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Abstract

Reliable and interpretable automated assessment of second-language (L2) speech remains a central challenge, as
large speech-language models (SpeechLLMs) often struggle to align with the nuanced variability of human raters.
To address this, we introduce a rubric-guided reasoning framework that explicitly encodes multi-aspect human
assessment criteria: accuracy, fluency, and prosody, while calibrating model uncertainty to capture natural rating
variability. We fine-tune the Qwen2-Audio-7B-Instruct model using multi-rater human judgments and develop an
uncertainty-calibrated regression approach supported by conformal calibration for interpretable confidence intervals.
Our Gaussian uncertainty modeling and conformal calibration approach achieves the strongest alignment with human
ratings, outperforming regression and classification baselines. The model reliably assesses fluency and prosody
while highlighting the inherent difficulty of assessing accuracy. Together, these results demonstrate that rubric-guided,
uncertainty-calibrated reasoning offers a principled path toward trustworthy and explainable SpeechLLM-based
speech assessment.

Keywords: SpeechLLM, L2 Reading Speech, Multi-Aspect Assessment, SpeechLLM Fine-tuning, Uncer-

tainty Modeling
1. Introduction

Reading is a foundational skill for learning, com-
munication, and participation in society. It includes
multiple aspects: readers must pronounce words
accurately (Newell et al., 2020), maintain a natural
temporal flow to ensure fluency (Kuhn and Stahl,
2003), and convey appropriate phrasing and em-
phasis to reflect prosody (Schwanenflugel et al.,
2004). These dimensions interact in complex ways.
For instance, prosodic phrasing can mask or am-
plify word-level inaccuracies (Zechner et al., 2015).
Many readers, including children developing ba-
sic reading skills (Schwanenflugel et al., 2004),
L2 learners acquiring phonological and rhythmic
competence (Sleeman et al., 2022), and adults
encountering unfamiliar vocabulary or orthogra-
phies (Chang et al., 2020), struggle to achieve
fluent, accurate, and prosodically natural reading.
Early, high-quality feedback is essential for en-
abling teachers and clinicians to identify learners’
needs and adjust instruction (Grenli et al., 2024).
Nevertheless, expert assessment and feedback
are costly, time-consuming, often inconsistent
across raters (Smith and Paige, 2019), and suf-
fer from variability in severity and scale usage (le-
niency, harshness, central tendency, and halo ef-
fects) and from drift over time due to fatigue or
anchoring (Neittaanmaki and Lamprianou, 2024).
Ensuring inter- and intra-rater reliability across
raters and sessions remains challenging, espe-
cially for child and L2 speech, where accent varia-
tion and atypical prosody further reduce agreement
(Ishikawa, 2023). In particular, raters tend to agree

more on pronunciation accuracy than on fluency or
prosody (van der Velde et al., 2024).

Diverse modeling approaches have been ex-
plored to develop automatic systems for speak-
ing and reading assessment. Early work in the
1990s relied on statistical models such as Hid-
den Markov Models (HMMs) and Gaussian Mix-
ture Models (GMMs), which primarily assessed
pronunciation in reading speech using posterior
probabilities or Goodness of Pronunciation (GOP)
scores (Kim et al., 1997; Witt and Young, 2000;
Witt, 2000). Subsequent studies broadened the
scope to fluency and prosody, introducing timing-
and pitch-based features (Wang et al., 2024).

With the advent of deep neural networks, pro-
nunciation assessment research began empha-
sizing calibration to ensure that a model's pre-
dicted confidence aligns with the reliability of its
assessments (Evanini et al., 2018). Later, text-
based Language Models (LMs) such as BERT (De-
vlin et al., 2019) and RoBERTa (Liu et al., 2019)
were applied to automated scoring using Automatic
Speech Recognition (ASR) transcripts; however,
their dependence on textual transcriptions and lack
of acoustic awareness limited their ability to capture
fluency and prosody effectively. The emergence
of pretrained acoustic models such as wav2vec
2.0 (Baevski et al., 2020) addressed this gap, im-
proving performance on tasks like mispronunciation
detection and diagnosis (Cao et al., 2024; Parikh
et al., 2025a,b; Phan et al., 2025). In parallel, the
rise of multimodal Large Language Models (LLMs)
has extended natural language processing beyond
text and inspired similar progress in the speech
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domain. For instance, models such as Speech-
LLaMA (Wu et al., 2023), SALMONN (Tang et al.,
2023), VOILA (Wang et al., 2023), and Qwen-Audio
(Chu et al., 2023) expanded text-based architec-
tures by integrating acoustic and linguistic represen-
tations. These SpeechLLMs demonstrated strong
performance on general audio understanding tasks
such as speech recognition, translation, audio cap-
tioning, and spoken question answering, yet they
still lacked the capability to follow detailed natural-
language instructions.

