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Abstract

Generalized Additive Models (GAM) Hastie (2017) and Neural Additive Models (NAM)
Agarwal et al. (2021) have gained a lot of attention for addressing trade-offs between ac-
curacy and interpretability of machine learning models. Yet, these models underperform
when the data has multiple subpopulations with distinctive relationships between features
and outputs. The main reason behind this limitation is that these models collapse multiple
relationships by being forced to fit the data in a unimodal fashion. Here we propose a
Mixture of Neural Additive Models (MNAM) to overcome these limitations. The proposed
MNAM learns relationships between features and outputs in a multimodal fashion and as-
signs a probability to each mode. Based on a subpopulation, MNAM will activate one or
more matching modes by increasing their probability. Thus, the objective of MNAM is to
learn multiple relationships and activate the right relationships by automatically identifying
subpopulations of interest. Similar to how GAM and NAM have fixed relationships between
features and outputs, MNAM will maintain interpretability by having multiple fixed rela-
tionships. We demonstrate how the proposed MNAM balances between rich representations
and interpretability with numerous empirical observations and pedagogical studies. The
code is available at (to be completed upon acceptance).

1 Introduction

Deep neural networks (DNN) achieve extraordinary results across several important applications such as
object detection Redmon et al. (2016); Girshick et al. (2014); Ren et al. (2015), object classification He et al.
(2016); Krizhevsky et al. (2017); Dosovitskiy et al. (2020), and natural language processing Mikolov et al.
(2013); Devlin et al. (2018); Brown et al. (2020). Yet DNN’s popularity is still low in critical applications
where miss-classification has high consequences or transparency is required for decision-making, e.g., to
prevent unfairness toward certain groups; examples are medical-related risk estimation and machine learning
(ML) based public policies. According to experts in these domains, one of the main factors limiting the
adoption of DNN-based approaches is the lack of interpretability and trustworthiness associated with these
algorithms Shorten et al. (2021); Amarasinghe et al. (2020); Li et al. (2022). Even though several techniques
have been proposed to increase the understanding of DNN Agarwal et al. (2021); Ribeiro et al. (2016);
Pedapati et al. (2020), medical professionals or policymakers still prefer simple models for which they can
understand directly the factors that lead to a particular prediction. On the opposite end of DNN are
algorithms such as linear regression and its multiple variants Montgomery et al. (2021), which are simple
and interpretable but lack the flexibility and high performance that DNN has. Notably, linear models can’t
capture nonlinear relationships and can’t exploit numerous novel tools that efficiently optimize modern DNN
approaches. A recent approach proposed by Agarwal et al., named Neural Additive Models (NAM), provides
an interesting balance between interpretability and learning power. Individual features undergo nonlinear
transformations independently, and these transformed features are merged in a regression-like paradigm,
allowing the user to understand the weight of each factor leading to a prediction. This enables the algorithm
to learn non-trivial relationships between the features and the target outcomes while leveraging powerful
state-of-the-art optimization tools developed for deep learning.
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One of the main limitations of NAM is its lack of power to capture multimodal relationships between the
input and the target variables. For example, imaging in the context of a medical application where we
are predicting the glucose level y using electronic health records (EHR) as input variables x1, ..., xn; let
us assume there are two subpopulations identified by the variable d ∈ {0, 1}, which can be observed or
latent features. For both cases, NAM would fail to capture a relationship in which y is positively correlated
with (x1|d = 0) but is uncorrelated with (x1|d = 1). This is due to NAM only learning one deterministic
relationship between input and output. When d is a latent variable, NAM will fail to differentiate them and
collapse two relationships into one by averaging them to learn one deterministic relationship. Even if d is an
observed feature, NAM will fail to differentiate them as a DNN assigned for X1 doesn’t take d as an input
to have information on two subpopulations.

To address this while preserving the virtues of NAM, we propose a probabilistic Mixture of Neural Additive
Models (MNAM). The main idea is to model the relationship between input and outcome in a multimodal
relationship and associate a probability to each mode. The probability of each mode enables the model to
be flexible in representing multiple subpopulations as MNAM is able to activate accurate relationships for
certain subpopulations by increasing their probability.

