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Abstract

In machine learning, disparity metrics are often defined
by measuring the difference in the performance or outcome
of a model, across different sub-populations (groups) of dat-
apoints. Thus, the inputs to disparity quantification consist
of a model’s predictions ŷ, the ground-truth labels for the
predictions y, and group labels g for the data points. Per-
formance of the model for each group is calculated by com-
paring ŷ and y for the datapoints within a specific group,
and as a result, disparity of performance across the differ-
ent groups can be calculated. In many real world scenarios
however, group labels (g) may not be available at scale dur-
ing training and validation time, or collecting them might
not be feasible or desirable as they could often be sensitive
information. As a result, evaluating disparity metrics across
categorical groups would not be feasible. On the other
hand, in many scenarios noisy groupings may be obtainable
using some form of a proxy, which would allow measur-
ing disparity metrics across sub-populations. Here we ex-
plore performing such analysis on computer vision models
trained on human faces, and on tasks such as face attribute
prediction and affect estimation. Our experiments indicate
that embeddings resulting from an off-the-shelf face recog-
nition model, could meaningfully serve as a proxy for such
estimation.

1. Introduction
Studying bias in machine learning has recently become

an active area of research [3, 27]. Inconsistent performance
of machine learning models on sensitive data could have
dire consequences, if/when the technology gets adopted
in areas such as healthcare [5], financial loan applications
[2], law enforcement [31], etc. As a result, measuring
the performance of machine learning models across dif-
ferent groups, and ensuring that the models are not learn-
ing shortcuts based on irrelevant demographic-related con-
founding variables would be crucial. One of the sensi-
tive types of data often used in training machine learning
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Figure 1. Overview of the proposed approach. Using the proxy
(face recognition) embeddings, a neighborhood, and thus a neigh-
borhood error for each datapoint is calculated. We show that the
disparity in the performance of a model across different neigh-
borhoods, could roughly estimate it’s performance disprity across
individuals (for small neighborhood sizes), and across groups (for
larger neighborhood sizes). In the toy example illustrated here,
analysis on the model results in the green curve. Comparing that
to other hypothetical baselines (blue and yellow), the green model
is estimated to have the lowest performance disparity across indi-
viduals, as it has lower disparity for smaller neighborhood sizes.
However, the blue curve is estimated to have lower group-level
disparity, as it has lower estimated disparity in large neighborhood
sizes. In this work, we empirically verify this phenomenon for
face models, and when face recognition embeddings are used as
proxy features.

models, is images of human faces. A face image could
reveal demographic-based information about individuals,
from which the model’s bias should be mitigated. Also,
there is the known issue of data imbalance in many face-
based data sets [19], which could lead to models learning
shortcuts and therefore, ignoring less represented groups in
the dataset.

There has been research conducted in the area of dispar-
ity of performance of face-model such as face detection [1],
face recognition [19], generation [38], expression predic-
tion [39], etc, focused on using demographic information
for directly measuring, and often for training fairer models.

In many scenarios however, such data is not available
for evaluation, and collecting it may be not scalable and/or
desirable. In this work, our goal is to empirically ver-
ify whether we can estimate performance disparity of a
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face model, under such constraints, i.e. without having
the demographic information. We show that feature em-
beddings extracted from an off-the-shelf face-recognition
model could act as a proxy for estimating the performance
disparity of an arbitrary face-model. We show that with-
out any categorical information, and using proxy feature
embedding from face recognition models, we can estimate
disparity measures, which consistently correlate with both
individual, and also group-level disparity metrics.

Prior work has also explored creating balanced datasets
such as [17]. While being extremely valuable sources, scal-
ing the number of samples in such datasets is often stren-
uous, as they require significantly higher per-datapoint an-
notation cost. In addition, the concept of a fully balanced
dataset is non-trivial, and is often defined based on a lim-
ited number of pre-defined semantic attributes. Thus we
believe that being able to measure performance disparity in
a data-driven way, and on (larger) datasets that lack such
annotation and balance, could provide additional insight.

