magnitudes beyond their coordinate tuples [10]. Cayley’s theory
of matrices made linear transformations algebraic objects in their
own right [4]. Ricci and Levi-Civita’s absolute differential calculus
then supplied systematic coordinate transformation rules for
higher-order quantities [33]; Einstein’s general relativity made
those rules central to physics by requiring geometric laws to be
coordinate-independent [9].

The central abstraction is not “many indices”, but controlled be-
havior under linear change. Modern tensor theory packages this
into three equivalent or complementary definitions: transforma-
tion laws, multilinear maps, and elements of tensor products [20].
The tensor product view is themost compact for finite-dimensional
algebra. Let𝑉0, . . . ,𝑉𝑟−1 be vector spaces over a fieldK. The tensor

product
𝑉0 ⊗ 𝑉1 ⊗ · · · ⊗ 𝑉𝑟−1

is characterized by the universal factorization property: every 𝑟 -
linear map

Φ : 𝑉0 ×𝑉1 × · · · ×𝑉𝑟−1 →𝑊

to a vector space𝑊 factors uniquely through a linear map on the
tensor-product space,

Φ = 𝐹Φ ◦ 𝜎⊗, 𝜎⊗ (𝑣0, . . . , 𝑣𝑟−1) = 𝑣0 ⊗ · · · ⊗ 𝑣𝑟−1 .
Here 𝑣𝑎 ∈ 𝑉𝑎 , 𝜎⊗ is the canonical multilinear map, and 𝐹Φ is the
unique linear map determined by Φ. This property says that ten-
sor products isolate the multilinear part of every multilinear con-
struction; once the tensor product has been formed, the remaining
operation is linear.

Property 1: multilinear universality. A tensor product is univer-
sal for multilinear expressions. If a quantity is genuinely tenso-
rial, then substituting a linear combination into any input slot dis-
tributes linearly through that slot while all other slots remain fixed.
This is stronger than saying that its components sit in a rectangular
table. A table records coefficients; the tensor product explains why
multilinear expressions can be represented by those coefficients in
the first place.

Property 2: basis covariance. Let

𝑇 ∈ 𝑉0 ⊗ · · · ⊗ 𝑉𝑟−1, 𝑇 =
∑
i

𝑇𝑖0,...,𝑖𝑟−1 𝑏0,𝑖0 ⊗ · · · ⊗ 𝑏𝑟−1,𝑖𝑟−1 .

For each 𝑎, change the basis of 𝑉𝑎 by

𝑏𝑎,𝑗 =
∑
𝑖

𝑏𝑎,𝑖𝑃
(𝑎)
𝑖 𝑗 , 𝑃 (𝑎) ∈ 𝐺𝐿(𝑉𝑎).

Then the same tensor 𝑇 has new components

𝑇𝑗0,..., 𝑗𝑟−1 =
∑
i

(
(𝑃 (0) )−1

)
𝑗0𝑖0
· · ·

(
(𝑃 (𝑟−1) )−1

)
𝑗𝑟−1𝑖𝑟−1

𝑇𝑖0,...,𝑖𝑟−1 .

The component array changes, but the underlying tensor does not.
A tensorial statement is therefore not a statement about one table
of numbers; it is a statement compatible with every admissible ba-
sis.

Property 3: variance and duality. With dual spaces included,
one obtains mixed tensors. A tensor of type (𝑝, 𝑞) over a finite-
dimensional vector space 𝑉 is an element of

𝑉 ⊗𝑝 ⊗ (𝑉 ∗)⊗𝑞,
or equivalently a multilinear map with 𝑝 covector slots and 𝑞 vec-
tor slots, depending on the chosen convention. Vector slots and
covector slots transform in opposite ways. This variance informa-
tion is invisible in a bare multidimensional array: two arrays with
the same shape may represent tensors with different transforma-
tion laws.

Property 4: functoriality. If 𝑓𝑎 : 𝑉𝑎 →𝑊𝑎 are linear maps, then
they induce a canonical linear map

𝑓0 ⊗ · · · ⊗ 𝑓𝑟−1 : 𝑉0 ⊗ · · · ⊗ 𝑉𝑟−1 →𝑊0 ⊗ · · · ⊗𝑊𝑟−1 .
This functorial behavior is why tensor notation composes cleanly
with linear maps, change of coordinates, and products of spaces.
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The operation acts on the spaces and only secondarily on compo-
nents.

Property 5: invariant contractions. The pairing 𝑉 ∗ × 𝑉 → K in-
duces coordinate-independent contractions. In components, con-
traction looks like a summation over a repeated index; intrinsically,
it is evaluation of a covector slot against a vector slot. The summa-
tion symbol is therefore not the source of invariance. The source
is the dual pairing that remains well-defined under basis change.

Together these properties give a useful test: a tensor is not
merely a rectangular collection of scalars. It is a coordinate-
dependent representation of an object whose defining operations
commute with admissible linear changes of basis.

2.2 Array Tensor as a Finite-Mapping
Approximation

The computational convention uses the word “tensor” for a related
but weaker object. An order-𝑟 array tensor with shape

e = (𝑒0, 𝑒1, . . . , 𝑒𝑟−1)
is a total map

𝐴 : 𝐷e → 𝑆, 𝐷e =
𝑟−1∏
𝑎=0

{0, 1, . . . , 𝑒𝑎 − 1},

where 𝑆 is a homogeneous element set such as R or C. The integer
𝑟 is the order or number of axes; the extent 𝑒𝑎 is the cardinality of
axis 𝑎. The dense cardinality is

|𝐷e | =
𝑟−1∏
𝑎=0

𝑒𝑎 .

The empty product is 1, so an order-zero array tensor has exactly
one coordinate, the empty tuple. If some extent is zero, the corre-
sponding axis set is empty and the whole domain is empty.

This definition is purely mathematical: it describes a finite rect-
angular domain and a value assigned to every coordinate. Shape
transformations are maps between such domains. Elementwise op-
erators compose 𝐴 with scalar operations on 𝑆 . Reductions quo-
tient a domain by summing over fibers. Linearization enters only
after this semantic object has been defined. The approximation is
that this finite map is treated as though it were the tensor, even
though it is only a coordinate table after additional structure has
been fixed.

A conditional embedding. When 𝑆 = K, vector spaces 𝑉𝑎 with
dim𝑉𝑎 = 𝑒𝑎 are selected, and ordered bases

B𝑎 = (𝑏𝑎,0, 𝑏𝑎,1, . . . , 𝑏𝑎,𝑒𝑎−1)
are fixed, the array map 𝐴 determines a mathematical tensor

𝑇𝐴 =
∑
i∈𝐷e

𝐴(i) 𝑏0,𝑖0 ⊗ 𝑏1,𝑖1 ⊗ · · · ⊗ 𝑏𝑟−1,𝑖𝑟−1 .

For those fixed bases, the correspondence
𝐴←→ 𝑇𝐴

is a linear isomorphism between K𝑒0×···×𝑒𝑟−1 and 𝑉0 ⊗ · · · ⊗ 𝑉𝑟−1.
The isomorphism is coordinate-dependent. Under a basis change,
the component table changes by the appropriate product of
change-of-basis matrices, while the tensor 𝑇𝐴 remains invariant.

Proposition 1: the embedding is not canonical. The same finite
map can represent different mathematical tensors if the bases are
changed but the table is held fixed.

Proof. It is enough to consider order 1. Let 𝐴(0) = 1, 𝐴(1) = 0,
so the table is (1, 0). In basis (𝑏0, 𝑏1), it represents 𝑏0. In another
basis (𝑏0, 𝑏1), the same table represents 𝑏0. Unless 𝑏0 = 𝑏0, these
are different vectors. Thus the finite map alone does not determine
a basis-independent tensor. □

Proposition 2: the finite map has no intrinsic covariance law.
A mathematical tensor carries a prescribed action of each basis
change on its components. A bare map 𝐴 : 𝐷e → 𝑆 does not.

