2024 Design, Automation & Test in Europe Conference (DATE 2024)

DiMO-Sparse: Differentiable Modeling and
Optimization of Sparse CNN Dataflow and
Hardware Architecture

Jianfeng Song
ECE, Texas A&M
College Station, USA
jsong26 @tamu.edu

Rongjian Liang
Nvidia
Austin, USA
rliang @nvidia.com

Abstract—Many real-world CNNs exhibit sparsity, a character-
istic that has primarily been utilized in manual design processes
and has received little attention in existing automatic optimization
techniques. To the best of our knowledge, this paper presents the
first systematic investigation of automatic dataflow and hardware
optimization for sparse CNN computation. A differentiable PPA
(Power Performance Area) model incorporating stochastic model-
ing of sparse CNN workloads is developed to enable fast nonlinear
optimization solving and massively parallel local search-based
discretization. Experimental results on public domain testcases
demonstrate the efficacy of the proposed approach, achieving an
average of 5x and 10x better PPA than the previous work for
two different sparsity patterns.

1. INTRODUCTION

The growing complexity of CNN (Convolutional Neural
Networks) has made it challenging to accelerate large CNNs
on resource-constrained devices. One solution to this challenge
is to leverage the sparsity in compact CNN weight arrays and
sparse input arrays brought by widely-used RelLU activation
layers [1]. In practice, sparse CNNs can reduce the model size
by over 10x without significant loss of accuracy [2], [3].

To leverage the advantage of sparsity, previous sparse CNN
accelerators [4]-[8] propose various sparsity-aware acceleration
techniques, which are categorized into three SAFs (sparse
acceleration features) in [9]: representation format, gating, and
skipping.

Different SAFs achieve various trade-offs between the hard-
ware and computation overhead to leverage sparsity vs. the
reduction of unnecessary data movement and computation
enabled by the sparsity. Therefore, it is crucial to choose
appropriate SAFs, as deploying unsuitable ones can signifi-
cantly degrade the efficiency of CNN computations. Moreover,
the selection of SAFs is closely intertwined with dataflow
mapping [10] and hardware resource allocation [11]. The vast
joint search space presents a substantial challenge to efficient
manual designs. Thus, there is a compelling need for an
automatic hardware architecture search algorithm specifically
tailored for sparse CNN computation.

SparseLoop [9] proposes an analytical PPA (Power Per-
formance Area) model for a sparse tensor accelerator and
achieves high accuracy in evaluating real design. However,
SparseLoop contains many “if-else” operations that prevent its
usage in analytical optimization. As a result, only exhaustive
and random search are developed in SparseLoop using the
models. Despite its primitive nature, this work is perhaps
the only attempt at automating the optimization of dataflow
and hardware architecture for sparse CNN computation. Prior
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works on dense CNN [10]-[13] are not applicable for sparse
CNN, since they do not consider the effect of sparse workload
characteristics and SAFs.

In this study, we introduce DiMO-Sparse, a differentiable
modeling and optimization tool for enhancing PPA in sparse
CNN computation. It optimizes SAFs, dataflow, and hardware
resources, accounting for sparse workload characteristics and
hardware constraints. In contrast to prior differentiable mod-
els [14] that approximate gradients using Gumbel softmax
estimators and require expensive sampling on non-differentiable
PPA simulators. Our model is inherently differentiable. This
allows for precise gradient calculations, resulting in an effi-
cient search algorithm for finding good solutions. Our main
contributions are summarized as follows:

o This is the first systematic investigation on automatic
hardware architecture optimization for sparse CNN com-
putation, to the best of our knowledge.

o The first differentiable PPA model that incorporates
stochastic modeling of sparse CNN workloads. Achieved
a maximum of 3% error in model accuracy with 20K
speedup, compared with SparseL.oop, the state-of-the-art
sparse PPA model.

o A differentiable optimization algorithm to efficiently
search through the joint space of SAFs, dataflow, and
hardware resource assignment. We develop a network-wise
optimization algorithm rather than only targeting one CNN
layer [12].

o Demonstration of the effectiveness of our method via
three usage scenarios. When only optimizing dataflow, we
achieve an average of 5x improvement on PPA compared
with random search in SparseL.oop. By co-optimization of
dataflow and hardware resource allocation, we achieve an
average of 10x improvement on PPA. By further enabling
the determination of SAFs, we achieve an additional 3 x
improvement on PPA.

