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Low-precision computation has emerged as one of the most effective techniques for accelerating convolutional
neural networks and has garnered widespread support on modern hardware. Despite its effectiveness in
accelerating convolutional neural networks, low-precision computation has not been commonly applied to
fast convolutions, such as the Winograd algorithm, due to numerical issues. In this paper, we propose an
effective quantized Winograd convolution, named LoWino, which employs an in-side quantization method
in the Winograd domain to reduce the precision loss caused by transformations. Meanwhile, we present an
efficient implementation that integrates well-designed optimization techniques, allowing us to fully exploit the
capabilities of low-precision computation on modern CPUs. We evaluate LoWino on two Intel Xeon Scalable
Processor platforms with representative convolutional layers and neural network models. The experimental
results demonstrate that our approach can achieve an average of 1.84x and 1.91X operator speedups over
state-of-the-art implementations in the vendor library while preserving accuracy loss at a reasonable level.
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1 INTRODUCTION

Deep convolutional neural networks (CNNs) have achieved remarkable performance in a variety
of intelligent tasks, such as object recognition [33] and semantic segmentation [51]. The superior
accuracy of CNNs usually comes from complicated model structures [18, 52, 53], which leads to
a huge cost of computational complexity. The convolutional layer, which is arguably the most
time-consuming component of contemporary CNNs, dominates the runtime performance of model
inference. While many efforts have been made in algorithm-level and system-level optimizations [17,
36, 42], the mechanism for effectively optimizing convolution is still a long-standing challenge.
Low-precision computing become a new trend in the deep learning domain, due to the ever-
increasing demand for hardware resources and energy, which can accelerate neural networks with
negligible precision loss [5]. At the same time, chip vendors have introduced specific instructions
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for low-precision computing, such as VNNI [23] on x86 architectures and WMMA [46] on Nvidia
GPUs, which significantly boost the performance and reduce memory and energy consumption. In
order to take full advantage of these instructions, their characteristics should be considered when
developing low-precision applications.

On the other hand, fast convolution algorithms, represented by Winograd’s minimal filtering
algorithm [36], are widely used to accelerate convolutions [28, 43, 58, 59]. The Winograd algorithm
reduces the computational complexity by transforming tiles of input images and filters to the
Winograd domain and then performing computations there. Theoretically, the reduced computation
depends on the tile size. Larger tile sizes result in higher numerical operation reduction, but
introduce more numeric errors, due to the numerical instability of the Winograd algorithm [2, 57].

When applying low-precision arithmetic in the Winograd algorithm, the above condition exacer-
bates and affects the model accuracy, which indicates that fast convolution and quantization are not
orthogonal optimization methods that can be combined directly. By investigating existing Winograd
convolution implementations [24, 54], we found that only one small tile size, 4 X 4, is supported
under low-precision computation. The Winograd convolution with small tile sizes can only reduce
limited computations in theory and sometimes is slower than direct convolution, since the extra
overheads of data movements amortize the benefits of computation savings. A challenging problem
that needs to be answered is whether a larger tile size is possible for low-precision Winograd
convolutions to improve performance while retaining a reasonable accuracy.

In this paper, we propose LoWino, a novel approach to achieve effective and efficient low-precision
Winograd convolutions. We replace the outside-quantization scheme of existing methods [24, 54],
which performs quantization in the spatial domain, with an inside-quantization scheme employing
a linear quantization process in the Winograd domain, thereby reducing the precision loss incurred
by low-precision Winograd transformations. As a result, our methodology solves the problem that
only a small tile size is feasible for low-precision Winograd convolution and owns better accuracy
than existing solutions. At the implementation level, we employ a customized data layout and design
efficient fused and non-fused implementations for low-precision Winograd convolutions. Especially,
we combine Winograd computations with quantization operations and employ static scheduling to
achieve load-balanced multi-core parallelization, optimizing the performance of the system as a
whole. To demonstrate the effectiveness and efficiency, we implement LoWino on Intel platforms
with VNNI [23]. Evaluations with representative convolutional layers show that LoWino can achieve
remarkable speedups over state-of-the-art implementations. To the best of our knowledge, LoWino
has the broadest coverage of Winograd algorithms with efficient implementation in low-precision.

The main contributions of this paper are summarized as follows:

e We analyze the computational errors incurred by combining Winograd convolution with existing
quantization schemes and propose a novel quantized Winograd convolution approach, LoWino.
Our approach employs an in-side quantization scheme, which performs quantization in the
Winograd domain, showing that larger tile size low-precision Winograd convolution can achieve
reasonable accuracy.

e We present efficient fused and non-fused implementation of low-precision Winograd convo-
lutions to exploit the low-precision computing capability of modern CPUs, which employs
several well-designed optimization techniques to enhance the efficiency in both computation
and memory access.

e We evaluate our approach by leveraging representative convolutional layers of prevailing neural
networks on Intel Xeon Scalable Processors. The experimental results show that our approach
outperforms state-of-the-art methods, which achieves up to 2.90x speedup compared with the
best implementations in the vendor library.
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2 BACKGROUND AND MOTIVATION
2.1 Low-Precision Computation

Previous efforts [25, 47, 61] have proved that the memory footprint and computational cost can
be reduced through low-precision computation with limited or no accuracy loss. In order to
cater to these advantages, hardware vendors have proposed new instruction sets to support low-
precision computation. Intel VNNI [23] is a domain-specific instruction set of neural network
acceleration, which is an extension of traditional x86 architectures, supporting efficient 8-bit low-
precision computations. Theoretically, the 8-bit low-precision computations instruction provides
4x peak performance over FP32 operations. Figure 1 shows the semantic of vpdpbusd, which is a
representative 512-bit wide fused-multiply-add (FMA) instruction.

_____________________________ SRC1 (16 X 4 X UINT8)

' Ao | AL | Ay | Ag ' Aco | Aer | Asz | A
XX X X | SRC2 (16 x 4 X INT8)
i + E SRC3 (16 X INT32)
i Co : Cis
STt [ - DST (16 x INT32)
Ag*BotA*B+A Byt Ago*BgotAg *Bgi+Ag,
A*B; + Gy *Be,+Ags*Bgs + Cys

Fig. 1. The semantic of the vpdpbusd instruction.

There are three 512-bit registers A, B, and C as source operands. A contains 64 unsigned 8-bit
integers (UINTS8), B contains 64 signed 8-bit integers (INT8), and C contains 16 signed 32-bit
integers (INT32). The results are stored in a destination register D, which are 16 32-bit integers.
In this instruction, to avoid the overflow when accumulating INTS8, the element in C and D are
INT32 rather than INT8. The vpdpbusd instruction performs the vector dot product between two
4-element vectors, A[;x4:ixa+3] and B[ix4:ixa+3]- The result of the vectors is stored in a 32-bit integer,
which will add to the corresponding 32-bit element of C;, and finally accumulated to an element of
results. Such a computational pattern of low-precision computation instructions is different from
that of general vector instructions. The specific characteristics of low-precision computation must
be taken into consideration [56] to take full advantage of low-precision computation instructions.

To represent a full-precision neural network as a low-precision one, quantization [16] usually
comes into play, which leverages two operations: a quantization function Q(x) and a de-quantization
function Q’(x). The Q(x) quantizes a floating-point value (e.g, FP32) to a low-precision integer
value (e.g., INT8), whereas the Q’(x) recovers the low-precision result into the original precision
type. A saturated linear quantization function is applied to transform 32-bit floating-point (FP32)
to low-precision 8-bit values approximately:

QO(Xrp32) = (Sinrs(aXrp32))nTs (1)

where Syrs is a saturated transformation function, which represents the FP32 values by integers
and limits the values between the fixed upper and lower bounds in Eq. 1. For example, if the value
is greater than or less than the upper or lower bound of INTS, it will be set as the maximum or
minimum value of the INT8 value range. The original value with full-precision data type (FP32) is
quantized to the low-precision data type (INT8) by multiplying the scaling factor «, which can be
calculated by:

a = (2'-1)/r (2)

, Vol. 1, No. 1, Article . Publication date: November 2023.



4 Xueying Wang et al.

The bit-width of low-precision data type is represented by b, and the range of full-precision values
is represented by the threshold value 7, i.e., (—|z| ~ +|7|). Correspondingly, the de-quantization
procedure transforms the low-precision values to full-precision ones and recovers the precision,
which can be represented as:

Q' (Xmrs) = (a 'Xinrs)re32 (3)

Therefore, a low-precision quantized convolution layer can be represented as:

C
Yo = D0(Q(Gke) ©Q (D) )

where Gy . denotes the c-th channel of the k-th filter, D, denotes the c-th channel of the input tensor,
Y denotes the k-th channel of the output tensor, and @ denotes the low-precision correlation
operation. By leveraging the specific low-precision computation instructions, the low-precision
operation in Eq. 4 can be computed more efficiently than the full-precision one on modern CPUs.

