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ABSTRACT
We explore the floating-point arithmetic implemented in the NVIDIA tensor cores,
which are hardware accelerators for mixed-precision matrix multiplication
available on the Volta, Turing, and Ampere microarchitectures. Using Volta V100,
Turing T4, and Ampere A100 graphics cards, we determine what precision is used
for the intermediate results, whether subnormal numbers are supported, what
rounding mode is used, in which order the operations underlying the matrix
multiplication are performed, and whether partial sums are normalized. These
aspects are not documented by NVIDIA, and we gain insight by running carefully
designed numerical experiments on these hardware units. Knowing the answers to
these questions is important if one wishes to: (1) accurately simulate NVIDIA
tensor cores on conventional hardware; (2) understand the differences between
results produced by code that utilizes tensor cores and code that uses only IEEE
754-compliant arithmetic operations; and (3) build custom hardware whose
behavior matches that of NVIDIA tensor cores. As part of this work we provide a
test suite that can be easily adapted to test newer versions of the NVIDIA
tensor cores as well as similar accelerators from other vendors, as they become
available. Moreover, we identify a non-monotonicity issue affecting floating
point multi-operand adders if the intermediate results are not normalized after
each step.

Subjects Algorithms and Analysis of Algorithms, Computer Architecture, Scientific Computing
and Simulation
Keywords NVIDIA V100 GPU, NVIDIA T4 GPU, Tensor core, Dot product, Matrix
multiply-accumulate, Floating-point arithmetic, Half precision, Binary16, IEEE 754 arithmetic,
NVIDIA A100 GPU

INTRODUCTION
One hundred and sixteen of the computers in the November 2020 TOP500 list
(https://www.top500.org/lists/top500/2020/11/) are equipped with NVIDIA graphics
processing units (GPUs) based on the Volta, Turing, and Ampere microarchitectures.
A prominent feature of these GPUs is the tensor cores, which are specialized hardware
accelerators for performing a matrix multiply-accumulate operation. Here, in particular,
we focus on the tensor cores available on the NVIDIA V100 (Volta microarchitecture), T4
(Turing architecture), and A100 (Ampere architecture) GPUs, which implement the
operation
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(1)

where A, B, C, and D are 4 × 4 matrices and “binaryxy” denotes the xy-bit format from the
IEEE Standard 754 for floating-point arithmetic (IEEE, 2019). The entries of A and Bmust
be in binary16 format, whereas those of C and D can be either binary16 or binary32
floating-point numbers depending on the accumulation mode. The newer A100 (Ampere
microarchitecture) GPUs support a wider range of matrix dimensions, as well as an
additional floating-point format, as shown in Table 1. The element dij in (1) can be seen as
the sum of cij and the dot product between the ith row of A and the jth column of B, so that,
for instance

d11 ¼ a11b11 þ a12b21 þ a13b31 þ a14b41 þ c11: (2)

Unfortunately, NVIDIA provides very little information about the numerical features of
these units, and many questions naturally arise. The white paper that describes the Volta
microarchitecture (NVIDIA, 2017, p. 15) states that1

Tensor Cores operate on FP16 input data with FP32 accumulation. The FP16 multiply
results in a full precision product that is then accumulated using FP32 addition with the
other intermediate products for a 4 × 4 × 4 matrix multiply.

The official documentation (NVIDIA, 2020a) adds only a few more details:
Element-wise multiplication of matrix A and B is performed with at least single precision.

When .ctype or .dtype is .f32, accumulation of the intermediate values is performed with
at least single precision. When both .ctype and .dtype are specified as .f16, the accumulation

Table 1 Processing units or architectures equipped with mixed-precision matrix multiply-
accumulate accelerators. The notation m × k × n refers to the matrix multiply-accumulate operation
in (1) where C and D are m × n matrices, and A and B have size m × k and k × n, respectively.

Year
of release

Device Matrix dimensions Input format Output
format

References

2016 Google TPU v2 128 × 128 × 128 bfloat16 binary32 Google (2020)

2017 Google TPU v3 128 × 128 × 128 bfloat16 binary32 Google (2020)

2017 NVIDIA V100 4 × 4 × 4 binary16 binary32 NVIDIA (2017)

2018 NVIDIA T4 4 × 4 × 4 binary16 binary32 NVIDIA (2018)

2019 Arm v8.6-A 2 × 4 × 2 bfloat16 binary32 Arm Ltd (2020)

2020 NVIDIA A100 8 × 8 × 4 bfloat16 binary32 NVIDIA (2020b)

8 × 8 × 4 binary16 binary32

4 × 8 × 4 TensorFloat-32 binary32

4 × 2 × 2 binary64 binary64

1 The binary16 and binary32 formats are
sometimes referred to as fp16 (or FP16)
and fp32 (or FP32), respectively.
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is performed with at least half precision. The accumulation order, rounding and handling of
subnormal inputs is unspecified.

From a numerical point of view, many essential aspects of tensor cores are not specified.
This lack of key information makes it challenging to simulate tensor cores on conventional
IEEE 754-compliant systems and to build hardware that can reproduce their behavior.
Moreover, it can lead to unexpected differences between the results computed on NVIDIA
devices with tensor cores enabled or disabled.

We now briefly recall some key aspects of IEEE-compliant floating-point systems and
the definitions and main properties of normalization and subnormal numbers, which
are two important concepts in this work. A binary floating-point number x has the form
(−1)s × m × 2e − p, where s is the sign bit, p is the precision, m ∈ [0, 2p − 1] is the integer
significand, and e ∈ [emin, emax], with emin = 1 − emax, is the integer exponent. In order
for x to have a unique representation, the number system is normalized so that the most
significant bit of m—the implicit bit in IEEE 754 parlance—is always set to 1 if |x| ≥ 2emin.
Therefore, all floating-point numbers with m ≥ 2p − 1 are normalized. Numbers below
the smallest normalized number 2emin in absolute value are called subnormal numbers,
and are such that e = emin and 0 < m < 2p − 1. Subnormal numbers provide a means to
represent values in the subnormal range, that is, between 0 and the minimum normalized
number. They have lower precision than normalized values (from p − 1 bits to as low
as 1 bit), and require special treatment to be implemented in software and hardware.
Therefore it is not uncommon for hardware manufacturers not to support them, in order
to avoid performance or chip area overheads.

In implementing floating-point operations the result of an operation must be
normalized (if possible) by shifting the significand left or right until it falls within the
interval [2p − 1, 2p − 1] and adjusting the exponent accordingly. More details can be found
in Muller et al. (2018, Sec. 7.3).

The IEEE 754 standard for floating-point arithmetic provides a somewhat relaxed set of
requirements for reduction operations such as dot product and multi-operand addition
(IEEE, 2019, Sec. 9.4): the order in which the partial sums should be evaluated is not
prescribed, and the use of a higher-precision internal format is allowed. In particular, the
standard does not specify: (1) whether this internal format should be normalized, as it
would be if the multi-operand addition were implemented using IEEE 754 elementary
arithmetic operations, (2) which rounding mode should be used, and (3) when the
rounding should happen. These loose requirements can potentially cause the results
computed with a given multi-operand addition unit to be significantly different from those
obtained using other hardware implementations or a software implementation based on
IEEE 754-compliant elementary arithmetic operations.

