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Abstract—This paper presents a novel methodology to auto-
matically construct power models for any RTL designs, which
accurately and quickly reports the power estimation during per-
formance simulation on the FPGA. First, important signals that
are most sensitive to power dissipation are selected by analyzing
the circuit graph of the target RTL design. Next, design-specific
activity-based power models are automatically and accurately
constructed and trained with the selected signals, the RTL signal
activities, and the power estimates from commercial CAD tools.
In addition, the FPGA performance simulators automatically
generated from RTL designs are automatically instrumented with
signal activity counters. Power dissipation is readily predicted
during performance simulation on the FPGA by reading out the
activity counter values. Finally, the power models are validated by
replaying random RTL state sample snapshots on detailed gate-
level simulation, which provides accurate power estimates with
statistically bounded errors. Automatic power model construction
is demonstrated with simple designs, which can be also used
for more complex designs including RocketChip, Hwacha, and
BOOM.

I. INTRODUCTION

Power dissipation has been a major design constraint not
only for embedded and portable systems but also for high-
end servers and datacenters. A plethora of design strategies
have been suggested to meet the power constraint while
achieving maximum performance. Thus, power estimation
methodologies are very important for the evaluation and the
validation of novel hardware designs. However, accurate and
fast application-specific power estimation for complex hard-
ware design is still a big challenge for system designers and
application developers, which will play a more crucial role in
the near future as Moore’s law is near the end.

Microarchitecture-level power analysis tools calibrated
against representative hardware designs are widely used by
computer architects [1], [2], [3], [4], [5]. These power models
need activity statistics driven from microarchitectural cycle-
level software simulators [6], [7], [8]. This approach helps
designers study trace-offs with design parameters in early
design phase without developing RTL designs. However, this
methodology is limited to designs that are similar to what
the abstract model is build upon, and requires long simulation
times to collect microarchitectural activities from microarchi-
tectural software simulators. Moreover, it is very hard to apply
this methodology to non-traditional hardware designs such as
application-specific accelerators as their power models should
be validated against RTL designs or existing systems.

Once RTL implementations are available, energy efficiency
as well as cycle time and area can be evaluated using commer-
cial CAD tools. The existing CAD tools provide very accurate
performance and power estimates. However, their simulation
time is extremely slow, preventing design space exporation for
realistic applications running on complex hardware designs.

This paper describes an automatic activity-based power
modeling methodology for arbitrary RTL, which enables fast
and accurate power estimation for any RTL designs. First,
signals, which determines the cycle behaviors of the target de-
sign, are automatically selected by analyzing the circuit graph.
Next, a design-specific activity power model is constructed and
trained in terms of the selected signal activities. In addition,
the target RTL design is automatically instrumented so that the
signal activities can be probed during performance simulation
on the FPGA. Finally, power dissipation is estimated in
real time by pausing the FPGA performance simulation and
reading out the signal activities from the FPGA.

II. RELATED WORK

Analytic power modeling [1], [2], [3], [4], [5] combined
with microarchitectural cycle-level software simulators [6],
[7], [8] is widely used for computer architecture research.
This enables early microarchitecture-level design space ex-
ploration without necessitating RTL development. However,
microarchitectural software simulators run much slower than
real systems, making full execution of applications infea-
sible. Moreover, for different microarchitectures with new
technologies, a new analytic power model is constructed and
strictly validated against real systems or detailed circuit / gate-
level simulations, which is very difficult for non-traditional
hardware designs.

Power modeling based on performance-monitoring counters
is also popular for power estimation [9], [10], [11], [12], [13],
[14]. This method provides a quick power estimate by profiling
full execution of applications. However, its application is also
limited to well-known microarchitectures. Moreover, it is only
practical with existing existing physical systems since standard
microarchitectural software simulators are extremely slow.

There are various attempts to build macro models in the
boundary of latches [15], [16], [17], [18]. This methodology
is less expensive than what the CAD tools do since the power
dissipation is expressed in terms of the input and output signals
of the macro blocks. However, this is still very expensive for



the FPGA simulation because there are a ton of macro blocks
in complex hardware designs.

There are significant efforts to accelerate power estimation
using an FPGA [19], [20], [21], [22], [23], [24], [25]. Coburn
et al. [19] implement detailed power models directly on the
FPGA, which suffers from large FPGA resource overhead.
Ghodrat et al. [20] expands the ideas of Coburn et al. [19]
by translating part of power computation logic on the FPGA
to software to reduce FPGA resource overhead, but introduces
communication overhead between FPGA and software. These
methods are inherently lack of scalability due to large overhead
of power computation logic.

