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Abstract

Automatic speaking assessment (ASA) man-
ages to quantify the language competence of
foreign language learners by providing a profi-
ciency score based on their spoken response.
Existing efforts in ASA typically employ a
neural grader integrated with a set of hand-
crafted features to assess learners’ oral profi-
ciency from multiple facets. Despite decent per-
formance, the black-box nature of these neural
graders remains a significant barrier to provid-
ing interpretable explanations for the grading
results. In light of this, we propose RABIT for
ASA, a novel rationale-based knowledge distil-
lation framework for interpretable grading deci-
sions via a small language model. Specifically,
RABIT first extracts multi-faceted grading ra-
tionales from a large language model (LLM)
pertaining to the learner’s response and the scor-
ing guidelines. Subsequently, a compact yet ef-
ficient language model, equipped with distinct
output heads, is jointly optimized to estimate a
proficiency score while generating a sequence
of grading rationales in an autoregressive man-
ner. A series of experiments conducted on Gen-
eral English Proficiency Test (GEPT) dataset
validates the feasibility and superiority of our
method over several cutting-edge baselines.

1 Introduction

Spurred by the global demand for foreign language
proficiency in both the workforce and academia,
there is a growing need for the assessments of lan-
guage competence (Davis and Norris, 2024). In
response, the development of automatic speaking
assessment (ASA) systems has garnered signifi-
cant attention, figuring prominently in the fields
of computer-assisted language learning (Zechner
and Evanini, 2019) and large-scale language testing
(Singla et al., 2021). Such systems offer a broad
spectrum of applications to mitigate the dispropor-
tion between the limited number of instructors and
the expanding population of foreign language learn-

Please answer the questions in 
30 seconds.

• Assessment on Free-speaking Scenarios
Short Questions:

Have you been to Europe? What would you do there?

(a) The short questions are presented to the learner with the 
aim of eliciting authentic spoken responses.

(Learner) (ASA System)

(Learner)

Oh… I got a score 3. Why 
was that score assigned ?

Sorry… the explanation of
the assignment is beyond my 

capabilities. (ASA System)

(b) Most existing ASA systems fail to provide the explanation
of grading decisions.

(RABIT)

Your description starts well. But 
structure is disjointed …

Cool! Thanks for the
suggestions.

(Learner)

(c) Our Rabit predicts a holistic score and generates detailed 
grading rationales for language learners.

(I like weather of Europe…)

Figure 1: Motivations of our approach. (a) Assessment
in the free-speaking scenario, where the ASA models
aim to evaluate learner’s language proficiency based on
the spoken response. (b) Existing ASA systems often
operate as a black-box process, lacking transparency
in their grading decisions. (c) Our proposed method
(RABIT) jointly optimizes proficiency estimation and
rationale generation to achieve transparent and reliable
assessment results.

ers, ranging from low-stakes contexts (e.g., provid-
ing informative feedback for both instructors and
learners in course placement (Evanini and Wang,
2013)), to high-stakes scenarios (e.g., serving as
a reliable reference for professionals in admission
testing (Evanini et al., 2017; Chen and Li, 2016)).

ASA seeks to quantify the extent of language
proficiency in foreign language learners across
multiple dimensions, including delivery (fluency
and pronunciation), language use (vocabulary and
grammar), topic development (content and dis-
course) (Qian et al., 2019; Zechner and Evanini,
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2019), and others. One of the de-facto archetypes
of ASA is instantiated in free-speaking scenarios,
as shown in Figure 1(a), where the language learner
is presented with short, open-ended questions and
instructed to respond based on their personal expe-
riences or opinions. A leading strand of research
in ASA derives a set of handcrafted features from
the synergy of learners’ spoken responses and the
presented short questions. These features are then
fed into a neural grader to predict either a holistic
score (i.e., a categorical value of overall speaking
proficiency) or analytic scores (i.e., continuous nu-
merical scores for specific aspects). Specifically,
to characterize learners’ pronunciation clarity and
spoken delivery, commonly used features include
confidence scores of recognized linguistic units
(e.g., words or phones), time-alignment informa-
tion (e.g., speaking rate, pause frequency, and filled
pauses), and statistical measures of fluency and
pitch contours (Zechner et al., 2009; Chen et al.,
2010). Grammatical accuracy and syntactic com-
plexity are captured by the transcriptions of the
learner response through part-of-speech tagging,
syntactic dependency parsing, and morphological
analysis (Moore et al., 2015; Qian et al., 2018).
Lastly, content coherence and topical relevance are
assessed by evaluating the learner response and the
presented short questions, where the BERT-based
semantic features combined with graph-based neu-
ral networks have been extensively investigated (Li
et al., 2023; Bannò and Matassoni, 2023; Singla
et al., 2021; Li et al., 2024).

