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Abstract
Road quality is an essential public good for the social
and economic inter-connectivity of human establishments.
In order to study the dynamics of its provision by local governments, we require fine-grained measurements along a
vast number of streets, a highly costly endeavor. For this
reason, we turn to street imagery to generate predictions of
pavement quality across block groups in the entirety of Los
Angeles County, which will be used in future research to
study the provision of this public good. We collect a dataset
of 151,000 images from the Google Street View Static API
and train a Convolutional Neural Network on a 3-class
classification task. Image-level predictions are aggregated
to produce road quality estimates that are representative
of block group-level quality through random sampling of
street segments. We explore different model architectures,
training methods and loss functions to address challenges
including class imbalance stemming from low frequency of
low-quality roads and noise in dataset labels. Our bestperforming model has a ResNet-50 backbone, and registers
a block group-level performance of 78.8% accuracy, 39.1%
macro precision and 38.7% macro recall on the test set.

1. Introduction
The maintenance of good quality roads is essential to the
social and economic inter-connectivity of human establishments, both at local levels within urban and rural centers,
and at global levels connecting centers with other locations
of economic activity. As a public good, appropriate pavement quality within urban centers is mostly provided by local governments, and so understanding the political and social factors that dictate this provision is fundamental to societal well-being and equity. We study the case of Los Angeles County to identify how road quality differs across local
governments by predicting the pavement quality of street
segments belonging to different block groups.
Quantifying pavement quality is a time-intensive and
costly endeavor which requires the traversal of each seg-

ment to measure the level of pavement distress that is
present in the street. Given that street-level road quality
measurements for Los Angeles County are only available
for streets located within Los Angeles City and unincorporated county areas, we use Google Street View (GSV)
imagery to generate estimates of pavement quality across
all block groups in the county which will be used in future
research to study the geographic variation in road quality
across local governments. Using the labeled street segments
in Los Angeles City and unincorporated areas, we build a
dataset pairing over 151,000 GSV images with a Pavement
Condition Index (PCI) and PCI measurement date, a continuous measure which reflects the density of various pavement distresses along a street segment.
We leverage a bottom-up approach that generates imagelevel predictions of road quality and aggregates them to
generate estimates at the street and block group levels.
Our image-level model is a Convolutional Neural Network
(CNN) that takes as input a 224 x 224 RGB image of a
subset of a street’s pavement, and outputs the predicted
road quality class (serious, fair or good), equivalent to a
uniformly binned version of the street’s PCI measurement.
We experiment with different model architectures to produce segment-level predictions, and randomly sample 10%
of the street segments in a given block group to generate
representative estimates of road quality at this level. Our
best-performing image-level model registers a test-set accuracy of 54.7%, macro precision of 45.1% and macro recall
of 51.7%, and it’s block group-level predictions result in
78.8% accuracy, 39.1% macro precision and 38.7% macro
recall on the test set.

2. Literature Review
There is an extensive body of literature using imagery to
assess road quality in the form of pavement classification
and pavement distress detection.
Road quality classification and measurement. There
are several works using street imagery to generate measures
of pavement quality. Closest to our task is Ma et al. [12],
who match GSV imagery with government inspection rat-

Figure 1. a) Network of over 400,000 street segments belonging to Los Angeles City, unincorporated areas and the rest of Los Angeles
County. b) Census tracts containing labeled street segments from Los Angeles City and unincorporated areas are randomly allocated to
training, validation and test splits to build the Training dataset. c) Block group-level road quality predictions are computed for 6,572 block
groups (black) located in Los Angeles County by sampling 10% of the street segments (blue) in each block group.