A newer generation of instruction-tuned Speech-
LLMs has recently emerged, including Qwen2-
Audio-Instruct (Chu et al., 2024), GAMA (Ghosh
et al., 2024), and Audio Flamingo 2 (Ghosh et al.,
2025). These models combine large-scale au-
dio—text pretraining with instruction tuning, allow-
ing them to reason over spoken input and gener-
ate structured responses directly from raw speech.
While such instruction-tuned models hold signif-
icant potential for rubric-guided and explainable
assessment of L2 speech proficiency, they remain
underexplored in the literature. Recent work has
begun to highlight both their promise and limita-
tions. For instance, Parikh et al. (2025c) and
Ma et al. (2025) investigated the Qwen2-Audio-
Instruct model under distinct settings. Parikh et al.
(2025c) observed that rubric-based SpeechLLMs
tend to produce overly generous scores in zero-shot
conditions, reflecting a “niceness bias” inherited
from instruction tuning that discourages low ratings
even for poor-quality speech. Their study also in-
troduced a multi-aspect assessment framework,
allowing simultaneous scoring of complementary
proficiency dimensions such as accuracy, fluency,
prosody, and sentence completeness. In contrast,
Ma et al. (2025) demonstrated that supervised fine-
tuning can effectively mitigate this bias, yielding
more consistent and reliable proficiency predictions.
Nonetheless, their framework was limited to single-
score regression and classification setups and did
not account for inter-rater variability or predictive
uncertainty, two critical factors for ensuring fairness
and reliability in automated assessment.

Building upon these findings, we adopt the
Qwen2-Audio-Instruct model as the foundation of
our study, utilizing its instruction-following capac-
ity with paired audio inputs and descriptive textual
rubrics for assessment. The model is fine-tuned
in a multi-aspect manner to infer holistic scores
along three complementary dimensions: accuracy
(degree of mispronunciation), fluency (smoothness
and coherence of delivery), and prosody (intona-
tion, rhythm, and stress). We will share our code
repository upon acceptance.

To systematically examine whether incorporating
additional configurations can improve robustness
and alignment with human judgments, we design

five state-of-the-art (SOTA) modeling strategies of
increasing complexity based on the related litera-
ture. (1) Discrete Classification (DiCl) treats profi-
ciency scoring as a categorical prediction task (Xi
et al., 2012). However, this uniform treatment of er-
rors disregards the ordinal relationship between cat-
egories, which is crucial in assessment tasks where
the severity of misclassification depends on the dis-
tance between true and predicted proficiency levels;
(2) Single-Rubric Regression (SRR.M) formulates
the scoring as continuous prediction using mean
squared error (MSE) (Chen et al., 2018), aligning
better with human rating scales and capturing finer
performance differences; (3) Multi-Rubric Regres-
sion (MRR.M) jointly predicts multiple rubrics si-
multaneously with MSE (Do et al., 2023), enabling
shared representation learning in multiple aspects
such as accuracy, fluency, and prosody; (4) Multi-
Rubric Regression with Gaussian Negative Log-
Likelihood (GNLL), with the acronym MRR.G, re-
places MSE with GNLL to model prediction un-
certainty (Kendall and Gal, 2017); and (5) Multi-
Rubric Multi-Rater Regression with GNLL and Con-
formal Prediction (MRR.GC) incorporates multiple
human ratings and applies Conformal Prediction
(Angelopoulos and Bates, 2021; Braun et al., 2025)
to generate calibrated confidence intervals. Among
these, the last two configurations (MRR.G and
MRR.GC) represent novel contributions to the field
of automated L2 speech assessment. To the best
of our knowledge, this is the first study to integrate
Gaussian uncertainty modeling and conformal cali-
bration within a multi-rater supervision framework
for multi-aspect assessment using a rubric-guided
fine-tuned SpeechLLM. This design advances the
SOTA by jointly addressing score reliability, fair-
ness, and explainability, three critical yet previously
underexplored dimensions in SpeechLLM-based
proficiency assessment.

