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Abstract—Generative adversarial networks (GANs) are
promising for a range of applications, including image translation
and denoising, as well as synthetic data generation. These appli-
cations can be mapped to memristive crossbar arrays (MCAs)
for ultra-high energy efficiency and portability. However, con-
ductance variation within analog crossbars degrades the quality
of the GAN outputs and necessitates robust post-manufacturing
testing. We propose a two-stage adaptive test framework for
compute-in-memory (CiM) based GANs, comprising an exhaus-
tive test and a compact test. The exhaustive test measures the
inception score of a device under test (DUT) by applying a large
number of noise vectors, called the exhaustive noise set. To reduce
test time, a compact test estimates the inception score of a DUT
from a carefully chosen subset of these vectors, called the compact
noise set. The compact noise set is determined by a binary mask
optimized with a novel backpropagation-guided algorithm to
minimize the difference between the estimated and true inception
scores of the DUTs. Finally, to leverage both the accuracy of the
exhaustive test and the speed of the compact test, the proposed
adaptive test framework first applies the compact test to every
DUT. Only the DUTs that yield low confidence in classifications
are then subjected to the exhaustive test. Experiments show that
this adaptive approach achieves less than 1% test escapes while
offering up to 7.26x speedup compared to exhaustive test.

Index Terms—generative adversarial networks, compute-in-
memory, functional test, test compaction.

I. INTRODUCTION

The proliferation of generative AI models has led to break-
throughs in image translation and denoising, synthetic data
generation, and text generation [1]-[4]. Some commonly used
models for image generation are generative adversarial net-
works (GAN) [5], diffusion models [6], and variational au-
toencoders [7]. Researchers have utilized memristive crossbar
arrays (MCAs) to execute matrix multiplications directly in
memory, substantially lowering the power consumption of
deep learning workloads [8], [9]. Static matrix multiplications
within a transformer and transpose convolutions in a GAN
have been accelerated using MCAs [8], [9]. However, for
MCA-based GANSs, analog matrix multiplications are sus-
ceptible to conductance variations within the crossbar [10],
and these variations can introduce computational errors that
severely degrade the quality of the generated images. For
example, as shown in Fig. 1, two MCA-based GANs generate
realistic images, and the other two produce unusable, noisy
results. This variability necessitates rigorous post-manufacture
testing for every manufactured MCA-based GAN chip to
ensure it meets quality standards after deployment.

noisy image

realistic image

Fig. 1: Impact of conductance variation on GAN outputs

While prior work on functional testing of Al accelerators
has focused on convolutional neural networks (CNNs) and
spiking neural networks (SNNs) for image classification tasks
and language models for text generation [11]-[17], these
frameworks do not apply to image-generative models, such
as GANSs for two reasons: (1) The input to a GAN is a noise
vector as opposed to a predefined image (2) A realistic output
image from a GAN can have infinitely many real valued pixel
representations as opposed to a unique class label.

In this work, we address a fundamental question: How
can we efficiently test the functional quality of MCA-based
GANs? Leveraging the Inception Score [18] as the basis
for “pass”/“fail” classification, we develop an exhaustive test
that accurately characterizes a device under test (DUT) by
calculating its Inception Score from a large set of input noise
vectors, called the exhaustive noise set. To address the high test
latency of exhaustive testing, we develop a compact test that
estimates the Inception Score using an optimized small subset
of the input noise vectors, called the compact noise set. A
backpropagation guided test compaction algorithm identifies
the compact noise set that best predicts the Inception Score
across a population of MCA-based GANs. While compact
testing is fast, simulations show that compact testing alone
does not achieve adequate test coverage. Finally, to achieve
both fast and accurate testing, we combine these methods into
an adaptive framework that first applies the rapid compact test.
Only “hard-to-characterize” DUTs (i.e., their estimated incep-
tion score is close to the pass/fail threshold) are subsequently
evaluated with the exhaustive test. This approach significantly
reduces average test time while maintaining high test accuracy.
To the best of our knowledge, this is the first research that
addresses testing of MCA-based GANS.

In summary, this paper makes the following contributions:
(1) We quantify the impact of crossbar conductance variation
on the Inception Score of MCA-based GANS.
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Fig. 2: Overview of the proposed test framework.

