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This paper presents an approach to exploit Machine Learning (ML) to accurately and efficiently predict power+
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the final design's power consumption is within the reasonable margins of the given constraints. This is done by
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from gate-level netlists in order to estimate the design’s “internal”, “switching”, “leakage”, and “total” powers. Four
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JPower consumption remains a main challenge in the design of digital electronics. Every new generation of+
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microelectronic products needs to meet more strict power requirements to remain competitive in the market. Power \ \
management has become more crucial with the rise of data centers, Internet of Things (IoT) devices, and personal ~ \ \ Formatted:
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smart devices. Consumers desire long lasting batteries and low power bills, so designers attempt to keep power
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leakage power drastically increases. The scaling issue only worsens as designers incorporate sub-7nm technology.
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computing time to optimize critical constraints such as power. Consequently, power has come to the forefront of the
issues. It has also become more critical than ever to predict a design’s power usage early in the design cycle and at the
higher levels of abstraction.

High-level synthesis (HLS) is the process of automatically synthesizing a design at the register transfer level
of abstraction (RTL) from a behavioral description that models its desired behavior. Logic Synthesis that follows HLS,
takes the design to a lower level of abstraction. Logic Synthesis is the process of automatically synthesizing a design
at the gate level of abstraction from an RTL design. The HLS optimization process relies on estimating a
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configuration’s performance to achieve the most optimal design [1], Therefore, HLS tools can benefit from efficient [ Formatted: Font:

estimation techniques to quickly predict a design’s power consumption.

In recent years, machine learning has gained popularity in the electronic design automation (EDA) field. For

instance, it has been proven successful in selecting design constrains in logic synthesis and physical design [2], in pre-

routing timing prediction [3], in predicting formal verification resources [4], or in predicting the cost for moving data
between memory/storage units [5]. These experiments make machine learning appear as a promising tool to solve
synthesis problems or to optimize synthesis flows. Machine learning determines properties and trends from a large set \
of samplesample (training) data to infer the same type of properties and trends for a new set of data, and it is highly
versatile in its application. In addition, machine learning is accessible from open-source packages and has a relatively
low computing cost once a model has been configured. However, new ways are still being discovered to integrate
machine learning into high-level design and synthesis processes.

In what follows, we explore how machine learning can be employed to predict a design’s power consumption
early in the design cycle and at the higher levels of abstraction. In our experiments we used small to medium size
designs from a library of behavioral Verilog models (behavioral descriptions expressed in Verilog hardware
description language) during the training process. The features of each behavioral description are extracted, then the
design is synthesized, and finally the power usage of the resulting synthesized netlist is measured and recorded. Given
anew behavioral description, our machine learning models can extract its features and predict the power consumption
of the final synthesized designs with reasonable accuracy. This helps eliminate design solutions that would not meet
the power constraints without investing time and resources in synthesis processes that are certain to fail due to strict
power budgets.

We used four different machine learning models and three different technology libraries. Design features
were extracted from several gate-level netlists synthesized from a relatively large and diverse set of benchmarks. In

addition, the power consumption of each design was computed by PrimeTime [6], the timing and power analysis tool

from the Synopsys Suite of design tools [7]. The design features and power consumption values of a large subset of I

high-level designs were provided to the ML models during the learning phase, while the designs in the remaining
smaller subset (not seen by the ML models) were used to evaluate the accuracy of these models in predicting power
consumption of the designs after the learning phase. To have a meaningful comparison, the exact same training and
testing design sets were used across all four models. Our experiments confirmed that ML can be effectively employed
for predicting power consumption of synthesized digital systems.

This approach is discussed in depth in the following sections. The organization of the paper is as follows: (1)
an explanation on the significance of this research, (2) a survey of related research, (3) a detailed procedure of our
methodology, (4) a summary of our findings, and (5) an elaborate discussion of our findings.
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Motivation

A

Predicting power consumption accurately has great value, and can be applied to optimize processes in different stages
in the design cycle. The significant added benefit and the contribution of a machine learning approach to power
estimation is on developing a knowledge-base that directly relates design features to power cost. Each generation of
designs learn from previous design experiences, and contributes to the future ones, hence, continuously enhancing the
knowledge and refining the accuracy of predictions.

A
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1. In many development groups the front-end and back-end work are done independently. Synthesis begins int. /[ Formatted: Font: NimbusRomNo9L

the back-end only when the design work in the front-end is near complete. Learning that the design \\{ Formatted: Justified

implementation fails to meet its power budget after synthesis is too costly. At this point, it is too late and
too hard to change high-level design decisions that impact power. Such a failure will directly affect the
time-to-market of the product. As a contribution of the approach presented in this paper, the power analysis
knowledge from back-end can be brought into front-end and be used for guiding design decisions.

