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ABSTRACT

Deep neural networks (DNNs) are being increasingly used to make predictions from functional magnetic resonance imaging (fMRI) 
data. However, they are widely seen as uninterpretable “black boxes,” as it can be difficult to discover what input information is 
used by the DNN in the process, something important in both cognitive neuroscience and clinical applications. A saliency map is a 
common approach for producing interpretable visualizations of the relative importance of input features for a prediction. However, 
methods for creating maps often fail due to DNNs being sensitive to input noise or by focusing too much on the input and too 
little on the model. It is also challenging to evaluate how well saliency maps correspond to the truly relevant input information, as 
ground truth is not always available. In this paper, we review a variety of methods for producing gradient-based saliency maps and 
present an adversarial training method we developed to make DNNs robust to input noise, with the goal of improving the quality 
of DNN saliency maps. We introduce two quantitative evaluation procedures for saliency map methods in fMRI, applicable when-
ever a DNN or linear model is being trained to decode some information from imaging data. We evaluate the procedures using 
synthetic data sets, where the complex activation structure is known, and on fMRI data from the Human Connectome Project using 
saliency maps produced for linear models and DNNs doing task decoding in both settings. Our key finding is that saliency maps 
produced with different methods vary widely in quality in both synthetic and Human Connectome Project fMRI data, even when 
those methods have similar prediction performance. We found that training both linear and non-linear models using adversarial 
noise increased the quality of their saliency maps. We also found that, while some linear models generate good saliency maps in 
the highly controlled, synthetic data, non-linear DNN methods generate better saliency maps in real-world fMRI data. Finally, our 
experiments give evidence that combining adversarial training with a complex, non-linear model can improve saliency map quality 
when compared to several methods commonly used in the literature.
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INTRODUCTION

Machine learning prediction models are becoming in-
creasingly used in cognitive and computational neuro-
science for a variety of classification and regression tasks, 
including diagnosing diseases and predicting participant 
traits from functional or structural magnetic resonance 
imaging (fMRI, sMRI) data (1, 2). In these applications, 
however, accurate predictions on new participants are 
not enough. It is also necessary to have interpretabil-
ity, i.e. knowing what information in the input space  

(e.g. activation, connectivity between regions of interest 
(ROIs) or networks, measures derived from brain struc-
ture) is indicative of the target variable being predicted, 
from the architecture and parameters of the prediction 
model. A question related to interpretability is wheth-
er the information used by the prediction model is all 
the information present in the data. This is sometimes 
confounded with interpretability in the informal sense 
above, as it depends both on aspects of the model (e.g. 
regularization or network structure) and what in the data 
differs between classes. In neuroimaging, all of these are 
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crucial to developing a deeper understanding of the re-
lationship between brain function, how it manifests in the 
data, and how it is related to a target variable of interest. 
This also matters for translational applications, such as 
the use of brain stimulation to modulate brain function.

The recent availability of very large imaging data sets is 
starting to allow the development of deep neural network 
(DNN) models that can have better prediction perfor-
mance than classical machine learning techniques in neu-
roimaging applications (3, 4). However, their adoption has 
been slowed, in part, by the perception that such models 
are inscrutable or, conversely, widely used linear models 
are more interpretable. For the specific application of task 
decoding – predicting which cognitive state a participant 
is in – from fMRI activation data, the most commonly used 
models are linear. To interpret these prediction models, 
the model weights are generally projected into input 
space (e.g. for a multinomial regression on activation 
data, the map for each state label would have the same 
shape as the inputs, with one weight per input dimension, 
associated with the location of that input dimension) (5, 6).

There are two main drawbacks to using linear model 
weights as maps. First, this does not take into consider-
ation that the model compares how similar a test exam-
ple is to all the class weights, and the prediction is the 
class with the highest similarity. For instance, if two class-
es placed high weight on one voxel, it is less informative 
than if only one class did. This cannot be determined by 
looking at a single weight map. Second, the weight maps 
are the same for every test example, e.g. informative lo-
cations with activation differences across participants will 
likely have smaller magnitude weights than informative 
locations with consistent activation across participants. 
For a particular participant, activation in one location 
might have played more of a role in prediction than for 
others, but the weight map will not reflect that. This is 
not a drawback if we are looking for population effects, 
common to all participants; it will be when individually 
analyzing participants.

Regardless of the interpretability method used, a fur-
ther limitation of using linear models is that, by defini-
tion, they can only capture linear relationships between 
input features and what is being predicted. For activation 
inputs, for instance, the model can weigh the presence 
of activation in each voxel as positive or negative evi-
dence for a particular class; the weight does not reflect 
the activation of other voxels in examples of that class. 
For this, one would have to use a non-linear prediction 
model, such as a DNN.

The weight map approach does not work as an inter-
pretability method for DNNs, however, given that they 
perform multiple layers of computation, with non-linear 
operations. There have been many attempts to open up 
the DNN “black box” (7), across different areas of appli-
cation. One of the most popular approaches is creating 
gradient-based saliency maps, visualizations of the input 
space highlighting the features that drive the prediction 

of each class. While superficially similar to weight maps, 
these gradient-based saliency maps differ by being func-
tions of a prediction model and the specific image pro-
vided as input. They show, for a given test participant, 
how changes in activation lead to changes in prediction. 
The non-linearities in a DNN make it so that some input 
features can change how those, and other, input features 
affect the prediction, in a participant-specific manner. 
This is in contrast with linear models, where the input 
features are used in the same way for every participant.

There are several different methods for generating  
gradient-based saliency maps, which we review and con-
trast in the Methods to Compute Gradient-based Saliency 
Maps section. Both weight maps and gradient-based sa-
liency maps – which we will jointly describe as saliency 
maps – have been used in the neuroimaging literature, 
as we discuss in the Computing Saliency Maps section. 
But how should someone analyzing neuroimaging data 
decide on what type of saliency map to use? Intuitively, a 
saliency map is good if it tells us what information in the 
input features is indicative of the prediction target. For 
a given model, this is a function of the data, the specific 
prediction the model is trying to make (e.g. which tasks 
are being distinguished), and the way the model uses in-
formation in the data. In the context of a DNN for fMRI 
decoding, the saliency map for a particular task should 
show the locations where the presence of activation is 
associated with that specific task alone and the locations 
where activation is shared between that and some (but 
not all) of the other tasks. Additionally, the saliency map 
for a task should negatively indicate the locations where 
activation provides evidence of some other task.