2.2 Winograd Convolution

The theoretical computational complexity for convolution layers can be reduced by Winograd
algorithm [36], which can be represented as:

3" (Gorec) o (des)

ye = AT A (5)

where g and d denote the filter and input tile with C input channels and K out channels. The trans-
formation matrices are represented by A, B, and G, and © denotes the element-wise multiplication
operator between the transformed matrices of the filter and input tile. The gi . denotes the c-th
channel of the k-th filter; d. denotes the c-th input image tile, and y; denotes the k-th channel
of the output result. We follow the convention in [36] and use F(m X m,r X r) to represent a 2D
Winograd convolution, which takes an input tile size of (m +r — 1) X (m + r — 1) and filter size
of r X r, and generates an output tile of size m X m. The theoretical computational complexity is
reduced by (m+r — 1)?/(m? x r?). The filter size r is a fixed value in a convolution layer, while the
output tile size m is an alterable value. In the computational complexity theory of the Winograd
algorithm, the larger the value of m, the more computational operations are saved. Nevertheless, the
larger m will result in more numeric errors in the final computation result because of the Winograd
algorithm’s numerical instability [2]. The image sizes in modern convolutional neural networks
are beyond the range that the Winograd algorithm can produce sensible results.

The tiling strategy of the Winograd algorithm divides the large input images into small tiles,
and each dimension of the tiles exists r — 1 overlap. F(2 X 2,3 X 3) and F(4 X 4,3 X 3) are the most
widely used combinations of Winograd algorithm parameters for floating-point computations. The
Chinese remainder theorem [57] is used to generate Winograd transformation matrices for different
tile sizes. For instance, the commonly used input transformation matrices [36] are as follows:

4 0 -5 0 1 0

1 0 -1 0 0 -4 -4 1 1 0

T _ |0 1 1 0 T _|0 4 -4 -1 1 0
B<2,3>_ 0 -1 1 of’ B<4,3> 10 -2 -1 2 1 0| ©)

0 1 0 -1 0 2 -1 -2 1 0

0 4 0 -5 0 1

T T
B<2’3> and B<4,3>

have tile sizes m = 2 and m = 4, respectively. After performing BTdB, the values of the input matrix

are input transformation matrices for the convolutional filter size r = 3, which
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d'=9(d)
BTd'B!
d'ivtg T Vms @ Unme gt s @ [aV]inrs [BUTints
(a) Up-casting approach. (b) Down-scaling approach.

Fig. 2. State-of-the-art approaches for implementing low-precision Winograd convolution. The green box
represents the original/transformed input matrix and the yellow box represents the original/transformed
filter matrix. The dashed-line area represents the multiplication operation.

will increase up to 4x and 100X for F(2 X 2,3 X 3) and F(4 X 4,3 X 3) on the basis of the coefficients
in BT. Compared with the original matrices, the value range of the Winograd-domain inputs will
increase, which will further influence the precision. As the tile size increases, the coefficients of the
transformation matrices increase dramatically [36], which will cause numerical overflow when
performing low-precision Winograd convolutions. Hence, a non-negligible accuracy degradation
will incur if applying the low-precision quantization to the Winograd algorithm directly. How to
achieve effective implementation of low-precision Winograd convolution is a challenging task.

2.3 Existing Approaches

As a running example, we analyze the difference between the state-of-the-art approaches and our
low-precision Winograd implementation in Figure 2, depicting the major steps (input transforma-
tion, filter transformation, and matrix multiplication) that may result in precision degradation. In
this example, we set the problem size to F(2 X 2,3 X 3), which is one of the most frequently used
filter/tile sizes of Winograd convolution in contemporary CNNs. As such, the size of the corre-
sponding input tile d is 4 X 4 and the size of the filter g is 3 X 3. In order to apply the low-precision
computation to Winograd convolution, a straightforward way is to replace the full-precision matri-
ces with low-precision ones directly. However, as mentioned above, the value range of the matrices
will be increased through transformation operations, which may lead to numerical overflow and
serious result disturbance. Let us discuss the up-casting approach in ncnn [54] and the down-scaling
approach in oneDNN [24], which are two representative approaches for low-precision Winograd
convolutions in vendor libraries.

e Up-Casting Approach. One potential solution to avoid the overflow caused by transforma-
tion operation is up-casting. Figure 2(a) shows an example that up-casts the low-precision
data type (e.g., INT8) to a wider data type (e.g., INT16) for transformed matrices (marked
as @). The higher precision can eliminate the overflow problem, while this multiplication
operation may take longer, making it unable to reach the expected acceleration.

e Down-Scaling Approach. The down-scaling approach is another solution, it rounds the
transformed matrix through a scaling factor multiplication. Since the value range of the input
matrix will increase by 4X, according to the input transformation matrix in Eq. 6, we can
down-scales the transformed matrix to round(aV) where a = i, as shown in Figure 2(b).

As the down-scaled values suffer from round-off errors, an extra precision loss will be

introduced for quantized neural network models (marked as ®). The scaling factor of input

matrices dramatically decreases with the m value used in F(m X m, r X r) Winograd algorithm
increases, e.g., @ = i, ﬁ, and m for the m = 2, m = 4, and m = 6, respectively (refer
to the commonly-used transformation matrices in [36]). The large m brings non-negligible
precision loss because of the excessively down-scaling and rounding operations and makes it

difficult to apply the down-scaling approach to low-precision Winograd convolutions.
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The existing approaches mostly suffer from either performance degradation or precision loss,
which motivates our approach for effective implementation of low-precision Winograd convolutions.
Despite that there is existing work applying even lower precision integers, such as INT4, to quantize
the CNN model [7, 8, 60, 62], the numerical instability of the Winograd algorithm increases the
difficulty when applying low-precision computations.

3 FROM OUTSIDE-QUANTIZATION TO INSIDE-QUANTIZATION

Multiplication (INT8)

Fig. 3. Inside-quantization approach proposed in this paper.

Existing approaches employ an outside-quantization scheme (i.e., performing quantization
outside of the Winograd domain), which inevitably introduces extra precision loss due to the
Winograd transformation operations. To alleviate the problem of precision loss, we propose a novel
low-precision Winograd algorithm, which employs an inside-quantization scheme instead of the
traditional outside-quantization scheme, to efficiently utilize INT8 arithmetical computations on
modern processors with low-precision instructions. As shown in Figure 3, the inputs, as well as
filters, are retained to the original full-precision data type (FP32), and the transformed matrices are
quantized to the low-precision data type (INT8). The quantization is performed in the Winograd
domain after the value range is amplified, thereby avoiding numerical overflow in transformation
computations. Our low-precision Winograd convolution approach can be represented as

o’ (i 0(GaxG") 50 (BTdCB))) A )

c=1

Yy = AT

where Q(x) denotes quantization operation, Q’(x) denotes de-quantization operation, and ©
denotes the low-precision element-wise multiplication. As setting the threshold value of 7 in Eq. 2
to || Xrp32||ce directly may result in non-neglected accuracy degradation, our approach conducts
a calibration process [45] to select a reasonable 7 on tiny amounts of (~500s) unlabeled sample
images, which is represented as:

T = arg fnin (Dkr (P (Xrp32) ||P (Qr (Xrp32)))) 8)

Xrps32 is the full-precision data and P(Xrp3;) is the discrete probability distribution of X. Corre-
spondingly, Q(Xep3,) is quantized data and P (Qp (Xgp32)) is the quantized value of X. The Dk, is
the Kullback-Leibler divergence [34] between two probability distributions. The 7’ represents the
threshold used in the quantization function Q(x) (refer to Eq. 2). The input of a convolutional layer
is collected by executing the neural network on the sample images, while the filters can be directly
extracted from the pre-trained neural network model.
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4 SYSTEM DESIGN

In this section, we describe the implementation design of low-precision Winograd convolution in
detail. To achieve high-efficiency implementation for the low-precision quantization Winograd
convolution, several challenges need to be considered as follows: 1) extra memory overhead caused
by the non-consecutive memory access from scattering and gathering operations; 2) overheads
from quantization and de-quantization process; 3) input/output data types and layout requirements
from low-precision computation instructions; 4) sub-optimal performance of irregular-shaped (i.e.,
tall and skinny) matrix multiplication operations, which has been revealed in prior studies[37].

