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Open-source machine-learning models for automatic extraction of facial expressions have transformed psychological
research, yet their black-box nature renders them opaque in terms of the features used. This is concerning because
the mechanisms underlying model outputs is often as important as the model’s accuracy. Here, we combined a novel
face-transformation algorithm with psychophysical reverse correlation to create an explainable-AI technique. This let us
uncover the features used to detect facial action units by Py-feat and Openface, two popular models for tracking facial
expressions. Taking the example of smiles, we found that both models critically lack modularity: eye-region features
influence model estimates of smiles, and vice-versa. Our method also helped create adversarial examples to show that
task-irrelevant facial landmarks can modulate smile estimates, suggesting that the models exploit statistical shortcuts
rather than anatomically meaningful features. While we found no evidence of systematic gender or ethnicity bias, we
identified discrepancies between the observed and prototypical action-unit composition of emotional expressions.
These findings highlight that the use of black-box models in psychological research can mask poor construct validity
with high benchmark scores. However, explainability tools can counter this issue by providing mechanistic insight into
how models process information, which, in addition to being good scientific practice, can help elucidate human face
processing.
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1 Introduction

Machine-learning models have become ubiquitous and in-
creasingly indispensable tools across affective computing,
psychology, and cognitive science, enabling the automated
extraction of multimodal behavioural signals. They are now
routinely applied to facial expression recognition [1, 2], emo-
tion recognition [3], synthesis of facial expressions for experi-
mental stimuli [4, 5, 6], studying social interactions in psycho-
logical research [7] and for automated assessment of clinical
conditions like depression [8, 9]. This ubiquity has been en-
abled by the accessibility and ease-of-use of toolboxes like
Py-feat [10] and Openface [11]. However, studies using such
tools often do not perform any form of quality checks against
validated ground truth [12], and reliance on them in the scien-
tific community raises serious concerns given the black-box
nature of many machine-learning models. This means that
even if a model achieves good benchmarking performance
on a task, because its inner mechanisms are opaque, it is
difficult to conclude actual competence at the task [13]. Mod-
els may converge on statistical regularities in training data
that just happen to be predictive, rather than the theoreti-
cally meaningful constructs they are supposed to consider
[14, 15, 16] (a phenomenon referred to as shortcut learning
[17]). For instance, a model tasked with detecting pneumonia
from radiographs did so based on spurious differences in the
text embedded in the radiographs rather than any underly-
ing medical pathology [18]. While benchmark performance
is the gold standard for validating models in computer sci-
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ence, psychological and cognitive science research is often
more concerned with what a model actually measures (i.e.
its construct validity) than how well it is measured [19]. In
these fields, modularity, in the sense of information encapsu-
lation [20], is critical – a system estimating a given construct
should be insulated from any external information that is not
necessary for estimating that construct.

Issues arising from the black-box nature of machine-learning
models has been well-documented, especially in terms of
bias in facial analysis systems. Studies show large variance in
the performance of gender classification models depending
on gender and ethnicity [21], bias against under-represented
groups in the data, mainly black and Asian females [22], and
faster degradation of precision for black faces compared to
white faces in automatic face recognition [23]. Widely used
software like Google Cloud Vision, Microsoft Azure Computer
Vision and Amazon Rekognition have also been found to dis-
play gender bias in terms of the kind of images used to repre-
sent women and how they are labelled and categorized, with
images of women containing significantly more annotations
based on physical appearance than images of men [24].

1.1 Explainable AI

Explainability in AI is an attempt to describe machine-
learning systems in a manner that explicitly reveal which
informational features are used for making predictions and
highlight potential biases. Recently, two approaches to ex-
plaining the outputs of AI models have become prominent:
sensitivity analysis [25], which quantifies the amount of
change in each feature needed to affect model predictions,
and layer-wise relevance propagation (LRP; [26]), which eval-
uates how much each feature contributes to the prediction.
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Explanations generated by these approaches are usually visu-
alized with saliency maps, which highlight parts of the input
that are discriminative with respect to a given class and, in
so doing, provide a correlational mapping between the in-
put and the model’s prediction. For instance, LRP has been
used to obtain neurophysiologically interpretable explana-
tions for the classification of single-trial EEG by indicating the
relevance of each point in high-dimensional spatio-temporal
EEG data [27].