A quantitative assessment of the quality of saliency 
maps – or a comparison of different methods for obtain-
ing them – is more challenging, given the absence of 
ground truth. Different methods for generating saliency 
maps have been shown to have different failure modes, as 
we review in the Computing Saliency Maps section. In the 
neuroimaging literature, and specifically when using acti-
vation data, such assessments generally rely on a voxel-
wise comparison of the saliency map to reference images 
or activation databases (e.g. (8) compared to a general lin-
ear model (GLM) voxelwise activation image for the tasks 
and (9) compared to NeuroSynth relevance maps (10) for 
the different tasks). From that perspective, a saliency map 
is good if it identifies activation similar to activation pres-
ent in other studies. Note that, in the case of activation 
maps, comparing to reference images does not provide 
an indication of where adding activation would decrease 
the probability of the correct class. Furthermore, this 
comparison ignores the fact that DNN gradients are in-
put-specific (i.e. a function of each individual input image 
and the prediction task), instead of population-wide (i.e. a 
function of the prediction task alone) as is the case if using 
the weights from linear models. Finally, comparing to ref-
erence activation implicitly assumes that the activation 
present in them contains all of the indicative information.
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What should the criteria be for judging a saliency map, 
then? If applying a classification model to multi-class data 
(e.g. task decoding), researchers expect there to exist 
very informative class-specific activation (present for one 
class, and no others), somewhat informative activation 
(shared between some, but not all, of the classes), non- 
informative activation present in all classes, and activation 
due to noise. The model should identify and combine 
these appropriately in order to predict each class. Note 
that, as the number of classes increases, there might be 
less or no class-specific activation. Furthermore, activa-
tion that plays the same functional role in different partic-
ipants (e.g. represents the same information or is active 
as a result of the same mental process) might also be in 
somewhat different locations, and only partially overlap 
across those participants (e.g. functionally defined ROIs 
would be an instance of this, as described in (11)). Taken 
together, this suggests that saliency maps produced for 
each class should assign weights that reflect the informa-
tiveness of activation. Activation that pushes the model 
toward predicting some of the classes – is informative for 
them – will be positive in their respective saliency maps 
and negative in the saliency maps for the other classes. 
Activation present in all participants should be more pos-
itive than that present in just some of them.

Under this scenario, and given ground truth, we pro-
pose two intuitive criteria for evaluating the quality of a 
class saliency map for a specific test participant input. 
The first is to compute how similar the map is to where 
and how informative the activation in each voxel is for 
that class. This reflects what activation changes would 
make that input more like one of a given class, in the 
light of other classes. The second is to compute, for any 
two classes, whether the saliency map with respect to a 
target class is similar to what it would take to transform 
the example into an example of that target class. This 
criterion is more useful for situations where one wants 
to understand what activation would need to change 
to switch a participant between classes (e.g. as a result 
of neurostimulation). This reflects the model’s decision 
boundaries between classes, e.g. what activation would 
switch the model from predicting one class to another 
for this particular input.

In this paper, we propose these criteria for evaluat-
ing the quality of saliency map methods for models in 
fMRI decoding. We illustrate the criteria by introducing 
two synthetic data sets that mimic brain activation with 
known information structure (extremely informative class- 
specific activation, informative activation shared between 
some – but not all – classes, and non-informative acti-
vation present in all classes). One of the synthetic data 
sets has the same activation structure across participants, 
the other introduces participant-specific variability in the 
location of activation. We then review commonly used 
types of prediction models, in a general multi-class situ-
ation, and review methods for obtaining saliency maps, 
both weight and gradient based.

We also introduce an adversarial training method 
that is computationally cheap, focuses on participant- 
specific adversarial noise, and has not been used on 
neuroimaging data before. Using the synthetic data sets 
as known ground truth, we show that, under our quan-
titative criteria, saliency maps produced with different 
methods vary widely in quality, even if the prediction 
models they were generated from have comparable 
decoding performance. Finally, we also apply these sa-
liency methods to linear and DNN models trained to per-
form fMRI task decoding using the Human Connectome 
Project (HCP) data set (12). HCP data allow us to esti-
mate ground truth saliency maps for each participant, 
using a similar approach to that used for the synthetic 
data set with participant variability in activation loca-
tion. This enables us to test the degree to which each 
method can learn to utilize participant-specific input in-
formation, in the context of all of the participants in the 
training set. In HCP data, decoding performance for a 
variety of prediction models is close to the performance 
ceiling. However, the quality of the saliency maps pro-
duced, as measured by our criteria, varies widely. Our 
experimental results indicate that making DNNs robust 
to small input noise, via adversarial training, can greatly 
improve the quality of saliency maps, without adversely 
affecting decoding performance. We provide code for 
reproducing our results in synthetic and real data sets,1 
although standalone implementations of each meth-
od and prediction model combination are beyond the 
scope of this paper.

METHODS

Quantitative Criteria for Evaluation  
of Interpretability

In this section, we propose two quantitative evaluation 
criteria for the interpretability of saliency maps for a clas-
sification model. We will use them to compare a variety 
of methods for producing saliency maps, which will be 
introduced in the Computing Saliency Maps section. In 
the Experiments section, results are presented for both 
synthetic and real data. Given that it will be easier to de-
scribe the evaluation criteria with reference to illustrative 
examples, we introduce the basic synthetic data set at 
this point. The synthetic data set comprises 2D images 
that are simplified analogs of brain activation maps. The 
“brain” in these maps can be in one of three classes: A, 
B, or C. Each class has a characteristic template of ac-
tivation, made up of nine activation regions, shown in 
Figure  1a (top), together with the average of the three 
templates. Each class template (e.g. A) has an active re-
gion that is completely specific to it and appears in no 
other class. In addition, it has two other active regions 

1  https://github.com/patrick-mcclure/adversarial_training_for_fmri_decoding.

https://github.com/patrick-mcclure/adversarial_training_for_fmri_decoding
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for the gradient-based saliency maps produced for each 
class transformation, by the various methods we consider.

Prediction Models

Notation For all models, an example =x x x[ ,..., ]V1  is a 
vector of input features; in our experiments, these are 
activation levels across V voxels. The class label y cor-
responds to the experimental condition or task present 
as the example was acquired. Almost all the models we 
consider use a one-hot encoding of the label, i.e. it will 
be a vector y such that entry i is 1 if the condition y = i, 
and 0 otherwise.

Multinomial Regression In multinomial regression, each 
class i has a vector of weights for each input feature, 
resulting in a weight matrix W where row i contains the 
weight vector wi for class i. These weights are multiplied 
by the input features, x, to yield a vector z = W x, with one 

logit zi per class i. A softmax function, σ
( )

( )=
Σ

z
z

z
exp( )
exp

,i
i

j j

 

is then applied to the resulting vector, computing σ(Wx) 
The output of the softmax is a probability distribution 
over classes, xp y |W ( ), that is parameterized by W. When 
incorporating L2 regularization, training becomes max-
imum a posteriori estimation, ( ) ( )xp y p Wargmax |W W ,  
with a Gaussian weight prior, ( )p W . We include this 
model because it is often deemed the easiest to inter-
pret, given the mapping between each class and the 
input feature space.

