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Abstract

Automated L2 speech assessments tradition-
ally use vectors of acoustic, lexical, and syn-
tactic metrics as representations of speech
for statistical learning. This work explores
the use of audio-based self-supervised neu-
ral networks to supplement existing scoring
strategies with robust computational represen-
tations. We explore architectural consider-
ations of neural L2 scoring, probe their ef-
fects in the context of a reliable and equi-
table examination, and measure their linguis-
tic coverage compared to heuristic-based and
neural text-based systems. We find that their
use in automated speech scoring corresponds
to a measurable improvement in performance,
while revealing evidence of major drawbacks
in terms of explainability and negligible in-
creases in robustness compared to traditional
systems, especially in low-resource contexts.

1 Introduction

L2 automatic speaking proficiency assessment is
an important advancement in second language ed-
ucation that enhances the practicality and deliver-
ability of speech assessments facing ever-growing
demand (Van Moere and Downey, 2016). Pri-
vate testing bodies that employ automated speech
assessments, such as Pearson (with the Test of
English Academic), Cambridge University Press
& Assessment (with the Cambridge English Test-
ing System), or Duolingo, are now widely used.
While publicly available descriptions of their as-
sessment methods cite the usage of statistical
learning with vectors of a variety of computed
heuristics on large, professionally graded student
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corpora (Saito et al., 2023; Xu et al., 2021; Park
et al., 2025), they do not mention the usage of neu-
ral methods in text or speech.

In the academic literature, machine learning
models show a strong correlation with human
judgments on this task (Qian et al., 2025a; Zech-
ner and Evanini, 2019). The majority of compet-
itive systems utilize cascaded architectures, with
transcriptions of student speech (produced by an
automatic speech recognition model like Whis-
per (Radford et al., 2023)) fed into text-based
classifiers built on pre-trained text encoders or
decoder-only Large Language Models (Qian et al.,
2025a; Banno et al., 2025; Wang et al., 2021).
Although there have been explorations of multi-
modal models (Ma et al., 2025) and correlations
of transcription model outputs with pronuncia-
tion accuracy (Ballier and M¢éli, 2024; Liu et al.,
2025), the use of large pre-trained audio encoders
that consider only speech without a transcription,
such as Wav2Vec2.0 (Baevski et al., 2020) and
WavLM (Chen et al., 2022), remains understud-
ied, with few experiments investigating their ap-
plication (Banno and Matassoni, 2023).

These pre-trained audio encoders are encoder-
only deep neural networks built on the transformer
architecture (Vaswani et al., 2017), trained on un-
labeled audio inputs to produce high-dimensional
representations of speech. These self-supervised
learning models (SSLs), also called foundation
models, can be applied to a variety of tasks by
adding specialized classification heads to their
base architecture. They achieve high performance
across a wide variety of spoken language pro-
cessing benchmarks (Yang et al., 2024), includ-
ing speaker identification, emotion recognition,
speaker diarization, and low-resource automatic
speech recognition (Yi et al., 2021). L2 speaker
recognition, as an utterance-level classification
task, is a prime use case for audio SSLs and has
the advantage of targeting the speech quality of
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an L2 language learner, which is unavailable in
the text-only setting. Compared to state-of-the-art
speech-based heuristics (Coulange, 2025), which
are calculated directly from audio to augment text-
only systems and are based on linguistic intuitions
of speech quality, audio SSLs can learn the most
pertinent features of speech automatically.

However, the usage of any neural model comes
with a host of ethical concerns regarding valid-
ity, practicality, and transparency (De Jong et al.,
2025; Vajjala et al., 2026). Audio SSLs suffer
both from classic questions of validity and dataset
overfitting due to their black-box nature (Tsai
et al., 2025), as well as questions of speaker group
bias (Herron et al., 2026, 2025). Utilizing these
systems for reliable and equitable examinations
requires close examination of these factors.

Further, while other tasks have well-defined ar-
chitectures to leverage pertinent encoded features,
such as graph-based mechanisms for synthetic
voice detection (Jung et al., 2022) and temporal
average pooling for speaker identification (Wang
et al., 2024), there is no agreed-upon architecture
for L2 spoken language assessment when using
audio encoder models.

