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Abstract—Testing analog, mixed-signal and RF circuits rep-
resents the main cost component for testing complex SoCs. A
promising solution to alleviate this cost is the machine learning-
based test strategy. These test techniques are an indirect test
approach that replaces costly specification measurements by
simpler signatures. Machine learning algorithms are used to map
these signatures to the performance parameters. Although this
approach has a number of undoubtable advantages, it also opens
new issues that have to be addressed before it can be widely
adopted by the industry. In this paper we present a machine
learning-based test for a complex mixed-signal system –i.e. a
state-of-the-art pipeline ADC– that includes digital calibration.
This paper shows how the introduction of digital calibration for
the ADC has a serious impact in the proposed test as calibration
completely decorrelates signatures from the target specification
in the presence of local mismatch.

I. INTRODUCTION

Nowadays, production test standard practices for analog,

mixed-signal and RF (AMS-RF) circuitry still rely on costly

functional tests. These systems are tested on dedicated mixed-

signal Automated Test Equipment (ATE) that applies precise

test stimulus to the Device Under Test (DUT), acquires the

DUT response and processes the test data to compute the set

of functional specifications of the DUT. However, the high

level of integration of current mixed-signal systems and the

increasing performance of AMS-RF blocks make functional

test a challenging task that requires costly dedicated ATEs.

Even accessing the primary input and outputs of an AMS-RF

block in a tightly integrated system may turn impossible.

Machine learning-based test, also known as indirect test or

alternate test [1] is a promising strategy for overcoming this

issue. The basic idea is to replace costly specification-based

tests by a set of simpler (and cheaper) measurements, often

called signatures, and then use machine learning algorithms to

map these simple measurements onto the specification space.

Conventional specification-based tests are then replaced at the

production line by a set of low-cost indirect observations,

and test results are then inferred by post-processing these

observables.

The usual approach to machine learning-based test is based

on supervised machine learning algorithms. The process is

developed in two stages: a learning stage, and a testing stage.

During the learning stage both performance parameters and

signatures are measured from a set of training devices. A

machine learning algorithm is then trained over the two sets of

measurements to build a mapping model. In the testing stage,

signatures are measured for each Device Under Test (DUT),

and performances are inferred by using the mapping model

obtained in the previous stage. Test result interpretation is the

same as in conventional functional test. This is an elegant

way to deal with the issue of valid ranges of acceptance,

and also gives a valuable insight into reliability since we can

estimate how far the circuit is from its nominal specification. In

addition, machine learning algorithms are designed to handle

complex multi-dimensional and non-linear relations like those

between defects and specifications, and by extension, between

signatures and specifications.

Machine learning-based test may lead to significant cost

savings in production test, but this test strategy is not free

of shortcomings that should have to be addressed before it

can be confidently adopted by the industry. Thus, in the last

few years, many researchers have pointed out the potential

issues of the technique and proposed different strategies for

overcoming them.

A key issue is finding an appropriate set of signatures to

extract meaningful prediction models. Proposing appropriate

signatures to run a machine learning-based test is often a

matter of creativity based on a precise knowledge of the DUT.

Thus, signature sets are usually ad hoc and sub-optimum: they

may contain redundant information, non-relevant data, noisy

signatures, etc. Different approaches have been proposed to

select the most meaningful subset of signatures from a given

set of signatures [2]–[4], and going even further to automatize

the design of new signatures that target missing information

in a given set of signatures [5].

Another issue that has gathered attention in the past few

years is the a priori validation of machine learning test.

That is, the assessment of its quality, usually in terms of

some standard test metrics, before deploying the technique

in the production line. Different simulation frameworks have

been presented to evaluate the quality of alternative tests and

compare it to traditional functional test [6]–[8], usually based

on statistical modeling and Monte Carlo simulation.