Figure 1 illustrates the power and flexibility of MNAM. These strengths are also illustrated in Section 3
through applying MNAM on real datasets. Such flexibility will be especially crucial in decision-making with
high consequences. For example, for analyzing the side effects of medicine, 99% of participants might have
steady glucose levels but 1% might have high and dangerous glucose levels after taking a medicine. NAM
will collapse both levels into one indicating no side effects on average, but MNAM will accurately show, with
probability, two glucose levels of different subpopulations.

It is important to highlight the interpretability of the model. Similar to NAM having a one fixed relationship
between input features and output variables, MNAM will have fixed multiple relationships, which makes the
model interpretable. Only the probability of each mode will change from the change in other features, which
indicates changes in a subpopulation. Finally, just as for NAM, all powerful state-of-the-art tools developed
for deep learning are applicable to MNAM.

Our main contributions are: (i) we propose a model called MNAM that could learn multiple relationships
among subpopulations; (ii) we propose a method to train MNAM, with objectives to learn multiple relation-
ships and activate one or more matching relationships for a given subpopulation; and (iii) we demonstrate
MNAM is more expressive in accuracy and flexible in interpretability compared to NAM. We describe the
proposed method in Section 2. Section 3 presents empirical evidence and pedagogical studies, showing
strengths of MNAM. We discuss related work in Section 4 and limitations in Section 5. Finally, we provide
a conclusion in Section 6.

2 Method

2.1 Architecture

In order to represent the multimodal relationship between inputs and outcomes, MNAM has an outcome
of a mixture of k Gaussian distributions, which are described as (N1(µ1, σ2

1), ..., Nk(µk, σ2
k), π1, ..., πk).

Ni(µi, σ2
i ) denotes the standard Gaussian distribution with µi as mean and σi as standard deviation, while πi

represents the probability associated with it. Since the Gaussian mixture model is a universal approximator
for any density distributions, MNAM will be able to approximate any multimodal relationships given large
enough k. We formalize this notion in Section 3.2. One or more Gaussian distributions will be assigned to
one of the input-output relationships for the representation and MNAM will activate certain relationships
for given subpopulations of the input by increasing the probability of the appropriate Gaussian distribu-
tions. This is an important property as it indicates that we can successfully capture and represent modes for
relationships on various subpopulations in the dataset, without knowing the number of modes in advance.
Such property will be shown in Section 3.2 through a pedagogical example.

Similar to NAM, MNAM predictions are built from a linear combination of embeddings Zi of each input
feature Xi mapped through a neural network. In contrast with NAM, MNAM embedding consists of pa-
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Figure 1: Linear regression, NAM, and MNAM on linear, nonlinear, and bimodal data. The left column
illustrates the input for three datasets. The columns illustrate the representations learned by linear regres-
sion, NAM, and MNAM, respectively. As expected, linear regression fails to learn datasets with nonlinear
relationships. NAM fails to learn datasets with relationships that have more than one modality, and only
MNAM is able to learn nonlinear and multimodal relationships.

rameters for k Gaussian distributions and a latent variable for predicting the probability of the mixture
of k Gaussian distribution models (N1,j(µ1,j , σ2

1,j), ..., Nk,j(µk,j , σ2
k,j), Zπ

j ). The left index of the Gaussian
distributions is a reference to the number of components for the mixture and the right index j is a reference
to one of the input features. As shown in Equation 1, we compute the mean and variance of the Gaussian
distributions for the MNAM outcome by linearly combining the mean and variance of matching components
for Gaussian distributions of features’ embedding.

Ni,1(µi,1, σ2
i,1) + ... + Ni,m(µi,m, σ2

i,m)

= N (
m∑

j=1
µi,j ,

m∑
j=1

σ2
i,j) = Ni(µi, σ2

i )
(1)

The advantage of this linear property of summation for the Gaussian distributions is that MNAM is able
to linearly represent how much the overall mean and uncertainty of prediction changes due to changes in a
feature.