Correlation Classifier A correlation classifier compares 
a test example x to class prototypes ci, by computing the 
voxelwise correlations between the example and each 
of them. It predicts the condition i whose prototype is 
most similar to the example. A class prototype is usually 
the average of the training set examples with that class 
label. We include this model because the CIA interpret-
ability measure described earlier is based on similarity 
to class information images. This model can be seen as 
a special case of the multinomial regression model if we 
consider z-scored versions of the test example and the 

that are shared with one other class (e.g. AB and AC). 
Finally, it has three active regions that are present in all 
classes (e.g. ABC). In the first synthetic data set, the class 
template is the same for all the participants, with par-
ticipant-specific noise. In the second synthetic data set, 
each region is shifted horizontally and vertically by some 
random amount, independently for each participant.

Our first evaluation criterion aims to answer the 
question, “What information in the input space allows 
a prediction model to make a correct prediction?” For 
activation maps, it is whatever activation departs from 
the average activation across all classes. Intuitively, this 
means that any asymmetry in the presence of activation 
for different classes provides information that the predic-
tion model can exploit. We quantify this by computing 
the pixelwise correlation between a saliency map for the 
correct class of an image and the “template-average” 
image (i.e. the difference between the correct class tem-
plate and the average of the three templates) for each 
test image. We will call this “template-average” image a 
class informative activation (CIA) map; it is shown in Figure  
1a (bottom). The values in this map should also reflect 
the relative importance of class-specific versus shared 
activation, in terms of carrying information about the 
class. This map will be the ground truth for the gradient- 
based saliency maps produced for each class by the var-
ious methods we consider.

Our second evaluation criterion aims to answer the 
question, “What information in the input space corre-
sponds to the important differences between any two 
classes?” The answer to this, given an image of a par-
ticular class (e.g. A), are the changes in activation that 
would be needed to transform it into an image of an-
other class (e.g. B). We will call this the pairwise class ac-
tivation difference (CAD) map, shown in Figure  2b. The 
saliency map for predicting class B, with input from class 
A, should approximate this map and can be calculated 
using the fact that a gradient-based saliency map de-
pends on both the input image and the prediction target 
of interest. We quantify this by computing the pixelwise 
correlation between a saliency map for a class (e.g. B), 
given an image of another class (e.g. A), and the pairwise 
CAD map (e.g. B-A). This map will be the ground truth 

(a) (b)

Fig. 1.  Synthetic 2D fMRI ground truth for the two quantitative evaluations we introduce. a (top): The template images for activation locations in each of three  
conditions – A, B, C – as well as the average activation across conditions. a (bottom): The “template-average” images used as ground truth for class informative activa-
tion maps for each condition. b: The “pairwise template difference” images used as ground truth for pairwise class activation difference maps.



 : 2023, Volume 3	 - 5 -� CC By 4.0: © McClure et al.

O R I G I N A L   R E S E A R C H   A R T I C L E

The output for a single filter becomes a channel of 
the output of the convolutional layer. In a convolutional 
neural network (CNN), a non-linearity is applied to the 
output of the convolutional layer; this is not the case in a 
convolutional linear network (CLN).

Computing Saliency Maps

Gradient-Based Saliency Maps

As proposed in the introduction, one intuitive definition 
of the interpretability of a prediction model is the de-
gree to which it is possible to understand the relationship 
between the input and output variables learned by that 
model. For linear regression, this is usually done by look-
ing at the learned weights, as they directly reflect how 
much changing an input variable would change the out-
put variable (i.e. the gradient of the output with respect 
to the input). However, linear regression weights are not 
always straightforward to interpret, as discussed in (14). 
This is even more the case in multinomial regression, 
given that the weights for one class affect the prediction 
through a softmax function that takes other classes into 
account.

In our classification setting, interpretability trans-
lates into being able to understand what, in the input 
space, allows the model to distinguish classes (i.e. how 
changing the input variables changes the probability 
of predicting each class). Formally, this is the gradient 
with respect to the input variables, ∇ xxp y( | ).W  This is 
different from the gradient with respect to the weights, 
the learned parameters of the model, ∇ p y xx( | ).W W∇ xxp y( | ).W  The 
parameter gradient is computed during the training of 
a DNN, in gradient-based optimization methods, to find 
parameters that make the training data more likely given 
the model. Note also that the gradients of the logits with 
respect to the input for DNNs are dependent on the in-
puts; this is in contrast to linear regression, which has 
the same gradients for the logits for every input. Note 
that different models can produce different probabilis-
tic predictions, and therefore different gradient maps, 
and still have the same accuracy. This is because the ac-
curacy depends only on what class is predicted to be 
most likely, but does not take into account exactly how 
likely that, or other, classes are according to a model’s 
prediction.

Most Common Issues with Gradient-Based Saliency Maps

While gradient-based saliency maps have been success-
fully deployed in a variety of machine learning applica-
tions, they have two common failure modes:

1.	 maps are almost entirely a function of the specific 
input and are not sensitive to the learned param-
eters of the model;

2.	 maps dramatically change in the presence of even 
extremely small input noise.

class prototypes. In that situation, the vector of weights 
for each class is simply the z-scored class prototype. 
Likewise, we compute the prediction by passing all class 
similarities through a softmax function to yield a proba-
bility for each class. This allows us to produce saliency 
maps using exactly the same approach as for multino-
mial regression.

Neural Networks In many cases, a multinomial regres-
sion model operating on input features cannot separate 
all of the classes. Neural networks (NNs) are models that 
can learn to compute new features that are non-linear 
functions of the original input features, yielding a new 
feature space where classes can be separated. NNs are 
built up of functions (i.e. “layers”). A layer, l, takes the 
form of multiplying the input to the layer, xl, by a weight 
matrix, Wl, and then applying an activation, fl, resulting 
in new features xf Wl 1 1( ). In NNs, a non-linear activation 
function is used, such as a rectified linear unit (ReLU) (13). 
Layers are applied sequentially, with the first layer op-
erating on the input image, the second layer operating 
on the output of the first, and so on until the layer be-
fore the last. For multi-class classification, the final layer, 
often called “output layer,” usually computes a softmax 
non-linearity, similar to multinomial regression, produc-
ing xp y |W ( ). DNNs are NNs that have more than one 
non-output layer.