This leads us to our research question (RQ): To
what extent can a SpeechLLM approximate hu-
man ratings in multi-aspect (accuracy, fluency, and
prosody) performance assessment of L2 reading
speech?

2. Methodology

In this section, we describe the experimental setup
for our sentence-level speech assessment frame-
work, which leverages a multimodal (speech and
text) SpeechLLM fine-tuned to predict rubric-based
scores for multi-aspect (accuracy, fluency, and
prosody) assessment. The task was framed either
as classification (five discrete levels: Very Poor
to Excellent) or as regression (continuous scores
on a 1-10 scale). While classification provides
interpretable, rubric-aligned decisions, regression
enables finer granularity and captures subtle vari-
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ations in human ratings (Xi et al., 2012). We fine-
tuned the Qwen2-Audio-7B-Instruct' model using
Low-Rank Adaptation (LoRA) (Hu et al., 2022) for
parameter-efficient adaptation while preserving the
model’s pre-trained capabilities. The following sub-
sections describe the model architecture, dataset,
training setup, optimization loss functions, and the
assessment protocol.

2.1.

We built upon the Qwen2-Audio-7B-Instruct model,
a 7B-parameter multimodal transformer-based
SpeechLLM pre-trained on large-scale audio—text
pairs for conditional generation tasks. The model
integrates an audio encoder with a text decoder,
enabling it to process interleaved audio and textual
instructions. For speech assessment, a lightweight
scoring head was added to project the hidden repre-
sentations from the final transformer layer to output
predictions. We explored two variants: (i) a clas-
sification head trained with cross-entropy loss for
discrete 5-level scoring, and (ii) a regression head
trained with MSE or GNLL loss to predict continu-
ous scores.

To enable parameter-efficient fine-tuning, LoRA
was applied to all linear layers of the base model.
The key hyperparameters were a rank of r = 32, a
scaling factor of & = 32, and a dropout rate of 0.1,
with rank-stabilized LoRA (rsLoRA) enabled. This
configuration resulted in approximately 10 million
trainable parameters (=~ 1.2% of the total), focusing
the optimization on low-rank update matrices while
keeping the original model weights frozen.

Model Architecture

2.2. Dataset

We used the publicly available dataset Spee-
chOcean762 (Zhang et al., 2021), a widely adopted
benchmark for automatic pronunciation and speak-
ing assessment for research. It contains 5000 En-
glish read-speech utterances, divided into 2500
for training and 2500 for testing. We fine-tuned
our model on the training split and assessed the
test split. The corpus includes recordings from
both child and adult speakers whose native lan-
guage is Mandarin Chinese (L1), reading English
(L2). Each utterance was independently evalu-
ated by five expert raters along sentence, word,
and phoneme level aspects. Scores were as-
signed on a 1-10 scale following the official an-
notation protocol defined in the original dataset
publication. This dataset is particularly suited for
our study as it provides multi-rater, multi-aspect
annotations, enabling analysis of both inter-rater
variability and multi-dimensional scoring behavior.

"https://huggingface.co/Qwen/
Qwen2—-Audio-7B-Instruct

In this work, we focus on sentence-level scoring
(accuracy/fluency/prosody) to study rubric-guided
utterance-level assessment under multi-rater su-
pervision. We exclude Completeness due to an
unclear rubric definition for our setup. Scores are
skewed toward mid- to high ratings, potentially bi-
asing predictions toward the central range.

In a multi-aspect assessment of speech, accu-
racy is measured as the pronunciation correctness
of the spoken sentence. A score of 10 corresponds
to excellent pronunciation with no noticeable mis-
pronunciations (near-native articulation), whereas
1 indicates completely unintelligible speech or ab-
sence of voice. Fluency evaluates the temporal
smoothness and coherence of speech, focusing
on pauses, repetitions, and stammering. A score
of 10 reflects coherent, uninterrupted delivery with
natural pacing, while 1 denotes inability to read the
sentence as a whole or no voice. Finally, Prosody
measures the intonation, rhythm, and speaking
rate, capturing the naturalness and expressiveness
of speech. A score of 10 represents correct in-
tonation with stable rhythm and speed, sounding
natural and engaging, and 1 indicates speech too
stammered to evaluate or the absence of voice.