Proof. A basis change is an element of 𝐺𝐿(𝑉𝑎) for some vector
space𝑉𝑎 . The finite map specifies only an index set and values in 𝑆 ;
it does not specify the vector spaces 𝑉𝑎 , the bases of those spaces,
or whether each axis is covariant or contravariant. Therefore there
is no intrinsic object on which𝐺𝐿(𝑉𝑎) can act. One may add a rule
externally, but that rule is additional structure, not a consequence
of the finite map. □

Proposition 3: array rank is not tensor rank. The order 𝑟 of an
array tensor counts axes. Tensor rank in multilinear algebra mea-
sures the minimal number of simple tensors needed to express an
element:

rank(𝑇 ) = min

{
𝑚 : 𝑇 =

𝑚∑
ℓ=1

𝑣0,ℓ ⊗ · · · ⊗ 𝑣𝑟−1,ℓ

}
.

For matrices, this recovers ordinary matrix rank; for higher-order
tensors, it is a subtler decomposition invariant [17]. Thus the engi-
neering phrase “rank-𝑟 tensor” means order 𝑟 , not algebraic tensor
rank. The terminology is convenient, but it collapses two distinct
invariants.

Proposition 4: many array transformations are not tensorial maps.
Some array operations are tensorial under extra interpretation, but
many are only operations on coordinate tables. Reshape, for exam-
ple, is defined by a chosen linearization:

𝐵(j) = 𝐴
(
𝐿−1e (𝐿f (j))

)
.

This rule can map a table of shape (2, 3) to a table of shape (3, 2),
but the result is not the canonical factor swapK2 ⊗K3 → K3 ⊗K2.
It is an enumeration-dependent bijection of coordinate tables. The
linearization convention, not tensor algebra, determines the result.

Broadcasting illustrates a different failure mode. It duplicates
values along an axis of extent 1. The map is well-defined on fi-
nite domains, but duplication is not a basis-covariant tensor op-
eration unless one supplies a distinguished diagonal, copy map,
or comonoid structure. Such a structure is natural for arrays and
unnatural for arbitrary vector spaces. This is the conceptual price
paid by the engineering approximation: it gains operational con-
venience by fixing more coordinate structure than tensor algebra
itself provides.

What the approximation preserves. The finite-mapping model is
nevertheless faithful within a fixed computational gauge. A gauge
here means a fixed choice of vector spaces, ordered bases, variance
convention, scalar semantics, and linearization convention. Inside
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that gauge, the component table is a complete coordinate repre-
sentation of the corresponding tensor, and coordinate formulas for
tensor product, contraction, mode multiplication, and inner prod-
uct reproduce the usual multilinear algebra. Outside that gauge,
the same table should be read more cautiously: it is a finite map
that approximates tensorial behavior where the missing geomet-
ric structure is irrelevant or intentionally frozen.

Boundary of the identification. The array tensor and the math-
ematical tensor coincide only after four pieces of structure have
been fixed: vector spaces, bases, variance, and transformation law.
Without these, an 𝑛-dimensional array is simply a finite function.
This distinction matters for at least four reasons. First, arrays may
store samples, pixels, probabilities, or learned parameters with no
intended tensorial equivariance. Second, changing an array layout
or axis order need not implement a basis change; it may merely
choose another enumeration of the same finite map. Third, many
useful array operations exploit copying, broadcasting, or lineariza-
tion conventions that have no basis-free tensor analogue. Fourth,
exact tensor identities are stated over fields or modules, while nu-
merical arrays may be evaluated in finite arithmetic, where asso-
ciativity and distributivity are only approximate.

2.3 Linearization and Offset Calculus
Any dense array tensor can be enumerated by a linearization map

𝐿 : 𝐷e → {0, 1, . . . , |𝐷e | − 1}.

The purpose of 𝐿 is to impose a total order on a rectangular in-
dex domain. The offset calculus of multidimensional arrays is the
study of such maps. A contiguous linearization uses a bijective 𝐿; a
view-like linearization may use an affine map into a larger coordi-
nate space. In a byte-addressed model, the corresponding address
formula is

addr(i) = 𝑏 + 𝜔𝐿(i),
where𝑏 is the base address and𝜔 is the item size.Themathematical
content is the same even if one ignores bytes and treats 𝐿 as an
element offset.

Row-major order. Row-major order, also called C-order, makes
the last axis vary fastest. Define the row-major stride of axis 𝑎 by

𝑠row𝑎 =
𝑟−1∏
𝑏=𝑎+1

𝑒𝑏 .

Then

𝐿row (i) =
𝑟−1∑
𝑎=0

𝑖𝑎𝑠
row
𝑎 .

Equivalently, row-major linearization is mixed-radix Horner eval-
uation:

𝐿row (i) = (((𝑖0𝑒1 + 𝑖1)𝑒2 + 𝑖2) · · · 𝑒𝑟−1) + 𝑖𝑟−1 .

Column-major order. Column-major order, also called Fortran-
order, makes the first axis vary fastest. Its strides are

𝑠col𝑎 =
𝑎−1∏
𝑏=0

𝑒𝑏 ,

and the offset is

𝐿col (i) =
𝑟−1∑
𝑎=0

𝑖𝑎𝑠
col
𝑎 .

Row-major and column-major differ only by the priority order in
which axes are enumerated; neither is more tensorial in the math-
ematical sense.

Permutation-major order. Let 𝜌 = (𝜌0, 𝜌1, . . . , 𝜌𝑟−1) be a permu-
tation of axes ordered from slowest varying to fastest varying. The
stride assigned to axis 𝜌𝑘 is

𝑠
𝜌
𝜌𝑘 =

𝑟−1∏
ℓ=𝑘+1

𝑒𝜌ℓ ,

and the corresponding linearization is

𝐿𝜌 (i) =
𝑟−1∑
𝑎=0

𝑖𝑎𝑠
𝜌
𝑎 .

Row-major is the special case 𝜌 = (0, 1, . . . , 𝑟 − 1); column-major
is the special case 𝜌 = (𝑟 − 1, . . . , 1, 0).

General strided order. The general affine strided map is

𝐿stride (i) = 𝑜 +
𝑟−1∑
𝑎=0

𝑖𝑎𝑠𝑎,

where 𝑜 is a base element offset and 𝑠𝑎 is the stride of axis 𝑎. This
formula is the conceptual core of many array systems: a multidi-
mensional array is represented by data, shape, and strides [12, 38].
Row-major and column-major are special stride choices. Slicing
changes 𝑜 and possibly the extents; transposition permutes strides;
broadcasting is expressible by setting some strides to zero.

Blocked, space-filling, packed, and sparse orders. More special-
ized layouts use structured linearization rather than a single global
affine formula. In a blocked layout with tile sizes t = (𝑡0, . . . , 𝑡𝑟−1),
each coordinate decomposes as

𝑖𝑎 = 𝑞𝑎𝑡𝑎 + 𝑟𝑎, 0 ≤ 𝑟𝑎 < 𝑡𝑎,

so the offset combines an outer linearization of tile coordinates q
and an inner linearization of in-tile coordinates r. Morton order,
or Z-order, interleaves coordinate bits and is useful when spatial
locality is more important than axis-major iteration. Packed trian-
gular and symmetric layouts restrict the domain, e.g. 0 ≤ 𝑗 ≤ 𝑖 < 𝑛,
and use offsets such as 𝑖 (𝑖 + 1)/2 + 𝑗 for one lower-triangular row-
packed convention. Sparse layouts replace dense linearization by
an index data structure; the semantic map is then no longer a to-
tal dense map to stored elements but a finite map with an implicit
default value, usually zero.

2.4 Operator Principles
The operators considered here can be expressed as coordinate se-
mantics. Let i and j denote input and output coordinates. The es-
sential question for each operator is one of the following: which
input coordinate is pulled back from an output coordinate, which
scalar operation is applied at matching coordinates, or over which
fiber is a sum taken?
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Table 1: Offset strategies as mathematical linearization maps.