Linear Networks Linear networks (LNs) are similar to 
NNs, except that the activation function is the identity 
function. In LNs, the weight matrices of the different lay-
ers can be multiplied to create a single linear layer that 
computes the same function as sequentially applying 
the different layers. For every neural network model in 
our experiments, we also build a linear network with the 
same connectivity structure, to examine how non-linear 
activation functions affect interpretability.

3D Convolutional Networks 3D convolutional net-
works are NNs that are built using 3D convolutional lay-
ers. A 3D convolutional layer takes a 3D volume, X, as 
an input. Each location in that 3D volume corresponds 
to a feature vector with c channels. The weights of the 
layer correspond to 3D filters of shape (d, h, w, l ), where 
d is the number of channels of the input to the layer, 
h is the height of the filter, w is the width of the filter, 
and l is the length of the filter. When using a stride of 
one, as done in this paper, each filter is applied at each 
location throughout the input 3D volume. This results 
in outputting another 3D volume, with a feature vector 
containing the output of each filter at each possible lo-
cation. Mathematically, convolving the nth filter, Wn, can 
be written as

�
�
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Both of these failure modes can be illustrated by refer-
ence to the situation where a DNN does task decoding 
based on activation maps, as follows.

The first problem occurs when methods produce sa-
liency maps that mostly reflect the specific input (e.g. 
they are a function of activation being present or absent), 
rather than what the model learned (e.g. which presence 
of activation distinguishes some classes from others). 
This can be demonstrated by showing that saliency maps 
are similar for both a trained DNN and one where param-
eters were randomly initialized, which would indicate that 
the maps do not reflect the information the model uses 
to make a prediction. Adebayo et al. (15) show that this is 
the case for methods such as multiplying the gradient by 
the input, guided back-propagation, guided GradCAM, 
and integrated gradients, which all over-focus on the 
specific input. Note that other methods, such as Layer-
wise Relevance Propagation (LRP) and DeepLift, which 
are used in SHapley Additive exPlanations (SHAP) (16), 
are equivalent to the gradient times input method, for 
ReLU networks with zero baseline and no biases (17). Due 
to this and the popularity of LRP and DeepLift, we will, in 
all experiments, use the gradient times input method as 
a representative technique for the methods that over-fo-
cus on the input when generating saliency maps.

The methods discussed earlier have been used to 
study DNNs trained on neuroimaging data, with (8) using 
guided back-propagation, (9)s using LRP, and (18) using 
standard gradients.

The second problem occurs when DNNs are suscep-
tible to abrupt changes in prediction (e.g. which task) 
based on small input changes (e.g. tiny activation chang-
es in a few voxels) (19, 20). This violates the intuition that 
inputs that are extremely similar should have similar 
predictions (i.e. the model should learn a smooth func-
tion). This will then perturb any estimate of how much 
a particular input feature is relevant for a prediction (21, 
22). Robustness, in this context, means ensuring that 
small changes in inputs to the DNN will not dramatically 
change the output. As a result, making DNNs robust to 
small noise has been proposed as means of increasing 
interpretability; however, inducing too much smoothness 
can lead to a decrease in accuracy in some instances (23–
25). The main approaches devised to address this rely 
on either smoothing the input gradients of non-robust 
DNNs (e.g. SmoothGrad (26)) or making DNNs robust to 
input noise, namely using random and adversarial input 
noise during training, which can improve the interpret-
ability of DNNs (22, 24). To the best of our knowledge, 
adversarial training for improving interpretability has not 
been previously used with neuroimaging data.

Computing Saliency Maps for All the Prediction Models

In this section, we describe the basic approaches for 
deriving saliency maps for all the prediction models in-
troduced earlier, both with and without using gradients. 
We then introduce other approaches that build on the 

use of gradients, including our own adversarial training 
one. All the approaches introduced will be compared in 
the synthetic and real-data experiments reported in the 
Experiments section.

Multinomial Regression Weights For multinomial re-
gression, the simplest way to produce a saliency map for 
a class is to use the learned weights for each input fea-
ture for that class. We included this approach because it 
is very commonly used and subjectively deemed most 
interpretable.

Multinomial Regression, Correlation Classifer, LN, and 
NN Input Gradients A gradient-based saliency map can 
be generated for NNs, but also for LN (it is a NN with an 
identity activation function), multinomial regression (it is 
a NN without a hidden layer), and correlation classifier  
(it is a special case of multinomial regression).

NN Gradient Times Input One popular method to cre-
ate saliency maps for an input is to multiply that input with 
the input gradient for that input. Several commonly used 
saliency map methods, such as LRP and DeepLift, which 
are used in SHAP (16), are equivalent to the gradient 
times input method, for ReLU networks with zero base-
line and no biases (17). As a result, we include saliency 
maps produced by multiplying the NN gradient-based 
saliency map by the NN input in all of our experiments.

SmoothGrad Another popular method for dealing with 
the lack of robustness in NN gradients is SmoothGrad 
(26), which estimates the gradient xxpW y( | )∇  around an 

input x as xxE pW y[ ( | )],δ∇ +δ  where δ δ σ( )= δp N I00( ) ; , .2  

In practice, Monte-Carlo sampling is used to estimate 
this expectation by adding random noise δ – sampled 
from δp( ) – to an input, calculating the input gradient for 
each of these noisy inputs and then averaging over the 
gradients produced for these different noisy samples. 
Several papers have reported that this improves the in-
terpretability of NN gradients (15, 26), although there are 
no formal guarantees on this leading to robust gradients.

Random Noise and Adversarial Training A common 
way of increasing model robustness to input noise is to 
add noise to inputs during the training process so that 
the NN encounters different variations of a given training 
example, all of which must lead to the same prediction. 
This makes training produce models that correspond to 
locally smooth functions. The input noise during training 
is often random noise such that the produced training 
example variations are centered at the original training 
examples, such as zero-mean Gaussian noise or zero- 
centered spherical noise. We include models trained 
with random noise in all experiments.