In this work, we explore a wide range of pos-
sible architectures for audio SSLs based on their
application to other tasks, with the goal of opti-
mizing the aggregation of information over time
(phoneme level to speaker level) and the abstract-
ness of representation at each model layer (low-
level acoustic information to abstract speech rep-
resentation). We then compare the performance
of these models to heuristic-based and text-only
neural baselines, and combine their usage to see
if audio SSLs are a promising supplement to ex-
isting pipelines by targeting synergistic aspects of
speech. Additionally, we explore the information
encoded in our best-trained model via layerwise
probing to determine possible avenues of exploita-
tion of non-linguistic information, as well as the
model’s encoding of linguistic features like prag-
matics, pronunciation, and grammar.

2 Architectures

While audio SSLs can sometimes be used end-to-
end by feeding the final layer as input into a classi-
fier head, many tasks require preliminary aggrega-
tion of model representations. As SSLs are deep
neural networks given audio as input (a sequential
medium), each input produces an embedding vec-
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tor for each time slice (usually ~20 ms of audio)
at each hidden layer. A model like Wav2Vec2.0,
with 13 layers, given an input of 4,000 time slices
(~80 seconds of audio), produces 52,000 available
embeddings, each representing a specific slice of
audio at a specific hidden layer (level of abstrac-
tion (Rogers et al., 2020)). We separate possi-
ble aggregation approaches into Layerwise Aggre-
gation approaches, which aggregate each model
layer into a single dimension, and time-wise Pool-
ing approaches, which aggregate a sequential au-
dio input into a single representation. Together,
these approaches produce a single embedding vec-
tor, which is fed to a feed-forward regression head
to predict student level.

Layerwise Aggregation strategies seek to com-
bine disparate representational information across
layers into a single output. Embeddings in lower
layers of an SSL generally contain raw acoustic
information, while higher layers contain higher-
level learned abstractions like word classes or in-
tonation. We experiment with three major aggre-
gation strategies, which can be applied indepen-
dently of pooling strategies along the time dimen-
sion:

* Layerwise: The simplest of our approaches
trains a classifier head on each layer of our
frozen SSL to output a global score for that
layer, and then trains a linear regression clas-
sifier on these scores.

Weighted Mean: This approach, standard for
frozen SSLs in utterance classification (Yang
et al., 2024), trains a vector with length equal
to the number of layers in our SSL during
fine-tuning, and performs weighted mean av-
eraging based on these weights. The weights
for each layer are learned at training time.

FT/PEFT: In this approach, we feed only the
final layer of our SSL into a classification
head and leave all previous layers unfrozen
for training; in a generic sense, this can be
called full fine-tuning (FT). Conventional full
fine-tuning of audio SSLs is prone to catas-
trophic forgetting, especially in low-resource
settings, so we opt for a Parameter-Efficient
Fine-Tuning (PEFT) method, namely Low-
Rank Adaptation (LoRA) (Hu et al., 2022)
on the query and key matrices of each trans-
former layer.



Pooling approaches aggregate sequences of
vectors (along the time dimension) into a single
embedding representing the entire utterance. We
experiment with three pooling approaches, applied
after layerwise aggregation (or directly on layers
in the case of the multilayer strategy):

* Mean Pooling: The simple average of each
embedding across the time or token dimen-
sion. This erodes information specific to a
time slice (such as particular mispronuncia-
tions or accent features) in favor of a gener-
alized representation.

Attention Pooling: Each vector is assigned an
attention value by a linear feed-forward layer,
and we compute a weighted average based on
the softmax of these values. This allows the
model to select pertinent time slices or tokens
based on their learned relevance.

Four-Head Pooling: The third approach is
a specific variant of attention pooling uti-
lizing a more complex attention mechanism
with four heads instead of one, based on
the baseline approach of the Speak and Im-
prove Challenge (Qian et al., 2025b). This
approach considers the entire context of the
phrase when determining the weight of a time
slice, doing so with four distinct heads. The
resulting weighted means are concatenated,
and a non-linear regression head utilizes this
vector to predict student level. This allows us
to have multiple specialized heads that con-
sider different non-linear relationships across
parts of the utterance.