ings of street segments in New York City to build a dataset
of 700,000 images and train a pavement quality classifier.
Classification for a street is performed by generating imagelevel feature tensors using a VGG-16 network, which are
pooled across images to generate an encoding of the segment. This pooling operation is advantageous as it converts an input that varies according to the street length into
a fixed-length vector that is fed to a SVM classifier. Also
of note is Zhang & Wang [22], who train a CNN which
computes the existence of pavement damage by generating
pixel-level predictions of the presence of cracks in images
of pavement, and Zhang et al. [23], who train a binary classifier that predicts the presence of cracking in image patches
of pavement. In line with our task, these works assess the
presence of cracking regardless of the distress type to quantify general pavement damage, a design choice that simplifies the dataset labeling process.
Road quality measurement has also been explored
through the use of satellite imagery. Cadamuro et al. [4, 5]
pair road quality measurements collected along 57 roads in
Kenya, covering 7,000 km in length, with satellite imagery
to train a model classifying roads into 5 classes ranging
from bad to great road quality. They explore implementing changes in model architecture to capture the sequential nature of road imagery, making use of long short-term
memory (LSTM) networks to predict segment-level road
quality. Other works involving the extraction of road quality information from satellite imagery are Brewer et al. [3],
Gebreegziabher [8] and Oshri et al. [16]. These discuss essential challenges arising in the setting of road quality prediction from satellite imagery that are also pertinent to a
task using street imagery, including the temporal mismatch
between imagery and label capture, spatial splitting of the

datasets for appropriate model evaluation, imagery resolution requirements to discern road distresses, and class imbalance due to the relative proportions of lower and higherquality roads in countries such as the United States.
Pavement distress detection. The pavement distress detection literature focuses on the detection and localization
of specific distress classes, such as alligator and longitudinal cracks, rather than the general assessment of pavement
quality via classification. Nevertheless, several works are
relevant to our task for two reasons. Firstly, they perform
an equivalent process of building datasets that pair street
imagery with road inspections. Secondly, the types of distress that these works detect are precisely those included in
the definition of the PCI. We highlight Maeda et al. [13],
who collect street imagery from municipalities in Japan and
predict 8 types of distresses, and Arya et al. [1], who collect
street imagery from multiple countries using smart phones
and detect 4 damage classes using a Single Shot Detector
(SSD) model.

3. Datasets
3.1. Street Segments and PCI
Los Angeles County’s street network is composed of
over 400,000 street segments (see Figure 1a). Pavement
quality is evaluated every few years for streets belonging to
Los Angeles City (over 72,000 segments) and for streets located in unincorporated areas of the county (over 20,000
segments). This evaluation is performed using an automated van that gathers data on the density of various pavement distresses such as alligator cracking and potholes in
each street. The PCI of each segment is a real number between 0 and 100 which summarizes the presence of these

Figure 2. a) Samples of Serious, Fair and Good-rated street segments. b, c) We explore two architectures to generate segment-level
predictions of pavement quality, including aggregating image-level PCI predictions (b) and training an MLP on image-level extracted
1000-dimensional feature vectors (c).

Dataset
Training
Prediction

Location
Los Angeles City
Unincorporated areas
Los Angeles County
Los Angeles City
Unincorporated areas

Street segments
66,705
17,732
256,988
66,705
17,732

Table 1. Training and Prediction street segment datasets

distresses, such that 0 refers to failed and 100 refers to excellent pavement quality. [21].
To train the model, we build a Training dataset of street
segments located in Los Angeles City and in unincorporated
areas that are labeled with a PCI and PCI measurement date,
using data from Los Angeles City’s Public Works Department [15]. To predict road quality for the entirety of Los
Angeles County, we create a Prediction dataset including
the segments from the Training set and unlabeled segments
from the rest of the county [14]. Given our focus on road
quality provision by local governments, we restrict both
datasets to include only residential street segments. These
datasets are summarized in Table 1.

