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Abstract
We investigate whether, and if so when, prosodic features in
spoken dialogue aid in modeling the importance of words to the
overall meaning of a dialogue turn. Starting from the assump-
tion that acoustic-prosodic cues help identify important speech
content, we investigate representation architectures that com-
bine lexical and prosodic features and evaluate them for predict-
ing word importance. We propose an attention-based feature fu-
sion strategy and additionally show how the addition of strategic
supervision of the attention weights results in especially com-
petitive models. We evaluate our fusion strategy on spoken di-
alogues and demonstrate performance increases over state-of-
the-art models. Specifically, our approach both achieves the
lowest root mean square error on test data and generalizes better
over out-of-vocabulary words.
Index Terms: prosody modeling, fusion strategy of prosodic
and lexical representations, word importance in dialogues.

1. Introduction
Many speech-based models consider words as a fundamental
unit of meaning and prosody. However, words contribute differ-
ently to the meaning of an utterance; some words may be crucial
for understanding a turn while others may be less so. This dif-
ferential importance of words in a spoken language context has
benefited various tasks, from speech recognition (ASR) evalua-
tion [1, 2] to text classification [3, 4] and summarization [5, 6].
In particular, researchers in [2] found that when captioning indi-
vidual conversation turns during a live meeting for people who
are deaf or hard-of-hearing (DHH), differential weighting of au-
tomated recognition errors based on the importance of words
correlates better with the human judgment of ASR quality than
the traditional word error rate (WER) metric.

While prior models of word importance considered text fea-
tures [7, 8], speech-based features hold promise when analyz-
ing conversational speech [9]. Speakers often use prosodic cues
to help listeners discern spoken messages; however, these cues
are omitted from an automatically generated text transcript [10].
Automatically generated transcripts may also lack capitaliza-
tion or punctuation or use nonstandard grammar, and they con-
tain more speech disfluencies, such as hesitations, filler words,
out-of-vocabulary words, and neologisms than in formal writ-
ing.

We therefore investigate how to fuse acoustic-prosodic
features from speech with lexical features from transcripts,
in order to achieve a more holistic representation of a spo-
ken word for the task of word importance prediction. Our
work proposes and evaluates an effective attention-based
early-feature fusion strategy. We also demonstrate how
strategic supervision of the learned attention-weights during
training can help our model achieve better performance on
the importance prediction task. We evaluate our method with

experiments on a corpus of word importance [7], comparing its
performance to state-of-the-art methods. Further, we visualize
the connotative variation in the fused representation of spoken
words in different spoken contexts. We also release pre-trained
models at https://github.com/SushantKafle/
feature-fusion-word-importance.

2. Related Work
Joint modeling of lexical and prosodic features has benefited
various applications, such as constituent parsing of conversa-
tional speech texts [11], and summarization of recordings of
meetings [12, 13]. The most common strategy for joint repre-
sentation of features is through concatenation. Despite the pop-
ularity of this strategy, it has been shown to fail to fully capture
cross-modal interactions [14, 15]. Consequently, several multi-
modal feature representation strategies have been proposed for
various applications [16, 14, 15, 17]. Our work continues this
line of research by investigating multimodal feature represen-
tation strategies for spoken words, as evaluated on the task of
word importance prediction. Further, we aim to design a better
feature-fusion strategy that exploits strengths (and weaknesses)
of our unimodal features, and uncover modality-specific chal-
lenges in the prediction task.

The word importance prediction problem has similarities
to familiar natural language problems, like keyword identifica-
tion or summarization, where the goal is to identify a set of
descriptive words from a large document of text. Several meth-
ods have been proposed, including frequency-based models like
Term Frequency-Inverse Document Frequency (TF-IDF), and
word co-occurrence measures [18, 19], with a goal of extract-
ing relevant keywords from a text. Other supervised measures
of keyword extraction have been proposed [20, 21, 22, 23] for
a range of applications. All of these methods, however, con-
sider the importance of words at a document level rather than at
a sentential or a phrase level – limiting their generalizability to
applications that consider word importance at a more granular
level, e.g. [2].