Latent variables for predicting the probability of the mixture of k Gaussian distributions for all features’
embeddings will be the input for a separate neural network that predicts the probability of the output.
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This neural network will learn to identify which subpopulation is being represented based on input from all
features, and activate the correct relationships by assigning a high probability to the matching Gaussian
distributions. The description and comparison of the architecture for NAM and MNAM is illustrated in
Figure 2.

Figure 2: Illustrative schemes of NAM and MNAM network architectures. As shown in (a) and (b), NAM
independently maps features into embedding through neural networks and then linearly combines embeddings
for a prediction. Similar to NAM, MNAM independently maps features into embeddings through neural
networks. The difference is that embedding consists of k Gaussian distributions and a latent variable for
predicting probabilities for a mixture of the k Gaussian distributions, which is illustrated in (c) and (d). (e)
illustrates linear combinations of each component of the Gaussian distributions for all features’ embeddings.
(f) depicts the mapping of latent variables for a mixture of k Gaussian distributions (Zπ

1 , Zπ
2 , ..., Zπ

n ) into
probabilities for the mixture of k Gaussian distributions through a neural network. (g) is an example of the
outcome for MNAM, which is the mixture of k Gaussian distributions.

2.2 Training and Optimization

As mentioned in Section 1, state-of-the-art optimization tools for deep learning are applicable for training
MNAM. For this work, we used Adam Kingma & Ba (2014) with a learning rate decreasing by 0.5% for
each epoch. The objective of the training and optimization of MNAM is to assign one or more Gaussian
distributions to each relationship in the dataset. Another objective is to learn to identify subpopulations
from the given features to activate the correct relationship associated with the given sample. We devise
a hard-thresholding (HT) algorithm for the given objectives, these are described next. We also devise a
soft-thresholding (ST) Algorithm. The description of the ST algorithm and comparison to the HT algorithm
can be found in Section A in the appendix.
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2.2.1 Hard-Thresholding (HT) Algorithm

Given the output of a mixture of k Gaussian distributions for MNAM, the Gaussian negative log-likelihood
(GNLL) loss is computed for each Gaussian distribution against a label. Among k losses, only the minimum
factor will be used to compute the total loss, which means only weights used to compute minimum loss
are updated from a backpropagation. This enables the model to assign one Gaussian distribution to learn
each relationship. Cross-entropy loss between the probabilities of a mixture of Gaussian distributions for
a prediction and the index number of the Gaussian distribution with the minimum loss is computed to
measure how well MNAM activates the corresponding Gaussian distribution for the input. This loss enables
the model to learn to identify subpopulations for a given input to increase the probability of the correct
Gaussian distribution for representation. Algorithm 1 summarizes the proposed training algorithm. It
is important to highlight that the proposed learning method is unsupervised, in the sense that the data
subgroups do not need to be known or defined in advance.

Algorithm 1 Hard-Thresholding (HT) Algorithm
Input: Data (X, Y ), MNAM f , GNLL loss g, Cross-entropy loss function h, Rate for cross-
entropy loss λ
N1(µ1, σ1), ..., Nk(µk, σk), π1, ..., πk = f(X)
min_loss = 0
for i = 1 to k do

gau_loss = g(Ni(µi, σi), Y )
if min_loss > gau_loss then

min_loss = gau_loss
min_index = i

end if
end for
prob_loss = h((π1, ..., πk), min_index)
total_loss = Min_loss + λ · prob_loss

2.3 Regularization

Similar to NAM, all regularization methods for deep learning can be applied to MNAM, including weight
decay, dropout, and output penalty. For this study, we utilized weight decay and output penalty.

3 Result

3.1 Empirical Observations

3.1.1 Datasets

We evaluate six datasets: the California Housing (CA Housing) Pace & Barry (1997), the Fair Isaac Corpora-
tion (FICO) FICO (2018), the New York Citi Bike (BIKE) Vanschoren et al. (2013), the Medical Information
Mart for Intensive Care (MIMIC-III) Johnson et al. (2016), the US Census data on Income (ACS Income)
for California Ding et al. (2021), and the US Census data on Travel time (ACS Travel) for California Ding
et al. (2021).