II. PRELIMINARIES

A. CNN Hardware Architecture and Resource Allocation

A typical CNN hardware consists of a 2D (or 1D) array of
Processing Elements (PEs), each with a MAC unit and register
file. Data storage involves four hierarchical levels: DRAM,
global buffer, PE array, and register files. A key hardware
resource allocation decision is buffering level [15], which is
the loop level for certain data to be stored and reused at a
specific memory level. Taking the buffering level for weight
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data in the global buffer as an example, if it’s set at loop L3
as depicted in Listing 2, all weight data necessary for loop L3
are stored at global buffer for reuse.
B. Dataflow in CNN Hardware Computation

A typical CNN computation kernel is a set of nested loops
as shown in Listing 1. Dataflow means how input, weight, and
output data are navigated through the memory hierarchy and
the PE array. It includes three operations [10].

1) Spatial unrolling: This is almost the same as conven-
tional loop unrolling, except that the unrolling factor must
equal the number of PEs.

2) Loop tiling: This is the same as conventional loop
tiling in compiler designs. Note that loop tiling also
affects hardware resource allocation since the loop tile
boundaries, together with buffering level, decide the
sizes of the global buffer, PE array, and register files.

3) Loop ordering: Different loop order changes computa-
tion efficiency without affecting computing results.

for m in range (M) : <- Filter iterations
for ¢ in range(C): <- Channel iterations
for i in range(I): <- I,J: In/Out dimensions
for j in range(J):
for y in range(Y): <- Y,X: Filter dimensions

for x in range(X) :
Output [m] [1] [J] +=
Weight [m] [c] [y] [x] =*
10

Input[c] [1*S+y] [J*S+x] <- S: stride

Listing 1. CNN computation kernel.

The work of [16] states that the impact of dataflow is
small. However, the dataflow in [16] mostly refers to different
stationary options (corresponding to spatial unrolling in this
work) and has not considered other dataflow operations or
hardware decisions.

C. Sparsity Patterns

CNN sparsity occurs in network weights through prun-
ing [17], [18], and in input features due to activation functions
like ReLU. This work considers two sparsity patterns from
SparseLoop [9].

1) Fixed-density: Data groups have a fixed number of non-
zero elements with the same density. For example, groups of
size 32 in a row of the input array contain 8 non-zero elements
each, randomly positioned. The number of non-zero elements
in loop tiles may vary due to tile boundaries, but as the tile
size increases, the variation reduces gradually.

2) Binomial distribution: Each data entry can be treated
as an independent Bernoulli trial for being non-zero with
probability p. If there are total n data entries, all of them
share the same p. This follows binomial distribution B(n,p).
SparseLoop [9] used hypergeometric distribution, which is
similar. Please note that the p here is different from the density
of non-zero elements in the fixed-density pattern, where the
densities of the two loop tiles are usually similar to each other.
By contrast, there is a systematic and significant variance for
non-zero densities in a binomial distribution pattern.

D. Sparse Acceleration Features (SAFs)

1) Sparse data representation format: Sparse data repre-
sentation keeps only non-zero elements and their locations
in a matrix, reducing storage footprint and data traffic. Our

work supports commonly used sparse formats, e.g., compressed
sparse row (CSR) [19], coordinate payload [9], run length
encoding [9] and bitmask [9].

2) Gating and Skipping: Gating and skipping are methods
to reduce computations in sparse CNNs. Gating gates PEs when
encountering zero multiplications, saving energy without affect-
ing latency. Skipping avoids sending zero multiplications to the
PE array, reducing both energy consumption and computation
latency but introduces overhead for tracing non-zero elements.