Although existing efforts have achieved com-
mendable performance on various spoken assess-
ment tasks by leveraging a set of handcrafted fea-
tures to qualify learners’ language competence, the
opacity of scoring decisions remains a crucial chal-
lenge. The interpretability of scoring decisions is
nearly sidelined, which might undermine the effi-
ciency of language acquisition and diminish peda-
gogical utility, as depicted in Figure 1(b). In light of
this, we propose a novel two-step knowledge distil-
lation framework for ASA, termed rationale-based
distillation for interpretable grading decisions (RA-
BIT). By harnessing the reasoning capabilities of
large language models (LLMs), RABIT first distills
grading rationales into a lightweight yet effective
small language model, which then in turn learns
to generate interpretable, fine-grained scoring de-
cisions while assessing the language proficiency
of foreign language learners. To explicitly illus-
trate how the learner responses align with the scor-

ing rubrics, RABIT first prompts an LLM (e.g.,
LLaMA3.1-8B and LLaMA3.2-3B (Touvron et al.,
2023)) with systematic rubric guidelines to elicit
multi-faceted grading rationales conditioned on the
transcriptions of learner responses and the associ-
ated short questions. Afterwards, a small language
model (e.g., SmolLM2-135M-Instruct (Allal et al.,
2025)) augmented with two distinct output heads
is jointly optimized to predict proficiency scores
and generate corresponding grading rationales in
an autoregressive manner. Extensive experiments
on the General English Proficiency Test (GEPT)
dataset demonstrate that our methods consistently
outperform several competitive baselines. Beyond
performance gains, exploring a small LLM to gen-
erate grading rationales for foreign language learn-
ers introduces an additional layer of transparency
to the field of ASA research.

In summary, the main contributions of this work
are at least three-fold: (1) As one step towards in-
terpretable grading decisions, RABIT is among the
first attempts to evaluate language proficiency of
foreign language learners while offering grading
rationales, opening up a new research avenue for
ASA; (2) Furthermore, to adapt small language
models for ASA, we introduce prompt vectors in
conjunction with a score prediction head to stabi-
lize proficiency score estimation while maintaining
the computational efficiency; (3) Extensive exper-
iments on a realistic spoken assessment dataset,
comprising authentic oral responses and expert an-
notations, confirm the practical and pedagogical
utilities of RABIT.

2 Rationale-based Distillation for
Interpretable Grading Decisions
(RABIT)

This section sets out with a problem definition of
ASA task and then sheds light on the proposed
knowledge distillation framework, rationale-based
distillation for interpretable grading decisions (RA-
BIT). Our approach aims to improve the trans-
parency and the practical utility of ASA through
two pivotal steps, namely LLM rationale probing
and small language model training, as illustrated in
Figure 2(a). In the first step of RABIT, we lever-
age an LLM to generate multi-faceted grading ra-
tionales by conditioning on the transcriptions of
learner responses, the short questions, the rubric
guidelines, and the expert-annotated proficiency
score. Subsequently, in the second step, these dis-
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(G): This rubric assesses spoken English on a 0-5 scale. Score 5:
accurate, natural, fluent. … Score 0: no response.
(I): As an English scoring teacher, evaluate the learner's spoken
responses. Provide concise text feedback covering grammar,
content, and an overall suggestion. For each aspect, include an
opinion score (0-5).