Probing models (probes) are secondary, aux-
iliary models trained on top of a pre-trained pri-
mary model to test whether specific information is
encoded within the primary model’s internal rep-
resentations. Probes can identify the presence of
specific information in model outputs by training
on secondary classification objectives, where high
performance suggests the presence of the infor-
mation necessary to complete that task. Previous
explorations of audio encoder layers have found
that these models generally do not encode non-
acoustic linguistic information like word mean-
ing (Pasad et al., 2021), therefore any spoken
language assessment system solely comprised of
these models will inherit this acoustic bias. To
determine which linguistic features of speech our
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best system encodes, we probe model layers for
phonetic, grammatical, and pragmatic fluency ac-
cording to holistic scoring data provided in our
dataset. Furthermore, to quantify speaker group
bias in our best-performing model, we train probes
for each model layer on a speaker identification
task, where each input is classified with the stu-
dent’s speaker ID. Finally, we probe for task iden-
tification, which identifies the specific task be-
ing performed by the student since our dataset
includes recordings of different tasks. From a
pedagogical standpoint, student speaker features
and the task being performed have a non-causal
correlation with the proficiency level of an utter-
ance and should not be prominently present in our
model’s outputs.

3 Experiments

3.1 Dataset

Models were evaluated on a novel dataset col-
lected for the SELF Production Orale project®. It
consists of 873 recordings of spontaneous speech
from 339 L2 learners of English responding to
10 diverse tasks designed for this project. Each
recording is rated on a continuous scale between
1.0 and 7.0, with integer values representing dis-
crete CEFR levels’. Fourteen raters, comprising
CLES? certified raters and teachers of English as a
second language, were recruited to create gold rat-
ings for these recordings. At 150 ratings per rater,
this resulted in 2,100 ratings (an average of 2.4 rat-
ings per recording), which were then normalized
and averaged to produce continuous, reliable gold
ratings.

It is important to note that this data suffers from
class imbalance at extreme ranges, with ~ 10% of
all data at the Al and C1+ levels (Appendix A).
Determining if audio SSLs can deal with this im-
balance is a goal of this work, as statistical learn-
ing of heuristics do not handle this imbalance suf-
ficiently.

In a holistic scoring paradigm, students were
also rated on three sub-scores in addition to their
overall score. These sub-scores, on a A1-C2 cat-
egorical scale, measure more specific axes of lin-
guistic competency, including Pragmatics, Vocab-
ulary, and Pronunciation.

“https://self.univ-grenoble-alpes.fr/self-production-
orale:l664940.kjsp
"1.0 <z < 2.0 for Al, 2.0 < x < 3.0 for A2, up to

5.0 < z for Cl+
*https://www.certification-cles.fr/



3.2 Architecture and Hyperparameters

We choose model and architecture combinations
for evaluation on this dataset based on best-
performing previous explorations of their applica-
tion to automated L2 assessment and, where liter-
ature is absent, their performance on related tasks.

We test the proposed architectures on
Wav2Vec2.0, the only previously used SSL
for this task, and WavLM-Large, a much larger
and more performant pre-trained audio encoder.
We explore all possible combinations of the
aggregation strategies previously mentioned on
Wav2Vec2.0.  WavLM-Large is prohibitively
expensive for full fine-tuning, even with PEFT
methods, so we experiment only with the mul-
tilayer and weighted-mean layer aggregation
methods, while testing all pooling methods.

After aggregation and pooling, audio models
were passed to a two-layer regression head with a
256-dimensional intermediate layer and a dropout
rate of 0.1. Dropout, learning rate, optimizer
choice, and intermediate layer size were deter-
mined via layerwise prediction results on the tar-
get task using mean pooling, comparing results for
the best-performing layer under each configura-
tion.