Importance prediction of words in sentences requires con-
sideration of both the lexical nature of the word and also its
context of use. This differs from traditional setups that treat
each word as a term in a document such that all words identified
by a term receive a uniform importance score, without regard
to context. Recently, several models that consider contextual-
ized word representations have been proposed [7, 9]. However,
as discussed in Section 1, linguistic models based on text-only
features or on speech-only features may be insufficient for con-
versational speech-based applications.

3. Lexical-Prosodic Feature Representation
Our work considers two modalities of speech to obtain a feature
representation of a spoken word Zi: the acoustic-prosodic sig-
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nal and the textual transcript. Rather than considering these two
modalities as independent observations of speech, we focus on
their cross-modal interaction to obtain a unified representation.
We recognize that non-verbal cues during face-to-face commu-
nications contribute to influencing how humans understand spo-
ken words [17]. Prosody is one such channel in spoken dialogue
that is important in conversational speech, where speakers at-
tach prosodic prominence to words (or sub-word components)
to help listeners disambiguate meaning [24, 25, 26]. We inves-
tigate an attention-based feature fusion architecture that con-
siders the effect of prosodic cues on the lexical meaning of a
spoken message.

3.1. Speech Feature Sub-network

Every utterance has a unique phonetic (or phonological) real-
ization which may differ from its lexical form. These phonetic
variations often encode information about the organization of
the utterance [11], as well as its relation to its context [27]. Our
speech-feature sub-network aims to learn a feature representa-
tion for a spoken word that encapsulates this information.

We utilize a bi-directional recurrent neural network (RNN)-
based model to represent variable length spoken words into
a fixed-length vector. Our network operates over the spoken
words independently using word-level timestamp information.
Each word region in speech is first partitioned into fixed-length
sub-word intervals (wi ' [ai1, a

i
2, .., a

i
T ]) and passed as a se-

quential input to our RNN, as:

−→
ht = RNN(ait,

−−→
ht−1) (1)

←−
ht = RNN(ait,

←−−
ht−1) (2)

where ait represents the sub-word interval segment of word wi,
and
−→
ht and

←−
ht refer to the RNN hidden states at time t. Finally,

two RNN layers operating over the sub-word interval sequence
in opposite directions summarize the interval-level features into
a word-level representation Si = [

−→
hT ;
←−
hT ].

3.2. Attention-based Feature Fusion

The goal of our attention-based feature fusion network is to cap-
ture the influence of prosody on the lexical semantics of the
spoken word. Formally, our model uses an attention architec-
ture dependent on both lexical and prosodic features in order
to learn a composition vector that controls the contribution of
prosodic features on the semantics of a word:

hsi = tanh(W1 · Si + b1) (3)
αi = tanh(W2 · [hsi ;Ei] + b2) (4)

Zi = Ei + αi · hsi (5)

where Si and Ei represent the speech-based and lexical repre-
sentation of the word, and hsi represents the non-linear projec-
tion of Si, such that dimension(hsi ) = dimension(Ei) to facil-
itate composition. W1, W2 and b1, b2 are the weight and bias
vectors to be learned during training, and Zi represents the final
feature representation which is the weighted sum of the lexical
and prosodic features using the attention weight vector αi.

The intuition is to learn an appropriate composition vector
(αi · hsi) that can be used to project lexical embeddings into
an appropriate semantic space, based on their prosodic charac-
ter. This results in a meaning representation that considers both

the lexical and prosodic meaning in combination. For instance,
inherently neutral words like dog can bear both positive and
negative sentiment as a part of a discourse. The shift in conno-
tative meaning is often conveyed through prosody that informs
listeners about the relation of the word to the discourse and to
the mutual belief built up by interlocutors during the course of
the discourse which might influence its connotative meaning in
context [28, 29].

