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Abstract
Most End-to-End SLU methods depend on the pretrained ASR
or language model features for intent prediction. However,
other essential information in speech, such as prosody, is often
ignored. Recent research has shown improved results in classi-
fying dialogue acts by incorporating prosodic information. The
margins of improvement in these methods are minimal as the
neural models ignore prosodic features. In this work, we pro-
pose prosody-attention, which uses the prosodic features dif-
ferently to generate attention maps across time frames of the
utterance. Then we propose prosody-distillation to explicitly
learn the prosodic information in the acoustic encoder rather
than concatenating the implicit prosodic features. Both the pro-
posed methods improve the baseline results, and the prosody-
distillation method gives an intent classification accuracy im-
provement of 8% and 2% on SLURP and STOP datasets over
the prosody baseline.
Index Terms: spoken language understanding, prosody, speech
to intent, dialogue system

1. Introduction
Natural Language Understanding (NLU) is one of the critical
components of many conversational AI systems for interpreting
and extracting meanings from user input. Intent classification
is a common NLU task involving identifying a user’s intention
behind their utterance. Most existing systems use a two-stage
pipeline approach for intent classification. Automatic speech
recognition (ASR) is used to transcribe the spoken utterance,
and an NLU model is then used to classify the intent. How-
ever, these pipeline intent classification approaches have a few
drawbacks. These methods are prone to error propagation due
to ASR transcript errors [1], which can adversely affect the in-
tent prediction performance of the NLU model. This two-stage
pipeline approach increases the computation requirement and
latency of the intent prediction systems.

Some important information in the speech signal, such as
prosody(pitch, tempo, speaking rate, etc.) and speaker infor-
mation(speaker’s accent, gender, etc.), are lost after ASR. The
NLU models only use the text transcript of the utterance for in-
tent classification. This ASR+NLU pipeline method is based on
the hypothesis that only the semantic meaning of the utterance
is required for intent classification. In contrast, humans often
incorporate a speaker’s prosody to understand the utterance’s
intention.

Recent works in intent classification have used an end-to-
end spoken language understanding(SLU) approach to identify
the intent directly from the speech signal. SLU models usu-
ally have fewer parameters and are much faster during deploy-
ment. SLU models could take advantage of other aspects of

Figure 1: An example of Log Mel Spectrogram(upper), Log
pitch(middle), and Total energy(lower) of a speech utterance
from the SLURP dataset.

speech, such as prosody, and speaker information, unlike the
NLU pipeline method. Most works in end-to-end SLU focus
on ASR pretraining [2], or joint training [3] for intent classifi-
cation. [4], [5] and [6] attempt to model the representations of
pretrained text encoder such as BERT for the end-to-end SLU
model. Few works modeled the acoustic encoder with a pre-
trained ASR model and used the utterance’s semantic or pho-
netic information for intent classification. Very few methods
take advantage of other aspects of speech, such as prosodic in-
formation in the speech signal for Speech to Intent(S2I).

Prosody is fundamental in human speech communication
[7], capturing information beyond the linguistic and seman-
tic meaning in an utterance[8]. Prosody helps disambiguate
meaning, dialects, intents, sentiment, and other communica-
tion aspects not reflected in the text transcripts [1]. The stress,
pitch, intonation, and timing pattern of an utterance can convey
the speaker’s intention(”I have to go now.” vs. ”I have to go
NOW?”. The stress at the word ”now” changes the intent/act of
the utterance from statement to surprise or question). [9] shows
that self-supervised pretrained(SSL) speech encoders perform
better in S2I than ASR pretrained encoders, as SSL representa-
tions also contain prosodic information. [1] uses convolutional
neural networks to encode the prosodic features such as pitch
and energy to improve the performance of text-to-intent NLU
models. Recently, [10] proposed a neural prosody encoder for
end-to-end dialogue act classification. However, the margins of
improvement in the evaluation metrics of these methods were
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minimal. They require prosodic features to be computed and
encoded during inference, which may increase the prediction
latency.

We hypothesize that prosodic features can help intent clas-
sification in two ways: Firstly, some words in the utterance are
more critical than others in identifying the intent, and prosodic
features can help identify these important words or provide an
attention map. Secondly, the direction of change in prosodic
features, for example, the slope of the pitch contour, can change
the intention of any particular word in the utterance. There-
fore, although the semantic meaning or ASR features of the
words in the utterance will contribute more to intent prediction,
the gap between current S2I models and humans in intent pre-
diction is the prosodic information. Normal concatenation of
prosodic and semantic/phonetic features may not fill this gap.
As semantic/phonetic features contribute more to intent clas-
sification, the neural model tends to weigh those more and ig-
nore prosodic features. From our experiment of training an SLU
model by concatenating prosodic and ASR features, we found
that the sum of model weights for the ASR features was five
times higher than prosodic features. As a result, the model ig-
nores prosodic features when classifying intent. So we need to
incorporate prosodic features better to get the full advantage of
prosodic information for intent classification.