The scoring rubrics for all three aspects follow
the definitions provided in the SpeechOcean762
paper ((Zhang et al., 2021), page 3).

2.3. Training Procedure

Fine-tuning of the Qwen model was conducted us-
ing the Hugging Face Transformers library with a
custom data collator and trainer (Wolf et al., 2020)
as it provides flexibility in handling paired audio—text
inputs and rubric-based labels. Each utterance was
resampled to 16 kHz, converted to mono audio,
and paired with a textual task prompt containing
only rubric instructions (no target transcript), so
the model assesses directly from audio rather than
transcript comparison.

The input was formatted as a conversational
prompt following the model’s chat template, con-
sisting of a user message that included the au-
dio segment and a rubric-based instruction (e.g.,
“Score sentence-level accuracy on a scale from 1 to
10,” accompanied by detailed rubric descriptions).
Since the objectives included both regression and
classification, no generation prompt was added, as
the model was trained to produce direct scalar or
categorical predictions rather than generated text.
For optimization, the AdamW optimizer was used
with a learning rate of 2 x 10~°, a weight decay
of 0.01, and a constant learning rate schedule (no
warm-up). The per-device batch size was set to 1,
with gradient accumulation steps of 1. Training was
performed on a single GPU (NVIDIA A5000), with
TF32 acceleration enabled for CUDA operations.
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2.4. Optimization Loss Functions

To fine-tune the SpeechLLM for rubric-based
speech assessment, five modeling strategies of
increasing complexity were explored depending on
how the task was formulated. Each formulation
defines a distinct mapping between the model out-
put and the target scores, influencing both learning
behavior and interpretability. In what follows, we de-
scribe the loss functions used for the classification
and regression variants of our experiments.

2.4.1. Discrete Classification (DiCl)

This method served as our baseline for sentence-
level assessment. Each speech rubric was formu-
lated as a five-class classification task, where every
utterance was assigned one of five categorical lev-
els: Very Poor, Poor, Fair, Good, or Very Good. To
obtain these labels, we discretize the original 1—
10 human rater scores into five ordinal categories
using the rubric defined by Zhang et al. (2021).
Scores of 1-2 were mapped to Very Poor, 3—4 to
Poor, 5-6 to Fair, 7-8 to Good, and 9-10 to Very
Good. A softmax output layer produced the proba-
bility distribution over the five classes. The model
was optimized using the standard cross-entropy
loss:

2~

Lpicl =

N C
B SRR

where N is the number of utterances in the dataset,
1 indexes each utterance, C denotes the number of
classes, y; . is the one-hot ground-truth label, and
7:.c 1s the predicted probability for class c.

This loss treats all classes as independent and
penalizes all misclassifications equally. For in-
stance, predicting Very Good when the true label
is Very Poor incurs the same penalty as predicting
Good instead of Fair.

2.4.2. Single Rubric Regression with Mean
Squared Error (SRR.M)

In this setting, the sentence-level assessment was
formulated as a regression task, where the model
predicts a continuous score within the range [1, 10]
for each rubric independently. Compared to the
classification approach, regression provides finer
granularity, as the MSE loss penalizes predictions
in proportion to their numerical deviation from the
true score. For example, predicting 7.5 for a true
score of 8 incurs a smaller penalty than predicting 5
for 8, thereby preserving ordinal relationships and
avoiding discretization artifacts.

A separate regression head was used to predict a
single continuous value for each aspect (accuracy,
fluency, or prosody). The model was trained to

minimize the MSE loss:
1 N
e — PR AA 2
LSRRM = N ;:1(1/1 Ui)

where N is the total number of utterances, i indexes
each utterance, y; is the gold mean score per as-
pect (averaged over the five human raters), and g;
is the model-predicted score for the same sample.

