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Section 1 contains the extended related work, Section 2
shows additional qualitative results, Section 3 contains ad-
ditional results for identity preservation, Section 4 contains
the implementation details, Section 5 contains additional in-
formation about the experimental setup, Section 6 provides
the results of human evaluation of DiVE, Section 7 contains
details about the model architecture, Section 8 contains the
DiVE Algorithm, and Section 9 contains details about the
OOD experiment.

1. Extended Related Work

Counterfactual explanation lies inside a more broadly-
connected body of work for explaining classifier decisions.
Different lines of work share this goal but vary in the as-
sumptions they make about what elements of the model and
data to emphasize as way of explanation.

Model-agnostic counterfactual explanation like [23,

], these models make no assumptions about model struc-
ture, and interact solely with its label predictions. Karimi
et al. [19] develop a model agnostic, as well as metric ag-
nostic approach. They reduce the search for counterfactual
explanations (along with user-provided constraints) into a
series of satisfiability problems to be solved with off-the-
shelf SAT solvers. Similar in spirit to [30], Guidotti et al.
[14] first construct a local neighbourhood around test in-
stances, finding both positive and negative exemplars within
the neighbourhood. These are used to learn a shallow deci-
sion tree, and explanations are provided in terms of the in-
spection of its nodes and structure. Subsequent work builds
on this local neighbourhood idea [15], but specializes to
medical diagnostic images. They use a VAE to generate
both positive and negative samples, then use random heuris-
tic search to arrive at a balanced set. The generated explana-
tory samples are used to produce a saliency feature map for
the test data point by considering the median absolute devi-
ation of pixel-wise differences between the test point, and

the positive and negative example sets.

Gradient based feature attribution. These methods
identify input features responsible for the greatest change
in the loss function, as measured by the magnitude of the
gradient with respect to the inputs. Early work in this area
focused on how methodological improvements for object
detection in images could be re-purposed for feature at-
tribution [38, 39], followed by work summarized gradient
information in different ways [31, 33, 35]. Closer inspec-
tion identified pitfalls of gradient-based methods, including
induced bias due to gradient saturation or network struc-
ture [1], as well as discontinuity due to activation func-
tions [32]. These methods typically produce dense fea-
ture maps, which are difficult to interpret. In our work we
address this by constraining the generative process of our
counterfactual explanations.

Reference based feature attribution. These methods fo-
cus instead on measuring the differences observed by sub-
stituting observed input values with ones drawn from some
reference distribution, and accumulating the effects of these
changes as they are back-propagated to the input features.
Shrikumar et al. [32] use a modified back-propagation ap-
proach to gracefully handle zero gradients and negative con-
tributions, but leave the reference to be specified by the
user. Fong and Vedaldi [10] propose three different heuris-
tics for reference values: replacement with a constant, ad-
dition of noise, and blurring. Other recent efforts have fo-
cused on more complex proposals of the reference distribu-
tion. Chen et al. [5] construct a probabilistic model that acts
as a lower bound on the mutual information between inputs
and the predicted class, and choose zero values for regions
deemed uninformative. Building on desiderata proposed by
Dabkowski and Gal [6], Chang et al. [4] use a generative
model to marginalize over latent values of relevant regions,
drawing plausible values for each. These methods typically



either do not identify changes that would alter a classifier
decision, or they do not consider the plausibility of those
changes.

Counterfactual explanations. Rather than identify a set
of features, counterfactual explanation methods instead
generate perturbed versions of observed data that result in
a corresponding change in model prediction. These meth-
ods usually assume both more access to model output and
parameters, as well as constructing a generative model of
the data to find trajectories of variation that elucidate model
behaviour for a given test instance.

Joshi et al. [18] propose a gradient guided search in la-
tent space (via a learned encoder model), where they pro-
gressively take gradient steps with respect to a regularized
loss that combines a term for plausibility of the generated
data, and the loss of the ML model. Denton et al. [8] use a
Generative Adversarial Network (GAN) [12] for detecting
bias present in multi-label datasets. They modify the gener-
ator to obtain latent codes for different data points and learn
a linear decision boundary in the latent space for each class
attribute. By sampling generated data points along the vec-
tor orthogonal to the decision boundary, they observe how
crossing the boundary for one attribute causes undesired
changes in others. Some counterfactual estimation methods
forego a generative model by instead solving a surrogate
editing problem. Given an original image (with some pre-
dicted class), and an image with a desired class prediction
value, Goyal et al. [13] produce a counterfactual explana-
tion through a series of edits to the original image by value
substitutions in the learned representations of both images.
Similar in spirit are Dhurandhar et al. [9] and Van Loov-
eren and Klaise [37]. The former propose a search over
features to highlight subsets of those present in each test
data point that are typically present in the assigned class, as
well as features usually absent in examples from adjacent
classes (instances of which are easily confused with the la-
bel for the test point predicted by the model). The latter
generate counterfactual data that is proximal to x,est, with
a sparse set of changes, and close to the training distribu-
tion. Their innovation is to use class prototypes to serve as
an additional regularization term in the optimization prob-
lem whose solution produces a counterfactual.