It is possible to train with noise that more effectively 
increases a NN’s robustness by using adversarial training, 
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where the noise is determined by calculating the input 
change that would alter the output the most, rather than 
randomly. In the original adversarial training papers, the 
adversarial noise was computed using a gradient step 
for the input gradient at a real input example, using the 
fast gradient sign method (19, 20). Recently, projected 
gradient descent (PGD) has been used to improve ad-
versarial training by performing multiple gradient steps 
when generating adversarial noise (27). For PGD, the 
goal is to find the adversarial noise that will either op-
timally decrease the probability of the correct class of a 
training input (a.k.a. non-targeted adversarial noise) or 
optimally increase the probability of an incorrect class 
(a.k.a. targeted adversarial noise) while staying close to 
the input example. A common definition of staying close 
to the input example is restricting the adversarial noise, 
δ, to have a small L2-norm (i.e. keeping the Euclidean 
distance between the input example and the adversarial 
example small). Generating a non-targeted, L2 adversar-
ial example using PGD is achieved by optimizing

δ δ( )+ ≤∈δ ( ) ( )xp yargmin | s.t. .W y yxx xx, , 2yxx( , )

Adversarial noise can be found by performing this 
optimization and then adding it to the respective input 
in order to generate an adversarial example. These ad-
versarial examples can then be used to calculate the pa-
rameter gradients for one parameter update step. For 
relatively small models, such as our synthetic data exper-
iment, this can work very well. However, this is computa-
tionally expensive and can be prohibitive if using large 
DNNs. Recently, Shafahi et al. (25) proposed simultane-
ous generation of adversarial examples, by optimizing the 
adversarial noise and updating the model parameters, 
thus significantly speeding up adversarial training. We 
developed a version of this method that uses example- 
specific L2 adversarial noise, instead of universal L∞ noise 
(see Algorithm 1). L2 noise was chosen because it has 
been suggested to have improved interpretability in 
comparison to L∞ noise (23) and has less of an accuracy- 
interpretability tradeoff than L∞ noise (24).

To evaluate whether the non-linearities used in NNs 
help to generate better saliency maps, we also trained 
LNs with adversarial training. We include both NN and 
LN models trained with our adversarial training method 
in all experiments.

Algorithm 1  m-step Minibatch Adversarial Training

Require: Set of training minibatches D, Model parameters W, 
noise bound E, learning rate τ, hop steps m
1: while not converged do
2:	 for minibatch B ∈ D do
3:	 for (x, y) ∈ B do
4:	 δ(x,y) ← 0� ⊳ Initialize adversarial noise
5:	 for i = 1, ..., m do
6:	 E ∇ δ( )← +



∈ xxg p ylog |W y B W W yxx xx( , ) ( , ) � ⊳ Get parameter gradients

7:	         τ←W W+ gW� ⊳ Update parameters

8:	        for (x, y) ∈ B do
9:	             ∇ δ( )← + 

xg p y xx|adv W yxx ( , ) �⊳ Get input gradients

10:	             if >g 0adv 2  then
11:			   υ ε ν( ) ∼U U E~ 0, (0, )

� ⊳ Sample adversarial step size

12:		        g g/y y ad ad, , 2δ δ υ← − υ υ( ) ( )x x

� ⊳ Update adversarial noise
13:	             if xδ >∈( )y, 2

 then

14:		        /y, ,y ,y 2
δ δ δ←∈( ) ( ) ( )x x x

� ⊳ Rescale the adversarial noise

Improving Input Gradients by Decreasing 
Overconfidence Unlike the derivative of a logit, the de-
rivative of the probability, ∇ xxp y( | ),w  is dependent on 
the confidence of the network. This can be an issue if a 
model is overconfident, as predicted probabilities very 
close to 0 or 1 will make the derivatives be very close 
to 0. To prevent this, we perform temperature scal-
ing for the evaluated models, as suggested by (28). In 
temperature scaling, a temperature parameter, t, is in-
troduced into the softmax function in all of our models,

σ
( )

( )
( )

=
Σ

z
z t

z t

exp /

exp /
.

i
i

j j

 The temperature parameter can 

then be set by taking an already trained model, fixing its 
weights, and finding the t that results in the lowest nega-
tive log-likelihood on the validation data. This will result 
in a model whose predicted probabilities better match 
the data, as the negative log-likelihood penalizes being 
confident on incorrect predictions.

EXPERIMENTS

Synthetic Data

Synthetic Data without Participant-Specific Activation 
Locations

Data As described in the Quantitative Evaluation of 
Interpretability section, the synthetic data set contains 
2D images that are simplified analogs of brain activa-
tion maps in one of three classes: A, B, or C. Each class 
activation template (top row of Figure 2a) contains 32 × 
32 = 1024 pixels. Each activation region is a 3 × 3 pixel 
square, so ∼7% of the “brain” contains activation. Pixels 
belonging to an activation region have a value of 1, and 
background pixels have a value of 0. We generated 1000 
examples of each class for train, validation, and test sets, 
respectively, analogous to 1000 participants in a real data 
set. Each example was produced by taking the template 
for the corresponding class and corrupting it with pixel-
wise independent Gaussian noise (σ = 0.5).

Prediction Models and Results We trained an L2-
penalized multinomial linear regression, an L2-
regularized NN with a 20-unit fully connected layer with 
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(a) (b)

Fig. 2.  Visualization of saliency maps for the predictions for the synthetic test data without participant-specific ROI locations, for the two quantitative evaluations 
we introduce. a: (CIA) The saliency maps for the correct class and their Pearson’s correlations with the corresponding “template-average” map. b: (CAD) The saliency 
maps for other classes and their correlations with the corresponding “pairwise template difference” map.

ReLU non-linearities and a 7-unit fully connected layer 
with a softmax non-linearity, and an L2-regularized LN 
with the same architecture as the NN, except without the 
ReLU non-linearities, to predict which of the three classes 
(i.e. A, B, or C) generated an image. Models were trained 
with full-batch Adam. An NN and an LN were trained 
with and without 3-step PGD adversarial training with  
E = 1. To test if adversarial noise was particularly help-
ful, we also trained an NN with additive uniform random 
noise within the same E-sphere as used in adversarial 
training. For SmoothGrad, σ =δ 0.3, and was set to max-
imize interpretability on the validation data. Each model 
was able to perfectly classify the test data.

Class Informative Activation (CIA) The first criterion in-
troduced in the Quantitative Evaluation of Interpretability 
section evaluates how well a gradient-based saliency 
map for a class, generated from an input image with 
that class, identifies CIA. The ground truth for this is the 
CIA map (the difference between the class template and 
the average template across all classes), shown in row 
2 of Figure  2a. Each saliency map method we consid-
er produces, for each example, a map that depends on 
its class. These maps are shown in rows 3–12 of Figure  
2a for the examples for a test synthetic participant. The 
evaluation measure for each test example map is its pix-
elwise correlation with the CIA map, yielding a sample 
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We applied this approach to the saliency maps pro-
duced by all of the methods, as shown in rows 2–8 in 
Figure  2b. For each test example, each method produc-
es a saliency map indicating what would be required to 
transform the example into another class. Each of those 
saliency maps is then correlated with the corresponding 
pairwise CAD map, yielding an average correlation value 
across possible classes; across test examples, this results 
in a sample of correlation values. For any two methods, 
we used a two-sided paired t-test to determine if their 
average correlation was different. We used Bonferroni 
correction to account for all of the pairwise comparisons. 
The results of the paired t-tests are shown in Figure  3b. 
As before, the neural network with adversarial training 
outperforms the other methods. We also found that the 
CAD maps for the correlation classifier, e.g. in going from 
class A to class B, were very similar to the CIA maps for 
the target class B. This suggests that the saliency map 
indicating how to transform an example does not reflect 
where that example is in the input space.