(Q): What place might it be in the picture? how do you know?
(T): This is a wonderful wave because it is beautiful. There is a
family beside the river. We need to be careful of the river […]

Grammar (3/5):
There are a few areas where grammar could be improved.
The sentence "We need to be careful of" is a bit unclear …
Content (4/5):
Your vocabulary is simple and straightforward, but there
are opportunities to use more descriptive language.
Overall score (2/5):
Consider adding more transitional phrases to connect your
ideas and providing more supporting evidence will make
your response more convincing and effective.

(Learner)

(Large Language
Model)

Rubric Guidelines (G) and Instruction (I) :

Short Questions (Q) and Learner’s Response (T) :

Rationale (Generate from LLM):

(b) A running example for illustration of LLM Rationale Probing (the first step of RABIT).

Step 1: LLM Rationale Probing:

Rubric Guidelines (G) Instruction (I)

Short Questions (Q)

(Large Language Model)

Learner’s
Response (T)

(Small Language Model)

Step 2: Small Language Model Training

Grading Rationale
(Explanation of

Decisions, R)

Proficiency Score
(Level of Proficiency, 𝑦)

(a) The proposed two-step knowledge distillation framework for ASA, termed Rationale-based distillation for interpretable grading decisions (RABIT).

Rubric Guidelines (G) Instruction (I)

Learner’s
Response (T)

Short Questions (Q)

Prompting
LLM with P

Figure 2: Overview of the proposed RABIT framework for interpretable knowledge distillation. (a) The two-stage
training process, comprising LLM rationale probing and small language model (SLM) distillation. (b) A running
example illustrating the rationale generation and distillation process in the first stage of RABIT.

tilled rationales serve as additional supervision for
a small language model, which is jointly trained
to estimate proficiency scores while producing the
corresponding grading rationales.

2.1 Problem Definition
Given a sequence of short questions Q, a for-
eign language learner is instructed to produce a
spoken response X that reflects their personal ex-
periences or opinions. An ASA system is then
tasked with estimating a categorical proficiency
score y ∈ {1, 2, 3, 4, 5} for X, where y denotes a
distinct level of language competence across mul-
tiple facets including delivery, language use, and
topic development.

2.2 Step1 of RABIT: LLM Rationale Probing
For each instance of training data, consisting of a
spoken response X paired with the short questions
Q and the corresponding proficiency score y , we
first transcribe X into a sequence of words T via a
speech recognizer (e.g., Whisper-large-v3 (Radford
et al., 2023)). Subsequently, a structured prompt
template P is curated to elicit a sequence of grading
rationales R from an LLM. The prompt template
P = [G; I; Y;Q;T] comprises the following com-
ponents: the rubric guidelines G, which outline
scoring rubrics used by human experts; the instruc-
tion I, which describes the role of the LLM in gen-

erating multi-faceted proficiency scores along with
explanations; the score reference Y, which spec-
ifies y for the LLM to guide rationale elicitation;
and the short questions Q coupled with the tran-
scribed response T. The first step of RABIT is
illustrated with a running example in Figure 2(b).
Notably, since the rationale generation relies on
the ASR transcriptions, the instruction I positions
LLM as a language instructor to elicit multi-facted
grading decisions from a textual perspective, focus-
ing on the grammatical accuracy, content relevance,
and overall proficiency score. To ensure the relia-
bility of distilled rationales, we filter out instances
where the LLM-generated scores conflict with y.
In preliminary experiments, we evaluated the fea-
sibility of large multimodal language models (e.g.,
Phi-4-multimodal (Abouelenin et al., 2025), and
QwenAudio (Chu et al., 2023)) to generate grading
rationales directly from the speech signal X and the
task instruction I. However, these models are prone
to generating hallucinated feedback. We attribute
this to the scarcity of expert-annotated ASA data
and its underrepresentation during the training of
these multimodal foundation models.
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2.3 Step2 of RABIT: Small Language Model
Training

