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Abstract
Texture interpolations is computationally heavy.
This paper aims at seeing if tensor cores, which
are extra hardware, could be used for computing,
with a reasonable performance, texture interpola-
tions that are not possible under the texture unit, as
well as to see if an improvement can be achieved
compared to the texture unit’s already existing in-
terpolations.

1 Introduction
Over the past years, we have seen video games taking an

important place in our lives. Every year, new advances on
GPUs (Graphics Processing Units) are made in order to make
video games look better while increasing the performance.
In order to allow quality along with performance, Graphics
Cards are now equipped with a texture unit allowing the
storage and fast computations on textures which are typically
2D maps filled with color values that are used to map onto 3D
objects. The texture unit allows relatively fast computation
of texture interpolation, for which the goal is to fill missing
values when resizing an image or approximating a color
based on several pixels that surrounds it [Gonzalez and
Woods, 2002].

Even though NVIDIA provides a texture unit with func-
tions to do bilinear interpolation on textures that are efficient
[NVIDIA, 2025a], we do not have a built-in function for bi-
cubic, higher dimensions, tiled textures or α-multiplied in-
terpolations so that we aim to do those calculations without
calling multiple bilinear functions[Briand and Davy, 2019]
and relatively fast. Since interpolation is very heavy on ma-
trix multiplications, the purpose of this study is to evaluate
the use of tensor cores, which are made for fast matrix calcu-
lus of the form matrix = matrix × matrix + matrix, in order
to do all kind of interpolations that we previously mentioned
and compare the performances.

Unfortunately, there is not many documentations about
tensor cores aside from how to send a matrix to them, how

to use them in libraries[Raihan et al., 2019] or a try at de-
mystifying the tensor cores [Yan et al., 2020], so that we
could discover features on top of using cores that are, as to-
day, mostly used in deep learning [Burgess, 2020]. Such uti-
lization could then transform an element of the hardware that
is almost never active into a helper for heavy interpolation
workload.

2 Interpolation Techniques
There exists several interpolation techniques and algo-

rithms seen in this study. There are also plenty of other tech-
niques and algorithms that this paper does not take into ac-
count, as they do not match with matrix multiplication.

2.1 Bilinear interpolation
Mathematical formulation

Consider a function f(x, y) defined at four grid points
forming a unit square:

(x1, y1), (x1, y2), (x2, y1), (x2, y2)

where x2 = x1 + 1 and y2 = y1 + 1, and the function
values at these points are denoted as: f11 = f(x1, y1),
f12 = f(x1, y2), f21 = f(x2, y1), f22 = f(x2, y2).

For an arbitrary point (x, y) within the square, bilinear in-
terpolation estimates f(x, y) based on these values by the fol-
lowing:

f(x, y) ≈ 1

α
M

 x2y2 −y2 −x2 1
−x2y1 y1 x2 −1
−x1y2 y2 x1 −1
x1y1 −y1 −x1 1


 1
x
y
xy

 (1)

where α = (x2 − x1)(y2 − y1) and
M = [f11 f12 f21 f22]

Note that the matrix format is used to correlate with the use
of tensor cores.

Algorithm
The algorithm for bilinear interpolation can be described

as follows for a given fractional location (x,y):
1. Identify the four neighboring grid points (pixels in this

case) (x1, y1), (x1, y2), (x2, y1), and (x2, y2).
2. Retrieve the corresponding function values

f11, f12, f21, f22.



3. Compute α

4. Compute the interpolated value using Equation (1).

The computational complexity of this algorithm is up to
the complexity of the matrix multiplication used for one po-
sition, as it requires a fixed number of arithmetic operations
regardless of the grid / texture size.

2.2 Bi-cubic interpolation
Bi-cubic interpolation allows for a smoother interpolation

while it is computationally heavier. It differs from bilinear
interpolation by having 16 neighboring pixels instead of 4 in
2D.