Taking the first layer of VGG16 as an example, the mag-
nitude of the joint space of loop ordering (10%), loop tiling
(107), spatial unrolling (10'), buffering level (10%), and SAFs
(10') is on the order of 103+7+1+4+1 — 1021, Consequently,
an efficient search algorithm is imperative.

III. PROBLEM FORMULATION AND OVERVIEW

#DRAM level

Lig: for ms in mp
Li4: for i3 in ip
#Global buffer level
Li3: for d2 in ig <--Weight buffering level
Lg: for m2 in mg
#Spatial unrolling
L7: for mp in mg

Lg: for i1 in ig
#Register file level
Ls: for mg in mpg <--Weight buffering Level

Li: for ig in iR
Output [mo] [i0] [Jol+=
Weight [mo] [co]

Input [co]

[yol [xol~*
lio0*S+yo] [JoxS+zo]

Listing 2. Example of loops tiling, ordering and spatial unrolling.
We study the co-optimization of hardware architecture and
dataflow for sparse CNN computation in a 2D (or 1D) PE array
and three memory levels: DRAM (D), global buffer (G), and
register file (R). The decision variables are defined as follows.

e Loop order & buffering level vector op =
D D D _ G .G G

[, 75,...,m. ], og = [7r1,7r2,...,7rkc] and

orp = [rff,my,...,m]. Bach is a one-hot vector

indicating which combination of loop order and buffering
level is selected for a memory level among D, G, and R.
We use O to denote the vector combining op, og and
OR.

e Tile boundary vector m = [mp,mqg, mg, ms|, where
mp, g, mpr, and mg are the loop tile boundaries
at memory levels D, G and R, and spatial un-
rolling, respectively. Tile boundary vectors for dimensions
C,1,J,Y, and X are defined similarly.

e Sparse acceleration features vector f = |ay,Qa,...,],
which is a one-hot vector indicating the choice of SAFs.

Given a sparse CNN layer instance A, our method decides the
buffering levels, dataflow, and SAFs, which are collectively
denoted as © = {0, f,m,c,i,5,y,x}, to minimize an
integrated objective function W of inference latency 7', power
P and area A. The corresponding formulation is given below.

min U(X;0) = [T'(A; ©), P(X; 0), A(X; ©)]; (M

subject to
bpbabrbs = B,for B/b=M/m,C/c,1/i,J/§, Y]y, X/z,
2
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Figure 1.

Overview of DiMO-Sparse. DiMO-Sparse automatically produces a high-quality solution of SAF, dataflow, and hardware resource allocation for a

given sparse CNN and hardware constraints. Central to DiMO-Sparse is a differentiable PPA model, allowing for precise gradient calculations with respect to
decision variables. These variables are relaxed to continuous, enabling an efficient gradient-based solver.

mD,mG,mR,mS,CD,CG,...,fﬂD,fEG,fIJR,xS€N+, (3)
O and f are one-hot vectors, @)
At most two in [mg, cs,is,js,xs,ys| greater than 1. (5)

Here T'(x), P(x), A(x) are the mapping from design parameters
and sparse workloads to inference latency, power, and area,
respectively. Constraints (2) ensure that the tiling solution is
legal. Constraint (4) means that only one loop order, buffering
level, and sparse acceleration feature option can be chosen.
Constraint (5) enforces that no more than two CNN dimensions
are selected for spatial unrolling. Note that selecting only
one dimension for spatial unrolling (e.g., setting ms = 1 in
Listing 2) results in a 1D PE array accelerator. Hence, our
problem formulation incorporates 1D and 2D PE arrays. It is a
multi-objective optimization problem, and our overall objective
is to find a Pareto optimal solution.

Notably, our formulation differs from [12] by (1) incorpo-
rating SAF selection and (2) considering the impact of sparse
workloads in the PPA model T'(x), P(*) and A(x).