Using our ML approach, throughout the front-end development phase, designers can directly benefit+—— { Formatted: Justified, Indent: First line: 0.42"

from the previous learnings to actively evaluate the power cost of their design decisions. For example, a

designer can learn from the knowledge-base to flag early on that certain design constructs or certain design B
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decisions can lead to high power consumption in synthesized hardware. These constructs or decisions can y
then be avoided and prevent wasting precious time invested in synthesis and the need to iterate the design / { Formatted: Justified
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2. The ML power-estimation engine can also be used as part of the cost function of a high-level synthesis tool’ / 018"

to guide design space exploration and aid in synthesis decisions that lead to power optimal designs.
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significantly, they noted that netlist offers a high accuracy and ease of extraction from high level designs.
silicon methods have a higher accuracy in estimating power. However, they are impractical due the late access of post-
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power consumption from complex input features of large designs. In our research, we aimed to utilize the advantages
of non-linear machine learning models to predict power, but our modeling technique took a different analysis at RTL.
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number of the gates in the gate-level netlist of the design. Two different groupings of the gates were considered. One
Formatted: Font: NimbusRomNo9L

T Formatted: Justified

o A A 0 A

grouping is entirely based on functionality, and logic level properties such as gate fan-in. As an example, common
cell groups were inverters, buffers, and flip-flops. Different types of combinational gates were further divided into
subgroups based on their fan-in. In the second grouping, a mapping of the gates to the corresponding library cells is
used. The cells were divided based on their average leakage power in the cell library into several groups. Library
Compiler from Synopsys Suite was used to calculate the cell’s average leakage across each state. As leakage power
was the only power attribute to be extracted from the cell library, other power metrics were not considered for feature
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extraction. Gates were placed into one of the several groups on this basis. These design features extracted from the
gate-level netlist, together with the design’s power consumption values (internal, switching and leakage) extracted
from the power report, provided the training data to the ML model. These algorithms focus on producing results that
can correlate the design features and power values at higher levels of abstraction.
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Phase II: While analyzing the results presented above, it became clear that treating the three power components
(internal, switching and leakage) as the 3 outputs of the same model was not a good decision, as it did not allow the
ML tool to establish good correlations between design features and a particular component of the power, while the
total power was estimated more accurately in an independent model. Hence, a new set of experiments were performed
using three exact copies of our ML Model, each estimating one of the three power components. This significantly
improved the results, compared to multi-output components. Table 4 presents this separate experiment, when only one

Volume 11 Issue 2 (2022)

DI { Formatted: Justified

{ Formatted: Font: NimbusRomNo9L

power component (internal, switching, or leakage) was predicted in a single model. In this table we presented the
result for MLP model for 15 nm library. The results demonstrate that the accuracy of all power components
dramatically increased when they were predicted in individual models. We are optimistic, that our future research can
lead to more insight into differences in performance of various ML models in predicting power.
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Table 4. Error in Predicting Total Power Consumption in 15 nm Technology, using a Single Output ML Model
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The metrics shown in the results section are from various ML models testing on a set of data they had never seen

before. Having a train-test split of the data ensured that the ML models did not ‘remember’ the correct value from its
training process. In the initial experiments for developing the models, we started with a very high mean absolute
percent error. Over countless iterations and tweaks to the models, we were able to bring the over 1000% error down
to as low as 17.74%.

In the testing stage, total power was the most accurate value predicted compared to leakage, switching and
internal powers. We found that running the ML algorithms with only one label (output) leads to significantly more
accurate results compared to having three labels (outputs): internal, switching, and leakage powers.

The 90 nm and 45 nm technology libraries used in these experiments were real technology nodes, and the 15
nm library is an epen-senreeopen-source, library created solely for research and development purposes. Although the
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specific 45 nm library we used is also an epen-seureeopen-source library, it aligns with its generation.
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As a result of these experiments, we found that the elastic net, k-nearest neighbors, and ridge regression
models had the most accurate predictions in the 90 nm library, but they had significantly worse predictions in both the
45 nm and 15 nm libraries. Despite having the highest inaccuracy in the 90 nm library, the MLP had the best results
in the 15 nm library, at 31.26%. The 45 nm experimental results were not presented here, as they did not offer any
new findings.

When partitioning the models into groups to help the ML models interpret the data easier, we tested two
different methodologies. We first partitioned the cells into groups with similar functionalities, then into groups with
similar power consumption at the lower (library cell) level, and found that there was no significant statistical difference
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between the two grouping methodologies. However, there was significant difference in the accuracy of the model
depending on the number of groups that were considered.

In evaluating the data set, it was noted that most designs are small to medium size with lower power

consumption. This trend can be seen in Figure 3 and is a direct contributor to the error metric. These figures also show { Formatted: Font: NimbusRomNo9L

that the most efficient designs were most accurately predicted, while the least power efficient designs were predicted { Formatted: Font: NimbusRomNo9L

the worst. This can be attributed to the sporadic nature of switching power consumption. By introducing more data
points, the k-nearest neighbors would have less distance between each neighbor, therefore reducing how much it has
to approximate.

The symmetric mean absolute percentage error (SMAPE), mean absolute error (MAE), and mean squared
error (MSE) of the models were used to accurately compare the different machine learning algorithms. SMAPE was
used instead of the mean absolute percentage error (MAPE), to reduce the number of instances where the scoring
equation had to divide by zero. The model’s score could only return an error if both the true and predicted power
values are zero, and because nearly every circuit demgn consumes at least some power, this situation is a very rare

occasion. Using these metrics allowed us to score each model fairly and

accurately across each cell library, given that each library had dlfferent units of power. [ Formatted: Font: NimbusRomNo9L
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