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Abstract
The growing population of L2 English speakers has increased
the demand for developing automatic graders for spoken lan-
guage assessment (SLA). Historically, statistical models, text
encoders, and self-supervised speech models have been utilised
for this task. However, cascaded systems suffer from the loss
of information, while E2E graders also have limitations. With
the recent advancements of multi-modal large language models
(LLMs), we aim to explore their potential as L2 oral proficiency
graders and overcome these issues. In this work, we com-
pare various training strategies using regression and classifica-
tion targets. Our results show that speech LLMs outperform all
previous competitive baselines, achieving superior performance
on two datasets. Furthermore, the trained grader demonstrates
strong generalisation capabilities in the cross-part or cross-task
evaluation, facilitated by the audio understanding knowledge
acquired during LLM pre-training.
Index Terms: spoken language assessment, computer-assisted
language learning, speech large language models

1. Introduction
With the growing number of second language (L2) English
learners worldwide, the demand for building automated systems
capable of assessing their spoken language proficiency has been
steadily increasing. These systems play a crucial role in scoring
the candidates’ responses and providing feedback in language
learning. Compared to human annotators, building automated
graders for spoken language assessment (SLA) has several ad-
vantages. Firstly, they are more cost-effective and can be de-
ployed in a large scale once trained, alleviating the expenses
associated with hiring and training new human graders. Addi-
tionally, employing a system can enhance scoring consistency
by reducing the variations and biases in human judgments. Fur-
thermore, the automated system can operate in a timely manner,
making it possible to provide real-time feedback to L2 learners
to improve their spoken skills.

Throughout the history of developing graders for speaking
assessment, various approaches have been explored, with the
first systems investigated in the 1990s using statistical mod-
els mainly targeting pronunciation of read speech [1, 2, 3]
and only later spontaneous speech [4]. In recent years, deep
neural network approaches have brought significant improve-
ments [5, 6, 7]. Another crucial advancement was brought
by the application of word embeddings using foundation mod-
els, such as BERT [8], on automatic assessment tasks [9, 10].

1This paper reports on research supported by Cambridge Univer-
sity Press & Assessment, a department of The Chancellor, Masters, and
Scholars of the University of Cambridge.

More recently, the use of embeddings from speech founda-
tion models, such as wav2vec 2.0 [11] and HuBERT [12], has
been investigated for mispronunciation detection and diagno-
sis [13, 14, 15] and automatic pronunciation assessment [16].
However, the use of text foundation models such as BERT
comes with limitations. First, these models rely on automatic
transcription, which introduces the risk of propagating tran-
scription errors into the assessment pipeline, hence adding noise
to the evaluation process. Secondly, they cannot explicitly cap-
ture acoustic-related information, limiting their ability to assess
pronunciation and fluency aspects directly To address these lim-
itations, [17, 18] proposed building an E2E grader from the
wav2vec 2.0 model. The speech foundations models are ca-
pable of leveraging rich acoustic features, however, they do
not explicitly account for aspects related to content, vocabulary,
grammar, and discourse coherence, which are crucial for a com-
prehensive speaking assessment. The model shows limited per-
formance on some test parts while improved performance can
be achieved when further combined with a BERT-based model
and a feature-based grader through linear regression. [19] fur-
ther enhanced the wav2vec 2.0 grader by replacing mean pool-
ing with an attention mechanism, which more effectively ag-
gregates information from the input audio segments, leading to
improved performance.

In recent years, there have been significant breakthroughs in
developing large language models (LLMs), which have greatly
advanced the field of natural language processing. Given
their remarkable performance in text processing, researchers
have been focusing on extending LLMs’ capabilities to han-
dle other modalities, such as the speech input. These mod-
els are in general built from pre-trained speech encoders and
LLMs, which are combined with projection layers for dimen-
sion and modality match. After learning from a vast amount
of speech data and refining through instruction tuning, models
like SALMONN [20] and Qwen-Audio [21, 22] demonstrate
strong performance across various tasks such as speech recog-
nition and translation, audio captioning, and spoken question
answering. While LLMs have been used extensively for L2
writing assessment [23, 24, 25], their application to speaking
assessment remains largely unexplored. Recently, [26] devel-
oped a speech LLM for L2 assessment and achieved competi-
tive performance, but only in the limited scope of pronunciation
scoring, while the use of speech LLMs for holistic assessment
(which therefore includes aspects such as grammar, vocabulary,
coherence and cohesion, fluency, etc.) remains unexplored.