IV. DIMO-SPARSE PPA MODEL

A. Overview of the Model Structure

DiMO-Sparse centers around a differentiable PPA model,
illustrated in Figure 1. The key of PPA modeling is the estimate
of global buffer size Bg, register file sizes BR, PE array size
IT and data traffic ®,”" between two adjacent memory levels
n and 7/, for data type A € {Input, Weight, Output}. This
estimate is obtained through three steps: (1) A baseline estimate
based on dense CNN design is obtained; (2) An estimate for
sparse payload related to non-zero data is derived based on
stochastic techniques; (3) Adjusting the estimate by accounting
for the overhead related to sparse data representation. Once
the 3-step estimate is completed, the calculation of PPA is
straightforward [12]. The baseline estimate is based on sparse
CNN hardware designs and reuses the results in [12]. We use
the notation * in the following sections to indicate values from
baseline estimation.

B. Estimate for Sparse Payload

The PE array size II of sparse CNN hardware is the same as
that of dense CNN. In practice, sparsity does not affect spatial
unrolling; each PE still gets the same number of tiles, but it is
very unlikely all of those tiles are empty tiles. Therefore, the

baseline estimate can be used without change. The buffer size
and data traffic estimate for sparse payload (non-zero data) are
obtained for two different sparsity patterns: fixed-density and
binominal distribution.

1) Sparsity with fixed-density: Suppose the density of non-
zero elements is v € (0, 1). The baseline buffer size and traffic
estimates are scaled by v to obtain the estimate for a sparse
payload of fixed-density pattern.

2) Sparsity with binomial distribution: Since the number of
non-zero elements in a loop tile is a random variable for sparsity
with a binomial distribution, the estimate is significantly more
complicated than the case of fixed-density. The probability of
the binomial distribution is denoted by f.

For a buffer n € {G, R}, where G indicates global buffer
and R represents register files, of data type A, we derive the
minimum size that can accommodate the loop tile with the
maximum number of non-zero elements. Assume there are 7
tiles and each tile has n elements including zeros and non-
zeros. The number of non-zero elements in the tile is a random
variable z, and we define two lemmas as below to calculate the
buffer size B.

Lemma 1: If z is a random variable following binomial
distribution B(n, 3), then for a sufficiently large n, z has a
normal distribution with mean nS and variance ng(1—3) [20].

Lemma 2: If z is a random variable with normal distribu-
tion with mean p and variance VAR, then the solution for
F, norm(Z) > ¢ can be written as Z = 1+ g - vV AR, where
g only depends on c [21], where c is the confidence level, and
we set ¢ = 99% in this work.

From lemma 1, the cumulative distribution function of the
binomial distribution for 7 tries can be approximated by

F:morm(B)T > ¢, ©)
The Equation 6 can be transformed to
Fiomorm(B) > €' )
From Lemma 2, the solutlon of Equation (7) is given by
B= w(z)+g-Var(z ®)

where ¢ is a coefficient depending on 7. We empirically find

that g is almost a linear function of In 7 and calculate g as
g=a-In(r)+0, ©)

where a and b are constants obtained by curve fitting for a

given confidence level c. Overall, the required buffer size B



can be analytically calculated as

B=nf+ (a-In(1) +b)\/ns(1l - p) (10)
The data traffic & estimate includes the average case and the
worst case. The average case estimate is the same as the fixed-
density pattern, where the baseline traffic is scaled by 8 and
applied in the power model. The worst case estimate is similar
to the buffer size estimate and applied in the latency model.