CA Housing: The CA Housing dataset has the task of predicting housing prices and it consists of eight
features.

FICO: The FICO dataset has the task of predicting credit scores and it consists of 24 features.

BIKE: The BIKE dataset has the task of predicting the duration of trips and it consists of four features.
Due to limited computation resources, we dropped data points that had more than 4000 seconds of duration
for a bike trip and sampled 25% of the remaining dataset for analysis.
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MIMIC-III: MIMIC-III dataset has the task of predicting the length of hospitalization for patients and it
consists of various static and dynamic features. For comparing NAM and MNAM, we have used only static
features, which consist of seven features.

ACS Income: The ACS Income dataset has the task of predicting income and it consists of ten features.

ACS Travel: The ACS Travel dataset has the task of predicting travel time to work and it consists of 16
features.

3.1.2 Training and Evaluation

Similar to how the original paper trained NAM, we used Bayesian optimization Močkus (1975) to finetune
variables to train NAM and MNAM. Learning rate, weight decay, and output penalty are finetuned for NAM.
Learning rate, weight decay, output penalty, number of Gaussian distributions, and lambda for cross-entropy
loss are finetuned for MNAM. Optimized parameters from Bayesian optimization can be found in the table
from Section B in the appendix. We used a 5-fold cross-validation for CA Housing, FICO, and MIMIC-III
datasets, and a 3-fold cross-validation for BIKE, ACS Income, and ACS Travel datasets. For evaluation, we
trained 20 different models by randomly splitting the train set into train and validation sets for each fold.
We ensembled 20 models to evaluate on the test set.

For comparison, we consider mean absolute error (MAE) and earth mover’s distance (EMD) as evaluation
metrics. We used MAE to assess the overall accuracy in the mapping of features to output for MNAM, and
used EMD to evaluate how well the model’s output represents the distribution of labels for the test dataset.

3.1.3 Results

Table 1 shows the MAE and EMD scores of NAM and MNAM on datasets described above. MNAM
had similar or better scores in MAE compared to NAM in all six datasets. For the EMD score, MNAM
had a significantly better performance compared to NAM in all six datasets. This shows that in addition to
learning suitable mappings, MNAM is significantly better at learning the distribution of the output compared
to NAM.

Differences in performance between MNAM and NAM differ greatly by datasets. For example, the difference
in the EMD score between NAM and MNAM for the BIKE dataset is much more significant than for the
FICO dataset. There could be multiple explanations for such phenomena. It could be due to the FICO
dataset having less uncertainty or variances for labels. Another explanation could be due to the FICO
dataset having less number of modes. An example of this is shown and illustrated in Figure 1. In that case,
MNAM would improve the EMD score by the number of modes and complexity of a dataset

NAM MNAM
Dataset MAE EMD MAE EMD

CA Housing 0.48± 9e−05 0.24 ± 6e−05 0.46 ± 4e−05 0.077 ± 0.0001
FICO 2.7 ± 0.002 0.73 ± 0.01 2.7 ± 0.002 0.60 ± 0.005
MIMIC 1.5± 0.0002 1.43 ± 0.0004 1.5± 0.0003 0.24 ± 2e−05

BIKE 3.4 ± 0.0005 2.50 ± 0.0003 3.4 ± 0.0006 0.26 ± 0.0002
ACS Income 37.2 ± 0.003 21.3 ± 0.1 35.7 ± 0.02 7.4 ± 0.04
ACS Travel 15.6± 0.0004 12.8 ± 0.003 15.5 ± 0.002 3.1 ± 0.02

Table 1: MAE and EMD score for NAM and MNAM on CA Housing, FICO, MIMIC, BIKE, ACS Income,
and ACS Travel dataset

3.1.4 Interpretability

In this section, we visualize the relationships between features and labels, and how different relationships are
activated from changes in subpopulations; we illustrate this for the CA Housing dataset. This illustrates the
strength of the interpretability of MNAM. Relationships plots for other datasets can be found in Section C
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in the appendix. As illustrated in Figure 3, MNAM is able to learn and represent multiple relationships
between features and labels, which NAM fails to do as it collapses those relationships into a mean. Therefore,
MNAM is more flexible in explaining and representing multiple relationships between features and labels by
activating one or multiple of them.