Intuition: Face-recognition models are often trained us-
ing metric learning objectives. The model is trained to
learn an embedding space, in which every positive pair of
faces are mapped close to each other, while every negative
pair of faces will be pushed apart from each other. Given
enough training data, the models learn to match faces by
comparing less mutable features of a face, i.e. facial fea-
tures. In other words, given a face, a nearest neighbor re-
trieval in the face recognition feature space would ideally
retrieve all the face images of the same identity first, and
then other identities with similar facial features. As a result,
the neighborhood of a face in this space, could be consid-
ered as a lookalike sub-population that shares similar fa-
cial features. An example of such manifold is shown in
Figure 2 for the test set of the celebA dataset [26]. Our
study shows that one can measure the disparity of the per-
formance of a face-model of interest (such as affect recogni-
tion, or attribute prediction), across different neighborhoods
across this embedding-space, and infer a notion of perfor-
mance disparity for the model. This simple approach yields
to proxy-based fairness metrics which highly correlate with
both individual, and group level fairness metrics given dif-
ferent definitions of embedding-space neighborhoods.

Fairness under unawareness has recently become an ac-
tive area of research [6, 12] as mitigating bias without re-
quiring label information is a prevalent scenario. Most ear-
lier work in this area have been focused on optimization
approaches such as invariant risk minimization [7], and dis-
tributionally robust optimization [14], in which worst case
risk is minimized to mitigate bias. Related to the same line
of work, [24] uses adversarial re-weighting to mitigate bias
in training models. Our work falls under the category of as-
sessment of fairness without demographics and using proxy
features, similar to [6]. The difference between our work

Figure 2. tSNE representation [36] of the face recognition em-
beddings on a random subset of the celebA dataset test set. We
hypothesize that measuring disparity between the performance of
a face model across different neighborhoods of this distribution is
an informative measure, and predictive of its performance dispar-
ity metric across categories.

and the earlier works in this area is due to the nature of
the proxy features. Given that our proxies are extracted
from a model with a metric learning objective, they do not
directly provide psuedo-labels for datapoint (likelihood of
belonghing to any specific group). Rather, the structure of
datapoints could implicitly be indicative of an underlying
groupings. Due to that, rather than disparity across seman-
tic categories, we aim to mesaure structural disparities in
the proxy embedding space.

We evaluate performance disparity metrics for CNN
models trained for face attribute prediction [26], and visual
affect recognition [8, 13, 21, 23, 25, 35, 40], which aims to
estimate the emotional state of a person using 2 continuous
values of valence (how positive or negative the emotional
display is), and arousal/intensity (how calming or exciting
the emotional display is) [11, 29, 33].

2. Framework
Given a model trained to perform a task (such as pre-

dicting attributes or affect) on an input xi (face images),
resulting in prediction ŷi, its performance/error could be
evaluated by comparing ŷi to its true value yi. Given a
group label gi for each data-point, performance disparity
of the model could be evaluated by measuring the incon-
sistency of its performance across different groups. There-
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fore, given n datapoints X = {x1, x2, ..., xn}, their cor-
responding model predictions Ŷ = {ŷ1, ŷ2, ..., ŷn}, their
true labels Y = {y1, y2, ..., yn}, and group memberships
G = {g1, g2, ..., gn} (in which each datapoint belongs to
a group gi 2 {1, 2, ...,m}), the disparity of the model per-
formance could be defined as a function of the three afore-
mentioned inputs: d = f(Y, Ŷ,G). Under unawareness,
G is not available. Instead, a form of proxy feature z is
available, which is assumed to implicitly contain informa-
tion correlating with G. The goal here is to calculate an ap-
proximation of the disparity metric: d̂ = f 0(Y, Ŷ, z) such
that d ⇠ d̂. In this work we do not use demographic labels
G (individual and/or group labels) in training or validation,
but we use them in order to evaluate our hypothesis, namely
d ⇠ d̂. The natural question would be, what does d ⇠ d̂
entail. Given that in most model training scenarios, many
variations of a model are being trained using different archi-
tectures, loss functions, data augmentations, etc, being able
to compare different models and rank them in terms of dis-
parity could be of more utility to the community. Therefore,
in addition to evaluating |d � d̂|, we also evaluate whether
the ranking resulting from d̂ would mimic that of d.

2.1. Proxy features
We use feature embeddings from a face recognition

model [18] as proxy features for identities. Assuming face
recognition models generalize, the embedding space man-
ifold of faces should be highly structured as a function of
facial features. Neighboring faces are more likely to belong
to the same individual, or different individuals with simi-
lar facial features. Therefore, neighboring faces are more
likely to share identity-related group memberships. On that
basis, if a model performs more uniformly across different
neighborhoods in this embedding space, it is more likely to
be fair across different individuals, and also across different
groups.