Our Contribution: In this work, we first show that
prosodic features can be used as an attention map to find which
part of the utterance contributes more to the speaker’s inten-
tion. Using prosody-based attention(prosody-attention) with
the baselines improves the evaluation metrics. Then we propose
prosody-distillation to learn the explicit prosodic information in
the acoustic encoder without the need for explicit prosodic fea-
tures with the help of a teacher prosody model. We perform
knowledge distillation in two ways: prosody attention distil-
lation and prosody feature distillation. Using both distillation
methods improves the performance of the intent classification
by huge margins on two public SLU datasets. We also perform a
few ablation studies to find the impact of different hyperparam-
eters or choices of methods on the performance of the prosody-
distillation method. Finally, we visualize the attention maps of
trained prosody-attention and prosody-distillation models to un-
derstand which part of the utterance these models attend to for
intent classification.

2. Proposed Method
2.1. Prosodic Features

For the speech signal X , prosodic features P =
{P1, P2, ...PT } with T frames are computed. This work
uses two basic types of prosodic features: pitch and energy.

• Pitch: We extract the Log Pitch (p1), Normalized Cross Cor-
relation Function (NCCF)(p2), and derivative of Pitch (p3)
for the speech signal using [11].

• Energy: We compute the total energy (e1), the energy of
the upper 40 mel frequency bands(e2), and the energy of the
lower 40 mel frequency bands(e3) using the 80-channel log
Mel spectrogram computed on 25-millisecond windows with
a stride of 10 milliseconds from the speech signal.

In total, we use six prosodic features Pt =
(p1t , p

2
t , p

3
t , e

1
t , e

2
t , e

3
t ) for t = T frame. Figure 1 shows

an example of the Log Mel Spectrogram of the speech signal,
the Log Pitch of the speech signal (p1), and the Total Energy
of Mel Spectrogram (e1).

Figure 2: The proposed prosody-distillation method

2.2. Prosodic Attention

Given the Speech signal X , the acoustic encoder fae encodes
the speech signal into frame-level representation zF with T time
frames. The frame-level representations zF are pooled into a
single utterance level representation zU using a modified Self-
Attention Pooling(SAP) [12]. Instead of using zF to gener-
ate the attention weights α, we generate the weights using the
prosodic features P , and zU is calculated as the weighted sum
of zF with weights α and is given by Equation 1. The utterance
level representation zU is passed through a linear classifier for
intent prediction, and classification Cross-Entropy(CE) loss is
used to train the model.

zF = fae(X)

α = Softmax(WP )

zU =
∑

αzF

(1)

where W is the learnable parameter of self-attention pool-
ing layer and α = {α1, α2, ..., αT } are the attention weights
for each frame of zF .

2.3. Prosody Distillation

Prosody-distillation method aims to learn the explicit prosodic
information without the need for implicit prosodic features for
intent classification. A teacher prosody model is pre-trained to
recognize intent from only an utterance’s prosodic features P .
The teacher prosody model has a prosody encoder fP , followed
by self-attention and a classifier layer. The encoded representa-
tion of the prosody encoder fP will be rich in prosodic informa-
tion that helps in predicting intents, and the self-attention layer
of the teacher model can identify the frames in the utterance that
captures the speaker’s intent.

Then we train a student intent classification model, which
learns the attention map and encoded prosodic features from the
teacher prosody model. A multi-task learning (MTL) setting is
used to train the model to classify the intents with the speech
signal and learn prosodic information from the teacher model.
During inference, only the student model is used for intent clas-
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Train Validation Test

SLURP 49943(39.7) 8561(6.8) 12951(10.1)
STOP 120906(116.5) 33385(31.6) 75510(69.9)

Table 1: Num of utterance(hours) of SLURP and STOP dataset

sification. The proposed method is shown in Figure 2.
The student model has an acoustic encoder fae, a self-

attention layer, and a linear layer for classification. The student
model is trained with two forms of distillation from the teacher
model, attention distillation, where the SAP layer of the stu-
dent model learns to attend to time frames similar to prosody-
attention, and feature distillation, where fae learns to encode
prosodic information which is necessary for intent classifica-
tion. Mean Squared Error(MSE) is used as the loss for the dis-
tillation components. The attention distillation loss is calculated
between the attention weights of SAP layers of the student and
teacher models. The feature distillation loss is calculated be-
tween the frame-level feature maps of fae and fP . The final
distillation loss Ldis is a sum of attention and feature distil-
lation loss. For intent classification, the student model is also
trained using CE loss Lcls. The total loss Ltotal is a weighted
sum of both the distillation loss Ldis and classification loss Lcls

and is given by Equation 2.