3.3 Baseline System

Our heuristic baseline system represents student
speech with a vector of 51 linguistic metrics, in-
put into a Linear Mixed Model predicting student
level. These 51 metrics come from a wide range
of literature on automatic L2 spoken language as-
sessment and include surface-level heuristics such
as pause frequency and position, word count and
word per second, measurements of vowel stress
contrast, intelligibility scores derived from ASR
system confidences, syntactic complexity, and the
proportion of vocabulary present in the A1 Oxford
Learner’s Dictionary. This wide range of scores,
covering pronunciation, intelligibility, grammar,
and lexical context, serves as a strong baseline
against which to compare our audio-based neural
system, specifically its acoustic bias.

Additionally, we provide a BERT-based base-
line trained on our data using the architecture from
Qian et al. (2025a). This system is text-only, us-
ing BERT-base (Devlin et al., 2019) as a backbone
model and the same four-head classifier head as in
our audio model experiment.
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3.4 Evaluation Methodology

Models are evaluated on continuous outputs using
the standard spoken language assessment metrics
of RMSE (Root Mean Squared Error) and PCC
(Pearson Correlation Coefficient) against contin-
uous gold predictions. We additionally evaluate
accuracy and macro F1 after binning continuous
outputs into discrete CEFR classes. While con-
tinuous metrics are standard and better represent
overall model performance, our binning metrics
highlight specific weaknesses across CEFR levels,
specifically performance on outlier classes with
macro F1 score. We consider the linguistic heuris-
tic system to be our primary baseline with respect
to these metrics.

Due to our small dataset, we evaluate each
of our models using a stratified 10-fold cross-
validation strategy, where ten 10% data samples
are withheld during training for evaluation. Each
of these 10 samples is balanced in terms of CEFR
level (binned rating). All metrics proposed are the
average of performance on each fold. As student
level and recording level are highly correlated, we
ensure that recordings featuring the same student
are never split across training and test sets.

3.5 Probing

All probing tasks were carried out with a two-
layer linear probe featuring an intermediate layer
size of 256. Each task was formulated as a clas-
sification task, with target classes being sub-score
CEFR levels, task IDs, or speaker IDs. Sub-score
(Pragmatics, Pronunciation, and Grammar) and
task ID probes were trained on a single train/test
split (fold) taken from other experiments, whereas
speaker ID probes were trained on a modified split
ensuring each student present in the training set
had at least one recording in the test set.

3.6 Combination

To determine whether pre-trained SSLs pre-
dict based on the same information as the
baselines—and are therefore alternative rather
than synergistic approaches—we experiment with
combinations of scores from the heuristic-based
baseline model, the neural text-based model, and
the best audio SSL model. The combinations
of neural text-based baseline + audio SSL, our
heuristic baseline + neural text-based baseline, and
all 3 scores combined, we train a linear regres-
sion model with the combined scores as vector



Model Aggregation | Pooling | RMSE | PCC | Acc | Macro F1
meanpool | .626 | .760 | 51.3 425
lora attnpool 632 | 757 | 51.5 409
fourhead .651 739 | 51.6 413
meanpool | .695 | .691 | 50.3 394
wav2vec2.0 wmean attnpool 704 | .683 | 49.0 371
fourhead .640 | 748 | 53.6 466
meanpool | .606 | .778 | 55.4 471
multilayer attnpool 586 | 794 | 54.2 482
fourhead 611 | 774 | 55.0 497
wmean meanpool | .564 | .814 | 57.2 499
wavlm attnpool .633 | .756 | 50.1 460
multilayer meanpool | .643 | 745 | 51.3 424
attnpool 693 | .694 | 47.8 357

Table 1: Audio SSL Architecture Comparison

input (either 2 or 3 scores) and the gold contin-
uous scores as targets. Each regression model is
fit on the same training data as our main models
and evaluated on the unseen test set.

4 Results
4.1 Audio SSL Architecture

Here we present results for Wav2Vec2.0 and
WavLM on our primary task across architecture
combinations.