Figure 3: Two relationships between features and label learned by MNAM on CA Housing dataset. Solid
lines represent the mean of relationships and dotted lines represent the uncertainties of relationships.

Allowing multimodal data representations sheds light on non-trivial data relationships that are otherwise
hidden in average “one-fit-all" models. For example, as illustrated in Figure 4, we identified that the price of
a house could increase or decrease as the number of people in the neighborhood increases (the first column
of Figure 4, illustrates the two modes recognized by MNAM). If we group the algorithm’s output by median
income (the first row of the second column represents the bottom one percent, and the first row of the
third column represents the top one percent), we can recognize that one of the modalities is associated
with higher income households and the other with lower income households. For example, the first row
of the second column shows that the top mode is activated more frequently on this subgroup (darker blue
represents higher frequency), suggesting that the larger the number the people in the neighborhood, the
higher the house prices. The opposite can be recognized for the higher-income subgroups (see the first row
of the third column). In other words, the output of the model suggests that for wealthier neighborhoods, the
more people, the less expensive houses are, while the opposite occurs in poor communities. A similar story
is illustrated when we group the algorithm’s output by proximity to the beach (the second row of the second
column represents inland, and the second row of the third column represents the area near the beach). The
output of the model suggests that for areas near beaches, the more people the more expensive houses are,
while the opposite occurs inland. Notice how these rich data interpretations would have been missed using
NAM, where a “one-fit-all" model is optimized.

3.2 Pedagogical Example

For pedagogical value and to further illustrate the differences between the original NAM and the proposed
MNAM, we created a synthetic dataset with different subpopulations, which are differentiated by either
observed or latent variables. NAM has limitations in accurately representing such dataset as it collapses
four relationships between X1 and Y into one deterministic relationship by averaging them. When X2
is an observed variable, NAM is not able to differentiate relationships, since a neural network assigned
to X1 does not take X2 as input. The neural network for X1 simply uses the average relationship for
representation, which is shown when X2 = 0 and X2 = 1. The representation is worsened, when X2 = 2
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Figure 4: Line graph and heatmaps on the relationship between housing price and population for CA
Housing. The first column, a line graph, represents two modes recognized by MNAM between housing prices
and populations. Second and third columns, heatmaps, represents changes in the activation of two modes
from changes in other remaining features. The first row represents changes in median income and the second
row represents changes in proximity to the beach. The magnitude of the mode’s activation is illustrated
through the intensity of color in heatmaps. Darker blue represents higher activation of a mode. The blue
color bar represents the magnitude of a mode’s activation.

and X2 = 3, as it tries to represent multiple relationships with one relationship, as shown in the second
column of Figure 5. MNAM overcomes such limitations as it is able to learn four relationships and activate
the right relationships for each subpopulation. Another strength of MNAM is that as long as k is larger
than the number of relationships in a dataset, MNAM will be able to represent the relationships accurately.
In other words, tuning k is not critical, as long as its value is higher than the expected number of modes.
Furthermore, MNAM is able to learn the uncertainty of each relationship, which NAM is unable to do.
Described limitations of NAM and strengths of MNAM are illustrated in Figure 5.

3.3 Trade-offs between Accuracy and Interpretability

In this section, we compared different models to explore trade-offs between accuracy and interpretability. We
evaluated Linear Regression (LR); NAM; the here proposed MNAM; Explainable Boosting Machine (EBM)
Nori et al. (2019), which is a form of Generalized Additive Models (GAM) with pairwise interaction terms;
and Gradient Boosting Trees (GBT) Friedman (2001); Pedregosa et al. (2011). We used grid search for LR,
EBM, and GBT to finetune hyperparameters for training. Table 2 shows the MAE and EMD scores for these
five models. The order of the columns, left to right, represents an increase in complexity and a decrease
in interpretability (here considered as a clear relationship between input and output). The table is split
into two, which are models with direct relationships and complex relationships (left and right respectively).
LR, NAM, and MNAM are models with direct relationships because their feature and output relationships
are fixed even from changes in other features. Meanwhile, EBM and GBT are considered as models with
complex relationships as their feature and output relationships changes from a change in other features due
to their interaction terms. With this complexity, it becomes difficult to interpret those models.