Input/Filter Transformation and Quantization Low-Precision Multiplication Output Transformation and De-Quantization

vV =B"dB Quantization
I p 1

i

Reduction to Batched Matrix Multiplication

Fig. 4. Overview of LoWino using F(2 X 2,3 X 3) as an example. Green, yellow, and blue boxes represent input
tiles, filters, and output tiles, respectively. The dashed rounded-rectangle boxes represent the processes of
quantization and de-quantization.

To tackle these challenges, a variety of optimization techniques are applied in different parts of the
entire implementation workflow of our low-precision convolution algorithm. As shown in Figure 4,
LoWino consists of three main computational phases, including input and filter transformation,
low-precision matrix multiplication, and output transformation. We classify the operations into
two categories, including memory-bound operations (input, filter, and output transformation) and
computation-bound operations (matrix multiplication). To increase the computation efficiency, we
guide performance optimizations with the following principles: a) Overlapping computation and
memory operations as far as possible. b) Reducing the latency of memory access. c¢) Increasing the
computation efficiency by using data reuse and vectorization. In addition, we implement LoWino
in two manners (i.e., non-fused and fused implementations) to further improve the performance, as
will be described in Section 4.4.

4.1 Data Layout

The data layout stored in memory critically determines the performance. Inspired by the state-
of-the-art full-precision approaches [28, 63], we customize a data layout to maximize data reuse
and cater to the requirements of low-precision computational instructions. We design the data
layout according to the following guidelines: a) It should support the low-precision computation
instructions, which is the key difference from full-precision design (refer to Section 2.1); b) It should
support the aligned vector loads and stores, which is essential to fully vectorized programs; c) It
should be cache-friendly, which is significant in reducing cache and TLB misses by restricting the
IMemory access range.

The customized data layout is illustrated in Table 1. B, C, K, H, W, H’, and W’ denote the batch
size, input channels, output channels, input image height, input image width, output image height,
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Table 1. Customized Data Layout.

Variable Data Layout
Inputs BX [C/o/oc] xHXW X ¢ Xo
Transformed Inputs [N/Npii] X [C/Chix] X T X N1 X Cpik
Filters CX [K/p/o]lXrxrxeXxo
Transformed Filters [C/Cpix] X [K/Kpix] X T X [Cpix/@] X [Kpix X @]
Transformed Outputs BX [K/p/o]| X NXTX¢@Xo
Outputs Bx [K/@/o]xH xXW' x¢Xo

and output image width, respectively. The filter size is r X r. The ¢ denotes the vector length of the
32-bit floating-point elements and ¢ denotes the number of 8-bit elements in a 32-bit word. For
VNNI instruction set, o = 16 and ¢ = 4. The input image will be divided into N tiles consisting
of overlapping elements, and each single input tile has T elements. There are T small matrix
multiplications to be conducted in the Winograd algorithm. The blocking hyper-parameters, Cpy.,
Kpik, and Npji, are used in matrix multiplication, which will be explained in detail in Section 4.3.
Combining our customized data layout with the computational pattern of low-precision instructions
allows us to effectively execute matrix multiplication with VNNI instructions. By decoupling the
original computation mode into adjacent computation mode, a relatively small range of memory
access operations reduces the TLB and cache misses. In addition, to take further advantage of
aligned vectorized load/store instructions, all data is 64-byte aligned.

4.2 Transformation

Winograd convolution consists of three kinds of transformations. The input transformation and filter
transformation (the first phase in Figure 4) transform the original matrix data into the Winograd
domain, which is conducted before the matrix multiplications step. The output transformation
(the third phase in Figure 4) transforms the result of matrix multiplication and brings it back to
the spatial domain. These three transformations are based on a tile of data and the corresponding
transformation matrix (B, G, and A). These transformation operations are memory-bound, and the
execution time is determined by the data movement mode. To overlap computation and memory
operations, we combine compensation, quantization, and de-quantization with transformations,
which only introduces negligible overhead and reduces the burden of matrix multiplication. The
following subsections describe the implementations and optimization in each transformation stage.

4.2.1 Input transformation. Before the matrix multiplication procedure, we should prepare the
input data. As described in Section 2.1, we need to quantize 32-bit values to 8-bit integers due to the
core instruction in matrix multiplication, vpdpbusd, requiring the first operand (i.e., transformed
input) to be unsigned type. Originally, each tile d contains 32-bit full-precision values and the data
is in the spatial domain. We first transform the data to the Winograd domain and then quantize
the floating-point values through function Q(x) in Eq. 1. However, there is no guarantee that
the transformed input data is non-negative and can not guarantee that UINT8 can represent all
values. Therefore, we add a compensation operation to add 128 to the transformed input data after
quantization. In order to eliminate the side-effect introduced by adding 128, we perform subtraction
after the matrix multiplication stage to recover the result.

Finally, the result tiles are stored in memory for matrix multiplication (the second phase in
Figure 4) and scattered to T = (m + r — 1)? matrices, leading to non-consecutive memory writes.
Here, we utilize several optimizations to overcome the drawbacks of the transformation operations.
We store 512-bit data (a whole cache line) in memory each time to eliminate false sharing based on
the customized data layout. In addition, we apply non-temporal stores and write data in memory
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directly without fetching data to the cache first, in the non-fused implementation. Because the
transformed data will be consumed after executing a few instructions, we don’t have to worry
about breaking cache locations with non-temporary storage.

4.2.2  Filter Transformation. The filter transformation operations are performed offline and will
not be counted into the execution time due to the transformation being finished ahead of the
inference phase on the pre-trained filters. The compensation operation multiplies the result by an
auxiliary matrix filled by -128 after quantization to guarantee correctness. To be compatible with
the vpdpbusd instruction, the data layout of the filter transformation results will be reorganized,
where the shapes of the two lowest dimensions are (Cpx /@) X (Kpir X ¢).

4.2.3 Output Transformation. Winograd algorithm [36] fetches data from T = (m+r —1)? matrices
generated by the matrix multiplication stage, which is called gathering operations, and then
performs transformations. However, when gathering operations are triggered, data access is not
consecutive and the computation needs to wait until the data is ready in the cache memory. To
make all data access consecutive, we alter the gathering operations to the scattering operations at
the end of the previous matrix multiplication phase, which will be further explained in Section 4.3.
A consecutive 32-bit integer data tile will be de-quantized after the matrix multiplication, which
is represented by the function Q’(x). After casting 32-bit integers to floating-point values, we
multiply the data tile with the reciprocal of the scaling factor to de-quantize the value and then do
the transformation operation by multiplying the corresponding transformation matrix.

for i = 0 to phi: Transformation Meta-Code
out[i][a] = -2 * in[i][1] [1]1[2] + 2 * in[i][3] n[i] [4];
out[i][b] = 2 * in[i][1] in[i][2] - 2 * in[i][3] in[i] [4];
|
. . . Common Sub-Expression Elimination
Transformation for i = 0 to phi:
i temp[i] = [i] 1 [i1[4]1;
Matrix out[i][a] = -2 * in[i][1] + 2 * in[i][3] + temp[i];
out[i][b] = 2 * in[i][1] - 2 * in[i][3] + temp[i];
| |
0-2-12110 | & Loop Unrolling
02-1-2110 out[0][a] = -2 * in[0][1] + 2 * in[0][3] + temp[0];
out[l][a] = -2 * in[1][1] + 2 * in[1][3] + temp[l];
. Quantization and Result Store
int8 out[a] [0] = saturate cast<int8>(out[0][a] * alpha); // FP32->INT8
int8_out[a] [1] = saturate_cast<int8>(out[l][a] * alpha); // FP32->INT8
;{:c;re(next_step_input[a], int8_out[a]); // 64 * INT8

Fig. 5. An example of codelets generation.

4.2.4 Codelets. We formulate a codelet generator for Winograd transformations that automat-
ically generates C++ codes for a given F(m,r) based on the transformation matrices provided
by wincnn [35]. Figure 5 illustrates an example of codelet generation for input transformation,
which operates (m +r — 1) X ¢ X o elements in a column-wise or row-wise computation. The
codelet for the filter and output transformations is generated and optimized in a similar way. We
eliminate the redundant multiplication operation with a zero multiplier caused by many zeros
in the transformation matrices. To reduce the computational complexity in the transformation
matrix, we compute and store the common terms among different rows into intermediate variables,
and replace the common terms in the following expressions with the intermediate variables. To
improve the instruction-level parallelism, we unroll the loop of phi (¢) to reduce the branches of
instructions in codelets. We perform a column-wise manner and then alternate a row-wise manner
on input tiles by utilizing generated codelets, among all the input transformations. Besides, we
invoke Intel Intrinsics [22] to keep all the code vectorized.

, Vol. 1, No. 1, Article . Publication date: November 2023.