Mathematical formulation
Consider a function f and the derivatives fx, fy, fxy

sampled at four grid points that form a square. Then bi-cubic
interpolation consists of finding 16 coefficients α as follows:

A = M

 f(x1, y1) f(x1, y2) fy(x1, y1) fy(x1, y2)
f(x2, y1) f(x2, y2) fy(x2, y1) fy(x2, y2)
fx(x1, y1) fx(x1, y2) fxy(x1, y1) fxy(x1, y2)
fx(x2, y1) fx(x2, y2) fxy(x2, y1) fxy(x2, y2)

MT (2)

=

α00 α01 α02 α03

α10 α11 α12 α13

α20 α21 α22 α23

α30 α31 α32 α33

 and

M =

 1 0 0 0
0 0 1 0
−3 3 −2 −1
2 −2 1 1


Then the interpolated value p(x, y) is:

p(x, y) =
[
1 x x2 x3

]
A

 1
y
y2

y3

 (3)

Algorithm
An algorithm for bi-cubic interpolation can then be de-

scribed as follows:

1. Identify the four neighboring grid points (pixels in this
case) (x1, y1), (x1, y2), (x2, y1), and (x2, y2).

2. Calculate the derivative for each corner pixel by find-
ing the value of the slope between the two surrounding
points in the appropriate axis x or y, and for xy, take the
derivative in both axes, one at a time.

3. Retrieve the corresponding function values in
f, fx, fy, fxy .

4. Compute α using Equation (2)

5. Compute the interpolated value using Equation (3).

The computational complexity of this algorithm is also up
to the complexity of the matrix multiplication used for one
position, as it requires a fixed number of arithmetic operations
regardless of the grid / texture size, but there are far more
operations and matrix loads to do compared to the bilinear
interpolation.

For each of those techniques, in order to get RGB values,
the computation has to be done three times, once for each
channel. They can be done in parallel as a channel value does
not depend on another channel.

3 Experimental setup and Performance
Evaluation

3.1 Hardware
The hardware used in this study is a NVIDIA RTX A4000

containing 6144 CUDA cores for a single precision perfor-
mance of 19.2 TFLOPS as well as 192 third-generation ten-
sor cores for a tensor performance of 153.4 TFLOPS (using
the sparsity feature) according to the NVIDIA documenta-
tion. [NVIDIA, 2022]

3.2 Software
This study uses NSight, which is a software that shows

performance and hardware usage for the current kernels on a
NVIDIA graphics card, in order to evaluate the performances.

3.3 Test strategies
Textures

As far as this study as reached, four textures have been used
in order to demonstrate the correctness of the implemented
methods such as the unit square with a different color on each
corner, a checkerboard in order to check the borders and sud-
den changes, a fluid-like pattern with iridescent colors texture
and a texture with 4 channels.

Methods
For any of the following, the goal was to find a working

implementation that works for our specific needs, validate it
works by comparing the results with already supported ver-
sions of interpolation or known algorithms and finally com-
pare the performances.

In order to test out different strategies, two or three steps
are designed depending on the implementation and what
is available on the NVIDIA documentation about textures
[NVIDIA, 2025a]. In all cases, two approaches are tested.
The first being an interpolation over a texture that is the same
size of the current texture to see if anything changes and the
second one evaluating completion for up/down-scaling which
are used to show a texture that is either smaller or bigger
than the actual window size, thus meaning that interpolation
is needed to fill missing value or stay consistent within the
image.

• For bilinear interpolation, since texture memory sup-
ports functions such as tex2D in CUDA, a program
that simply puts into memory the original texture and
does a simple call to the tex2D function when we want
to interpolate was created and will be our checker for
correctness of further bilinear interpolations, as tex2D
allows for bilinear interpolation done on the texture unit
in 2D.

• For bi-cubic interpolation, since it is not supported by
the texture unit, a program to interpolate a texture with



”normalized” coordinates was implemented. This is use-
ful in the case of up-scaling or down-scaling. Since we
want to compare performances, a similar function for bi-
linear interpolation is implemented.

For both interpolations, instead of calculating the channels
separately, we structured the matrix so that it holds the 3
channels directly so that they are independent.

Finally, we will compare the previous methods with the
different proposed implementations of texture interpolation
using tensor cores that follows.