C. Overall Buffer Size and Traffic Estimate with Overhead
Besides the payload of non-zero data, sparse data represen-
tations have the overhead of storing the locations of non-zero
elements. The overhead is estimated by scaling the baseline
estimate. Hence, the buffer overhead is estimated as
§BE(a) = p(a) - 6BE (11)
where « indicates a sparse data representation format and p is
an empirical parameter. Please note that register files only store
decoded data and thus do not have such overhead. Likewise,
the data traffic overhead between DRAM and the global buffer
is estimated by
sBRC () = w(a) - 60RC (12)
where w is an empirical parameter depending on the data
format. The overall estimate are:

Bf = B +6Bf, BX=BX
@Z(—)G _ (I)KHG + 6‘I)£<—>G (I)gHR _ @i(—)R

(13)
(14)

9

D. The PPA Model

For PPA estimation, the area is the sum of the global buffer
area, register file areas, and PE areas. The power estimate con-
sists of those associated with PEs and memory (DRAM, global
buffer, and register file) access. The PE power is the product
between the total number of MAC (Multiply and Accumulate)
operations and the power per MAC operation. For the sparsity
pattern of the binomial distribution, the average case traffic
estimate is employed in the power model, and the worst case
traffic estimate is used in the inference latency model. The
memory access power is the product between data traffic ®a
from our estimate and the power per access from lookup tables.
The power estimate of memory access at different levels and
MAC operations can be found in [12], [16]. The total latency
is estimated by the total number of MAC operations divided by
the number of PEs. The global buffer size is sufficiently large,
so the PE array can be continuously fed with data without
waiting for DRAM access. As such, the inference latency is
dominated by the latency of PE computations.

In addition, we perform three adjustments. (1) Small constant
PPA overhead is added for the circuits decoding/encoding the
sparse data representation. (2) If gating is applied, the power
associated with PEs in the baseline estimate is scaled down by
an empirical factor. (3) If skipping is employed, PE power and
inference latency are scaled down similarly.

V. DIMO-SPARSE: OPTIMIZATION

The differentiable PPA model described in Section IV is
integrated into the optimization framework [12] with two re-
markable enhancements. First, our DiMO-Sparse optimization
supports sparse CNN dataflow and hardware architecture, while
the work of [12] is restricted to dense CNN computations.
Second, the optimization of [12] is for individual CNN layers,

while our DiMO-Sparse can optimize for an entire CNN. Our
optimization includes three parts: (1) continuous optimization,
(2) massively parallel discretization, and (3) network-wise
optimization.

A. Continuous Optimization

A key ingredient in this part is to separate the decision
variables and describe the PPA models in a matrix-vector
product form using the Ln-Exp trick [12]. For example, a buffer
size can be expressed as

Bl=s"-Q u (15)
where s is the selection variable vector, @ is the query matrix
and wu is the vector of tile boundary variables. @ is a 0-1
constant matrix with each row corresponding to one choice of
buffering level, loop order, etc. The rows of @ are pre-generated
offline through enumeration. Since the number of loop levels is
limited and a divide-and-conquer strategy [12] is applied, the
number of rows in  does not explode. s is a 0-1 variable
vector for selecting a row in Q.

The problem in Section III involves relaxed decision vari-
ables in selection vectors s and loop tile boundary vectors
w, which allows fractional values. This non-linear program-
ming problem can be solved using off-the-shelf solvers. Please
note our differentiable models play a critical role in allowing
gradient-based search to efficiently find high-quality solutions.
Using the matrix-vector product form, we leverage deep learn-
ing toolkits like PyTorch for quick solutions. In PyTorch, the
objective function from Section III becomes the loss function
and solves it by CNN training. The tradeoff among latency,
power, and area is managed through multi-task learning [22].
B. Massively Parallel Discretization

The fractional solution obtained from the non-linear pro-
gramming is discretized into integer solutions. For the selection
vector s solutions, we find the entries with top & maximum
values and keep only the rows in @ corresponding to these k
entries to have a reduced query matrix Q. For a fractional tile
boundary solution u, we enumerate its nearby integer solutions,
which form a constant solution matrix U. Then, numerous
buffer size solutions can be simultaneously searched in the form

B, =Q"-U (16)
where BZ is a vector of integer solutions, from which we can
pick the best solution.

C. Network-wise Optimization

The network-wise optimization consists of two phases. In
Phase 1, each individual layer of a given CNN is optimized
separately using the optimization method described in Sec-
tions V-A and V-B. Then, the maximum hardware resource
values, including global buffer size, the PE array size, and
register file size, among all layers and the corresponding SAFs,
are identified and will be used as constraints in Phase 2. In
Phase 2, dataflow optimization is performed for all layers under
the hardware and SAF constraints.

