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Abstract

Performance trade-offs are central to analog/mixed-
signal circuit design as they define the boundaries
of the achievable design space. Circuit configurabil-
ity allows run-time dynamic adaptation of these per-
formance trade-offs to variable operating conditions.
In this work, a new design methodology is used to
implement an ultra-low-power (ULP) Pareto-optimal
biomedical instrumentation amplifier (IA) with con-
figurable power-noise trade-off. A multi-objective ge-
netic algorithm performs the numerical optimization
of the parameters at design time. The non-dominated
sorting genetic algorithm (NSGA-II) is used along
with an efficient simulation framework to limit the
computation time. The optimal sizing is then applied
to selected devices with digitally-controlled parame-
ters in the amplifier. The configurable IA for biomed-
ical applications has been prototyped in 65nm LP
CMOS. It can be digitally set to 4 operating modes
with power consumption ranging from 0.56 to 23.8µW
and input-referred noise from 1µV to 0.17µV. The
minimum noise efficiency factor (NEF) achieved by
the amplifier is 1.93. The silicon area is 0.055mm2

excluding the off-chip high-pass filter.

1 Introduction

Analog and mixed-signal circuits are key components in mod-
ern integrated circuits, involved in various functions such as
signal acquisition, clock generation, voltage regulation or high
speed communications. For each analog circuit block, the
performance evaluation usually relies on multiple metrics. At
design time, several of those metrics can be considered si-
multaneously as optimization objectives, resulting in a multi-
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Figure 1: Simulation maps the circuit parameters x to the
circuit performance metrics f(x). The Pareto curve P is the
boundary of the achievable performance space F in the opti-
mum direction. The blue text provides an illustration of the
optimization task for the IA use-case.

objective optimization problem. Each of these performance
objectives is defined as a function fi(x) of the design param-
eters x = (x1, x2, ...). These parameters correspond to the
sizing variables of a given circuit topology, such as device di-
mensions, bias voltages or clock frequencies [1].

Mathematically, the set of feasible design parameters D
that contains all circuit configurations x that are physically
achievable, maps to a set of feasible performance F , as il-
lustrated in Fig. 1 for a 2-D objective space. Performance
constraints can also be defined on the set of achievable per-
formance to account for additional circuit requirements, in
which performance metrics are assigned a minimum value
gj(x) > Tj . As the mapping is usually non-linear, an accurate
evaluation of the circuit performance is typically obtained us-
ing a SPICE circuit simulator.

In the set of achievable performance, the subset that opti-
mizes performance is of interest as it can be inversely mapped
to optimal design parameters xP . When several performance
objectives are considered, there is rarely a single combination
of parameters that optimizes all metrics simultaneously, as
these are often competing against each other, which leads to
a performance trade-off. The set of optimal points is known
as the Pareto front P (Fig. 1), i.e. all points for which it is
not possible to improve one objective without degrading an-
other [2]. In the case of an instrumentation amplifier (IA),
there is a trade-off between e.g. power consumption and in-
trinsic noise. The Pareto curve is typically used to help the
designer select the optimal performance trade-off for his appli-
cation. In hierarchical system design, Pareto-optimal models
of sub-circuits can also be used at system level to take into
account low-dimensional low-level design information [1].

In this work, we propose to use the information of the
Pareto curve to design an IA with configurable power-noise
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Figure 2: The IA circuit is a fully-differential amplifier based
on the CFBIA topology, composed of a transconductance in-
put stage and a transimpedance output stage. The input
high-pass filter, chopper clock source and reference current
are placed off-chip.

trade-off for biomedical applications. This allows the user to
tune the circuit performance along the Pareto curve at run-
time, depending on the operating conditions [3]. The pro-
posed design methodology is divided in two stages. First,
the Pareto curve in the power-noise performance space is ex-
tracted using a genetic algorithm for a baseline IA topology.
As speed is usually the bottleneck for such algorithms, two
solutions are proposed to reduce the global convergence time.
Secondly, the information of the Pareto curve is used to mod-
ify the topology and size it optimally, in order to enable per-
formance configurability. Section 2 describes the baseline IA
topology and the associated design constraints. In Section 3,
the design optimization problem is solved using a genetic al-
gorithm to extract the power-noise Pareto curve. The im-
plementation of the configurability is described in Section 4.
Finally, the result is validated by comparing measurements of
IAs prototyped in 65nm CMOS with fixed and configurable
performance.