4 Tensor Core interpolation limitations and
strategies

4.1 Difficulties

A first thing to note when we are using CUDA is that we
are working warp-wise, i.e, using 32 packed SIMD threads of
a block that typically ranges between 256 and 1024 threads.
This means that for a single matrix multiply, 32 threads are
used and are waiting on loading and storing matrices to/from
the tensor core. A second limitation are the precisions avail-
able on any WMMA (Warp Matrix Multiply and Accumu-
late) API call. A typical use of this API is to call the function
load matrix sync() to load the matrix in the tensor core, then
do the multiplication and addition by using mma sync() and
finally store the result with store matrix sync(). The limita-
tion about precision is the fixed set of available matrix size
available depending on the precisions that have been chosen
for the input and output matrices [NVIDIA, 2025a] for which
they are bigger than our needs and needs to be padded with
0. In this study, we will focus on half- and double-precision
input matrices, as well as half-, single- and double-precision
output matrices. Another difficulty mentioned in the CUDA
programming guide is that the mapping of matrix elements to
each thread in the warp is unspecified and subject to changes
between architectures. Finally, the WMMA API expects in-
puts that are only in either global or shared memory, so that
one cannot define a matrix in local memory.

4.2 Padding with 0

In order to prepare the experiment with tensor cores, a
simple baseline CUDA code was created dealing with only
1 pixel per warp and using the previously defined matrices
described in Section 2. This is done by filling the rest of
the matrices with zeroes, knowing that matrices of half in-
puts and half or single output are of size 16×16×16 and
for double-precision inputs and outputs it is 8×8×4. Us-
ing double-precision, there is no need to modify the matrix
when using a 1024×1024 pixels output as it still allows for a
precise output but there is a need to change the matrices for
half-precision.

Mathematical reformulation
For bilinear interpolation, we need to transform the

Equation (1) into the following normalized form :

f(x, y) ≈ [f11 f12 f21 f22]

1 −1 −1 1
0 0 1 −1
0 1 0 −1
0 0 0 1

MT

(4)
where M = [1 a b ab] and x’ = (x + 0.5) / size of the
output window × size of the texture, y’ = (y + 0.5) / size
of the output window × size of the texture, a = x′ − ⌊x′⌋,
b = y′ − ⌊y′⌋

This switches to a unit square on the local 4 neighboring
texels of the current pixel in a normalized form in order to
allow half-precision range.

For bi-cubic interpolation, we need to transform the Equa-
tion (2) into the following normalized form :

The calculation for the A matrix is unchanged, but as for
bilinear interpolation we modify the Equation (3) such that x
is replaced by a and y is replaced by b on the right hand side
of the equation.

Again, this works because we are locally computing the
interpolation using the 16 neighboring texels, if it was not
neighboring then the pixels would be outside the locally cre-
ated unit square and would then give results that are bigger
than 255.

Algorithm
Both algorithms are unchanged up to the fourth step where

we need to load the matrices, call the WMMA kernel contain-
ing multiple WMMA API calls to do the matrix multiplica-
tion, and retrieve the results. The difference is that the matrix
is filled with 3 channels R, G, B, so that for bi-cubic for ex-
ample, the M and MT matrices are repeated 3 times inside
the 16x16x16 matrix as well as there are 3 different f matrices
inside the middle matrix. A WMMA kernel is as follows:

__device__ void wmmaNaiveKernel(const half *__restrict__ A,
const half *__restrict__ B,
half *C) {

wmma::fragment<wmma::matrix_a, WMMA_M, WMMA_N,
WMMA_K, half, wmma::row_major> A_frag;

wmma::fragment<wmma::matrix_b, WMMA_M, WMMA_N,
WMMA_K, half, wmma::row_major> B_frag;

wmma::fragment<wmma::accumulator, WMMA_M, WMMA_N,
WMMA_K, half> C_frag;

wmma::load_matrix_sync(A_frag, A, WMMA_K);
wmma::load_matrix_sync(B_frag, B, WMMA_N);
wmma::fill_fragment(C_frag, 0.0f);
wmma::mma_sync(C_frag, A_frag, B_frag, C_frag);
wmma::store_matrix_sync(C, C_frag, WMMA_N,

wmma::mem_row_major);
}

Figure 1: Naive WMMA function implemented with CUDA
half precision fragments

Where WMMA M,WMMA N, and WMMA K are all
equal to 16 because this is using half-precision in this case.

