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Abstract— The external memory I/O bandwidth is the most
common performance bottleneck for Convolutional Neural
Network(CNN) inference accelerators. On the other hand,
performance is also affected by many other factors such
as the on-chip memory size and data scheduling strategies,
making it difficult to identify the root cause of performance
degradation. This paper proposes an improved roofline model
specifically for the CNN accelerator, which provides a deep
understanding of the bandwidth bottlenecks and points out the
direction of optimization. Previous roofline models have focused
on modeling and optimizing each layer, while neglecting some
high-level optimizations (e.g. layer fusion and batch processing)
that alleviate the bandwidth requirements. However, the uneven
cross-layer bandwidth requirements can have a significant
impact on the overall performance, and the combination of
independently optimized layers does not necessarily result in
an overall optimal solution. Our model is capable of modeling
more complex data scheduling strategies and enables a larger
design space than previous roofline models. We use the Xilinx
CNN accelerator on ZU9 FPGA as an example for quantitative
analysis and optimization. We apply the optimization method
derived from the improved roofline model to the original
design and ultimately achieve a 1.6x performance improvement.
The derived optimization method effectively solves the severe
temporary bandwidth overload problem in the original design
that leads to the computational inefficiency.
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I. INTRODUCTION
Convolutional Neural Network(CNN)[1] inference accelerator has become a research hotspot, as the customized hardware and software co-optimization shows great advantages
over general-purpose processors. A critical issue in many
CNN accelerators is the external memory I/O bandwidth
bottleneck, i.e. the bandwidth is not well matched to the computing power. In fact, many factors affect the performance,
such as on-chip memory size, data scheduling strategies, and
the characteristics of the workloads, making it difficult to
identify the root cause of the performance degradation and
the directions for improvement in architecture.
Once the bandwidth bottlenecks occur, increasing the I/O
bandwidth or the on-chip memory size can be very costly.
On the other hand, the CNN workloads typically have uneven bandwidth requirements across layers, as Fig.1 shows.
Some layers are I/O bounded, while others are wasting the
bandwidth. This provides architects with the opportunity
to smooth out the I/O bandwidth requirements along the
timeline if modeled well.
To address this problem, this paper presents an improved
CNN roofline model. This work provides a deeper perspective than previous roofline model studies and allows us to

Fig. 1.

The uneven bandwidth requirements across CNN layers.

model more complex data scheduling strategies.
First, in some previous studies, the roofline model is used
to explore the optimal solution in the design space. Previous
models have focused on the unrolling and tiling strategies for
each layer[2][3][4][5]. Zhang et al.[2] uses a roofline model
for the accelerator design exploration and attempts to find the
best design for each layer in the design space. The model
considers feature map reuse between tiles of one layer while
ignoring the feature map reuse and the parameters reuse
between layers. Furthermore, the combination of optimal designs for each layer does not necessarily lead to the optimal
design for the entire model, as there are many effective interlayer optimization techniques that can significantly improve
the overall performance[6][7][8]. FINN-R[9] also provides
an analysis of roofline models for typical CNN workloads
with different data precisions on the same hardware platform.
However, the roofline model is also simplified to two cases:
1) the parameters are stored entirely on-chip, and 2) the
parameters are stored entirely off-chip.
Second, some AI benchmarks also use the roofline model
for performance analysis. For example, QuTiBench[10] defines the benchmarks at multiple levels, including the architecture level and system level, and uses a roofline model for
analysis. However, it has the assumption that all parameters
are stored off-chip and all intermediate results are stored
on-chip. In fact, in most practical cases, the parameters and
feature maps are partially stored on-chip due to the on-chip
memory space constraints. Therefore, data scheduling and
reuse strategies are essential in order to reduce the external
memory traffic that is limited by the I/O bandwidth.
Our improved roofline model is capable of modeling
feature maps and parameters reuse, where the data can be
stored on-chip partially as well as loaded on-chip multiple
times. Batch processing and layer fusion are also considered
to reflect the actual accelerator implementation. As a result,
the achievable Computation to Communication Ratio(CCR)
can be much higher than the previous CNN roofline model
works, which leads to a larger design search space, as Fig.2
shows.

Fig. 2.

The improved roofline model enables larger design space.