VI. EVALUATION

We evaluate DiMO-Sparse on three well-known CNN work-
loads: VGG16, ResNetl8, and AlexNet. It is implemented in
Python and can run on CPUs or GPUs. For a fair comparison
with SparseLoop, all experiments are conducted on one core
of an AMD Ryzen Threadripper 1920X 12-Core Processor.



SparseLoop is a widely recognized model for sparse CNN
hardware but is not differentiable. It includes a primitive
optimizer based on random search, the only previous work on
automatic optimization of dataflow and hardware architecture
for sparse CNN computation. SparseLoop also has an optimizer
based on exhaustive search, but it is impractical due to its long
runtime (more than three days per CNN layer). Sections VI-A,
VI-B , and VI-C use sparsity ratio of 10% of non-zero values
for both weight and input arrays.

A. DIMO-Sparse Model Accuracy

DiMO-Sparse is compared with SparseLoop on over 1000
legal solutions of dataflow and hardware architectures in two
sparsity patterns with various SAFs. Results in Tables I and
II show average relative error and RMSE. The RF and GB
sizes are measured by the size required to store non-zero
values. The overhead is extra storage space required for sparse
data representation. The power and latency are measured as
total power and maximum latency per solution. DiMO-Sparse
closely matches SparseL.oop estimates on RF size, GB size, and
inference latency. Errors on power and sparse data representa-
tion overhead estimates are at most 3%. And DiMO-Sparse
achieves a 20K speedup over SparseLoop.

Table 1
DIMO-SPARSE MODEL ERROR VS. SPARSELOOP FOR FIXED-DENSITY
PATTERN.
RF Size | GB Size | Overhead | Power | Latency
Ave Err 0% 0% 0.1% 0.1% 0%
RMSE 0% 0% 1% 1% 0%
Table II

DIMO-SPARSE MODEL ERROR VS. SPARSELOOP FOR BINOMIAL
DISTRIBUTION PATTERN.

RF Size | GB Size | Overhead | Power | Latency
Ave Err 0% 0% 3% 0.3% 0%
RMSE 0% 0% 1.6% 0.6% 0%

B. Layer-wise Dataflow Optimization with Fixed Hardware

In this experiment, we evaluate the effectiveness of our
DiMO-Sparse for per-layer dataflow optimization with fixed
hardware architectures. The hardware architecture designs in-
clude global buffer size, PE array size, register file size, RLE
for sparse data representation, and gating for the SAF. Dataflow
optimization focuses on loop order and tiling, benefiting CNN
accelerators’ compiler designs.

Figures 2 and 3 show the normalized results for the fixed-
density pattern and binomial distribution pattern, respectively.
The results represent the average among all layers of each
network. It’s important to note that all latency and power results
are based on the SparseLoop model despite our DiMO-Sparse
optimization being guided by our DiMO-Sparse model. As
the hardware resources are fixed in this experiment, both the
SparseLoop optimizer and our DiMO-Sparse optimizer utilize
the same hardware area. The comparison clearly demonstrates
that our DiMO-Sparse optimization outperforms SparseL.oop
optimization across all workloads in terms of inference latency,
power consumption, and optimization runtime. For example, for
VGG16 with the fixed-density pattern, DiMO-Sparse achieves
77% reduction in power consumption, 57% decrease in in-
ference latency, and 6.3x speedup in optimization runtime
compared to SparseLoop optimization. For ResNetl8 with
the binomial distribution pattern, DiMO-Sparse obtains 77%
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Figure 2. Dataflow optimization with fixed-density pattern.
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Figure 3. Dataflow optimization with binomial distribution pattern.

reduction in power consumption, a 41% decrease in inference
latency, and a notable 6x reduction in optimization runtime.