Even though the MAE score improves from an increase in the complexity of models for most datasets (as
expected), differences in performances among models fluctuate greatly by datasets. This could be a result
of datasets having different complexity. For example, models have similar performances on the MIMIC
datasets. This could be due to the datasets being too simple to not even require nonlinearity or interaction
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Figure 5: NAM versus MNAM on a dataset that has variables that identify subpopulations as observed and
latent variables. The left column is a scatter plot for a dataset with different values of X2. The remaining
columns represent predictions from training on the dataset for NAM, MNAM with k = 4, and MNAM with
k = 10. NAM clearly fails to represent the dataset as it collapses multiple relationships into one relationship.
On contrary, MNAM with k = 4 and k = 10 accurately represents the dataset as it learns four relationships
and activates the right ones for different values of X2.

terms of models for representations. In contrast, for the ACS Income dataset, the performance increases with
an increase in complexity. This could be due to the dataset being more complex and requiring nonlinearity
and more interaction terms with higher degrees for models to represent the dataset well.

Similar to MAE, the EMD score improves through an increase in the complexity of models except for the
proposed MNAM. MNAM outperforms all models in most of the datasets. As mentioned in Section 3.1.3,
the possible explanation is that MNAM is the only model that learns the uncertainty and multimodality of
datasets compared to other models.

4 Related Works

For interpretable models, GAM Hastie (2017) has been widely used. GAM transforms each feature by a
function and linearly combines the transformed features, which enables features to have a fixed relationship
with the output. NAM Agarwal et al. (2021) uses neural networks while GAM uses boosted decision trees
Lou et al. (2012); Guisan et al. (2002) to transform the features. Compared to those models, MNAM has
multiple outputs with probability, instead of one single estimate. These multiple outputs enable the model
to represent multiple subpopulations in the dataset. Furthermore, it is more flexible for interpretation as it is
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Direct Input and Complex Input and
Output Relationships Output Relationships

LR NAM MNAM EBM GBT
Dataset MAE EMD MAE EMD MAE EMD MAE EMD MAE EMD

CA Housing 0.54 0.29 0.48 0.24 0.46 0.077 0.34 0.11 0.31 0.09
FICO 3.38 1.16 2.7 0.73 2.7 0.60 2.5 0.51 2.4 0.51

MIMIC 1.5 1.36 1.5 1.43 1.5 0.24 1.5 1.32 1.5 1.25
BIKE 3.65 3.06 3.4 2.50 3.4 0.26 3.4 2.45 3.4 2.43

ACS Income 40.0 27.1 37.2 21.3 35.7 7.4 33.3 14.5 31.8 12.9
ACS Travel 16.8 14.2 15.6 12.8 15.5 3.1 14.2 8.9 13.8 8.7

Complexity
Interpretability

Table 2: MAE and EMD score for LR, NAM, MNAM, EBM, and GBT on CA Housing, FICO, MIMIC,
BIKE, ACS Income, and ACS Travel datasets. The complexity of models increases from left to right and
the interpretability of models increases from right to left.

able to show multiple relationships between features and labels, and how different relationships are activated
by changes in a subpopulation.

To address the limitation of GAM in representing multiple subpopulations in a dataset, Generalized Additive
Model with Pairwise Interactions (GA2M) Karatekin et al. (2019) or EBM has been proposed, which adds
interaction terms into GAM. Yet, the limitation of GA2M is that relationships between features and labels
are not fixed due to its interaction terms, making the model less interpretable. When more interaction terms
are added, the model becomes less interpretable. Compared to GA2M, MNAM has k fixed relationships
between features and labels, which makes it interpretable, and the only changes are in the activation of
relationships from the changes in features.