3.3. Attention Supervision

Since we are using the attention-based weight vector to regu-
late the prosodic influence, we can also supervise the attention
vector to match an expected distribution, to help with conver-
gence during training. Supervising attention weights has been
found useful previously [30, 31, 32], enabling the incorporation
of heuristic constraint into a model. Here, we supervise atten-
tion weights to rely on prosodic features when the word is an
out-of-vocabulary (OOV) word, as shown in Equation 6.

L̃ = L+ λ

{∑
wi
−log(|αi|), if wi 6∈ V

0, otherwise
(6)

where L represents the training loss and L̃ represents the new
loss (with regularization constraint as determined by αi) that
the model is optimizing, wi is the word, αi represents the atten-
tion weights for the prosodic features of the word, and V is the
vocabulary of the model. Additionally, λ is the loss weighting
factor, such that if λ = 0 no supervision will be enforced.

The negative log-likelihood loss will encourage the model
to assign higher absolute weights to the speech features (αi),
meaning higher reliance on speech features for the prediction.
The motivation behind this supervision technique is discussed
in Section 5.2 – where we found that in general, prosodic fea-
tures are less prone to OOV errors as compared to text-based
lexical features.

4. Experimental Methodology
4.1. Dataset

We used the Word Importance Corpus for the training and eval-
uation of our word importance prediction models [7]. It consists
of over 25,000 unique words (types), and each token has been
manually annotated with importance information. The annota-
tion covers a subset of conversations in the Switchboard cor-
pus [33], which consists of about 25,048 utterances spoken by
44 different English speakers, with word-level timestamp infor-
mation and a numeric score of importance (in the range of [0,
1]) assigned to each spoken word. We created an 80%, 10%
and 10% split of the corpus for training, validation, and testing.
All the experiments were set up such that each speaker is only
present in one of the data partitions. Otherwise, models trained
and tested on the same set of speakers might not be generaliz-
able to unseen speakers.

4.2. Unimodal Representations

We make use of the 6-billion-token-based 300-dimension pre-
trained GloVe [34] embeddings as our lexical representation for
the word. To get a word vector representation for speech, we
utilized the network described in Section 3.1. As an input to this
model, we partitioned the spoken word into fixed-length sub-
word intervals and extracted prosodic features that have been
previously considered for modeling word importance. As de-
scribed in [9], a total of 30 prosodic feature were considered,
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which included pitch-related features (20), energy features (22),
voicing features (6) and spoken-lexical features (12). All of the
features were speaker-normalized to account for inter-speaker
variations.

4.3. Comparison Models

We compared against models based on different multimodal
feature representation strategies:
Concatenation (CONCAT) [35, 11, 36]: The model creates a
multimodal representation of words by simply concatenating
the unimodal features at the word level.
Attention-based Weighted Sum (ATTN) [37, 16]: Instead of
concatenating the unimodal signals as alternative feature vec-
tors, the model uses an attention network to decide how to com-
bine the information for the final representation.
Tensor Fusion Network (TFN) [14]: This strategy mod-
els both the modality-specific and cross-modal interactions by
computing an outer product over a set of unimodal vectors (with
an extra constant dimension 1) rather than just the concatena-
tion. Lastly, using a high-dimensional weight vector the outer
product is projected into the final multimodal vector represen-
tation.
Low-rank Multimodal Fusion (LMF) [15]: Drawing from the
success of TNF networks, LMF proposes a more efficient ver-
sion: It has fewer learnable parameters and an efficient compu-
tational setup through decomposition of the high-dimensional
weight vectors into lower rank factors. This allows the estima-
tion of a multimodal representation directly from the unimodal
representations and their modality-specific decomposition fac-
tors.
Recurrent Attended Variation Embedding Network
(RAVEN) [17]: The model considers the sub-word struc-
ture of non-verbal behaviors to learn a multimodal-shifted
representation for words. The non-verbal behaviors may be
inferred from different multimodal channels such as a visual
and/or an acoustic signal; our work only considers the latter for
comparison.