2.4.3. Multi Rubric Regression with Mean
Squared Error (MRR.M)

In this configuration, the assessment task was
extended to a multi-output regression problem,
where the model simultaneously predicts continu-
ous scores for all three rubrics. This was achieved
using a shared encoder followed by three paral-
lel regression heads, each producing one scalar
output per aspect. It also improves computational
efficiency, as a single model produces a structured
evaluation vector [acc, Ui, Ypro] Without requiring
separate fine-tuning for each rubric. The training
objective minimizes the average MSE across all
three rubrics:

N
1 1 .
LMRRM = § Z N Z (yi,aspect - ?/i,aspect)2

aspect i=1

where N is the total number of utterances, 7 indexes
each utterance, and y; aspect aNd ¥; aspect denote the
gold and predicted mean scores, respectively, for
each rubric.

2.4.4. Multi Rubric Regression with Gaussian
Negative Log-likelihood (MRR.G)

Building upon the multi-head regression framework,
this variant introduces uncertainty estimation by al-
lowing each output head to predict not only the
mean score p; but also the corresponding variance
o2 for every rubric, accuracy, fluency, and prosody.
This formulation enables the model to express both
its prediction and its confidence for each utterance.
Fine-tuning employed the GNLL loss, which penal-
izes large prediction errors while accounting for the
predicted uncertainty.

For each utterance, the mean of the five rater
scores was used as the gold standard, making
this a single-target regression task that reflects the
central human consensus. The GNLL loss for each
aspect was defined as:

(7 — ma)? 1,

+

2
207 g 087

LymrrG (1) =
where §; denotes the averaged human rating, and
(ui,0?) are the predicted mean and variance, re-
spectively. The total loss was computed as the
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mean across the three rubrics:

N
1 1 .
Liotal = 5 > N > Lurral(i)

aspect i=1

This formulation enables the model to capture
aleatoric uncertainty by adjusting its predicted vari-
ance o7 according to sample difficulty.

2.4.5. Multi Rubric Multi Rater Regression
with Gaussian Negative Log-likelihood
and Conformer Prediction (MRR.GC)

This configuration extends the uncertainty-aware
regression framework by directly modeling all five
human rater scores per utterance, rather than rely-
ing solely on their mean. For each rubric, accuracy,
fluency, and prosody, the model predicts both a
mean score p; and a variance o2, jointly capturing
the central tendency and spread of human judg-
ments. Fine-tuning again employed the GNLL loss,
which in this case integrates the inter-rater variance
term s? to account for disagreement among raters:

N
1 gi— )’ +s7 1
fumnce = 37 2 2 [ L h T ¢ Jloge?

aspect i=1

where N is the total number of utterances, y; =
% Zle ;. is the mean rater score, R = 5 is the
number of raters, and

1R
s} = R Z(yi,r - 7)°
r=1

represents the inter-rater variance for each utter-
ance i. This formulation explicitly incorporates rater
disagreement into the loss, enabling the model to
reflect both prediction uncertainty and observed
human variability.

After fine-tuning, conformal calibration was ap-
plied using a 5-fold split of the test set to empir-
ically calibrate the predictive intervals. Normal-
ized residuals |y; — u;|/o; were computed on the
calibration folds to estimate aspect-wise quantiles
(qaspect) COrresponding to a target coverage of 90%.
Final prediction intervals were then obtained as
[Ni — QaspectOi, i+ QaspectUi]-

This combination of multi-rater supervision and
conformal prediction allows the model to capture
both inter-rater variability and prediction uncer-
tainty in a statistically interpretable manner. Con-
formal calibration further ensures empirical cover-
age, guaranteeing that a defined proportion of true
scores fall within the predicted confidence intervals.

2.5. Evaluation Metrics

The model performance was assessed using a com-
prehensive set of metrics reflecting both categori-
cal decision quality and numerical agreement with

human ratings. For the DiCl baseline setup, perfor-
mance was assessed using the Weighted F1-score
and the Matthews Correlation Coefficient (MCC).
Weighted F1 accounts for class imbalance by com-
puting the F1-score per class and averaging it by
class frequency, while MCC quantifies the over-
all correlation between predicted and true labels,
providing a balanced measure even under uneven
label distributions.