Mixture Density Network (MDN) Bishop (1994) is the first model to use a mixture of k Gaussian distributions
as an outcome for a neural network. Its purpose was to solve inverse and robotics problems. MDN is not
a form of Generalized Additive Model but more of a neural network model with a mixture of k Gaussian
distributions as an outcome. Thus, similar to a neural network, it does not have a fixed relationship between
features and labels, and therefore it is not easily interpretable.

5 Limitations

MNAM’s current formulation is only applicable to regression problems. Unlike continuous variables, binary
variables are meaningless to cluster as the only possible values are zero and one. For our future work, we
will utilize different algorithms such as local interpretable model-agnostic explanations (Lime) Ribeiro et al.
(2016) to overcome such a limitation. For example, we could utilize MNAM to approximate predictions of
a neural network that has been trained for the classification, as a prediction for the classification will be
continuous. Using MNAM to approximate the prediction of the classification model, we will able to show
multiple relationships between features and outputs and how those relationships are activated from changes
in subpopulations or features.

MNAM trade-offs between the accuracy and interpretability of a model. Increasing the number of k Gaussian
distributions for MNAM will increase accuracy. Yet, if the number of k Gaussian distributions is large, then
it will be hard to interpret as there are too many possible relationships between features and outputs. The
larger the number of k Gaussian distributions in MNAM, the more the model will become similar to neural
networks as it covers all separate relationships for all possible combinations of features. For our future works,
we would explore different penalties for the number of k Gaussian distributions in training to find an optimal
balance between accuracy and interpretability.
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6 Conclusion

In this work, we introduced Mixture Neural Additive Model (MNAM), an interpretable model with more
flexibility compared to GAM and NAM. While GAM and NAM have only one estimate for an output and one
relationship between features and outputs, MNAM has k multiple estimates for an output, with probability,
and k relationships between features and outputs, to represent different relationships for each potential
subpopulation separately. With such advantages in flexibility, we have shown that MNAM outperforms
NAM in various datasets. Furthermore, we have shown how MNAM improves interpretation by illustrating
how different relationships are activated by changes in subpopulations.
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A Other Training Algorithms

A.1 Soft-Thresholding Algorithm

Similar to the EM algorithm Dempster et al. (1977), the ST algorithm has expectation and maximization
steps for training. In the expectation step, we compute the posterior probability of subpopulations P (Z =
k|X, Y ). As shown in Equation 2, we compute the posterior probability by utilizing Bayesian Theorem,

P (Z = k|X, Y ) = P (X, Y |Z = k)P (Z = k)
P (X, Y )

= P (X, Y |Z = k)P (Z = k)∑k
i=1 P (X, Y |Z = k)P (Z = k)

,

(2)

where P (X, Y |Z = k) is the likelihood of kth Gaussian distribution for the giveninput, and P (Z = k) is the
prior probability of a subpopulation, which is predicted from MNAM. In the maximization step, we update
the weights of MNAM to maximize the expectation or posterior probability of the subpopulations. First, we
compute GNLL losses for all Gaussian distributions, and then GNLL losses for all the Gaussian distributions
are linearly combined with weights matching posterior probabilities from the expectation step. This ensures
weights used to compute Gaussian distribution with a higher likelihood are updated more. Cross-entropy
loss between the prior probability predicted from MNAM and the posterior probability computed in the
expectation step is computed with a similar purpose as in the HT algorithm. Algorithm 2 summarizes the
proposed training algorithm.