Although LLMs have demonstrated remarkable per-
formance on various NLP benchmarks, the high
computational overhead hinders practical deploy-
ment in real-world ASA applications, particularly
on resource-limited edge devices such as mobile
phones or personal computers. To this end, fol-
lowing the extraction of rationales in Step 1, we
fine-tune a small language model (e.g., SmolLM2
(Allal et al., 2025)) in Step 2 to builds a compu-
tationally efficient and interpretable ASA model.
As illustrated in Figure 3, we employ a small lan-
guage model as the backbone, which jointly learns
to predict the proficiency score and generate grad-
ing rationales based on a set of handcrafted fea-
tures via parameter-efficient instruction tuning (Hu
et al., 2022). Our interpretable ASA model con-
sists of three components: proficiency-specific en-
coders, proficiency-specific projectors, and a small
language model. In the following, we delve into
the functional details of each component.
Proficiency-specific Encoders. To capture the
supra-segmental pronunciation cues in the learners’
speech, we leverage a pre-trained audio encoder
(e.g., Wav2vec2.0 (Baevski et al., 2020)) for deliv-
ery feature extraction (Lo et al., 2024; Chao et al.,
2022; Yan et al., 2025), which takes the speech
signal X as input and maps it to a sequence of high-
level acoustic representations HD

0 . The language-
use features HL

0 are derived from one-hot encodings
of part-of-speech tags, syntactic dependency labels,
and morphological features, all of which are lin-
early projected and packed together via individual
linear transformations to form a unified represen-
tation (Peng et al., 2024). To capture the content
coherence between a learner’s response and short
questions, a pre-trained text encoder (e.g., BERT
(Devlin et al., 2019)) is adopted to extract content
features HC

0 by formatting an input text sequence
as the concatenation of short questions Q and the
transcribed response T, delimited by the [SEP] to-
ken to model their inter-textual relationships.
Proficiency-specific Projectors. To bridge the
proficiency-specific encoders and the small lan-
guage model, the projectors map the respective pro-
ficiency features into token representations, align-
ing the proficiency features with the latent space
of the small language model. In this work, we
employ a convolutional projector that encapsulates
fine-grained linguistic cues into compact token rep-
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What place might it
be in the picture?
How do you know?

Short Questions (Q)

There is a family
beside the river …

ASR Trans (T)

Figure 3: The proposed multi-modal ASA model in
the second stage of RABIT, which jointly estimates
proficiency scores and generates corresponding grading
rationales.

resentations with a Macaron-style neural structure,
where a Transformer block is sandwiched between
two separate depth-wise convolutional layers. Each
convolution layer incorporates a GELU activation
function ((Lee, 2023)) and a kernel size of 3. For
down-sampling, the first layer utilizes a kernel
stride of k/2, and the second employs a kernel
stride of k. We compress the delivery, language-
use, and content features along the temporal dimen-
sion at reduction rates of 64, 32, and 32, respec-
tively (i.e., k = 16, 8, and 8).
Small Language Model. Conditioned on a set
of handcrafted features extracted from proficiency-
specific encoders, our language model aims to gen-
erate a sequence of grading rationales and estimate
proficiency scores for language learners. Empir-
ically, we found that training a small language
model to output both the rationale sequence and a
proficiency score within a single natural language
sequence often leads to inconsistent output formats.
In contrast to prior works (Chu et al., 2025; Hsieh
et al., 2023), our approach introduces learnable
prompt vectors HP to the inputs, which are inte-
grated with the handcrafted features for the small
language model. Following forward propagation
through the language model, the outputs of these
prompt vectors are pooled by an averaging oper-
ation and subsequently passed to a classification
head to predict the proficiency score y. A bit more
terminology: The input sequence to our language
model, denoted as H = [HD; HL; HC; HI; HP],
comprises prompt vectors HP, instruction embed-
dings HI and a set of handcrafted features, where
HD,HL,HC are the projected features derived from
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the delivery, language-use, and content coherence
representations (i.e., HD