(2) We develop an exhaustive, Inception Score-based test
framework for accurate functional testing.

(3) We propose a novel backpropagation-guided test com-
paction algorithm to drastically reduce test time.

(4) We develop a highly accurate adaptive test framework,
which is up to 7.26x faster than exhaustive testing.

II. APPROACH OVERVIEW

This work aims to characterize MCA-based GANs (DUTs)
based on inception score (IS) [18]. If the IS of a DUT is ¥
and the acceptable IS cutoff for an application is W, a DUT
is defined as “pass” if ¥ > Wy, and as “fail” if ¥ < Wy, Fig.
2 explains the overall framework, as follows:

(1) Exhaustive Test: In the exhaustive test framework (ex-
plained in Section IV), a large number of noise vectors
sampled from the probability density function of the GAN
inputs constitute the exhaustive noise set. In the example of
Fig. 2 (top), the exhaustive noise set has 16 noise vectors.
During testing, the GAN generates images corresponding to
the applied noise vectors. From the generated images, the
DUT’s IS is calculated, and the DUT is classified as “pass” or
“fail”.

(2) Compact Test: Compact test aims to reduce the test
latency by approximately estimating a DUT’s IS using a small
subset of the exhaustive noise set, called the compact noise
set (explained in Section V). In the example shown in Fig.
2 (middle), the test compaction algorithm down-selects 4 out
of the total 16 noise vectors, which are applied for estimating
the DUT’s IS W. Based on W,n, the DUT is labeled as “pass”
(I > Uyy,) or “fail” (I < Uyy,).

(3) Adaptive Compact Test: As shown in Fig. 2 (bottom),
the adaptive compact test framework applies exhaustive test
only to the “hard-to-characterize” DUTs. All other DUTs are
classified using the compact test.

III. PRELIMINARIES

This work focuses on the inference phase of a popular GAN
architecture: deep convolutional GAN (DCGAN) [19]. The
generator in a GAN consists of transpose convolution and ac-
tivation layers. Transpose convolution involves (1) upsampling
the input tensors by inserting zeros and (2) convolution with
the filter weights. In MCA-based architectures, the flattened
weight matrix of a transpose convolution layer is stored using
MCA. Upsampled inputs are fed to the crossbar, and outputs
are generated along columns of the crossbar. We refer the
reader to [5], [9] for more information about the mathematical
details and MCA-based acceleration of GANSs.
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Fig. 3: Inception Score Calculation.

A major limitation of this architecture is that memristor cells
within a crossbar array suffer from device-to-device and cycle-
to-cycle conductance variations [10], [20]. Cycle-to-cycle con-
ductance variation can be modeled as independent random
variation. Device-to-device variation can be inter-chip or intra-
chip [21], [22]. Inter-chip variation can be modeled as global
or systematic variation, whereas intra-chip variation can be
modeled as random or local variation. In the presence of such
conductance variations, the weights represented by the crossbar
differ from the GAN’s trained weights. Such weight deviations
introduce computation errors in matrix multiplication outputs,
and these errors propagate to the image, degrading its quality.

To model the inference of the generator in the presence of
such computation errors, we replace each ideal weight w; of

the generator with a corresponding non-ideal weight w; as:
w; = wi(1+ €)= w;(1+ ¥ + &), (1)
Here ¢; refers to the non-ideality factor, and €°¥° and ezmd
refer to the systematic and random non-ideality factors. By
definition, all memristor cells share the same systematic non-
ideality factor and is sampled from a zero-mean normal
distribution with variance Ufys. The random non-ideality factor
of each memristor cell is sampled independently from another
zero-mean normal distribution with variance o2 ,. Hence, the

rnd*
variance of €; is 07,, = 02,402, ;. We define the percentages

2
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of systematic and random variations as —** x 100% and
tot
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IV. EXHAUSTIVE TEST

The core objective of the test framework is to assess how
well the generator can produce images that resemble the
distribution of natural images. Inception Score (IS) is used as
the evaluation metric because it simultaneously assesses both
the visual fidelity and the diversity of the generated image
distribution. Conductance variations in the crossbar arrays
introduce computational errors that directly degrade the image
quality and class distinguishability, measured using IS. In this
section, we present the mathematical basis of IS, its calculation
for a DUT using a set of input noise vectors, and the method
for determining the final exhaustive noise set for testing.