10 Xueying Wang et al.

4.3 Batched Matrix Multiplication

The computational efficiency of Winograd convolution is dominated by low-precision matrix
multiplication (the second phase in Figure 4). The quantized transformed filter U’ and the quantized
transformed input tile V' execute low-precision element-wise multiplication in the same channel and
accumulate the results along channels (Eq. 7), thus can be reduced to batched matrix multiplication.
We perform matrix multiplications Z = V X U with a batch size of T = (m+r —1)2. The input image
transformation with the size of N X C is represented by matrix V and the filter transformation with
the size of C X K is represented by matrix U. A large number of input tiles (N) and relatively small
input channels (C) and output channels (K) lead the shape of matrices in matrix multiplication to
be tall and skinny. In general, these tall and skinny matrix multiplications lack high optimization
in off-the-shelf libraries [28, 55]. We implement batched matrix multiplications that enhance data
reuse for both cache memory and registers by blocking strategies. To cooperate with other parts of
Winograd convolutions, we perform several specific optimizations for matrix multiplication: a) We
generate the codes of matrix multiplication according to our customized data layout, so as to fully
utilize low-precision instructions; b) The results of multiplication are scattered directly into the
memory used in the output transformation stage; ¢) For fused and non-fused manners, we adopt
different task scheduling strategies to guarantee the order of computations. The optimization of
batched matrix multiplications will be described in detail in the following subsections.

4.3.1 Cache Blocking. We split the matrix into sub-matrices, and each sub-matrix can be fit in the
L2 cache to improve the reusability of data. Figure 6 describes our cache-blocking method. Its main
idea is to make full use of data as much as possible before swapping it out of the cache. The matrix
V is split into [N /Ny ] X [C/Cpir] small sub-matrices of size Ny X Cpix, and the matrix U is split
into [C/Cpix| X [K/Kpix| small sub-matrices of size Cpji X Kpji. In consequence, the result matrix
Z consists of [N/Npi] X [K/Kpir | small sub-matrices of size Ny X Kpjx. Each sub-matrix in Z
can be accumulated by a corresponding row block in V and a corresponding column block in U:

C/Chpik
zij = Z Uik X Ug ©)
k=1

There are C/Cypyi sub-matrices results of the multiplication operations to be accumulated to the
sub-matrix z. The intermediate accumulation results are buffered in a Cpji X Ky L2 cache during the
multiplication process in Eq. 9. In most cases, the matrix u of size Cpj X Kpjx can stay in the L2 cache
after blocking until all the computations are finished. To improve cache memory utilization, there
are two strategies for processing a result sub-matrix z: 1) fused implementation: performing output
transformation for z in the cache directly; 2) non-fused implementation: prefetching instructions load
vi+1.k into the L2 cache when computing v; ;, which can prepare the data in cache before the next
matrix multiplication. The details of these two implementations will be described in Section 4.4.

4.3.2 Register Blocking. A register-level blocking strategy is designed to optimize the sub-matrices
multiplication in Figure 7, which divides original matrices into smaller sub-matrices. The key idea
of register-level blocking is similar to cache-level blocking, which will store the intermediate results
in rowpg X colpyi registers and reuse them. The final results are scattered into the appropriate
locations of tiles. As the memory access is consecutive, the hardware prefetcher can automatically
prefetch each row of v into the L1 cache. Since the data is stored in a column-major format, each
column of u can be prefetched and benefit from the hardware prefetcher. To follow the convention of
low-precision computational instruction, i.e., vpdpbusd, a specific layout is used to store sub-matrix
u, which will be reordered to the size of (Cpr/4) X (Kpix X 4).
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Fig. 6. Cache-level matrix blocking strategy. The blocks in blue, green, and yellow represent the blocked
sub-matrix of V, U and Z, respectively.
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Fig. 7. Register-level blocking. The blocks in blue, green, and yellow represent the blocked sub-matrix of v, u,
and z, respectively.

4.3.3 Compensation. In the input transformation phase and the filter transformation phase, we
conduct compensation operations, including adding 128 and multiplying —128 respectively, for
the vpdpbusd instruction requiring the first operand to be unsigned 8-bit integers. The concrete
computations we conducted in this phase are depicted in the following equation:

= V+A
= -AxU

Z = VxU+Z where {; (10)
These compensation operations are performed in transformation phases as described in Sec-
tions 4.2.1 and 4.2.2. In the input transformation phase, the V is calculated by adding an auxiliary
matrix A, which has the same size as V. Correspondingly, the Z is calculated by multiplying —A and
U in the filter transformation phase. Since the transformation phases are mostly memory-bound,
the extra computation has little effect on the performance.

4.3.4 Code Generation and Tuning. Due to the configuration of the convolution layer is known at
compile time, we can leverage the optimization opportunities about the constants, such as the loops
and the memory access offsets. The code for matrix multiplication, which computes z = v X u + z,
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is generated by JIT (just-in-time) compilation technique with a specific code template, and the
pseudo-code is described in Figure 8.

1 for r0 = 0 to N_blk/row_blk:

2 for cO = 0 to K _blk/col blk:

3 for t = 0 to C_blk: // unroll (t)
4 for rl = 0 to row _blk:

5] v_reg = broadcast (v[rO*row _blk +rl][t]); // unroll (rl)
6 prefetch (next_v[rO*row_blk+rl][t],

7 NON_FUSED_FLAG) ;

8 for cl = 0 to col blk // unroll (cl)
9 u_reg[cl] = uf[t][cO*col blk+cl];

10 z_reg[rl] [cl] = vpdpbusd(z_reg[rl][cl],

11 v_reg, u_reg[cl],);

12 for rl = 0 to row_blk: // unroll(rl)
13 for cl = 0 to col blk: // unroll (cl)
14 store (output [rO*row_blk+rl] [cO*col blk+cl],

15 z_reg[rl][cl]);

Fig. 8. The pseudo-code for matrix multiplication.

The loops with loop variables ro and c@ are cache-level blocking and the loops r1 and c1 are
register-level blocking. A packed 32-bit word (containing four 8-bit integers) is broadcast from
the source location of v to a 512-bit vector register v_reg in each loop r1. In each innermost loop
c1, we load the operand u into register u_reg, which contains 64 8-bit integers, and store the
results into register z_reg. Significantly, the data of the register v_reg in loop r1 is reused in
loop c1. To prepare the data for the next computation at the cache line granularity, the results
will be scattered to appropriate locations at the end of this phase, which constitutes consecutive
memory access and prevents expensive gathering operations from happening. We unroll the loops
completely, including loop t, r1, and c1, with the purpose of making instructions consecutive
and improving the performance further. To improve the instruction parallelism, we reorder the
unrolled instructions to mix the computation instructions and load/store instructions. In addition,
for non-fused implementation, we insert a prefetch instruction so as to decrease the memory
accessing latency for the next v. The code is generated for a specific matrix multiplication operation,
which will be compiled into a shared library for all sub-matrices computations.

The parameters Npik, Cpir, Kpix, rowpk, and colpji are designed for tuning the generated code.
Due to the known configuration of the convolution layers, the auto-tuning approach is conducted
ahead of time to find the optimal parameters, which only takes a slight overhead and achieves
relatively high performance. The optimal parameters are saved into a wisdom file and used in
inference. We limit rowpi X colpr + colpjx to less than 31 to reduce the search space. Although
there are 32 512-bit vector registers available on modern x86 platforms, we still need to set the
limitation to 31 because an extra auxiliary register needs to be reserved for broadcast operations.
Furthermore, Cpji X Ky is limited to less than 5122 to ensure that the cache memory can hold the
sub-matrices, including z, u, and v.

4.4 Fused and Non-Fused Implementations

Winograd convolutions can be implemented in two different ways, non-fused implementations and
fused implementations, as shown in Figure 9 and Figure 10. While the non-fused implementation is
preferred on CPU platforms in prior studies [28, 29] and shows good performance, we find that
the fused implementation performs better than the non-fused one in some cases with small tile
sizes. Therefore, we implemented two versions of LoWino, which employ non-fused and fused
manners, respectively, including their individual transformation codelets and multiplication code
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templates. These two variants (non-fused and fused) of implementations for low-precision quantized
Winograd convolution may perform differently on diverse hardware platforms. We select the best
implementation for each convolution layer by utilizing a search process on a specific target platform,
so as to achieve optimal model performance.

Non-Fused Implementations. In the non-fused implementation of LoWino, each stage uses a
separate kernel that fetches all the input tiles and writes all the results to the main memory, as shown
in Figure 9. We treat each stage of the Winograd algorithm as an individual sub-task and insert a
synchronous operation at the end of the sub-task, thereby guaranteeing its correctness. While the
non-fused version introduces the inevitable overhead of data movement between the cache and
main memory, it provides good performance when using large tiles for Winograd convolution. By
considering the shape and layout of all the input tiles simultaneously, the most time-consuming
computation (i.e. matrix multiplication) can be optimized, and computational resources can be
better utilized.