Several methods go beyond providing counterfactually
generated data for explaining model decisions, by addition-
ally qualifying the effect of proposed changed between a
test data point and each counterfactual. Mothilal et al. [24]
focus on tabular data, and generate sets of counterfactual
explanations through iterative gradient based improvement,
measuring the cost of each counterfactual by either distance
in feature space, or the sparsity of the set of changes (while
also allowing domain expertise to be applied). Poyiadzi
et al. [28] construct a weighted graph between each pair

of data point, and identify counterfactuals (within the train-
ing data) by finding the shortest paths from a test data point
to data points with opposing classes. Pawelczyk et al. [206]
focus on modelling the density of the data to provide ’at-
tainable’ counterfactuals, defined to be proximal to test data
points, yet not lying in low-density sub-spaces of the data.
They further propose to weigh each counterfactual by the
changes in percentiles of the cumulative distribution func-
tion for each feature, relative to the value of a test data point.

2. Qualitative results

Figure 1,2 present counterfactual explanations for addi-
tional persons and attributes. The results show that DiVE
achieves higher quality reconstructions compared to other
methods. Further, the reconstructions made by DiVE are
more correlated with the desired target for the ML model
output f(z). We compare DiVE to PE and xGEM+. We
found that gender changes with the “Smiling” attribute with
Soiasea While for fiipiasea it stayed the same. In addition,
we also observed that for fi.eq the correlation between
“Smile” and “Gender” is higher than for PE. It can also be
observed that xGEM+ fails to retain the identity of the per-
son in x when compared to PE and our method. Finally,
Figure 3 shows successful counterfactuals for different in-
stantiations of DiVE.
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Figure 1: Qualitative results of DiVE, Progressive Exagger-
ation (PE) [34], and xGEM [ 18] for the “Smiling” attribute.
Each column shows the explanations generated for a target
probability output of the ML model. The numbers on top of
each row show the actual output of the ML model.

Note that PE directly optimizes the generative model to
take an input variable § € R that defines the desired output



Query Image Generated Visual Explanations
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Figure 2: Qualitative results of DiVE, Progressive Exag-
geration (PE) [34], and xGEM+ for the “Young” attribute.
Each column shows the explanations generated for a target
probability output of the ML model. The numbers on top of
each row show the actual output of the ML model.
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Figure 3: Successful counterfactual generations for differ-
ent instantiations of DiVE. Here, the original image was
misclassified as non-smiling. All methodologies were able
to change the predicted class to ”Smiling”.

probability § = f(x) + . To obtain explanations at dif-
ferent probability targets, we train a second order spline on
the trajectory of perturbations produced during the gradient
descent steps of our method. Thus, given the set of perturba-
tions {e;}, Vt € 1..7, obtained during 7 gradient steps, and
the corresponding black-box outputs { f(y|e;)}, the spline
obtains the €5 for a target output ¥ by interpolation.

3. Identity preservation

As argued, valuable explanations should remain proxi-
mal to the original image. Accordingly, we performed the
identity preservation experiment found in [34] to bench-
mark the methodologies against each other. Specifically,
use the VGGFace2-based [3] oracle to extract latent codes
for the original images as well as for the explanations and
report latent space closeness as the fraction of time the ex-
planations’ latent codes are the closest to their respective
original image latent codes’ compared to the explanations
on different original images. Further, we report face veri-
fication accuracy which consist of the fraction of time the
cosine distance between the aforementioned latent codes is
below 0.5.

Table | presents both metrics for DiVE and its baselines
on the “Smilling” and ““Young” classification tasks. We find
that DiVE outperforms all other methods on the “Young”
classification task and almost all on the ”Smiling” task.

4. Implementation details

In this Section, we provide provide the details to ensure
the that our method is reproducible.