Although speech LLMs have achieved state-of-the-art per-
formance on a range of audio understanding tasks, can they be
used as L2 proficiency graders and how good are they com-
pared to previous approaches? The SLA task presents a chal-
lenge for the model, as not only does it require the compre-
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hension of the spoken content but also the ability to capture
rich information from the speech such as pronunciation, speech
rate, and prosody. Additionally, the fact that the test takers are
L2 speakers add to the complexity of audio understanding, as
the model needs to handle diverse accents, speech disfluencies,
and potential grammatical errors. Lastly, the limited availability
of data due to copyright restrictions, along with the inconsis-
tency in human labelling makes the model development more
challenging. In this paper, we investigate the potential of de-
ploying speech LLMs for accurately assessing L2 oral holistic
proficiency. Our study explores several training strategies and
decoding approaches for this task on two standard datasets.

2. Methodology
For the spoken language assessment datasets studied in this pa-
per, reference scores are annotated by human graders on a scale
from 1 to 6 for each audio response, with specific instructions
provided for each class level. Half-point scores (e.g., 3.5) are
allowed for intermediate ratings. Our goal is to develop auto
graders that produce scores closely aligned with the references.
As LLMs are trained with the next-word prediction target, they
are suitable for tasks with text-based outputs. Thus, applying
LLMs to holistic scoring, which requires numerical predictions,
presents a unique challenge. In the following, we explore sev-
eral training schemes to address this issue.

2.1. Training

2.1.1. Classification with Cross Entropy Loss (CE)

Pre-trained on vast amounts of text corpora through next-word
predictions, LLMs have shown superior performance as classi-
fiers in tasks such as question answering and sentiment classi-
fication [27]. Following these practices, we frame L2 grading
as an audio classification task, where the model predicts a pro-
ficiency level c from a set of predefined classes C (“A” to “F”)
based on the candidate’s speech responses. Here, a function
score is used to map each text-based grade into its numeric
class (e.g. label “A” to 6 and “F” to 1, etc). Suppose the ref-
erence score is ŷi, then ŷi,c = 1 if score(c) = ŷi, otherwise it
is set to 0. Denote the predicted probability from the model for
class c as yi,c, we aim to minimise the cross-entropy loss,

C∑
c=1

yi,c log(ŷi,c) (1)

By framing holistic scoring as a text-based classification task,
we are able to evaluate the zero-shot performance of the speech
LLM for this task, referred to as zs in our experiments.

2.1.2. Classification with Fair Average Loss (FA)

For holistic scoring, human annotators are allowed to assign
mid-class scores that fall between the descriptors of consecu-
tive levels (e.g. score 5.5 falls between level “A” and “B”),
making them difficult to map and represent with a discrete class
label. In the CE approach, scores are rounded to the nearest in-
teger, resulting in some loss of information during training and
evaluation. To address this, we propose to represent the model
outputs as the fair average of predictions and train the system
to minimize the mean squared error (MSE) with the reference
score, (

C∑
c=1

si,c · score(c)− ŷi

)2

(2)

Here, si,c represents the values derived by applying the softmax
function to the model’s predictions across all predefined class
labels, i.e.,

si,c =
exp(yi,c)∑C
c=1 exp(yi,c)

(3)

2.1.3. Regression-based Approach (Reg)

The holistic scoring task is traditionally viewed as a regression
problem, where the model learns to predict a numeric value that
minimizes the MSE loss with the reference score ŷi ∈ [1, 6]. In
the Reg approach, we add a linear layer on top of the last LLM
hidden layer to map the model representation to a scalar value
yi, with the loss computed as (yi − ŷi)

2. This approach im-
plicitly encodes the ranking of different scores. Nevertheless, it
adds new parameters to the LLM, disabling the zero-shot eval-
uation. Moreover, although the regression approach is straight-
forward, it is not fully aligned with the pre-training objectives
of LLMs, which are designed to generate text tokens.

2.2. Evaluation

For approaches that view holistic scoring as a classification task,
multiple decoding schemes can be utilised in decoding. With
greedy decoding, we select the top predicted class and retrieve
its associated score as the final prediction, i.e.

score(argmax
c

yi,c) (4)

This approach is referred to as the “hard” decoding strategy.
Nevertheless, it only takes into account the highest prediction
and ignores the model predictions over other class labels. Al-
ternatively, we propose a “soft” decoding strategy where we
aggregate the model outputs using the fair average calculation.