Another fundamental issue of machine learning-based test

derives from its model-oriented philosophy: any non-modeled

errors [9] can lead to unexpected bad results. Model construc-

tion is always based on some premises that should ideally
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be verified. In the particular case of machine learning, it is

assumed that the process that governs variability is stochastic

and stationary. In this way, the statistic information learned

from the training set is still valid for future devices. Clearly,

process variations fit this description. Thus, the aim of machine

learning-based test is to propose a set of signatures that are

highly correlated to global process variations, with the tacit

assumption that local uncorrelated variations (i.e. mismatch)

will only add a small noise to the measurement that will

be translated into a negligible error in the regression of the

DUT specifications. Clear examples of this strategy are the

test based on die-level process monitors and dummy circuits

introduced in [10], [11] where mismatch between dummy

circuits and DUT is neglected.

In this work we present a machine learning-based test

strategy for estimating the ENOB of a state-of-the-art high-

speed high resolution Analog to Digital Converter (ADC).

It will be shown how the introduction of digital calibration

for the ADC has a serious impact in the proposed test as

calibration completely decorrelates signatures from the target

specification, making the final specification dependent on

random local variations instead of on global process variations.

This paper presents a negative result in which the fundamen-

tal assumption that correlation to global process variations

is enough for learning a regression model turns out to be

incorrect due to the use of digital calibration. Although some

methods for post-manufacture tuning (which can be seen as a

form of calibration) using machine learning tools have been

presented in [12]–[14], the goal of these works was not to

predict the performance of the post-tuned circuit but rather

to propose a cost efficient method to get the best possible

performance out of the tuning knobs. To the best of our

knowledge, this is the first time that the impact of digital

calibration for complex system on a machine learning test

framework has been analyzed and that this fundamental issue

has been exposed.

The rest of the paper is organized as follows. Section II

reviews the theoretical basis of machine learning-based test.

Section III presents our case study, describes both the ADC

under test and the proposed ENOB machine learning-based

test technique. In Section IV we present and discuss the

obtained results and finally Section V summarizes our main

contributions.

II. THEORETICAL BASIS

As it was described in the introduction, machine learning-

based test is built on the assumption that we can find a set of

low-cost signatures highly correlated to the set of functional

specifications of a given DUT, in such a way that we can

replace the –often costly and complex– measurement of the

specifications by these signatures. The set of specifications

are then “predicted” from a machine learning model previ-

ously trained for extracting the regression function between

signatures and specifications.

In a general scenario, and assuming that the DUT is free of

catastrophic faults, the performance of the DUT is a func-

tion of its PVT (Process-Voltage-Temperature) coordinates.

Assuming constant Voltage and Temperature, a performance

P of a given instance j of the DUT can be expressed as

P = f (pj, mj) (1)

where pj is the vector of global process parameters corre-

sponding to this particular DUT instance, mj is the vector

of local variation parameters (i.e. mismatch) for each element

in the DUT, and f is a scalar function –usually unknown–

that links these technological process parameters to the spec-

ifications of the DUT. In the same way, the set of low-cost

signatures should be specially crafted to be sensitive to the

same degradation mechanisms as the performances. Let us

consider without loss of generality a one-dimensional scenario

with a single signature S. Again, assuming constant voltage

and temperature conditions, the magnitude of signature S for

instance j of the DUT can be expressed as

S = g (pj, mj) (2)

where, similarly to the previous case, g is an unknown scalar

function.

In this scenario, machine learning-based test is built on the

assumption that performance P and signature S are highly

correlated, in such a way that we can develop (1) and (2) into

P = f̃ (p̃j) + rj1 (3)

S = g̃ (p̃j) + rj2

where p̃j corresponds to the vector of global and local process

parameters affecting both to P and S, rj1 and rj2 correspond

to the contribution of the uncorrelated local variation parame-

ters to P and S, respectively, and f̃ and g̃ are unknown scalar

functions. From (3) if follows

P = f̃
(
g̃−1 (S − rj2)

)
+ rj1 (4)

One fundamental assumption in machine learning-based test

is that the contribution of the uncorrelated local variations,

rj1 and rj2, is considered to be small, in such away that the

following identity holds

P = f̃
(
g̃−1 (S)

)
+ o (rj1, rj2) (5)

In this general scenario, a training set of DUT instances

from which both P and S are extracted is used to learn

a regression model using machine learning algorithms in

order to approximate function f̃
(
g̃−1 (·)). The contribution

of o (rj1, rj2) is neglected and considered as a source of error

in the proposed test strategy.