On the other hand, Atienza et al. [21] manually attached
activity monitoring units to the target design on the FPGA.
Bhattacharjee et al. [22] manually implement event counters
on top of RTL designs to estimate power dissipation from
FPGA emulation. PrEsto [23] generates power models from
signals manually selected by users. In addition, This technique
also requires additional manual efforts to instrument existing
FPGA simulators with power models. These methods have
less FPGA resource overhead, but require significant manual
efforts as well as designers’ intuition.

Yang et al. [24] proposes to construct cycle-by-cycle power
models by pruning probed signals with machine learning
without requiring designers’ intuition. This methodology is
built upon the assumption that power dissipation is a func-
tion of some primary registers’ toggles. However, it lacks
of the justification that the truncated SVD properly selects
the primary registers for complex hardware designs. Also, it
instruments the RTL designs with the power computing logic
as in PrEsto [23], which may be automated by commercial
CAD tools.

Strober [25] automatically transforms RTL designs into
FPGA performance simulators and also automatically in-
strument the simulators with scan chains to capture RTL
state snapshots. Then, the RTL state snapshots are randomly
sampled from the FPGA simulation and replayed on detailed
gate-level simulation to compute the average power. Although,
Strober quickly provides accurate power estimates with statis-
tically bounded errors, the average power should be computed
after the FPGA simulation finishes, preventing online power
computation, which is the motivation of this paper.

III. METHODOLOGY

There are five major steps in our methodology(Figure 1).
First, the signal selection step walks the circuit graph in
FIRRTL[26] and picks important signal candidates according
to the circuit topology. Next, the power model construct
and training step builds a power model using selected sig-
nals and trains the model using preliminary waveforms from
small workloads. The RTL instrumentation step automatically
instrument the FPGA performance simulators generated by
Strober [25] with the signal activity counters. The power pre-
diction step computes the power dissipation in real time during
FPGA performance simulation. Finally, the power validation
step validates the power models by comparing against the

power estimation from Strober, and further trains the power
models if necessary.
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A. Signal Selection

To construct and train a power model, we should select a
subset of signals because it is infeasible to keep track of all
signal activities on the FPGA.

There are several observations to select power-sensitive
signals. First of all, the signal activities of the whole design
are driven by the inputs and the state of the design. Thus, we
may be able to build an accurate power model in terms of the
register and input toggles. However, there are a large number
of registers in complex hardware designs, and thus, this is still
infeasible for the FPGA.

Fortunately, it seems that there are only a small number
of signal activities or/and high-level events that drive the
state transitions of the design. Otherwise, all power estimation
methods based on event counters [9], [10], [11], [12], [13],
[14] do not make sense. Therefore, we may be able to construct
an accurate power model by using only a small number
of signals that approximate high-level performance / power
events.

Figure 2 describes how power sensitive signals are selected.
First of all, a random RTL design is fed into the FIRRTL
compiler. In this paper, we assume this design is written with
Chisel [27]. However, the target designs are not necessarily
developed with Chisel because the FIRRTL compiler will
support various languages including Verilog in the near future.

In the FIRRTL compiler, a circuit graph is expressed with an
intermediate representation, FIRRTL [26], so that a designer
can write custom compiler passes for their design. A signal



analysis pass is implemented, which examines all write enable
signals for registers. For SRAMs, their write enable signals
and read data busses are selected. The selected signals and
busses are dumped to the file used for power model training
in Section III-B.
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Fig. 2. Signal Selection

B. Power Modeling and Training

Once the signals and busses are selected from the previous
step, a design-specific activity-based power model can be
constructed. Figure 4 explains how power models are built
and trained. First, an RTL design is fed into the logic synthesis
tool (e.g. Synopsys Design Compiler (R)) and the place-and-
route tool (e.g. Synopsys IC Compiler (R)) to obtain a gate-
level design, which is simulated in SDF back-annotated gate-
level simulation (e.g. Synopsys VCS ®)) for accurate power
estimates by the power analysis tool(e.g. Synopsys PrimeTime
PX ®).

RTL signal activities are also computed from RTL sim-
ulation(e.g. Verilator, Synopsys VCS (®). By providing the
signal list, the RTL signal activities, and the detailed power
estimates to the power modeling and training algorithm, a
design-specific power model can be constructed expressed
with the signal toggle activities.