Strategy Domain model Linearization principle
Row-major Rectangular dense Last axis varies fastest
Column-major Rectangular dense First axis varies fastest
Permutation-major Rectangular dense Axis priority 𝜌 determines strides
General strided Affine view of a rectangular domain 𝑜 +∑𝑎 𝑖𝑎𝑠𝑎
Broadcast strided Rectangular domain with repeated fibers Some strides are zero
Blocked/tiled Rectangular domain partitioned into tiles Outer tile order plus inner tile order
Morton/Z-order Rectangular grid Bit interleaving of coordinates
Packed triangular Non-rectangular domain Closed-form enumeration of valid pairs
Sparse Finite support in a larger domain Lookup in coordinate/index structure

Elementwise tensor and scalar operations. For tensors 𝐴, 𝐵 :
𝐷e → R with identical shape and for ⊕ ∈ {+,−,×, /},

𝐶 (i) = 𝐴(i) ⊕ 𝐵(i).

For a scalar 𝛼 ∈ R,

𝐶 (i) = 𝐴(i) ⊕ 𝛼 or 𝐶 (i) = 𝛼 ⊕ 𝐴(i),

depending on operand order. Addition and multiplication are com-
mutative over R; subtraction and division are not, so reverse scalar
operations are semantically distinct.

Reshape. Let 𝐴 : 𝐷e → 𝑆 and let f = (𝑓0, . . . , 𝑓𝑞−1) satisfy

𝑟−1∏
𝑎=0

𝑒𝑎 =
𝑞−1∏
𝑏=0

𝑓𝑏 .

Reshape preserves a chosen linearization:

𝐵(j) = 𝐴
(
𝐿−1e (𝐿f (j))

)
.

Thus reshape is not a tensorial basis change. It is a reinterpretation
of the same ordered sequence of values under a different rectangu-
lar domain.

Broadcast. Broadcasting is pullback along a projection. Suppose
shape e is aligned to the trailing axes of target shape f , and let
𝑑 = |f | − |e|. For output coordinate j, define

𝜋 (j)𝑎 =

{
0, 𝑒𝑎 = 1,

𝑗𝑎+𝑑 , 𝑒𝑎 = 𝑓𝑎+𝑑 .

The broadcast result is

𝐵(j) = 𝐴(𝜋 (j)) .

The condition 𝑒𝑎 = 1means an entire output fiber is pulled back to
a single input coordinate.

Slice. Given a start vector s and output shape f , slicing is the
affine pullback

𝐵(j) = 𝐴(s + j), 0 ≤ 𝑗𝑎 < 𝑓𝑎, 𝑠𝑎 + 𝑓𝑎 ≤ 𝑒𝑎 .

The constraints ensure that the translated output domain remains
inside the input domain.

Concatenation. Let𝐴(0) , . . . , 𝐴(𝑚−1) have equal order and equal
extents except on axis 𝑐 . Define prefix sums

𝑝0 = 0, 𝑝ℓ+1 = 𝑝ℓ + 𝑒 (ℓ )𝑐 .

The output extent on axis 𝑐 is 𝑝𝑚 . For output coordinate j, choose
the unique ℓ such that

𝑝ℓ ≤ 𝑗𝑐 < 𝑝ℓ+1 .

Then

𝐵(j) = 𝐴(ℓ ) ( 𝑗0, . . . , 𝑗𝑐−1, 𝑗𝑐 − 𝑝ℓ , 𝑗𝑐+1, . . . , 𝑗𝑟−1).

Concatenation is therefore a piecewise affine pullback determined
by a partition of one axis.

Transpose and axis permutation. For a permutation 𝜋 inter-
preted as mapping output axes to input axes, the output shape is
𝑓𝑘 = 𝑒𝜋 (𝑘 ) . The transposed tensor satisfies

𝐵( 𝑗0, . . . , 𝑗𝑟−1) = 𝐴(𝑖0, . . . , 𝑖𝑟−1), 𝑖𝜋 (𝑘 ) = 𝑗𝑘 .

Ordinary matrix transpose is only the rank-two instance. In higher
order, the operation is an arbitrary action of the symmetric group
on axes.

Tensor product. For𝐴 : 𝐷e → R and 𝐵 : 𝐷f → R, the coordinate
tensor product has domain 𝐷e × 𝐷f and

𝐶 (i, j) = 𝐴(i)𝐵(j).

After bases are fixed, this is the component form of the algebraic
tensor product. Without bases, it is best understood simply as an
outer product of two finite maps.

Contraction. Contraction sums over paired axes. Let 𝑃 =
(𝑝0, . . . , 𝑝𝑐−1) be axes of 𝐴, 𝑄 = (𝑞0, . . . , 𝑞𝑐−1) axes of 𝐵, and
assume

𝑒𝑝𝑡 = 𝑓𝑞𝑡 = 𝑔𝑡 for 0 ≤ 𝑡 < 𝑐.
Let u denote the free coordinates of 𝐴, v the free coordinates of 𝐵,
and

t ∈
𝑐−1∏
ℎ=0

{0, 1, . . . , 𝑔ℎ − 1}

the contracted coordinate. Then

𝐶 (u, v) =
∑
t

𝐴(merge𝑃 (u, t))𝐵(merge𝑄 (v, t)) .
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Here merge𝑃 inserts the contracted coordinates into the axes 𝑃 ,
andmerge𝑄 does the analogous insertion for𝑄 . Matrix multiplica-
tion is the special case

𝐶𝑖 𝑗 =
𝑘−1∑
𝑡=0

𝐴𝑖𝑡𝐵𝑡 𝑗 .

Mode multiplication. The𝑚-mode matrix product multiplies ev-
ery fiber parallel to axis𝑚 by a matrix [17]. Let

𝐴 ∈ R𝑒0×···×𝑒𝑟−1 , 𝑈 ∈ Rℎ×𝑒𝑚 .
The output has shape

(𝑒0, . . . , 𝑒𝑚−1, ℎ, 𝑒𝑚+1, . . . , 𝑒𝑟−1),
and components

𝐶𝑖0,...,𝑖𝑚−1, 𝑗,𝑖𝑚+1,...,𝑖𝑟−1 =
𝑒𝑚−1∑
𝑡=0

𝐴𝑖0,...,𝑖𝑚−1,𝑡,𝑖𝑚+1,...,𝑖𝑟−1 𝑈 𝑗,𝑡 .

It is ordinary matrix-vector multiplication applied uniformly to all
mode-𝑚 fibers.

Inner product, dot product, and norm. For two same-shaped ten-
sors,

⟨𝐴, 𝐵⟩ =
∑
i∈𝐷e

𝐴(i)𝐵(i).

In full-array semantics, the dot product is this same total inner
product. The 𝐿2 norm is

∥𝐴∥2 =
√∑

i∈𝐷e

𝐴(i)2 .

For an empty domain, the summation convention gives the empty
sum as 0; therefore the corresponding norm is 0.

2.5 Synthesis
The mathematical tensor is basis-independent; the array tensor is
a finite map. The bridge between them is a choice of vector spaces,
bases, variance, and transformation law. The bridge between an
array tensor and a one-dimensional address space is a lineariza-
tion map. Once these distinctions are fixed, the operator theory
becomes uniform: shape operators are coordinate pullbacks, ele-
mentwise operators are pointwise scalar maps, tensor products are
products over product domains, and contractions and norms are
sums over fibers.

3 DESIGN
Cinder’s design problem is deliberately narrower than that of a pro-
duction tensor framework. It does not attempt to optimize every
common numerical workload, dispatch across devices, or support
a large dtype lattice. Instead, the system asks a smaller systems
question: what is the minimum structure needed to present tensor
algebra as a stable Python object while executing every operation
as explicit CUDA work? This constraint is productive. It keeps the
design space small enough that the main trade-offs can be stated
precisely.

The central design choice is to make all public operations value-
producing. A method such as reshape, transpose, or broadcast
returns a new dense tensor rather than a lazy view. This rejects

a large class of optimization opportunities, but it also rejects the
aliasing, lifetime, and non-contiguous-stride cases that dominate
mature array systems. Cinder therefore prioritizes semantic regu-
larity over peak generality: every public tensor owns a dense row-
major device allocation, and every result can be passed to the next
operation without consulting hidden view state.

3.1 Design Objectives
The implementation is organized around four objectives.

O1: a small and stable public surface. The Python API exposes
one primary type, Tensor. Internal concepts such as mappings,
device buffers, views, kernel plans, and CUDA launch details re-
main native implementation machinery. This follows the array-
programming tradition in which users manipulate high-level array
values while layout and execution stay behind the object bound-
ary.