C∑
c=1

[si,c · score(c)] (5)

2.3. Prompt for Speech LLM

The following prompt is given to the speech LLMs for training
and evaluation, which is based on the CEFR descriptors [28] of
different language proficiency levels: “Predict the overall score
of the speech using the options provided below.\n\nOption A:
Can produce clear, smoothly flowing, well-structured discourse
with an effective logical structure which helps the recipient to
notice and remember significant points.\nOption B: ...\nOption
C: ...\nOption D: ...Option E: ...\nOption F: Can produce sim-
ple, mainly isolated phrases about people and places. Please
select the letter corresponding to the most appropriate option,
and only output that letter without any additional comments or
text.\n\nResult is Option:” 1

3. Experiments
3.1. Data Setup

This paper uses two datasets for building and evaluating spo-
ken language assessment systems: a private dataset, Lingual-
skill [29]; and a public corpus, Speak & Improve Corpus 2025
(S&I) [30]. Each test from Linguaskill and S&I contains five
parts focusing on different aspects of the candidate’s language
proficiency: For Part 1, the candidate is prompted to answer

1To save space, we have omitted some text in this section, please
refer to page 58 of [28] for the descriptors of all levels.
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Table 1: The number of test submissions and hours of speech
data for each corpus.

Corpus Linguaskill S&I
Split Train Dev LinGen LinBus Train Dev

#Sub. 31,476 1,033 1,049 712 6,640 438
Hours 3,465 114 115 78 244 35

eight questions, of which the first two responses are not marked.
The first four answers last 10 seconds, and the last four last 20
seconds. The second part is a read-aloud test where the candi-
date is instructed to read 8 sentences, each sentence is about 10
seconds long. In parts 3 and 4, the candidate is instructed to talk
for 1 minute to give their opinion on a given topic or describe
the process depicted in the given diagram. Part 5 prompts the
learner to answer 5 questions related to a topic, each question
is around 20 seconds long. Each part is scored from 2.0 to 6.0,
roughly corresponding to the CEFR levels A2 to C2, and the
average score of 5 parts is used as the candidate’s overall score.
Linguaskill provides two test sets LinGen and LinBus, which
focus on General English and Business English scenarios, re-
spectively. For S&I, a development set has been pre-released
as part of the S&I Challenge 2025 [31] (parts 1,3-5 only). In
the experiments, we report calibrated SLA results, where the
development set is used to extract linear calibration factors.

3.2. Model Setup

In this paper, we conduct experiments using Qwen2-Audio-
7B-Instruct, a model that has demonstrated outstanding perfor-
mance across a range of audio understanding tasks [22]. In the
following, we refer to this model as Qwen2Audio. In the ex-
periments, we evaluate the zero-shot classification performance
of Qwen2Audio on L2 oral assessment. When adapted, LoRA
adaptors with a rank of 16 are inserted into both encoder and de-
coder layers, adding 10M parameters to the pre-trained model.
In all settings, the speech LLM is trained for 2 epochs on the
provided training set. For models trained on Linguaskill, a train-
ing batch size of 64 is used, while for S&I, a batch size of 8 is
employed. In the training, the learning rate is set to 1e-4 and
a cosine learning rate scheduling strategy with weight decay is
applied. Since Qwen2Audio only accepts audio inputs of less
than 30 seconds, for parts 3 and 4, the original audio is split into
two 30-second chunks in the experiments. We train the model to
predict the reference score given each chunk, and during evalu-
ation, we calculate the average score across both segments.

To evaluate the effectiveness of the grading systems, we
report the model performance of several metrics on the test
sets: root mean squared error (RMSE), Pearson’s correlation
coefficient (PCC), and Spearman’s rank correlation coefficient
(SRC). For RMSE, a lower value indicates better system perfor-
mance, whereas for other metrics, higher values are desirable.
Several previous state-of-the-art grading systems are compared
with our proposed approach. [18] builds a novel assessment
system from the wav2vec 2.0 system and shows promising per-
formance. The system uses a mean pooling approach to aggre-
gate the input sequence. By replacing the mean pooling with
an attention mechanism, similar to [19], the grader achieves en-
hanced performance. This baseline model is referred to as the
wav2vec2 grader in the experiments. A cascaded BERT grader
is also compared, where the ASR hypotheses of the response
are used as input to train the BERT model [32, 18]. Here, the
underlying ASR system is the Whisper small.en model [33].