0 , HL
0 , and HC

0 ) via their
respective projectors. HI denotes the textual repre-
sentation of the instruction I, projected through the
embedding layer of the small language model. Our
ASA model employs a small language model pa-
rameterized by θ to generate the grading rationales
R = (r1, r2, · · · , rN ) by minimizing the negative
log-likelihood:

Lrat = −logPθ(R|H), (1)

= −
N∑

i=1

logPθ(ri|R0:i−1,H), (2)

where R0:i−1 denotes previously generated tokens.
On a separate front, our model also predicts a pro-
ficiency score ŷ via a classification head. To sta-
bilize the score prediction, the classifier relies on
the mean-pooled representation h̄P, derived by ap-
plying an average pooling operation to the output
representations of prompt vectors HP after process-
ing through the language model. Proficiency score
estimation is optimized by minimizing the cross-
entropy loss between the distributions of predicted
score ŷ and the ground-truth score y (represented
as a one-hot vector y):

Lscore = −
5∑

c=1

yclogŷc, (3)

ŷ = Pθ(ŷ|h̄P) = softmax(Wh̄P + b), (4)

where W and b are learnable weights of the clas-
sification head. In the training phase, we keep the
small language model frozen and integrate a LoRA
module to minimize the following objective func-
tion:

L = Lscore + αLrat, (5)

where α ∈ [0, 1] is a control parameter balancing
the losses of rationale generation and proficiency
score estimation.

3 Experimental Setups

GEPT Dataset. In this paper, a series of exper-
iments were carried out on an in-house dataset
derived from General English Proficiency Test
(GEPT), a standardized assessment administered
by the Language Training and Testing Center
(LTTC) in Taiwan. The GEPT dataset targets En-
glish learners across various proficiency levels,
comprising listening, reading, writing, and speak-
ing.

Dataset Human-rated Score

S1 S2 S3 S4 S5

Train 4 61 317 310 27

Dev 0 6 39 39 6

Test

Seen
Prompt 0 11 37 39 3

Unseen
Prompt 0 4 142 137 17

Table 1: Statistics of Picture-description Section in
GEPT Dataset.

For our ASA experiments, we specifically fo-
cus on the picture description section of the GEPT
dataset, in which foreign language learners are pre-
sented with a picture and instructed to answer short
questions. This subset consists of 1,199 recordings,
each paired with an expert-annotated proficiency
scores, the short questions, learner response and the
corresponding pictures. Each spoken response was
independently evaluated by two qualified experts
adhering to the same standardized rubric. To derive
a single categorical proficiency score, we averaged
the two ratings and applied the floor function. The
GEPT dataset was partitioned into training, devel-
opment, and seen-prompt test sets in an 8:1:1 ratio.
An isolated unseen-prompt test set comprising 300
recordings was reserved to evaluate the general-
ization capability of the proposed model to novel
picture description learning scenario. The dataset
statistics are provided in Table 1.
Implementation Detailed. In the first step of RA-
BIT, we employed LLaMA-3.1-8B-Instruct for ra-
tionale generation. In the second step, we used
SmolLM2 model family as the backbone for our
interpretable ASA model. To extract various hand-
crafted features, we adopted Wav2vec2.01 to ex-
tract delivery features. Content coherence was
modeled using a BERT-based text encoder2, while
language-use features were derived from word-
level linguistic units. Following Peng et al. (2024),
language-use features include POS tags, depen-
dency labels, and morphological features processed
by the spaCy toolkit3 based on the transcription of
learner responses. As for the model training, we
employed the Adam optimizer with a learning rate

1https://huggingface.co/facebook/wav2vec2-large-xlsr-
53

2https://huggingface.co/google-bert/bert-base-uncased
3https://spacy.io/
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Model Seen-Prompt Test Unseen-Prompt Test

Accuracy Weighted-F1 Macro-F1 Accuracy Weighted-F1 Macro-F1
+Qian2019 55.56 54.80 – 64.33 62.80 –
+SAMAD 65.56 64.80 – 69.67 68.40 –