The main contributions of this paper are as follows:
• We propose an improved roofline model specifically for
CNN, which is capable of modeling more complex data
reuse strategies and enables a larger design space than
previous models.
• We provide insight into the I/O bottleneck problem, analyze the imbalance in bandwidth requirements and onchip memory requirements of a typical CNN workload,
and propose a solution.
• We optimize an existing accelerator using insights derived from the improved roofline model, achieving a
1.6x performance improvement.
The rest of this paper is organized as follows: Section II
introduces the background, Section III presents our improved
CNN roofline model, Section IV shows the quantitative
analysis and optimization of a typical CNN accelerator as
well as the experiment results, and Section V concludes the
paper.
II. BACKGROUND
A. CNN Accelerators
CNN inference is the feed-forward propagation of input
images across layers[8], which imposes stringent requirements on the computing platform. Compared to CPUs and
GPUs, FPGA and ASIC based CNN accelerators show great
advantages in terms of performance, power efficiency, and
cost. A famous work is the TPU designed by Google[11].
Surveys such as [8][12][13] investigate the current state of
the accelerators and summarize the main techniques used.
A typical CNN accelerator structure is shown in [12].
A two-level memory hierarchy with external memory and
on-chip RAM is widely used in the accelerator designs.
The on-chip memory is usually divided into buffers for
different purposes, such as for storing parameters, input data,
intermediate data, and output data. These buffers can also
be combined. Given a fixed architecture, the parameters and
the feature maps may be larger or smaller than the onchip memory size, so different data scheduling strategies are
required.
B. Roofline Model
The roofline model[14] is a visual performance model used
to provide performance estimates for the application running

on the processor architecture. In Fig.2, there are two types
of roofs: the computational roof that is limited by resource,
power, and frequency; and the I/O bandwidth roof that is
limited by memory hardware and access patterns.
CCR is the number of operations that can be performed
per unit size of external memory access. CCR is determined
by many factors: model attributes, batch number, computing
engine architecture, etc. For a CNN accelerator, a higher
CCR means it is more likely to achieve the computation
bound. Increasing CCR reduces access to external memory
and significantly saves energy[12]. Loop unrolling and tiling
are effective techniques to increase CCR. [2] explores the
design space by traversing all the possible loop tiling sizes
and loop orders for different layers. For the cross-layer
optimization, it selects an optimal unified strategy for the
overall model. [3] introduces a revised roofline model for
CNN that takes into account the batch parallelism. However,
to the best of our knowledge, none of the previous roofline
model studies have considered layer fusion which has a
significant impact on CCR.
III. THE IMPROVED ROOFLINE MODEL FOR CNN
ACCELERATORS
In this section, we introduce the improved roofline model
for CNN accelerators. We use computing efficiency to evaluate the behavior of the accelerator on different tasks as
Equation (1) shows, which indicates whether the accelerator
architecture is reasonable for a given constraint.
M easuredP erf ormance
P eakP erf ormance
(1)
Building a large computing engine to achieve high theoretical peak performance may be easy, whereas achieving
high computing efficiency (i.e. high measured performance)
is much more difficult, as the latter is affected by many
factors.
Given the characteristics of the accelerator and the CNN
workload, the CCR of a N -Layer CNN model can be further
expressed as Equation (2). Oi is the arithmetic complexity
of the i-th layer, i.e. the number of multiplication and
addition operations. The external data access quantity for
the i-th layer consists of 3 components: input data size Di ,
which includes input model parameters and input feature
maps; intermediate data size Fmid i , which is the size of the
temporary external data exchange during the computation of
the i-th layer; output data size Fout i , which is the size of
the output feature map.
ComputingEf f iciency =

NP
−1

CCR =

Oi

i=0

(2)

NP
−1

(Di + Fmid i + Fout i )

i=0

Di = αi · Fin i + βi ·

Pi
Bi

(3)

Fig. 3.

The data flow of CNN inference: (a) Basic flow (b) Fmid i = 0 and no layer fusion (c) Full layer fusion (d) Full layer fusion and Bi = +∞

For Di , we further express it as Equation (3). Fin i and
Pi are the corresponding size of input feature maps and
parameters. The coefficients αi and βi are the number of
repetitions of loading the input feature maps and parameters
data from external memory. Bi is the number of input
feature maps that share the same set of on-chip parameters
and can be thought of as the batch size processed by the
accelerator. A special case is if the on-chip parameter buffer
of the accelerator is large enough to permanently store all
the parameters of this layer, which we can consider as
Bi = +∞, i.e. an infinite number of inputs share the same
set of parameters. Fig.3(a) shows the basic data flow executed
by the CNN accelerator.
Now consider an accelerator with the on-chip feature map
buffer size of SF B and on-chip parameter buffer size of SP B ,
we define two new symbols kf i and kp i as Equation (4)
and (5) to represent the minimum number of tiles for feature
maps and parameters respectively.
kf

i

Fin i
= ceil(
)
SF B

maximum Di among all possible implementations of a given
layer. However, DEM i is meaningful for narrowing down
the range of CCR as it represents an easy-to-implement
strategy that is not optimal but is effective.
DEM i = max(DP SS i , DF SS i )