While techniques like LRP, among others like gradients [25]
and excitation backprop [28], backpropagate the relevance
score of features through the layers of the neural network
from output to input, others propose to learn the weights of
features by perturbing the inputs using, for instance, occlu-
sion [29] and observing the corresponding effect it has on
model output. One such algorithm called RISE (Randomized
Input Sampling for Explanation; [30]) offers a generalizable
approach by not requiring access to the model’s internal fea-
tures or parameters. Instead, it probes the model by randomly
sub-sampling inputs and recording the resulting model out-
puts before generating a final saliency map, which is a linear
combination of the random masks weighted by the corre-
sponding output probabilities. Utilizing similar principles
involving randomized inputs (but with additive noise instead
of occlusion), recent studies have begun to explore reverse
correlation, a technique originally developed for psychologi-
cal research [31] to generate explanations of AI models. For
instance, using a reverse-correlation procedure, random per-
turbations of either the texture or shape of faces revealed a
strong bias towards image texture compared to image shape
in a CNN trained for facial recognition [32]. Similar method-
ologies have also been used to demonstrate that a CNN tasked
with distinguishing different facial identities places greater
emphasis on the eyes, eyebrows and central face region [33]
and to highlight the discrepancies between the features used
by DNNs and humans to process facial identities [34]. In a
comprehensive account demonstrating its versatility [35], re-
verse correlation is used to extract both discriminative and
representative features of different kinds of classifiers across
various tasks, namely, the classification of written numbers by
a CNN, distinguishing speech from music with an SVM and
classifying sleep stages from neurophysiological recordings.

1.2 Reverse Correlation with AU Detection Models

In this study, we leverage reverse correlation to explain facial
expression recognition models by uncovering the features
they use to detect facial action units in images. Action units
(AUs) are basic facial expressions characterized by specific,
anatomically distinct muscle movements such that activation
of one muscle group does not necessarily recruit others [36].
This presumed orthogonality and independence (or modu-
larity) of each AU, allows it to be combined to describe more
complex facial expressions of emotions, an assumption we
discuss critically in Section 4. By categorizing discrete facial
movements into AUs, a difficult-to-quantify high-dimensional
feature set is transformed into a smaller set of high-level, cog-
nitively meaningful features. While the detection of AUs used
to require manual hand-coding by experts trained in the FACS
(Facial Action Unit Coding Scheme; [36]), this obstacle was
overcome by machine-learning-based AU detection models

whose ease-of-use and accessibility allowed widespread appli-
cation in affective computing (e.g. facial expression recogni-
tion [1, 2], emotion recognition [37, 3] and detecting deepfakes
[38, 39]), psychological research (e.g. facial mimicry [7] and
social synchrony [40, 41]) and clinical studies (e.g. detecting
pain [42], depression [43], dementia [44], Parkinson’s disease
[45] and atypical expressions in autism spectrum disorder
[46]). Tasked with learning relevant information in the input
data for maximizing classification accuracy, these AU detec-
tion models boast high accuracy. Yet, it is unclear how and
why a model classifies a facial expression in a certain way.
Though studies have explained emotion-recognition models
[47, 48], relatively fewer studies have investigated models that
detect lower-level facial features like AUs, despite some mod-
els demonstrating shortcut learning by, for example, exploit-
ing the limited number of facial identities in AU benchmark-
ing datasets as a shortcut for AU labels rather than learning
the underlying facial muscle movements [49].

Reverse-correlation approaches to AI explainability offer the
advantage of producing data representations (kernels) that
are directly interpretable for psychological research, as well
as direct ways to enforce these representations to new stimuli.
However, the current methodologies to randomize facial stim-
uli for human and machine reverse-correlation experiments
remain poorly suited to our research question. First, tradi-
tional reverse correlation randomizes stimuli in pixel-space
[50], which means the obtained kernels are quantified relative
to a single baseline stimuli (e.g. how much larger the eyes,
or thinner the chin) and their morphological features cannot
be directly compared to representations obtained from ma-
nipulations of other photographs. Second, while recent data-
driven studies have usedmore advanced generative models in
which reverse-correlation noise is added to the space of facial
action-unit activations [34], these required using synthetic
avatar faces which do not easily allow exploring possible bias
across a wide variety of ethnicities or face morphologies. To
directly compare reverse-correlation representations for AU-
detection models across ethnicities, we would need the best
of both worlds, i.e. facial transformations that can not only
manipulate high-level visual features such as facial AUs in a
manner that’s comparable between stimuli, but are also able
to do so realistically on a variety of real photographs.