4.4. Model Architecture and Training

As the prediction model, we utilized a bi-directional LSTM-
based sequence-labeling architecture of word importance pre-
diction. The sequence of word representations (both unimodal
or multimodal) was processed by the bidirectionally moving
LSTM layers, to obtain a contextual representation of the word
at each time step. This representation was passed through the
final projection layer (sigmoid) for word importance prediction.

We used Gated Recurrent Units (GRUs) [38] as RNN cell1

for our speech-based sub-network. We used a GRU cell of di-
mension 64, and each word-level LSTM unit was of size 128.
The lexical (Ei) and speech (Si) dimensions were 300 and 30
respectively. All our models were trained to minimize the Root
Mean Square (RMS) loss. For attention supervision (described
in Equation 6), we found a loss weighting factor (λ) of 0.8 to
be best-suited for our task. For our comparison models, we
used the best working setup based on their performance on the
validation split. We used Adam optimizer with an initialized
learning rate of 0.001 for training. Each training batch had
a maximum of 20 sentences, and the model was trained until
no improvement was observed in 7 consecutive iterations. A
dropout of 0.5 was applied at the input layer for all models.

1We used GRU rather than LSTM units due to better performance
observed during our initial set analysis.

4.5. Evaluation Metrics

To compare the various models, we evaluated their predictions
on word importance with the test set of the Word Importance
corpus, described in Section 4.1. We used the RMS error as
the primary measure of performance, comparing predictions
against the gold standard corpus. As described by [7], the anno-
tators of the corpus were asked to consider three ordinal ranges
{LOW: [0 - 0.3), MID: [0.3, 0.6), HI: [0.6, 1.0]} when they
selected a numerical value in the range [0 - 1] to represent the
semantic importance of each word. Thus, we also compared
the performance of the models at predicting the importance of
words belonging to each of these ordinal ranges. Further, we
used the Kendall-Tau (τ -b) correlation measure to compare the
rank distribution of words, according to their predicted and their
actual importance in a dialogue-turn. We report mean results in
percent from 5-fold cross-validation evaluation.

5. Results and Discussion
5.1. Error Analysis of Unimodal Models

The performance of the two unimodal-feature (lexical and
speech) models in Table 1 indicates that although the model
based only on lexical text features had a lower RMS error when
predicting the importance of words in our test dataset, it per-
formed poorly when operating over OOV words, as compared to
the unimodal model based on speech features only.

Table 1: Comparative performance of lexical and prosodic uni-
modal models. Bold font shows the best scores.

Models RMS RMS
(OOV words only)

prosodic-only 21.5 27.0
lexical-only 16.84 27.35

Each word in the Word Importance Corpus is annotated
with an importance score between 0 and 1 [7]. Error analysis
revealed that the lexical-only model trained on transcripts had
a lower percentage of highly deviated predictions (cases where
the importance-score prediction differed from ground truth by
more than 0.2, as determined by inspecting errors), compared
to the speech-only model (18% vs. 26%). However, the lexical-
only model was less robust for OOV words. Such words ac-
counted for 49% of the highly deviated errors from the lexical-
only model, compared to 27% from the prosody-only model.

5.2. Comparison of Fusion Strategies

The difference in performance in the previous experiment be-
tween the two unimodal-feature-based models on OOV words
inspired the design of our fusion strategy for a new integrated
prosodic and lexical representation. Since the speech-based
model showed better performance on OOV words (lower per-
centage of highly deviated errors) compared to the text-based
model, we investigated encoding this as our feature combina-
tion heuristic, as shown in Equation 6 above.

Tables 2 and 3 summarize the performance of all models.
Notably, the results in Table 2 show that our feature-fusion strat-
egy with attention supervision achieved the lowest RMS error
compared to a range of other comparison models. In addition,
Table 3 reports the performance of models when the predict-
ing importance of words belonging to different importance cat-
egories (low, mid, high). Notably, our approach was better at
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Figure 1: Visualization of the lexical and prosodic distribution of words love, night, cold in different spoken contexts. The blue (top)
and red (bottom) contours represent the distribution of all positive and all negative sentiment words, respectively. For each word, the
black contour shows its distribution for different spoken contexts. Individual instances of the spoken word are shown as dots. Proximity
to the blue or red contours illustrates how a word adopts positive (love) or negative (cold) connotations, or straddle both (night).