With matrix multiplication being ubiquitous in artificial intelligence, accelerators for
mixed-precision matrix multiply-accumulate operations are becoming widely available, as
Table 1 shows. Hardware vendors often design these units focusing on performance rather
than numerical reliability, and this may lead to the implementation of unconventional,
non-IEEE-compliant arithmetics. Some of the hardware units in Table 1, for instance, use
bfloat16, a 16-bit format that allocates 8 bits to the significand (including the implicit bit)
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and 8 bits to the exponent and does not support subnormal numbers (Intel Corporation,
2018; Intel Corporation, 2020). It is worth noting that Volta is the first NVIDIA
microarchitecture supporting tensor cores—the older Pascal GPUs, such as the P100,
which are not reported in Table 1, supported binary16 arithmetic but did not include
tensor cores. The NVIDIA Ampere A100 GPUs introduce a new 19-bit format called
TensorFloat-32, which was designed to have the same dynamic range as binary32 (8 bits)
and the same precision as binary16 (11 fraction bits, including the implicit bit) (NVIDIA,
2020b). In order to better understand the differences between the results computed
using different systems, it is necessary to develop techniques to probe the numerical
features of these units.

The situation is reminiscent of that before the widespread adoption of the IEEE
754-1985 standard, when different floating-point arithmetics had different properties.
To address the issue, Kahan (1981) developed a program called paranoia that analyzes
and diagnoses a floating-point arithmetic, which was subsequently translated into C by
Karpinski (1985). We follow a similar route: using idiosyncrasies of floating-point
arithmetic, we design tests to better understand the numerical behavior of tensor cores,
extending the testing approach recently introduced by Hickmann & Bradford (2019). Our
aim is to explore the following questions.

� Are subnormal inputs supported or are they flushed to zero? Can tensor cores produce
subnormal numbers?

� Are the multiplications in (2) exact and the additions performed in binary32 arithmetic,
resulting in four rounding errors for each element of D? In what order are the four
additions in (2) performed?

� What rounding mode is used in (2)?

� Is the result of each floating-point operation in (2) normalized, or do tensor cores only
normalize the final sum? What rounding mode is used for the normalization?

The answers to these questions are of wide interest because these accelerators, despite
being introduced to accelerate the training of deep neural networks (NVIDIA, 2017, p. 12), are
increasingly being used in general-purpose scientific computing, where their fast low
precision arithmetic can be exploited in mixed-precision algorithms (Abdelfattah et al., 2020),
for example in iterative refinement for linear systems (Haidar et al., 2018a, 2018b, 2020).

The results discussed here were produced by running our test suite, which is freely
available on GitHub (https://github.com/mfasi/tensor-cores-numerical-behavior). The file
tc_test_numerics.cu can be compiled following the instructions in the README.md
file, so as to produce an executable that will run all the tests we describe in the following
sections and produce a report. We run the test suite on an NVIDIA Tesla V100 SXM2
16GB GPU (Volta microarchitecture), an NVIDIA Tesla T4 16GB GPU (Turing
microarchitecture), and an NVIDIA Ampere A100-PCIA 40GB GPU. We used version
10.1 of the CUDA library on the machines equipped with the Volta and Turing cards, and
version 11.1 on the machines equipped with the A100 GPU, as GPUs based on the Ampere
microarchitecture require at least version 11 of the CUDA library in order to utilize the
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latest numerical features such as the TensorFloat-32 numerical type. Some graphic cards
designed for intensive graphic processing workloads such as video gaming, computer-
aided design, or computer-generated imagery, also include tensor cores: all the GPUs in
the GeForce 20 and Quadro RTX series are based on the Turing microarchitecture, and
those in the recently announced GeForce 30 series are based on the Ampere
microarchitecture. We do not consider this wealth of different graphic cards here, as our
focus is on the NVIDIA hardware that is present in the supercomputers in the TOP500
list and targets scientific computing applications. We stress, however, that the ideas we
employ are very general and can be exploited to understand the numerical features of any
hardware accelerator based on operations of the form (2).

Finally, we remark that the binary16 arithmetic implemented in the NVIDIA CUDA
cores is not fully IEEE 754 compliant, as round-to-nearest is the only rounding mode
implemented for elementary arithmetic operations (NVIDIA, 2020c)—we use this
observation in “Support for Subnormal Numbers”.

PREVIOUS WORK
From a hardware perspective, instruction-level details, register configuration, and memory
layout of the tensor cores in the NVIDIA Volta (Jia et al., 2018b; Yan, Wang & Chu, 2020)
and Turing (Yan, Wang & Chu, 2020; Jia et al., 2018a) GPUs have been extensively
described. Another study by Basso, Dos Santos & Rech (2020) explores the reliability of
tensor cores in terms of rate of hardware errors in matrix multiplications. The main
finding is that low-precision operations and usage of tensor cores increase the amount of
correct data produced by the GPU, despite increasing the impact of numerical errors due
to the use of lower-precision data. In order to quantify the accuracy of tensor cores,
Blanchard et al. (2020) provide a rounding error analysis of what they call a block fused
multiply-add (FMA), a generalization of the multiply-accumulate operation in (1) in
which the matrix sizes, the precisions of the arguments, and the internal precision of the
accumulator are taken as parameters.

Markidis et al. (2018) discuss various aspects of tensor cores and propose a technique,
called precision refinement, to enhance the accuracy of mixed-precision matrix
multiplication. Improving the accuracy of tensor-core-based matrix multiplications was
further explored by Mukunoki et al. (2020).

None of the these sources, however, examines to what extent tensor cores conform
to the IEEE 754 standard or investigates how tensor cores compare with a matrix
multiply-accumulate operation based on dot products implemented in software.
Hickmann & Bradford (2019) explore some details of the numerical behavior of tensor
cores with the main goal of inferring the hardware-level design of these units. Our work
follows a similar approach and complements their findings by supplying further insights
into the subject. We show that the additions in (2) are performed starting from the
operand that is largest in magnitude, that at least 2 extra bits are used for carries, and that
(2) may be non-monotonic for certain sets of inputs. Furthermore, we consider the second
and third generation of the tensor cores, which equip the Turing T4 and Ampere A100
GPUs, respectively, and conclude that their internal accumulator has an extra bottom bit
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compared with the tensor cores on V100 GPUs. Finally we make our test suite freely
available, in order to guarantee reproducibility and facilitate testing other matrix multiply-
accumulate units, such as the third generation tensor cores in the latest NVIDIA A100
GPUs (NVIDIA, 2020b).

RESULTS
In this section we describe our testing methodology and give the results obtained on the
three NVIDIA graphics cards we considered. Table 2 summarizes the tests we performed
and indicates the subsections in which they are described. Our methodology is to find
test cases that demonstrate specific numerical behaviors and, by making the (quite
reasonable) assumption that the hardware has a consistent behavior across the input space,
conclude that the discovered features should be true for all possible inputs.