C. Network-wise Optimization of Hardware Architecture and
Dataflow

In this experiment, we jointly optimize hardware architecture
and dataflow for entire CNNs with fixed SAFs (RLE and
gating) for application-specific CNN hardware design with
consideration of optimized dataflow mapping.
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Figure 4. Network-wise optimization of hardware architecture and dataflow
with fixed-density pattern.

ResNetl8 VGG16 AlexNet
Opti]r_r_]izalion y ] g . I g a0 - I ﬂ A
me o X
72
Arca {14 i [ E
Inf
E:l:lcye B0 Bl 5 5 e 5 >
Power [kl 7 e 4 7 e 5 o

012345678 01234567890 1 2 3 4 5
m DiMO-Sparse ® SparseLoop

Figure 5. Network-wise optimization of hardware architecture and dataflow
with binomial distribution pattern.

Figure 4 shows the normalized results for the fixed-density
pattern. PPA estimations of optimization results are based on
the SparseLoop model. DiIMO-Sparse outperforms SparseLoop
optimization with 75% lower power consumption, 77% reduced
inference latency, 23% area reduction, and 6x faster optimiza-
tion runtime for ResNet18.

Similarly, Figure 5 illustrates the normalized results for the
binomial distribution pattern. DiMO-Sparse attains remarkable
advantages over SparseL.oop. For VGG16, it achieves an im-
pressive 78% reduction in power consumption, 74% decrease



in inference latency, and a remarkable 8x reduction in opti-
mization runtime with the same area.

D. Dataflow, Hardware Architecture, and SAF Co-optimization

In this part of the experiment, we evaluate network-wise
DiMO-Sparse for simultaneous dataflow, hardware architecture,
and SAF optimization. The sparse ratio is the same for weight
and input arrays. SparseLoop optimizer does not support SAF
optimization, and its model has limited support for evaluating a
variety of SAFs. Therefore, we compare the following variants
of DiMO-Sparse applications, and the PPA results are calcu-
lated using our DiMO-Sparse model, whose accuracy has been
validated in Section VI-A.

o SAF_1: DiMO-Sparse optimization of dataflow and hard-
ware architecture with CSR data format and skipping.

o SAF_2: DiMO-Sparse optimization of dataflow and hard-
ware architecture with CSR data format and gating.

e SAF_1_2: DiMO-Sparse optimization of dataflow and
hardware architecture, with simultaneous selection be-
tween SAF_1 and SAF_2.

o SAF_AIll: DiMO-Sparse optimization of dataflow and
hardware architecture, with simultaneous SAF selection
among all SAF options.

For the SAF_1_2 and SAF_AII results, all layers of a network
share the same SAF.
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Figure 6. Network-wise DiMO-Sparse optimization of dataflow, hardware
architecture, and SAFs. The X-axis represents the ratio of non-zero values.
Figure 6 plots the normalized PPA results of these variants
for different binomial distribution probabilities. The PPA here
is the product of power, inference latency, and area. SAF_1
produces inferior solutions when the probability of non-zero
elements is high. This is because the high density of non-
zero elements allows very little latency/power reduction while
the overhead of skipping becomes conspicuous. SAF_2 is not
good at handling the case with low probability because gating
does not reduce latency, which can be largely decreased by
skipping. SAF_1_2 achieves an average of 1.3x and 1.9x PPA
improvement compared to SAF_1 and SAF_2, respectively.

SAF_AIl consistently outperforms all the other variants in
all cases. SAF_AIIl achieves an average of 2x and 3x PPA
improvement compared to SAF_1 and SAF_2, respectively.
VII. CONCLUSIONS

Sparse CNN hardware computation offers a big boost in
performance, power, and area (PPA), but current methods to
harness this potential are manual. We introduce DiMO-Sparse,
the first differentiable PPA model for sparse CNN hardware
and dataflow design. It also includes an efficient technique
for optimizing dataflow, architecture, and sparsity acceleration
features. Our experiments show that DiMO-Sparse outperforms
previous work by 10x times in PPA with faster runtime.
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