We now define CCREL as the empirical lower bound
of CCR in Equation (9). For CCREL , we assume that
the CNN model is computed layer-by-layer without fusion
of convolution layers and Di = DEM i . Moreover, the
parameters are assumed to be tiled in the direction of the
output channel (which makes Fmid i = 0). The data flow is
shown in Fig.3(b).
NP
−1

CCREL =

Oi

i=0

(9)

NP
−1

(DEM i + Fout i )

i=0

(4)

Pi
)
(5)
SP B
A common data scheduling strategy used in CNN accelerators is parameter stationary, where αi = kp i and βi = 1,
i.e. Fin i is loaded from external memory kp i times and Pi
is loaded once. We define Di in parameter stationary strategy
as DP SS i in Equation (6).
kp i = ceil(

CCREU is defined as the empirical upper bound of CCR
in Equation (10). The case for CCREU is assumed to be
optimal: all layers are fused. Fig.3(c) shows this case and
Fig.3(d) shows the special case of Bi = +∞.
NP
−1

CCREU =

Oi

i=0

Fin 0 + Fout (N −1) +

NP
−1
i=0

DP SS i = Di (αi = kp i , βi = 1)

(6)

Similar is the feature map stationary strategy, where αi =
1, βi = kf i . We define Di in feature map stationary strategy
as DF SS i in Equation (7).
DF SS i = Di (αi = 1, βi = kf i )

(8)

(10)

Pi
(B
)
i

Additionally, we define CCRT in Equation (11) to represent the CCR value at the ridge point[14] of the roofline,
where f is the frequency at which the MAC units operate, M
is the number of MAC units, and BWmax is the achievable
peak bandwidth of external memory.

(7)

DEM i is defined as the empirical maximum value of Di
in Equation (8). In the practical scenarios, mixed strategies
of parameter stationary and feature map stationary can be
used with various tiling methods, resulting in different αi ,
βi , and Di values. Therefore, the DEM i is not the theoretical

CCRT =

P eak P erf ormance
f ·M ·2
=
P eak Bandwidth
BWmax

(11)

Obviously, CCRT is just a property of the hardware,
which is the boundary between the I/O bounded region and
the computation bounded region.
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IV. CNN ACCELERATOR OPTIMIZATION WITH
IMPROVED ROOFLINE MODEL
In this section we choose an FPGA based CNN acceleration example system from Xilinx for analysis and
optimization. The hardware specification of the system[15]
is as follows:
•

•
•

Device: Xilinx Zynq Ultrascale ZU9
Accelerator IP Core: DPU-B4096
– Frequency: 287MHz
– MACs: 2048
– Feature Map Buffer Size: 512KB
– Parameter Buffer Size: 512KB
– Quantization Format: INT8
– Hardware Batch Size: 1
Total Accelerator Core Number: 3
System DDR Bandwidth: 19.2 GB/s
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We choose ResNet-50 with an input shape of 224 ∗ 224 ∗ 3
as the target CNN workload. This example system integrates
three independent B4096 cores, each containing a private
set of on-chip buffers for storing the feature maps and
parameters, with no parameter sharing scheme between the
cores. The peak performance of the system is 3.53 TOPS.
Assuming the maximum external DDR access efficiency is
90%, then we can get BWmax = 17.28GB/s and CCRT =
204.
For the Xilinx B4096 cores, the tiling of parameters is
always in the direction of output channels, so there is no
intermediate state data exchange between accelerator and
external memory, i.e. F Mmid i = 0 (i = 0, .., N − 1).
According to Equation(4) and (5), we can get the kf
and kp of ResNet-50 layers on the accelerator, as Fig.4(a)
shows. Fig.4(a) also shows the uneven requirement on the
on-chip memory across the layers. Most layers have kf
equal to 1, which means that the feature map buffer of
512KB is sufficient for the ResNet-50 model. However, as
the input image resolution increases, the 512KB feature map
buffer may not be sufficient and kf increases accordingly. In
contrast, kp is not affected by the input image resolution. It
can be observed that the 512KB parameter buffer is smaller
than the parameter size of most of the layers in the second
half of ResNet-50.
With these specifications, the empirical lower bound
CCREL and empirical upper bound CCREU can be derived.
NP
−1
On the other hand, the actual values of
Di and
NP
−1