Architecture details. DiVE’s architecture is a variation
BigGAN [2] as shown in Table 3. We chose this archi-
tecture because it achieved impressive FID results on the
ImageNet [7]. The decoder (Table 3b) is a simplified ver-
sion of the 128 x 128 BigGAN’s residual generator, without
non-local blocks nor feature concatenation. We use Instan-
ceNorm [36] instead of BatchNorm [17] to obtain consistent
outputs at inference time without the need of an additional
mechanism such as recomputing statistics [2]. All the In-
stanceNorm operations of the decoder are conditioned on
the input code z in the same way as FILM layers [27]. The
encoder (Table 3a) follows the same structure as the Big-
GAN 128 x 128 discriminator with the same simplifications
done to our generator. We use the Swish non-linearity [29]
in all layers except for the output of the decoder, which uses
a Tanh activation.

For all experiments we use a latent feature space of 128
dimensions. The ELBO has a natural principled way of se-
lecting the dimensionality of the latent representation. If
d is larger than necessary, it will not enhance the recon-
struction error and the optimization of the ELBO will make
the posterior equal to the prior for these extra dimensions.
More can be found on the topic in [22]. In practice, we ex-
perimented with d = {64,128,256} and found that with
d = 128 we achieved a slightly lower ELBO.

To project the 2d features produced by the encoder to a
flat vector (u, log (o)), and to project the sampled codes
z to a 2d space for the decoder, we use 3-layer MLPs. For



CelebA:Smiling

CelebA:Young

xGEM PE xGEM+ DiVE (ours) xGEM PE xGEM+ DiVE (ours)
Latent Space Closeness 88.2 88.0 99.8 98.7 89.5 81.6 97.5 99.1
Face Verification Accuracy 0.0 85.3 91.2 97.3 0.0 72.2 97.4 98.2

Table 1: Identity preserving performance on two prediction tasks.

the face attribute classifiers, we use the same DenseNet [16]
architecture as described in Progressive Exaggeration [34].

Optimization details. All the models are optimized with
Adam [20] with a batch size of 256. During the training
step, the auto-encoders are optimized for 400 epochs with
a learning rate of 4 - 10~%. The classifiers are optimized
for 100 epochs with a learning rate of 10~%. To prevent the
auto-encoders from suffering KL vanishing, we adopt the
cyclical annealing schedule proposed by Fu et al. [11].

Counterfactual inference details. At inference time, the
perturbations are optimized with Adam until the ML model
output for the generated explanation f(X) only differs from
the target output § by a margin 6 or when a maximum num-
ber of iterations 7 is reached. We set 7 = 20 for all the
experiments since more than 90% of the counterfactuals are
found after that many iterations. The different €; are initial-
ized by sampling from a normal distribution A" ~ (0,0.01).
For the DiVE g4, baseline, to identify the most valuable
explanations, we sort € by the magnitude of the diagonal of
the Fisher Information Matrix, i.e. f = diag(F'). Then, we
divide the dimensions of the sorted € into N contiguous par-
titions of size k = %, where D is the dimensionality of Z.
Formally, let €®) be € sorted by f, then €f) is constrained
as follows,

(£) 0,
Cig = { (£)
Cigo

where ¢ € 1..N indexes each of the multiple ¢, and j €
1..D indexes the dimensions of €. As a result we obtain
partitions with different order of complexity. Masking the
first partition results in explanations that are most implicit
within the model and the data. On the other hand, mask-
ing the last partition results in explanations that are more
explicit.

To compare with Singla et al. [34] in Figures 1-2 we pro-
duced counterfactuals at arbitrary target values ¢ of the out-
put of the ML model classifier. One way to achieve this
would be to optimize Lcr for each of the target probabil-
ities. However, these successive optimizations would slow
down the process of counterfactual generation. Instead, we
propose to directly maximize the target class probability
and then interpolate between the points obtained in the gra-
dient descent trajectory to obtain the latent factors of the

ifje(i—1) ki k

otherwise

; 6]

different target probabilities. Thus, given the set of pertur-
bations {e;}, V¢ € 1..7, obtained during T gradient steps,
and the corresponding ML model outputs { f (y|et)}, we ob-
tain the € for a target output § by interpolation. We do such
interpolation by fitting a piecewise quadratic polynomial on
the latent trajectory, commonly known as Spline in the com-
puter graphics literature.

