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Abstract

Automated speech scoring evaluates spo-
ken responses without human interven-
tion. Audio-only models often miss se-
mantic discrepancies, while text-only ap-
proaches overlook critical prosodic and
acoustic cues. To resolve this, we propose
a multi-modal framework fusing raw au-
dio with ASR transcripts and timestamps.
We introduce a Masked Temporal Align-
ment model with a temporal pooling mod-
ule to explicitly align audio-semantic rep-
resentations while masking non-verbal seg-
ments. This prevents noise and silences
from biasing attention-based scoring. We
evaluate our model against three multi-
modal encoder variants using 200,000 un-
constrained spoken responses from non-
native English speakers. Across Quadratic
Weighted Kappa (QWK), Pearson’s r,
Spearman’s ρ, and accuracy, our model
consistently outperforms baselines. These
results demonstrate that masking non-
verbal temporal features significantly im-
proves both semantic alignment and acous-
tic modeling in automated speech assess-
ment.

1 Introduction

The assessment of spoken responses is a crit-
ical part of language assessment, diagnostic
interviewing, and automated customer ser-
vice feedback and assessment. Tradition-
ally, this process has relied on human raters
who evaluate speech using predefined rubrics,
considering dimensions such as content rele-
vance, fluency, and pronunciation, and assign
ordinal scores (Chen et al., 2018b). How-
ever, human scoring is costly and difficult
to scale, which motivated the development
of automated speech scoring systems. Tradi-
tionally, such systems have relied on expert-
designed features and statistical models cali-
brated against human ratings (Zechner et al.,

2009), (Bernstein et al., 2010), (Chen et al.,
2018b). These systems use a combination au-
dio and textual features to assess the fluency
of speech and content delivery. (Chen et al.,
2018b) note that most automated speech scor-
ing systems contain three components: auto-
matic speech recognition (ASR), natural lan-
guage processing (NLP), and a scoring model.
While models with manual features are sim-
pler and more explainable, their overall per-
formance is constrained by the limited cover-
age of the target constructs, the inaccuracy
of individual components, and the lack of ex-
plicit audio-semantic alignment with end-to-
end neural models outperforming them (Chen
et al., 2018b).

The renaissance of deep neural networks
(also referred to as deep learning) in the last
decade or so, has ignited interest in end-to-
end automated speech scoring systems which
can be trained on labeled speech data as
a whole. Early work in using these meth-
ods (Chen et al., 2018a), (Qian et al., 2019)
used CNN or BiLSTM networks as the fea-
ture extracting backbone and combined fea-
tures of multiple modalities with respective
backbones to predict a final score. Since
the emergence of transformer-based models
(Vaswani et al., 2017), researchers have also
explored transformer-based speech encoders
for end-to-end automated speech scoring sys-
tems (e.g. (Bannò and Matassoni, 2022),
(Nebhi and Szaszák, 2023), (Oh et al., 2025b)).
More recently, multi-modal transformer mod-
els (Park and Ubale, 2023), (Oh et al., 2025a),
(Oh et al., 2025b) have emerged that incor-
porate both speech audio and corresponding
text transcripts generated by ASR systems,
thereby better integrating semantic informa-
tion.

In this work, we develop a multi-modal
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transformer based architecture with a novel
masked temporal pooler (MTP) module which
explicitly masks non-verbal segments in the
audio data before pooling overlapping frames
with the tokens. In the remainder of this pa-
per, we call this model the masked temporal
alignment (MTA) model. We apply the pro-
posed MTA model to a large dataset of spoken
responses by non-native English speakers. We
compare the results of training on this dataset
with two baselines multi-modal methods: 1)
Concatenation: A simple baseline merg-
ing audio and text embeddings, 2) Cross-
Attention: A mechanism allowing text to-
kens to attend to the full acoustic sequence.

In our experiments, the MTA model out-
performed the baselines in terms of agreement
and correlation with human rater scores. To
our knowledge, this is the first proposal for a
masked audio-semantic alignment method for
automated speech scoring, and our findings
demonstrate its efficacy.

The remainder of the paper is organized as
follows: Section 2 discusses related work, Sec-
tion 3 describes our motivation for the MTA
model, the dataset, and the two baselines, Sec-
tion 4 presents the proposed MTA model in
detail, and Section 5 contains the experiment
details and the results. We conclude with im-
plications and future work in Section 6.