3.2. GSV
To generate road quality predictions across the entirety
of Los Angeles County, we query the Google Street View
Static API to obtain a a set of images that are representative
of the pavement condition of each street segment. We collect a fixed number of 640 x 640 images for each segment
such that their locations are randomly sampled along the
length of the street. We tune GSV parameters such as field
of view (FOV), heading and pitch to generate imagery that
is parallel to the direction of the segment and downwardfacing such that image coverage of the pavement is maximized. Imagery is collected for each street segment only
if it is available within a 9-month window of the recorded
PCI measurement date to minimize potential noise in the labels stemming from re-pavement or severe deterioration in
pavement quality. The collected 640 x 640 images are preprocessed by cropping a 440 x 440 patch from the lower,

middle part of the image to further maximize the visualization of the street’s pavement and minimize the presence of
other objects such as cars and sidewalks. Images are then
resized such that the final inputs to the model are 224 x 224
x 3 tensors. Figure 2a) displays the imagery collected for
three sample segments corresponding to serious, fair and
good PCI measures.
Dataset
Training
Prediction

Train
split
Train
Validation
Test
-

Spatial Coverage

Segments

Images

1,135 census tracts
141 census tracts
143 census tracts
6,572 block groups

11,349
1,417
1,692
27,716

120,464
14,864
17,712
165,644

Images per
segment
16
16
16
8

Table 2. Training and Prediction GSV datasets

In order to conduct fair evaluations of model performance, the training, validation and test splits are realized at
the census tract level (see Figure 1b) rather than the segment
level, and for each census tract we randomly sample 10%
of its street segments to build the Training set. This strategy minimizes potential overlap in the images belonging to
each split, as streets are likely to share imagery at their endpoints and intersections. Moreover, this allows for a clearer
understanding of the model’s capacity to generalize beyond
Los Angeles City by specifically considering performance
for census tracts on the outskirts of this urban center. For
the prediction set we also randomly sample a fixed percentage of 10% of the street segments in a given block group in
order to generate block group-level measures of road quality. Table 2 summarizes the spatial coverage and imagery
collected for each dataset and training split.

4. Methods
4.1. Model Architecture
Our approach to perform segment-level pavement quality predictions is the use of a CNN that independently classifies the pavement quality of each image belonging to the
segment. We explore two architectures (see Figure 2b, c)

to compute segment-level predictions from this image-level
CNN: 1) mean aggregation of the independent image-level
classifications; and 2) perform feature extraction on each
image, concatenate the extracted features for all images in a
segment, and train a multilayer perceptron (MLP) to predict
the segment-level road quality class. Road quality predictions at the block group or census tract level are computed
by averaging the segment-level predictions of the 10% sampled segments within the administrative unit (census tract or
block group).
For the image-level CNN, we employ a ResNet architecture trained on independent image and street label pairs. We
note that this image-level training is highly likely to introduce additional noise to the labels given that a single image may not be representative of the average distress density that is captured by the PCI in a given street. This will
be further discussed and evaluated in the Results section.
We explore both training the ResNet model entirely using
Kaiming weight initialization [10], and leveraging model
weights pretrained on the ImageNet dataset while freezing
a subset of model layers.
Model inputs consist of the 224 x 224 x 3 street images, which are normalized by computing the channel-wise
means and standard deviations across the training set in line
with standard practice for the ResNet model. Data augmentation is performed via random horizontal flips with a 0.5
probability. Regarding model outputs, although the PCI is a
continuous measure we perform the simpler task of classification by binning it into 3 classes: Poor (0-33), Fair (34-66)
and Good (67-100). We also explore uniformly binning into
5 classes to understand how sensitive performance is to this
discretized formulation of the pavement quality.
To train the CNN, we use an NVIDIA T4 Tensor Core
GPU. We build upon the PyTorch [17], PyTorch Lightning [7] and Weights and Biases [2] frameworks for training and training visualization, and implement the pipeline
to geocode Los Angeles County (using GeoPandas [11]),
clean the PCI datasets, query the GSV imagery, preprocess the inputs, define the model architectures and perform
model evaluation from scratch.

