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AbstractÐ CelebA is the most common and largest scale
dataset used to evaluate methods for facial attribute prediction,
an important benchmark in imbalanced classification and face
analysis. However, we argue that the evaluation metrics and
baseline models currently used to compare the performance
of different methods are insufficient for determining which
approaches are best at classifying highly imbalanced attributes.
We are able to obtain results comparable to current state-of-
the-art using a ResNet-18 model trained with binary cross-
entropy, a substantially less sophisticated approach than related
work. We also show that we can obtain near-state-of-the-art
results on accuracy using a model trained with just 10% of
CelebA, and on balanced accuracy simply by maximizing recall
for imbalanced attributes at the expense of all other metrics.
To deal with these issues, we suggest several improvements to
model evaluation including better metrics, stronger baselines,
and increased awareness of the limitations of the dataset.

I. INTRODUCTION

Facial attribute labels describe a face with natural language

features such as big nose, bushy eyebrows, gray hair, and

smiling. In addition to the direct utility of being able to

describe a face in words, attribute labels have been used to

improve face verification and identification [17][23], seman-

tic segmentation [16], and other face parsing tasks such as

detection and landmarking [20]. Facial attributes have also

recently become popular for face editing [2][11]. The largest

and most widely used facial attribute dataset is CelebA [19],

which contains 202,599 images of 10,177 people labeled

with 40 binary attributes. The images are provided in both

the original, uncropped format and as 218×178 cropped and

aligned images. We refer to the two versions as CelebA-ITW

(In the wild) and CelebA-C+A (Cropped+aligned). Examples

of both are shown in Figure 1.

In this work we show that near-state-of-the-art accuracy

can be obtained on both versions of the CelebA dataset

using a ResNet-18 model [10] trained with binary cross-

entropy loss without any auxiliary data. This is in contrast

to most recent attribute prediction approaches, which use

substantially larger models and additional information such

as segmentation masks and identity labels. By using initial

weights pretrained on ImageNet, our results become even

more competitive. On CelebA-ITW our results with pre-

training substantially improve upon the accuracy obtained by

current state-of-the-art models, most of which use auxiliary

data far closer to the target domain.

We argue that a major reason models struggle to improve

upon such a simple baseline is that the metrics used to
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Fig. 1. Examples of CelebA-ITW images (top) and their CelebA-C+A
versions (bottom).

evaluate them are severely flawed. Due to the imbalanced

nature of the dataset, very high accuracy can be obtained for

some attributes by a naive classifier which always predicts

the majority class. We obtain results not far behind current

state-of-the-art even when randomly discarding 90% of the

training data, which disproportionately impacts the least

balanced attributes. Furthermore, we show that balanced

accuracy, used by several works as an alternative metric

for dealing with these issues, can in fact be even worse for

measuring performance on imbalanced data. We demonstrate

how balanced accuracy can be exploited by training a model

to a balanced accuracy score of 88.4%, only slightly behind

state-of-the-art, with an average precision of just 58.6%.

These metrics result in consistent overestimation of model

quality, masking labeling issues which prevent reasonable

performance on certain attributes. Better metrics show that

several attributes are too subjective or poorly labeled to be

reliably predicted.

These flaws in currently used evaluation metrics, combined

with the wide variety of backbone models and hyperpa-

rameter selections in other state of the art approaches as

well as the lack of publicly available implementations, make

it difficult to meaningfully compare different methods. To

deal with this issue, we provide several suggestions for

improved evaluation of facial attribute prediction models.

Future work should evaluate models using F1-score or other

metrics not affected by true negative counts, provide com-

parisons to stronger baselines more closely related to the

proposed method, and better acknowledge the limitations

of the dataset. Almost all labels are applied inconsistently

across different images of the same person, suggesting that

a new attribute dataset may be necessary for better evaluation

of future work. We provide our implementation and per-

attribute results at github.com/blingenf/celeba-baselines as a

simple but strong baseline for future work to compare to.978-1-6654-3176-7/21/$31.00 ©2021 IEEE



II. RELATED WORK

Since the release of the CelebA dataset in 2015, there

have been many proposed methods for CelebA attribute

prediction. Liu et. al. used three deep Convolutional Neural

Networks (CNNs) ± LNet0, LNets and ANet ± where the

LNet networks detect the face in an unaligned image and

ANet predicts attribute labels. Linear SVMs are then trained

on the validation set to translate features learned by ANet to

attribute predictions [19].

Later works rely on more typical end-to-end CNN models.

MOON [21], which uses CelebA-C+A, consists of VGG-

16 with a multitask loss function which accounts for differ-

ences between a source and target distribution. AFFACT [6],

which provides results for both CelebA-C+A and CelebA-

ITW (with faces detected by a pretrained face detector),

uses ResNet-50 combined with both train-time and test-time

augmentations. MCNN-AUX [8] uses a shallower CNN with

different branches for different attribute groupings to take

advantage of relationships between attributes.

Other works use additional data or labels to improve

performance. SSP+SSG [15] takes advantage of the relation-

ship between part localization and attribute prediction, using

semantic segmentation to improve prediction performance. A

semantic segmentation model trained on the segmentation-

labeled Helen face dataset is used to gate and pool activations

in a VGG-based architecture. Later work by the same authors

uses an Inception-v3 backbone which jointly learns attribute

prediction and semantic segmentation, improving the perfor-

mance of both [16]. Segmentation data has also been used

by [9], who use a Generative Adversarial Network (GAN) to

generate segmentation masks which are then used to generate

an additional set of features to combine with features from

the RGB images.

