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Abstract: Linear comparisons can fail to describe perceptual differences between head-related transfer functions (HRTFs),
reducing their utility for perceptual tests, HRTF selection methods, and prediction algorithms. This work introduces a
machine learning framework for constructing a perceptual error metric that is aligned with performance in human sound
localization. A neural network is ﬁrst trained to predict measurement locations from a large database of HRTFs and then ﬁnetuned with perceptual data. It demonstrates robust model performance over a standard spectral difference error metric. A staC 2021
tistical test is employed to quantify the information gain from the perceptual observations as a function of space. V
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1. Introduction
Individual head-related transfer functions (HRTFs) are complex and vary substantially from person to person because of
anthropometric differences like ear shape, head circumference, and torso size.1 Their high dimensionality and idiosyncratic
nature pose problems for binaural rendering because the apparent realism of any virtual acoustics depends heavily on how
closely matched the HRTF is to that of the individual listener. Indeed, using HRTFs that are different from a listener’s
individual HRTF can result in unacceptable distortions in the perception of sound source direction,2,3 coloration,4 and
width, as well as a potential collapse of externalization.5 But despite understanding these perceptual impacts, it remains
unknown what constitutes a perceptually meaningful acoustic difference between two HRTFs.
It would be of great value to have an HRTF distance metric that varied along perceptually meaningful dimensions. From a basic research perspective such a metric would help us to understand what HRTF cues the brain uses to
construct our internal representation of the spatial acoustic world, and how to design perceptual experiments and select
spatial regions that would reveal the most about our perception of sound source location. From an applied perspective,
such a metric could serve as a loss function for training HRTF prediction methods, a means for validating the reliability
of acoustically captured HRTFs, or a system by which we could select an HRTF which is most appropriate for a given person from a set of HRTFs.
The most frequently used HRTF distance metric is essentially a spectral subtraction, computed as a log-scaled lp
norm directly on the ﬁlter representations in the magnitude frequency domain, known as a spectral difference error
(SDE).2 This class of error metrics is robust, easy to implement, and simple to understand, but it can fail to correlate well
with, e.g., errors in a sound localization task. Simple additions such as using a spectral weighting on the residual between
the two HRTFs can reduce the impact of errors at frequencies well outside the range where measurements are reliable, but
cannot solve what is in essence a high dimensional problem.2,6,7 Given the perceptual impacts of coloration shifts, individual notch position and slope, and cross-frequency interactions to name but a few, it is highly unlikely that a generalizable
perceptual error metric would consist of a simple weighted spectral subtraction.
In this work, we turned instead to a statistical model to develop a more effective error metric for HRTF comparison that is better aligned with perception, focusing here on localization perception. A naive approach to this problem
would entail collecting data in an experimental setting wherein (1) high-ﬁdelity HRTFs are acoustically measured for each
participant, (2) participants are presented with a series of sound sources rendered at different spatial locations using these

a)

Author to whom correspondence should be addressed, ORCID: 0000-0002-4624-0208.
ORCID: 0000-0001-6124-3987.

b)

JASA Express Lett. 1 (4), 044401 (2021)