O2: explicit tensor semantics. Each operation is specified by
shape validity, output shape, and value rule. Shape errors are
detected before kernels launch. The device code is therefore not
responsible for discovering semantic invalidity; it only evaluates
a plan that has already been checked.

O3: dense ownership as the normal case. Cinder does not expose
non-owning Python views, strided tensors, sparse formats, or in-
place mutation. Those features are useful, but they introduce a sec-
ond semantic layer in which a tensor value is no longer simply a
shape plus dense row-major storage.The current design keeps that
layer absent.

O4: host planning, device filling. The host computes compact
plans: output extents, row-major strides, axis maps, and reduction
sizes. CUDA kernels then fill dense output buffers using data-
parallel loops. This matches CUDA’s host/device programming
model while keeping exception-based validation on the host.

3.2 Semantic Core
Let a Cinder tensor be modeled as a pair

𝑇 = (e, 𝑥), e = (𝑒0, . . . , 𝑒𝑟−1) ∈ N𝑟 , 𝑥 ∈ R𝑁 (e) ,

where 𝑟 is the runtime rank, 𝑒𝑎 is the extent of axis 𝑎, and

𝑁 (e) =
𝑟−1∏
𝑎=0

𝑒𝑎

is the dense element count. The rank-zero shape () has 𝑁 (()) = 1,
so scalar results are ordinary tensors. If any extent is zero, 𝑁 (e) =
0, and the tensor is an empty dense value with preserved shape.

Coordinates live in the finite domain

𝐷e =
𝑟−1∏
𝑎=0

{0, . . . , 𝑒𝑎 − 1}.

For row-major storage, the linearization map is

𝜆e (𝑖0, . . . , 𝑖𝑟−1) =
𝑟−1∑
𝑎=0

𝑖𝑎

𝑟−1∏
𝑏=𝑎+1

𝑒𝑏 .
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Here 𝑖𝑎 is the coordinate on axis 𝑎. The empty coordinate maps
to offset 0. This single convention is used by construction, host
transfer, shape operations, tensor algebra, and reductions.

Every public operation is a partial function on these dense val-
ues:

𝑓 : T𝑚 ⇀ T .
It is undefined when ranks, extents, axes, or value counts violate
the operation contract.When defined, it decomposes into two func-
tions:

shape𝑓 : (e(1) , . . . , e(𝑚) ) ↦→ o,

and
value𝑓 : 𝐷o → R.

For non-reduction operations, value𝑓 is a coordinate remapping
plus a scalar operation. For contraction-like operations, it is a sum-
mation over an auxiliary finite domain. The point of the formalism
is not to invent new mathematics, but to make the implementa-
tion boundary crisp: shape logic is planned once, while value logic
is evaluated many times in parallel.

3.3 Execution Protocol
The same protocol is used across the library:

Validate→ Plan→ Allocate→ Fill.
Validate checks the public contract. Plan builds the output shape
and the small metadata object needed by a kernel. Allocate cre-
ates a dense output tensor with packed device storage. Fill writes
metadata and data, either by launching a CUDA kernel or by per-
forming a device-to-device copy for operations whose value rule
preserves linear order.

This protocol is the main reason the codebase remains simple
despite supporting several operation families. The special cases
that do exist become ordinary instances of the same protocol: a
rank-zero result is just an output shape (); a zero-extent input
launches enough work to write metadata but no data values; a
scalar operand is a kernel parameter rather than a synthetic ten-
sor.

3.4 Layering
Cinder separates the system into four layers, shown in Table 3.
The layers are intentionally asymmetric: the Python layer is small,
while the native layer carries most of the mechanical responsibil-
ity. This is a good trade for a Python extension because it keeps
the user-visible contract compact and lets C++ express ownership,
layout, and launch invariants directly.

The storage/view split is especially important. Tensor owns
device memory. Shape is a non-owning rank-and-extents
view. DenseRowMajorMapping is a stateless mapping policy.
TensorView combines a data pointer with a shape and mapping
policy without owning memory. Thus ownership, shape inter-
pretation, and coordinate linearization are not fused into one
object.

3.5 Metadata and Kernel Plans
Each tensor allocation stores a header, extents, padding, and the
data region in one CUDA allocation. A device-buffer descriptor
contains only the allocation base and the offset of the data region.

Table 2: Operation semantics and design trade-offs.

Family Semantic rule Design trade-off

Elementwise equal shapes, pointwise
value rule

no implicit broadcast in
arithmetic

Tensor-scalar input shape, scalar pa-
rameter

avoids synthetic scalar
tensors

Reshape same 𝑁 (e) , same linear
order

materialized copy, not
aliasing view

Broadcast trailing-axis expansion materialized output, not
stride-zero view

Slice coordinate window
copied to dense output

simple ownership, higher
copy cost

Concat equal non-axis extents,
axis sum

bounded compact multi-
input plan

Transpose axis permutation physical reorder, not
strided metadata

Tensor product output shape concatena-
tion

direct kernel, no vendor
primitive

Contraction sum over paired axes generic rule, not GEMM-
specialized

Mode multiply matrix action along one
axis

direct fiber loop, simple
rank handling

Reduction finite sum to rank-zero
tensor

uniform tensor result, no
host scalar path

Table 3: Design layers and their responsibilities.

Layer Responsibility Hidden from users

Python facade constructors, methods,
operators

native helper functions

Semantic planner validation and output
shape derivation

kernel-specific plans

Storage/view core owned buffers, shapes,
mappings, views

packed metadata layout

CUDA kernels dense data-parallel evalu-
ation

launch geometry and
device pointers

Kernels can reconstruct shape and data pointers from this descrip-
tor without receiving separate metadata pointers.

This design has three useful consequences. First, tensor argu-
ments are compact: inputs and outputs can be passed to kernels by
value as descriptors. Second, device metadata travels with device
data, so chained operations can consume kernel-produced tensors
without an intermediate host query. Third, the host still keeps a
copy of extents, making validation and output-shape derivation
ordinary C++ code.

The cost is that metadata is duplicated between host and device.
For a small runtime-rank library, that duplication is acceptable.
It avoids a worse alternative: making every shape query require
a device-to-host copy, or forcing kernels to depend on host-only
shape objects. The design spends a few words of metadata to pre-
serve a clean boundary between planning and execution.
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Table 4: Key representation choices.

Choice Benefit Cost

Runtime rank one API for all ranks bounded plan arrays
Dense row-major simple linearization no layout polymorphism
Packed allocation compact kernel argu-

ments
duplicated metadata

Value semantics predictable chaining more materialization
Host-side plans clear validation path more launch-time work
Rank-zero scalars uniform result type scalar extraction is ex-

plicit

3.6 Public API Boundary
The public API is intentionally not a mirror of the C++ namespace.
Python users see Tensor, constructors from a shape or dense row-
major host values, metadata properties, explicit to_list transfer,
arithmetic operators, shape operations, tensor-algebra operations,
and reductions. They do not see free functions, mapping classes,
views, launch helpers, or device-buffer descriptors.

This boundary makes the API more conservative than the
implementation. The C++ code already contains a column-major
mapping policy and non-owning views, but the Python contract
does not promise layout polymorphism or view semantics. Keep-
ing those tools internal prevents accidental user dependence on
mechanisms that are not yet complete design commitments.

3.7 Why Not Lazy Views?
The most obvious missing feature is lazy view semantics. In many
array systems, reshape, transpose, slice, and broadcast can
be represented by modifying shape and stride metadata instead
of copying data. Cinder chooses the opposite default: materialize
dense results.

This is not because views are unimportant. It is because they
change the system invariants. With lazy views, a tensor may be
non-contiguous, may alias another tensor, may carry stride-zero
axes, may outlive the base object in Python, and may require ker-
nels to support arbitrary stride expressions. A single operation
then has two meanings: a semantic value transformation and a
storage-view transformation. Cinder currently keeps only the first
meaning.

The trade-off is visible:

materialization cost ↔ dense postcondition.

After any public operation, the result is again a dense row-major
tensor. That postcondition makes later kernels simpler and is the
reason the system can support a moderately rich operation set
without a complicated dispatcher.