4

Fout i can be measured. Thus the actual CCR of the

example system can be calculated, which falls in the range of
empirical lower and upper bounds of CCR and is consistent
with the theoretical model, as shown in Table I.
The measured throughput on the example system is 163.4
images/sec. Thus the measured performance is 1.26 TOPS
and the computing efficiency is 35.7%. Although the actual
CCR is quite close to CCRT , the measured efficiency is
lower than expected.

CCR

•
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Fig. 4. (a) The uneven kf and kp across ResNet-50 Convolution layers.
(b) The uneven CCR across ResNet-50 Convolution layers.
TABLE I
T HE CCR OF DPU-B4096 E XAMPLE S YSTEM
(R ES N ET-50 224 X 224, B = 1 )
CCRT

CCREL

CCREU

204

158

301

Actual
CCR
192

Considering fixed resource of hardware MAC units, onchip buffer, and external memory bandwidth, an increase in
performance means an increase in computing efficiency. In
order to improve the performance, we need to optimize the
architecture and improve the data scheduling strategies.
We will explore some root causes for the low computing efficiency from the perspective of bandwidth and
CCR. Fig.4(b) shows the CCR distribution of the convolution layers in ResNet-50, assuming that the on-chip buffer
is large enough for each layer and no tiling strategy is
needed(Fmid = 0, α = 1, β = 1, B = 1). Even in this
ideal case, most layers have CCR values less than CCRT ,
while other have CCR values much higher than CCRT . We
can expect that when calculating the low CCR layers, there
will be significant short-time DDR bandwidth requirements
that may exceed the system I/O capacity and pause the
hardware processing pipeline. This will result in significant
performance degradation. Whereas, when computing the
high CCR layers, there is almost no pressure on external
memory bandwidth which is quite wasteful. This uneven
distribution of CCR across layers brings about uneven use

of external memory bandwidth, which can cause temporary
bandwidth overload problems and ultimately hurt the overall
performance.
The improved roofline model can help us predict where
the temporary bandwidth overloads will occur and how much
they will be. Layer fusion is one of the effective techniques
to solve the problem. However, there could be plenty of layer
fusion opportunities for deep CNN models. As our roofline
analysis shows, the layers with lower CCR than CCRT
should be highlighted and prioritized. Our first-priority goal
is to minimize the size of the external data transfer for
specific parts of the model, not the overall external data
transfer size.
Suppose there are several layers named layer-0,1,2,3. Let’s
consider the cases of fusion of neighboring layers.
1) Firstly let’s look at the case that a high CCR
layer(layer-0) is followed by a low CCR layer(layer-1).
Two data reuse schemes can be used. The first one is the
output feature map reuse, i.e reduce both Fout 0 and Fin 1 ,
which is the common case of layer fusion. The second one
is prefetching, i.e. prefetching P1 or Fin 1 when computing
layer-0. As a result, the bandwidth requirement across layer0 and layer-1 is smoothed.
2) The second case where a low CCR layer(layer-2) is
followed by a high CCR(layer-3) layer is more complex. In
most practical cases, D is the dominant component of the
data transactions, so CCR of layer-3 does not benefit much
from the reuse of Fout 3 . The solution to this problem is to
slice layer-3 and layer-4 and execute them in an interleaved
style. Then the two schemes in the previous case can be used
again.
3) For the case where both the two neighboring layers
are low CCR layers, the only option for fusion is to reuse
output feature map between the two layers. Batch processing
is another option in such layers, if the overall latency can
meet the requirement. Increasing B has a clear positive effect
on such low CCR layers.
From the perspective of the CNN roofline model, we
need to increase the realized CCR as much as possible
(within the allowed latency), even if it is already greater
than CCRT . While a higher CCR does not necessarily
lead to higher performance once the computation bounded
region is reached, it gives us more opportunities to hide the
memory access time and the non-convolutional computation
time(e.g. pooling, element-wise, reshape, etc.) behind the
convolutional computation time, and it will be easier for the
data scheduling strategies to achieve higher performance.
Based on the guidance of the improved roofline model,
we designed a Layer Fusion and Parameters Sharing(LFPS)
optimization scheme based on the original B4096 DPU
design, as Fig.5 shows. Both microarchitecture and data
scheduling strategy are optimized.
We fused more than half of the low CCR layers and
increased the batch size to 3(B = 3). As shown in
Fig.4(a), although the sizes of the feature map buffer and
the parameter buffer are the same, the feature map and
parameters have different requirements for on-chip memory.

