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ABSTRACT

Recent studies have demonstrated the effectiveness of speaker
disentanglement in mitigating the interference caused by
speaker features in speech-based depression detection. How-
ever, the inherent entanglement between depression features
and speaker features poses challenges to depression detec-
tion. In this study, we propose a mutual information-based
speaker-invariant depression detector (MI-SIDD) that aims to
promote independence between depression and speaker fea-
tures to facilitate speaker disentanglement. Specifically, we
disentangle the speaker features using a vanilla autoencoder
with a well-tuned bottleneck layer and minimize the mutual
information between depression and speaker features using
a conditional mutual information constraint. Experimental
results demonstrate the effectiveness of speaker disentangle-
ment and the promotion of independence between depression
and speaker features. Our MI-SIDD model achieves competi-
tive performance compared to state-of-the-art methods on the
DAIC-WOZ dataset.

Index Terms— Speaker disentanglement, depression de-
tection, mutual information, speaker embedding

1. INTRODUCTION

Depression [1] is a major public health concern, affecting
hundreds of millions worldwide.1 Because the speech pro-
duction process could be affected by cognitive and physio-
logical changes caused by depression [2–4], acoustic features
offer potential for diagnosing depression. Particularly, deep
learning-based methods have been promising in providing a
reliable and scalable approach to speech-based depression de-
tection in recent years [5–9]. However, developing accurate
and robust depression detection models using deep learning
requires a large and diverse dataset that is often hard to obtain
due to ethical, legal, and practical constraints [10].

Small depression datasets can easily cause bias and over-
fit problems. For example, Bailey et al. [11] observed gender
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bias in their depression detector, primary because of the gen-
der imbalance in the training data. In addition, the study in [9]
shows that a depression detector may use speaker information
for decision making. This phenomenon occurs when there is a
limited number of speakers in the training set and the speaker
labels and depression labels are correlated. Consequently, the
detector learns speaker characteristics instead of depression
characteristics. Previous research has shown that minimizing
the influence of speaker information improves depression
detection performance [6, 9], emphasizing the significance of
reducing speakers’ interference in depression detection.

An obvious solution is to disentangle speakers’ infor-
mation from depression information. However, a challenge
in speaker disentanglement is the inherent entanglement be-
tween depression and speaker features. The entanglement
makes separating speaker-related features difficult. One po-
tential solution is to promote the independence of depression
features and speaker features during speaker disentanglement.

Motivated by the above arguments, we propose a mutual
information-based speaker-invariant depression detector (MI-
SIDD) that aims to: (1) maximize depression information,
(2) minimize speaker information, and (3) promote the in-
dependence of depression and speaker features. To be spe-
cific, inspired by [9, 12], we use a vanilla autoencoder that
comprises an encoder, a decoder, and a projector to minimize
speaker information. Like [9], we inject speaker features into
the decoder to free the encoder from encoding speaker infor-
mation. Importantly, inspired by [13], we use a conditional
mutual information constraint to promote statistical indepen-
dence between depression and speaker features in the bottle-
neck layer, which facilitates the MI-SIDD to learn represen-
tations that capture distinct depression information and to re-
move speaker features. Unlike [9], in which the model op-
erates on utterance-based feature vectors, our model operates
on frame-based feature vectors with minimum mutual infor-
mation between speaker and depression features. To avoid
confusion, we refer to the speaker-invariant depression detec-
tor in [9] as SIDD and the proposed detector as MI-SIDD.

In this work, we demonstrated that the disentanglement
principle in SIDD [9] can be extended to the frame level.
Our MI-SIDD achieves competitive performance compared
to state-of-the-art methods on the Distress Analysis Inter-
view Corpus – Wizard-of-Oz (DAIC-WOZ) dataset [14]. The
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Fig. 1. Framework of MI-SIDD. The gray block represents
temporal sampling, where the upper and lower shaded bars
of Z correspond to the forward and backward passes of the
bi-directional LSTM (BLSTM), respectively. Refer to Sec-
tion 3.3 for the implementation details of each block.
experimental results demonstrate the effectiveness of mini-
mizing speaker information and encouraging independence
between depression and speaker features.

2. METHODOLOGY
Let {(Xi,yi,ui)}Ni=1 be a dataset of N speech segments for
training a depression detector. Xi contains the frame-based
features of the i-th segment, with T frames and D dimen-
sions. yi and ui represent the one-hot representation of the
depression class and the speaker identity of the i-th segment,
respectively. Also, denote Ỹ and Ũ as the random vectors
representing the depression class and speaker identity, re-
spectively. That is, yi’s and ui’s are the realizations of Ỹ and
Ũ , respectively.