NVIDIA Volta tensor cores
Tensor cores can be accessed using the cuBLAS library, or the native hardware assembly
instructions HMMA.884 (Jia et al., 2018a, 2018b) and HMMA.1688 (Yan, Wang &
Chu, 2020; Jia et al., 2018a). In our experiments, we opted for the warp-level C++ function
wmma::mma_sync(), which performs a 16 × 16 × 16 matrix multiply-accumulate
operation. This is the lowest level interface to access the tensor cores in the NVIDIA
CUDA programing environment. In order to use only a single tensor core, we set all but
the top left 4 × 4 blocks to 0. We ensure that our experiments do use the tensor cores
by running our test suite with the NVIDIA profiler nvprof, which shows the utilization
levels of different hardware components on the GPU, and by observing that the assembly
code produced by the nvcc compiler contains HMMA instructions. At the software level,
tensor cores can be used in either binary16 or binary32 mode, which defines the
number format of D in (1).

Table 2 Summary of the subsections of “Results”.

Section Devices used and description of tests performed on them

NVIDIA Volta Tensor Cores Tests performed on the NVIDIA V100 (Volta) GPU

Support for subnormal numbers Support for subnormal numbers (on the inputs, outputs and the computation of subnormals from
the normalized inputs)

Accuracy of the dot products Accuracy of the inner products performed as part of matrix multiply-accumulate (accuracy of scalar
multiplies, accuracy of addition, and number of rounding errors introduced)

Rounding modes in tensor core computations Tests for determining what rounding modes are used in the inner products and the final rounding

Features of the accumulator Tests that explore the number of extra bits in the alignment step of floating-point addition inside
the inner product (extra bits at the bottom of the internal significand)

A test to find out whether the normalization is performed only at the end or after each addition in
the computation of the inner products

A similar test for the normalization in subtraction

Tests for determining the number of extra bits for carries in floating-point addition (extra bits at the
top of the internal significand)

A test to check the monotonicity of the inner products

NVIDIA Turing tensor cores All tests from “NVIDIA Volta Tensor Cores” rerun on the NVIDIA T4 (Turing) GPU

NVIDIA Ampere tensor cores All tests from “NVIDIA Volta Tensor Cores” rerun on the NVIDIA A100 (Ampere) GPU
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The experiments in this section were run on an NVIDIA Tesla V100 SXM2 16GB
(Volta microarchitecture) GPU.

Support for subnormal numbers
We start by investigating the support for subnormal numbers, as this knowledge will
dictate what range of input values we are allowed to use in subsequent tests.

Table 3 compares precision, exponent range, machine epsilon, and magnitude of
smallest representable subnormal and normal number for various floating-point number
formats, including those supported by the three generations of tensor cores. By looking at
the data in the table, we can make two important observations. First, conversion from
binary16 to binary32 does not result in subnormal numbers. Second, the product of two
binary16 numbers requires at most 22 bits for the significand, 6 bits for the exponent and
one for the sign, and thus can be represented exactly in binary32.

As for tensor cores, there are multiple questions regarding the support of subnormal
numbers.

1. Can tensor cores take binary16 subnormal numbers as inputs for A and B in (2) without
flushing them to zero, use them in computation, and return binary16 or binary32
normal or subnormal results?

2. Can tensor cores take binary32 subnormal numbers as inputs for C in (2) without
flushing them to zero, use them in computation, and return subnormal binary32 results?

3. Can tensor cores compute subnormal numbers from normal numbers and return them?

The first question can easily be addressed by considering (2) and setting a11 = 2−24,
b11 = 22 (arbitrarily chosen), and the remaining elements to zero. The tensor cores return
the subnormal result a11 b11 = 2−22 in both binary16 and binary32 mode, thereby
answering the first question in the affirmative.

An analogous idea can be used to clarify the second point: setting c11 to the smallest
positive binary32 subnormal 2−149 and all the elements of A and B to zero yields d11 = 2−149,
which confirms that the subnormal number c11 is not altered by the dot product in (2).
We note, however, that whether support for binary32 subnormals is needed is
questionable. The absolute value of the smallest nonzero value that can be produced
from the multiplication of two binary16 numbers is 2−48, thus c11 would not contribute to

Table 3 Parameters of various floating-point formats: number of digits of precision including the
implicit bit (p), boundary of the exponent range (emin and emax), machine epsilon (ε), and
smallest positive representable normal (fmin) and subnormal (smin) numbers. The formats from the
IEEE 754 standard (IEEE, 2019) are binary16, binary32, and binary64.

binary16 bfloat16 TensorFloat-32 binary32 binary64

p 11 8 11 24 53

emax 15 127 127 127 1,023

emin −14 −126 −126 −126 −1,022

ɛ 2−10 2−7 2−10 2−23 2−52

fmin 2−14 2−126 2−126 2−126 2−1022

smin 2−24 2−133 2 − 136 2− 49 2−1074
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the sum if it were a binary32 subnormal: in binary32 arithmetic with round-to-nearest,
one has that 2−48 + x > 2−48 only if x > 2−48 · 2−24 = 2−72, which is normal in binary32.

For the third question, we can obtain subnormal numbers as outputs in several ways.
For instance, we can set a11 to 2

−14, the smallest normal number in binary16, and b11 to 2
−1,

and confirm that tensor cores return the binary16 subnormal 2−15 in both binary16 and
binary32 modes. Another possibility is to set a11 = 2−14, b11 = 1, and c11 = −2−15, which
produces the subnormal binary16 number d11 = 2−15. As mentioned above, it is not possible
to obtain subnormal binary32 numbers from binary16 inputs in (2). In summary, these
experiments demonstrate that there is full support for subnormal inputs in tensor cores.

One might wonder whether tensor cores natively support subnormals or some degree of
software interaction is present. The NVIDIA profiler confirms that the experiments
discussed in this section make use of the tensor cores, but we implemented an additional
test to further reinforce the evidence that subnormals are supported in hardware.
In “Rounding Modes in Tensor Core Computations” we show that tensor cores use
round-towards-zero. We can use the fact that CUDA cores provide only round-to-nearest
for binary16 computations to show that subnormals are in fact manipulated with tensor
cores. In order to do so, we set a11 and a12 to 1, b11 to the binary16 subnormal 2−23 + 2−24, b21
to 2 and the other elements of A and B to 0. Since the addition in (2) is done in binary32
arithmetic, the smallest value that can be exactly added to b21 = 2 is 2−22. In this case,

b11¼ 2�23 þ 2�24 ¼ 3
4 � 2�22 will either be round down to 0, if round-towards-zero is being

used, or rounded up to 2−22, if the summation is carried out using the CUDA cores, which
support only round-to-nearest. This computation returned the value 2, meaning that b11
was rounded down—a further indication that subnormals are natively supported by
tensor cores.