For all four regression-based methods (SRR.M,
MRR.M, MRR.G, and MRR.GC), we report five
complementary metrics: Weighted F1, MCC, Pear-
son Correlation Coefficient (PCC), Root MSE
(RMSE), and Quadratic Weighted Kappa (QWK).
Together, these capture both categorical agreement
and continuous correlation with human ratings. The
predicted continuous scores were rounded to the
nearest integer on the 1-10 scale for computing
Weighted F1 and MCC, ensuring comparability with
discrete human ratings. PCC measures the linear
association between predicted and gold scores,
and RMSE quantifies the average prediction er-
ror. Quadratic Weighted Kappa (QWK) measures
the agreement between two ratings on an ordinal
scale, accounting for chance agreement and the
distance between rating categories. It ranges from
-1 (worse than chance) to 1 (perfect agreement),
with 0 indicating random agreement. QWK penal-
izes larger score discrepancies more heavily than
smaller ones, making it well-suited for ordinal rating
tasks. For QWK (M-R), the agreement is computed
between the model and each of the five human
raters individually and reported as mean + stan-
dard deviation across raters.

The regression results were analyzed under two
assessment conditions: (1) a strict, exact-match
setting without tolerance, and (2) a relaxed set-
ting that allows a +1 score tolerance to account
for natural rater variability. In practice, small differ-
ences, such as one rater giving a 7 and another
an 8, are not considered true disagreements but
normal variations in human judgment. Prior work
in speaking and writing assessment (e.g., TOEFL,
SpeechRater) reports inter-rater standard devia-
tions of roughly 0.5—-1.0 on a 10-point scale, sup-
porting this tolerance as a realistic estimate of hu-
man rating variability. For the MRR.GC configu-
ration, we also calculated the percentage of hu-
man scores falling within the model’s predicted
High—Low confidence range for each aspect. This
coverage metric reflects how well the model’s pre-
dictive intervals capture real human variability, serv-
ing as a direct indicator of calibration quality. Be-
cause QWK depends on exact ordinal matches, it
is computed only under the strict setting, not with
the +1 tolerance.
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3. Results

3.1. Inter-Rater Reliability QWK (R-R)

Before presenting the results of the five models, we
first report the inter-rater reliability (QWK, R—R) in
Table 1. The shown mean QWK values are aver-
aged across all ten possible rater pairs, indicating
overall moderate agreement among raters.

Accuracy
0.5585 + 0.0671

Fluency Prosody
0.5019 4+ 0.1353 0.5021 + 0.1153

QWK (R-R)

Table 1: QWK (mean + SD) across human raters.

3.2. Classification-Based Assessment

Table 2 summarizes the baseline classification
performance (DiCl) across the three assessment
rubrics: accuracy, fluency, and prosody. Overall,
DiCl results demonstrate moderate discriminative
ability across rubrics, providing a reference point
for subsequent regression-based approaches that
aim to capture finer score variations.

Rubrics T F1 1 MCC
Accuracy 0.558 0.341

Fluency 0.642 0.452
Prosody 0.670 0.468

Table 2: Classification performance across rubrics
for DiCl. Arrows indicate that higher is better.

Figure 1 shows the aggregated confusion matrix
across all rubrics for DiCl. Predictions are largely
concentrated along the main diagonal, indicating
good alignment between the model’s output and hu-
man ratings. The Good category dominates the pre-
dictions. Misclassification mainly occurs between
adjacent levels (see Figure 1).

3.3. Regression-Based Assessment

In this section, we compare four regression-
based fine-tuning configurations: SRR.M, MRR.M,
MRR.G, and MRR.GC. Performance is reported
for each rubric (accuracy, fluency, and prosody) un-
der both strict (exact-match) and lenient evaluation
settings (£1 tolerance or High—Low calibration).
3.3.1. Exact-Match Regression Results
(without tolerance)

Table 3 presents the regression-based results un-
der exact-match evaluation. Performance is re-
ported separately for the three rubrics: accuracy,
fluency, and prosody, to analyze aspect-specific
trends before summarizing overall behavior across
model variants.

Excellent

10°

Good

1022

Fair

Gold standard rating (human annotators)
Count (loa scal

20

Very Poor
100.00%
0.27%

< <

Model prediction

Figure 1: Aggregated confusion matrix across all
rubrics for DiCl. Rows show human (gold-standard)
ratings. Columns show model predictions. Each
cell displays the count (top), percentage within the
true class (middle), and percentage across all sam-
ples (bottom).