Fused Implementations. In the fused implementation of LoWino, the input transformation stage,
the multiplication stage, and the output transformation stage for a part of input tiles are fused into
a single kernel, as shown in Figure 10. In our design, the number of tiles to be processed in a fused
kernel is controlled by the blocking hyper-parameters Ny and Ky in the matrix multiplication
stage, and the number of tiles to be processed of input and output of transformation stages can be
inferred accordingly. The fused version of low-precision Winograd convolution can potentially
improve the utilization of the cache, avoiding the movement of intermediate data. However, due to
the limitation of the cache memory capacity of hardware platforms, the fused implementations
exhibit higher performance at small tile sizes such as F(2, 3).

4.5 Parallelization on Multi-Core Processors

To parallel the computation of the low-precision Winograd convolution algorithm, we need to
distribute the computation tasks to multi-core processors ahead of execution. Considering the
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known and fixed configurations of convolutional layers, we design a static scheduling strategy
to deliver the jobs to each thread at compile-time to reduce run-time overheads. Under the same
memory access patterns, the amount of computation assigned to each thread is roughly similar,
which helps to pursue optimal performance.

In our implementation, we assume that there are w threads executed on multi-core platforms in
parallel. For fused implementation, [ N /Ny | X[K /Ky | input parts are divided into w parts equably,
and each thread performs a fused kernel of all the stages for up to [ ([N/Npj 1 X [K/Kpix 1) /@] parts
of tiles. For non-fused implementation, the parallelization method is described as follows. During the
input and output transformation phases, there are N tiles that need to be processed simultaneously
in total. Each tile contains T X ¢ X ¢ elements and each thread needs to compute [N/w] tile for
transformation tasks. To balance the computation of each thread, the task dimensions will be
recursively divided and make more chances for cache reuses. In both the input transformation
stage and filter transformation stage, each thread operates [(C X K/¢/o)/w] tasks. Our blocking
strategies distribute Npjx X Kpjx elements to each sub-matrix, which is illustrated in Section 4.3.
Totally, there are N/Npj X K/Kpj X T sub-matrices multiplications in the matrix multiplication
stage. There are [(N/Npjx X K/Kpjx X T)/w] matrix multiplication jobs that need to be done in
each thread.

The parallel jobs are managed by a single fork-join method. Typically, parallel execution perfor-
mance depends on the time it takes from the first job start to the last job finish. If all threads start
and finish at the same time, it can lead to a balanced situation. Due to the number of C, K, and w
being powers of two in general, the workloads can be well balanced among all the threads.

5 EVALUATION

In this section, we demonstrate that LoWino is an effective approach for accelerating Winograd
convolutions by utilizing low-precision computations while maintaining accuracy at a reasonable
level. Specifically, we address two major Research Questions (RQ):

RQ1. What is the performance of LoWino compared with the state-of-the-art implementations?
RQ2. What is the accuracy loss of our approach for representative convolutional neural networks?

Experimental Setup. We perform these experiments on two CPU platforms, an 8-core Intel
2nd Xeon Scalable Processor platform, and an 8-core Intel 3rd Xeon Scalable Processor platform.
The platforms both run Linux-based operating systems, Ubuntu20.04 LTS, and have 32GB global
main memory. These programs are compiled by g++ (version 9.3.0). We leverage the oneDNN
library, a state-of-the-art vendor library on Intel CPU platforms, as our baseline of INT8 Winograd
convolutions. The oneDNN library is well-tuned and optimized for Intel CPU architectures and
supports the latest hardware features such as low-precision computing. Moreover, oneDNN can
effectively support INT8 Winograd convolutions which employs a down-scaling approach. To
reduce the interference of initialization, we warm up the experiments and run tests 100 times, and
report the average running time.

5.1 Convolutional Layer Speedups

We evaluate our implementations on representative convolutional layers in prevailing neural
network models including image classification, object detection, and semantic segmentation. To
be specific, our benchmarks cover AlexNet [33], VGG16 [52], ResNet-50 [18], GoogLeNet [53],
YOLOV3 [50], FusionNet [49], and U-Net [51]. Following the convention [28], we set the batch size
for classification models to 64 and the batch size for object detection and semantic segmentation
models to one. For each neural network, we collect two or three configurations of layers, which are
frequently used configurations in the model. The different layer in a model is named with the suffix
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Fig. 11. Normalized execution time for different convolution layers.

a/b/c. The specification of these convolutional layers is described in Table 2. We compare LoWino
with the state-of-the-art low-precision convolution implementations in the oneDNN library [24],
including direct and Winograd convolution, which include the quantize and de-quantize steps.

Table 2. Benchmarked 3x3 Convolutional Layers.

Image Classification Object Detection
Layer Batch C K H&W Layer Batch C K H&W
AlexNet_a 64 384 384 13 YOLOv3_a 1 64 128 64
AlexNet_b 64 384 256 13 YOLOv4_b 1 128 256 32
VGG_a 64 256 256 58 YOLOV5_c 1 256 512 16
VGG_b 64 512 512 30 Semantic Segmentation
VGG ¢ 64 512 512 16 Layer Batch C K H&W
ResNet_a 64 128 128 28 FusionNet_a 1 128 128 320
ResNet_b 64 256 256 14 FusionNet_b 1 256 256 160
ResNet_c 64 512 512 7 FusionNet_c 1 512 512 80
GoogLeNet_a 64 128 192 28 U-Net_a 1 128 128 282
GoogLeNet_b 64 128 256 14 U-Net_b 1 256 256 138
GoogLeNet_c 64 192 384 7 U-Net_c 1 512 512 66

Figure 11 show the normalized execution time for all the convolutional layers in Table 2, on two
evaluation platforms. Overall, LoWino F(4 X 4,3 x 3) achieves up to 2.74X and 2.90x speedups
and an average of 1.84X and 1.91X speedups over the best implementations in oneDNN, on the
two platform, respectively. There are three observations. First, LoWino F(2 X 2,3 X 3) achieves
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Table 3. The end-to-end top-1 accuracy of CNNs with our approach on the ImageNet dataset.

Model Method FP32 Acc. (%) | INT8 Acc. (%)
Non-Winograd KLD [45] 69.40 69.20
Covolution Yao et al. [61] 69.40 69.10
oneDNN [24] 71.59 70.98
1 2 F(2x2
VGG16 [52] (2x2,3x3) LoWino (Ours) 71.59 71.33
Down-Scaling Impl. 71.59
F(4x4
(4x4,3x3) LoWino (Ours) 71.59 69.20
KLD [45] 73.23 73.10
. Yao et al. [61] 75.30 74.80
Non-W: d
o @] Jacob et al. [25] 76.40 74.90
Park et al. [47] 77.72 75.67
ResNet-50 [18] Krishnamoorthi [32] 75.20 75.10
oneDNN [24] 76.13 75.91
F(2x2,3%x3 .
(2x )| LoWino (Ours) 76.13 76.09
Down-Scaling Impl. 76.13
F(4x4,3%x3 .
(4x )| Loino (Ours) 76.13 75.53

competitive performance compared with the implementations in the vendor library, i.e., oneDNN’s
8-bit Winograd convolution. Second, LoWino F(4 X 4,3 X 3) usually is the best performer, delivering
significant performance improvement over F(2 X 2,3 X 3). The speedups of LoWino are derived
from both the theoretical complexity reduction of the Winograd algorithm and our optimization
techniques. Third, Winograd convolution does not always outperform direct convolution, despite
that the former has lower computational complexity. This is because the memory overhead of
transformation operations is non-negligible for some layers, which increases overall execution
time. Nevertheless, LoWino accelerates the convolution layers in most cases.

5.2 End-to-End Performance of Neural Networks

To evaluate the end-to-end model performance, including accuracy and speedup, we choose
VGG16 [52] (single-branch structure) and ResNet-50 [18] (multi-branch structure), two representa-
tive convolutional neural networks, as benchmarks. VGG and ResNet neural network structures
are arguably two of the most popular backbone structures in various intelligent applications [31].
Besides, as discussed in prior studies [19, 20], the multiple-branch ResNet is less redundant than
single-branch networks, which is more difficult to compress and accelerate.