Accuracy of the dot products
Our second goal is to test the accuracy of the dot product (2) with the tensor cores.
The first step is to check that the products of two binary16 values are computed exactly,
which implies that the products must be kept in some wider intermediate format and
accumulated without being rounded back to binary16. Specifically we want to test that
a1ibi1, for i = 1,…, 4, is computed exactly. This can be achieved by ensuring that the four
multiplications produce floating-point numbers that are not representable in binary16 and
checking that these are preserved and returned as binary32 entries of D.

In order to demonstrate this, we set the first row of A and the first column of B to
1 − 2−11 and c11 to 0. The exact value of each partial product is (1 − 2−11) · (1 − 2−11) = 1 −
2−10 + 2−22, which, depending on the rounding mode, would be rounded to either 1 − 2−10

or 1 − 2−11, if the products were stored in binary16. As tensor cores produce the exact
binary32 answer d11 = 4 · (1 − 2−10 + 2−22), we conclude that partial products are held exactly.

Another question is whether the precision of the 5-operand addition in (2) changes in
any way when binary16 is used to store the elements of the matrices C and D in (1).
The test is to set a11 = b11 = a12 = 1 − 2−11, b21 = 2−11, and the remaining elements to 0.
In this test, the first product a11b11 = 1 − 2−10 + 2−22 requires precision higher than
binary16 to be represented, whereas the second evaluates to a12b21 = 2−11 − 2−22. The sum
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of these two products is a11b11 + a12b21 = 1 − 2−10 + 2−11, which is representable in
binary16 but would not be computed exactly by a binary16 accumulator, since storing the
first product requires higher precision. Indeed we found that tensor cores output the exact
value, confirming that the partial products are still held exactly even when C and D are
in binary16 format.

A third question concerns the number of rounding errors in the 5-operand adder that
accumulates the partial products. The dot product in (2) contains four additions, three
to sum up the exact partial products and a fourth to add the binary32 argument c11.
Our expectation is that the additions are done in binary32 rather than exactly, as indicated
by NVIDIA (2017, 2020a). In order to confirm this, we can set the first row of A to 1,
thereby reducing (2) to

d11 ¼ b11 þ b21 þ b31 þ b41 þ c11; (3)

and then run 5 different cases with one of the addends in (3) set to 1 and the rest set to 2−24.
In this test, an exact addition would return 1 + 2−22, whereas inexact binary32 arithmetic
would cause 4 round-off errors when adding 2−24 to 1, causing the number 1 to be
returned. All permutations return d11 = 1, leading to the following conclusions.

� In the worst case each element of D includes four rounding errors, which conforms to
the block FMA model used by Blanchard et al. (2020, Sec. 2.1).

� The partial products in (2) are not accumulated in a fixed order, but always starting from
the largest value in magnitude. This sorting is necessary in order to know which
arguments require to be shifted right in the significand alignment step of a standard
floating-point addition algorithm (Muller et al., 2018, Sec. 7.3), (Tenca, 2009), and is
most likely done in hardware. This is in line with the literature on hardware dot
products (Kim & Kim, 2009; Tao et al., 2013; Sohn & Swartzlander, 2016; Kaul et al.,
2019), where either sorting or a search for the maximum exponent is performed.
Furthermore, this experiment demonstrates that none of the additions are performed
before aligning the significands relative to the largest exponent: if evaluated before
the arguments are shifted right relative to the largest magnitude arguments’
exponent (by having multiple alignment stages), any other sum would evaluate to
2−24 + 2−24 = 2−23, a value that then could be added exactly to the total sum as the least
significand bits would not be lost in the alignment.

In summary, each entry of D in (1) can have up to four rounding errors, and the 5-
operand additions that compute each element are performed starting from the largest
summand in absolute value.

Rounding modes in tensor core computations
If binary32 mode is used, only the four additions in (2) can be subject to rounding errors.
The IEEE 754 standard defines four rounding modes for elementary arithmetic
operations (IEEE, 2019, Sec. 4.3): round-to-nearest with even-on-ties, round-towards-zero,
round-towards-minus-infinity, and round-towards-plus-infinity. In this section we use the
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notation defined by Muller et al. (2018, Sec. 2.2.1) and denote these four rounding
operators by RN, RZ, RD, and RU, respectively.

As round-to-nearest is the default rounding mode in the IEEE 754 standard, we start
by testing whether this is the rounding mode used by the tensor cores. This can be verified
by setting any two partial products to values such that one of them would be rounded
up only if round-to-nearest or round-towards-plus-infinity were used. If the result is
rounded down we can conclude that the tensor cores implement either round-towards-zero
or round-towards-minus-infinity, but neither round-to-nearest nor round-towards-plus-
infinity (Fig. 1B). One such test is to set in (3) b11 = 2, b21 = 2−23 + 2−24, and the remaining
entries in the first column of B to 0. Note that in binary32 arithmetic RN(2+x) > 2 if
x > 2 · 2−24 = 2−23, whereas the smallest positive y such that RZ(2+y) > 2 is 2 · 2−23 = 2−22.
The choice b21 ¼ 3

4 � 2�22 is such that x < b21 < y, thus RN(b11+b21) = RU(b11+b21) = 2 + 2−22

while RZ(b11+b21) = RD(b11+b21) = 2. Running this experiment on tensor cores returns
c11 = 2, suggesting that either round-towards-zero or round-towards-minus-infinity is used
for the additions in (2).

We can discriminate between these two rounding modes by repeating the same
experiment on the negative semiaxis (Fig. 1A), which can be achieved by changing the sign
of the nonzero elements in B. This experiment produces c11 = −2, and assuming that
the rounding mode does not depend on the input, we conclude that the additions in (2)
are performed in round-towards-zero. We note that this rounding mode is known to be
the cheapest option to implement (Santoro, Bewick & Horowitz, 1989, Sec. 6.1) and is
usually chosen for that reason.

When tensor cores are used in binary16 mode, the result computed in the format of
the internal accumulator of the 5-operand adder has to be rounded to binary16 before being
returned. In order to test the rounding mode used by this operation, we set a11 = a12 = 2−24,
b11 = 2−1, b21 = 2−2, and the rest of elements of A and B as well as c11 to 0. The exact
result of the dot product in this case is 2−25 + 2−26, which is not representable in binary16, and
therefore will cause rounding errors in the result. Note that 2�25 þ 2�26 ¼ 3

4 � 2�24, therefore

Figure 1 Demonstration of the possible IEEE 754 rounding modes for different positions of the
exact value x; x1 and x2 are the two floating-point numbers closest to x, and xm is the half-way
point between them. The dotted arrows surrounding x show the direction in which various rounding
modes would round it. (A) Negative axis, x on the left of the middle point; (B) positive axis, x on the right
of the middle point; (C) negative axis, x on the right of the middle point; (D) positive axis, x on the left of
the middle point. Full-size DOI: 10.7717/peerj-cs.330/fig-1

Fasi et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.330 10/19

http://dx.doi.org/10.7717/peerj-cs.330/fig-1
http://dx.doi.org/10.7717/peerj-cs.330
https://peerj.com/computer-science/


RN(2−25+2−26) = RU(2−25+2−26) = 2−24 while RZ(2−25+2−26) = RD(2−25+2−26) = 0. The fact
that tensor cores return 2−24 confirms that round-towards-zero is not used, thereby
suggesting that this conversion is performed in software rather than inside the tensor cores,
which use round-towards-zero as we have determined above.