To do so, we developed a novel stimulus generation technique
inspired by our recent work in smile synthesis [51], which can
apply random perturbations of facial expressions in images
(Figure 1). We used this methodology to create thousands of
random deformations on faces of different genders and eth-
nicities, and forced two commonly-used AU detection models
– Py-feat [10] and Openface [11] – to score the deformed images
as more or less likely to represent a given AU. We then use
reverse correlation as an AI explainability technique [35] to
extract representational features of the model for each AU, i.e.
the template against which the model compares a given con-
figuration of facial features and judges it to be a specific AU.
Importantly, because these templates (referred to as kernels
in the reverse-correlation literature; [52]) encode granular
image-independent spatial information, they can be applied
to any image containing a face and thus function as genera-
tive models. This generative ability allows the kernels to be
visualized directly and enables them to be fed back into the
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Figure 1: Illustration of stimulus generation for AU explain-
ability. We generated facial reverse-correlation stimuli using
a face deformation technique able to apply random perturba-
tions of facial expressions in arbitrary face photographs. (A)
We first use video tracking software to extract the 2D coordi-
nates of facial landmarks on the actor’s eyes, forehead, nose
and mouth. While this figure illustrates the procedure with
23 landmarks from the OpenFace video tracking software, the
technique used in this study instead uses 468 landmarks from
the MediaPipe software (B)We then generate new random
positions (red) for each of the landmarks by adding gaussian
noise to the (𝑥, 𝑦 ) coordinates of original landmarks (black).
(C) We then deform the original photograph in the neigh-
borhood of each landmark, using a pixel mapping technique
called rigid Moving Least Squares (MLS). (D) The resulting
image is a smooth interpolation of pixels in between land-
marks, mimicking a random facial expression. (E) Illustration
of random manipulations obtained with this procedure.

AU detection models – a process upon which all subsequent
analyses are based.

Armed with these generative kernels, the representative fea-
tures of AUs can then be compared to see if they are modular
in image space. In other words, we ask: does the model only
‘look at’ the relevant facial features for classification, or does
it, for instance, consider features around the mouth to classify
an eye-related AU? We further explore this modularity using
adversarial examples and compare the templates across dif-
ferent genders and ethnicities to uncover any bias. Finally,
we use these templates to compute the contributions of in-
dividual AUs to make up basic emotional expressions and
compare how these compositions in AU detection models dif-
fer from the theoretical composition as indicated in the FACS.
While this study is concerned with Py-feat and Openface, the
proposed methodology can be applied to any model.

2 Methods

2.1 Datasets

We obtained 128 high-resolution images of faces with neutral
expressions from the Chicago Faces Database [53] and the
London Set from the Face Research Lab [54]. Images were
selected such that they were balanced across genders (male,
female; 2 x 64) and the four ethnic groups defined for this

Figure 2: Examples of facial identities from the 4 different
ethnicities. 128 such images were collected from the Chicago
Faces Database [53] and the London Set from the Face Re-
search Lab [54].

study (White, Black, West Asian, East Asian; 4 x 32). Examples
of identities used in the study are given in Figure 2.

2.2 Reverse-correlation stimuli

We used a custom face-transformation technique to cre-
ate 2000 randomly deformed images for each image in our
dataset. Using a single photograph of one actor’s resting face,
we first used the video tracking software Mediapipe [55] to ex-
tract the 2D coordinates of 468 facial landmarks on the actor’s
face (unlike the 23 visualized in Figure 1). We then generated
new random positions for the landmarks by adding Gaussian
noise to each of the (𝑥, 𝑦 ) coordinates: 𝑋 𝑑

𝑖
= 𝑋𝑖 + N𝑖 (0, 𝜎)

where 𝑋𝑖 = (𝑥𝑖 , 𝑦𝑖 ) are the original coordinates of the 𝑖 𝑡ℎ land-
mark, 𝑋 𝑑

𝑖
their newly-obtained deformed coordinates andN𝑖

is a random sample from a truncated Gaussian distribution
of mean 𝜇 = 0, standard deviation 𝜎 , truncated at ±2𝜎 . In
order to obtain realistic deformations, we set 𝜎 empirically
to be equal to 1/20𝑡ℎ of the pixel distance between the eyes
of the original photograph (Figure 1B). We then deformed the
original photograph to match the position of the new land-
marks, using a pixel mapping technique called rigid Moving
Least Squares or MLS [56]. MLS produces a function 𝑓 that
maps pixels in the non-deformed image to the deformed im-
age, in a manner which transforms landmarks 𝑋𝑖 to 𝑋 𝑑

𝑖
, and

smoothly interpolates all pixels in between (Figure 1C). We
then fill the resulting triangles using affine warping (Figure
1D). Figure 1E illustrates some possible outputs of the proce-
dure. The procedure was adapted from previous work by [51]
and is provided in the FaceWarp module of CLEESE, an open-
source reverse-correlation toolbox [57]. Using this procedure,
a total of 265,000 images (128 facial identities × 2000 randomly
deformed variants) were generated and used as stimuli for
reverse correlation.