5. Beyond Trivial Explanations Experimental
Setup

The experimental benchmark proposed in Section 4.1 is
performed on a subset of the validation set of CelebA. This
subset is composed of 4 images for each CelebA attribute.
From these 4 images, 2 were correctly classified by the ML
model, while the other 2 were misclassified. The two cor-
rectly classified images are chosen so that one was classi-
fied with a high confidence of 0.9 and the other one with
low confidence of 0.1. The 2 misclassifications were cho-
sen with the same criterion. The total size of the dataset
is of 320 images. For each of these images we generate
k counterfactual explanations. From these counterfactuals,
we report the ratio of successful explanations.

Here are the specific values we tried in our hy-
perparameter search: ~ € [0.0,0.001,0.1,1.0], a €
[0.0,0.001,0.1,1.0], A € [0.0001,0.0005, 0.001], number
of explanations 2 to 15 and learning rate € [0.05,0.1]. Be-
cause XGEM+ does not have a vy nor « parameter, we in-
creased its learning rate span to [0.01,0.05,0.1] to reduce
the gap in its search space compared with DiVE. We also
changed the random seeds and ran a total of 256 trials.

6. Human Evaluation

We built a web-based human evaluation task to assess if
DiVE is more successful at finding non-trivial counterfactu-
als than previous state of the art and the effectiveness of the
VGG-based oracle, see Figure 4. For that, we present to a
diverse set of 20 humans from different countries and back-
grounds with valid counterfactuals and ask them whether
the main attribute being classified by the ML model is
present in the image or not. We use a subset of CelebA con-
taining a random sample of 4 images per attribute, each one
classified by the VGGg,, oracle as containing the attribute
with the following levels of confidence: [0.1,0.4,0.6,0.9].
From each of these 160 images, we generated counterfactu-



Human # ML Classifier
Method (real non-trivial) Correlation | p-value
xGEM+ [ 18] 38.37% 0.37 0.000
DiVE 38.65% 0.25 0.002
DiVERandom 38.89% 0.24 0.001
DiVEFisher 40.56% 0.17 0.023
DiVEFigherspectral 41.90% 0.23 0.001

Table 2: Human evaluation. The first column contains the
percentage of non-trivial counterfactuals from the perspec-
tive of the human oracle. These counterfactuals confuse
the ML classifier without changing the main attribute be-
ing classified from the perspective of a human. The second
column contains the Pearson correlation between the human
and the oracle’s predictions. The third column contains the
p-value for a t-test with the null hypothesis of the human
and oracle predictions being uncorrelated.

Do you see the following facial attribute? Straight_Hair

Figure 4: Labelling interface. The user is presented with a
counterfactual image and has to choose if the target attribute
is present or not in the image.

als with xGEM+ [18], DiVE, DiVERrandom, DiVEFisher, and
DiVEFisherspectral and show the valid counterfactuals to the
human annotators. Results are reported in Table 2. In the
left column we observe that leveraging the Fisher infor-
mation results in finding more non-trivial counterfactuals,
which confuse the ML model without changing the main
attribute being classified. In the second column we report
the Pearson correlation between the oracle and the classifier
predictions. A statistical inference test reveals a significant
correlation (p-value<0.02).

7. Model Architecture

Table 3 presents the architecture of the encoder and de-
coder used in DiVE.

8. Model Algorithm

Algorithm 1 presents the steps needed for DiVE to gen-
erate explanations for a given ML model using a sample
input image.

Table 3: DiCe architecture for 128 x 128 images. ch rep-
resents the channel width multiplier in each network.

RGB image r € R128%128x3

ResBlock down 3ch — 16¢ch
ResBlock 16ch — 32ch
ResBlock down 32ch — 32ch
ResBlock 32ch — 64ch
ResBlock down 64ch — 64ch
ResBlock 64ch — 128ch
ResBlock down 128ch — 128ch
ResBlock 128ch — 128ch
ResBlock down 128ch — 128ch
IN, Swish, Linear 128ch x 4 x 4 — 128ch
IN, Swish, Linear 128ch — 128ch
IN, Swish, Linear 128ch — 128ch x 2
2z~ N(p € R¥8 5 c RS

(a) Encoder

z € R'?8
Linear 128ch — 128ch
Linear 128ch — 128ch
Linear 128ch — 128ch x 4 x 4

ResBlock up 128ch — 64ch
ResBlock up 64ch — 32ch

ResBlock 32ch — 16¢h
ResBlock up 16ch — 16¢ch

ResBlock 16ch — 16¢h
ResBlock up 16ch — 16¢ch

ResBlock 16ch — 16¢h

IN, Swish, Conv 16¢ch — 3
tanh

(b) Decoder

9. Out-of-distribution experiment

We test the out-of-distribution (OOD) performance of
DiVE with the Synbols dataset [21]. Synbols is an image
generator with characters from the Unicode standard and
the wide range of artistic fonts provided by the open font
community. This provides us to better control on the
features present in each set when compared to CelebA.
We generate 100K black and white of 32x32 images
from 48 characters in the latin alphabet and more than 1K