Figures 1C and 1D show how round-towards-minus-infinity and round-towards-plus-
infinity could alternatively be determined by choosing x such that |x| < |xm|.

Features of the accumulator
We now discuss some tests that allowed to determine various features of the internal
accumulator of the 5-operand adder calculating (2). The quotes from NVIDIA that we
provided in “Introduction” indicate that the internal accumulation is done in binary32
format; here we show that the internal format used by the accumulator has higher
precision and that the partial sums are not normalized.

Extra bits in the alignment of significands

In order to compute the sum of two floating-point values, the floating-point adder matches
the exponents of the two summands by shifting the significand of the number that has
the smaller exponent to the right. In general this operation causes loss of information, as
the least significant bits of the shifted significand are typically discarded, but it is customary
to retain a few of these digits to guard the computation against numerical cancelation
and to obtain correct rounding in round-to-nearest, round-towards-plus-infinity, and
round-towards-minus-infinity. As tensor cores use truncation in the additions, we know that
they do not require any such guard digits for rounding, and we can easily show that in fact
they do not implement guard digits at all. If in (3) we set b11 = 1 and c11 = − 1 + 2−24,
the tensor cores return d11 = 2−23, which represents a relative error of (2−23 − 2−24)/2−24 = 1.

Normalization in addition

When two floating-point values are added, the significand of the result may become
larger than 2 (with m > 2p − 1, where m is an integer significand as in our definitions
in “Introduction”), in which case a normalization step (shifting the significand right by
one place and increasing the exponent by one) is required (Muller et al., 2018, Sec. 7.3).
In an IEEE 754-compliant arithmetic, the result of each partial sum in (2) would be
normalized, as floating-point adders always normalize the result in order to produce a
normalized floating-point number. But tensor cores compute the whole expression (2)
in hardware rather than by means of IEEE 754 elementary arithmetic operations,
and it is natural to ask whether each partial result in (2) is normalized or only the final
answer is. We can verify this by adding values chosen so to produce different results with and
without normalization of the partial sums. In (3) we set c11 = 1 − 2−24 and the elements of the
first column of B to 2−24.

Recalling that the values are accumulated on the summand of largest magnitude, we
start by examining what would happen if each partial result were normalized. The exact
value of the partial sum s = c11 + 2−24 is 1, and the normalization step would shift the
significand by one bit to the right. At this point the three remaining addends would be
smaller than the least significant bit of the partial sum, thus adding them to s separately
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would have no effect with round-towards-zero. If the partial results were not normalized,
on the other hand, the sum of c11 and 2−24 would be held with one extra bit, and the
remaining addends could be added to it. Running this test on tensor cores shows that only
the final result of the dot product is normalized. This has probably been done in order to
simplify the implementation; a similar choice was made for example in the hardware
accelerator for performing vector inner product described by Kim & Kim (2009).

Normalization in subtraction

As the products in (2) can be positive as well as negative, some of the partial sums can
in fact be subtractions. The significand of the difference of two floating-point numbers
may be smaller than 1, in which case the result has to be normalized by shifting the
significand left and decreasing the exponents accordingly until the result becomes a
normal number. We can show that tensor cores do not perform this kind of normalization
as follows. If in (3) we set c11 = − 1 + 2−24, and two of the elements of the first column
of B to 1 and −2−24, we have that d11 evaluates to 0 if the partial sums are normalized.
Instead, running this experiment on tensor cores yields d11 = 2−23, which can be explained
as follows. When the sum is evaluated as (1 + c11) − 2−24, then the lack of guard digit
implies that 1 + c11 evaluates to 2−23, and if the partial results were normalized the tensor
cores would return 2−23 − 2−24, which can be represented exactly in binary32 format’s
precision. If, on the other hand, the sum were evaluated as (−2−24 + 1) + c11, the first sum
would return 1 due to the lack of guard digit, and the lack of normalization would not
have any effect in this case. We can conclude that the result of the subtraction is not
normalized, as long as we assume that the summands in (3) are accumulated on the largest
in magnitude in a fixed order.

Extra bits for carry out

Another question concerns the number of extra bits required due to lack of normalization.
If only the final result is normalized, then accumulating k addends requires ⌈log2k⌉
bits for the carry-out bits (Ercegovac & Lang, 2004, Sec. 3.1), and the hardware for
accumulating the 5 values in (2) would internally require ⌈log25⌉ = 3 extra carry-out bits at
the top of the significand. We can prove that the internal accumulator of the 5-operand
adder in tensor cores has at least two extra bits as follows. In (3) we take c11 = 1 + 2−22 +
2−23, which sets the two least significant bits of the significand to 1, and assign to the
first column of B a permutation of the values 1, 1, 1, and 2−23. We consider all four possible
permutations of these values in the first column of B, as we assume that the addends apart
from the largest in magnitude are not sorted. The main idea is to show that if 1 is added
to c11 three times, then the last two bits of c11 are not dropped as they would be if the
accumulation were performed using IEEE 754 floating-point arithmetic, as the significand
of c11 + 3 > 4 would have to be shifted by two places to the right in order to be normalized.
Then, when 2−23 is added at the end, the carry propagates into the third bit from the
bottom and therefore is not lost in the final normalization step. If there are 2 extra bits,
then all the four possible orderings of the first column of B will return the exact result 4 +
2−21. Running these tests on tensor cores, we found that all four combinations returned the
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exact result, thereby proving that the significand of the internal accumulator has at least 2
extra bits for carries.

This technique cannot be used to incontrovertibly show that the 5-operand adder has a
third extra bit for carries. On the one hand, all inputs to the multi-operand adder
must have the most significant bit of the fraction (the implicit bit) set to 1, in order to
produce carry that requires all three extra bits, on the other, the result of one of the four
products of the form a1kbk1 in (2) must have the least significant bit of the fraction set to 1.
As the product of two binary16 numbers can have at most 22 significant digits, no
combination of input can produce a partial product with the required characteristics.

It is possible, however, to show the presence of the third bit if we assume that the
alignment of the significand is always performed so that the most significant bit of
the largest summand in the 5-operand adder occupies the left-most position. Since
we know that there are two extra bits and no normalization, we can show that there is
also a third bit by showing that there is no overflow when each of the four additions in (3)
causes carry out.

We can set, for example, c11 = 1 + 2−1 + 2−2 + 2−3, b11 = 1, b21 = 1 + 2−1, b31 = 1 + 2−1 +
2−2, and b41 = 1 + 2−1 + 2−2 + 2−3 and observe that the tensor core returns d11 = 8.
If only two extra bits were present, on the other hand, overflow would occur and the adder
would incorrectly return d11 = 0. In summary, we can conclude that the internal significand of
the tensor cores is most likely 27 bits wide in Volta cards and 28 bits wide in Turing
and Ampere cards (see “NVIDIA Turing tensor cores” and “NVIDIA Ampere tensor cores”).