In this paper we will discuss a practical machine learning

test scenario in which identity (5) does not hold because the

contribution of uncorrelated variations becomes dominant.

III. CASE STUDY

A. The Device Under Test: 17-bit pipeline ADC with digital
calibration

The Device under Test that we consider in this paper is a

state-of-the-art pipeline ADC with a resolution of 17 nominal
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Fig. 1. Device under test: Pipeline ADC architecture

bits at 100MS/s built in a 1.8V 0.18μm CMOS technology.

The target static effective resolution is 15 bits in nominal

conditions, which poses an important test challenge. Indeed,

it is broadly accepted that the tester performance should be at

least a couple of bits above the target resolution of the device

under test. In this case, an ATE with a signal generator above

17 effective bits at 100MHz would be necessary. Such an off-

the-shelf signal generator can hardly be found, which implies

the use of a complex load-board with adequate filtering.

Figure 1 shows the structure of the pipeline. It is composed

of 6 stages plus a final Flash quantizer in a [4433333]bit

configuration. Notice that this architecture does not make use

of any front-end sample-and-hold in order to save power. The

Multiplying DACs that generate and amplify the conversion

residue for the next stage are switched-capacitor flip-around

MDACs using two-stages operational amplifiers with Miller

compensation. The same amplifier structure is used for all

stages, conveniently scaled for power optimization.

As a usual practice, the stages incorporate an extra bit for

redundancy such that small errors in the residue generation do

not saturate the next stage. In addition, the first two stages (the

ones that derive the 7 most significant bits) are self-calibrated

in foreground. The calibration technique is performed in two

steps based on [15]. In the measurement step, amplifier finite

DC-gain and capacitor mismatches are estimated in the digital

domain using the back end stages as measurement instrument.

During the conversion mode, the calibration codes previously

stored in the calibration registers (Look-Up Tables, LUTs

in Fig. 1) are addressed by the stages under calibration to

generate the final calibrated output.

B. Proposed machine learning test strategy for ENOB char-
acterization

The purpose of our machine learning indirect test is to

estimate the value of the Effective Number Of Bits (ENOB)

of the calibrated pipeline ADC under test for a full-scale input

sine-wave. The signatures that are used for the regression

are the set of calibration codes (30 signatures, read from the

calibration LUTs) and some simple measurements performed

on dummy structures. These dummy structures are replicas of

key circuit structures in the ADC that are only used in test

mode and are disconnected from the circuit itself, as proposed

in [10], [11]. In total, we use 3 dummy structures: an NMOS

switch, a CMOS switch and a unit MiM capacitor. A total of

7 test signatures are extracted from these dummy structures:

NMOS and CMOS switch ON resistance, ON and OFF time

constants, and unit capacitor value. Summarizing, the proposed

set of signatures has been crafted to contain the information

on the calibration codes and simple measurements of the main

dynamic limitations in the ADC under test. The calibration

codes are read directly from the self-calibration routine and

the measurements on the dummy structures are either DC or

timing measurements and do not require a resolution anywhere

close to the 17 bits of the ADC. The cost of acquiring the

signatures is thus very reduced compared to that of measuring

the ENOB at a 15 bit level.

The model that we train on that input space is an ensemble

of perceptron neural networks [16]. Such an ensemble works

as follows. The training set is randomly split into 5 equal-size

partitions. One partition is set aside and a perceptron neural

network is trained on the remaining 4 partitions using the con-

ventional back-propagation algorithm. Its generalization error

is estimated on the partition previously set aside. The same

procedure is repeated 4 more times, changing the partition

that is set aside. Notice that some initializing conditions of

the network (e.g., the number of hidden neurons) can be

randomly changed for each iteration. The best 3 models with

respect to the generalization error are then selected and the

final model output is computed as the average response of

these 3 perceptrons.