3.8 Design Invariants
The design is held together by the following invariants.

I1: public tensors are dense row-major values. No public tensor
represents a strided view, sparse object, symbolic expression, or
deferred computation.

I2: shape errors are host errors. Invalid axes, incompatible ex-
tents, and value-count mismatches are rejected before device ex-
ecution. Kernels assume a checked plan.

I3: every operation returns a tensor. Even inner products and
norms return rank-zero tensors. This avoids a separate scalar
result channel and keeps chaining uniform.

I4: metadata is sufficient on both sides of the boundary. The host
has extents for planning; the device allocation has enough meta-
data for kernels to reconstruct views.

I5: extensions should preserve the protocol. Future dtype support,
layout support, or view support should not be added by breaking
the execution protocol defined above. If an extension cannot fit
that protocol, it is not a local feature; it is a redesign of the system’s
semantic contract.

4 IMPLEMENTATION
Cinder instantiates the preceding design as a CUDA-backed
Python extension written in C++23, CUDA C++, pybind11, and
scikit-build-core. The public module, cinder.core, exports a
single value type, Tensor; the native implementation supplies the
hidden machinery for shape validation, device allocation, kernel
planning, and CUDA launch. The implementation is deliberately
not a thin binding over a collection of ad hoc kernels. It is a typed
execution system in which C++ concepts define the legal static
vocabulary, small algebraic objects encode runtime plans, and
RAII binds CUDA resources to C++ object lifetimes.

4.1 Typed Representation and Policy-Based
Layout

The native core is organized around typed products rather than a
single catch-all descriptor:

Tensor = HostMeta ×DeviceOwner,
DeviceOwner = Storage ×MappingType,

TensorView⟨𝐸,𝑀⟩ = Ptr⟨𝐸⟩ × Shape,
𝐸 |= TensorElement, 𝑀 |= TensorMapping.

Here 𝐸 is the element type and 𝑀 is a mapping policy. The public
Tensor owns CUDA storage and fixes the current public interpre-
tation to dense row-major float32. Shape and TensorView are
non-owning products of small values. DenseRowMajorMapping
and DenseColumnMajorMapping are empty mapping policies that
implement coordinate-to-offset functions without storing per-
view state. This means that layout is not an afterthought attached
to a view at runtime; it is part of the native type vocabulary used
to interpret a pointer and a shape.

This representation borrows the discipline of algebraic data
types: compound objects are explicit products, alternatives are
represented by small closed operation codes, and illegal com-
binations are excluded either by construction or by a checked
host-side plan. C++ does not give Cinder a single ML-style
datatype declaration, but the implementation follows the same
modeling rule: the shape of each runtime value is visible in its
type and in a compact constructor payload. Examples include
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TensorStorageHeader, TensorDeviceBuffer, and the operation-
specific plans for broadcast, slice, concat, transpose, contraction,
and mode multiplication. This is the systems-programming ana-
logue of the type-theoretic account of products and sums in typed
programming languages [27].

C++ concepts make these representations executable contracts
rather than comments. TensorElement restricts tensor values
to object types; IntegralIndex restricts index parameters to
integer types; TensorShape requires rank() and extent(axis);
TensorMapping requires an empty default-constructible policy;
and TensorMappingFor requires that a policy map a shape and
index tuple to a linear offset. This mirrors the purpose of concepts
in generic C++: template requirements are stated as compile-
time predicates over uses, not merely recovered from template
instantiation failures [8].

Cinder uses policy-based design [2] at the exact point where dy-
namic dispatch would otherwise leak into every element access:
layout. TensorView<Element, Mapping> is parameterized by a
mapping policy, and element access is compiled as

data[map𝑀 (shape, indices)].
Because the policy is empty, TensorView stores no policy object.
The layout rule is selected by the type Mapping, so there is no vir-
tual table, no runtime branch on layout, and no additional field in
the view. The current public Tensor fixes dense row-major layout,
but the native layer already demonstrates that layout is an internal
policy dimension rather than a property fused with ownership.

Keeping the typed representation and layout policy together is
more than editorial tidiness. The mapping policy is the static half
of the representation; the runtime shape is the dynamic half. Split-
ting them would create a false boundary between “what object is
this?” and “how is this object read?” even though every element ac-
cess uses both. This is template metaprogramming in the narrow,
performance-oriented sense: the compiler specializes the view for
the selected mapping, while the runtime rank and extents remain
ordinary data. Cinder therefore avoids two extremes. It does not
encode every tensor rank in the C++ type, which would make the
Python boundary impractical; it also does not erase layout behind
an abstract base class. The resulting split is simple: static policy for
the interpretation rule, runtime metadata for the tensor instance.

4.2 Host-Owned Storage and Planning Protocol
Cinder’s public tensor is host-owned but device-resident. The own-
ing C++ object lives in the CPython process, carries the host copy
of the shape, and releases CUDA memory through RAII. The value
payload and a compact metadata mirror live on the device. Each
tensor is stored in one CUDA allocation:

𝐵 = Header ∥ Extents ∥ Padding ∥ Data.

The header stores rank and dense element count. The extents
array stores the runtime shape. The data region is aligned to
alignof(float):

data_offset = align_up
(
|Header| + 𝑟 · |size_t|, alignof (float)

)
,

where 𝑟 is the tensor rank. A TensorDeviceBuffer contains only
the allocation base and the data offset; kernels reconstruct the
header, extent pointer, data pointer, shape view, and tensor view

from that compact descriptor. The host-side Tensor keeps its
own std::vector of extents for validation, shape queries, and
output planning, so Python metadata access does not require a
device-to-host query.

The constructor stages the header, extents, padding, and op-
tional dense data in a host byte buffer, then performs one host-to-
device copy for the entire packed allocation. This is intentionally
aligned with CUDA performance guidance: host/device transfers
should be minimized and batched when possible, because the
host/device link is much slower than device memory bandwidth
and per-transfer overhead is observable [11, 22]. The same prin-
ciple appears throughout the implementation: scalar operands
are passed by value, kernel plans are passed by value, concat
passes input buffer descriptors inside the plan, and intermediate
rank-zero reduction results remain device tensors until the user
explicitly calls to_vector().

Ownership follows RAII. Tensor calls cudaMalloc during con-
struction and cudaFree in the destructor; copy construction per-
forms a deep device-to-device copy of the packed allocation; copy
assignment uses copy-and-swap; move construction and move as-
signment transfer the allocation pointerwithout copying data.This
gives the Python-exposed value a simple contract: a live Tensor ei-
ther owns exactly one packed allocation or is empty, and releasing
a Python object cannot leak device memory. The design follows
the C++ resource-management model in which object lifetime is
the resource lifetime [36].

The same host ownership relation also explains the operation
protocol described in Section 3. Every nontrivial operation rejects
invalid shapes, axes, ranks, and sizes on the host; computes output
extents, row-major strides, axis maps, and small fixed-size meta-
data arrays; creates an uninitialized packed output tensor; and fi-
nally writes metadata and data by a CUDA kernel or by a direct
device-to-device copy when the value rule preserves dense linear
order.

This protocol is the main device/host boundary inside the native
implementation. Host code may throw C++ exceptions, manipu-
late vectors, select operation paths, and own CUDA allocation life-
times. Device code receives a checked plan and runs a predictable
data-parallel loop. Most plans are bounded by a maximum rank of
32 and are passed by value to the kernel, avoiding temporary de-
vice allocations for axis permutations, strides, slice starts, broad-
cast strides, or concat input tables. Table 5 summarizes the plan
shapes.

Special cases are absorbed into the same protocol rather than
creating a second semantic path. A rank-zero tensor is an ordinary
tensor whose extent array is empty and whose element count is
one. A zero-element tensor still launches at least one work item so
thread zero can write output metadata. A reshape with a different
shape initializes only output metadata and copies the dense data
region device-to-device. A full slice or single-input concat degen-
erates into a deep tensor copy. These cases are special in cost, not
in representation.
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Table 5: Kernel plans used by operation families.