A. Mathematical Formulation of Inception Score

To calculate the IS of a GAN, its output images are passed
through Inception v3 [23], an Inception network pretrained on
the ImageNet dataset [24]. Assume that a GAN generates an
image x corresponding to an input noise vector 1 (as shown
in Fig. 3). For every image z, Inception net assigns class
conditional probabilities P(y|x) for a total of Y output classes.
IS is formally defined as the exponential of the Kullback-
Leibler (KL) divergence [25] between the class conditional
distribution for a generated image P(y|z), and the marginal



class distribution P(y) over the set of all generated images
[18]:

¥ = exp (E [DKL(Mym»nP(yn) @

If the image = is of good quality, Inception net assigns a
high probability to only one class, resulting in low entropy of
P(y|z). On the other hand, if the generated images have high
diversity, P(y) has high entropy. We show that the logarithm of
IS (referred to as the log-IS) is the difference of the entropy of
P(y) (called sample entropy) and the entropy of P(y|x) (called
class conditional entropy). The log-1S can be expressed as:

o= log\I/ = E, [Dkr(P(ylz)|[P(y))]

=E, ZIP’ ylz)lo ?g;
Y Y
= —E, Y P(ylz)logP(y) + B, Y P(y|z) log P(y|x)
=1 =1
Yy ! Y
= =3 P(yle)P(z)logP(y) + Es Y P(ylz) log P(y|x)
1 x =1
yY y Y
=- Z P(y)logP(y) + Es Y _ P(y|a) log P(y|x) 3)
y=1
- Hs - Hc (4)

In (3), the first term is referred to as the sample entropy
H, and the second term is referred to as the class conditional
entropy H, as defined in (7) and (9).

B. Log-Inception Score Calculation of a DUT

We now explain how the sample and class conditional
entropy of a DUT can be calculated by applying a set of
N noise vectors to the DUT. Assume that we apply N
noise vectors {n1,7n2,- - ,nny} to a DUT (as shown in Fig.
3). Corresponding to the n-th noise vector, the generated
image is x,. When z,, is applied to the pretrained Inception
net, the output probability corresponding to the y-th class is
Py = y|lz = x,) = pny. The Inception probability matrix
with respect to the set of N the applied noise vectors {n, }N_,

is defined as:
P11 P12 Py
p=| 1 )
PN,1 PN2 PN)Y
Since each image =, in the set {z,, }/_; has equal probability
of being generated, P(z,) = +. From p and P(x,,), we can
calculate the sample and class conditional entropies as:

N 1 N
Y
H, ==Y P(y)logP(y) ()
=1
Yy 1
= _Z any log — any ®)
y=1 n=1

Y

H, = —E, Y P(ylx)logP(y|z) ©)
y=1
N Y 1 N Y
= Z ]P)(‘Tn) an,y 1ngn,y = _N Z an,y Ingn,y
n=1 y=1 n=1y=1
(10)

In summary, from an N X Y dimensional Inception proba-
bility matrix, the log-IS « is calculated as:

Y N | N
== Z (N anu) log (N any)
n=1 n=1

y=1

1 N Y
+ N Z an,y lngn,y (11)

n=1y=1
Here, A is defined as a function that converts the Inception
probability matrix of a DUT to its log-IS.
C. Overall Exhaustive Test

The IS of a GAN depends on the set of input noise vectors.
If J independently sampled sets of N noise vectors {77 3],1
(each 77 has N noise vectors) are applied to a GAN and
the measured inception scores corresponding to the noise sets
are {W7}/ -1, then Wi £ W for i # j. To fix the size of the
exhaustive noise set, we want to set NV sufﬁciently large so that
the standard deviation o and mean p of {\I/f 1 satisfy 7
1%. Once N is fixed, N noise vectors {n}n 1 are sampled
from P(n), which constitute the exhaustive noise set &

The overall exhaustive test can be summarized as:

(1) Create an exhaustive noise set & = {11,712, - , N}

(2) Apply each noise vector from & to a DUT and from DUT
outputs create the Inception probability matrix p € RV*Y
(3) Calculate log-inception score « using (11). Calculate the
DUT’s inception score ¥ = exp(«), and label it as “pass” if
U > Wy, for a predefined threshold Wy,.