2.3 Procedure

Reverse correlation was then performed with Py-feat’s XG-
Boost Classifier [10] and Openface [11], for each facial identity
separately. A total of 2000 randomly deformed images of a
facial identity were obtained using the procedure above, and
grouped into random pairs to get 1000 trials. They were then
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Figure 3: The reverse correlation procedure for explaining AU detection models. (A) Using the procedure described in the
previous section, we create 2000 randomly deformed images for each of the 128 facial identities. (B) The reverse correlation
procedure consists of assembling the randomly deformed stimuli into pairs and feeding them into the AU detection model
to obtain its ratings of AUs. To obtain a binary ‘response’ as in typical reverse correlation experiments, we assign a value of
0 or 1 to a stimulus in the pair depending on which has a higher AU rating. (C) For each facial identity, and for each AU,
we subtract the stimuli with positive responses (1) by the stimuli with negative responses (0) to obtain the kernel of that
particular AU and facial identity.

fed into the two AU detection models. The models assigned
‘scores’ to all AUs in both images in a trial and the image with
a higher score for an AU was considered to be its choice or
response. Reverse correlating the models’ responses over all
trials, we extracted a kernel for each AU of each facial iden-
tity using the classification-image technique [52]. Specifically,
for each AU, we computed the average random (𝑥, 𝑦 ) dis-
placement for each of the 468 landmarks in the 1000 images
recognized as more representative of the AU, and subtracted
the average random displacement of the images recognized
as less representative. Kernels were then normalized by divid-
ing them by the absolute sum of their values. For each facial
identity, this procedure resulted in a 2×468 vector of (𝑥, 𝑦 )
coordinates, representing the displacement to be applied to
a given image in order to increase the probability of the re-
sulting face being selected as more representative of a given
AU (Figure 3).

3 Results

3.1 AU detection models do not enforce cognitive
modularity

The normalized kernels of all 128 facial identities were aver-
aged to obtain a single kernel for each AU. For each land-
mark in a kernel, we conducted one-sample t-tests against
0 (Bonferroni corrected across landmarks) on the deforma-
tion values along the x- and y-axis, such that only landmarks
showing statistically significant deformations along either the
x- or y-axis (or both) were retained. This resulted in a kernel
containing the landmarks and the values by which to deform
them in order for the model to detect the AU represented by
the kernel in a face. The obtained kernels were then applied
to images of the associated facial identities and fed into the
model to obtain its scores for all AUs, in a process henceforth
referred to as decoding. For each AU, we decoded the kernel
(𝐾 +) and its opposite (𝐾 −), i.e. containing the same deforma-
tion values as in 𝐾 + but multiplied by -1. Then, t-tests were
conducted between the post-decoding AU scores of 𝐾 + and
𝐾 − (over all facial identities), with the idea being that if the
kernel did capture representative information about an AU,
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Figure 4: Reverse correlation kernels show lack of modularity in AU detection. (A) The AU12 (smile) reverse correlation
kernels of Py-feat and Openface, visualized by applying them on a face, provide qualitative evidence for the convergence
of kernels towards meaningful internal representations of the black-box models. (B) For most AUs, there are significant
differences between model ratings of that AU when the kernel of that AU is applied as compared to when its opposite (or 𝐾 −)
is applied. This suggests that the reverse correlation kernels can capture representative information about AUs, i.e. which
specific facial features need to change and how for an expression to be classified as a particular AU. However, Py-feat’s ratings
of AU06 and AU12 appear to be correlated with each other, meaning that applying AU06 on a face changes Py-feat’s rating of
AU12 and vice versa. (C) This lack of modularity is confirmed by showing that Py-feat uses virtually the same landmarks
to detect both AU06 and AU12 despite representing movements in different face regions (eyes and mouth, respectively).
While Openface shows the expected pattern of results for AU06 by using mostly eye-related landmarks, it too appears to take
advantage of eye-related landmarks to detect AU12.

the difference between 𝐾 + and 𝐾 − decoding scores would
be large and consequently yield a higher T statistic.

We first visualized the AU12 (smile) kernels of both Py-feat
and Openface (Figure 4A) to obtain a qualitative picture of
whether the reverse-correlation procedure was able to con-
verge towards meaningful kernels. Quantitatively, we found
that the reverse-correlation kernels of both Py-feat and Open-
face captured representative information about most AUs, as
evident in the relatively large values of the T-statistic (dark
green cells) along the diagonals of both heatmaps in Figure
4B. Essentially, this pattern implies that when the 𝐾 + and 𝐾 −

of a specific AU were decoded, only the ratings of that par-
ticular AU changed significantly while the others remained
relatively constant. Interestingly though, we observed no-
table violations of this pattern, especially in Py-feat with AU06
(cheek raiser), AU12 (lip corner puller) and AU14 (dimpler),
suggesting that a change in the intensity of AU06, for instance,
induced a significant change in Py-feat’s score of AU12.

Concentrating on the two most non-modular AUs, we investi-
gated which landmarks were significantly important for de-
tecting AU06 and AU12 in Py-feat and Openface (Figure 4C).
In the case of AU06, we found that Py-feat, in addition to ex-
pected landmarks in the eye-region of the face, unexpectedly

used a large number of landmarks around the mouth, while
Openface mostly only used landmarks around the eyes. Re-
markably, the landmarks used by Py-feat to detect AU06 were
almost identical to those used to detect AU12. Contrary to
expectations, both Py-feat and Openface demonstrated signif-
icant involvement of landmarks in the eye-region in addition
to the mouth-region for the detection of AU12.