2 Related Work

Automated speech scoring is closely related to,
yet distinct from, other automated assessment
of linguistic output, such as automated essay
scoring (AES) and automated pronunciation
assessment (APA). AES shares similar eval-
uation metrics with automated speech scor-
ing while focusing exclusively on textual profi-
ciency. Similarly, APA focuses exclusively on
phonetic aspects of the speech. Automated
speech scoring, on the other hand, aims to pro-
vide a holistic score taking into account the
pronunciation, fluency and prosodic elements,
alongwith the linguistic structure and content
of the response.

Early work incorporating deep neural net-
works for automated speech scoring used BiL-
STMs and CNNs (Chen et al., 2018a), (Qian
et al., 2019). Papi et al. (Papi et al., 2020)
used various DNNs on word2vec (Mikolov

et al., 2013) and BERT (Devlin et al., 2019)
embeddings of text generated using an exter-
nal ASR system. (Wang et al., 2021) used a
text transformer XLNet (Yang et al., 2019) to
score the transcripts of the speech. (Bannò
and Matassoni, 2022) used a wav2vec2 model
(Baevski et al., 2020) to demonstrate the su-
periority of large transformer-based acoustic
models over methods focusing solely on speech
transcripts. (Phan et al., 2025) used a Whis-
per (Radford et al., 2022) model to generate a
combined score for Speak and Improve corpus
(Qian et al., 2025).

As the ASR capabilities of deep learning
models improved (Baevski et al., 2020), (Chen
et al., 2022), (Radford et al., 2022), efforts to
incorporate text and other modalities within
a coherent deep learning approach acceler-
ated. (Park and Ubale, 2023) used wav2vec2
(Baevski et al., 2020) and BERT (Devlin et al.,
2019) as audio and text models respectively
and concatenate their embeddings for auto-
mated speech scoring, outperforming models
based on either audio or text. (Oh et al.,
2025b) proposed a multitask learning method
with a joint loss which adds a Trait-Aware
loss to incorporate lexical traits extracted
with speech and syntactic complexity analyz-
ers. (Nebhi and Szaszák, 2023) also used a
multitask speech scoring approach with the
additional tasks of predicting coherence and
prompt relevance. (Gupta et al., 2024) fo-
cused on language-independent speech scoring
with multi-modal models using audio as well
as phoneme and speech transcripts for low re-
source languages.

A key aspect of multi-modal models is com-
bining the representations of different modali-
ties. Simple approaches for multi-modal fusion
include concatenation (Chen et al., 2018a),
(Lin and Wang, 2022), (Singla et al., 2021)
and feature ensemble (Marchal et al., 2025).
A more sophisticated method is to align the
intermediate representations via attention, re-
ferred to as multi-modal fusion (Qian et al.,
2018), (Gupta et al., 2024), (Oh et al., 2025b).
Fusion using cross-attention has been used in
speech translation to create rich intermediate
representations (Zheng et al., 2021), (Tang
et al., 2022). In the audio domain, masking
of intermediate representations (Wang et al.,



2020), (Baevski et al., 2020), first popularized
in deep networks by (Devlin et al., 2019), has
been used effectively for the pre-training of
speech encoders.

Recently, automated speech scoring models
are increasingly based on transformers. Exam-
ples of such models include (Park and Ubale,
2023), (Oh et al., 2025b), (Gupta et al., 2024),
(Nebhi and Szaszák, 2023), and (Oh et al.,
2025a) which have used multi-modal fusion to
align intermediate representations. Although
(Grover et al., 2020), (Qian et al., 2019) used
fusion, they did not use transformer-based
models. To our knowledge, (Gupta et al.,
2024) is the only reported use of masking for
automated speech scoring, although their use
involved a self-supervised learning task similar
to wav2vec2 (Baevski et al., 2020).

While built upon existing research, our ap-
proach is distinct from those of the prior stud-
ies. We use multi-modal fusion for alignment
and employ a custom module to mask and
align the inter-word spans in speech. This use
of masking is distinct from randomized mask-
ing of (Gupta et al., 2024).

3 Speech Assessment with
Multi-Modal Transformers

In this section, we discuss our motivations, de-
scribe the dataset, and the processing pipeline
together with the various model configurations
used in our study.