2.2. Constructing Embedding Neighborhoods
We define the neighborhood of a datapoint as the set of

datapoints in its vicinity in the proxy embedding space. We
use notation N i

s, referring to neighborhood with size s of
the ith datapoint. We define the size of a neighborhood in
two different ways:

Based on radius: For the ith datapoint (face image
xi, and its corresponding proxy zi), we define N i

s=r as its
neighborhood with radius r. The neighborhood is defined
as the set of all datapoints whose proxy is within distance r
of zi (as shown in Figure 3 - left). Formally:

N i
s=r = {xj | |zj � zi| < r}. (1)

Based on number of nearest-neighbors (kNN): An al-
ternative way of defining a neighborhood, would be based

Figure 3. Left shows neighborhoods defined based on radius (dis-
tance) in the proxy space, resulting in a spatially uniform neigh-
borhood size. Right shows the grouping based on k-nearest neigh-
bors, resulting in neighborhoods with equal cardinality.

on the number of nearest neighbors (k in kNN, as shown in
Figure 3 - right), denoted as N i

s=k.
As shown in Figure 3, radius-based filtering would re-

sult in a spatially-balanced representation of the embedding
space manifold. However, the cardinality of the neighbor-
hood sets are going to be non-balanced, as different data-
points could have different number of neighbors within a
fixed radius r. kNN-based filtering on the other hand, re-
sults in neighborhoods with balanced cardinality.

2.3. Disparity across Embedding Neighborhoods
Given the size s neighborhood of the ith datapoint N i

s,
model’s prediction error in that neighborhood could be
quantified as:

eis = ⌃j2Ni
s

|ŷj � yj |
|N i

s|
(2)

Given the performance of the model across different
neighborhoods with the same size (s = r or s = k),
we can construct sets of neighborhood errors: Es =
{e1s, e2s, ..., eNs }, and measure the amount of disparity across
them. We measure two standard notions of disparity,
namely standard-deviation, and Rawlsian max-min [32].
Rawlsian max-min disparity is defined based on the ratio
of minimum and maximum expected utility across groups,

quantified as 1�
min

i
(ei)

max
i

(ei)
|i2G. Given that we are considering

neighborhood errors to be surrogates for group errors, the
Rawlsian max-min measure across neighborhoods of size s
would be defined as:

Rs = 1�
min

i
eis

max
i

eis + ✏
(3)

In which max
i

eis would specify the error of the model on
the most under-served neighborhood of size s. We also add
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a small constant value ✏ to simply prevent zero denomina-
tors. In addition to Rs, we also measure standard deviation
�s of error across different groups as an alternative measure
of disparity. Given that these measures are based on em-
bedding neighborhoods, we refer to them as DEN, short for
Disparity across Embedding Neighborhoods.

3. Experimental Results
3.1. Models and Datasets

We evaluate the efficacy of our disparity estimation
method on a classification instance (attribute prediction), in
addition to a regression instance (affect prediction). In the
following we provide details on the setup for each instance.

3.1.1 Attribute Prediction

We use celebA dataset [26] containing 40 attributes per im-
age. We use the attributes Male, Pale Skin, and Young
(which are often considered sensitive attributes), in addi-
tion to Oval Face, Big Lips, Big Nose, Pointy Nose, and
Narrow Eyes (as they describe facial features), as different
group labels. We then train a model to predict the other 32
attributes. We train a ResNet18 [15] model, which results in
average attribute prediction accuracy of 83 %. In addition
to the group labels, the dataset also provides identity labels
for each of the faces, allowing us to validate the consis-
tency of our approach with individual fairness, in addition
to the different group fairness measures. We evaluate the 32
attribute predictors in terms of their performance disparity
across neighborhoods, and compare their estimated perfor-
mance disparity (DEN) to their actual ground-truth individ-
ual, and group-level disparity measures.

3.1.2 Affect Recognition

We evaluate our approach on a regression instance of pre-
dicting valence and arousal. We train multiple models on
the same tasks (predicting valence and arousal), and use
the model prediction error to evaluate our approximate dis-
parity metrics. We use the AFEW-VA [22] dataset along-
side it’s annotations of identity (individuals) and group
(Male/Female shown as M/F), using which we measure the
ground-truth individual and group-level performance dis-
parities. The dataset consists of 600 videos extracted from
movies, ranging from 10 to 120 frames. In our evaluations,
faces are extracted from the videos and treated as single
datapoints. We compare our estimated disparity measure
(DEN) to the true individual and group-level disparity met-
rics. We use 6 different models, trained on the AffectNet
dataset [28]. In the following, we provide details on the
models used in our experiments.
ResNet-18-IN [15]: pretrained on Imagenet [9], fine-tuned
for affect prediction.