3.2 Kernels can be used to generate adversarial
examples

To further investigate the influence of ‘task-irrelevant’ land-
marks on AU ratings, we subjected the AU detectionmodels to
adversarial examples. From Py-feat’s AU12 kernel, we isolated
3 landmarks: 280 (cheek), 285 (inner eyebrow) and 373 (lower
left eye). These landmarks were chosen because they were
found to significantly influence AU12 ratings in both Py-feat
and Openface and, by virtue of not being explicitly mouth-
related landmarks, were deemed less relevant for detecting
the mouth-related AU12. Thus, we created 3 kernels contain-
ing a single landmark and the corresponding deformations
along the x- and y-axis as specified by the AU12 kernel.

First, we separately applied each of the 3 single-landmark ker-
nels to a neutral face for different values of the scaling factor 𝑠
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Figure 5: Adversarial examples on Py-feat. We isolated 3 landmarks in Py-feat’s AU12 kernel found to have a significant
impact on AU12 ratings despite not being in the mouth region - namely, 280 (left cheek, green), 285 (left inner eyebrow,
orange) and 373 (lower left eye, blue). (A) On a neutral face, individual landmarks are deformed by varying magnitudes
(i.e. by a scaling factor 𝑠 , where 𝑠 ∈ [−100,−90, ..., 90, 100] with negative values representing deformation in the opposite
direction). Deforming the landmarks by large positive values increases Py-feat’s ratings of AU12 (a, b, c), but the same is
not observed for negative values of 𝑠 . (B) A similar procedure is conducted on a face upon which the average AU12 kernel
has been applied (i.e. a face already containing AU12). Large deformations by negative values of 𝑠 dramatically decrease
Py-feat’s ratings of AU12 (a, b, c) despite changes occurring largely in the general shape of the head while leaving the smiles
intact. Deforming landmarks by increasingly large positive values of 𝑠 demonstrates significant variability in Py-feat’s AU12
ratings with relatively small positive values producing large changes in AU12 ratings (d, e, f) despite, in most cases, very little
discernible effects on the face.

(𝑠 ∈ [−100,−90, ..., 90, 100]), i.e. the value by which to multi-
ply the deformation values. None of the 3 landmarks affected
AU12 ratings when their deformation values were scaled by
negative values of 𝑠 . However, with 𝑠 = 100, Py-feat’s AU12 rat-
ings increased from 0.06 for the original neutral face to 0.2, 0.5
and 0.37 for landmarks 280, 285 and 373, respectively (Figure
5A). The same procedure was repeated with the base figure
containing a decoded AU12 kernel (i.e. already containing a
smile). Large negative values of 𝑠 dramatically decreased Py-
feat’s AU12 ratings of the faces from 0.62 to 0.01 for landmarks
280 and 373, and to 0.15 for landmark 285 (Figure 5Ba, b and
c). On the other hand, positive values of 𝑠 resulted in a more
volatile trend without any consistent increase or decrease in
AU12 ratings. Even relatively small positive values of 𝑠 that did
not produce any discernible changes to the face resulted in a
sharp decrease in AU12 rating from 0.62 to 0.17 for landmark
280 (𝑠 = 25) and an increase to 0.83 for landmark 373 (𝑠 = 30),
while the more visible deformation of landmark 285 (𝑠 = 45)
caused the AU12 rating to fall by half (Figure 5Bd, e and f).

3.3 AU detection models do not show strong gender or
ethnicity bias

To investigate whether a model’s internal representations of
AUs vary with gender and/or ethnicity, we compared the ker-
nels of the two groups of interest (e.g. male vs. female). We
conducted t-tests between the deformation values of each
of the 468 landmarks (Bonferroni corrected) over all faces in
the two groups. This was done for every available AU in the
model and visualized in the form of a heatmap showing, for
each AU, whether there was at least one landmark with defor-
mation values that were significantly different between the
two groups being compared. Results showed that the number
of AUs with at least one significantly different landmark was
greater in Openface as compared to Py-feat. Compared to
eye-related AUs, there were also almost twice as many mouth-
related AUs with at least one significantly different landmark.
Globally, the sparsity of the distribution of significant AUs and
the lack of consistency across group comparisons in terms of
which AUs were found to be significant did not indicate the
presence of any systematic bias against a particular gender
or ethnicity. Despite the total number of AUs/emotions with
differences between groups, closer inspection revealed that
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Figure 6: Lack of systematic gender and ethnicity bias in Py-feat and Openface. Conducting t-tests between deformation
values of the kernels between groups reveals that no specific group comparison consistently yields a greater number of
significantly different AUs (as seen in the sparse and inconsistent distribution of red cells in the heatmap). Examining
significant AUs more closely shows that the significant differences are driven only by a few landmarks (2 on average and a
maximum of 4 in one comparison for one AU). On the whole, the relatively similar spatial distribution of landmarks used
by the models for different groups suggests that these models do not show systematic bias against any specific gender or
ethnicity.

most of these comparisons contained only one or two signif-
icantly different landmarks, with only a single comparison
between West Asian and Black identities on AU45 showing a
maximum of 4 (Figure 6).