2 Instrumentation amplifier topol-
ogy

The IA is a fully-differential current-feedback IA (CFBIA)
topology similar to the one proposed by Van Helleputte et
al. [4] as shown in Fig. 2. It is composed of an input transcon-
ductance (TC) that converts the differential input voltage to
a proportional current and a transimpedance (TI) that con-
verts it back to a differential voltage at the output. The total
voltage gain (Av) of the amplifier is therefore set by the ratio

of the resistances in the TI and the TC and by the current
mirror ratio [5] :

Av = α
Ro

gd,P1

gm,P1gm,P2
+Ri

with α =
(W/L)P6

(W/L)P2
. (1)

The input TC is based on two flipped voltage followers (P1,
P2) in the parallel branches with DC-level shifters (P3) to
improve the dynamic range. Chopper stabilization is used to
reduce 1/f noise present in the bandwidth of the signal. Op-
erational transconductance amplifiers (OTA) create a feed-
forward path to regulate the drain voltage of the current mir-
rors in the TI in order to improve distortion. The IA input
is AC-coupled to remove the differential electrode offset. We
use an off-chip high-pass filter in this work.

A reference sizing of this IA was performed manually and
will be used as a starting point for the design optimization
methodology presented in Section 3. Manually searching for
the optimal values of the circuit parameters is a difficult task
due to the numerous trade-offs between performance metrics.
For example, the noise in this circuit is typically dominated
by the TC resistance Ri, the input transistor pair P1 and the
TC current source N1. To minimize the noise, one would tend
to minimize Ri. However, choosing Ri too small impacts the
gain due to the finite output conductance of P1 as shown in
Eq. (1), and also increases the distortion of the signal. As
this conductance depends on the bias current, it is directly
linked to the power consumption which is the second perfor-
mance objective. On the other hand, the resistance values Ri

and Ro will be limited by the maximum silicon area. Other
examples of such trade-offs involve the current ratio between
TC and TI (α in Eq. (1)) which helps decreasing the power
and the area but reduces the gain, or the chopping frequency
that improves the noise and CMRR but impacts the band-
width requirement and distortion. Similar reasoning applies
for most circuit parameters and performance metrics.

3 Multi-objective optimization
methodology

Automated sizing optimization of analog blocks with sev-
eral performance objectives requires the use of specific algo-
rithms designed to solve multi-objective optimization prob-
lems (MOP). The multi-objective optimization algorithms
that have been applied to the task of analog sizing can be
classified in different groups. A first group relies on a weight
vector to scalarize the multiple objective and solve the prob-
lem using a sequence of single-objective problems, such as
normal boundary intersection (NBI) [6]. Another group in-
cludes evolutionary algorithms, e.g. particle swarm optimiza-
tion (PSO) [7], multi-objective evolutionary algorithm based
on decomposition (MOEA/D) [8] or non-dominated sorting
genetic algorithm (NSGA-II) [9], that rely on bio-inspired it-
erative methods to make a set of candidate solutions converge
towards the Pareto curve. More recently, surrogate model-
based methods such as multi-objective bayesian optimization
(MOBO) have been proposed in an attempt to reduce the sim-
ulation time [10]. In this work, the genetic algorithm NSGA-
II [9] is used, as it has been often shown to perform well for
analog sizing, despite the high simulation time.
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Figure 3: Simulation time to perform SPICE evaluation of a
circuit candidate. The first column shows the time for eval-
uating a single circuit candidate for all analyses. The follow-
ing columns show the average time spent for each analysis
throughout the generations.

Like other evolutionary algorithms, NSGA-II is an itera-
tive process in which a population X, made up of individuals
that each correspond to a set of circuit parameters xi, evolves
for several generations. At each generation, the performance
objectives and constraints are evaluated using a SPICE sim-
ulation. Based on this evaluation, the fittest individuals are
selected while the others are discarded. As NSGA-II follows
an elitist approach, the fittest individuals are those that meet
the performance constraints and improve the performance ob-
jectives compared to previous generations. Finally, genetic
operators such as mutation and cross-over are used to gener-
ate a new population based on the previously selected subset.
The process starts over until a stopping criterion is reached.

The drawback of genetic algorithms is that they often re-
quire a large number of simulations for solving the MOP. This
issue worsens when time-consuming simulations such as long
transients or Monte-Carlo simulations are used and when the
design space is large, typically for complex analog circuits.
Two solutions are proposed in this work to mitigate the sim-
ulation time issue. The first solution relies on the fact that
when many performance metrics are used as objectives or con-
straints, several SPICE analyses may be required with respec-
tive simulation times that differ in orders of magnitude (e.g.
from 0.1s for a DC point calculation to 50s for Monte-Carlo
analysis with transient signals). To gain simulation time, the
simulations are run from the shortest to the longest and can-
didates are rejected as soon as requirements are not met. The
rejection can be done on the basis of both performance con-
straints that are violated or performance objectives that are
not improving compared to previous generations. This allows
to save simulation time on the longest analyses for individuals
that are not optimal. Compared to unconditional simulations
in which all analyses are performed, we observe a 7.8× reduc-
tion in the total simulation time as shown in Fig. 3.