VGGFace [30]: pretrained on VGGFace dataset [30], fine-
tuned according to [20]-Table2.
SE-ResNet-50 [4, 16]: pretrained on VGGFace2 [4], fine-
tuned for affect prediction.
DAN+ [37]: pretrained on VGGFace dataset [30], fine-
tuned for affect prediction.
EfficientNet-B4 [34]: pretrained on Imagenet [9], fine-
tuned for affect prediction.
EmoFAN [35]: released by the papers’ authors, directly
used for inference. The model was trained already on Af-
fectNet following similar training configurations and data
transformations used in the aforementioned models.
For completeness, the performances of the models on
AFEW-VA are reported in table 5 of the appendix. We also
provide detailed descriptions of the standard affect recogni-
tion evaluation metrics in Section 5.1 of the appendix.

3.2. Evaluation:
In section 3.2.1, we describe the construction and in-

terpretation of the Disparity across Embedding Neighbor-
hoods (DEN) curves. In section 3.2.2 we compare our DEN
measures, to the true individual and group level disparity
measures, calculated using the ground-truth group informa-
tion. We then measure the capability of DEN in terms of
ranking different models in Section 3.2.3. Finally, in Sec-
tion 3.2.4 we discuss the interplay between the proxy bias
and the model bias.

3.2.1 Disparity across Embedding Neighborhoods
(DEN) Curves

In Figure 4, and 5 we illustrate the estimated disparity
for each neighborhood radius (sweeping from minimum to
maximum) for the celebA attribute predictors, and for the
affect models respectively. Given each value for neigh-
borhood size (such as radius r, or cardinality k), we mea-
sure the disparity measure of choice (Standard-deviation or
Rawlsian max-min) of the model(s) performance across dif-
ferent neighborhoods with that neighborhood size. This re-
sults in a curve for each model (as shown in Figure 4 and 5).
Y-axis shows the disparity across neighborhoods metric and
x axis shows the neighborhood size. The values in the fig-
ure legend specify the area under each curve. Larger neigh-
borhood sizes lead to more overlap between the neighbor-
hoods, and therefore often less disparity across them. For
the largest neighborhood size, all datapoints will be in the
same neighborhood, resulting in disparity of 0 by defini-
tion. Also, in the smallest neighborhood size (1 datapoint
per neighborhood), there is no structural information, re-
sulting in disparity across all the datapoints. An ideally fair
model would have a very small area under curve as it would
perform with small disparity across different neighborhood
sizes. The area under curve could potentially be seen as
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an overall measure of structural disparity based on facial
features. Due to space limitations, we included standard-
deviation based curves in the appendix.

3.2.2 Disparity Estimation Error

Given each neighborhood size (s), we measure the neigh-
borhood errors for all of the datapoints. Disparity across
neighborhood errors is then measured based on Rawlsian
max-min Rs (Rr or Rk), as explained in Equation 3, or sim-
ply based on the standard deviation of the estimated errors,
�s (�r, or �k). We then evaluate the mean absolute error of
different neighborhood-based disparity metrics and individ-
ual and group disparity metrics (Rawlsian: RG, standard-
deviation: �G). We quantify the mean absolute error be-
tween the estimated, and true disparity measure (|Rs�RG|,
and |�s � �G|). We evaluate the aforementioned absolute
error for different neighborhood sizes, and different types
of neighborhood (radius-based and kNN based). Figure 6
shows this error for the celebA dataset, and for the attribute
prediction tasks (average error of 32 attributes). Top shows
estimation of standard-deviation and bottom shows Rawl-
sian max-min disparity metric estimation error. For both
metrics, left, shows radius based neighborhoods and right
shows kNN based neighborhood definitions. In all the fig-
ures, it can be observed that smaller neighborhood sizes are
better estimates for disparity-across-individuals, and larger
neighborhood sizes, are better estimates of group-level-
disparity. Similarly, Figure 7 shows the same patterns in the
AFEW-VA dataset. In both experiments, we observe that
individual disparity is better estimated with smaller neigh-
borhoods, and group disparity, with larger neighborhoods.
Please note that we do not prescribe using a specific neigh-
borhood size (radius, or kNN), for any specific group-level
disparity estimation, as they could be completely different
based on the dataset, disparity metric, and proxy model. We
simply conclude that smaller neighborhoods better approxi-
mate for individual disparity, and larger neighborhoods bet-
ter approximate group-level disparities.