4.3 Making the matrix denser
Using the previous baseline implementation, one can see

that the matrix containing the pixel color values is very sparse



because of padding and can be easily improved by doing 4
pixels at once. In the bicubic case, the matrix was filled such
that each group of four columns of the matrix corresponded
to the f(x, y)s and their derivatives of each channel while
adding zeroes at the last 4 rows of 1 pixel. That way, since it
is a 16×16 matrix, we have 16/4 = 4 pixels that can fit in only
1 matrix that is now filled with 192 potentially non-zero ele-
ments and 64 zeroes. Those 4 pixels are always picked such
that they form a square of 2x2 pixels allowing for a potential
faster memory access. Of course, the other matrices had to
be changed accordingly, notably duplicating the M and MT

matrices along the diagonals of the overall matrices. This was
only done for the bi-cubic interpolation and for 4 pixels im-
plementation.

4.4 Four channels rather than 3
Sometimes, textures have an arbitrary amount of channels

such as a fourth channel that can be added to describe the
transparency of the current pixel called Alpha (RGBA). This
is also something to compare with to see if adding channels is
less expensive with the tensor core implementation compared
to adding channels in a CUDA classic approach or even using
the texture unit, which allows for 4 channel bilinear interpo-
lation. In order to add such a channel for the bilinear interpo-
lation, the matrix is simply added the 4 new data points right
below the other 3 ”vectors” of 4 data points in the matrix as
we already had 3 channels. For the bi-cubic part, setting the
values of the fourth channel instead of zeroes at the last 4
rows of each group of 4 columns is enough in the 4 pixels per
warp case described before and now fills up the whole matrix.

4.5 Taking advantage of half precision intrinsics
In CUDA, using the FP16 (half-precision) type, the + or *

operators are not recognized whereas it is in float type (single-
precision). A first implementation was then to let the com-
piler do the conversion from float to half by itself after do-
ing the operations in float, then a second implementation was
to use the float2half() intrinsics (functions) in order to ex-
plicitly ”cast” any float after their operations into a half. A
last implementation was to use the provided add and multiply
functions available in the FP16 library such as hmul so that
we can directly work with half values without the need for
a transformation from float to half[NVIDIA, 2025b]. Such a
change was made on all the previous implementations but the
4 channel implementation.

4.6 Changing the block sizes
As previously said, sets of 32 threads, called warps, lie in

blocks which sizes usually ranges from 256 to 1024 threads.
All the previous implementations used 8 warps per block,
hence using 256 threads. Performance could be improved
by varying the block size depending on the workload, mem-
ory constraints, and other factors and can only be checked
through experimentation [Ikram et al., 2022]. Changing the
block size can be beneficial in terms of resource utilization,
improved occupancy and better load balancing but can com-
plicate tuning and not have the same result on another GPU.
In the current context, it is not sufficient to only change the
block size but some of the memory layouts were also changed

along with the size of the block, as our implementation uses
shared memory which is shared across a block rather than a
warp, which is directly affected by the block size. Multiple
block sizes are tested to identify the ideal block size that is
then used in the following implementation.

4.7 ”Keeping” the results in between tensor calls
As seen in Figure 1, the WMMA kernel relies on API calls

that are synchronous across the warp, meaning that all 32
threads have to synchronize on loading the first matrix then
the second, etc. This is costly when consecutive calls of this
function are made as the kernel waits on loading and storing
for most of the time and implies a memory bottleneck.

A way to reduce the amount of loads and stores would be to
be able, for consecutive matrix multiplications, to keep the re-
sult matrix in the tensor core or the layout of it in each thread
to get rid of a store operation, whose only purpose is to put
the whole matrix in shared memory as well as a load.

Even though the part of the matrix that each thread in the
warp contains is unknown and is subject to change, we can
only try to assume that the layout between a row major ma-
trix result is the same as the one for a row major matrix a
input matrix.

Such an implementation does not require one to know the
layout of the matrix but only to correctly copy from one call
to another, within the same thread of the current warp, the
current matrix elements it holds from the result.