For RTL simulation and gate-level simulation, microbench-
marks or random instruction streams are employed for initial
power model training. In addition, there can be random execu-
tion sample snapshots from long-running FPGA performance
simulation [25], which are used not only for power model
validation but also for further training the power model for
more accurate power estimates.

1) Macromodels for Complex Combinational Logic: Pre-
vious work [23] suggests that linear power models for com-
plex combinational logic such as ALUs, SEC/DED circuits,
interrupt controllers, and multipliers are inaccurate. To over-
come this issue, we turn to macromodels which attempt to
estimate the power of complex logic by only looking at
the input and output switching activity of the combinational
block. In this paper we will measure the accuracy of a
previously proposed power macromodel that uses 4 statistics
Pin; Dina Sciru Dout~ [15][16]
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Fig. 3. Power Modeling and Training

This macromodel considers sequences of input vectors into
a combinational block. Each sequence may contain N input
vectors. Then we can define for a given sequence,

e P;, = average number of input bits that are logic 1 across
a sequence

e D,;, = average number of input bit transitions across a
sequence (average input transition density)

e SC;, = average spacial correlation coefficient across a
sequence and across all input bit pairs

e Dyt = average number of output bit transitions across a
sequence (average output transition density)

In the context of power estimation for a large digital design:
if a complex combinational block is detected in the design, the
power macromodel will be used in place of a linear model.
To feed the macromodel with data, the combinational block’s
inputs and outputs will be instrumented. A small logic block
on the FPGA will map the raw input and output signals into a
4-tuple that represents the above statistics, and the tuple will
be fed out of the FPGA emulator to be plugged into the power
macromodel.

C. RTL Instrumentation

The RTL instrumentation is built upon the Chisel3 and
FIRRTL port of the Strober’s flow to generate FPGA perfor-
mance simulators. Figure 4 shows how the FPGA performance
simulators are instrumented with the signal activity counters.

First, the target RTL design is FAMEI-transformed to
create the FPGA performance simulator [25] in the FIRRTL
compiler. Then, a custom transform is executed to attach
activity counters to the FPGA performance simulator by using
the signal list from Section III-A. In addition, scan chains
are inserted not only to read out the activity counter values
but also to capture RTL state snapshots to validate the power



model. Finally, simulation mapping and platform mapping are
conducted for FPGA simulation [25].

Note that signal selection in Section III-A can be integrated
to this flow if signals are not pruned during power modeling
and training in Section III-B. In this case, FPGA simulation
can run in parallel while training power models, which uses
slow CAD tools extensively.
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Fig. 4. Power Modeling and Training

D. Power Prediction during FPGA Simulation

Once the FPGA performance simulator instrumented with
activity counters is obtained, power estimates are quickly
available during FPGA simulation. Since the target RTL is
FAMEI-transformed, FPGA simulation can be easily paused,
and activity counter values are read out from the FPGA in
the same way random RTL state sample snapnots are taken in
Strober [25]. If the power model is not available during FPGA
simulation because it is still trained, the activity counter values
are saved to estimate the power dissipation later.

E. Power Validation

Designers may want to validate the power estimates from
Section III-D after FPGA simulation. Since this methodology
is combined with Strober, an accurate power estimates with
statistically bounded errors are available by replaying random
RTL state snapshots, which are used to further train the power
model for more accurate power estimates (Figure 4).

IV. EXPERIMENTAL SETUP AND RESULTS
A. Power Macromodel for Combinational Logic

To validate the accuracy of the power macromodel proposed
in [16], we will generate multiple sequences of input training
vectors, derive an accurate power estimate from PrimeTime,
and use the statistics (Py,, Din, SCin, Doys) associated with
each sequence to train the macromodel. We will then generate
a separate set of sequences which will be used to test the
macromodel’s accuracy as compared to the PrimeTime power
estimate.