Algorithm 2 Soft-Thresholding (ST) Algorithm
Input: Data (X, Y ), MNAM f , GNLL loss g, Crossentropy loss function h, Rate for cross-
entropy loss λ
N1(µ1, σ1), ..., Nk(µk, σk), π1, ..., πk = f(X)
for i = 1 to k do

gau_lossi = g(Ni(µi, σi), Y )
gau_likei = p(Y ; µi, σi)

end for
mar_prob =

∑k
j=1 gau_likej · πj

π̂1, ..., π̂k = gau_like1 · π1

mar_prob
, ...,

gau_likek · πk

mar_prob

gau_loss =
∑k

i=1 gau_lossi · π̂i

prob_loss = h((π1, ..., πk), (π̂1, ..., π̂k))
total_loss = gau_loss + λ · prob_loss

A.2 Comparison of Training Algorithms

For comparing HT and ST algorithms, we evaluated numerical stability (NS), computation of time (CT), and
accuracy. Using the dataset from the pedagogic study, we trained MNAM with different learning rates 20
times each to evaluate metrics. NS was assessed by computing the percentage of successful training without
exploding gradient. CT was assessed by tracking average training time in seconds. Accuracy was assessed
by computing MAE and EMD on the test set. Table 3 shows the evaluation of those metrics.

The HT algorithm had better performance in NS and CT. One of the explanations for better performance in
NS is that the HT algorithm only passes minimum GNLL loss while the ST algorithm passes all GNLL losses
with weights for an update. The ST algorithm passes more loss compared to the HT algorithm, which makes
it numerically unstable during training. Furthermore, the ST algorithm has higher CT compared to the HT
algorithm because it requires more computation to estimate the posterior probability, the HT algorithm only
needs to find a minimum GNLL loss for training. For accuracy, the HT algorithm had a higher EMD score
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and lower MAE score compared to the ST algorithm. Based on the priority of two metrics, one could choose
one algorithm over the other. For this study, we used the HT algorithm due to its better performance in NS
and CT.

Hard-Thresholding Algorithm Soft-Thresholding Algorithm
LR NS CT MAE EMD NS CT MAE EMD

0.05 100% 217.61 43.89 145.38 0% NA NA NA
0.01 100% 386.13 5.23 4.03 0% NA NA NA
0.005 100% 470.94 3.12 0.25 0% NA NA NA
0.001 100% 462.05 3.14 0.19 95% 488.77 2.82 0.40
0.0005 100% 929.62 3.09 0.19 100% 891.53 2.98 0.36
0.0001 100% 1029.1 3.12 0.29 100% 1036.5 3.06 0.30
5e−05 100% 992.03 3.31 0.28 100% 1050.7 3.08 0.45

Table 3: Comparision of HT algorithm and ST algorithm on data from pedagogic study

B Table of optimized parameters for MNAM

Learning Weight Output Number of Cross-entropy
Dataset rate decay penalty Gaussian distribution loss

CA Housing 0.009896 3.8512e-05 0.03363 2 0.6118
FICO 0.02757 6.6649e-05 0.006145 6 0.4718
MIMIC 0.01805 7.0946e-05 0.01908 2 0.7214
BIKE 0.01172 9.1022e-05 0.09256 6 0.3537
ACS Income 0.02873 9.13e-05 0.00167 4 0.494
ACS Travel 0.01894 9.3377e-05 0.0028 4 0.3634

Table 4: Optimized parameters for MNAM on six datasets

14



Under review as submission to TMLR

C Relationships plots on other datasets

C.1 FICO

Figure 6: Learned relationships between features and labels for the MNAM on FICO datasets. Solid lines
represent the mean of the relationships and dotted lines represent their uncertainties.
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C.2 MIMIC

Figure 7: Learned relationships between features and labels for the MNAM on MIMIC datasets. Solid lines
represent the mean of the relationships and dotted lines represent their uncertainties.

C.3 BIKE

Figure 8: Learned relationships between features and labels for the MNAM on BIKE datasets. Solid lines
represent the mean of the relationships and dotted lines represent their uncertainties.
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C.4 ACS Income

Figure 9: Learned relationships between features and labels for the MNAM on ACS Income datasets. Solid
lines represent the mean of the relationships and dotted lines represent their uncertainties.
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C.5 ACS Travel

Figure 10: Learned relationships between features and labels for the MNAM on ACS Travel datasets. Solid
lines represent the mean of the relationships and dotted lines represent their uncertainties.
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