Secondly, the design parameter space is reduced by relying
on designer knowledge. Starting from a manual sizing per-
formed initially, a subset of higher-level parameters are tuned
instead of considering all low-level device dimensions individ-
ually. This can be done by deriving a few main equations
driving the circuit performance to identify the main parame-
ters. Additionally, several parameters can be scaled together
to keep the reference relative sizing within functional groups

Table 1: IA design parameters left for optimization.

Parameter, xi Range

Reference current, Iref 10nA - 1µA
TC/TI ratio, α 1 - 6
TC resistance, Ri 1kΩ - 100kΩ
Resistance ratio, Ro/Ri 40 - 120
Inversion level of input transistor, (gm/ID)P1 2 - 30
Inversion level of PMOS transistor, (gm/ID)p 2 - 30
Inversion level of NMOS transistor, (gm/ID)n 2 - 30
Length NMOS transistor, Lnmos 1µm - 20µm
Chopper frequency, fCLK 1kHz - 20kHz

of devices (e.g. cascode current mirrors). Ideally, the final set
of parameters should be as small as possible while still allow-
ing enough flexibility to optimize the objective while meeting
the constraints. In the case of the IA, circuit inspection shows
that the circuit has at least 28 degrees of freedom. In order to
narrow the parameter space, only the main design degrees of
freedom are considered. Based on Equation (1), we select the
resistances Ri and Ro, the inversion level of the input transis-
tor pair P1 and PMOS cascaded current mirror represented
by their parameter gm/ID [11], and the TI/TC width ratio α,
as degrees of freedom. The bias current Iref is also included to
sweep the power consumption. As the NMOS current sources
are major noise contributors, the gm/ID of transistor N1 is
left as independent parameter, as well as its length so that
the area can be modified independently. Finally, due to the
low bandwidth of the IA, the chopping frequency fchop has
a considerable impact on the noise and is also included. Ta-
ble 1 summarizes the list of optimization parameters and the
range of admissible values. When performing a random space
exploration to find candidates that meet the constraints, re-
ducing the number of parameters from 17 to 9 increases the
percentage of valid candidates by 40%. This effect is however
mitigated during the optimization process as the genetic algo-
rithm only searches in the neighbourhood of valid candidates
with mutation or crossover. The improvement in convergence
speed is therefore mostly apparent during the early stages of
the convergence. Figure 4 shows the convergence based on
the hypervolume (HV) metric, which is computed as the vol-
ume contained by the Pareto front in the objective space [12].
After convergence of the NSGA, the hypervolumes only differ
by 0.8%. The time taken to reach 90% of the final HV is 47%
shorter when considering 9 parameters instead of 17.

Fig. 5 illustrates the process of convergence in the case of an
IA with input-referred noise (IRN) and power consumption as
performance objectives. Performance constraints for a typi-
cal biomedical application such as electrocardiogram (ECG)
signal acquisition are considered in this work, as summarized
in Table 2. The results illustrate power-noise improvement
across successive generations, with an even distribution of
individuals along the Pareto curve. This algorithm can be
directly extended to include more performance objectives, at
the cost of an increased convergence time.
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Figure 4: Convergence of the genetic algorithm over 30 gener-
ations. Light lines show convergence of individual runs, bold
lines show the average convergence.
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Figure 5: The performance objectives of successive genera-
tions converge towards the Pareto-optimal curve. The dashed
lines are the constant-NEF contours.

Table 2: Performance constraints.

Constraint, g(x) Threshold, T

Gain > 30 V/V
Bandwidth [0.1 - 250] Hz
Total harmonic distortion < 1%
CMRR > 80 dB
Dynamic range > 0.6 V
Active area < 20 000 µm2

4 Configurable power-noise perfor-
mance

Circuit configurability allows to dynamically change the cir-
cuit characteristics based on the current operating conditions.
For example, in the case of an IA, input signals with different
amplitudes or signal quality requirements may call for dif-
ferent IRN levels, leading to different power consumption as
shown in Section 3. A trivial solution to have several noise-
power trade-off choices is to implement several amplifiers on
the chip and enable them separately. However, this leads to
a high area overhead, essentially proportional to the num-
ber of configuration points. To avoid this overhead, a single
amplifier with configurable characteristics is required. Song
et al. [3] tuned the bias current of an amplifier to change
its power consumption and IRN. However, simulation shows
that this does not ensure optimal performance in all config-

urations as the bias conditions of the transistors vary. This
work proposes to tune simultaneously several design parame-
ters to reach optimal performance as obtained by the genetic
algorithm.