In this study, the described modeling process with the same

37 signatures and the perceptron ensemble process is applied

to predict the ENOB either before or after calibration in the

context of global process variations only (also called inter-

die variation) or with both global and local process variations
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Fig. 2. ENOB distributions under process variations only

(inter-die plus intra-die). This results in four different scenar-

ios.

Calibration being a post-processing step, two Monte Carlo

simulations had to be undertaken. For the first one, 500

instances were generated varying only process parameters.

For the second one, both process and mismatch variations

were contemplated. Since the dimensionality of the variation

space is much greater than for the process-only simulation,

the number of simulated samples was increased to 2000. In

both cases, 10% of the instances were set aside to compute

the generalization error of the ensemble model.

For all instances, the complete set of signatures and the

ENOB were measured with and without calibration based

on noise-free electrical simulations of the full transistor-level

schematic of the core of the pipeline ADC. In particular,

the core of the ADC includes op-amps, capacitor arrays,

switches, comparators and common-mode feedback circuitry.

The rest of auxiliary blocks in the converter (clock, bandgap,

voltage/current references and digital logic) were modeled

in VerilogA/Verilog to reduce computation time. To give an

idea of the ADC and test setup complexity, the total number

of devices in the simulations included 7.7k 1.8V 0.18μm
transistors, 1.1k MiM capacitors and 0.7k polysilicon resistors.

For the ENOB measurement, a 1.9Vpp amplitude sine-wave

at a frequency of 7MHz was selected. The ADC clock speed

was set at 100MHz as specified and an FFT was performed on

128 samples after discarding the first 0.7μs that are affected

by settling.

Figures 2 and 3 show the distribution of the calibrated and

uncalibrated ENOB for the Monte Carlo simulations with only

process variations for the former and both process variations

and mismatch for the latter. It can readily be observed how

the introduction of mismatch variations increases the spread

of the distributions, both for the calibrated and uncalibrated

ENOB.

IV. RESULTS

The first test scenario consists in predicting the uncalibrated

ENOB in the case of a process-only Monte Carlo simulation.
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Fig. 3. ENOB distributions under both process variations and mismatch
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Fig. 4. Scatterplot of the predicted versus the true uncalibrated ENOB, for a
simulation with process variation only

Figure 4 displays the obtained results: the green dots represent

the full set of simulated circuits and the blue circles highlight

those that have been used only in the test set to evaluate the

generalization error of the model. In order to assess the quality

of the obtained regression model, we use the Figure of Merit

(FOM) defined in [17],

FOM =

√√√√
∑N

i=1

(
Pi − P̄

)2
∑N

i=1 (P
∗
i − Pi)

2
(6)

where Pi and P ∗i are the real and predicted performance of

device i, respectively and P̄ is the average performance of

all devices. The FOM is thus the standard deviation of the

original cloud of point of the metric to be predicted (i.e. the

uncalibrated ENOB in this case) divided by the generalization

error. A FOM higher than 1 shows that the model brings more

information than the naive predictor consisting in taking the

expected (mean) value of the cloud of points. Here, a value

of 3 is obtained which is quite high considering the small

variation range of the uncalibrated ENOB (from 11.4 to 12

bits, with a standard deviation of 0.12bits).
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The second scenario consists in predicting the calibrated

ENOB for the same data, generated by a process-only Monte

Carlo simulation. Figure 5 shows that impressive results can be

obtained, with a FOM as large as 5. The generalization error

on the prediction of the calibrated ENOB is only 0.08bits. This

is a good result that is comparable to the reproducibility error

of an FFT on 128 points.

We can thus assume that the calibrated ENOB variation

is due to high-order phenomena that were masked by the

first-order effect of the most significant stages static transfer

function errors. Examples of phenomena that can affect the

static transfer function and that are not calibrated out by

the method in [15] are: non-linear settling (both op-amp

and switches), amplifier non-linearity, insufficient calibration

depth, etc.