Lcls = CE(y, ŷ)

Ldis = MSE(zFP , zFX ) +MSE(αP , αX)

Ltotal = aLcls + bLdis

(2)

where y and ŷ are the true and predicted intents, ZFX and ZFP

are the frame level representations of the encoders fae and fP ,
αX and αP is the attention weights of the student and teacher
models. a and b are the MTL weights.

3. Experiments
3.1. Dataset

We evaluate the proposed methods on two publicly available
English SLU datasets, SLURP [13]and STOP [14]. SLURP
is a single-turn user conversation with a home assistant with
higher lexical and semantic diversity than most publicly avail-
able SLU datasets. STOP is a large dataset that contains
utterance-semantic parse pairs. The number of intents is 60 and
64 for SLURP and STOP datasets, respectively. The number
of utterances and hours for train/validation/test splits of both
datasets are provided in Table 1. The main experiments and ab-
lation studies are conducted on the SLURP dataset. We present
the final results comparing the proposed method with the base-
line on both SLURP and STOP datasets. Both datasets’ speech
samples are cropped or padded to 5 seconds.

3.2. Baseline Models

We used the whisper-based S2I model proposed in [9] as one of
the baselines (hereafter whisper baseline) that uses a pretrained
whisper(base.en) [15] model’s encoder as the acoustic encoder,
followed by Self-Attention pooling and linear layer for intent
prediction. A prosody-based baseline [10](hereafter local con-
cat baseline) was also used for comparison that concatenates
prosodic features with the acoustic encoder’s 512-dimension
representations at each time frame, which is passed through a
two-layered LSTM [16] network with 256 hidden dimension
and linear layer for intent classification.

Method Accuracy MF1

whisper baseline [9] 0.6807 0.6202
prosody local-concat baseline [20] 0.6823 0.6255

[9] with prosody-attention 0.6887 0.6282
[20] with prosody-attention 0.6955 0.6472
prosody-distillation 0.7626 0.7192

Table 2: Mean Accuracy and Macro F1 scores of baselines and
proposed methods on the SLURP dataset of 3 different runs.

3.3. Prosody Attention and Distillation

The acoustic encoder fae used in both prosody-attention and
prosody-distillation models is the pretrained whisper(base.en)
[15] model’s encoder. The prosody encoder fP used as the
teacher model in prosody-distillation is a sequence of three 1-
dimensional Convolutional neural network(CNN) layers with
GELU [17] activation. The CNN layers have a kernel size of
5, with a stride of 1 and ’same’ padding to maintain the same
frame length. The 6-channel input prosodic features are en-
coded to a channel dimension of 512 with the CNN layers. The
MTL weights a and b were initialized randomly for every train-
ing step following [18].

3.4. Training Setup

As the whisper model’s inputs are Mel Spectrograms, an 80-
channel log Mel spectrogram with 25-millisecond windows
with a stride of 10 milliseconds is computed for all the speech
samples. All the experiments are implemented using Pytorch
Lightning and OpenAI’s whisper model pretrained checkpoints
[15]. Adam [19] optimizer was used with lr = 1e−5 for fine-
tuning the pretrained whisper encoder and lr = 1e−3 for other
layers. We used a batch size of 64 and trained for 20 epochs
with early stopping patience of 10 epochs. The best checkpoint
is saved based on the validation accuracy. We report the model’s
accuracy score and macro F1 for all the experiments on the test
set. The metrics are the mean of three runs with randomly ini-
tialized model parameters. All the experiments were performed
on an NVIDIA A100 GPU.

4. Results and Discussion
4.1. Benchmark Results

Table 2 shows the accuracy and Macro F1 scores for the base-
lines and proposed methods on the SLURP dataset. We can
observe that the prosody local-concat baseline, which concate-
nated prosodic features with the acoustic encoder’s represen-
tations, improves the intent classification accuracy by 0.16%.
This shows that prosodic features can help in improving in-
tent classification performance. However, the improvement is
minimal with the prosody concatenation method. Analyzing
the prosody concat model’s learned weights, we found that the
model weights for the acoustic encoder representations were
five times those for the prosodic features, so the contribution of
prosodic features was limited. We added prosody-attention on
both the whisper baseline and local concat baseline, improving
the test metrics of both baselines by 0.8% and 1.32%, respec-
tively. The attention map generated by prosodic features could
help identify the frames of the utterance, which contributes
more to intent classification than regular self-attention pooling.
The prosody-distillation method improves accuracy by a huge
margin of 8.19% and 8.03% on the whisper and local concat
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baselines, respectively.