Rubrics +F1 tMCC tPCC | RMSE 1 QWK (M-R)
L P QI 93 80 L oensome
o
o SO G 00 9K oasom

T S 8359 BIIE L) oamsom
e
o
om0 G0 8RR 03 omsomms

T GH S U 488 eomsoom
o P QB LU ST LR oo
o«
om0 SR B 050 e soom

T S 83 SBE LR omesom
g 5T ca B8 O30 B0 300 om 200w
E by co S350 0300 3301 03 oomsomm

oo S350 SE8 U3 SR o soom

Table 3: Regression-based results across all model
families. Arrows indicate the direction of improve-
ment. Tolerance (+1) and High—Low Calibration
indicate lenient evaluation settings where predic-
tions within the tolerance or predicted uncertainty
range are considered acceptable.

Across all three rubrics, Table 3 results indicate
consistent improvements with increasing model
complexity (i.e. from top to bottom). The multi-head
models (MRR.M, MRR.G, MRR.GC) generally out-
perform single-head regression (SRR.M), showing
the benefit of shared representation learning across
rubrics. Introducing the GNLL objective (MRR.G)
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further improves robustness by jointly modeling
prediction uncertainty, and the full MRR.GC config-
uration achieves the strongest overall performance
and highest alignment with human ratings across
all evaluation metrics.

Figure 2 presents the confusion matrices for all
regression configurations. Overall, all models show
tight clustering around mid-level utterances but lim-
ited separability at the lowest and highest scores.
Predictions across models are concentrated in the
mid-range (scores 5-8), while the extremes (1-2
and 10) are rarely or never predicted.

3.3.2. Regression Results with Tolerance and
Calibration

Table 3 also summarizes the regression-based re-
sults evaluated under a relaxed setting that allows
atolerance of 1 score point and, in the final config-
uration, incorporates conformal calibration. Under
this evaluation, predictions within one score point
of the human rating are considered acceptable,
reflecting natural variability among human raters.
When lenient settings are applied, the overall per-
formance increases across all rubrics. The +1 tol-
erance evaluation substantially boosts F1, MCC,
and PCC scores, reflecting stable prediction behav-
ior within one rating level of the human mean. In
the uncertainty-aware MRR.GC model, conformal
calibration achieves a comparable improvement by
explicitly modeling confidence intervals instead of
tolerance bands.

Figure 2 also illustrates the confusion matrices
under lenient evaluation. In the first three pan-
els (SRR.M, MRR.M, and MRR.G), the red boxes
mark the +1 tolerance region around the diagonal,
highlighting predictions within one score point of
the human gold standard. The bottom-right panel
(MRR.GC) shows calibrated boundaries from con-
formal prediction, with red contours marking the
median empirical high—low range per score bin.

3.3.3. Coverage Analysis under Conformal
Calibration

To evaluate how well the calibrated prediction in-
tervals align with the empirical variability among
human ratings, we present in Table 4 the percent-
age of utterances for which a given number of hu-
man raters (0-5) fall within the model’s predicted
high—low interval, obtained from conformal calibra-
tion in the MRR.GC configuration.

4. Discussion

In this section, we first discuss the main findings
and then provide an answer to our RQ. To ad-
dress the RQ, we fine-tuned the Qwen2-Audio-7B-
Instruct SpeechLLM using rubric-guided data for

< N raters Accuracy (%) Fluency (%) Prosody (%)
5 6.68 0.96 1.92
4 25.92 8.60 12.72
3 60.04 34.24 44.16
2 83.92 67.20 77.56
1 93.84 91.52 94.68

Table 4: Cumulative percentage with at most N
raters within the model’s prediction interval (mono-
tonic increasing with V).

multi-aspect assessment of L2 read speech under
five different configurations. We observe that perfor-
mance gradually improves from SRR.M to MRR.M,
MRR.G, and MRR.GC (Table 3). Multi-rubric re-
gression improves stability and captures cross-
rubric dependencies. Incorporating the GNLL ob-
jective in MRR.G further improves calibration by
modeling variability in human ratings, in line with
computer vision research (Kendall and Gal, 2017).
The final MRR.GC, achieves the best overall align-
ment with human judgments by combining multi-
rater supervision and conformal calibration, as
proven in other research fields (Braun et al., 2025),
which produces adaptive confidence intervals that
reflect empirical rater disagreement.