3.1 Motivation

The foundation of our acoustic model-
ing relies on pre-trained self-supervised
speech representations. We utilize the
wav2vec2 (Baevski et al., 2020) architec-
ture, which learns latent speech representa-
tions through a contrastive learning objec-
tive on masked acoustic frames. Specifi-
cally, we use the self-supervised pre-trained
wav2vec2-large-960h-lv60-self variant of
the wav2vec2 family1 as the audio backbone
for all our multi-modal models. We also con-
ducted an ablation study with on wav2vec2
to determine the best audio length, learning
rate and other hyperparameters. Our best
audio-only wav2vec2 model achieved a QWK

1https://huggingface.co/facebook/
wav2vec2-large-960h-lv60-self

of 0.638 on the test set with first 40 seconds of
audio.

3.2 Data

We use spoken responses from non-native En-
glish speakers as the primary dataset in this
study. The responses were elicited using 195
prompts across a wide range of topics. The
prompts were designed to elicit opinion-based
responses with supporting details. For each
prompt, speakers were given up to 45 seconds
to respond. The dataset includes 199,988 re-
sponses collected over multiple years as part
of a large-scale standardized language assess-
ment program. All responses were associated
with scores from trained human raters on a
five-point ordinal scale ranging from 0 (low-
est) to 4 (highest), which we use as the label
and call the final score. To support robust
evaluation, the data were randomly split into
two equal partitions of 99,994 responses each,
which we use for training and testing, respec-
tively.

3.3 Processing Pipeline and
Multi-Modal Models

Wav2vec2 takes an audio input x, and pro-
duces a sequence of latent vectors Z =
{z1, . . . , zT }, where T denotes the number of
acoustic frames. These vectors capture rich
phonetic and prosodic information which can
be fine-tuned for the desired task (Baevski
et al., 2020). To adapt these representations
for the automated speech scoring task, we em-
ploy a regression head consisting of a pooling
layer, varied across models we considered (as
described in this section and the next), fol-
lowed by a fully connected (FC) layer. This
representation is then passed through the FC
layer to predict the final score, which we nor-
malize in the interval of [0, 1] for training. This
normalization was to ensure more stable train-
ing. We use a Mean Squared Error (MSE) ob-
jective to train the model, while for evaluation
we rescale the outputs back to 0 − 4 by mul-
tiplying followed by rounding to the nearest
integer for discretization.
The multi-modal models follow the same

data pipeline except we add a DeBERTaV3
(He et al., 2023) model as a text encoder. We
used the Deberta-V3-Xsmall variant of De-
BERTaV3 for all the models in our study. We
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found that using larger variants did not re-
sult in any appreciable improvement. For gen-
erating the text transcripts, along with word
level hypotheses and timestamps, we employ
the parakeet-tdt-0.6b-v2 model2 which is a
variant of fast conformer architecture (Rekesh
et al., 2023).

As mentioned in Section 1, we experimented
with two baselines of the multi-modal archi-
tectures along with the proposed MTA model.
All of them use the same fine-tuned wav2vec2
encoder and pre-trained DeBERTaV3 but dif-
fer in how the speech and text features are
aligned, as described in detail in Section 4. For
the multi-modal models, the final speech and
text embedding tensors differ in their dimen-
sions. Therefore, we employ attention pooling
to align them before passing them through an
FC layer.

4 Aligning Text and Audio

Here we describe the three models we have
used in this study in detail.

4.1 Concatenation

The first approach employs embedding con-
catenation of both backbones (text and audio)
and provides a simple baseline for compari-
son. In this configuration, the utterance-level
acoustic embeddings Z derived from wav2vec
are concatenated with text embeddings W
with the aid of a projection matrix in (P(.))
case the dimensions differ. The text embed-
ding W is generated by passing the reference
transcript through a DeBERTaV3 encoder and
pooling the output using a 3 layer MLP, also
known as a context pooler. The combined fea-
ture vector C = [PzZ;PwW] is then fed into
an FC layer. The output from the FC layer is
a scalar in [0, 1] and optimized with MSE loss.