C Author(s) 2021.
V

1, 044401-1

ARTICLE

asa.scitation.org/journal/jel

measurements, and (3) are asked to relay their perception of the location of the sources. This data would then be used to
create a model to describe the relationship between a given HRTF and a perceived spatial location. In practice, however,
collecting the comprehensive amounts of data that this would require is costly, time-consuming, and inefﬁcient. Since no
such appropriate datasets exist, learning models with this approach would have to be derived solely from those small,
sparse, noisy datasets that do exist, and the resulting models are likely to be unstable and generalize poorly—a well-known
challenge in classical data learning contexts.8,9
To this end, we propose and demonstrate a more ﬂexible framework for constructing an HRTF perceptual error
metric. We suggest (1) constructing a model that is ﬁrst built on large amounts of informative, non-perceptual data, that
constitutes a “prior” on the relationship between an HRTF spectrum and its corresponding spatial location; (2) ﬁne-tuning
this model, taking into account sparse, noisy perceptual observations from existing small-scale datasets collected from procedures like the hypothetical setting described above, which we consider the “posterior” model; and (3) computing measures of statistical signiﬁcance as a function of spatial location between the prior and posterior model. This has the beneﬁt
of both validating the model itself, but also informing subsequent collection of perceptual data to further improve the
model in an iterative fashion.
We demonstrate this idea in practice by constructing a neural network model that is designed to predict a spatial
location from a left-right pair of HRTF magnitude frequency responses. The model is ﬁrst trained on a large database of
acoustic HRTF measurements, and then is ﬁne-tuned using a transfer learning approach incorporating a small set of
observations from a spatial localization experiment. We illustrate the utility of this approach by showing that:
(1) The metric obtained from the “priors” is monotonic and linear with subtended angles between sound sources, in contrast
to SDE which often lacks linearity.
(2) The performance of the ﬁne-tuned model on unseen perceptual data provides insight into model uncertainty as a function
of space; by obtaining measures of conﬁdence for the difference between priors and posteriors at a particular location in
space, we draw conclusions regarding the spatial regions where perceptual data does or does not provide critical information over non-perceptual information, and where more perceptual data needs to be collected to be able to draw such a
conclusion.
We feel that this is a promising attempt at using machine learning to get around the problem of HRTF dimensionality and move towards a means for determining meaningful perceptual differences between HRTFs. The details of the
approach follow, along with model validation, and usage examples, some speciﬁc applications of which may be found in
the supplemental materials.10
2. Data
Measured HRIRs: (H) consists of a database of acoustic far-ﬁeld head-related impulse response (HRIR) measurements
captured from 123 subjects. The 201-point, 48 KHz-sampled HRIRs were captured along a 612 point spherical grid
(denoted by G) of directions with 36 equally spaced azimuth locations and 17 equally spaced elevation locations. For the
purposes of this work, we used the corresponding magnitude spectra HRTFs, normalized by the maximum spectral energy
across all of the individual’s measured responses.
Localization Test: (L) is formed by the results of a listening test conducted to evaluate localization perception,
using a subset of 30 individuals from H. The participants were presented with a series of virtual sound sources, rendered
using their measured HRTF, through a pair of headphones. The test was performed in a quiet room, and the participants
were seated at the center of a spherical dome mounted at the center of the room. The participants were asked to identify
the sound source location by pointing with a head-mounted laser pointer to the location on the dome where they perceived the sound to be coming from. This location was registered as azimuth and elevation angles relative to the initial
front direction. Further details regarding the setup, experiment protocol, and spatial processing necessary for synthesizing
the virtual sound sources can be found in Ref. 11.
3. Methods
We propose a computational framework that predicts the perceived spatial location of the sound from a given pair of farﬁeld left and right HRTFs. To do this, we ﬁrst constructed a learning model that directly relates this HRTF pair to its
measured source location, relying only on H; we then modiﬁed this trained model appropriately using the perceptual data
in L. This two stage framework allowed us to validate the efﬁcacy of the trained model with and without the perceptual
data, implicitly providing insight into the biases induced by the perceptual feedback. We utilized ideas from deep learning
(and more precisely, feed forward convolutional networks) to design this model.
We denote the left and right HRTFs corresponding to azimuth h and elevation / by hLh;/ and hRh;/ , respectively,
deﬁned over frequency. We constructed a learning model M that maps these signals to h and /. Ideally, this is a regression prediction problem from continuous inputs to continuous outputs; however, keeping in mind the sparse structure of
the spatial grid G, and the fact that a discrete output or target space is desirable for neural network training (as highlighted
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in audio applications like those described in Refs. 12 and 13), we transformed the prediction problem into a classiﬁcation
one. The outputs are denoted by y 2 ½0; 1612 , where yi represents the ith direction from the grid G.
At prediction time, given a new pair of HRTFs, the vector entry with the greatest probability in the prediction ^y
^ These predictions from M can be used to construct an error
represents the estimated source location, denoted by ð^h; /Þ.
^ Þ and
metric for downstream tasks. Given two HRTFs hi and hj from some unknown locations, M estimates ð^h i ; /
i
^ Þ, which can then be used to compute the distance metric dðj^h i  ^h j j; j/
^ /
^ jÞ. dðÞ can take the form of any
ð^h j ; /
j
i
j
appropriately chosen angular distance metric in the spherical domain.
To explicitly account for the inﬂuence of perceptual feedback from L, as mentioned earlier in this section, we
~
ﬁrst trained M with H, followed by a ﬁne-tuning training phase with the data from L, resulting in a model denoted M.
Details regarding the architecture, design, learning, and optimization strategies for M can be found in the supplement.
Training the models followed the standard learning criterion and cross-validation principles employed in the deep learning
literature.14,15
4. Experiments and results
4.1 Without perceptual feedback
In this ﬁrst set of experiments, we examined the performance of M without the inclusion of perceptual data L. The model
achieves an absolute test set classiﬁcation accuracy of 65.8%, with a mean distance error (absolute difference in predicted
angle) of 0.67 (r ¼ 2.7 ) and 4.7 (r ¼ 12.7 ) in azimuth and elevation, respectively. As a more meaningful representation
of performance, however, we also report the 1-bin tolerance (1BT) measure, which corresponds to the model’s accuracy in
predicting the true spatial location of HRTFs within one neighboring grid location (where one grid location has a resolution of 10 ). In Fig. 1, we show both the 1BT and absolute accuracy as a function of space. For simplicity, we report this
measure along the elevation and azimuth axes independently, aggregating the opposite axis. We note slightly decreased
performance in elevation classiﬁcation at the extremes, likely due to measurement noise. We also observe lower performance in azimuth prediction overall as compared to elevation prediction likely due to smaller Cartesian spacing in azimuth at higher elevations.
We next attempted to understand how the distance metric derived using M behaves in comparison to SDE. We
did this using the following procedure: given an azimuth h0, we chose two possible grid locations along the elevation axis
L=R;P
L=R;P
(/i and /j ), and selected two HRTFs, hh0 ;/i 1 and hh0 ;/j 2 belonging to two random individuals P1 and P2 from the database
H. Using these, we computed a simple distance measure in the output space of M, namely,
P1