4.2. Class Imbalance
The dataset’s severe class imbalance presents a notable
challenge, with the training set comprised by Serious (7%
of total), Fair (27%) and Good (66%) data points. We make
use of both the sampling and model loss approaches that
have traditionally been used by the literature to address
class imbalance and improve model performance.
In terms of sampling, we make use of the following techniques. Firstly, we explore using weighted resampling at training time by inverse class frequencies. Secondly, we build class-balanced datasets by over-sampling
low-frequency classes and under-sampling high-frequency

Hyperparameter
ResNet size
Sampling approach
Number of classes
Initial Learning Rate
Batch size
Weight decay
Loss
Layer freezing
Weight initialization

Values
[18, 34, 50]
[None, Weighted sampling,
Class-balanced dataset,
Two-stage approach]
[3, 5]
[1e-1, 5e-2, 5e-3, 8e-3, 1e-4]
[16, 32, 64, 128]
[0, 1e-1, ..., 1e-5]
[Cross entropy, class
balanced loss]
[None, Partial]
[ImageNet, Kaiming]

Baseline
model
18

Best performing
model
50

Weighted sampling

Class-balanced dataset

3
1e-4
16
0

3
8e-3
128
1e-5

Cross entropy

Cross entropy

Partial
ImageNet

None
Kaiming

Table 3. Hyperparameter exploration and hyperparameter values
for baseline and best-performing image-level models

classes to generate a dataset of the same size as the imbalanced dataset’s training and validation sets. Thirdly, we use
a two-stage training approach to train the model on the imbalanced dataset in the first stage, and train the model’s final
linear layer on the class-balanced dataset.
With respect to model loss approaches, we use the classbalanced loss proposed by Cui et al. [6], which was designed for long-tailed distribution datasets in which few
classes are highly over-represented while a large number
of classes contain low sample frequencies. Let ny be the
number of samples in the dataset of class y. Given a vector of predicted class probabilities p and label y, this approach re-weights the loss function for a given data point,
Li (p, y), based on the effective number of samples. The
class-balanced loss, CBi (p, y), is thus the following:
CBi (p, y) =

1
Li (p, y),
Eny

where Eny is the effective number of samples, computed
ny
as Eny = 1−β
1−β , where β ∈ [0, 1) is a hyperparameter. We
follow the implementation suggestions described by Cui et
al. to avoid instability when training with this loss, including initializing the biases in the final linear layer to a specific constant based on the number of classes, and setting
the initial learning rate to 0.1 while reducing the learning
rate decay to 0.01.

4.3. Baseline Model & Hyperparameters
As a baseline model, we use a ResNet-18 architecture
for the 3-class classification task with weighted sampling at
train time, pretrained ImageNet weights and layer freezing,
and cross-entropy loss. Table 3 describes the hyperparameters defining this baseline and outlines the explored hyperparameter values.

5. Results & Discussion
To perform a quantitative evaluation of model performance, we use standard classification metrics including accuracy, and macro and micro precision and recall. Metrics computed on the validation set are used for hyperpa-

Figure 3. CAMs samples for the best-performing model. a, b) Predictions for high road quality images driven by smooth activations
across the distress-free pavement; c, d) Activations for lower quality roads appropriately driven by the presence of pavement cracking; e,
f) Predictions remain sensitive to the presence of objects such as cars and shadowing.

Figure 5. Minor variations in camera angles and capture locations
shed light on model prediction drivers, including shadow patterns
(a), cracking positions (b, c) and image hues (c).

Figure 4. Validation precision (macro) and recall (macro) of
image-level models for the 3-class classification task. Horizontal
and vertical lines indicate performance of a classifier that consistently predicts the highest frequency class (class 2—good quality). The highlighted baseline and best-performing (BP) models
are outlined in Table 3.

rameter tuning, and we report test set metrics for the bestperforming model, which is outlined in Table 3. The qualitative results presented throughout this section are also generated using this model.