This is the simplest form of a multi-modal
architecture. For the concatenation models,
we used both a frozen audio backbone fine-
tuned on the data and a trainable one without
prior fine-tuning. While useful as a baseline,
this method suffers from a fundamental limi-
tation: it treats the acoustic signal as a mono-
lithic block. It assumes that the entire acous-
tic sequence contributes equally to the seman-

2https://huggingface.co/nvidia/
parakeet-tdt-0.6b-v2

tic meaning of every text token. Consequently,
any acoustic noise, filler words, or silence that
does not correspond to the reference text may
dilute the acoustic representation.

4.2 Multi-modal Fusion

The second method involves using cross-
attention mechanism to align the text and au-
dio representations. Similar to (Vaswani et al.,
2017), (Devlin et al., 2019), we use an multi
head attention (MHA) layer followed by an FC
layer. In this model, the text tokens serve as
queries, while the sequence of acoustic frames
Z acts as keys and values, with the queries,
keys and values having the same meaning as
in (Vaswani et al., 2017). The attention mech-
anism is defined as:

Attention(Q,K,V) = softmax

(
QKT

√
d

)
V

(1)

where Q corresponds to the text token
embeddings, and K,V are derived from the
acoustic latent space. We use 4 MHA blocks
with 8 attention heads in each block with em-
bedding dimension of 512. The embeddings
from the fusion modules are passed through
an FC layer and model is optimized with MSE
loss.

4.3 Masked Temporal Alignment

The masked temporal pooler (MTP) mod-
ule forms the key component of the pro-
posed MTA model. The MTP module in-
tegrates frame-level audio embeddings from
wav2vec2 with token-level text embeddings
from DeBERTaV3 by constructing binary
overlap masks to align audio frames with text
tokens using timestamp annotations from an
ASR system. This process effectively filters
out non-verbal segments, such as silence and
background noise, by ensuring that only au-
dio features temporally overlapping with spo-
ken words contribute to the final represen-
tation. For fine-grained speech scoring, the
model may learn to correlate silences or noise
in the non-word gaps with the scores, while
humans would explicitly filter out such noise
even while keeping in mind major disfluencies
and large gaps in the speech signal.

The module proceeds by:
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1. Segmenting the continuous acoustic se-
quence Z into non-overlapping win-
dows based on the provided timestamps
tstart, tend for each text token wi.

2. Extracting for each token wi, acoustic
frames within its corresponding time win-
dow and aggregating using a temporal
pooling operation (weighted average) to
produce a token-specific acoustic repre-
sentation hi, with frames in regions of
significant silence or noise being weighted
down or excluded.

Formally, for Zaudio ∈ Rnf×d being the hid-
den representations from the audio backbone,
nf is the number of audio frames, and d is the
audio embedding dimension.

For the j-th token let [sj , ej) be the start
and end times in seconds. Define a binary
overlap mask M ∈ {0, 1}nt×nf , where nt is the
number of tokens such that an element Mj,i

indicates whether the i-th audio frame tempo-
rally overlaps with the j-th token:

Mj,i =

{
1 if sj ≤ ti < ej

0 otherwise

The aligned audio representation Zaligned ∈
Rnt×d is obtained by mean-pooling the audio
frames that overlap with each token. For the j-

th token, the aligned representation z
(j)
aligned ∈

Rd is computed as:

z
(j)
aligned

∑nf

i 1Mj,i · z(i)audio

max
(
1,
∑nf

i=1Mj,i

) ,
where z

(i)
audio is the i-th row of Zaudio. The

denominator is clamped to a minimum of 1 to
ensure numerical stability, resulting in a zero
vector if no frames overlap with a given token.

In matrix notation, this operation can be
expressed as:

Zaligned = MZaudio ⊘ c,

where c ∈ Rnt×1 is the count vector with
elements cj max

(
1,
∑nf

i 1Mj,i

)
, and the oper-

ation ⊘ c is performed to normalize Zaligned.

A visual depiction of the alignment module
is provided in Figure 1.

Figure 1: Visual depiction of the Masked Temporal
Pooler Module

The output Zaligned from the MTP module
is then fused with text embeddingsW, passing
through 4 bidirectional cross-attention blocks
in sequence, each with 8 attention heads and
dimension of 512. The final result is aggre-
gated via an attention pooling operation and
fed into an FC layer with the final output and
model training similar to Sections 4.1 and 4.2.

A schematic of the architectural overview of
all models is given in Figure 2.