The structure of MI-SIDD is shown in Figure 1. Our goal
is to train an encoder that produces latent representation Z
that possess the following characteristics: 1) maximum de-
pression information; 2) minimum speaker information; and
3) minimum dependence between depression and speaker fea-
tures. To this end, we minimize the following loss:

LMI-SIDD = −Idep(Z) + Ispk(Z) + I(Ỹ , Ũ |Z), (1)

where Z ∈ RD×T contains T frames of latent vectors of
dimension D. The first and second terms in Eq. 1 denote
depression and speaker information in Z, respectively. The
third term is the conditional mutual information between the
random vectors Ỹ and Ũ .

2.1. Conditional Mutual Information Constraint
To minimize the conditional mutual information I(Ỹ , Ũ |Z),
we utilize a mutual information constraint proposed in [13].
Specifically, I(Ỹ , Ũ |Z) is estimated using two approxi-
mate distributions, [q(y|Z) ≃ p(y|Z) and h(y|u,Z) ≃
p(y|u,Z)], based on the rules of variational approximation:

I(Ỹ , Ũ |Z) = H(Ỹ |Z)−H(Ỹ |Ũ ,Z) (2)

=−sup
q
Ep(y,Z){log q(y|Z)}+sup

h
Ep(y,u,Z){log h(y|u,Z)},

where p(·) denotes a probability distribution and H(·) de-
notes entropy. In practice, q(y|Z) and h(y|u,Z) are imple-
mented by neural networks, i.e., the depression classifier and
the auxiliary classifier in Figure 1. Consequently, the loss
function for minimizing I(Ỹ , Ũ |Z) can be formulated as the
difference between two classification losses (Eq. 9 of [13]):

LMI = Ep(X,y)LCE(y,y
′)− Ep(X,y,u)LCE(y,y

′′), (3)

where LCE denotes cross-entropy loss. y′ and y′′ are the
output logits of the depression classifier and the auxiliary
classifier, respectively.

2.2. Speaker-invariant Autoencoder
AutoVC [12] was designed for voice conversion, and previ-
ous work has shown effectiveness in using voice conversion
in assessing speech disorders [15]. Inspired by [12], we used
a speaker-invariant autoencoder to minimize the speaker in-
formation in Z. As shown in Figure 1, the speaker-invariant
autoencoder consists of an encoder, a decoder, and a pro-
jector. The encoder produces speaker-invariant features Z.
These features are further processed via a temporal sampling
procedure to obtain Z ′. Subsequently, the projector maps a
one-hot representation u to a latent vector u′, which is of the
same dimension as Z ′. To align u′ with Z ′, u′ is replicated
T times in the time dimension, denote as U ′. Speaker-
dependent features Z ′′ are then obtained by adding U ′ to
Z ′. The decoder finally reconstructs the speaker-dependent
depression features X ′ based on Z ′′.

To ensure minimal speaker information in Z, we directly
present speaker information to the decoder via the projector,
preventing the encoder from encoding speaker information in
X . However, Z needs to contain all necessary information
to perfectly reconstruct X . Thus, we restrict the amount of
information that Z can carry (refer to as capacity) to ensure
that Z will not simultaneously contain both speaker and non-
speaker information. With limited capacity, the encoder will
prioritize the extraction of non-speaker information, leading
to speaker disentanglement:

Imix(X) ≃ Idep(Z) + Ispk(U
′). (4)

In other words, the mixed information in X can now be
separated into depression information in Z and speaker in-
formation in U ′.

We may control the capacity of Z by adjusting the size of
the bottleneck layer and implementing a temporal sampling
strategy.

Size of the bottleneck layer. The bottleneck factor v
(0 < v ≤ 1) controls the size M of the bottleneck layer of
the autoencoder, i.e., M = 2vD. We empirically set v = 1/7
in the experiments.

Temporal sampling procedure. As illustrated in the gray
block in Figure 1, the temporal sampling procedure reduces
information by discarding frames in Z. It has a downsam-
pling process and an upsampling process. For downsampling,
frames at indices {0, k, 2k, . . .} from the forward pass of



the bi-directional LSTM (BLSTM) and frames at indices
{k − 1, 2k − 1, 3k − 1, . . .} from the backward pass of the
BLSTM are kept. For upsampling, each frame of the down-
sampled Z is duplicated along the time axis to restore the
original length of Z. We set k = 16 in this work.

By adjusting the hyperparameters v and k, we can control
the capacity of Z. Increasing v and decreasing k result in a
larger capacity. In the extreme, setting v = k = 1 gives the
autoencoder its largest capacity, but it is undesirable because
Z will contain too much speaker information. Conversely,
if v is very small and k is very large, the autoencoder lacks
sufficient capacity to reconstruct X . Therefore, we minimize
Ispk(Z) in Eq. 1 by making v small and k large without com-
promising the capability of the autoencoder to reconstruct X ,
which can be achieved by minimizing a reconstruction loss:

Lrecon = Ep(X,u)

T∑
t=1

||x′
t − xt||

2
, (5)

where x′
t and xt are vectors in X ′ and X , respectively.