Table 2: L2 grading performance on part 5 of LinGen and Lin-
Bus using AudioQwen2. Models are trained on part 5 training
data from Linguaskill and calibrated on the dev set.

Train Decode LinGen LinBus
RMSE PCC SRC RMSE PCC SRC

zs
hard 1.227 0.178 0.167 1.246 0.394 0.397
soft 1.147 0.371 0.371 1.167 0.507 0.511

ce
hard 0.615 0.879 0.882 0.663 0.865 0.869
soft 0.563 0.890 0.890 0.594 0.882 0.884

fa
hard 0.592 0.877 0.881 0.604 0.876 0.877
soft 0.559 0.892 0.892 0.589 0.885 0.886

reg - 0.565 0.890 0.890 0.591 0.884 0.885

3.3. Experiments on L2 Grading

In Table 2, we compare the proposed training and evaluation
strategies on the part 5 test of Linguaskill. For experiments
denoted with zs, we examine the capability of Qwen2Audio
for assessing L2 speaking proficiency without additional train-
ing. Influenced by the implicit positional bias of LLM [34], the
majority of Qwen2Audio’s outputs are “C” and “D”, leading
to poor performance on the test sets. With the soft decoding
mode, we compute a fair average of the predicted score rather
than only considering the highest model prediction, resulting in
improved performance. We also list the performance of mod-
els adapted with LoRA tuning. By only introducing 10M new
parameters, the model performance on all metrics largely im-
prove. After the training, Qwen2Audio learns to more faithfully
grade the learner’s performance, with the PCC value increas-
ing from 0.371 to 0.892 on LinGen. For models trained with
different losses, the proposed fa approach shows the best per-
formance. Compared to training with the ce target, this practice
represents the scores more accurately, especially for the .5 anno-
tations. Additionally, when compared to the regression model,
it is more aligned with the pre-training task of LLMs to generate
text tokens, leading to superior performance. Results on the dev
set show that the models trained with ce or fa losses converge
faster than the regression model, indicating a smoother training
process. Since the fa model with soft decoding setup shows
the best performance, we present the Qwen2Audio results using
this setup in the following experiments, unless stated otherwise.

Table 3: Submission-level evaluation for graders trained on five
parts of Linguaskill. Results are calibrated on the dev set.

Model LinGen LinBus
RMSE PCC SRC RMSE PCC SRC

wav2vec2 0.383 0.934 0.938 0.380 0.922 0.923
BERT 0.356 0.942 0.948 0.381 0.928 0.934
Qwen2Audio-zs 0.807 0.640 0.662 0.894 0.639 0.661
Qwen2Audio-fa 0.323 0.954 0.958 0.356 0.938 0.940

In Table 3, we show the overall assessment performance
across all parts on Linguaskill. Here, one grader is trained for
each part of the test submission, with the final score calculated
as the average scores from all 5 parts. Given the strong per-
formance of the baseline graders on this task, achieving fur-
ther improvements is inherently challenging. Despite this, our
Qwen2Audio-fa grader is able to achieve considerate advance-
ments, facilitated by the audio understanding knowledge gained
during pre-training. Even the graders built in the zero-shot set-
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ting achieve overall PCCs of 0.640 and 0.639, indicating the po-
tential emergent ability of speech LLMs in L2 spoken language
assessment. Moreover, the proposed approach directly predicts
scores based on the input utterance, eliminating the need for
ASR decoding in the BERT grader. This prevents information
loss that occurs in a cascaded system and reduces the compu-
tational cost associated with ASR decoding. The predictions
against reference scores are depicted in Figure 1, showcasing a
high correlation between the automatic grader’s predictions and
the human annotations, which highlights the great potential of
building auto graders using speech LLMs.

Figure 1: References vs predictions using Audio2Qwen graders.

3.4. Analysis on Generalisation Ability

Table 4: Effect on PCC of matched and cross-part grader mod-
els for LinGen.