It is worth noting at this point that if (1) there is no normalization, (2) the additions
in (2) start with the largest value in magnitude, and (3) all of the significands of the
addends are shifted right relative to the exponent of the largest value in magnitude, then
the order in which the remaining addends are accumulated will not impact the final result.

In the test case above, by replacing one of the 2−23 by 1 we can also confirm, using the
methods developed in “Rounding Modes in Tensor Core Computations”, that the
rounding mode in the final normalization step (internal accumulator conversion to
binary32 answer) is round-towards-zero.

Monotonicity of dot product
The observation in the previous section raises one final question regarding the monotonicity
of the sums in (2). The accumulation is monotonic if in floating-point arithmetic the sum x1
+ ⋯ + xn is no larger than y1 + ⋯ + yn if xi ≤ yi for all 1 ≤ i ≤ n.

We can show that the lack of normalization causes the dot product in tensor cores—and
most likely in any other similar architectures in which partial sums are not normalized
(Kim & Kim, 2009; Tao et al., 2013; Sohn & Swartzlander, 2016; Kaul et al., 2019)—to
behave non-monotonically. Let us consider (3) and set all the elements in the first column
of B to 2−24 and then c11 to 1 − 2−24 and 1 in turn. When c11 = 1 − 2−24, the difference
in exponents guarantees that the values in B are large enough to be added to c11.
This causes the result to become larger than 1, requiring a normalization that returns
1 − 2−24 + 3 · 2−24 = 1 + 2−23. On the other hand, when c11 = 1, none of the summands in (3)
is large enough to be added to c11, as the elements in the first column of B are all zeroed out
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during the significand alignment step of each addition. This happens because the exponent
of 1 is larger than that of 1 − 2−24. In summary we have

d11 ¼ c11 þ 2�24 þ 2�24 þ 2�24 þ 2�24 ¼ 1þ 2�23 when c11 ¼ 1� 2�24;

d11 ¼ c11 þ 2�24 þ 2�24 þ 2�24 þ 2�24 ¼ 1 when c11 ¼ 1:

These two sets of inputs demonstrate that tensor cores can produce non-monotonic
behavior.

NVIDIA Turing tensor cores
NVIDIA Turing T4 GPUs are equipped with the second generation of tensor cores, which
adds an integer matrix multiply-accumulate operation. It is not documented whether
the binary16/binary32 tensor core arithmetic in Turing chips differs from that in Volta
cards, therefore it is of interest to run the test suite we designed on one of the Turing cards.

We ran all the above experiments on an NVIDIA Tesla T4 16GB (Turing
microarchitecture) GPU, and noticed that some of the results were different from
those obtained on a V100 GPU. We found that this is due to the presence of an additional
extra bit of precision at the bottom of the significand of the internal accumulator of
the 5-operand adder. This has an impact over several of the tests above: the operation 1 + 2−24

+ 2−24, for example, can now be performed exactly because of the presence of the extra bit.
The results obtained on the V100 GPU can be replicated by means of a suitable change
of the constants that are chosen depending on the number of extra bits in the accumulator.
For instance, in the test for the order of operations in “Accuracy of the Dot Products”,
the constant 2−24 should be replaced by 2−25, which is the value of the next bit to the right.
Using this approach, we found that all the conclusions we drew about the tensor cores
in V100 GPUs remain valid for the second version of tensor cores in the T4 GPUs, with the
only exception of the extra bit at the bottom of the internal storage of the 5-operand adder.

If we denote the fixed-point format with I integer bits and F fraction bits by {I.F}, the
significand of the internal format of the 5-operand adder of a V100 GPU has format {3.23}
(or {4.23} if 3 extra bits for carries are present as discussed in “Features of the Accumulator”),
whereas that of a T4 GPU has format {3.24} (or {4.24}). The final normalization and
rounding produce a number whose significand has format {1.23}, which is the format of the
significand of a binary32 floating-point number.

NVIDIA Ampere tensor cores
As shown in Table 1, the Ampere microarchitecture offers four different variants of
tensor core operations (input/output format): binary16/binary32, bfloat16/binary32,
TensorFloat-32/binary32, and binary64/binary64. In this section we summarize, for each
of these four configurations, the results obtained by running our test suite on the A100
GPUs. We refer to the 4-element dot product in (2), even though some of the tensor core
operations available on A100 GPUs use input vectors of dimension two or eight, as can
be seen in Table 1. In our tests we only use the first few elements of each input vector, so
(2) is relevant even when dealing with operations that would require some of the input
vectors to have eight elements, as we tacitly assume that all the remaining entries are set to 0.
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In binary16/binary32 mode, we found no differences between the Ampere and Turing
tensor cores, as all the tests in our suite produce the same results on the two GPUs.
Therefore we moved to the other three modes, which are new as they were introduced with
the NVIDIA Ampere architecture.

We started by adapting our test suite to the bfloat16/binary32 mode. The main
difference in this configuration is that the subnormals in bfloat16 are a subset of the
subnormals in binary32, whereas all binary16 subnormals were normalized values in
binary32. For this reason, in binary16/binary32 mode, we could only observe that binary32
subnormals in the input are preserved in the output. In this mode, however, binary32
subnormal outputs may in principle be produced during the computation from normal
inputs, and we can verify that this is indeed the case with the following experiment. If in (2)
we set a11 = 2−126, b11 = 2−1 (normalized bfloat16 values), and the remaining coefficients
to zero, the tensor cores correctly produce the subnormal binary32 result d11 = 2−127.
To summarize, this precision configuration presents the same numerical behavior as the
binary16/binary32 configuration in the T4 GPU tensor cores, and an additional test
for subnormals confirmed full support for bfloat16 subnormal input and binary32
subnormal output.

Next we looked at the A100 with tensor cores configured in TensorFloat-32/binary32
mode. TensorFloat-32 can represent more subnormal values than bfloat16 due to extra 3 bits
in the significand (Table 3), and this was taken into account in our tests. The rest of the
test suite was run with the same input used for the binary16/binary32 configuration, since
the significands are of the same width, and produced the same results. Our conclusion is that
the TensorFloat-32/binary32 mode exhibits the same features as the binary16/binary32
configuration in the T4 GPU.

The last configuration of the Ampere tensor cores is binary64/binary64. We found that
the numerical behavior of this mode differs significantly from that of the other three
configurations that are available on these graphic cards. In the multi-operand addition in
(2), in particular, we observed that round-to-nearest with ties to even is used, and that the
normalization is performed after each addition rather than only once at the end of the
computation. As the result of each addition is normalized, no extra bits for carries are
required, and the monotonicity issue discussed in “Features of the accumulator” does not
occur for this rounding mode. We also note that since accumulation is performed in
binary64, there would be no advantage in holding the binary64 products exactly.
Moreover, the additions in (2) are not always performed starting from the largest addend,
as was the case with the other modes. In summary, our results suggest that in binary64/
binary64 mode the Ampere tensor cores have the same numerical features that a matrix
multiply-accumulate operation implemented using IEEE 754-compliant arithmetic
operations would have.