3.4 Kernels can quantify how AI models compose
emotions in terms of AUs

Finally, we took the decoding scores of Py-feat’s emotion ker-
nels for all facial identities and used them to investigate the
model’s composition of basic emotions (happiness, sadness,
surprise, fear, anger and disgust; [58]) in terms of AUs. We
used ridge regression with 5-fold cross-validation to model
the relationship between standardized decoding scores of AUs
and the decoding score of the corresponding emotional ex-
pressions. Regularization parameters were optimized across
a grid from 10−3 to 103, and coefficients were extracted to
quantify each AU’s contribution to emotion prediction while
controlling for multicollinearity among AUs. The coefficients
of the independent variables were taken to represent the ex-
tent of their contributions to the detection of the emotion
specified as the dependent variable and visualized using radar
plots. These plots were then compared qualitatively with the
theoretical composition of emotions, i.e. the AUs whose com-
bination is supposed to give rise to a given emotion as per the
FACS.

Results showed that while the relationship between AUs and
most of the emotions was relatively well-matched with theo-
retical expectations, there were a few discrepancies (Figure
7). While the composition of happiness showed the expected
contributions of AU06 and AU12, it also showed a large contri-

bution from AU02 (outer brow raiser). Similarly, both sadness
and surprise demonstrated largely the same patterns as their
theoretical compositions, but with the incongruous addition
of AU25 (lips part) [36, 59]. The composition of fear displayed
lower contribution from AU04 (brow lowerer) and greater con-
tribution from AU26 (jaw drop) than expected. On the other
hand, the composition of anger and disgust deviated signifi-
cantly from expectations, with anger showing contributions
from a wide range of other AUs while disgust showed the
greatest contribution from AU06, AU09 (nose wrinkler) and
AU12 rather than the expected combination of AU09 and AU15
(lip corner depressor). This corresponds with studies showing
that negative emotions like anger and disgust show greater
variability across individuals and cultures than positive emo-
tions like happiness [60].

4 Discussion
In this study, we leverage techniques from psychophysics,
namely reverse correlation, to explain machine-learning
action-unit detection models. We show that reverse-
correlation kernels capture representative information about
the features utilized by Py-feat and Openface to make judge-
ments about the presence of AUs. Taking advantage of this
information, we first highlight the lack of modularity in these
models by showing that ratings of, e.g. AU12, are influenced
by features in the eye-region in both models. Second, we use
information from AU12 kernels to isolate some landmarks that
ideally should not impact a model’s ratings and show that the
models can be sensitive to small changes that are seemingly
imperceptible to humans. Furthermore, we demonstrate the
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Figure 7: Composition of emotions in terms of AUs. Applying Py-feat’s emotion kernels on the 128 facial identities, we
model their emotion ratings with the corresponding ratings of all other AUs as predictors. Taking the regression coefficients
(green) as the extent of contribution to the classification of a face as an emotion, they are compared against the theoretical
composition of emotions (black) suggested by the FACS. Results reveal several discrepancies, like the involvement of AU01
and AU02 in happiness, AU25 in sadness and surprise and AU26 in fear. The compositions of anger and disgust, in particular,
display significant deviance from the theoretical composition, with many different AUs involved in anger and AU06 and AU12
appearing to be the largest contributors to disgust.

method’s potential to uncover gender or ethnicity differences
in how the models internally represent facial expressions.
While these differences exist, they are sparsely distributed
across AUs and participant categories, and we did not find
any systematic bias against one specific gender or ethnicity.
Finally, we demonstrate that reverse-correlation kernels can
be used to decompose high-level emotional facial expressions
into their component AUs, with potential for achieving more
fine-grained control over complex facial expressions and thus
providing useful insight into how models internally repre-
sent these emotions in comparison to what can be expected
theoretically.

The fact that kernels capture representative information
about the AU detection models shows the viability of reverse
correlation as a technique to explain machine-learning based
models, a point also made by [35]. Unlike some other algo-
rithms for explainability, kernels computed from the reverse
correlation procedure not only reveal which parts of the im-
age affect model decisions but also how those parts need to
be manipulated to induce that effect. Access to this infor-
mation expands the utility of these kernels by allowing us to
apply them to the original stimuli and probe the model again,
in a process referred to in this study as decoding. Decoding
the kernels thus provides a mechanism for quantifying how
much of the information contained within them is actually
influential in driving the model’s decisions. In further work,

one could also potentially present the model’s kernels as im-
age stimuli to human participants, as well as participants’
kernels as stimuli to the machine-learning models, and exam-
ine the differences between the features used by machines
and humans.