Anyhow, stopping our analysis at that point may have led to

the inadequate conclusion that this Alternate Test is a perfect

substitute to the performance-driven test of a state-of-the-art

pipeline ADC.

In order to make a faithful validation of the approach,

we performed a Monte Carlo simulation of both process and

mismatch variation. In a first place, Fig. 6 shows the prediction

obtained for the uncalibrated ENOB. Similarly to the first

scenario, a FOM of 3.1 is obtained which shows that a good

precision can be reached.

However, the prediction of the calibrated ENOB shown in

Fig. 7 is far from satisfying. The FOM of 0.9 actually tells

us that it is almost useless. The prediction on the training set

seems to point to a correlation but this is a known artifact

due to the finite size of the training set. The generalization

capability is seen on the blue circles (the validation set) and

the obtained cloud of point shows no clear predictive power.

The calibrated ENOB is likely to be affected by global

process parameters but, in the view of the obtained results,

it seems that the dominant contribution to the calibrated

ENOB comes from local mismatch parameters –information

that is only partially present in the selected set of signatures.

However, we could also hypothesize that it is the signatures
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themselves, and not the calibrated ENOB, that are severely

affected by mismatch to the point of losing their correlation to

global process variations, and hence losing all their predicting

power. This is very unlikely, though, since the uncalibrated

ENOB is well predicted both with and without mismatch

variations. We can safely state that the uncalibrated ENOB

is dominated by global process variations, so the information

about global process variations must be present in the signa-

tures and it is not obscured by mismatch.

In order to confirm that extent, we trained a new machine

learning model including as new signatures the complete set of

technological process parameters, that were saved during the

Monte Carlo simulation. If the calibrated ENOB variability is

due to global process variations, then such a model should

show a good predicting power since the very root cause

of these variations would be included (while the original

signatures only contain indirect information). Nevertheless,

Fig. 8 shows that no significant improvement is observed with

respect to Fig. 7. So we can safely conclude that the variability

of the calibrated ENOB is dominated by local mismatch.

Though we cannot draw a generic conclusion from this
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single experiment, it actually makes much sense that calibrated

systems handle the majority of performance deviations due to

first order effects, both due to global and mismatch variations.

Global variations usually have a stronger impact on circuits

than local ones and are thus likely to be calibrated out,

bringing local uncorrelated effects to the front of the causes

of degradation.

A question obviously remains open: would it be possible to

design some signatures that capture the impact of local varia-

tions so as to predict the calibrated ENOB? Our conjecture is

that the set of signatures should share the same root causes of

degradation as the ENOB. With local process variations, the

dimensionality of the space of possible root causes literally

explodes, which definitely makes a direct search an impractical

approach.

V. CONCLUSIONS

In this paper, it has been shown that the performance of

machine learning indirect test may be largely impacted by

local process variations. In particular, it has been shown that

the good prediction of the calibrated ENOB of a state-of-the-

art pipeline ADC under global process variations is completely

unrealistic. In the presence of local variations (which are un-

fortunately unavoidable), the calibrated ENOB prediction does

not provide more insight than the naive predictor consisting

in considering the expected mean value.

The usual assumption that local variations can be neglected

should thus always be verified. The easiest way to proceed is to

generate a small test set using a Process and Mismatch Monte

Carlo simulation. This would not take into account the effects

of mismatch on the model training (which is presumably

equivalent to measurement noise) but would definitely rule

out a strong sensitivity to local variations.

The conclusion of this paper should not be understood,

though, as a criticism to the totality of machine learning

indirect test. Indeed, it has also been observed that the low-

cost signatures preserve the ability to predict the uncalibrated
ENOB in the presence of mismatch. This obviously cannot

replace the specification test, but these signatures could be

good candidates for an efficient screening test. Future work

will thus focus on validating an efficient defect-filter approach,

as proposed in [18], based on the presented set of signatures.
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