CONCLUSIONS
Our experiments indicate that the tensor cores in the NVIDIA V100 architecture have the
following numerical features. The first two of these (except the rounding mode for the
second one) are stated in the NVIDIA documentation and are confirmed by our
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experiments, while the rest are not documented by NVIDIA and have been revealed by our
tests.

1. The binary16 products in (2) are computed exactly, and the results are kept in full
precision and not rounded to binary16 after the multiplication.

2. The additions in (2) are performed using binary32 arithmetic with round-towards-zero.

3. Subnormal numbers in binary16 and binary32 are supported.

4. The five summands in (2) are accumulated starting with the largest in absolute value.

5. Only the final result of (2) is normalized; the partial sums are not, and the accumulator
has an internal significand that is 27 bits wide to accommodate for carries of the
5-term addition.

6. The dot products in tensor cores are non-monotonic: in some cases, increasing the
magnitude of the inputs to (2) reduces the magnitude of the final result, when the
summands in (2) are all nonnegative or all nonpositive,

The same properties were found in the second generation tensor cores which equip the
NVIDIA T4 GPUs, the main difference being one extra bit of precision in the significand of
the internal accumulator of the binary32 5-operand adder. In the third generation of
tensor cores, available on the NVIDIA A100 GPUs, all features were the same as in the T4,
with the exception of the binary64/binary64 tensor cores, which we found are implemented
to behave as if implemented in IEEE 754-compliant arithmetic.

The test suite that we have developed as part of this work can be used to test various
properties of the floating-point arithmetic of future versions of tensor cores as well as
similar accelerators. We aim to keep extending our test suite by adding new test cases for
standard non-mixed-precision binary32 or binary64 dot product or matrix multiply units,
as well as for integer arithmetic. The NVIDIA Turing and Ampere tensor cores, for
instance, added support for 4- and 8-bit integer modes (NVIDIA, 2018, 2020b), and
rounding issues become relevant when these are used to implement fixed-point arithmetic.

ACKNOWLEDGEMENTS
The authors thank the University of Manchester for providing access to the NVIDIA V100
graphic cards through the Computational Shared Facility, the IT services of the university
for setting up access to the NVIDIA T4 graphic cards through the Amazon Web
Services, and the Innovative Computing Laboratory at the University of Tennessee,
Knoxville, US for providing access to the NVIDIA A100 graphics cards.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
Mantas Mikaitis was supported by an EPSRC Doctoral Prize Fellowship and grant
EP/P020720/1. Nicholas J. Higham and Srikara Pranesh were supported by Engineering
and Physical Sciences Research Council grant EP/P020720/1. Nicholas J. Higham and

Fasi et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.330 16/19

http://dx.doi.org/10.7717/peerj-cs.330
https://peerj.com/computer-science/


Massimiliano Fasi were supported by the Royal Society. The funders had no role in study
design, data collection and analysis, decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
EPSRC: EP/P020720/1.
Engineering and Physical Sciences Research Council: EP/P020720/1.
Royal Society.

Competing Interests
Nicholas J. Higham is an Academic Editor for PeerJ Computer Science.

Author Contributions
� Massimiliano Fasi conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the paper, and approved the final draft.

� Nicholas J. Higham analyzed the data, prepared figures and/or tables, authored or
reviewed drafts of the paper, and approved the final draft.

� Mantas Mikaitis conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the paper, and approved the final draft.

� Srikara Pranesh analyzed the data, prepared figures and/or tables, authored or reviewed
drafts of the paper, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The repository is available at GitHub and contains the source code used for performing
the experiments: https://github.com/mfasi/tensor-cores-numerical-behavior.

REFERENCES
Abdelfattah A, Anzt H, Boman EG, Carson E, Cojean T, Dongarra J, Gates M, Grützmacher T,

Higham NJ, Li S, Lindquist N, Liu Y, Loe J, Luszczek P, Nayak P, Pranesh S, Rajamanickam S,
Ribizel T, Smith B, Swirydowicz K, Thomas S, Tomov S, Tsai YM, Yamazaki I, Yang UM.
2020. A survey of numerical methods utilizing mixed precision arithmetic. Available at
https://arxiv.org/abs/2007.06674.

Arm Ltd. 2020. Arm architecture reference manual. Technical Report ARM DDI 0487F.b
(ID040120). Available at https://developer.arm.com/documentation/ddi0487/fb/?lang=en.

Basso PM, Dos Santos FF, Rech P. 2020. Impact of tensor cores and mixed precision on the
reliability of matrix multiplication in GPUs. IEEE Transactions on Nuclear Science
67(7):1560–1565 DOI 10.1109/TNS.2020.2977583.

Blanchard P, Higham NJ, Lopez F, Mary T, Pranesh S. 2020. Mixed precision block fused
multiply-add: error analysis and application to GPU tensor cores. SIAM Journal on Scientific
Computing 42(3):C124–C141 DOI 10.1137/19M1289546.

Ercegovac MD, Lang T. 2004. Digital arithmetic. San Francisco: Morgan Kauffmann.

Fasi et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.330 17/19

https://github.com/mfasi/tensor-cores-numerical-behavior
https://arxiv.org/abs/2007.06674
https://developer.arm.com/documentation/ddi0487/fb/?lang=en
http://dx.doi.org/10.1109/TNS.2020.2977583
http://dx.doi.org/10.1137/19M1289546
http://dx.doi.org/10.7717/peerj-cs.330
https://peerj.com/computer-science/


Google. 2020. System architecture. Available at https://cloud.google.com/tpu/docs/system-architecture
(accessed 15 April 2020).

Haidar A, Abdelfattah A, ZounonM,Wu P, Pranesh S, Tomov S, Dongarra J. 2018a. The design
of fast and energy-efficient linear solvers: on the potential of half-precision arithmetic and
iterative refinement techniques. In: Shi Y, Fu H, Tian Y, Krzhizhanovskaya VV, Lees MH,
Dongarra J, Sloot PMA, eds. Computational Science—ICCS 2018, Volume 10860 of Lecture Notes
in Computer Science. 586–600.

Haidar A, Bayraktar H, Tomov S, Dongarra J, Higham NJ. 2020. Mixed-precision solution of
linear systems using accelerator-based computing. Epub ahead of print 25 November 2020.
Proceedings of the Royal Society A: Mathematical, Physical and Engineering Sciences
DOI 10.1098/rspa.2020.0110.

Haidar A, Tomov S, Dongarra J, Higham NJ. 2018b. Harnessing GPU tensor cores for fast FP16
arithmetic to speed up mixed-precision iterative refinement solvers. In: Proceedings of the
International Conference for High Performance Computing, Networking, Storage, and Analysis,
SC18 (Dallas, TX). Piscataway: IEEE, 47:1–47:11.

Hickmann B, Bradford D. 2019. Experimental analysis of matrix multiplication functional units.
In: Proceedings of the 26th IEEE Symposium on Computer Arithmetic, Kyoto, Japan, 116–119.

IEEE. 2019. IEEE standard for floating-point arithmetic, IEEE Std 754-2019 (revision of IEEE Std
754-2008). Piscataway: IEEE.