4.1 Modularity

The finding that Py-feat’s AU06 kernel focuses heavily on land-
marks around themouth instead of the eyes and that the AU12
kernel focuses on the eyes in addition to the mouth shows
that AU detection models do not always ensure modularity.
This is significant because the FACS aims to break down com-
plex social signals into combinations of independent, smaller
units. If these smaller units are conflated with each other
by AU detection models or are not treated modularly, AU
activity inferred by machine-learning models is potentially
confounded. For instance, using Py-feat to detect ‘genuine’ or
Duchenne smiles, which are supposed to be a combination
of AU06 and AU12, will likely produce incorrect results given
the positive dependence of the two AUs in Py-feat and its use
of virtually the same landmarks to detect both (Figure 4C).
The finding that both Py-feat and Openface detect AU12 using
landmarks around the eyes in addition to those around the
mouth poses similar problems. One possible cause for the
lack of modularity could be the fact that they were trained
on datasets containing naturalistic expressions. If the expres-
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sions were annotated for each AU independently and the
distribution of the AUs is not independent, then the activity
of one AU could be used as a shortcut to classify the other
[17]. Consequently, a model trained on a dataset featuring
faces that only display parametric activation of a single AU, or
with a random i.i.d. (independent and identically distributed)
combination of AUs, might display more modularity. It is
worth noting that the FACS was originally proposed as a de-
scriptive coding system, cataloguing how muscle movements
combine to form AUs and how AUs in turn combine to form
emotional expressions. Modularity was not an explicit claim
of the system. However, researchers have, over time, opera-
tionalized AUs as discrete, independently measurable units.
The lack of modularity we observe is therefore less a refuta-
tion of the FACS than a cautionary tale about how it has come
to be understood and used in the scientific community.

The issue of modularity is further highlighted by evidence
showing that AU detection models are sensitive to ‘adver-
sarial examples’ featuring changes in ostensibly irrelevant
regions of a face. We show that manipulating individual land-
marks on the cheek, inner eyebrow, and lower left eye of a
neutral face induces a large increase in Py-feat’s rating of
AU12 despite the lip corners actually moving downwards in
some cases. Similarly, we find that manipulating these land-
marks on an already smiling face also dramatically reduces
or increases AU12 ratings depending on the direction of the
manipulation. A few of these manipulations produced barely
perceptible differences in the face, and yet yielded a signif-
icant change (decrease for the landmark on the cheek and
increase for the landmark on the lower left eye) in the model’s
AU12 rating. Sensitivity to these seemingly ‘task-irrelevant’
landmarks could reveal analytical strategies taken by the mod-
els to quantify task-relevant features. For instance, it is possi-
ble that faced with the task of learning a linear combination
of landmark positions that correlates with AU12, models con-
verge on estimating the distance between the lip corner and,
e.g. the ipsilateral upper eyelid. Deformation of the eyelid
could then lead the model to wrongly attribute it to a smil-
ing expression. However, given that large deformations tend
to create unnatural modifications to facial morphology, it
might be anticipated that Py-feat, having been trained on
naturalistic facial expressions, would fail to detect AU12 in
images featuring unnatural face shapes. Although this could
account for the reduced AU12 ratings observed when such
deformations are applied to smiling faces, the persistence of
elevated AU12 ratings when large deformations are applied
to neutral faces remains noteworthy. This pattern suggests
that, beyond global changes in face morphology, Py-feat also
shows sensitivity to specific features being manipulated.

4.2 Bias

While there were examples of differences in AU detection
across participant groups, we could not draw any conclu-
sions about the presence of bias against a particular gender
or ethnicity. For instance, while Openface displayed relatively
consistent differences for AU15, AU17 and AU25 across group
comparisons, closer examination revealed that only 2-3 land-
marks actually differed in terms of how they needed to be
deformed. The lack of large-scale differences in facial fea-
tures suggests that the machine-learning models tested here

do not exhibit the kind of social-cognitive stereotypes usu-
ally encountered in human participants (e.g. systematically
associating one ethnicity with one personality trait [61]). How-
ever, the presence of small-scale differences in a handful of
landmarks might instead suggest a more granular algorithmic
bias. This is borne out by the adversarial examples showing
large changes in Py-feat’s AU12 ratings as a result of deforming
individual landmarks. This could potentially be investigated
by comparing the effects of the same adversarial examples
on different genders and ethnicities. It is also possible that
the differences are the result of differing face morphology,
depending on the gender or ethnicity. Differences in face
morphology driving differential ratings of AUs and emotions
raise the question of what constitutes bias. Is a model biased
if its outputs are different for different groups? Or is it biased
if it disregards differences and generates the same outputs for
different groups? A recent study found that their seemingly
effective algorithm to mitigate biased outputs in LLMs failed
when the LLM was deployed in a different context [62]. This
context-dependence highlights the need for a more dynamic
understanding of bias instead of ascribing it statically. These
two competing notions of algorithmic fairness – statistical
parity (differential outputs across groups constitutes bias)
and calibration (same outputs across groups constitutes bias)
– are often at odds with each other and have been shown to
be mathematically incompatible [63].