The change made to Figure 1 was to move the accumulator
out of the function, pass it as a pointer before the call to the
function and remove the store operation in order to only have
the result in the accumulator. Then, a second function was
needed to have the input as the previously saved accumulator.
Unfortunately, the WMMA API does not provide a way to
transform a wmma::accumulator matrix to a wmma::matrix a
matrix so that the following workaround was found by check-
ing the members available in the code editor for each of those
elements.
__device__ void wmmaNaiveKernelCol(

wmma::fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K,
half> *A, const half *__restrict__ B, half * C) {

wmma::fragment<wmma::matrix_a, WMMA_M, WMMA_N, WMMA_K,
half, wmma::row_major> A_frag;

wmma::fragment<wmma::matrix_b, WMMA_M, WMMA_N, WMMA_K,
half, wmma::col_major> B_frag;

wmma::fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K,
half> C_frag;

wmma::load_matrix_sync(B_frag, B, WMMA_N);

#pragma unroll
for (int i = 0; i < A_frag.num_elements; i++) {

A_frag.x[i] = (*A).x[i];
}
wmma::fill_fragment(C_frag, 0.0f);

wmma::mma_sync(C_frag, A_frag, B_frag, C_frag);
wmma::store_matrix_sync(C, C_frag, WMMA_N,

wmma::mem_row_major);
}

Figure 2: Second WMMA function implemented for allowing
results immediate usage

This uses the previously made assumption that the mapping



of thread elements are the same between calls and between an
accumulator and an input matrix a.

5 Results
For every test conducted in this study, the results were com-

pared to the already provided texture interpolation function
from NVIDIA in the bilinear case and to the naive full CUDA
implementation for bi-cubic interpolation. The following im-
ages, set as textures, were used and all outputs are of size
1024x1024 pixels.

Each of those textures allows one to check whether
there is a loss in needed sharpness in the checkerboard,
if the colors and curves are respected in Figure 3b and if
transparency is respected when using 4 channels in Figure 3c.

All tensor core based implementations correctly interpo-
lated each texture. Visual inspection and pixel comparison
shows that they are correct up to precision differences when
using half-precision that make up a slight error on usually
1 channel by 1 value on some pixels. For example, a pixel
which value would be (173,56,89) after being interpolated
might end up being (173,57,89) for which the error cannot
be seen by a human eye. Such error does not appear when us-
ing double-precision. The point of this study is mainly about
performances which are on the following sections beside val-
idating the tensor core implementations.

In all of the figures 4, 5, 6, 7, A corresponds to Bilinear
CUDA naive 3 channels, B to Texture unit 3 channels, C to
texture unit 4 channels, D to Bi-cubic CUDA naive 3 chan-
nels and E to Bi-cubic CUDA 4 channels. Everything that
does not specify CUDA or texture unit is using tensor cores.

In Figure 4, a corresponds to Simple pad half-precision, b
to Simple pad double-precision and c to 4 channels.

In Figure 5, a corresponds to Bi-cubic Simple pad half-
precision, b to Dense matrix half-precision and c to Bi-cubic
4 channels.

In Figure 6, a corresponds to Double block size, b to Half
intrinsics and c to Half intrinsic and keeping results.

In Figure 7, a corresponds to Double block size, b to Dou-
ble block size with denser matrix, c to Half intrinsics, d to
Half intrinsic, denser matrix and double block size, e to Half
intrinsic and keeping results and f to Denser matrix, half in-
trinsic, keeping results and double block size

5.1 Modifying the core algorithm performances
Figure 4 and 5 present the average time spent in the kernel

from before the interpolation up to after interpolating the
whole textures using different approaches. It appears that
using the double-precision version is significantly longer
than when the half-precision version is used in the same
domain. In any case, at this stage, both the texture and
CUDA naive implementations seems faster than the tensor
core versions. Adding a channel is more expensive when
using the tensor cores approach than in the texture unit in
the bilinear case and it is way more expensive in the bi-cubic
case compared to its naive CUDA implementation.