We find that while there are clearly optimal
strategies for each model, there is no single best
layerwise aggregation strategy across models, nor
a best pooling strategy across layerwise aggre-
gation strategies (Table 1). WavLM showed a
0.11 decrease in RMSE (and a corresponding im-
provement across other metrics) when using the
weighted-mean strategy compared to the multi-
layer strategy, whereas Wav2Vec2.0 achieved a 0.1
decrease in RMSE when using the multilayer strat-
egy over the weighted-mean strategy. These archi-
tectures are conceptually distinct: weighted mean
targets utterance-level features, while multilayer
selects specific time slices and layers for aggre-
gation. This points to a fundamental difference in
necessary architectural considerations across dif-
ferent model sizes.

WavLM-Large with the weighted-mean and
mean-pooling architecture achieved the highest
performance, reaching 0.499 macro F1, 0.564
RMSE, and 0.814 PCC, representing a 0.038 de-
crease in RMSE compared to Wav2Vec2.0’s best
combination. While the RMSE values for the
mean pooling and attention pooling architectures

were comparable (a 0.016 difference in RMSE),
gains in macro F1 were more significant (0.05).

4.2 Inter-Approach Comparisons

Included Scores RMSE | PCC | Acc % | Macro F1
Heuristic LMM 0.654 | 0.758 | 50.5 0.524
WavLM-Large 0.564 | 0.814 | 56.6 0.499
Neural text Baseline 0.694 | 0.704 | 51.6 0.400
WavLM-Large + Neural Text | 0.617 | 0.784 | 50.5 0.514
LMM + Neural Text 0.637 | 0.768 | 51.8 0.535
All 0.590 | 0.808 | 56.0 0.567

Table 2: Score Comparison/Combination

Here we compare the results of our heuristic-
based baseline model, the neural text-based
model, and the best audio SSL model, as well as
all possible combinations. All models were eval-
uated on a single kfold iteration. The analysis of
consistency over multiple iterations, with different
splits, can be found in Appendix B.

The performance of our audio SSL strategy,
WavLM-Large with weighted mean layerwise ag-
gregation and mean pooling, outperforms the
baseline system (Table 2) by 0.9 RMSE and 0.046
PCC, a significant margin. This is expected when
using such a large model, but the gains are less
dramatic compared to our binning statistics— with
an under 3-percentage-point increase in accuracy,
and a 0.025 decrease in macro F1 score. While the
decrease in RMSE is promising, the lack of sig-
nificant improvement in F1 score (which indicates
fairness across CEFR levels) suggests that this per-
formance increase may stem from better modeling
of the unbalanced dataset distribution, or other sta-
tistical artifacts, rather than improved representa-
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Figure 1: Layerwise holistic scoring, speaker, and task probing compared to base task: WavLM-Large

tional generalizability.

All approaches, except for the neural text-based
baseline, fall in the range of 0.56-0.65 RMSE, in-
dicating an average error of just over half a CEFR
level. Similarly, accuracies range between 50%
and 56%, and macro F1 scores between 0.50 and
0.57. This narrow performance range indicates ei-
ther that baseline and neural models are function-
ally equivalent (leaving little room for improve-
ment) or that dataset size imposes a performance
ceiling.

When combining the heuristic and neural text-
based baselines, we observe that despite its weak
standalone performance, the BERT model adds
appreciable value (a 0.017 decrease in RMSE).

WavLM-Large alone achieves the lowest RMSE
at 0.564, whereas combining all scores leads to
the highest absolute accuracy and macro F1 score,
alongside a 0.026 increase in RMSE compared
to WavLM-Large alone. We believe this demon-
strates that none of the three evaluated approaches
are redundant, offering measurable performance
gains; however, tradeoffs between CEFR cover-
age and RMSE remain necessary due to dataset
imbalance. Analysis of predictor estimates (rela-
tive importance of model scores/heuristics in the
all scores model) can be found in Appendix C.
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S Speech Encoder Probing Results

Figure 1 displays layerwise probing accuracy re-
sults on WavLM-Large for our target CEFR pre-
dictions, holistic score classification, task identifi-
cation, and speaker identification.