Dataset Method Accuracy MF1

SLURP whisper baseline [9] 0.6807 0.6302
local concat baseline [20] 0.6823 0.6255
prosody-distillation 0.7626 0.7192

STOP whisper baseline [9] 0.884 0.7316
local concat baseline [20] 0.889 0.7352
prosody-distillation 0.917 0.7904

Table 3: Mean Accuracy and Macro F1 scores of baselines and
proposed methods on SLURP and STOP datasets of 3 different
runs.

Table 3 shows the accuracy and Macro F1 scores of the
baselines and proposed prosody-distillation method on SLURP
and STOP datasets. The proposed method outperforms both
baselines on both datasets without needing implicit prosodic
features during inference. This shows the robustness of the
proposed method across datasets, and the prosody-distillation
method uses prosodic information better than previous meth-
ods.

4.2. Ablation Study

In Table 4, we present the results of a few ablation studies (S1-
S5) that we conducted to find the performance of the proposed
method prosody-distillation with different hyperparameters and
training methods. All the ablation studies were conducted on
the SLURP dataset, and we report the mean accuracy scores of
3 different runs. From S1, we find that feature distillation at a
frame level features zF instead of global utterances level fea-
tures zU gave a better performance as prosodic information at
different frames is essential to identify the intention. S2 shows
that prosody attention and feature distillation are essential, and
removing one degrades the model’s performance. S3 com-
pares the performance of the prosody-distillation method when
the teacher prosody model is pretrained and when the teacher
prosody model is trained along with the student model. As ex-
pected, pretraining the teacher prosody model gave the best re-
sult. When training them together, both attention and features
distillation targets will be random initially and keep changing
as the teacher model’s parameters change.

In S4, we compare the influence of different weights for the
MTL with the weights given in the table. We observed that giv-
ing more weight to the distillation loss gave better results than
giving more weight to the classification loss or weighing them
the same. This suggests the distillation method’s importance in
learning prosodic information from the teacher model. More-
over, weighting both losses randomly at each iteration slightly
improved performance. Finally, in S5, we aim to study the im-
pact of both pitch and energy prosodic features. We trained
the prosody-distillation method without pitch and energy fea-
tures. We can observe that removing pitch features affected the
method’s performance more than removing energy features and
is similar to the result obtained in [20]. So both pitch and energy
features are essential for intent classification, but the contribu-
tion of the pitch features is more than the energy features.

4.3. Attention Maps

Figure 3 shows the attention map of the trained prosody-
attention and prosody-distillation model. As we can observe,
the prosody-attention model ignores all the unvoiced segments

Study Method Accuracy

S1 : Distillation Layer global dist 0.7107
frame-level dist 0.7626

S2 : Distillation Type w/o attn dist 0.7512
w/o feature dist 0.7243
with both 0.7626

S3 : Pretraining no pretraining 0.7594
pretraining 0.7626

S4 : MTL a=1, b=1 0.7594
a=1, b=0.1 0.7474
a=0.1, b=1 0.7624
a=rand, b=rand [18] 0.7626

S5 : Prosody features w/o pitch 0.7492
w/o energy 0.7513
with both 0.7626

Table 4: Mean Accuracy scores for ablation studies(S1-S5) on
SLURP dataset of 3 different runs.

Figure 3: Attention maps of prosody-attention(upper) and
prosody-distillation(lower) on a speech utterance from SLURP
dataset

and gives maximum attention to the ”What”, ”price”, and ”dol-
lar” parts of the utterance. The prosody-distillation model gives
maximum attention to the word ”dollar” and ”price” which
is more relevant for intent classification and ignores all other
words and unvoiced segments.

5. Conclusions

In this work, we propose a new method called prosody-
distillation for improving the Speech to Intent performance
by using prosodic information without the need for implicit
prosodic features. The proposed method performs the knowl-
edge distillation of prosodic attention and prosodic features
from a pretrained teacher prosody model. We perform exper-
iments on two publicly available SLU datasets and show that
our proposed method improves the performance by huge mar-
gins on both datasets. For future work, we want to use prosody-
distillation for entity extraction and slot-filling tasks. Also,
use other prosodic features and speaker information to improve
SLU performance.
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