Synthetic Data with Participant-Specific Activation 
Locations

Data The second type of synthetic example was gen-
erated as described in the Quantitative Evaluation of 
Interpretability section, except that the class template 
for each condition was unique for each example (anal-
ogous to a participant in a real data set). For each of 
the nine ROIs, the location of its center was obtained by 

of correlation value. We use a two-sided paired t-test 
across test examples to compare whether the aver-
age correlation for any two methods is different, with 
Bonferroni correction to account for all of the pairwise 
comparisons being carried out. The results of the paired 
t-tests are shown in Figure  3a. Overall, the correlation 
classifier performs best according to this measure, given 
that it compares the test participant image to the aver-
age image for each class across participants in the train-
ing set. As our synthesis process generates each of the 
latter by adding pixelwise, zero-mean gaussian noise, 
the average image cancels that noise and is, in essence, 
the class template. Otherwise, both linear and non-lin-
ear NNs with adversarial training are generally better 
than the other methods. There is little difference be-
tween them, given that there is no non-linear interaction 
between the appearance of activation spots across con-
ditions; nor are there differences between participants.

Pairwise Class Activation Differences (CAD) The sec-
ond criterion introduced in the Quantitative Evaluation 
of Interpretability section evaluates how well the saliency 
map for a class B, given an input from class A, identifies 
the changes in activation that would be needed to trans-
form the input from class A to class B. The ground truth 
for this, in the synthetic data, is the pairwise CAD map, 
the difference between the template images for classes 
B and A. This is shown, for every possible transition, in 
the first row of Figure  2b.

(a) (b)

Fig. 3.  The results of the pairwise paired t-tests for the CIA and CAD correlations, across test examples, for the synthetic data without participant-specific locations. 
Blue indicates that a method is significantly different (p < 0.05, corrected) from another method and it has a smaller mean correlation. White indicates that the two 
methods being compared do not have significantly different (p < 0.05, corrected) correlations. Red indicates that a method is significantly different (p < 0.05, corrected) 
from another method and it has a larger mean correlation. The comparisons should be read left to right rowwise.
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(a) (b)

Fig. 4.  Visualization of saliency maps for the predictions for the examples for a synthetic test participant with participant-specific ROI locations, for the two quan-
titative evaluations we introduce. a: (CIA) The saliency maps for the correct class and their Pearson’s correlations with the corresponding “template-average” map.  
b: (CAD) The saliency maps for other classes and their correlations with the corresponding “pairwise template difference” map.

adding a random shift – −1, 0, or 1 – in vertical and hori-
zontal directions, relative to the location in the previous 
scenario. The resulting activation centers were then used 
to create participant-specific templates for classes A, B, 
and C, and examples of each class by adding pixelwise 
independent Gaussian noise (σ = 0.5) as before. This 
gives us the activation patterns for each class, for a given 
synthetic participant, shown in the first row of Figure 4a. 
Note the displacements of the activation centers in each 
ROI. Having different activation patterns across synthetic 
participants makes it possible to see how variations in 
the location of certain informative activation, as present 
in neuroimaging data, manifest itself across the methods 
studied.

Prediction Models and Results We trained the same 
type of models on the second synthetic data set as we 
did on the first synthetic data set. Each model was able 
to perfectly classify the test data.

Class Informative Activation (CIA) In the presence of 
participant-specific ROI locations, we compute CIA using 
participant-specific ground truths, as shown in rows 1 and 
2 of Figure 4a. Note that the participant-specific tem-
plates shown are the examples for that participant in the 
different classes; this is unlike the previous synthetic data 
set, where the templates were common to all participants. 
Each gradient-based saliency map method we consider 
produces, for each example, a map that depends on its 
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class. These maps, for the examples for a test synthet-
ic participant, are shown in rows 3–12 of Figure 4a. The 
evaluation measure for each test example map is its pix-
elwise correlation with the CIA map, yielding a sample of 
the correlation value. We use a two-sided paired t-test 
to compare whether the average correlation for any two 
methods is different, with Bonferroni correction to ac-
count for all of the pairwise comparisons being carried 
out. The results of the paired t-tests are shown in Figure 
5a. Given that activation can now appear in a broader 
spatial context, relative to the previous synthetic data 
set, most methods display larger regions with positive 
and negative gradients. One exception is NN gradients 
times inputs, which is heavily driven by the input. In this 
instance, the LN and NN with adversarial training outper-
form the other methods. This indicates that adversarial 
training helps create models that identify all of the places 
where the appearance of activation would make a given 
participant image more likely to have each class. The 
LN slightly outperforms the NN, indicating that, for this 
setup, adding non-linearities to the LN did not improve 
the CIA measure. The correlation classifier now performs 
somewhat worse, mainly because there is less activation 
overlapping across all subjects in the average image for 
each class, taken across training set participants.

Pairwise Class Activation Differences (CAD) In the pres-
ence of participant-specific ROI locations, we compute 
CAD using participant-specific ground truths, as shown in 

rows 1 and 2 of Figure  4b. Note that the participant-specific 
templates are the examples for that participant for the dif-
ferent classes; this is unlike the previous synthetic data set, 
where the templates were common to all participants. We 
applied this approach to the saliency maps produced by 
all of the methods, as shown in rows 2–11 in Figure  4b. For 
each test example, each method produces a saliency map 
indicating what it would require to transform the exam-
ple to a given class. Each of those saliency maps is then 
correlated with the corresponding pairwise CAD map for 
that participant (see row 1 of 4b), yielding an average cor-
relation value across possible classes; across test exam-
ples, this results in a sample of correlation values. For any 
two methods, we used a two-sided paired t-test to deter-
mine if their average correlation was different. We used 
Bonferroni correction to account for all of the pairwise 
comparisons. The results of the paired t-tests are shown in 
Figure  5b. In this instance, the CNN with adversarial train-
ing outperforms the other methods. As in the prior data 
set, the input gradient maps for the correlation classifier 
are not sensitive to the class of the input example.