Based on the Pareto curve obtained in Fig.5, 4 design points
have been selected to cover the noise-power range. Among the
parameters considered in building the Pareto curve, transistor
length and input transistor P1 width have been set to a fixed
value, as they have converged to a near-constant value and
they are more difficult to dynamically configure.

The configuration of the circuit parameters by the digital
control signals Ci can be separated in three main ideas illus-
trated in Fig. 6. Firstly, the width of NMOS current sources
is changed by modulating the number of transistors in par-
allel. Each branch is controlled by a separated bias voltage
for the cascode transistor Vcas,n,i, that can be tied to ground
to stop the current through that branch (Fig. 6.a). The gen-
eration of Vcas,n,i is performed in the bias generation circuit
where an additional transistor controlled by the digital signal
Ci is used to enable the corresponding branch. All branches
with Ci at high logic level appear in parallel and the refer-
ence current Iref is distributed according to the width ratio.
Inserting the additional control transistor in the bias gener-
ation circuit saves dynamic range in the signal branches and
helps to avoid distortion. Secondly, the width of PMOS cur-
rent mirrors follows the same behavior in the TC (Fig. 6.b)
using Vcas,p,i as control voltage. However, unlike NMOS cur-
rent sources that carry DC current, the bandwidth of PMOS
current mirrors is a limiting factor for the performance. In
the low-power configuration, the gates of inactive branches
in the TC and TI are connected to the Vo voltage, thereby
increasing the parasitic capacitance. In order to avoid this,
additional switches on the gates of the deactivated branches
are used to disconnect the gate from the Vo voltage, which is
replaced by a much smaller source capacitance of the control
transistor. Finally, changing the resistors Ri and Ro is done
using transmission-gate switches to short-circuit parts of the
polysilicon resistors (Fig. 6.c). As the resistance of Ri and Ro

is quite high, the on-resistance of the switches does not im-
pact the signal quality. Additionally, multiple frequencies of
the chopper clock are generated on chip with clock dividers.
The variable current reference is provided off-chip.

5 Experimental validation

In order to validate the optimization methodology and ampli-
fier configurability, a prototype chip has been built in TSMC
65nm LP CMOS. As shown in Fig. 7, each prototype includes
five amplifiers: the first four are stand-alone amplifiers that
each correspond to one selected point of the Pareto curve, and
the last one is the configurable amplifier that allows modifi-
cation of the power-noise trade-off using control signals.

The measured performance of the stand-alone and config-
urable amplifiers match the results of the genetic algorithms
obtained with pre-layout simulations. The performance of
the configurable IA ranges from 0.17µVrms to 1µVrms of IRN
and 23.8µW to 0.56µW of power consumption. The mini-
mum NEF is 1.93. All constraints from Table 2 are met in all
configurations. No performance penalty is introduced by the
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Figure 6: Digital control signals Ci allow configuring the
width of transistors in current sources and current mirrors,
and the resistance of polysilicon resistors. The branches in
grey do not include digital control as they are always-on. Vari-
able current source is provided off-chip.

Figure 7: The chip photograph shows the location of four
stand-alone IAs in red and one configurable IA in blue. The
area is approximately 0.035 and 0.055mm2 for stand-alone
and configurable IAs respectively.

configurability.
The proposed IA sized using a genetic algorithm performs

better in terms of noise-power trade-off compared to most
state-of-the-art references. It can be noted that the works
from Yaul et al. [13] and Song et al. [3] that achieve lower
power consumption both use an extremely low supply volt-
age below 0.3V on the input stage. This reduces the input
dynamic range, which is a limiting factor in most biomedical
applications.

The chip measures 1.91×0.75mm. The configurable IA area
is 0.055mm2, compared to around 0.035mm2 for each stand-
alone amplifier. The difference is explained by the inverse
relationship between resistors and transistors sizes in the dif-
ferent configurations according to the genetic algorithm. In-
deed, while low-power configurations require small transistors,
the resistance value is higher, and inversely for low-noise con-
figurations. The configurability logic and switches incurs a
negligible area overhead.

6 Conclusion

In this paper, an original design approach is proposed for
building circuits with optimal configurable performance, il-
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Figure 8: Measurement results are compared for stand-alone
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ences. The IRN from the state of the art has been scaled to
a [0.5 - 100] Hz bandwidth.

lustrated with a biomedical IA. The genetic algorithm identi-
fies the parameter sizing that provides optimal performance.
This sizing information is then used to include configurabil-
ity in the circuit. The measurement results show that this
methodology improves the power and noise performance com-
pared to the state of the art. The power consumption ranges
from 0.56µW to 23.8µW with respective IRN from 1µVrms

to 0.17µVrms. No performance penalty is induced by con-
figurability while area is significantly reduced compared to
stand-alone amplifiers.
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