In addition to auxiliary data, auxiliary labels can be

used to improve attribute prediction. LMLE and CLMLE

[12] deal with class imbalance by learning an embedding

function which separates cluster distributions within and

between classes. They use DeepID2 features trained on

the CelebFaces+ dataset [22], which was used to create

CelebA, effectively meaning that CelebA identity labels are

auxiliary data. HFE [24] also takes advantage of the identity

labels provided by CelebA by enforcing that representations

should be separated by both attribute and identity informa-

tion. Their method uses a DeepID2 backbone with fully-

connected branches for each attribute. PS-MCNN [1] uses

attribute groupings and with an additional shared network

pretrained using identity labels. By combining attribute loss

with identity loss (PS-MCNN-LC), they are able to obtain

state-of-the-art results.

III. BASELINE EXPERIMENTS

In this section we establish a simple baseline approach for

facial attribute prediction. We then show that we are able to

obtain results close to all state-of-the-art methods discussed

in Section 2 following this approach, even when using far

less data.

A. Experimental Setup

For both CelebA-ITW and CelebA-C+A, we train one

ResNet-18 model on the entire training set and another on

a randomly sampled subset of 10% of the training set. We

use the same subset across all experiments. We then repeat

all experiments using initial weights pretrained to perform

ImageNet classification. All tests are run five times with

fixed hyperparameters to collect mean and standard deviation

values. It is important to note that prior works do not report

mean and standard deviation, likely resulting in inflated

accuracy numbers. The reported results for AFFACT, for

example, use the model which obtained the highest validation

accuracy out of multiple runs.

For CelebA-C+A, we resize from the original 218× 178

size to 274×224 to ensure the smallest dimension matches

the 224×224 image size most commonly used for ImageNet.

To augment images, we use flipping, cropping and rotation.

Images are first resized by a random scale between 95% and

105%, then cropped back to 274× 224. We then randomly

rotate between ±5 degrees. We found that, while minor,

the cropping and rotation transformations were useful for

reducing overfitting. Finally, we flip the image horizontally

with 50% probability. For CelebA-ITW, we zero-pad all

images to be square then resize to 500 × 500 to ensure

facial features remain visible even for images where the face

is small. We then use the same augmentations adjusted to

the larger image size. Because this increases the memory

requirements of the network, we divide both the initial

learning rate and batch size by 4.

To train our models, we primarily use the same parameters

as the ResNet paper [10]: SGD with a batch size of 256,

initial learning rate of 0.1, momentum of 0.9, weight decay

of 0.0001, and a learning rate schedule in which the learning

rate is multiplied by 0.1 when the validation loss plateaus.

However, because we train for a fixed number of epochs,

for most models we found that we obtained more consistent

results by simply multiplying the learning rate by a factor of

0.9 every epoch. Exceptions include results without pretrain-

ing on our 10% downsampled versions of CelebA and on the

full version of CelebA-ITW, for which we use the original

plateau-based schedule. We also use a smaller multiplier of

0.8 for the pretrained model using all of CelebA-ITW. All

models are trained on a single NVIDIA GTX 1080 Ti GPU.

More detailed information about training hyperparameters is

provided as supplemental material.

B. Results

As shown in Table I, we are able to improve upon the

CelebA-C+A results of MOON, CLMLE, and MCNN-AUX

using ResNet-18 without any additional data, and, as shown

in Table II, our CelebA-ITW results without additional data

are within one standard deviation of all methods other

than SA. Note that all methods which outperform our non-

pretrained baselines use either auxiliary data or an additional

model trained on a different dataset. AFFACT and AFFAIR

use pre-trained face detectors, SSP+SSG and SA use seman-

tic segmentation data, FAN uses semantic segmentation data











have not shown significant value for face verification. For

example, [21] found that using their CelebA attribute clas-

sifier for face verification only moderately improved over a

similar results from Kumar et. al. in 2009, which used more

attributes but far less training data. Both methods lag far

behind state-of-the-art approaches. It is possible that facial

attributes may be more useful for verification than these

results indicate, but only if better care is taken during the

labeling process to ensure attributes are labeled consistently.

V. CONCLUSION

Although CelebA is the largest-scale facial attribute

dataset available, it is difficult to directly compare methods

trained on this data. The two metrics primarily used to

compare performance, accuracy and balanced accuracy, can

be optimized for imbalanced attributes without producing a

classifier which is actually useful for predicting those at-

tributes. We demonstrate that simple baseline models are able

to obtain results very close to highly specialized methods.

To our knowledge, no method is able to improve upon a

non-pretrained ResNet-18 model without requiring additional

data or an additional pretrained model, and improvements

over a ResNet-18 model pretrained on ImageNet are small

(or, in the case of the uncropped data, nonexistent). Addition-

ally, many attributes have highly inconsistent or inaccurate

labels, making it difficult for any model to achieve reasonable

results. Note that LFWA, a popular alternative to CelebA,

was labeled by the same group in the same manner as CelebA

and as such suffers from similar issues.

To improve evaluation of facial attribute prediction mod-

els, we suggest using metrics which are invariant to true

negative count such as F1, computed as the average of per-

attribute scores to ensure that all attributes are weighed

evenly. Per-attribute results showing which attributes the

model performs best on are also important both to show

how performance is impacted by balance and to demon-

strate which attributes cannot be reliably predicted. Improved

performance on certain poorly-labeled attributes may not

be meaningful. Additionally, due to the relatively small

differences between most methods and the varying use of

additional data, we emphasize the importance of compar-

ing to strong baselines and providing mean and standard

deviation numbers to ensure reported improvements come

from the proposed method rather than hyperparameter and

backbone selection. We hope these suggestions will improve

the community’s ability to evaluate new methods for facial

attribute prediction.
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