fMRI Data

Data For our main evaluation, we used volumetric task 
fMRI activation maps from the Human Connectome 
Project 1200 data set (HCP1200) distribution, for the 965 
participants for which they were produced. We randomly 

(a) (b)

Fig. 5.  The results of the pairwise paired t-tests for the class informative activation and class activation differences correlations, across test examples, for the syn-
thetic data with participant-specific locations. Blue indicates that a method is significantly different (p < 0.05, corrected) from another method and it has a smaller mean 
correlation. White indicates that the two methods being compared do not have significantly different (p < 0.05, corrected) correlations. Red indicates that a method is 
significantly different (p < 0.05, corrected) from another method, and it has a larger mean correlation. The comparisons should be read left to right rowwise.
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split participants into groups of 788 (training), 92 (vali-
dation), and 95 (test), taking care to keep siblings within 
the same set, and assigning the largest families to the 
training set. For each participant, HCP1200 contains ac-
tivation maps for several conditions within each of seven 
tasks (described in (29)): working memory (WM), gam-
bling, motor, language, social, relational, and emotion. In 
our experiments, each task is one class, with the example 
being the activation map contrasting the main task con-
dition with the control condition (see (29) and Table 1, ex-
ceptions were made for gambling, given that activation 
in the two conditions was extremely similar, and motor, 
as there was no clear control). The input x and output y 
pairs used in training/testing were created by individually 
z-scoring these activation maps and labeling them with 
their respective task.

Prediction Models and Results For classifying tasks from 
HCP 3D activation maps, we trained an L2-penalized mul-
tinomial linear regression model, an L2-penalized 3D 
CNN, an L2-penalized 3D CLN with the same architec-
ture as the 3D CNN, and a 3D CNN and a 3D CLN with 
4-step minibatch adversarial training (Algorithm 1). The 
CNN uses 3 × 3 × 3 filters, with five convolutional lay-
ers (32, 32, 64, 64, 64 filters and ReLU non-linearities) and 
one final softmax layer (Table 2). These were all trained 
using Adam (30) and a batch size of 32. The CNNs and 
CLNs were also trained with weight normalization (31). 
Hyperparameters, such as the L2 coefficient and adver-
sarial noise bound, were set using the validation data. For 
SmoothGrad, 2.0σ =δ  was set to maximize interpretability 
on the validation data. For adversarial training, the adver-
sarial noise bound, E, was set to 95, which corresponds to 
a noise of 0.1 (i.e. 10% of a standard deviation) per voxel.

Table 2.  The 3D convolutional neural network architecture used for HCP fMRI 
task decoding.

Layer Filter Stride Padding Non-linearity Pooling

1 32x3x3x3 1 1 ReLU 2x2x2 Avg.

2 32x3x3x3 1 1 ReLU 2x2x2 Avg.

3 64x3x3x3 1 1 ReLU 2x2x2 Avg.

4 64x3x3x3 1 1 ReLU 2x2x2 Avg.

5 64x3x3x3 1 1 ReLU 2x2x2 Avg.

6 7x57768256 – – Softmax –

Table 1.  The contrast to task mapping used to create labels for the HCP data. 
Note that, in the absence of a relevant control condition, we used the average 
of the condition versus baseline contrasts.

HCP Task Contrasts or Conditions Used

Working memory
Gambling
Baseline Motor
Language
Social
Relational
Emotion

2-BACK versus 0-BACK contrast
Average of REWARD and PUNISH versus
Average of LF, LH, RF, RH, T versus baseline
MATH versus STORY contrast
TOM versus RANDOM contrast
REL versus MATCH contrast
FACES versus SHAPES contrast

The test set accuracies were 97.43% (multinomial re-
gression model), 91.33% (correlation classifier), 95.66% 
(CLN), 99.19% (CLN with adversarial training), 98.39% 
(CNN), 98.88% (CNN trained with additive random 
noise), and 98.07% (CNN with adversarial training). The 
correlation classifier had a significantly lower accuracy 
than all of the other methods (p < 0.05, corrected), per 
paired t-tests across test participants. The CLN has a sig-
nificantly lower accuracy than the CLN with adversarial 
training, the CNN, and the CNN with additive random 
noise during training (p < 0.05, corrected). All the other 
pairwise comparisons resulted in no significant differ-
ence (p < 0.05, corrected).

Class Informative Activation (CIA) We computed an ap-
proximate ground truth CIA map for each decoding class 
in each participant, by subtracting a participant’s average 
example across classes from the participant’s average 
example of each class. This is approximate in that each 
example is intrinsically noisy, even though it is already 
the product of a GLM applied to data from several trials 
within the corresponding condition. In order to evaluate 
each saliency map method, we computed the voxelwise 
correlation between the map produced for each input 
example, with the gradient for its correct class, and the 
CIA map. This yields a sample of correlation values for 
each method. The average correlations for each method 
are shown in Figure  6a, and the results of the pairwise 
paired t-tests comparing them are shown in Figure  7a.

Overall, the adversarially trained DNN has significantly 
higher CIA than the other methods. An important note 
is that the correlation classifier has lower CIA than any 
of the other methods. This classifier works by compar-
ing each test example to the average example of each 
class in the training set and, as shown earlier in synthetic 
data, is unable to consider activation in some locations 
in the light of activation elsewhere. This is necessary in 
order to accommodate participant-specific variations in 
activation location. In Figure  8a, we show the average 
example across participants for three classes (row 1), and 
the corresponding CIA maps (row 2). The saliency maps 
produced with the various methods are shown for one 
class (language) in column 1 of Figure  8b.

Pairwise Class Activation Differences (CAD) We com-
puted ground truth class pairwise activation difference 
maps for each pair of classes and each participant, by 
subtracting a participant’s average activation map, 
across conditions, for each class from the average maps 
of all other classes. We applied this approach to the 
gradient-based saliency maps for each possible class 
produced for each test example, using each of the eval-
uated methods. For each method, and across all test 
examples, we correlated the pairwise gradient-based sa-
liency maps with the corresponding pairwise CAD maps, 
yielding an average correlation value across incorrect 
classes; across test examples, this results in a sample 



 : 2023, Volume 3	 - 13 -� CC By 4.0: © McClure et al.

O R I G I N A L   R E S E A R C H   A R T I C L E

(a) (b)

Fig. 6.  The average interpretability scores (with standard errors) for saliency maps on the HCP test set, according to our two quantitative evaluation criteria. The lin-
ear multinomial regression model gradients, the correlation classifier gradients (Corr.), the convolutional linear network (CLN) gradients, the CLN with adversarial training 
gradients (CLN-Adv.), the convolutional neural network (CNN) gradients, the CNN gradients times inputs (CNN-GxI), the CNN with SmoothGrad (CNN-SmoothGrad) 
gradients, the CNN trained with additive random noise (CNN-Rand.) gradients, and CNN with adversarial training (CNN-Adv.) gradients. a: The average correlations 
versus the task informative activation map, across all test participants, with standard error bars. b: The average correlations versus the pairwise class activation difference 
map, across all tasks and test participants, with standard error bars.