5 Experiments and Results

We conducted experiments by training the
models on the 99,994 samples demarcated as
the training set. From the training set 10,000
items were randomly selected as a valida-
tion set to monitor the training. Due to the
imbalanced nature of the data, a balanced
sampler was used while training which sam-
pled data randomly with replacement ensur-
ing equal proportions of all scores. All models
were trained with identical hyper-parameters
except for learning rate which was chosen
from {10−4, 10−5}, with optimizer AdamW
(Loshchilov and Hutter, 2017). The training
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Figure 2: Architectural overview of the three models under consideration. The proposed MTA module
is placed right after the audio and text encoders.

was done for 500,000 samples, with the batch
size being set to fill the maximum available
GPU memory. The results for best 3 models
for each variant are given in Table 1.

5.1 Metrics and Evaluation Protocol

While the objective for model training is MSE,
the metric of interest in assessment is Cohen’s
Kappa (Cohen, 1960) which takes into account
agreement by chance. We used the quadratic
weighted kappa QWK on the validation set
as our primary model selection criterion and
QWK along with MSE were monitored on
the validation set throughout model training.
We also calculated Pearson’s correlation coef-
ficient (r), Spearman’s correlation coefficient
(ρ), and accuracy on the validation set and
test set to gauge broader model performance.

To optimize computational resources, we
implemented an iterative validation strategy.
Specifically, 10% of the validation set was re-
served for a lightweight evaluation conducted
every 1,000 training iterations. Full-scale val-
idation on the entire validation set was trig-
gered only when the QWK score on the 10%
subset placed the model within the top 3 per-
formers of the recent checkpoint history. This
heuristic significantly reduced the total train-
ing time without compromising the ability to
track model convergence and prevent overfit-
ting.

While minimizing the squared error ||y−x||22

theoretically minimizes the QWK in the limit,
we observed a discrepancy between the two
metrics in practice. Consequently, a model
may achieve a low MSE but fail to capture
the nuanced ordinal distinctions required by
the QWK metric, and vice versa. Therefore,
we monitor both metrics on the validation set
during training. We should note that we also
experimented with a Weighted Kappa (Torre
et al., 2018) training objective instead of MSE
but the results were not encouraging.

5.2 Performance Comparison

The top three models as determined by QWK
for for each model variant were selected for
final comparison. QWK, Pearson’s r, Spear-
man’s ρ and accuracy were calculated for these
on both validation and test set. Overall The
MTA model provided the best results across
all the metrics, with a best QWK of 0.6528
on the validation set and 0.6547 on the test
set, with an average QWK of 0.6485 and
0.6515 on validation and test set respectively.
MTA also had the highest r, ρ and accuracy
among the three variants, while concatenation
and Cross-Attention variants performed a lit-
tle worse with similar scores. The performance
of the concatenation baseline was comparable
to that of using only the acoustic backbone of
wav2vec2 (not reported in Table 1).

The results validate our hypothesis that
filtering out silence is beneficial for a deep



Model QWK Pearson r Spearman ρ Accuracy
Eval Test Eval Test Eval Test Eval Test

Concat 0.6358 0.6326 0.6485 0.6463 0.634 0.6368 0.6105 0.6062
0.6411 0.6436 0.6470 0.6506 0.6291 0.6391 0.6275 0.6286
0.6397 0.6362 0.6508 0.6478 0.6344 0.6357 0.6116 0.6079

Average 0.6389 0.6375 0.6488 0.6482 0.6325 0.6372 0.6165 0.6142

Cross Attn 0.6392 0.6384 0.6470 0.6457 0.6298 0.6334 0.6278 0.6280
0.6422 0.6367 0.6470 0.6415 0.6306 0.6270 0.6426 0.6344
0.6336 0.6353 0.6373 0.6390 0.6180 0.6252 0.6310 0.6330

Average 0.6383 0.6368 0.6438 0.6421 0.6261 0.6285 0.6338 0.6318

MTA 0.6528 0.6547 0.6573 0.6597 0.6396 0.6473 0.6447 0.6464
0.6468 0.6515 0.6518 0.6574 0.6324 0.6446 0.6444 0.6471
0.6457 0.6483 0.6507 0.6537 0.6310 0.6403 0.6346 0.6381

Average 0.6484 0.6515 0.6533 0.6569 0.6343 0.6441 0.6412 0.6439

Ablation 0.6169 0.6192 0.6346 0.6372 0.6208 0.6276 0.5896 0.5920

Table 1: Results on Eval and Test set for 3 best models of Cross Attention, Concatenation and Masked
Temporal Alignment (MTA). Values in bold in each column except in row Average indicate the best
(highest) result in that column. A bold value in the row Average indicates the best average metric across
three best models. The row Ablation denotes the model trained without the MTP module.