V. COMPACT TEST

The exhaustive test described in Section IV is guaranteed
to correctly label a DUT as “pass”/“fail”. However, it incurs
a significant test time cost due to the large number of noise
vectors (V) required. To accelerate the testing process, we
introduce a compact test that estimates the IS using a much
smaller, carefully selected subset of K noise vectors (K < N),
referred to as the compact noise set ¥. The key challenge
is to select a compact noise set that is representative of the
exhaustive noise set.

A. Optimization Objective

For test compaction, we first apply the exhaustive test to
initial D DUTSs. The Inception probability matrix of the d-th
DUT is computed as p? and the log-IS as a?. Our goal is
to choose a compact noise set ¢ such that if the log-IS of
the d-th DUT measured using % is &%, then o? ~ a?. To
down-select noise vectors, we introduce a binary mask M =
[m1  ma mpy], where m,, = 1 indicates that ,, € €.
To pick a compact noise set with K noise vectors, the test
compaction problem can be mathematically formulated as:
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This is a combinatorial optimization problem with (I]\(Z) pos-
sible solutions. Since K can be of the order of 102, stochastic
optimization methods, such as a genetic algorithm, are compu-
tationally intractable. Next, we introduce a backpropagation-
guided test compaction algorithm, which leverages the modern
deep learning framework PyTorch [26] and can be accelerated
using GPUs to optimize the binary mask.

B. Soft-mask Based Optimization

The core idea of the constrained optimization framework
is to introduce a “soft-mask”, namely a neural network with
noise input signals as network inputs and class probabilities
as outputs. This is updated using gradient-based optimization
and then binarized to obtain M. We introduce a set of
trainable real-valued weights, W = [w; wy ... wy],
one corresponding to each noise vector in &. A softmax
function converts these weights into the soft-mask, M =

[my  ma my], where each element is calculated as:
i, = K x M. (15)

anzl exp(wn/ )
Equation (15) ensures 25:1 m, = K and the mask is

differentiable with respect to the WW. Accounting for the soft-
mask, the marginal class distribution P(y), sample entropy H,
class conditional entropy H. and log-IS « are calculated as:

N ~
P(y) — M (16)

N -
Zn lmn

Hs:—ZIP’

N -

My

H. (E Pn,y log pn, y) (18)
n=1 Zn 1m y=1

a=H;— H, (19)

)log P(y (17)

C. Test Compaction Algorithm

The test compaction algorithm (outlined in Algorithm 1)
starts with total D DUTs for which the Inception probability
matrices corresponding to the exhaustive noise set and incep-
tion scores are known. In each epoch, the training is split into
% batches, where in each batch B randomly sampled DUTs
are used. For each DUT, based on the current weight, the
log-IS is estimated as &°. The loss is calculated as the mean
absolute error between the true and estimated IS. The gradient
of the loss with respect to the trainable weights is calculated,
and the weights are updated using the Adam optimizer. At the
end of the e-th epoch, the weights are updated such that the
soft-mask contains K ones and N — K zeros. K is reduced
from N to K using a multiplicative scheduler.

Algorithm 1 Overall Test Compaction Framework

1: Input: D DUTs with known inception probability matrices and
true log-IS {p¢,a?}}_, from the exhaustive test. Size of the

exhaustive noise set = N and compact noise set = K. Number
of epochs F, batch size = B.
2: Output: Binary mask M = [m1 ma -+ mn].
3. Set K = N and initialize W = [w1  we wy| ran-
domly.
4: for e =1to E do ~
5:  Calculate soft-mask M = [m1 M2 my| where
~ _ 4 exp(wn
Mn = K N bixp()wt)
6:  for batch = 1 to
7: Sample B out of total D DUTs. Assume the b-th DUT has
Inception probability matrix p® and log-IS o® (1 < b < B).
8: Base;;l on the soft-mask, estimate the log-IS of the b-th DUT
as &’
9: Calculate loss £ = & SE ot —ab).
10: Calculate gradients Vv L.
11: Update weights: W < fodam (W, Vi L).
12:  end for