The combinational circuits used in this study were the
following ISCAS 85 benchmark circuits:

e cl7: 6 NAND gates

e 432: 27-channel interrupt controller
e ¢499: 32-bit SEC

e ¢880: 8-bit ALU

e ¢1908: 16-bit SEC/DED

e c2670: 12-bit ALU

e 6288: 16x16 multiplier

e ¢7552: 32-bit adder/comparator

The training and testing datasets consisted of 300 sequences
of 30 vectors. They were run through the DUT using RTL
simulation and post-PAR gate-level simulation. The gate-level
simulations were used to derive switching activity files which
when passed to PrimeTime PX gave a power estimate for
a given sequence. Using the input and output vectors, and
the power estimate from PrimeTime the 4 following power
macromodels were constructed:

e 4D Table: A simple map from a Py, D;y, SCin, Doyt
vector to a power estimate.

e Linear Model: Coefficients were derived for an equation
of the form ¢y + ¢1 Pjp, 4+ c2 Dy + ¢3S Cliyp, 4 €4 D oyt using
least squares regression. (5 coefficients)

o Quadratic Model: Coefficients were derived for an equa-
tion consisting of the linear terms, but also cross terms
and self-squared terms using least squares regression. (15
coefficients)

o Cubic Model: Added triplet cross terms and self-cubed
terms. (35 coefficients)

Once the models were constructed and trained using the
training dataset, they were used to make predictions on the
testing dataset.

4D table prediction involves interpolating new
(Pin, Din, SCiny Doye) vectors on the training dataset:
if interpolation wasn’t possible due to the testing vector
being outside the convex hull of the training vectors, then the
nearest neighbor’s power estimate was used. Prediction on
the linear, quadratic, and cubic models was performed with
simple matrix multiplication of the testing vectors and the
previously calculated coefficients.

Errors in the the macromodel were measured and are
summarized in Figure 5 and Figure 6.

B. Sequential Circuit Power Modeling

To demonstrate the capability of the automatic signal section
methodology for sequential logic, we evaluate our methodol-
ogy using simple Chisel designs described as follows:

e GCD: hardware implementation of Euclidean algorithm

e Parity: computation for the parity of inputs

e Stack: hardware implementation of stack

e Risc: very simple single-cycle pipeline

e RiscSRAM: very simple multi-cycle pipeline with SRAMs

We run 20 sets of simulation to train the power models and
use different 20 sets of simulation to test the power models.
Quadratic models are used for GCD and Parity, and cubic



Accuracy of Power Models Across ISCAS 85 Benchmark Circuits
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Fig. 6. Max errors from macromodel power estimation, worst case accuracy

models are used for Stack, Risc, and RiscSRAM. Table I shows
the power model errors for the designs. The maximum error of
Stack is somewhat warrisome, but we may address it by having
more training sets. Impressively, this methodology works well
for more complex designs like Risc and RiscSRAM.

To demonstrate how well signal selection works, we use
a more complex design, RISCV-mini [28]. RISCV-mini im-
plements RV32I of the User-level ISA Version 2.0 [29] and
the Machine-level ISA of the Privileged Architecture Version
1.7 [30]. RISCV-mini includes a 3-stage pipeline as well as
instruction and data caches as shown in Figure 7, which is
neither too simple nor too complex. From RISCV-mini, 108
signals are selected. However, about 50 % of theses signals
are due to lack of inter-module analysis, which will be cut out
from pass optimization.

Write Back

Execute

Fig. 7. RISCV-mini Pipeline

V. CONCLUSION

In this report, a novel approach to accurately and quickly
predict cycle-level power estimates for arbitrary RTL was



Design GCD | Parity | Stack | Risc | RiscSRAM
Number of Selected Signals and Busses 7 3 8 11 15
Normalized RMS error(%) 29.3 1.9 31.9 4.0 10.0
Average error(%) 5.1 0.9 26.9 2.3 6.5
Maximum error(%) 16.5 2.4 153.7 7.4 20.5
ABLET

EVALUATION WITH EXAMPLES

presented. Import signals sensitive to power dissipation were
automatically selected using a custom analysis pass in the
FIRRTL compiler. Also, power models were built and trained
using the signal list, the RTL signal activities, and the accurate
power estimates from detailed gate-level simulation. The RTL
instrumentation was done on top of the Strober’s flow for the
FPGA performance simulators to automatically add activity
counters using the signal list. During FPGA simulation, online
power prediction was readily obtained by pausing the simula-
tion and reading out the activity counters. Finally, the power
model was validated and further trained by replaying random
RTL state snapshots.

In this project, we evaluated automatic signal selection and
power modeling with simple designs. In the future, we will
complete the FPGA instrumentation, power prediction, and
power validation flows and eventually evaluate this method-
ology using more complex designs like Rocket-chip, Hwacha,
and BOOM.

One possible application of this methodology is fast DVFS
modeling using FPGA simulation. To enable DVFS in simula-
tion, online power prediction must be available for the power
management unit model to control voltage and frequency. By
using this methodology, it is expected we will simulate DVFS
with FPGA performance simulators in the near future.
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