Algorithm 1: Generating Explanations

Input
Output

: Sample image x, ML model f(-)
: Generated Conterfactuals X

1 Initialize the perturbations matrix parameter of size
nxd
2 ¥+ randn(p = 0,0 = 0.01)

3 Get the original output from the ML model
4y« fz)

5 Extract the latent features of the original input
6 2 < qp(x)

7 Obtain fisher information on z
8 f. <+ F(2)

9 Obtain k partitions using spectral clustering
10 P + SpectralClustering(f,)

11 Initialize counter
1210

13 while i < 7 do

14 | foreache,p € (X, P)do

15 Perturb the latent features

16 X po(z+e)

17 Pass the perturbed image through the ML
model

18 g f(x)

19 Learn to reconstruct Y fromY

20 L < compute Eq. 4

21 Update € while masking a subset of the
gradients

oL

22 e e+ Gz p

23 end

24 Update counter

25 1 1+1

26 end

fonts (Figure 5). In order to train the VAE on a different
disjoint character set, we randomly select the following 32
training characters:
m, n, p, 9, ¥, t, vy, z, &, &, &, a, e, é,

&, &, i, i, o, 8, u, u, a}. Counterfactuals are
then generated for the remaining 16 characters: {c, h,

k, o, s, u, v, w, x, &4, i, i, 1, 6, o, ﬁ}

{a, b, d, e, £, g, i, 3, 1,

DiVE’s objective is to discover biases on the ML model
and the data. Thus, we use the font attribute in order to
bias each of the characters on small disjoint subsets of fonts.
Font subsets are chosen so that they are visually similar. In

Figure 6: Successful counterfactuals for four different syn-
bols in the OOD regime. Each sample consists of the
original image in bigger size, five different counterfactuals
generated by DiVEgisherspectral, and the difference in pixel
space with respect to the original image (gray background).
The header in each sample indicates the target class, e.g.,
i,u,w. All the counterfactuals are predicted by the ML
model as belonging to the target class and differ from the
oracle (non-trivial).

order to assess their similarity, we train a ResNetl2 [25]
to classify the fonts of the 100K images and calculate sim-
ilarity in embedding space. Concretely, we use K-Means
to obtain 16 clusters which are associated with each of the
16 characters used for counterfactual generation. The font
assignments are reported in Table 4. Results for four dif-
ferent random counterfactuals are displayed in Figure 6.
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Table 4: Font clusters assigned to each character.

DiVEFisherspectral Successfuly confuses the ML model with-
out changing the oracle prediction, revealing biases of the
ML model.

10. Details on the Bias Detection Metric

In Table 1 in the main text, we follow the procedure in
first developped in [18] and adapted in [34] and report a
confounding metric for bias detection. Namely, the “Male”
and “Female” is the accuracy of the oracle on those class
conditioned on the target label of the original image. For
example, we can see that the generated explanations for

the the biased classifier, most methods generated an higher
amount of Non-smiling females and smiling males, which
was expected. The confounding metric, denoted as overall,
is the fraction of generated explanations for which the gen-
der was changed with respect to the original image. It thus
reflect the magnitude of the the bias as approximated by the
explainers. Singla et al. [34] consider that a model is bet-
ter than another if the confounding metric is the highest on
fbiased and the lowest on funbiased-

This is however not entirely true. There is no guaran-
tee that fyjseq Will perfectly latch on the spurious correla-



tion. In that case, an explainer’s ratio could potentially be
too high which would reflect an overestimation of the bias.
We thus need to a way to quantify the gender bias in each
model. To do so, we look at the difference between the clas-
sifiers accuracy on “Smiling” when the image is of a “Male”
versus a “Female”. Intuitively, the magnitude of this differ-
ence approximates how much the classifier latched on the
“Male” attribute to make its smiling predictions. We com-
pute the same metric for in the non-smiling case. We aver-
age both of them, which we refer as ground truth in Table 1
(main text). As expected, this value is high for the fy;aseq and
low for finpiasea- Formally, the ground truth is computed as

Eap(a) |Ezymp(ayla) [| Ly = f(2)]a = ai] o

where a represents the attribute, in this case the gender.
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