Intel Corporation. 2018. BFLOAT16—hardware numerics definition. Available at https://software.
intel.com/en-us/download/bfloat16-hardware-numerics-definition (accessed 15 July 2020).

Intel Corporation. 2020. Intel architecture instruction set extensions and future features
programming reference. Available at https://software.intel.com/sites/default/files/managed/c5/
15/architecture-instruction-set-extensions-programming-reference.pdf (accessed 15 July 2020).

Jia Z, Maggioni M, Smith J, Scarpazza DP. 2018a. Dissecting the NVidia Turing T4 GPU via
microbenchmarking. Available at https://arxiv.org/abs/1903.07486.

Jia Z, Maggioni M, Staiger B, Scarpazza DP. 2018b. Dissecting the NVIDIA Volta GPU
architecture via microbenchmarking. Available at https://arxiv.org/abs/1804.06826.

Kahan WM. 1981. Paranoia. Available at http://www.netlib.org/paranoia/paranoia.b
(accessed 15 July 2020).

Karpinski R. 1985. Paranoia: a floating-point benchmark. Byte Magazine 10(2):223–235.

Kaul H, Anders M, Mathew S, Kim S, Krishnamurthy R. 2019. Optimized fused floating-point
many-term dot-product hardware for machine learning accelerators. In: Proceedings of the 26th
IEEE Symposium on Computer Arithmetic. Piscataway: IEEE, 84–87.

Kim D, Kim L. 2009. A floating-point unit for 4D vector inner product with reduced latency. IEEE
Transactions on Computers 58(7):890–901 DOI 10.1109/TC.2008.210.

Markidis S, Chien SWD, Laure E, Peng IB, Vetter JS. 2018. NVIDIA tensor core
programmability, performance & precision. In: Proceedings of the 32rd IEEE International
Parallel and Distributed Processing Symposium Workshops. Piscataway: IEEE, 522–531.

Mukunoki D, Ozaki K, Ogita T, Imamura T. 2020. DGEMM using tensor cores, and its accurate
and reproducible versions. In: Sadayappan P, Chamberlain BL, Juckeland G, Ltaief H, eds.
Proceedings of the International Conference on High Performance Computing. New York:
Springer International Publishing, 230–248.

Muller J-M, Brunie N, De Dinechin F, Jeannerod C-P, Joldes M, Lefèvre V, Melquiond G, Revol N,
Torres S. 2018. Handbook of floating-point arithmetic. Second Edition. Cham: Birkhäuser.

Fasi et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.330 18/19

https://cloud.google.com/tpu/docs/system-architecture
http://dx.doi.org/10.1098/rspa.2020.0110
https://software.intel.com/en-us/download/bfloat16-hardware-numerics-definition
https://software.intel.com/en-us/download/bfloat16-hardware-numerics-definition
https://software.intel.com/sites/default/files/managed/c5/15/architecture-instruction-set-extensions-programming-reference.pdf
https://software.intel.com/sites/default/files/managed/c5/15/architecture-instruction-set-extensions-programming-reference.pdf
https://arxiv.org/abs/1903.07486
https://arxiv.org/abs/1804.06826
http://www.netlib.org/paranoia/paranoia.b
http://dx.doi.org/10.1109/TC.2008.210
http://dx.doi.org/10.7717/peerj-cs.330
https://peerj.com/computer-science/


NVIDIA. 2017. NVIDIA Tesla V100 GPU architecture. Available at https://images.nvidia.com/
content/volta-architecture/pdf/volta-architecture-whitepaper.pdf (accessed 15 July 2020).

NVIDIA. 2018. NVIDIA Turing GPU architecture. Available at https://www.nvidia.com/content/
dam/en-zz/Solutions/design-visualization/technologies/turing-architecture/NVIDIA-Turing-
Architecture-Whitepaper.pdf (accessed 15 July 2020).

NVIDIA. 2020a.Multiply-and-accumulate instruction: mma. Available at https://docs.nvidia.com/
cuda/parallel-thread-execution/index.html#warp-level-matrix-instructions-mma (accessed 15
April 2020).

NVIDIA. 2020b. NVIDIA A100 tensor core GPU architecture. Available at https://www.nvidia.
com/content/dam/en-zz/Solutions/Data-Center/nvidia-ampere-architecture-whitepaper.pdf
(accessed 15 July 2020).

NVIDIA. 2020c.NVIDIA CUDAMath API. Available at https://docs.nvidia.com/cuda/cuda-math-
api/index.html (accessed 15 April 2020).

Santoro MR, Bewick G, Horowitz MA. 1989. Rounding algorithms for IEEE multipliers.
In: Proceedings of the 9th IEEE Symposium on Computer Arithmetic. Piscataway: IEEE, 176–183.

Sohn J, Swartzlander EE. 2016. A fused floating-point four-term dot product unit. IEEE
Transactions on Circuits and Systems I: Regular Papers 63(3):370–378
DOI 10.1109/TCSI.2016.2525042.

Tao Y, Deyuan G, Xiaoya F, Nurmi J. 2013. Correctly rounded architectures for floating-point
multi-operand addition and dot-product computation. In: Proceedings of the 24th International
Conference on Application-Specific Systems, Architectures and Processors. 346–355.

Tenca AF. 2009. Multi-operand floating-point addition. In: Proceedings of the 19th IEEE
Symposium on Computer Arithmetic. Piscataway: IEEE, 161–168.

Yan D, Wang W, Chu X. 2020. Demystifying tensor cores to optimize half-precision matrix
multiply. In: 2020 IEEE International Parallel and Distributed Processing Symposium,
New Orleans, LA, USA. Piscataway: IEEE, 634–643.

Fasi et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.330 19/19

https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
https://www.nvidia.com/content/dam/en-zz/Solutions/design-visualization/technologies/turing-architecture/NVIDIA-Turing-Architecture-Whitepaper.pdf
https://www.nvidia.com/content/dam/en-zz/Solutions/design-visualization/technologies/turing-architecture/NVIDIA-Turing-Architecture-Whitepaper.pdf
https://www.nvidia.com/content/dam/en-zz/Solutions/design-visualization/technologies/turing-architecture/NVIDIA-Turing-Architecture-Whitepaper.pdf
https://docs.nvidia.com/cuda/parallel-thread-execution/index.html#warp-level-matrix-instructions-mma
https://docs.nvidia.com/cuda/parallel-thread-execution/index.html#warp-level-matrix-instructions-mma
https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/nvidia-ampere-architecture-whitepaper.pdf
https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/nvidia-ampere-architecture-whitepaper.pdf
https://docs.nvidia.com/cuda/cuda-math-api/index.html
https://docs.nvidia.com/cuda/cuda-math-api/index.html
http://dx.doi.org/10.1109/TCSI.2016.2525042
http://dx.doi.org/10.7717/peerj-cs.330
https://peerj.com/computer-science/

	Numerical behavior of NVIDIA tensor cores
	Introduction
	Previous work
	Results
	Conclusions
	flink5
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