5.1. Image-level Performance
Figure 4 plots the macro precision and recall on the validation set across the image-level models trained on the 3class classification task and colored according to the method
of training. We use macro metrics, which equally weigh
each class, for model selection to ensure solid precision
and recall performance across the three classes. The baseline model, a ResNet-18 architecture using pre-trained Ima-

geNet weights trained using a weighted sampling approach
and layer freezing, achieves a macro precision and recall of
50.8% and 50.8%, respectively. The best-performing model
is a ResNet-50 trained on the class-balanced dataset (see Table 3 for other hyperparameters), and registers macro precision and recall of 55.0% and 54.8%, respectively (accuracy of 54.7%, macro precision of 45.1% and macro recall of 51.7% on the test set). These figures compare to
macro precision and recall of 21.2% and 33.3% for a classifier which consistently predicts the highest frequency class.
The best-performing image-level model trained on the 5class task achieves a macro precision and recall of 31.8%
and 31.9%, respectively. We expect that this closer performance of the 5-class model to that of a random classifier is
partially driven by increased noise in the labels stemming
from discretizing the PCI into a higher number of classes.
Please refer to section 6 of the Supplementary Materials for
a comprehensive comparison of validation accuracy, precision and recall across all experiments.
To evaluate model performance we also perform the
following qualitative analyses to examine the physical attributes in the images that are driving model predictions.
Firstly, we visualize Class Activation Maps (CAMs) of the

quality given the image-level noise in the labels and potential discrepancies between the PCI measurement date and
the date of GSV imagery capture. We perform error analysis
on the model’s test set predictions to examine whether this
issue is driving an incorrect assessment of model performance, and in particular examine misclassified, potentially
mislabeled data points for which the model makes predictions with a high level of confidence. Figure 6 visualizes
samples in which ground truth road quality is good but has
been labeled as fair, and the model has successfully predicted the ground truth label (6a). Conversely, 6b displays
samples labeled as having good pavement quality, which the
model has correctly predicted with high confidence to be of
serious quality.

5.2. Segment-level Performance

Figure 6. The image-level dataset suffers from noisy data point
labels, occasionally resulting in high confidence, correct predictions on mislabeled images. Mislabeled high-quality (a) and lowquality (b) streets with correct model predictions.

images (see Figure 3), which reveal that the model’s predictions are generally driven by the absence of distresses
across the pavement (Figure 3 a, b)) and by the presence
of pavement cracking in low quality roads (Figure 3 c, d)).
However, these maps also reveal that predictions can be sensitive to the presence of objects such as cars and fences, and
shadows (Figure 3 e, f)).
Secondly, a deeper understanding of model predictions
can be achieved by leveraging instances in which the collected imagery captures a specific location and viewpoint,
with minor shifts in camera angles or distance. Should
model predictions or confidence in predictions vary on a
pair of images of this nature, we can attribute the variation
in the images as a driver for this change in model output.
GSV imagery naturally allows for these comparisons, as
it is common for different visualizations of the same location to be available via minor changes in the geocoded
location or in GSV querying parameters. Figure 5 visualizes some image pair examples of this nature, revealing that
predictions for the same patch of a street can vary with the
presence of different shadow patterns (Figure 5a)), closeness and angles of pavement cracking (Figure 5b, c)), and
potentially the image hue (Figure 5d)). This suggests that
improved model performance could be achieved through a
more aggressive form of data augmentation through randomly cropped image patches.
As discussed in section 4.1, performance metrics are not
wholly reflective of the model’s capacity to predict road

As discussed in the section 4.1, we experiment both using mean aggregation of image-level predictions1 and feature extraction to compute segment-level predictions. The
best-performing segment-level model, as measured in terms
of macro precision and recall, employs the feature extraction and MLP architecture. Figure 7 visualizes the ground
truth road quality labels (7a), the predictions generated by
this model (7b) and the prediction errors (7c) for each segment in the training set. As observed in 7b, c model predictions tend to overestimate road quality compared to the
ground truth and for this reason lack some of the granularity
exhibited in road quality patterns by the ground truth labels,
especially within Los Angeles City. No discernible geospatial patterns are apparent regarding consistent overestimation or underestimation of segments within specific regions,
which could be cause for concern when the predictions are
used as inputs downstream in a statistical inference setting.