Score Data MTA MTA CA CA Concat Concat
Proportion Accuracy Proportion Accuracy Proportion Accuracy Proportion

0 0.002 0.550 0.001 0.550 0.002 0.500 0.001
1 0.025 0.720 0.048 0.624 0.033 0.780 0.061
2 0.320 0.616 0.315 0.726 0.393 0.555 0.289
3 0.542 0.651 0.481 0.592 0.427 0.658 0.496
4 0.111 0.685 0.155 0.655 0.146 0.656 0.152

Table 2: Score distribution and results per score on Eval set for best model each of Masked Temporal
Alignment (MTA), Cross Attention and Concatenation. Values in bold indicate the best result for that
score across models.

learning multi-modal automated speech scor-
ing model. The details are provided in Ta-
ble 1. We also conducted an ablation study
to determine the effectiveness of the proposed
MTP module where the MTP module was re-
moved while the rest of the model architecture
remained as is, along with the training hyper-
parameters. The results for that is given in
the row Ablation in Table 1.

Table 2 contains the score-wise accuracy of
the best model of each variant under con-
sideration, i.e., MTA, Cross Attention and
Concatenation. Looking at the distribution
of scores, a significant mass is concentrated
around scores 2, 3. We can see that MTA gets
a higher proportion of correct responses for
scores 1, 3, 4, while the accuracy reduces for
score 0. MTA also predicts fewer scores 0,
even as accuracy for that remains the same

as of Cross Attention. Cross Attention pre-
dicts a higher proportion of scores as 2 and
has greater accuracy for that as well. Noting
the score proportions of outputs of MTA and
Cross Attention, we can see that MTA pre-
dicts more proportions of rating 3 than Cross
Attention and Concatenation. We also note
that all the models tend to predict score 4 in
greater proportion than in the data.

6 Conclusion and Future Work

This study presents a novel multi-modal Au-
tomated Speech Scoring Masked Temporal
Alignment model with a Masked Temporal
Pooler (MTP) module that utilizes times-
tamps to synchronize frame-level audio em-
beddings. By employing a binary overlap
mask to mean-pool audio features correspond-
ing to specific text tokens, our method effec-



tively filters out non-verbal segments such as
silence and background noise, ensuring that
the model attends only to speech-relevant
acoustic content. Our experiments demon-
strate that explicitly masking non-verbal cues
allows the model to predict scores more closely
aligned with human judgment.

While the proposed MTA model demon-
strates strong performance, the present study
is not without limitations. The current study
has utilized an internal dataset and while the
dataset is sufficiently large, no direct compar-
ison is made with other large spoken response
datasets. The proposed MTA model is re-
liant on an external ASR system to generate
transcripts with timestamps and inaccuracies
in word boundary detection could potentially
misalign audio and text features. Future work
could focus on developing methods to refine
or correct these timestamps, or integrating a
joint learning framework that optimizes align-
ment boundaries alongside the scoring task,
which would further enhance model reliabil-
ity. The MTA model has also only been de-
veloped for unconstrained spoken responses
and although promising, it needs to be as-
sesssed across other spoken item types. We
also leave modeling for additional spoken item
types and comparison against other large spo-
ken response datasets to future work.

Additionally, investigating the impact of dif-
ferent ASR models and timestamp granulari-
ties (e.g., phoneme-level vs.word-level) could
provide further insights into the optimal level
of temporal resolution for multi-modal align-
ment. Another future avenue of work would
be to explore the interpretability of the align-
ment mechanism and predicted scores.

References

Alexei Baevski, Yuhao Zhou, Abdelrahman Mo-
hamed, and Michael Auli. 2020. wav2vec 2.0: A
framework for self-supervised learning of speech
representations. In Advances in Neural Infor-
mation Processing Systems 33: Annual Confer-
ence on Neural Information Processing Systems
2020, NeurIPS 2020, December 6-12, 2020, vir-
tual.
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