5.2 Tensor code modifications performances

The results in Figure 6 and 7 present enhanced tensor cores
strategies. It shows that taking advantage of half-precision
intrinsics, along with modifying the block sizes and keeping
the results between WMMA API calls seems to improve per-
formances in some cases but it appears that, in any way, it
is faster than the results in Figure 4 and 5 for both bilin-
ear and bi-cubic interpolation. It appears that the best ver-
sion achieved in this study for bi-cubic interpolation is 4.34x
slower than a naive CUDA interpolation.

6 Discussion

Although tensor cores provide extremely efficient matrix
operations, actual performance depends heavily on the warp-
level synchronization as loading and storing is what takes
most of the time along with the computation of parameters
to be put in the matrices. Another performance might also
be due to an issue with memory bandwidth as the tensor core
API require matrices to be put in either shared or global mem-
ory which can significantly create bandwidth pressure.

An observation that was made is that without waiting for
the load, and thus having wrong results in this study, it ”im-
proved” the performances by a matter of 3-4ms in the last im-
plementation of the bi-cubic interpolation, which would be
almost equivalent to the naive CUDA counterpart.

This is something that could be later studied, as it is possi-
ble to copy data directly as this study does in the case of keep-
ing the results between tensor calls without explicitly know-
ing the matrix layout in each thread. This might also be one
of the reasons why it is faster in the case of keeping the re-
sults between calls. The lack of a native, efficient way to pass
accumulator fragments to input fragments might be a factor
why the performance on keeping the result matrix between
calls is not great enough to make a difference even though
synchronization and memory bottleneck are avoided.

As expected, the first implementation have many too sparse
matrices computing only 1 pixel compared to 4 in the last im-
plementations. The tensor cores sparsity feature developed
by NVIDIA could be a way to further optimize performances
in such implementations.

Performance improves only slightly when using the pack-
ing of multiple pixels per warp and such cause might be that
calculating the parameters for 3 more pixels would almost
cancel out the speedup achieved by multiplying an almost full
matrix with tensor cores along with loading such parameters.

Some other limitation to note is that WMMA internal
thread-to-matrix mapping is undocumented and architecture
dependent. An example found in this study is the undocu-
mented behavior of calling the WMMA API with double-
precisions matrices with GA104 chips (or other possible
chips) used in this study, rather than GA100, which suppos-
edly supports it, that leads to a larger compute time than it
should have been. This result is explained by looking on
NSight as it shows that it did not use tensor cores, thus mean-
ing that the API is capable of doing a matrix multiply without
tensor cores or when the current GPU does not support tensor
usage with such precision without warning the user.



(a) 3 channel 1024×1024 checkerboard (b) 3 channels 256×256 fluid-like texture (c) 4 channels 1500×1102 splash of paint

Figure 3: Textures used for testing

Figure 4: Average time spent in kernel for some bilinear im-
plementations

Figure 5: Average time spent in kernel for some bi-cubic im-
plementations

Figure 6: Average time spent in kernel for some tensor-core
modified bilinear implementations

Figure 7: Average time spent in kernel for some tensor-core
modified bi-cubic implementations

Overall, this study is to investigate whether NVIDIA Ten-
sor Cores, typically used for deep learning workloads with
bigger matrices, could be repurposed to accelerate texture in-
terpolations on top of putting work into a hardware part that
is mostly inactive. Our preliminary results indicate that ten-
sor cores, in their current form and usage in this study, do not
offer the same or better performance than the already exist-
ing implementation and the use of texture units. The primary
bottleneck lies in the rigid programming model of WMMA
that can be further investigated, especially for synchroniza-
tion and load and store of matrices within each thread of a
warp. Another bottleneck previously explained is memory
bandwidth but is a similar issue. Other untapped potential
is by using more complex or higher-order interpolations with
more matrix multiplications such as 3D textures when needed
by some applications for a better quality and where perfor-
mance is yet to be improved. The improvements made within
this study suggest that performance can be substantially en-
hanced with a better comprehension of the hardware and soft-
ware abstractions, which this study unveiled some of these as-
pects. Tensor cores are, thus, promising candidates for future
optimizations. More research is needed to explore alternative
memory layouts, cooperative kernel designs, possible archi-
tecture workarounds or even using mixed-precision such as
TF32 that is specific to tensor cores to see if a speedup can be
gained using such precision that is available on tensor cores.
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