5.3. Block group-level Performance
Road quality predictions at the block group-level are performed via mean aggregation of the 10% of segments sampled for the block group, using the segment-level model
presented in section 5.2. Figure 8 plots the absolute error
in block group-level road quality for block groups in the
training (8a), validation (8b) and test (8c) sets. Across each
training split, it can be observed that the block group-level
predicted road quality classes rarely have errors that are
more than 1 class apart from the ground truth labels. Limited model overfitting is evidenced by comparable model
performance in the test set and the validation set, standing at
78.8% accuracy, 39.1% macro precision and 38.7% macro
recall in the test set compared to 69.0% accuracy, 39.1%
macro precision and 37.9% macro recall in the validation
1 For

computational reasons, we use an image-level model that is
smaller than the best-performing model presented in section 5.1, but has
comparable performance, to generate the segment-level and administrative
unit-level results discussed in sections 5.2 and 5.3.

Figure 7. Segment-level road quality ground truth (a), model predictions (b) and prediction errors (c) in the GSV Training dataset covering
Los Angeles City and unincorporated areas of Los Angeles County.

Figure 8. Block group-level road quality predictions for block groups in the training (a), validation (b) and test (c) sets.

set. In line with the segment-level analysis, error dynamics
do not present any discernible geographic patterns.
In order to correctly evaluate model predictions at the
block group level, we also distinguish between prediction
error and segment sampling error, given that we seek to
predict block group-level road quality with a representative sample of segments. Computing predictions using the
ground-truth labels of the 10% sampled segments as opposed to the model predictions for this subset of segments
highlights relevant limitations in the model’s capacity to assess road quality at the administrative level stemming from
the segment sampling design rather than from the segmentlevel classifier’s performance. Accuracy, macro precision
and macro recall in the test set stand at a close 78.4%,
44.5% and 49.6% using the ground truth labels for the sampled segments (compared to 78.8%, 39.1% and 38.7% using
model predictions). This underscores the opportunity to potentially improve administrative unit-level performance by

increasing the percentage of sampled segments and reducing the imagery captured per segment.
A potential concern is whether the urban setting within
Los Angeles City, where the majority of the streets in the
training set are located, differs from that of other parts of
Los Angeles County and could cause the model to generalize poorly to other locations within the county. To this end,
we compare performance metrics in the test set for block
groups within (218 block groups) and outside (23 block
groups) Los Angeles City. While accuracy presents a notable gap across these geographies (80.7% within Los Angeles City vs. 60.9% in the rest of the county) driven by
higher quality roads within the city (mean PCI is 76 vs. 69
in the rest of the county), macro precision and recall display not only comparable but improved performance outside of Los Angeles City (40.7% precision and 38.2% recall
vs. 38.3% and 38.9%, respectively).