13 Set K’ =K*= EN'"E

14:  Set top- K weights of W to 0 and other weights to —oo
15: end for _

16: Calculate M and set M = M

17: Return M

VI. ADAPTIVE COMPACT TEST

Despite being % x faster than exhaustive test, compact test

can misclassify DUTs. We observe that if the IS of a DUT is
U and the cutoff IS is Uy, then a smaller value of |U — Wy |
results in a higher likelihood of the DUT being misclassified.
The proposed adaptive compact test framework has two stages:
(1) A DUT’s IS is first estimated from the compact test. For
a predefined uncertainty range A, the DUT is determined as
hard-to-characterize if the estimated IS W satisfies | ¥ — WU, | <
A. Otherwise the DUT is classified as “pass” (‘i/ > Wyy,) or
“fail” (U < Wyp).
(2) If a DUT is hard-to-characterize, all the remaining noise
vectors from the set & — % are applied to the DUT and its true
IS W is calculated. Based on ¥ and ¥, the DUT is labeled
as “pass” or “fail”.

To calculate A, we use the D DUTSs used for test com-
paction. If the true and the estimated IS of the d-th DUT is
U and U9, then we define the uncertainty range A as:

A=vx max |[®9— 99 (20)
d={1,2,---,D}

We call v(v > 0) the uncertainty range multiplier. For
larger values of v, more DUTs undergo exhaustive test.

VII. RESULTS
A. Experimental Setup

We evaluate MCA based deep convolutional GAN (DC-
GAN) [19] trained using CIFAR-10 and CIFAR-100 datasets
[27]. The baseline inception score (IS) is 6.47 for CIFAR-10
and 6.70 for CIFAR-100. Following prior work, we restrict
maximum systematic variation to 50% of the total variation
[21]. We simulate for 3 variability conditions: (1) typical
variation (25% systematic and 75% random) (2) extreme sys-
tematic variations (50% systematic and 50% random) and (3)
extreme random variation (0% systematic and 100% random).
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Fig. 4: Inception score vs variability trends.
We assume oy, = 0.3 (defined in Section III) and input

noise vectors (n € R'99) follow normal distribution, i.e.,
n ~ N(0,I). For test compaction and uncertainty range A
determination, we use D = 1000 DUTs. We evaluate the
compact test and the adaptive compact test on another 1000
DUTs. For test compaction, we optimize for total &/ = 100
epochs using the Adam optimizer [28] in Pytorch [26]. For cal-
culating the inception probability matrix, gan-metrics-pytorch
repository [29] is used. We observe that U, > 6.0 results in
low manufacturing yield and Wy, < 4.5 leads to deployments
of GANs which generate blurry images. Hence, we evaluate
the proposed framework for cut-off inception scores in the
range 4.5 < Uy, < 6.0. The framework is evaluated using 3
metrics:
(1) Test Escape (TE): If the inception score (IS) of a DUT W
is less than the cutoff IS of W;j,, and the DUT is classified as
“pass”, it is referred to as test escape.
(2) Yield Loss (YL): If a DUT is classified as “fail”, whereas
U > ¥y, it is referred to as yield loss.
(3) Test Speedup: It measures how fast a test framework
is compared to the exhaustive test. During testing, if the
d-th DUT requires N, input noise vectors, we calculate
Test Speedup = N —. For compact test, Ny = K and
1000 > a2 Na
the speedup is % The overall objective is to achieve low test
escape, low yield loss, and high test speedup. Throughout this
section, we report test escape and yield loss as percentages.
B. Impact of Variability

For each variability condition, we simulate 1000 DUTs and
calculate their average and minimum (worst-case) IS. Fig.
4 shows that for CIFAR-10, the average and worst IS for
50% systematic variation are 4.85 and 1.0. For 0% systematic
variation the average and worst case IS are 5.27 and 4.66. For
CIFAR-100, as we go from 50% to 0% systematic variation,
the average IS increases from 4.61 to 5.04 and the worst-
case IS increases from 1.00 to 4.13. The key takeaway is that
systematic variation is more detrimental to image generation
quality of GANs than random variation.
C. Determine the Size of Exhaustive Noise Set