P2

^ /
^ j;
LM ¼ j/
i
j

(1)

^ are predicted by M. We additionally computed an SDE measure from the magnitude frequency HRTFs.
^ and /
where /
i
j
For the right HRTF, this is deﬁned as
LSDER ¼

N
1X
R;P2
1
j20 log10 ðhR;P
h0 ;/i ½nÞ  20 log10 ðhh0 ;/j ½nÞj;
N n

(2)

Fig. 1. Accuracy and 1BT for elevation (top) and azimuth (bottom), aggregated over azimuth and elevation, respectively.
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which we repeat separately for the left HRTF; N is the number of frequency bins, equal to the tap length of the measured
HRIRs (see Sec. 2). We averaged these measures (LM, LSDER ; LSDEL ) across all pairs of subjects in the test partition of H
(approximately 50 subjects) for a given location, and repeated the procedure for every possible location along the ﬁxed
axis, choosing a few values in azimuth and elevation for the ﬁxed axis. The results of this process are shown in Fig. 2,
with trends in elevation for a ﬁxed azimuth shown in the left image and trends in azimuth for a ﬁxed elevation shown in
the right image. We note that LM is linear and monotonic with increasing distance in elevation and azimuth. On the other
hand, while LSDE for the ipsilateral ear is monotonic with increasing distance, and it lacks linearity. We also show that LM
displays signiﬁcantly less inter-person variability than LSDE. To ensure that these trends are robust and do not result from
sampling noise, we treat each curve in Fig. 2 as a 2D distribution in angular distance and subject pair, and compute a
two-sample multivariate t-test on LM and the mean of LSDER and LSDEL . A T2 statistic with a p-value <0.05 suggests that
the two distributions are unrelated. Taken together, these demonstrate the utility of our proposed metric—while SDE may
reﬂect variance in distance at a course spatial resolution, our proposed metric is more robust for ﬁne-grained angular distance comparisons, and is more robust to inter-personal spectral differences.
In Fig. 3, we provide an example to illustrate the affordances of the proposed metric. On the left, we show two
magnitude HRTFs from the ipsilateral ear of two subjects which were measured 150 apart in elevation, at a ﬁxed azimuth
location of 20 ; on the right, we show another pair from the same two subjects and azimuth location representing a difference of only 10 in elevation. LM predicts a value of 150 and 10 , respectively, while LSDE reports 25 dB for both pairs.
4.2 With Perceptual Feedback
In a second set of experiments, we explored the role of perceptual data in shaping predictions across spatial locations. To
~ to the test partition of L, and compared the performance of the two models. As an exhausdo this, we applied M and M
tive approach, we performed an iterative hypothesis test comparing the two distributions of model predictions for each
possible grid location along either the elevation or azimuth axis. This results in a measure of conﬁdence describing
whether the two distributions were drawn from the same underlying distribution. We suggest that combining this information with the models’ performance as indicated by the 1BT measure provides insight into the value of perceptual data as a
function of space, and we provide an illustrative example for discussion.
In Fig. 4, we plot the 1BT measure for each possible location along the elevation axis, above the p-values (plotted
as 1  p-value) resulting from the iterative hypothesis test and the number of perceptual observations available for each
location from L. An analogous plot for this analysis in azimuth can be found in the supplement. In spatial regions where
~ has outperformed M, such as where / ¼ 10 , we draw the concluthe hypothesis test shows statistical signiﬁcance, and M
~ is
sion that perceptual observations provide critical information; in regions where the improved performance of model M