Family Plan payload Avoided runtime
work

Broadcast output extents, output
count, input strides

synthetic stride-zero
views on device

Slice starts, output extents, input
strides

per-thread bounds
checking

Concat input descriptors, axis off-
sets, output extents

device pointer-table
allocation

Transpose output extents, input strides
by output axis

runtime axis search in
the kernel

Contraction free extents, contraction ex-
tents, free and contracted
strides

device-side axis vali-
dation

Mode multiply mode axis, input mode ex-
tent, input strides, output ex-
tents

reconstructing fibers
from host data

4.3 CUDA Thread Assignment
Cinder’s dense kernels use a one-dimensional launch geometry.
For an operation with 𝑁 output elements, the host computes

𝑊 = max(𝑁, 1), 𝐺 =

⌈
𝑊

256

⌉
,

where 𝑊 is the number of work items and 𝐺 is the number of
thread blocks. Each block has 256 threads. In the kernel, each
thread computes its global linear index

𝑡 = blockIdx.x · blockDim.x + threadIdx.x.

If 𝑡 = 0, the thread writes the output header and extents. If 𝑡 < 𝑁 ,
the thread computes one output element. Data threads do not
read output metadata; they use input metadata and the by-value
plan. Therefore, the metadata write does not require a grid-wide
synchronization, which CUDA does not provide inside a normal
kernel.This organization follows CUDA’s grid/block/threadmodel,
in which independent blocks are scheduled across streaming mul-
tiprocessors and threads identify their work using blockIdx,
blockDim, and threadIdx [21, 23].

The per-thread value rule depends on the operation family:

elementwise: 𝑦𝑡 = 𝜙 (𝑥 (1)𝑡 , 𝑥
(2)
𝑡 ),

tensor product: 𝑦𝑡 = 𝑥
(1)
⌊𝑡/|𝑥 (2) | ⌋𝑥

(2)
𝑡 mod |𝑥 (2) | ,

transpose/shape: 𝑦𝑡 = 𝑥𝜌 (𝑡 ;𝜋 ) ,

contraction: 𝑦𝑡 =
∑𝐾−1
𝑘=0 𝑥

(1)
𝜌1 (𝑡,𝑘 )𝑥

(2)
𝜌2 (𝑡,𝑘 ) ,

mode multiply: 𝑦𝑡 =
∑𝑚−1
𝑗=0 𝑥𝜌 (𝑡, 𝑗 )𝐴𝛼 (𝑡 ), 𝑗 .

Here 𝑡 is the output linear index, 𝜙 is the scalar operator, 𝜌 func-
tions are offset maps derived from a kernel plan, 𝐾 is the number
of contracted coordinate tuples, 𝑚 is the selected input mode ex-
tent, and 𝛼 (𝑡) is the matrix row selected by the output coordinate
on the mode axis.

Reductions use a different assignment. For small reductions,
one block scans the input by thread-stride, stores one partial
sum per thread in shared memory, and reduces the block with
__syncthreads(). For larger reductions, the first kernel launches

up to 4096 blocks; each thread traverses the input with a grid-stride
loop

𝑖 = 𝑡, 𝑡 + gridDim.x · blockDim.x, . . .
and writes one partial sum per block. A second kernel reduces
those partials into a rank-zero tensor. The grid-stride pattern pre-
serves unit-stride memory access within warps while allowing a
bounded grid to cover arbitrary input sizes [13]. For the L2 norm,
the final square root is performed in the final reduction kernel,
avoiding a host scalar round trip.

4.4 Launch and Transfer Economy
Cinder treats launch and transfer overhead as a first-class part of
the algorithm, not as bookkeeping around it. In a heterogeneous
runtime, the expensive mistake is to measure only the arithmetic
in the kernel while ignoring the fixed boundary costs paid to enter
the device, construct device-side metadata, or bring intermediate
values back to the host. Prior GPU performance work makes this
point sharply: the location of the data can dominate the apparent
CPU/GPU comparison once transfer time is included [11]. CUDA’s
own optimization guidance gives the same engineering rule: mini-
mize host/device transfer and batch small transfers whenever pos-
sible [22].

The implementation therefore optimizes for device residency. A
tensor that enters Cinder should remain a CUDA-resident value
across native operations, and metadata should move through ker-
nel parameters or the packed allocation rather than through sep-
arate allocations and copies. For a public operation 𝑓 , the imple-
mentation tries to realize the cost shape

𝐶 (𝑓 ) ≈ 𝐿𝑓 + 𝐵H2D𝑓 + 𝐵D2H𝑓 + 𝐾𝑓 (𝑁 ),

where 𝐿𝑓 is launch overhead, 𝐵H2D
𝑓

and 𝐵D2H
𝑓

are host-to-device
and device-to-host transfer costs, and 𝐾𝑓 (𝑁 ) is the device work
over 𝑁 dense output elements. Cinder cannot make 𝐾𝑓 (𝑁 ) dis-
appear, but it can keep the other three terms close to their min-
imum: one launch for most materializing operations, one packed
H2D copy at construction, and zero D2H transfers unless the user
explicitly asks for a Python value.

This choice creates a concrete set of negative space in the imple-
mentation: there is no separate metadata kernel, no temporary de-
vice array for a broadcast or transpose plan, no device tensor allo-
cated merely to hold a scalar, no implicit host scalar extraction for
rank-zero reductions, and no host round trip between chained ten-
sor operations. Plans are ordinary by-value kernel arguments; con-
cat embeds input buffer descriptors in the plan; scalar operands are
passed as immediate values; output metadata is written by thread
zero in the same kernel that writes output data.The design is small,
but it is small in a specific direction: every removed launch and
every avoided copy prevents the Python object model from reap-
pearing as a performance tax at the CUDA boundary.

The resulting policy is deliberately more surgical than a general
fusion compiler. Kernel fusion across arbitrary Python expressions
could reduce launches further, but it would require deferred exe-
cution, alias analysis, graph-level scheduling, and a substantially
larger semantic contract. Cinder instead performs intra-operation
fusion: validation, layout planning, and metadata construction
are host work; metadata emission and value computation are
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Table 6: Launch and copy behavior ofmajor implementation
paths.

Path Device work Transfer behavior

Tensor construction no kernel one packed H2D copy for metadata
and optional data

Elementwise/scalar one kernel scalar and operation code passed by
value

Broadcast, slice, con-
cat

one kernel plan passed by value; concat embeds
input descriptors

Transpose one kernel axis and stride metadata passed by
value

Tensor product one kernel output metadata written by thread
zero

Contract/mode one kernel summation performed inside output-
element threads

Reshape no kernel metadata H2D plus data D2D copy
Inner product/norm one or two ker-

nels
rank-zero result remains on device un-
til explicit D2H

co-located in the minimum number of device operations for that
tensor primitive. This is a modest claim, but a systems-relevant
one. The library does not pretend that a small tensor framework
can win by raw FLOP/s alone; it wins, when it wins, by refusing
to pay unnecessary boundary costs.

4.5 Python, FFI, and Build Boundary
The Python boundary is the outer heterogeneous boundary, not
just a convenient wrapper. In CUDA C++, a source file can con-
tain both host code and device code, but nvcc separates those paths
during compilation: host code is compiled for the CPU, while de-
vice code is compiled to GPU code and embedded or linked into
the resulting binary [23]. CPython can call only functions that are
present as host-callable native symbols inside the loaded exten-
sion module. It cannot directly invoke a __global__ kernel or a
__device__ helper as a Python function. Therefore the actual call
chain is

Python
↓

pybind11 Host WRappeR
↓

C++ Host Plan/Launch
↓

CUDA KeRnel
Cinder’s bindings.cpp reflects that chain exactly. The pybind11
module entry registers the Python-visible Tensor methods; each
method calls a host C++ member or free function; that host func-
tion validates, plans, allocates, and only then launches a CUDA
kernel or performs a CUDA copy. Device kernels remain imple-
mentation details, not Python-callable API.

At the foreign-function interface level, cinder.core is a
dynamically loaded CPython extension module. CPython’s ex-
tension contract is concrete: an extension is a shared library
loadable into the Python process, named with an interpreter-
supported extension suffix, and exporting a module initialization
function [31]. pybind11 supplies the boilerplate for this con-
tract: PYBIND11_MODULE creates the import-time entry point,
and pybind11_add_module builds a Python extension target
with the platform- and interpreter-specific naming and linker

Table 7: Boundary chain from Python import to CUDA exe-
cution.