Setup Model P1 P2 P3 P4 P5 Overall

matched
wav2vec2 0.844 0.834 0.841 0.818 0.874 0.934
BERT 0.854 0.771 0.861 0.838 0.884 0.942
Qwen2Audio 0.870 0.845 0.874 0.861 0.892 0.954

read wav2vec2 0.672 0.834 0.631 0.680 0.748 0.847
aloud BERT 0.763 0.771 0.689 0.701 0.767 0.888
(P2) Qwen2Audio 0.772 0.845 0.767 0.807 0.848 0.911

short wav2vec2 0.824 0.676 0.835 0.815 0.874 0.921
open BERT 0.843 0.644 0.830 0.821 0.884 0.936
(P5) Qwen2Audio 0.855 0.816 0.864 0.855 0.892 0.950

One advantage of LLMs is their strong generalisation capabil-
ities, enabling them to perform well on tasks that they are not
specifically trained on. In this section, we aim to assess the gen-
eralisation capability of the grader on out-of-domain test sets.
For Linguaskill, although all five parts of the test aim to mea-
sure the candidate’s spoken language proficiency, they vary in
format and focus. For instance, part 2 requires the student to
read aloud the given sentences while other parts feature spon-
taneous answers. Moreover, parts 1 and 5 consist of short re-
sponses (10 to 20 seconds), while parts 3 and 4 contain longer
utterances. Table 6 evaluates the cross-part performance of the
trained graders. In the matched setup, graders are trained and
evaluated separately on the data from each part of Linguaskill
tests, consistent with the settings in Table 3. Furthermore, we
evaluate the cross-part transferability of the trained graders by
applying the model trained solely on part 2 or part 5 to the test
data from all parts. In this setting, we aim to assess whether
models trained on read-aloud tests can effectively generalise to
free-speaking tests, and vice versa.

Surprisingly, only using the read aloud data from part 2, we

are able to build an effective grader that has an overall PCC of
0.911. The results suggest that the trained Qwen2Audio is able
to assess the candidate’s performance in terms of high-level fea-
tures such as grammar and word usage. In contrast, wav2vec2
shows degraded performance in this scenario. For the BERT
grader, it even fails on the part 2 test as information of the au-
dio is lost in the cascaded pipeline by only passing the ASR
outputs. The result is promising and indicates a broader appli-
cation of the proposed method, as the read-aloud corpora are
easier to collect and have greater availability compared to spon-
taneous speech datasets. Furthermore, the Qwen2Audio model
trained solely on part 5 demonstrates excellent performance in
the transfer setup, even on the part 2 test, and outperforms the
wav2vec2 and BERT baselines from the matched case.

Another form of generalisation is the ability to apply mod-
els to a different task without the need of retraining. In Table 5,
we compare the system performance of graders trained on Lin-
guaskill and on Speak and Improve (S&I) on the Linguaskill
test sets, LinGen and LinBus, and the S&I dev set. As the
part 2 data is not released in the S&I corpus, we evaluate the
overall system performance on the other 4 parts for all test sets.
Graders trained on S&I data illustrate the model’s performance
when training data is limited. In comparison with the baseline
BERT grader, Qwen2Audio systems achieve a substantial per-
formance improvement on the PCC metric (0.833 over 0.753),
demonstrating its effectiveness in the low-resource setting. Ad-
ditionally, we list the results of the cross-task evaluation. Com-
pared to the BERT grader, Qwen2Audio showcases remarkable
generalisation ability in this scenario where models trained on
Linguaskill are evaluated on the S&I dev set and models trained
on S&I are tested on Linguaskill test sets. These experiments
highlight the robustness of the proposed L2 graders.

Table 5: Within and cross task evaluation on test parts 1,3,4,5
using models trained on Linguaskill and S&I.

Train Model Test (PCC)
LinGen LinBus S&I

LNG BERT 0.941 0.931 0.796
Qwen2Audio 0.951 0.938 0.824

S&I BERT 0.901 0.901 0.753
Qwen2Audio 0.929 0.914 0.833

4. Conclusions
In this paper, we examine the effectiveness of building spo-
ken language assessment systems using speech LLMs. Vari-
ous training and decoding schemes are compared on Linguaskill
and S&I datasets. The zero-shot experiments show the potential
of leveraging speech LLMs for L2 oral scoring. With further
adaptation, the Qwen2Audio grader trained with fair average
loss achieves the best overall performance on both general and
business test sets, reaching PCC of 0.954 and 0.938, respec-
tively. The proposed approach overperforms strong baselines of
the BERT-based cascaded system and an E2E system built from
wav2vec 2.0. Experiments on S&I further validate the effec-
tiveness of our proposed methods when limited training data is
available. Additionally, speech LLM graders show great gen-
eralisation capability when applied to a different test part or a
different dataset. In our future work, we aim to further explore
the model’s emergent capabilities for L2 scoring, such as pro-
viding feedback on the reasoning behind its assigned scores.
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