Please note that given no demographic information and
no proxy, the only alternative measure of disparity would
be calculating the disparity metrics across individual data-
points, or equivalently at s = 0. In all the curves in Figure
6 and 7, it can be observed that, a more optimal estimation
error is achieved at a non-zero neighborhood sizes. This at-
tests that using proxy neighborhoods is a better alternative
when no group information is available.

3.2.3 Disparity-based Ranking

In most applications such as hyper-parameter search, archi-
tecture search, etc, being able to rank different models in
terms of their performance disparity is often of more util-
ity, compared to the absolute value of an estimated met-

kNN radius
corr p-val corr p-val

individual 0.71 1.98e-10 0.7 4.97e-10
Male 0.54 4.22e-06 0.54 5.08e-06

Young 0.31 1.23e-02 0.3 1.63e-02
Oval Face 0.48 5.63e-05 0.5 2.49e-05
Pale Skin 0.41 8.46e-04 0.43 4.38e-04
Big Lips 0.28 2.54e-02 0.27 3.28e-02
Big Nose 0.3 1.48e-02 0.29 1.95e-02

Pointy Nose 0.46 1.64e-04 0.45 1.89e-04
Narrow Eyes 0.65 1.39e-08 0.66 6.34e-09

Table 1. The correlation between DEN-AUC (Area-under-curve
of the Disparity across Embedding Neighborhoods), and the true
disparity across individuals and groups in the celebA dataset for
different definitions of neighborhood (radius and kNN). In all sce-
narios, the Kendall-tau correlation coefficient (corr) indicates a
positive correlation with a statistically significant p-value, attest-
ing that our estimated disparity metric is capable of meaningfully
ranking different models in terms their true cross-group perfor-
mance disparities.

kNN radius
corr p-val corr p-val

individual 0.79 1.07e-04 0.82 4.41e-05
M/F 0.42 6.29e-02 0.39 8.63e-02

Table 2. The correlation between DEN-AUC and group-disparity
for the afewVA dataset. Similar to the celebA results shown in
Table 1, we observe a consistent positive correlation between the
rankings resulting from the estimated and true disparities, with sta-
tistically significant p-values.

rics at a specific neighborhood size. Therefore, we evaluate
how well the area under curve of our neighborhood-based
metric (AUC-DEN) can rank different models in terms of
their performance disparity. More specifically, given a set
of models, we evaluate the area under the DEN curve. In
addition we measure the disparity of the models across in-
dividuals and groups. We then evaluate if our ranking is
consistent with the ranking acquired by the true individual
and group level metrics. Table 1 and 2 contain the correla-
tions for celebA and AFEW-VA datasets, respectively. We
measure the Kendall-tau correlation coefficient between the
two ranking lists, which evaluates the ratio of concordant
pairs, resulting in a value between -1 and 1. It can be ob-
served that for all of the different variations of neighbor-
hood type (kNN or radius), disparity metrics (Rawlsian and
standard-deviation), and across both datasets (celebA and
AFEW-VA), there is a positive correlation (corr) with a sta-
tistically significant p-value. This shows consistent correla-
tion between the estimated disparities and the true individ-
ual and group-level disparities in terms of ranking different
models.
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Figure 4. The Rawlsian Disparity across Embedding Neighborhoods (DEN) evaluated across different radiuses for different attribute
predictors of the celebA dataset. The figure legend contains the area under curve for each attribute predictor. The attributes Attractive and
Wearing Lipstick have been predicted to have the highest disparity.

Figure 5. The Rawlsian Disparity across Embedding Neighborhoods (DEN) evaluated across different radiuses for different models pre-
dicting Valence and Arousal. Comparing EmoFAN Valence (blue) to ResNet-18 Valence (green), it can be observed that ResNet18 has
lower disparity for smaller radiuses (thus more likely to be a better choice in terms of individual fairness), and EmoFAN seems to have
lower disparity at larger radiuses, thus, more likely to be fairer across groups. Given this pool of models, one may pick valence predictor
of EfficientNet (lowest AUC across valence predictors), and ResNet-18-IN (or DAN+) for Arousal prediction (lowest AUC across arousal
predictors).
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Figure 6. Disparity estimation error for different neighborhood sizes for the celebA dataset. Top-row shows the error of estimating
the standard deviation across individuals. Bottom row shows the Rawlsian max-min disparity estimation error. We evaluate different
neighborhood sizes based on radius (left), and kNN (right). In all variations, minimum disparity estimation error for individuals consistently
occurs in smaller neighborhood sizes compared to group-level disparity measures.