Layer Contract and Cinder artifact

Python import find a correctly suffixed cinder.core extension and its
initialization symbol

CPython C API create the module object through the pybind11-
generated initializer

pybind11 wrapper convert Python objects to C++ values and translate ex-
ceptions around the Tensor method bindings

Native host layer validate, plan, allocate, and dispatch through Tensor
methods and operation-specific host helpers

CUDA run-
time/device

execute .cu kernels over packed device buffers through
CUDA::cudart

Build system make the Python, CMake, pybind11, CUDA, and wheel
choices reproducible

details [28, 29]. Beneath CPython, the operating system dynamic
loader resolves the extension and its dependent shared libraries;
that is the ordinary linker/loader problem of binding symbolic
references to loaded code and data [19]. For Cinder, the depen-
dencies are not merely C++ runtime details: the CUDA runtime
library must also be available, and the embedded or linked GPU
code must match the target GPU policy selected at build time.

The result is an ABI contract, not source-level magic. Cinder
does not use the CPython limited API or abi3; pybind11 exposes a
normal CPython extension module whose compatibility is tied to
the selected Python interpreter, compiler, platform, and dependent
native libraries. CPython’s Stable ABI exists precisely to reduce
some of those version-coupling problems, but using it is an explicit
design and build choice, with API and performance trade-offs [30].
In the current implementation the safer statement is narrower: the
public Python ABI is the small Tensor surface, while the binary
compatibility of the wheel remains a build artifact.

The build files are therefore part of the implementation, not
packaging decoration. The project metadata selects scikit-build-
core as the PEP 517 build backend and declares pybind11 as a
build dependency. scikit-build-core bridges Python packaging to
CMake, so a Python build frontend can configure a native CMake
project and assemble the resulting extension into a wheel [34].

Cinder’s CMake then finds the selected Python interpreter and
module-development component. It asks that interpreterwhere py-
bind11’s CMake package lives, builds the core module with py-
bind11’s CMake helper, and installs it under the cinder package.
When CUDA is enabled, the same target appends .cu translation
units, defines the CUDA feature macro, finds the CUDA Toolkit,
and links the CUDA runtime target.

That coupling is especially important in heterogeneous sys-
tems. A pure C++ extension mainly needs a host compiler, Python
headers, and a loadable shared object. A CUDA-backed exten-
sion additionally needs a CUDA compiler path, CUDA runtime
linkage, GPU architecture selection, and sometimes device-code
linking. CMake’s CUDA properties expose those choices explic-
itly: projects are encouraged to set CUDA architectures rather
than inherit compiler-version defaults, and separable device com-
pilation becomes necessary when device code must link across
translation units [14, 15, 23]. For Cinder today, keeping kernels
and their device helpers close to the operation source files avoids
a separate device-linking contract. If future versions introduce
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cross-translation-unit device libraries, precompiled GPU kernels,
or multiple architecture wheels, that is not a local Python binding
change; it is a build-system and ABI change.

This boundary is important for evolution. The implementa-
tion can add more mapping policies, dtypes, execution plans,
or kernel strategies without promising them as Python surface
area. Conversely, the user-visible Tensor remains a stable dense
value: ownership is deterministic, transfers are explicit, and every
operation returns another tensor that can immediately feed the
next CUDA-backed operation. The only explicit public device-to-
host value transfer is to_list() through Tensor::to_vector();
rank-zero reductions remain CUDA-resident tensors until the user
asks for a Python list.

5 DISCUSSION
Cinder should be evaluated as a compact tensor-system prototype,
not as a replacement for mature array frameworks. The important
question is therefore comparative: which parts of the implementa-
tion already resemble durable systems structure, and which parts
remain intentionally below the level expected from industrial li-
braries or recent tensor-compiler research? This section answers
that question by separating current limits, design risks, and realis-
tic next steps.

5.1 Current Limits
Implementation summary. The current implementation is eager,

dense, CUDA-resident, and value-producing. A public Tensor
owns one packed device allocation containing a header, runtime
extents, padding, and a dense float32 data region. The host
keeps shape metadata for validation and planning, while kernels
recover enough metadata from the packed descriptor to construct
device-side views. Operations use the checked host-planning
discipline defined earlier: plans are small by-value objects con-
taining extents, row-major strides, axis maps, input descriptors,
or reduction parameters. Shape operations and tensor algebra
operations materialize dense row-major outputs rather than ex-
posing lazy views. The Python surface is deliberately smaller than
the native machinery: users see one type, Tensor, and do not see
mapping policies, device buffers, kernel plans, streams, or storage
descriptors.

This makes Cinder easy to reason about, but it also defines the
main boundary of the current artifact. Table 8 places Cinder next
to three stronger reference classes: mature Python array systems,
specialized GPU tensor libraries, and compiler-oriented tensor sys-
tems.

Against mature array libraries. NumPy’s central abstraction is
notmerely an𝑛-dimensional buffer; it is an array object with shape,
dtype, strides, broadcasting rules, views, and an ecosystem con-
tract [12, 38]. PyTorch and TensorFlow add accelerator backends,
automatic differentiation, graph or runtime execution machinery,
and integrationwithmodel-buildingworkflows [1, 26].The Python
Array API standard exists because library compatibility itself has
become a design object [6]. Cinder has none of that breadth. Its
public type does not represent a dtype lattice, a device object, a
stream, a view, or a cross-library memory capsule. Its operators

do not implement NumPy-compatible indexing, implicit arithmetic
broadcasting, promotion rules, or in-place update.

That gap is not a single missing feature. It is the absence of a
general array descriptor. In Cinder today, “tensor” means a host-
owned dense row-major float32 value on CUDA. In industrial
libraries, “tensor”means a family of values parameterized by dtype,
layout, device, aliasing relation, and sometimes gradient state. The
former is a clean prototype invariant; the latter is the minimum
vocabulary needed for real user programs.

Against specialized tensor libraries. cuTENSOR is a useful lower
bound for what a production CUDA tensor primitive library con-
siders ordinary: mixed precision, complex and real combinations,
JIT compilation, support for up to 64-dimensional tensors, arbi-
trary layouts, contractions, reductions, permutations, plan caches,
and multi-GPU variants [24]. Cinder’s contractions and mode mul-
tiplications are semantically general, but their kernels are direct
per-output loops rather than tiling, tensor-core, or vendor-library
implementations. This is acceptable for an inspectable system
study, but it means Cinder currently proves semantic coverage
more than performance competitiveness.

Themost important practical consequence is that Cinder cannot
yet separate what operation is requested from how the implemen-
tation should be selected. Mature systems dispatch among kernels,
vendor libraries, generated code, precision modes, and workspace
choices. Cinder dispatches mostly by operation family and then
launches a fixed kernel. The design is legible, but the optimization
space is mostly hard-coded.

Against academic tensor-compiler practice. Recent systems
research pushes the boundary in a different direction. Halide sepa-
rates the algorithm from its schedule, making locality, parallelism,
and recomputation explicit optimization dimensions [32]. TVM
extends this idea to deep learning operators with graph-level
optimization, operator scheduling, autotuning, and hardware-
specific cost models [5]. TACO targets dense and sparse tensor
algebra by compiling index notation into kernels, addressing the
combinatorial explosion of tensor formats and operations [16].
MLIR treats compiler infrastructure itself as a reusable multi-level
substrate for domain-specific computation [18], while Triton gives
GPU programmers a tile-level abstraction for high-performance
custom kernels [37].

Cinder intentionally stops before this compiler layer. Its host
plans are small algebraic objects, but they are not an intermediate
representation. They cannot be rewritten, fused, tiled, autotuned,
serialized, or lowered to multiple backends.This is the core current
limit from a research perspective: Cinder has a good local execu-
tion protocol, but it does not yet have a global optimization repre-
sentation.

Limit conclusion. The current implementation is therefore best
characterized as a semantically clean eager dense tensor library. Its
strengths are value semantics, explicit shape planning, compact de-
vice metadata, and a small Python ABI. Its limits are equally clear:
no dtype generality, no public view model, no sparse formats, no
automatic differentiation, no graph/fusion layer, no backend ab-
straction, no interoperability protocol, no vendor-kernel dispatch,
and no performance evidence. The positive reading is that these
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Table 8: Cinder compared with industrial and research tensor systems.