Holistic score probing yields results aligned
with SSL intuitions. WavLM-Large probes predict
Pronunciation accuracy with performance similar
to overall level prediction (both Pronunciation ac-
curacy and Global Level accuracy hover around
50% at layer 18), while poorly predicting seman-
tic or discourse-level information (Vocabulary and
Pragmatics remain below 40% accuracy). This
suggests that the model does not account for a
broad range of linguistic competencies when pre-
dicting recording levels, focusing instead primar-
ily on acoustic properties of speech.

Our speaker identification probe aligns with
previous findings. On the VoxCeleb speaker
identification benchmark (Nagrani et al., 2017),
WavLM-Large achieves accuracies exceeding
90%. This indicates that if any correlation exists
between speaker identity and CEFR level, clas-
sifiers built on large models like WavLM-Large
can exploit non-linguistic speaker characteristics
to predict CEFR scores. This risks poor gener-
alization to unseen speakers and is pedagogically
undesirable.

Interestingly, our task probes (question ID)
were able to accurately predict the task a stu-



dent was performing in the final layers of the
model, achieving up to 90% accuracy. This is a
notable result: although WavLM-Large excels at
keyword identification (a key signal for task type)
under other classifier configurations, the time-
wise mean-pooling approach evaluated here would
theoretically remove identifying task information.
This points to a potential prediction strategy where
the model identifies student level (approximated
via speaker characteristics) alongside the task be-
ing performed—features that correlate highly with
recording level but non-causally with the underly-
ing linguistic proficiency.

6 Discussion

By continuous metrics, WavLM-Large is our best
performing model by a significant margin with 0.9
RMSE below baseline, and 0.4 RMSE below the
linear combination of all scores. However, its us-
age comes with a host of issues that make it dif-
ficult to justify in this context, including lack of
improvements at extreme class ranges (macro F1
score), speaker bias, predictor coverage, and com-
putational efficiency.

As far as our data suggests, there is no defini-
tive optimal architecture for SSLs. Our results,
only examining two models, give contradictory
evidence for each, where Wav2Vec2.0’s optimal
architecture targets extremely specific production
information (specific layers at specific timesteps),
whereas WavLM-Large aggregates all utterance
information into a specific vector. Without exper-
iments on more models, we can only tenuously
say that smaller models (Wav2Vec2.0) work bet-
ter with attention-based architectures, and larger
models (WavLM-Large), with hypothetically bet-
ter or more consistent representations, are better
with more severe aggregation.

Our probing results follow from previous explo-
rations in audio SSL tendencies, and suggest that
the information they consider at prediction time
may not be entirely linguistic. These results, in ad-
dition to the lack of large macro F1 improvement
indicate that our best audio SSL may be capitaliz-
ing on statistical artifacts related to task type and
speaker distribution to find their improvements,
rather than discovering more pertinent linguistic
data that is not covered by our heuristic or text-
based models.

We hoped that the introduction of deep neu-
ral networks would easily contend with extreme
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CEFR and levels and lead to a large increase in
macro F1 score. It is clear now that SSLs suf-
fer from the same dataset dependence as heuris-
tic based models. Simply collecting more A1/C1+
levels, or perhaps native-level responses to the
same tasks, would probably improve performance
for all approaches at these levels, and at this time
it is not clear if neural approaches would perform
significantly better than traditional approaches if
given more data.

7 Conclusion

In this work we have explored the possible uses of
SSLs in the context of an automated assessment
of L2 learners of English. We determined the best
architectures for leveraging pre-trained audio en-
coder models for scoring spontaneous speech ut-
terances, the fact that this decision changes be-
tween base models, and found slight improve-
ments over traditional heuristic baseline and neu-
ral text-based approaches. Additionally, we find
evidence that learned representations of text and
speech can be used to improve heuristic-based sys-
tems, suggesting that their coverage of linguis-
tic competencies differs in some way from tradi-
tional systems, that this coverage would be lim-
ited to acoustic phenomena, but that these models
have the capacity for utilizing non-causal correla-
tions between both the task being performed and
speaker bias to determine recording level. Overall,
audio SSLs represent a promising avenue of work
in the creation of automated speech assessments,
but their merely minor performance improvement
still leave much room for debate about their na-
ture as black-box systems, and their adherence to
principles of language education.