Word: Love Word: Night Word: Cold

Table 2: Comparison of different models combining lexical and
prosodic cues. Per column, the top two results are marked with
? & † symbols, respectively. Our proposed model demonstrates
lower RMS error both overall as well as for OOVs specifically.

Models RMS RMS
(OOV words only)

CONCAT 15.64† 23.20†

ATTN 16.08 23.84
TNF 17.14 29.08
LMF 16.59 27.02
RAVEN 17.0 28.5
Proposed (λ = 0) 15.80 23.65
Proposed (λ = 0.8) 14.75? 21.71?

Table 3: Comparison of models on ordinal-range classes, and
Kendall-tau (τ -b) rank-prediction correlation. The top two re-
sults per column are marked with ? & † symbols. Our proposed
model performs better for high and low importance words.

Models RMS (across ranges)
τ -b

HI MID LOW

CONCAT 21.81† 13.07† 10.85 59.02
ATTN 25.87 13.44 10.77 58.41
TFN 26.0 13.71 11.34 58.17
LMF 27.56 13.53 10.31? 60.04†

RAVEN 29.04 12.50? 11.65 59.77
Proposed (λ = 0) 25.13 13.29 10.85 59.80
Proposed (λ = 0.8) 22.4? 13.27 10.60† 61.35?

identifying the high and low importance words, i.e., the two
edges of the importance scale, in dialogue turns. Intuitively,
this relates to natural speech patterns – a speaker is likely to
render essential words more prominently than low-importance
words, and accordingly this is when prosodic features can be
most effective in modeling word importance. Further, higher
τ−b scores indicate that our model is also better at capturing
the overall rank distribution of words in a turn.

5.3. Combined Representation and Prosodic Deviation

Our integrated lexical and prosodic representation attempts to
encode the influence of prosody into the lexical meaning of
the word. With this setup, the same word spoken differently
(on different contexts) would have different feature representa-
tions. This is indeed the case as demonstrated in Figure 1. In
the figure, the fused feature representation of words have been
projected into a two-dimensional vector space using Principal

Component Analysis (PCA). The two axes represent a new pro-
jection space that explains maximum variance in the sentiment-
bearing words in our corpus. The blue (top) and red (bottom)
Gaussian contours represent the distribution of all the positive
and negative sentiment words in the corpus respectively, show-
casing that the variance of sentiment is primarily along the Y-
axis. From this perspective, the feature variation of words due
to prosody can be interpreted as a change in sentiment.

Table 4: The word night in different spoken contexts with cor-
responding positioning in the contour plot (Figure 1).

Conversational Context Positioning
stealing cars like at night breaking into ... bottom-half

you have a good night we’ll see you ... top-half
last night i did thirty minutes of riding ... middle

Figure 1 shows the feature distribution of three words love,
night and cold in different spoken contexts. The sentiment-
bearing words love and cold lie on the upper and lower parts
of the graph respectively, indicating that their sentiment is quite
stable. However, as seen in Table 4, a neutral word like night
overlaps in positive and negative sentiment and varies by spo-
ken contexts; this could reflect varying prosodic renderings.

6. Conclusion
We have shown that by incorporating features from speech
into the lexical embeddings, we can enhance the performance
of word-importance prediction systems. We proposed an
attention-based multimodal feature representation strategy that
learns to adjust the text-based feature representation of spo-
ken words to reflect the post-lexical meaning conveyed through
prosody. Further, we demonstrate that incorporating modality-
specific heuristics into training helps our model perform bet-
ter. Our evaluations showed that our multimodal-feature-based
model achieves the lowest RMS score on the word importance
prediction task, compared to other state-of-the-art models. In
future work, we will investigate speech- and text-based features
for modeling the importance of larger semantic units.
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