Allowing a tolerance of +1 score point improves
F1, MCC, and PCC, indicating that minor discrep-
ancies fall within normal perceptual variability (Ta-
ble 3, red boxes in Fig. 2). However, this margin
spans 20% of the 10-point scale, so part of the
gain stems from more lenient evaluation. In con-
trast, conformal calibration in MRR.GC provides a
principled way for quantifying uncertainty: interval
widths adapt to local variability, yielding statistically
valid confidence bounds consistent with human
rating behavior. As shown in Table 4, higher cov-
erage for accuracy suggests closer human—-model
agreement, while narrower intervals for fluency and
prosody indicate more consistent rater behavior
and tighter calibration around consensus scores.

Human raters show moderate agreement among
themselves (Table 1). Furthermore, we observed
higher inter-rater reliability for accuracy compared
to fluency and prosody (Table 1) and the percent-
ages of human ratings that fall within the model’s
predicted high—low intervals (Table 4). On the other
hand, Table 3 shows that the regression-based re-
sults are better for fluency and prosody than for
accuracy. Possible explanations for these differ-
ences might lie in (a) the definitions of the three
aspects of accuracy, fluency, and prosody and (b)
the operationalization of these three constructs. As
to (a), while the definition of accuracy seems rather
straightforward, the correctness of pronunciation,
the definitions of fluency and prosody are some-
what confusing. As a matter of fact, they seem
to mix several features. For example, speaking
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Figure 2: Aggregated confusion matrices across regression methods (SRR.M, MRR.M, MRR.G, MRR.GC).
Red boxes in the first three panels indicate the 41 tolerance region, while in the bottom-right panel, red
contours denote the median calibrated range from conformal prediction. Each cell shows the total count
(top), the percentage within the true class (middle), and the percentage relative to all samples (bottom).

rate could just as well be part of fluency instead
of prosody, based on the definition of fluency as
temporal smoothness. As to (b), the instructions
for fluency and prosody may be easier to opera-
tionalize for LLMs than those for accuracy. Tempo-
ral aspects have long been recognized as easier
to compute automatically than features related to
segmental quality that may involve multiple dimen-
sions. Previous research on automatic assessment
of non-native speech revealed that ASR systems
are better at capturing temporal-related aspects of
non-native speech than those related to segmental
quality (Cucchiarini et al., 2000b,a, 2002).

The main limitations of our work concern data
imbalance and generalization. Model predictions
tend to cluster around scores 6 to 8, reflecting the
skewed distribution of human ratings and reduc-
ing sensitivity to extreme proficiency levels. This
mid-range bias inflates global performance metrics
and constrains the model’s ability to generalize to

underrepresented proficiency extremes.

Finally, in response to our RQ, the results pre-
sented in the current paper demonstrate that the
proposed models align closely with human judg-
ments across all rubrics, indicating that a well-
designed SpeechLLM can effectively support multi-
aspect automatic assessment. Among them, the
MRR.GC model performs best, offering the addi-
tional advantage of capturing not only mean human
ratings but also their variability.

5. Conclusion

This study investigated whether a rubric-guided
SpeechLLM can approximate human judgments
in the assessment of L2 reading speech. To sys-
tematically examine whether incorporating addi-
tional configurations can improve robustness and
alignment with human judgments, we developed
five SOTA modeling strategies of increasing com-
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plexity for fine-tuning the Qwen2-Audio-7B-Instruct
SpeechLLM, based on insights from related liter-
ature. Among the evaluated strategies, MRR.GC
achieved the strongest overall alignment with hu-
man raters, with aggregated performance across
Accuracy, Fluency, and Prosody of PCC ~ 0.81,
RMSE =~ 0.83, and QWK =~ 0.50. These results
demonstrate that incorporating multi-rater super-
vision, Gaussian uncertainty modeling, and con-
formal calibration yields reliable and interpretable
scoring for multi-aspect L2 reading speech assess-
ment. However, the model behaves conservatively
at score extremes, highlighting the need to address
mid-range bias and extend the framework to diag-
nostic feedback and error localization to improve
assessment validity. Future work will extend be-
yond scoring to diagnostic feedback and error lo-
calization for actionable learner guidance.
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