8 Further Work

The use of zero-shot systems  (text-
based/multimodal LLLMs) are a possible avenue
of improvement with respect to extreme class
levels, which could identify these outliers without
more annotated A1/C1+ data, which is scarce in
publicly available corpora.

While a major goal of this work was to see if au-
dio SSLs could improve performance on an unbal-
anced dataset, our results regarding architecture
choices must be verified on balanced data. For our
conclusions to generalize across datasets, it will
be important to attempt the same experiments in
a more balanced setting, as the one utilized in the



Speak and Improve Challenge (Knill et al., 2025).

On the black-box nature of these systems, there
is of course a large body of literature in inter-
pretability which could apply in this setting, es-
pecially input-output oriented approaches with ex-
isting disfluency annotated corpora. Certain ar-
chitectures covered (namely weighted mean layer-
wise pooling and timewise attention pooling) are
ripe with data for close analysis on which layers
and specific utterance contribute most to a record-
ings rating. This type of interpretability is impor-
tant for justifying their use to educators, and can
give insights to students without more complex er-
ror annotating models.

Al Disclosure

0 Not applicable (no Al tools used)
0 Assistive use

X Editing

L] Generation of minor elements

U Translation

[ Compression/expansion

[J Generation from prompt

Details: Generative Al was utilized for grammar
correction and spellchecking for the production of
this document.
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Appendix A Dataset Imbalance
300
200
100

A1 A2 B1 B2 C1+
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Appendix B  Effect of Train/Test Splits

Included Scores | RMSE PCC | Acc % | Macro F1

Heuristic LMM | £0.003 | £0.003 | +0.3 +0.004

WavLM-Large | £0.020 | +0.023 | £1.9 +0.032
All +0.034 | +0.12 | £3.6 +0.014

Table 3: Score Comparison/Combination

3 presents the variance of each approach by our
four metrics. These metrics were collected from
5 different 10-fold iterations, where we combine
all 10 test folds into a single set of predictions for
comparison with our gold labels. Each value rep-
resents a 95% confidence interval. We find that
while the the overall variance is not enough to
affect our conclusions, there is a stark difference
between the dataset dependence of our Heuristic
LMM and neural speech approaches. The 10 times
increase in variance indicates that neural speech
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models are much more susceptible to train/test
splits than the simple regression model used by
our heuristic LMM, at least in our low-resource
setting.

Appendix C Predictor Estimates

Figures 4 and 5 show the measurable effect
of each heuristic on prediction outcomes, firstly
on the original heuristic baseline, and then when
combining the heuristic baseline, the neural text-
based model (bert_score) and the audio SSL
model (wavlm_score). The scores produced
by our deep neural models consistently receive
the highest prediction estimates, often attenuat-
ing the weights of metrics previously estimated as
highly significant. This suggests that while other
scores remain important, our neural models im-
plicitly capture their information during predic-
tion. This does not make non-neural scores redun-
dant, and performance could potentially improve
further with a non-linear combination model.

While deep neural models exhibit very strong
predictor estimations compared to most traditional
scores, we believe it is not likely that their scores
are strictly adding to coverage. When introduc-
ing SSL based scoring to the baseline model, we
find that some of the scores which have the most
reduction in predictor estimates are surface level
metrics like number of words and articulation rate.
These two metrics, the 2nd and 10th most signifi-
cant scores in Figure 4, are reduced to the 11th and
24th most significant in Figure 5. While replac-
ing these high estimators with more pedagogically
pertinent metrics is always preferable, it seems
that the scores produced by deep neural models
rely on the same surface level information dur-
ing prediction. It is true however, that some met-
rics retain high predictor estimates, like pause fre-
quency.
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Figure 4: Predictor estimates of the heuristic based baseline
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Figure 5: Predictor estimates of a model utilizing all baseline heuristics, WavLLM predictions, and neural text-based

predictions
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