We evaluate the model accuracy of VGG16 and ResNet-50 on the ImageNet dataset [10]. In
addition to comparing LoWino with the implementations of the Intel oneDNN library, we also
compare our approach with state-of-the-art post-training quantization methods [25, 32, 45, 47, 61]
which leverage normal (non-Winograd) low-precision convolutions. As F(4x4, 3x3) is not supported
in oneDNN, we implement the down-scaling approach ourselves and evaluate its accuracy. Table 3
reports the accuracy of models with different implementations of low-precision convolutions. We
use the full-precision model in the official model repository of PyTorch [48] as the baseline. Since
the different hyper-parameters used in those papers, e.g., learning rate and data augmentation, the
accuracy numbers slightly vary. For fairness, we report not only the accuracy of low-precision
models but also the full-precision baseline models. For non-Winograd post-training quantization
methods [25, 32, 45, 47, 61], the accuracy numbers are directly cited from the corresponding papers.

The accuracy of quantized neural networks that utilize low-precision Winograd convolutions is
similar to those non-Winograd convolutions. Benefiting from our quantization design, LoWino
achieves less accuracy loss compared with the down-scaling approach when using F(2 X 2,3 X 3).
As discussed in Section 2.3, the scaling factor of F(4 X 4,3 X 3) is much less than the factor of
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Table 4. The end-to-end inference speedups of CNNs with INT8 Winograd convolutions.

Model F(2x2,3%3)-0oneDNN | F(2X2,3x%3)-LoWino | F(4x 4,3 X3) - LoWino
VGG16 [52] 1.00 X 1.34 % 2.04 X
ResNet-50 [18] 1.00 x 1.05 X 1.11 X

F(2 X 2,3 x 3), leading to much more precision loss incurred by down-scaling and rounding
operations. The experimental result shows that the down-scaling approach with F(4 X 4,3 x 3)
drops the model accuracy to zero, which is not acceptable. Conversely, our approach can maintain
the accuracy at an acceptable level as the original model for both F(2 X 2,3 X 3) and F(4 X 4,3 X 3).

Table 4 shows the speedups of end-to-end model inference with different INT8 Winograd
convolutions, including oneDNN’s INT8 Winograd convolution with F(2 X 2,3 X 3), LoWino’s
Winograd convolutions with F(2Xx2,3%3) and F(4x4, 3x3). Compared with oneDNN’s F(2X2,3X3)
INT8 Winograd convolutions, LoWino achieves 1.34x and 2.04x for VGG16 and 1.05 X and 1.11 X
for ResNet-50, with F(2 X 2,3 X 3) and F(4 X 4,3 X 3), respectively. We observed that the VGG16
model achieves higher speedup than ResNet-50, which is due to the proportion of 3 X 3 convolution
in VGG16 is higher than ResNet-50. The most of layers in VGG16 are 3 X 3 convolutions, whereas
the residual structures in ResNet-50 have both 1 X 1 convolutions and 3 X 3 convolutions.

For the small tile size, both in-side quantization and out-side quantization achieve tolerable
accuracy loss. Meanwhile, their performances are at a similar level, which is because both of them
employ carefully designed optimization. However, for the large tile sizes, the out-side quantiza-
tion with the down-scaling approach drops the model accuracy to zero, which is not acceptable,
whereas our in-side approach can maintain the accuracy at an acceptable level and achieve higher
performance. These results validate the effectiveness of LoWino (using inside quantization), which
can outperform existing approaches in the vendor library.

5.3 Error Analysis

To illustrate the interference incurred by combining Winograd convolutions with quantization tech-
niques in existing approaches, we leverage two representative deep neural networks, VGG16 [52]
and ResNet-50 [18], to analyze the computational errors of convolutions. We measured the mean
absolute error and the relative error of Winograd INT8 convolutional layers with filter size 3 X 3
when using the down-scaling approach. The ground truth is estimated by using low-precision direct
convolution with INT8 arithmetic. Let Y/* be a result matrix (INT8 Winograd convolutions) and Y
be the ground truth (INT8 direct convolutions). The values of input tensors are randomly generated
with the Normal distribution N (0, 1) and then quantized to the INT8 low-precision type, while the
values of filter tensors are initialized with the pre-trained models [18, 52] and then quantized to
the INT8 low-precision type. The mean absolute error E,ps is defined as the absolute of the average
difference between matrices Y and Y*. The relative error in the Frobenius norm Ee) (relative to
the data range of V™) is defined as:

1Y - Ylr
1Y *IIr

Table 5 shows the computational errors (Eaps and Er.1) measured with different low-precision
Winograd convolution approaches, including the down-scaling approach and the approach proposed
in this paper (i.e., LoWino). The existing down-scaling approach is only appropriate for small tile
sizes, such as F(2 X 2,3 X 3), due to the dramatically increasing computational errors with large tile
sizes. However, the Winograd convolution with larger tile sizes can reduce more computations
and has more potential for realistic acceleration. Table 5 shows that our approach can significantly

Erel(yay*) (11)
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Table 5. Absolute and relative errors of representative CNNs with different approaches.

INT8 Winograd Convolution F(2x2, 3x3) INT8 Winograd Convolution F(4x4, 3x3)
Model Down-Scaling Approach LoWino (Ours) Down-Scaling Approach LoWino (Ours)
Eabs Erel Eabs Erel Eabs Ere1 Eabs Ere1

VGG16 1.525E-01 1.664E-01 7.892E-02 | 8.636E-02 | 1.929E-00 2.314E-00 8.076E-01 | 9.214E-01
ResNet-50 | 8.147E-02 1.391E-01 5.209E-02 | 8.861E-02 | 1.147E-00 2.158E-00 5.086E-01 | 9.003E-01

Table 6. Comparing Egps with different F(2 X 2,3 X 3) low-precision Winograd approaches.

(6, K)
Method | H&EW (64,64) | (128, 128) | (256, 256) | (256,512) | (512, 512) | (512, 1024) | (1024, 1024)
D-S 5.794E-01 | 7.897E-01 | 1.224E+00 | 1.190E+00 | 1.684E+00 | 1.756E+00 | 2.528E+00
LoWino 8 3.286E-01 | 4.878E-01 | 6.774E-01 | 7.225E-01 | 1.020E+00 | 1.012E+00 | 1.502E+00
Reduction 43.28% 38.23% 44.64% 39.30% 39.46% 42.34% 40.60%
D-S 6.029E-01 | 8.416E-01 | 1.232E+00 | 1.247E+00 | 1.914E+00 | 1.808E+00 | 2.647E+00
LoWino 16 | 3.919E-01 | 5.208E-01 | 7.448E-01 | 7.592E-01 | 1.126E+00 | 1.088E+00 | 1.606E+00
Reduction 35.00% 38.11% 39.55% 39.10% 41.15% 39.82% 39.32%
D-S 6.408E-01 | 9.203E-01 | 1.395E+00 | 1.391E+00 | 1.904E+00 | 1.975E+00 | 2.779E+00
LoWino 32 | 3.634E-01 | 5.227E-01 | 7.584E-01 | 7.607E-01 | 1.096E+00 | 1.138E+00 | 1.591E+00
Reduction 43.28% 43.20% 45.64% 45.33% 42.40% 42.37% 42.75%
D-S 6.826E-01 | 9.441E-01 | 1.390E+00 | 1.393E+00 | 1.953E+00 | 1.972E+00 | 2.805E+00
LoWino 64 | 3.821E-01 | 5.427E-01 | 8.473E-01 | 8.091E-01 | 1.126E+00 | 1.158E+00 | 1.685E+00
Reduction 44.03% 42.52% 39.05% 41.90% 42.37% 41.25% 39.93%
D-S 6.943E-01 | 9.812E-01 | 1.398E+00 | 1.399E+00 | 1.978E+00 | 1.983E+00 | 2.794E+00
LoWino 128 [ 3.926E-01 | 5.560E-01 | 8423E-01 | 8.373E-01 | 1.137E+00 | 1.176E+00 | 1.740E+00
Reduction 43.45% 43.34% 39.74% 40.16% 42.53% 40.72% 37.72%

reduce Eps and Er.; compared with the down-scaling approach. The quantization process inside
of the Winograd domain fully utilizes the range of the low-precision data type, which reduces
the computational errors. Meanwhile, it performs efficient INT8 computing for the multiplication
operations, which avoids the performance degradation of the up-casting approach, thereby yielding
large performance improvements. The result demonstrates that LoWino is an effective mechanism
to utilize larger tile sizes for low-precision Winograd convolutions, so as to further improve
performance with reasonable accuracy.

We also analyze the computational errors (Eaps and Ere1) of different convolution layers with
various configurations (including C, K, and H&W), by leveraging the down-scaling (D-S) approach
and LoWino. Table 6 and Table 7 show the results of E,s, while Table 8 and Table 9 show the results
of Ere1. First, LoWino significantly reduces E,ps by up to 45.64% and 85.89% and reduces E.) by
up to 47.44% and 86.84%, over the down-scaling approach for F(2 X 2,3 X 3) and F(4 X 4,3 X 3),
respectively. Our approach is effective for various configurations of convolution layers, which can
be widely applied in intelligent applications. Second, the computational error incurred increases
sharply when moving from F(2X2,3x%3) to F(4 x4, 3x3) for low-precision Winograd convolutions,
and the down-scaling approach cannot meet the accuracy requirement with large tile sizes, which
is validated in Table 3. Nevertheless, benefiting our inside-quantization design, LoWino achieves
lower errors than existing approaches and can accelerate convolutional neural networks under an
acceptable accuracy level.