Figure 7. Disparity estimation error for different neighborhood sizes for the AFEW-VA dataset. Top-row shows the error of estimating
the standard deviation across individuals. Bottom row shows the Rawlsian max-min disparity estimation error. We evaluate different
neighborhood sizes based on radius (left), and kNN (right). In all variations, minimum disparity estimation error for individuals consistntly
occurs in smaller neighborhood sizes compared to group-level disparity metrics.
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Model PCC p-value
Resnet18 - Valence 0.027 0.27
Resnet18 - Arousal 0.045 0.07
VGGFace - Valence -0.00 0.79
VGGFace - Arousal 0.040 0.11
SE-ResNet-50 - Valence 0.009 0.72
SE-ResNet-50 - Arousal 0.024 0.34
DAN+ - Valence 0.000 0.97
DAN+ - Arousal 0.019 0.43
EfficientNet-B4 - Valence -0.00 0.98
EfficientNet-B4 - Arousal 0.020 0.42
EmoFAN - Valence -0.01 0.67
EmoFAN - Arousal 0.016 0.51

Table 3. Pearson Correlation Coefficient of Proxy-noise vs model
error AFEW-VA dataset.

3.2.4 Proxy-noise vs estimation error

Given that we use features extracted from a face recognition
model as a proxy, and the fact that this model itself may
have biased performance across different sub-populations
of the dataset, the interplay of the two biases is non-trivial.
To measure the independence of these biases, we measure
the correlation between the performance of each model on
each datapoint, and the retrieval metric of the same data-
point in the proxy space (retrieving faces of the same per-
son in the dataset). The pearson correlation coefficient be-
tween per-datapoint attribute prediction accuracy for each
attribute, and per-datapoint face-recognition AUROC is re-
ported in Table 4 and 3 for celebA and AFEW-VA, respec-
tively. It can be observed that there is no significant cor-
relation in these instances. Even though we simply veri-
fied low correlation between the performance of the model
and the proxy in our experiments, the interplay between the
proxy inaccuracy and the model inaccuracy should be fur-
ther investigated, as the effects in a non-correlated scenario
is non-trivial.

4. Conclusion
This work shows the possibility of estimating disparity

of face models, on datasets with no demographic informa-
tion. This opens the door to more thorough evaluation of
face-models on larger datasets, which mostly do not contain
such information. Given that this analysis is done on prox-
ies, it measures structural bias of models towards arbitrary
facial features. Thus, even in presence of demographic in-
formation, it could provide complementary insight. We be-
lieve that this analysis would not be a replacement to group
aware analysis, but merely a complement, and an insightful
alternative in the absence of group information.

Model PCC p-value
5o Clock Shadow -0.03 0.16
Arched Eyebrows -0.01 0.53
Attractive 0.003 0.87
Bags Under Eyes -0.03 0.13
Bald -0.02 0.29
Bangs 0.009 0.66
Black Hair -0.02 0.33
Blond Hair -0.00 0.77
Blurry 0.040 0.07
Brown Hair 0.027 0.22
Bushy Eyebrows -0.02 0.34
Chubby -0.02 0.26
Double Chin -0.02 0.36
Eyeglasses -0.01 0.60
Goatee -0.00 0.90
Gray Hair 0.001 0.96
Heavy Makeup 0.004 0.83
High Cheekbones -0.02 0.23
Mouth Slightly Open -0.01 0.38
Mustache -0.00 0.88
No Beard -0.03 0.13
Receding Hairline -0.00 0.97
Rosy Cheeks 0.002 0.90
Sideburns -0.01 0.45
Smiling -0.01 0.46
Straight Hair 0.007 0.72
Wavy Hair -0.00 0.76
Wearing Earrings -0.00 0.78
Wearing Hat 0.014 0.51
Wearing Lipstick 0.036 0.10
Wearing Necklace 0.011 0.60
Wearing Necktie -0.01 0.46

Table 4. Pearson Correlation Coefficient of Proxy-noise vs model
error on Celeb-A dataset.
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