Fig. 5.

The DPU optimized with LFPS .

To solve this problem, the parameter buffers of the original
three independent cores are combined into a unified shared
parameter buffer, which is three times the size of the original
standalone buffer. As a result, the kp per layer in ResNet50 is significantly reduced, which also helps to increase
the CCR. In this LFPS optimization scheme, the original
three independent DPU cores become three synchronous
processing engines sharing the same parameter buffer.
As a contrast, we also tried the Cross-Layer Optimization
(CLO)[2] approach on the original design. CLO is derived
from the previous roofline model, which mainly focuses
on exploring all the possible loop tiling sizes and loop
orders. CLO searches for the optimal tiling strategy for
each convolutional layer. In order to be hardware friendly, a
uniform unrolling strategy across different layers is required
to fix the hardware parallelism. The global uniform solution
is found by enumerating all legal solutions. The data sharing
between adjacent tiles is considered, and there is no layer
fusion.
We list the final performance data for the original design,
the LFPS-optimized design and the CLO-optimized design
in Table.II and Fig.6. Note that the theoretical peak performance, DDR bandwidth, and on-chip memory size are the
same for all three accelerator designs. It can be observed that
the CLO-optimized version has a larger external data transfer
size and lower CCR than the original DPU design, thus
resulting in lower performance than the original one. This
is reasonable since the original DPU version has adopted
the layer fusion strategy for some of the layers, which can
NP
−1
be derived by comparing the size of
Fout i with that
i=0

of the unfused ResNet-50 layers. However, the global unroll
parallelism found by CLO outperforms the original version,
reducing the overall convolution computing time by about
10%.
The LFPS-optimized version shows significant advantages
over both the original and CLO versions. Compared to the
CLO version, the CCR increases by 2.6x and the performance increases by 1.6x in the LFPS-optimized version. This
is an expected result, because while CLO can find an optimal
global unroll strategy to minimize the sum of the executing
time for each layer, it is limited by the simplified roofline
model and cannot search in the larger design space that can
be covered by LFPS.

TABLE II
O PTIMIZING CNN ACCELERATOR WITH ROOFLINE M ODEL

Optimizations

NP
−1

Di

i=0

ACKNOWLEDGMENT
Fout i

CCR

(Bytes)
5.21E+6
1.07E+7
4.48E+6

Computing
Efficiency

192
166
433

35.7%
34.6%
57.3%

i=0

(Bytes)
3.52E+7
3.59E+7
1.34E+7

Original
CLO
LFPS

NP
−1

100%
CCRT=204

3.0
2.5

1.5
1.0

75%
LFPS
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57.3%
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Fig. 6. The optimizations on DPU@ZU9 (workload: ResNet-50, 224x224).

V. CONCLUSIONS
In this paper, we propose an improved roofline model for
CNN accelerators to address the performance degradation
caused by memory bandwidth bottlenecks. Unlike previous
studies that primarily focused on the modeling and optimizing each layer, our improved roofline model is capable of
modeling more complex data reuse strategies and enables a
larger design space.
We extend the expression of the computation to communication ratio (CCR) for CNN workloads in the roofline
model. Several definitions are used to describe the effect of
single-layer data scheduling strategies and the on-chip buffer
sizes, while others are used to describe the layer fusion
strategy and batch processing. Furthermore, we derive the
empirical lower and upper bounds for CCR.
We perform a quantitative analysis using the Xilinx CNN
accelerator on ZU9 FPGA as an example. Our improved
roofline model provides a deeper understanding of bandwidth
bottlenecks and points the way to optimization. Although the
original implementation is close to the computation bounded
region, we observe the uneven requirements across the layers
on both external bandwidth and on-chip memory by CCR,
kf , and kp . The severe temporary bandwidth overloads lead
to computational inefficiencies.
We derive the LFPS optimization method from the improved roofline model, which provides a significant performance improvement over the original design as well as the
CLO-optimized version. The CLO-optimized is limited by
the design search space, resulting in a slight performance
degradation compared to the original design, while the LFPS
version improved the performance by 1.6x with the same
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