4.3 Composition of emotions in terms of AUs

Discrepancies in the composition of emotions (in terms of
AUs) in this study and the theoretical composition described
by the FACS and the classical affective-science literature, if
taken at face value, suggest issues in Py-feat’s representations
of the emotions, particularly for anger and disgust. How-
ever, studies have shown that while machine-learning models
show high accuracies for classifying emotions in standardized
datasets containing trained actors displaying prototypical
posed emotions, their performance is more variable for emo-
tional displays of non-standardized spontaneous emotional
expressions [64, 65]. Since Py-feat’s models for emotion detec-
tion were trained on both posed and naturalistically elicited
emotional expressions [10], it is thus possible that Py-feat cap-
tures the true composition or at least a greater amount of the
variability of emotional expressions [66]. Indeed, several stud-
ies show that theoretically proposed AU patterns in emotional
expressions are not backed up by empirical findings [67], with
actors often either not displaying all the prototypical AUs or
displaying AUs other than those predicted [68]. Moreover,
previous work also suggests that machine-learning classifica-
tion of non-standardized portrayals of emotional expressions
is often worse for negative emotions like anger and disgust
than for happiness [69]. This could be an explanation for
the greater discrepancies between empirical and theoretical
compositions of anger and disgust that we observe here.

4.4 Broader implications for psychological research

First, this study is not intended as a criticism of the models.
On the contrary, the field of psychology is indebted to the
developers of these models for their efforts in creating these
models, contributing to advancing the field, and for mak-
ing them open-source. The reverse-correlation framework
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demonstrated in this study is thus more of an effort to under-
stand these models more deeply and advance performance
and interpretability as complementary goals. Taken together,
our results highlight the need for careful evaluation of the
outputs of such black-box models. Indeed, the authors of
the Py-feat toolbox acknowledge that the datasets on which
their models are trained may be unbalanced and advise users
to verify the outputs. However, the accessibility and ease-of-
use of these tools, combined with the difficulty of manually
verifying their outputs, often means that they are taken at
face value. The tendency to highlight model performance on
benchmarking datasets further adds to the issue by focusing
on task performance statistics instead of providing more qual-
itative explanations of how such performance is achieved [13].
This is a more general concern in AI discourse – namely, the
masking of poor construct validity of models by high perfor-
mance/accuracy. Being cautious of such ‘shortcut learning’
or ‘approximate retrieval’, where models measure statistical
regularities in the training data rather than the theoretically
meaningful quantity they are supposed to measure, is of par-
ticular importance in research settings where experimental
control, precision and interpretability are crucial.

Given that the FACS does not specify exactly how muscles
need to be configured to ‘make’ a specific AU, it becomes
difficult to use AUs as a basis for creating precise stimuli ac-
cording to precise specifications. It is here that the kernels
obtained from reverse correlation can come in and bridge
the gap between low-level landmarks and high-level action
units by mapping emotional expressions and AUs to their
corresponding landmarks. As shown here with the decoding
paradigm, kernels obtained from performing reverse correla-
tion on machine-learning models can function as generative
models. The ability to visualize these kernels on images al-
lows them to be used as bases for creating images or videos
of persons displaying a particular AU or emotional expres-
sion. This is particularly useful for generating synthetic media
(for animators, for instance) as well as creating experimental
stimuli containing fine-grained manipulations.

4.5 Limitations

One limitation of this study is a lack of diversity and naive
grouping of the different ethnicities. First, our categorization
of facial identities based on ethnicity was perhaps too broad
(with 4 groups: White, Black, West Asian and East Asian). Ad-
ditionally, our conclusions about gender and ethnicity bias
were based on a relatively low number of facial identities in
each group. The fact that we had a total of 128 facial identities
meant that each ethnicity only contained 32 facial identities.
A better estimate of the presence of any bias could be ob-
tained by incorporating a greater number of facial identities.
Moreover, given the lack of realism or ecological validity of
some of the transformations in this study, future work could
also utilize a more powerful class of image generation models
with the ability to generate more naturalistic deformations
and manipulate not only face landmarks but also other im-
age features like texture. This would allow one to generate
more complex and multi-faceted kernels and adversarial tests
for the AU detection models. Finally, it should be noted that
while we did not find any bias against an ethnicity or gender
in these models, it remains possible that they may be used

to discriminate against certain groups. In other words, tech-
nology may be objective in isolation, but its use by human
agents can often imbue it with subjectivity through the trans-
fer, deliberate or otherwise, of our preconceptions and biases
[70, 71].
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