To further explain the different quantization methods, we use VGG16_a as an example to il-
lustrate the difference between the down-scaling approach and LoWino. Figure 12 depicts the
data distribution of the transformed inputs before and after scaling/quantization. The X-axis is
the range of values and Y-axis is the count of each value (in the logarithmic scale). The input
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Table 7. Comparing Eaps with different F(4 X 4,3 X 3) low-precision Winograd approaches.

(C,K)
Method | H&W (64,64) | (128, 128) | (256, 256) | (256,512) | (512, 512) | (512, 1024) | (1024, 1024)
D-S 1.653E+01 | 2.275E+01 | 3.386E+01 | 3.326E+01 | 4.906E+01 | 5.054E+01 | 6.900E+01
LoWino 8 2.396E+00 | 3.499E+00 | 5.026E+00 | 4.978E+00 | 7.360E+00 | 7.119E+00 | 1.066E+01
Reduction 85.51% 84.62% 85.16% 85.03% 85.00% 85.91% 84.55%
D-S 1.583E+01 | 2.521E+01 | 3.011E+01 | 3.220E+01 | 4.606E+01 | 4.780E+01 | 6.599E+01
LoWino 16 | 2.421E+00 | 3.556E+00 | 5.196E+00 | 5.147E+00 | 7.207E+00 | 7.479E+00 | 1.059E+01
Reduction 84.70% 85.89% 82.74% 84.01% 84.35% 34.35% 83.96%
D-S 1.527E+01 | 2.257E+01 | 3.146E+01 | 3.079E+01 | 4.475E+01 | 4.534E+01 | 6.507E+01
LoWino 32 | 2.494E+00 | 3.613E+00 | 5.056E+00 | 5.566E+00 | 7.646E+00 | 7.667E+00 | 1.081E+01
Reduction 83.67% 83.99% 83.93% 81.93% 82.92% 83.09% 83.39%
D-S 1.504E+01 | 2.243E+01 | 3.216E+01 | 3.100E+01 | 4.563E+01 | 4.587E+01 | 6.574E+01
LoWino 64 | 2.570E+00 | 3.739E+00 | 5.168E+00 | 5400E+00 | 7.650E+00 | 7.723E+00 | 1.118E+01
Reduction 82.91% 8333% 83.93% 82.58% 83.24% 83.16% 83.00%
D-S 1.579E+01 | 2.208E+01 | 3.235E+01 | 3.252E+01 | 4.574E+01 | 4.590E+01 | 6.513E+01
LoWino 128 | 2.518E+00 | 3.687E+00 | 5442E+00 | 5.551E+00 | 7.718E+00 | 7.697E+00 | 1.143E+01
Reduction 84.05% 83.30% 83.18% 82.93% 83.13% 83.23% 82.45%

Table 8. Comparing Ere1 with different F(2 X 2,3 X 3) low-precision Winograd approaches.

(C,K)
Method | H&W (64, 64) | (128, 128) | (256, 256) | (256,512) | (512, 512) | (512, 1024) | (1024, 1024)
D-S 5.232E-02 | 5.095E-02 | 5595E-02 | 5.383E-02 | 5.390E-02 | 5.377E-02 5.801E-02
LoWino 8 2.953E-02 | 3.171E-02 | 3.095E-02 | 3.279E-02 | 3.254E-02 | 3.116E-02 3.452E-02
Reduction 4356% 37.76% 44.68% 39.09% 39.63% 42.05% 40.49%
D-S 5.581E-02 | 5.320E-02 | 5.765E-02 | 5646E-02 | 5851E-02 | 5.926E-02 5.993E-02
LoWino 16 | 3.173E-02 | 3.387E-02 | 3.370E-02 | 3.316E-02 | 3.443E-02 | 3.330E-02 3.462E-02
Reduction 43.15% 36.44% 4154% 41.27% 41.16% 4381% 42.23%
D-S 6.259E-02 | 5.877E-02 | 6.058E-02 | 5.711E-02 | 5.913E-02 | 6.401E-02 6.189E-02
LoWino 32 [ 3.290E-02 | 3.381E-02 | 3.545E-02 | 3.341E-02 | 3.483E-02 | 3.529E-02 3.567E-02
Reduction 47.44% 42.47% 41.48% 4150% 41.10% 44.87% 4237%
D-S 6.304E-02 | 6.322E-02 | 6.118E-02 | 6.084E-02 | 6.345E-02 | 6.187E-02 6.203E-02
LoWino 64 | 3411E-02 | 3488E-02 | 3.621E-02 | 3.526E-02 | 3.774E-02 | 3.572E-02 3.679E-02
Reduction 45.89% 44.83% 40.81% 42.04% 40.52% 42.27% 40.69%
D-S 6.189E-02 | 6.188E-02 | 6.328E-02 | 6.344E-02 | 6.338E-02 | 6.346E-02 6.333E-02
LoWino 128 | 3.615E-02 | 3.558E-02 | 3.686E-02 | 3.902E-02 | 3.674E-02 | 3.745E-02 3.810E-02
Reduction 41.59% 42.50% 41.75% 38.49% 42.03% 40.99% 39.84%

for the down-scaling approach has already been quantized to 8-bit integers and the value range
of transformed input will be increased up to 100X after Winograd transformation (as discussed
in Section 2.2). To avoid the overflow of low-precision matrix multiplication, the down-scaling
approach needs to be multiplied by a scaling factor, & = ﬁ. Moreover, the down-scaled values need
to be converted to integers, which introduces rounding errors. Despite that INT8 has values with a
range of [-128...127], the transformed input can only be represented by the integers in a narrower
range as shown in the figure. In our approach, the input and transformed input are full-precision
values and the transformed input is quantized in the Winograd domain. Thus, we can fully use the

values of [-128...127] to represent the original values, thereby reducing the precision loss.
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Table 9. Comparing Ere1 with different F(4 X 4,3 x 3) low-precision Winograd approaches.

(C,K)
Method | H&W (64,64) | (128, 128) | (256, 256) | (256,512) | (512, 512) | (512, 1024) | (1024, 1024)
D-S 1.785E+00 | 1.809E+00 | 1.864E+00 | 1.822E+00 | 1.919E+00 | 1.882E+00 1.938E+00
LoWino 8 2.349E-01 | 2.505E-01 | 2.515E-01 | 2.481E-01 | 2.584E-01 | 2.396E-01 2.688E-01
Reduction 36.84% 86.16% 86.51% 86.39% 86.53% 87.27% 86.13%
D-S 1.741E+00 | 2.001E+00 | 1.671E+00 | 1.767E+00 | 1.786E+00 | 1.898E+00 1.813E+00
LoWino 16 | 2.393E-01 | 2.515E-01 | 2.586E-01 | 2.523E-01 | 2.459E-01 | 2.661E-01 2.630E-01
Reduction 86.26% 87.43% 84.53% 85.73% 86.24% 85.98% 85.49%
D-S 1.706E+00 | 1.757E+00 | 1.753E+00 | 1.736E+00 | 1.748E+00 | 1.775E+00 1.814E+00
LoWino 32 | 2.480E-01 | 2.515E-01 | 2.505E-01 | 2.810E-01 | 2.676E-01 | 2.678E-01 2.696E-01
Reduction 85.46% 85.68% 85.71% 83.81% 84.69% 84.91% 85.14%
D-S 1.684E+00 | 1.775E+00 | 1.788E+00 | 1.717E+00 | 1.784E+00 | 1.792E+00 1.814E+00
LoWino 64 | 2.569E-01 | 2.641E-01 | 2.562E-01 | 2.671E-01 | 2.678E-01 | 2.701E-01 2.765E-01
Reduction 84.74% 85.12% 85.67% 84.44% 84.99% 84.93% 84.76%
D-S 1.765E+00 | 1.732E+00 | 1.793E+00 | 1.798E+00 | 1.788E+00 | 1.808E+00 1.815E+00
LoWino 128 | 2.520E-01 | 2.590E-01 | 2.693E-01 | 2.760E-01 | 2.708E-01 | 2.705E-01 2.848E-01
Reduction 85.72% 85.04% 84.98% 84.65% 84.86% 85.04% 8431%
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Fig. 12. Comparingthe down-scaling approach with ours for F(4x4, 3x3) low-precision Winograd convolution.