Dimension Mature systems Cinder today

Data model dtype families, strided views, device objects, standardizing APIs [6, 12, 38] dense row-major float32; one public tensor type
Execution eager runtimes, dataflow graphs, automatic differentiation, distributed execu-

tion [1, 26]
eager one-operation-at-a-time CUDA kernels; no graph or
autograd

GPU library depth mixed precision, arbitrary layouts, JIT plans, plan caches, multi-GPU
paths [24]

handwritten kernels with fixed compact plans and a single
CUDA device

Compilation scheduling languages, autotuning, tensor IRs, sparse/dense code genera-
tion [5, 16, 18, 32, 37]

operation-specific host plans; no reusable IR or schedule
representation

Interoperability large ecosystems, serialization, packaging, backend conventions pybind11 module with explicit to_list() transfer

omissions are visible and structured. The negative reading is that
each omission corresponds to an entire subsystem in mature ten-
sor software.

5.2 Design Risks
The main design risks are software-engineering risks rather than
mathematical ones. Cinder’s choices are mostly defensible trade-
offs; the danger is that future features could be added in ways that
erase the clean boundaries that made the prototype understand-
able. Parnas’s classical criterion for modular decomposition is still
the right lens here: hide design decisions likely to change behind
stable interfaces [25]. In Cinder, the likely-to-change decisions are
dtype, layout, device, aliasing, dispatch, and kernel selection.

R1: descriptor drift. The packed allocation currently assumes a
fixed element type and a dense row-major interpretation. If dtype
or layout support is added by threading extra fields through ev-
ery operation-specific plan, the representation will become brittle.
The better boundary is a single tensor descriptor that owns ele-
ment type, item size, alignment, layout, device identity, and possi-
bly stream or allocator identity.The public Tensor can remain sim-
ple, but the native descriptor should become the one place where
storage interpretation is defined.

R2: duplicated planning logic. The implementation already re-
peats small utilities: checked element-count products, row-major
stride construction, fixed rank limits, work-item rounding, and
metadata writes. This is not yet a serious problem because the
operation set is small. It becomes a maintenance risk when new
dtypes, layouts, or backends arrive: one missed overflow check
or one inconsistent zero-element path would produce a semantic
split that tests may not catch. The practical fix is modest: shared
plan-building helpers and common launch utilities, not a full
compiler rewrite.

R3: view semantics as a compatibility trap. Materialization is
Cinder’s strongest simplifier. After every public operation, the re-
sult is again a dense row-major owner. Lazy views would improve
memory traffic for reshape, transpose, slice, and broadcast, but
they introduce aliasing, base-object lifetime, non-contiguous ac-
cess, stride-zero axes, and mutation questions. The risk is not that
views are bad; the risk is exposing a partial view model and then
being forced to preserve it. A safer path is to add internal view
descriptors first, use them only inside kernels or fused operations,
and delay any public view promise until lifetime and mutation
rules are settled.

R4: performance special cases leaking into semantics. The current
code handles special cases by keeping the representation uniform:
rank-zero tensors are tensors, zero-element outputs still receive
metadata, and scalar reductions return rank-zero device values.
This taste should be preserved. Future performance work will
tempt the codebase to add separate paths for matrices, vectors,
scalars, contiguous copies, tiny tensors, and vendor-library calls.
Those paths are often necessary, but they should be implementa-
tion choices under the same semantic contract. Once users can
observe different error behavior, dtype behavior, synchronization
behavior, or ownership behavior across optimized paths, the
library has created accidental API surface.

R5: testing that proves examples rather than invariants. The cur-
rent tests exercise many operations with reference computations,
which is the right start. They are not yet enough for an extensi-
ble tensor library. The future risk is that tests stay example-based
while the implementation grows descriptor dimensions. Shape al-
gebra, broadcasting, slicing, contraction axes, zero extents, rank-
zero values, and overflow boundaries are all better expressed as
invariants and differential tests against a trusted reference such
as NumPy. Performance tests should be separate from correctness
tests, but both must exist before claims about maturity are credible.

Risk conclusion. The deepest maintainability risk is coupling by
convenience: copying a small plan structure here, adding a dtype
branch there, special-casing a fast path elsewhere. None of those
changes is disastrous alone. Together they would make the cur-
rent execution discipline decorative instead of governing. Cinder
should therefore treat checked host planning followed by dense
device filling as an architectural invariant, and any extension that
cannot fit it should be recognized as a subsystem redesign.

5.3 Future Work
Future work should be incremental and evidence-driven. The next
version does not need to become PyTorch, TVM, or cuTENSOR. It
needs to strengthen the parts of Cinder that are already promis-
ing while avoiding commitments that would make later correction
expensive.

F1: build a benchmark and profiling harness. The first priority
is measurement. Cinder should report operation latency, effective
bandwidth, launch count, H2D/D2H traffic, and device residency
for a fixed matrix of shapes. The baseline set should include
construction, to_list, elementwise arithmetic, broadcast, slice,
concat, transpose, tensor product, contraction, mode multipli-
cation, inner product, and norm. CUDA events can measure
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device time; wall-clock measurements should include transfer and
Python boundary costs. Comparisons should be honest: NumPy
for CPU semantics, PyTorch or CuPy for common GPU behavior,
and cuTENSOR for contraction, permutation, and reduction where
applicable.

F2: introduce an internal tensor descriptor. Before adding new
public features, the native layer should factor out a compact
TensorDescriptor. It should record rank, extents, dtype, element
size, layout kind, strides or dense mapping, device identity, and
data offset. The first descriptor can still describe only dense row-
major float32; the point is to move from implicit assumptions to
one explicit object. This makes later dtype and layout support a
local extension rather than a cross-cutting edit.

F3: add differential and property-based correctness tests. The
current example tests should be complemented with generated
shapes and axis sets. For each operation, Cinder can compare
against NumPy reference semantics on small tensors, including
rank-zero tensors, zero extents, singleton broadcast axes, repeated
invalid axes, overflow-adjacent shapes, and empty concat inputs.
The goal is not only to find bugs, but to make semantic contracts
executable.

F4: add internal views before public views. A realistic next step is
an internal strided view descriptor used by kernels and planning
code. Reshape can become metadata-only internally; transpose
and broadcast can be represented as stride transformations; mate-
rialization can remain the public postcondition. This gives Cinder
a way to reduce copies inside compound operations without
immediately promising NumPy-like aliasing to Python users.

F5: route selected operations through vendor primitives. Contrac-
tions and mode multiplications should keep the generic fallback
kernel, but special cases that reduce to matrix multiplication or
supported cuTENSOR contractions should dispatch to vendor rou-
tines. This is more practical than inventing a compiler first. The
important constraint is semantic equivalence: the optimized path
must return the same dense tensor contract, preserve the same er-
ror behavior, and be covered by the same tests.

F6: expand dtype support conservatively. Once the descriptor
exists, Cinder can add a small dtype set: float64 for numerical
comparison, int32 for indexing-like workloads, and possibly
float16/bfloat16 only when accumulation and conversion rules
are specified. Dtype promotion should not be improvised. Either
Cinder implements a documented small promotion table, or it
keeps operations same-dtype-only until it can follow a broader
array standard.

F7: document the API contract and version it. The report currently
explains the design, but the package should also expose a short
user-facing contract: supported dtype, device model, shape rules,
transfer rules, error classes, synchronization behavior, and compat-
ibility promises. This matters because even a small Python library
develops userspace. Once users depend on behavior, changing it is
a regression unless the contract warned them otherwise.

Future-work conclusion. The grounded roadmap is therefore
measurement first, descriptor second, tests throughout, and only

then wider dtype, view, and dispatch support. A compiler IR, graph
fusion, automatic differentiation, distributed execution, or a public
NumPy-compatible view model may eventually be valuable, but
they are not the next honest step. Cinder’s immediate engineering
value is sharper: it can become a small but well-measured CUDA
tensor library whose architecture is strong enough to explain
exactly when a feature is local and when it is a redesign.
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