2.3. Depression Classification
To encourage Z to contain as much depression information
as possible, we want the distribution of the depression clas-
sifier’s output y′ to be as close to the class distribution y as
possible. Therefore, we minimize the cross-entropy loss:

Lcls = Ep(X,y)LCE(y,y
′). (6)

Consequently, by combining Eqs. 3, 5, and 6, the total
loss LMI-SIDD defined in Eq. 1 can be expressed as:

LMI-SIDD = λLcls + Lrecon + LMI, (7)

where λ is a hyperparameter.

3. EXPERIMENTAL SETUP

3.1. Dataset

The DAIC-WOZ dataset is a collection of clinical interviews
from 189 participants [14]. The participants interacted with
a virtual interviewer controlled by a researcher in a separate
room. Each participant has only one recording, meaning the
depression labels and speaker identities are correlated. The
dataset has three subsets: a training set with 107 speakers,
a development set with 35 speakers, and a test set with 47
speakers.

3.2. Data Pre-processing

We segmented the long audio recording of each speaker into
3.84-second segments. For each segment, 40-dimensional
filterbank (FBank) vectors were extracted using a window of
64 ms and a frameshift of 32 ms. Also, frame-based features
were extracted from a pre-trained wav2vec model [16].

We removed potential outliers from the 3.84-second seg-
ments in the dataset by flattening the frame-based features
along the time axis and reducing their dimension to 10 using

t-SNE. Subsequently, we employed a one-class SVM on the
10-dimensional vectors of each speaker to detect and remove
the outliers.

3.3. Network Implementation

The implementation details of the MI-SIDD architecture are
summarized in Table 1. The speaker-invariant autoencoder
was modified from [12]. Refer to [12] for the implemeta-
tion details of the ConvNorm block. The hidden layers in
the dense blocks use the tanh activation function. For the
decoder and the projector, the output layer of the dense block
is linear. For the classifiers, the outputs of the dense blocks
are subject to a softmax function.

We used the attentive statistics pooling proposed in [17].
For each segment, the pooling layer produces a vector com-
prising the concatenation of the means, standard deviations,
and the means of the first-order differences between consec-
utive frames from all attention heads.

Table 1. Implementation of the MI-SIDD. For the Dense
blocks, dimin, dimhidden, and dimout refer to the number of
nodes in the input layer, hidden layers, and output layer, re-
spectively. For the ConvNorm blocks, these values refer to
the number of feature maps.

Blocks # of
layers dimin, dimhidden, dimout

Encoder ConvNorm 3 D, 128, 128
BLSTM 3 128, ,M

Decoder
LSTM 1 M , ,128

ConvNorm 3 128, 128, 128
LSTM 2 128, , 256
Dense 1 256, , D

Projector Dense 1 107, , M

Depression
Classifier

Dense 3 M , 32, 16
4-Head Attentive Pooling 1 16, 16, 4

Dense 3 192, [32,16], 2

Auxiliary
Classifier

Dense 3 M , 32, 16
4-Head Attentive Pooling 1 16, 16, 4

Dense 3 192, [32,16], 2

3.4. Network Optimization

The Adam optimizer was used to train the model for 15
epochs. Each batch contains one randomly sampled segment
from each speaker in the training set, with a total of 40 batches
per epoch. The learning rate was set to 10−4 and warmed up
in the first 10% of iterations, followed by a cosine scheduling
for the remaining iterations. λ was gradually increased from
0.5 to 1.0. In addition, class weighting was applied to address
the class-imbalance problem.

When training the MI-SIDD using frame-based wav2vec
features, we blocked the gradient propagation from the de-
pression classifier to the encoder, preventing the classifier
from using speaker information for decision-making [9].
Without this intervention, the encoder would produce Z
displaying a significant increase in speaker separability (as
calculated in [18]), indicating a strong bias towards speaker
features. Conversely, when training the MI-SIDD using



FBank features, gradients are allowed to propagate to the en-
coder, and no increase in speaker separability was observed.
Research in speaker verification has shown that speaker em-
beddings from wav2vec are more speaker discriminative than
FBank features [19], which may explain why the MI-SIDD
trained on wav2vec features is more susceptible to overfitting
the speaker features than the one trained on FBank features.

3.5. Performance Metrics

We calculated the F1 scores for the depression class (F1(D))
and the non-depression class (F1(ND)), separately. We also
determined the average of F1(D) and F1(ND), denote as
F1-avg. Additionally, we reported the unweighted average
recall (UAR) as another evaluation metric. We used a major-
ity voting approach to make the final decision for each test
speaker. Consistent with previous studies [5–8], we reported
the performance on the development set.