Section IV-C explains how to determine the size of the
exhaustive noise set /N. We generate J = 100 independent sets
of N noises and measure the IS of the trained GAN model for
each set of input noises. For each N, we calculate the mean ()
and standard deviation (o) of the measured inception scores.
Table I shows that for both CIFAR-10 and CIFAR-100, we
achieve o/ < 1% for N = 10000. So we use N = 10000
noise vectors for exhaustive testing.
D. Performance of Compact Test

Fig. 5 and Fig. 6 respectively, show the test escape and yield
loss for the compact test framework. For typical variation (25%

TABLE I: Ratio of standard deviation to mean (o/u) vs N

N 500 | 1000 | 2000 | 5000 | 10000
o/i(%) | CIFAR-10 | 341 | 249 | 193 | 13 | 093
o/i(%) | CIFAR-100 | 432 | 299 | 225 | 133 | 084

systematic, 75% random) and W, in the range 4.5 — 6.0, test
escape lies within 0.4 — 5.2% for K = 500 (K is the number
of noise vectors for compact test), 0.3 — 4% for K = 1000
and 0.2 —3.2% for K = 2000. Similarly, yield loss lies within
04 — 7.2% for K = 500, 0.4 — 4.6% for K = 1000 and
0.1 — 3.3% for K = 2000. As K increases, the inception
score estimates become more accurate leading to lower test
escapes and yield loss. For K = 1000 and across different
variability conditions, the worst case test escape is 10.2% for
Uy, = 5.3, 100% random variation and the worst case yield
loss is 7.4% for W;, = 5.2, 100% random variation. It is
observed that for 100% random variation the test escapes and
yield loss are higher compared to other variability conditions.
Results for the CIFAR-100 dataset show similar trends. The
key takeaways are: (a) Higher K leads to lower test escapes
and yield loss, but lower test speedup (b) For a given K, 100%
random variation has the highest test escape and yield loss.
E. Performance of Adaptive Compact Test

Based on the takeaways from the compact test, for an
optimal trade-off between speedup and DUT mis-classification,
we fix K = 2000 for 100% random variation and K = 1000
for 50% and 25% systematic variation. Fig. 7 and Fig. 8
show the test escape and yield loss for the uncertainty range
multiplier v = 0.6,0.8,1.0 (refer to (20)). For CIFAR-10,
test escape and yield loss are less than 2.1% and 1.2% for
v =0.6, 1.2% and 0.6% for v = 0.8 and 0.5% and 0.3% for
v = 1.0 across all ¥y, and variability conditions. Similarly for
CIFAR-100 and v = 1.0, test escape and yield loss are within
0.4% and 0.3%. For practical use case, v = 0.8 or 1.0 can be
used. Fig. 9 shows that for CIFAR-10, » = 0.8 and different
W,p, speedup of adaptive compact test is 3.21 — 7.26x for
75% random variation, 1.64 — 5x for 100% random variation
and 3.45 — 7.82x for 50% random variation. For CIFAR-
100 as well, we observe similar trends. For CIFAR-10, 100%
random variation and ., = 5.2,5.3 (Fig. 9b), we observe
large number of hard-to-characterize DUTs resulting in lower
test speedup.
FE Test Time

For 25% systematic variation, Wy, = 5.5 and v = 0.8,
adaptive compact test requires 0.93 seconds to test each DUT,
when the Inception Net is deployed on an NVIDIA A100 GPU.

VIII. CONCLUSION
We develop an adaptive compact test methodology for MCA
based GANs. The test compaction is achieved using a novel
backpropagation-guided binary mask optimization. The pro-
posed adaptive compact test achieves less than 1% test escapes
while demonstrating up to 7.26x test speedup compared to
the exhaustive test. In future, the proposed test compaction
algorithm can be used for other deep learning accelerators.
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Fig. 9: Adaptive compact test: speedup vs inception score cutoff (Uy;) for confidence range multiplier » = 0.8, 1.0 and for (a)
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