6. Conclusion
We have designed and trained a series of model architectures to generate predictions of serious, fair and good
pavement quality at the image, street and block group levels based on a dataset of GSV imagery and segment-level
measurements of road quality in Los Angeles City and unincorporated areas of Los Angeles County. Our main objective was to produce good quality predictions of pavement
quality at the block group level across the entirety of Los
Angeles County, to be used downstream as inputs in a statistical inference setting exploring the relationship between
local governments and the provision of public goods.
We executed a bottom-up approach, which was trained
on and ran inference at the level of a single image, and
aggregated predictions to produce estimates for streets and
block groups. The highest performing model was a ResNet50, which benefited from end-to-end training on a balanced
class dataset. This outperformed other methods used to
combat the class imbalance that was present in the dataset,
including weighted sampling, the use of class-balanced loss
and two-stage training.
In future work we primarily aim to address two challenges that we found to constrain model performance
throughout this work. The first is the noise in the imagelevel road quality labels that is present due to mismatches
between the PCI measurement date and the images capture
dates and due to the spatial distribution of pavement distresses. This issue can be partly corrected through several methods. Firstly, a trained image-level model with
solid performance can be used to re-label the dataset for
data points with high confidence predictions, thus improving model performance in an iterative fashion. Secondly, a
change in architecture such that the model is trained end-toend at a level that matches the unit of labeling could be beneficial to correct this mismatch. An example of this kind of
architecture is a Convolutional LSTM network, which could
receive various images along a segment as input to directly
predict segment-level road quality. The second challenge
is the severe class imbalance exhibited by the collected imagery. In this case, a more efficient imagery collection process for the training and validation sets which considers the
creation of a balanced dataset at the segment sampling stage
could provide sufficient data to ensure solid performance
across all classes.
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Code Usage. We build upon the PyTorch [17], PyTorch
Lightning [7], Weights and Biases [2] and GeoPandas [11]
frameworks, libraries and tutorials to build our code base.
We also leverage third-party code to generate the CAMs
visualizations [9], and query the GSV imagery [18], and
referenced the following PyTorch implementations of the
class-balanced loss ( [20] and [19]).

Supplementary Materials
Experiments
See Table 4.
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ResNet
Size
50
50
50
50
50
34
50
34
50
34
34
34
34
34
34
34
34
34
34
34
34
34
34
34
18
18
18
18

Frozen
Layers

Batch
size

Initial
learning rate

0
0
0
0
0
0
165
114
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
30
45
45
45

128
128
128
128
128
16
128
64
64
64
64
128
128
64
64
256
128
64
16
32
32
32
32
32
16
16
32
16

8e-3
1e-1
8e-3
8e-3
8e-3
1e-1
5e-5
1e-3
8e-3
5e-2
8e-3
5e-2
1e-2
1e-2
1e-2
2e-2
1e-2
1e-2
1e-2
1e-2
4e-2
4e-2
4e-2
4e-2
2e-2
8e-3
5e-3
5e-3

Training
method
No sampling
Class-balanced loss
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Class-balanced loss
Two-stage approach
Two-stage approach
Class-balanced dataset
Class-balanced loss
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Class-balanced loss
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Class-balanced dataset
Weighted sampling
No sampling
No sampling
Weighted sampling
Weighted sampling
Weighted sampling
Weighted sampling

Weight
decay
1e-5
1e-5
1e-5
1e-4
1e-3
1e-2
1e-5
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Classification
task
3 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
5 class
3 class
5 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
3 class
5 class
3 class
3 class
3 class
3 class

Accuracy
(train)

Accuracy
(validation)

Macro precision
(validation)

Macro recall
(validation)

0.66
0.51
0.59
0.41
0.40
0.57
0.36
0.34
0.75
0.67
0.60
0.58
0.41
0.66
0.45
0.49
0.56
0.64
0.33
0.88
0.41
0.61
0.56
0.41
0.78
0.83
0.86
0.84

0.64
0.57
0.55
0.39
0.37
0.64
0.32
0.08
0.49
0.64
0.51
0.52
0.32
0.64
0.29
0.44
0.52
0.54
0.33
0.46
0.41
0.52
0.64
0.39
0.60
0.59
0.61
0.64

0.37
0.38
0.55
0.29
0.25
0.21
0.33
0.10
0.52
0.48
0.53
0.52
0.32
0.21
0.28
0.44
0.51
0.55
0.11
0.50
0.41
0.42
0.21
0.08
0.51
0.50
0.51
0.51

0.35
0.42
0.55
0.39
0.37
0.33
0.32
0.33
0.49
0.43
0.51
0.52
0.32
0.33
0.29
0.44
0.52
0.54
0.33
0.46
0.41
0.45
0.33
0.20
0.54
0.52
0.51
0.50

Table 4. Accuracy, macro precision and macro recall on the validation set across experiments.
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