not supported by statistical signiﬁcance, such as where / ¼ 0 , we conclude that perceptual observations do not afford
additional information over that already captured by M. However, in spatial regions where the hypothesis test does not
show statistical signiﬁcance and very few perceptual observations have been captured relative to other locations, such as
where / ¼ 40 , there is not enough certainty to draw either conclusion; instead, we suggest that this is a useful spatial
heuristic to inform the collection of perceptual observations in future iterations of participant experiments.
5. Discussion
Published datasets that include localization measurements using different HRTFs are not of sufﬁcient size to train machine
learning algorithms on their own. The proposed hybrid approach described here allows us to sidestep this problem by
including perceptual and non-perceptual data in a common framework, and gives us a means by which we may begin to

Fig. 2. We show a comparison between LM and LSDE for several pairs of HRTFs from randomly sampled subjects in H; the vertical bars give
the standard deviation across subject pairs. We show trends in elevation for a selected azimuth location (left), and trends in azimuth for a
selected elevation location (right).
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Fig. 3. A comparison of two pairs of right-HRTFs measured from the same two subjects at the same azimuth location (20 ); the ﬁrst pair
(left) were measured 150 apart, and the second pair were 10 apart. However, both pairs result in the same LSDE value.

describe the perceptual distance between two HRTFs. The proposed metric already outperforms classical measures like
spectral distance. We attribute this to our choice of model—we intuit that a neural network is required to be able to
robustly map HRTF signal space to spherical domain locations given the complex variance in spectral cues that determine
localization across a broad population of individuals. In its current form, we posit that our proposed metric could be constructed and treated as a black-box loss function, and inserted at the tail-end of HRTF generation or selection systems to
compute and propagate error back to the system in the spatial domain instead of the spectral domain.
Second, we believe that the proposed framework is valuable for constructing perceptually relevant models using
sparse, weakly annotated, and noisy data—which are the typical attributes of audio perception datasets. Building a model
ﬁrst on data that is conditioned on a causal assumption—that, in this case, a statistically derived non-linear weighting
function can map HRTF spectra to spatial locations—affords generalizability and robustness towards unseen subject variance. This model can then be adapted to a smaller set of data reﬂecting human annotations (from, for example, an individual calibration experiment), quickly and online using any number of domain adaptation strategies including the simple
transfer learning approach proposed here. Last, computing measures of statistical difference between the generic and
adapted models allows for an estimate of the information value of incoming perceptual observations and a heuristic to
drive further querying for annotations; this is of importance given the cost of querying or human-in-the-loop approaches,
especially on the scale of an individual user. As a key contribution of this work, we encourage a broader application of
this approach to metric design for HRTF comparisons, with adaptations of the framework to different perceptual attributions (such as timbre/coloration perception) or different data formats (annotations captured at different spatial resolutions,
with different classes of labels, etc.).

~ on the elevation axis via the 1BT measure (top); we juxtapose this with the pFig. 4. We give a comparison of the performance of M and M
values from the iterative hypothesis test comparing the two distributions (bottom).
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