(b)(a)

Fig. 7.  The results of the pairwise paired t-tests for the participant-specific class informative activation and class activation differences correlations, across test  
examples, for the HCP data. Blue indicates that a method is significantly different (p < 0.05, corrected) from another method and it has a smaller mean correlation. White 
indicates that the two methods being compared do not have significantly different (p < 0.05, corrected) correlations. Red indicates that a method is significantly different 
(p < 0.05, corrected) from another method, and it has a larger mean correlation. The comparisons should be read left to right rowwise.
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(b)

(a)

Fig. 8.  Visualization of gradient-based saliency maps for a participant from the HCP test data. a: In row 1, the coronal, sagittal, and axial views of “glass brains” of 
the examples for three classes, Language, Working Memory (WM), and Motor. In row 2, the class informative activation map obtained by subtracting the average ex-
ample across classes from the Language example (column 1) and the pairwise class activation difference maps for WM (column 2) and Motor (column 3) with respect to 
Language. b: The average gradient-based saliency maps (rows 1–4) for the Language class, applied to the example of the Language (column 1), WM (column 2), and 
Motor (column 3) classes. (Each “glass brain” was individually scaled, using the 99.9999th percentile of absolute values across the brain to define the extremes.)
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of correlation values. The average correlations for the 
different methods are shown in Figure  6b. For any two 
methods, we used a two-sided paired t-test to compare 
whether their average correlation was different. We used 
Bonferroni correction to account for all of the pairwise 
comparisons. The results of this comparison are shown 
in Figure  7b.

Overall, the adversarially trained DNN has significant-
ly higher CAD than the other methods. In Figure  8b, we 
show the average gradient-based saliency map pro-
duced by each method for the language class, applied 
to the average example of the language (column 1),  
WM (column 2), and motor (column 3) classes. Note 
how these gradient maps remove the most prominent 
activation in the maps of the correct class (column 1) 
when transforming to a different class (columns 2 and 3).  
In particular, note that the gradient times input language 
to motor gradient map (Figure  8b, column 3, row 3) re-
moves activation where the input activation is high but 
does not indicate that activation should be added around 
the central sulcus.

DISCUSSION

In neuroimaging, and many other areas, machine learn-
ing models must not only have high prediction perfor-
mance but also be interpretable, correctly capturing 
the information in the input space that is relevant to the 
prediction. Linear methods have been popular in neuro-
imaging because they have high performance in many 
prediction problems and are seen as interpretable. 
However, linear models often learn population-based 
information and, unlike non-linear models, cannot use 
different information for different participants. DNNs 
are being increasingly used to make predictions in cog-
nitive neuroscience and neuroinformatics applications. 
While successful, in terms of prediction performance, 
they are widely seen as uninterpretable “black boxes,” 
as it can be difficult to discover what input information 
is used by a model to make predictions. A common 
approach to addressing this concern is to produce gra-
dient-based saliency maps, visualizations of the rela-
tive importance of input features in prediction. Many 
methods for generating saliency maps have been in-
troduced in the machine learning literature. However, 
they are known to be brittle due to focusing too much 
on the input or being extremely sensitive to small input 
noise. Finally, it is also challenging to evaluate how 
well saliency maps correspond to the truly relevant 
input information, given that ground truth is not always 
available. There is also no consensus on how to quanti-
tatively evaluate the quality of the resulting maps.

In the light of the increasing usage of saliency map 
methods in neuroimaging, we believe it is timely to com-
pare their effectiveness. To that effect, we introduced 
two quantitative criteria to evaluate the interpretability 

of saliency map methods for fMRI task decoding. These 
criteria are well-defined whenever a model is being 
trained to decode some information from imaging; they 
are, therefore, of broad applicability. We first described 
the rationale for the criteria using synthetic data sets, 
where the activation structure is known. There, we also 
drew the distinction between activation and information 
(activation present in some tasks but not others), as the 
latter is what should be captured in a saliency map. In 
the evaluations of maps in prior neuroimaging work, the 
ground truth is often a map of known activation for a 
particular task, so we believe that showing that this dis-
tinction matters in practice is a useful contribution. Our 
quantitative criteria are based on ground truth knowl-
edge, in synthetic data, and an approximation thereof, in 
real data. The latter differs in many significant ways, e.g. 
variability in the location of the corresponding activation 
across participants, noise distribution, and ratio of infor-
mative features to total number of features, just to pick a 
few. Our criteria are based on the notion that activation is 
informative mainly to the degree that it differs between a 
few (or most) of the classes being compared.

We provided a brief review of common gradient-based 
saliency map methods for NNs: plain gradient, gradient 
times input, SmoothGrad, and gradients with random 
and adversarial noise during training. We also intro-
duced a new adversarial training method we developed 
to make DNNs robust to input noise, with the goal of 
improving saliency map quality. We then evaluated all of 
these methods with NNs trained to perform task decod-
ing, in both synthetic data and the task activation data in 
the HCP data set, using both of our quantitative criteria.

Our experiments led to several findings across both 
synthetic and real data sets. First, we found that gradi-
ent-based saliency maps produced with different meth-
ods vary widely in interpretability, as measured by our 
quantitative criteria in synthetic and HCP data. This was 
the case even for models that had similar prediction 
performance. Another finding was that using adversar-
ial training improves the quality of the gradient-based 
saliency maps of both linear and deep NNs, relative to 
other methods. Those methods fail by being too sensi-
tive to noise or by introducing information from the input 
image into the final map (e.g. gradient times input). An 
important test of the basis of our quantitative criteria was 
the use of a correlation classifier. The correlation classifier 
makes decisions based on the average class activation 
maps. This scores high in synthetic data where the ac-
tivation of each participant is generated from the same 
spatial template. It does less so in synthetic data where 
there is participant-specific variation in the location of the 
corresponding activation. It does worst in the HCP fMRI 
data where, in addition to participant variation, there are 
many more features, most of which will be uninforma-
tive. There is also more noise, with a far more complex 
spatial distribution. Why is this important? In general, re-
searchers want to use a prediction model for the purpose 
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by using input Hessians (i.e. second-order approximations 
of the optimization landscape). This should increase the 
interpretability of complex machine learning models and 
their widespread adoption in the scientific community.
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