4. RESULTS

4.1. Comparing with State-of-the-Art

Table 2 shows the performance of MI-SIDD and current
state-of-the-art methods. Generally, methods with speaker
disentanglement (MI-SIDD, [9], and [6]), outperform meth-
ods without speaker disentanglement [5, 7], indicating the
efficacy of speaker disentanglement in depression detection.
The superiority likely arises from the capability of these
methods to suppress speaker features, mitigating the risk of
overfitting the speaker features.

Methods employing a speaker-invariant autoencoder, such
as MI-SIDD and SIDD [9], exhibit better performance com-
pared to adversarial speaker disentanglement [6]. This result
demonstrates the autoencoder’s effectiveness, which encour-
ages the encoder to learn more meaningful features while
minimizing speaker information.

The SIDD under wav2vec features outperforms the MI-
SIDD under FBank features, which may be due to wav2vec’s
better encoding of long-term information from extensive pre-
training. In addition, data scarcity can also cause sub-optimal
performance of MI-SIDD. However, MI-SIDD performs bet-
ter than SIDD under the FBank features. Unlike SIDD, which
performs speaker disentanglement at the segment level, MI-
SIDD performs it at the frame level. Since embeddings from
wav2vec features are more speaker discriminative than those
from FBank features [19], it is easier for SIDD to disentangle
speaker information from wav2vec features at the segment
level. On the other hand, speaker information is still highly
entangled with depression information at the segment level
when FBank features are used. As a result, it is better to per-
form disentanglement at the frame level when FBank features
are used.

4.2. Ablation Study
To assess the impact of individual modules within the MI-
SIDD, we reconfigured the architecture in Figure 1 into

Table 2. Comparing with State-of-the-Art. F and S refer to
frame-level and segment-level, respectively.

Method Feature Feature
Type F1-avg F1(ND) F1(D)

SpeechFormer [7] wav2vec F 0.69 - -
Adv-Disentanglement [6] wav2vec2.0 F 0.69 0.81 0.58

SIDD [9] wav2vec S 0.81 0.87 0.76
MI-SIDD wav2vec F 0.71 0.82 0.61

SpeechFormer [7] Spectrogram F 0.56 - -
Depaudionet [5] FBank F 0.61 0.70 0.52

Adv-Disentanglement [6] FBank F 0.65 0.73 0.56
SIDD [9] FBank S 0.67 0.70 0.63
MI-SIDD FBank F 0.76 0.81 0.71

three distinct models: an encoder–classifier (Enc–Cls), an
autoencoder–classifier (AE–Cls), and a frame-based SIDD
model (without mutual information minimization). The Enc–
Cls comprises an encoder and a depression classifier only.
The AE–Cls comprises a speaker-invariant autoencoder and
a depression classifier (refer to the plain autoencoder in Fig-
ure 4 of [9]). Furthermore, we extended the AE–Cls by
incorporating a projector to enable the disentanglement of
speaker identities (refer to the SIDD in Figure 4 of [9]). To
differentiate the extended AE–Cls from the SIDD [9], we
refer to it as frame-based SIDD.

Table 3 shows the results of the ablation study on the
FBank features, demonstrating consistent performance im-
provement with the inclusion of each component. Comparing
the AE–Cls with the frame-based SIDD, we observe a notable
3% increase in F1-avg, indicating enhanced performance
achieved by removing speaker information from the latent
space. Moreover, the MI-SIDD surpasses the frame-based
SIDD with an additional 3% improvement in F1-avg, show-
ing the effectiveness of promoting independence between
depression and speaker features.

We observe a significant performance improvement of
17% in F1-avg scores when comparing the AE–Cls with the
Enc–Cls. We conjecture that the improvement is partly be-
cause Lrecon (the second term in Eq. 7) encourages the encoder
to learn more meaningful features that could describe the in-
put segment rather than learning useless details of speakers,
thus reducing the influence of speaker-related characteristics.

Table 3. Ablation Study using FBank Features.
Model F1-avg F1(ND) F1(D) UAR

Enc–Cls 0.53 0.72 0.33 0.53
AE–Cls 0.70 0.76 0.63 0.71

Frame-based SIDD 0.73 0.79 0.67 0.74
MI-SIDD 0.76 0.81 0.71 0.78

5. CONCLUSIONS

In this work, we proposed a conditional mutual information-
based speaker-invariant depression detector (MI-SIDD),
which encourages maximum depression information, min-
imum speaker information, and minimum dependence be-
tween depression and speaker features. The experimental
results demonstrate the effectiveness of suppressing speaker
information and encouraging the independence of depression
and speaker features in depression detection.
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