5.4 Performance Analysis

5.4.1 Overhead of Quantization Operations. We further analyze the overhead of quantization-
related operations, including quantization operations in the input transformation stage and de-
quantization operations in the output transformation stage. The quantization operations are re-
sponsible for converting the high-precision data to the low-precision data, and the de-quantization
operations do the opposite. Figure 13 shows the results. The quantization overheads of LoWino
with non-fused implementation approaches with F(2 x 2,3 x 3) and F(4 X 4,3 X 3) are 13.93% and
18% and the quantization overheads of LoWino with fused implementation are 8.23% and 8%. As
the fused one improves the data reuse, the overheads of the fused implementation are lower than
the non-fused implementation.

In this paper, we implemented our low-precision Winograd convolution (i.e. LoWino) on Intel
CPUs based on Intel VNNI, which supports high-performance vector low-precision computation.
The specific instructions of modern architectures provide higher efficiency of computations than
traditional non-vector instructions. When using traditional instructions (e.g., Intel SSE), the pro-
portion of computational parts will increase and the proportion of quantization parts will decrease,
due to the lower computation efficiency of the instructions.
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Non-Fused Implemenation - F(4>4, 3>3)
Non-Fused Implemenation - F(2>2, 3>3)
Fused Implemenation - F(4>4, 3>3)

= Computation
Fused Implemenation - F(2>2, 3>3) = Overhead
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Fig. 13. Analyzing the quantization overheads of LoWino.

Table 10. Cache miss reduction of fused implementation.

LoWino Implementation Cache Reference Cache Miss Cache Miss Rate Reduction
F(2%23%3) Non-Fused 1.20E+09 8.55E+08 71.53% 99.74%
? Fused 1.66E+09 6.94E+08 41.79% R
Non-Fused 7.24E+08 5.40E+08 74.53%
F(4%x4,3%x3 37.83%
( ) Fused 1.27E+09 4.65E+08 36.70%

5.4.2  Reduction of Cache Miss with Fused Implementation. As introduced in Section 4.4, the fused
and non-fused methods are both implemented in LoWino. The fused implementation aims to reduce
the memory access overhead by reusing the data in the cache, thereby increasing the cache hit
rate. We conduct experiments to measure the cache miss for non-fused and fused implementations.
Table 10 shows the results, including the number of cache reference events, the number of cache
miss events, the cache miss rate, and the cache miss reduction rate. The fused implementation leads
to more cache reference events than the non-fused one because more data are stored in the cache,
thereby reducing the cache miss rate. For LoWino with F(2 X 2,3 X 3), the fused implementation
can reduce the cache miss rate from 71.53% to 41.79%, achieving a 29.74% reduction. Similarly, for
LoWino with F(4 X 4,3 X 3), the cache miss rate is reduced from 74.53% to 36.70% when using
fused implementation. The result validates that our fused implementation can effectively reduce
the cache miss and mitigate memory overheads, so as to improve the performance.

6 DISCUSSION

Generality and Applicability. Convolution operators arguably dominate the computation of
modern CNNs, which usually use small, 3x3 filters. Our approach focuses on optimizing 3x3
convolutions by combining the Winograd algorithm with low-precision computing. We have
demonstrated the effectiveness of LoWino, which can be applied to various convolutional neural
network models. Moreover, LoWino can be potentially effective for many other emerging neural
network models such as CMT [15].

Performance-Precision Tradeoffs. It is a long-standing research problem to make trade-offs
between performance and precision for intelligent applications. LoWino is designed for accelerating
CNN applications while meeting the accuracy requirement. We have analyzed the computational
errors incurred by combining fast convolution with low-precision quantization techniques and
explored how to design efficient quantized Winograd convolution. To determine fine-grained
settings for each operator that achieves a suitable performance-accuracy trade-off for a given neural
network, an auto-tuning method will be developed in future work.

Low-Precision Quantization. When developing LoWino, we employed a symmetric linear quan-
tization method, which has low overhead and can be effectively accelerated on modern CPUs. We
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utilize a calibration technique to avoid the time-consuming process of model re-training. Compli-
cated quantization schemes, such as non-linear quantization [3], may further reduce the precision
loss. In addition, the numeric formats with shared or dynamic exponent, such as hybrid block
floating point [11], flexible floating-point [30], and FP8 [44], provide low-precision floating-point
computation capacity. Exploring different quantization schemes and new low-precision data types
for low-precision quantized Winograd convolutions is another future research.

Hardware Platforms. In this paper, we focus on exploring efficient quantized Winograd convolu-
tion on CPUs with VNNI. The CPU is one of the most ubiquitous resources in high-performance
computing platforms (e.g., data centers and cloud servers) and embedded computing platforms
(mobile phones and robots). In recent years, there have been many works focused on optimizing
DNN inference on CPU platforms [4, 9, 14]. Nevertheless, the in-side quantization methodology
of LoWino is hardware-independent, which can be easily applied to other hardware platforms. In
future work, we will explore implementing LoWino on other platforms such as GPUs and NPUs.

7 RELATED WORK

Winograd’s minimal filtering algorithm is introduced by Lavin and Gray [36] to reduce the com-
plexity of compute-intensive convolutions in CNNs. Afterward, the Winograd-based convolution
was integrated into popular vendor libraries and has been widely used to accelerate convolutional
neural networks for its proven effectiveness. Recently, many efforts have been made to optimize
the Winograd convolutions on CPU platforms [28, 38] and GPU platforms [26, 43, 59]. Jia et al. [28]
proposed an implementation to support n-dimensional Winograd-based convolutions on many-core
CPUs. Li et al. [38] optimized massively parallel Winograd convolution on ARM platforms. Xie
et al. [58] explored efficient half-precision Winograd convolution on ARM many-core processors.
Besides, Huang et al. [21] presented a decomposable Winograd method that supports convolution
layers with large kernels and large strides. Andri ef al. [1] designed a tap-wise quantization method
for integer-only inference and customized Winograd-enhanced accelerators. To optimize Winograd
convolutions on GPUs, Mazaheri et al. [43] proposed an efficient method via symbolic computation
and meta-programming, and Yan et al. [59] built an assembler to perform assembly-level optimiza-
tions. Liu et al. [41] accelerated Winograd convolution on GPU Tensor Cores with mixed-precision
computing, where the matrix multiplications are performed under FP16. Combining the Winograd
algorithm with low-precision computation is a growing trend for convolutional neural network
acceleration on emerging platforms. However, the outside quantization method causes the precision
issue and limits the potential speedups, whereas the inside quantization methodology of LoWino
resolves the problem. In general, benefiting from the Winograd algorithm demands system-level
optimizations of input/output transformations and multiplication operations, and the operations
related to low-precision computation, such as quantization and de-quantization, introduce extra
complexity. In this paper, we focus on exploring efficient quantized Winograd convolution on the
CPU, which is one of the most ubiquitous resources in high-performance computing platforms (e.g.,
data centers and cloud servers) and embedded computing platforms (mobile phones and robots).
Nevertheless, the inside quantization methodology of LoWino is hardware-independent, which
can be easily applied to other hardware platforms. In future work, we will explore implementing
LoWino on more platforms such as GPUs.

Some efforts have been made to exploit the integer-arithmetic computations by converting
the full-precision models into low-precision [6, 25, 32, 45, 47, 61], and further improvement of
low-precision quantization techniques for Winograd convolutions are also expected [40, 56]. An
up-casting approach solution is adopted by ncnn [54] for low-precision Winograd convolution,
and a down-scaling approach is provided by oneDNN [24]. As demonstrated in Section 2.3, these
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traditional methods applied in vendor libraries still suffer from accuracy loss or performance
degradation. Meanwhile, some researchers notice the disadvantages and try to utilize searching
and re-training on the training dataset [12, 39]. Those methods rely on re-training to reduce the
accuracy loss introduced by quantization and Winograd convolutions, whereas our approach
reduces the accuracy loss by performing the inside-quantization in the Winograd domain without
re-training. Our approach provides an effective mechanism for combining Winograd convolution
with low-precision computations, making it possible to support versatile problem sizes, thereby
unleashing the potential of low-precision fast convolutions.

8 CONCLUSION

In this paper, we designed an efficient quantized Winograd convolution approach, LoWino, which
employs inside-quantization in the transformed domain, effectively reducing the precision loss and
exploiting the capability of low-precision computing on modern CPUs. Evaluation with state-of-the-
art CNNs demonstrates that LoWino achieves up to 2.90Xx speedup over the best implementations in
the existing vendor library. In future work, we would like to combine our approach with graph-level
optimizations, such as TASO [27], to further improve the performance.
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