Content Model 60.44 (±3.20) 59.41 (±3.30) 48.28 (±3.85) 67.00 (±1.39) 65.14 (±0.99) 38.56 (±3.20)

Delivery Model 52.00 (±2.88) 48.41 (±4.70) 31.72 (±4.85) 52.33 (±2.68) 49.42 (±2.81) 26.89 (±1.35)

Multi-ASA 63.56 (±2.88) 62.85 (±2.92) 44.60 (±5.15) 67.00 (±5.15) 65.37 (±4.65) 41.24 (±4.49)

Multi-ASA-Rat 66.89 (±1.64) 66.31 (±1.90) 45.07 (±3.70) 68.40 (±1.83) 66.67 (±2.31) 38.67 (±3.44)

RABIT 70.00 (±1.11) 69.09 (±1.10) 56.54 (±6.97) 71.66 (±1.52) 69.71 (±1.70) 47.39 (±1.47)

Table 2: Performance comparison with state-of-the-art methods on the GEPT dataset in terms of Accuracy
(%), Weighted F1-score (%), and Macro F1-score (%). Standard deviations over 3 runs are reported in
parentheses.+Results for Qian2019 and SAMAD are reported in Peng et al. (2024).

of 0.001 and a batch size of 3. A warm-up strategy
was applied, initiated with 1/100 of the maximum
learning rate, and adjusted over steps with a cosine
scheduler. All experiments were implemented with
PyTorch and executed on a single NVIDIA 2080Ti
GPU. To ensure reproducibility and mitigate the
effects of randomness, we conducted three indepen-
dent trials with different random seeds. Each model
was trained for 100 epochs, and performance is re-
ported as the average across the three runs. The op-
timal checkpoint for each trial was selected based
on the minimum validation cross-entropy loss. We
are committed to making all code, configurations,
and logs available upon acceptance.
Evaluation Metric. We evaluate the performance
of our model using the following metrics: 1) Classi-
fication accuracy (%), representing the percentage
of correctly predicted proficiency levels ranging
from 1 to 5; 2) Macro F1-score (%), which averages
the F1-scores across all proficiency levels, treating
each class with equal importance; and 3) Weighted
F1-score (%), which weights the F1-score of each
proficiency score by its support (number of true
instances) to account for label imbalance. The
weighted F1-score is particularly crucial for multi-
class classification tasks involving imbalanced or
skewed labels, as it offers a more representative
evaluation of overall performance.
Comparative Methods. To evaluate the perfor-
mance of our proposed framework, we compare
RABIT with the following state-of-the-art (SOTA)
methods. 1) Conventional methods: Qian2019 is
an iconic ASA model that extracts various hand-
crafted features from transcriptions and the cor-

responding time-alignment information derived
from learner speech (Qian et al., 2019). Subse-
quently, SAMAD advances the neural architec-
ture of Qian2019 by incorporating Transformer
blocks to capture long-term dependencies of lin-
guistic cues, while introducing soft-label optimiza-
tion to mitigate the label imbalance problem in
ASA model training (Peng et al., 2024). 2) Multi-
faceted neural graders: Multi-ASA employs the
same proficiency-specific encoders as RABIT to
extract delivery, language-use, and content-related
features. In contrast to the use of small lan-
guage model for proficiency assessment, Multi-
ASA adopts a simple concatenation for feature fu-
sion. The fused features are subsequently passed
through a linear projection layer followed by a
mean pooling operation to predict the proficiency
score. Moreover, to assess the efficacy of grad-
ing rationales in ASA, Multi-ASA-Rat integrates
grading rationales as auxiliary input. We leverage a
BERT encoder to extract semantic representations
from the grading rationales, which are then fused
with handcrafted features within the Multi-ASA to
collaborative proficiency enhance proficiency score
estimation. 3) Single-faceted neural graders: To
analyze the contribution of each modality-specific
encoder in RABIT, we report the assessment per-
formance using only the content encoder (Content
Model) and delivery encoder (Delivery Model).
Both models extract the corresponding features and
assess the proficiency score via simple mean pool-
ing followed by a linear classifier.
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4 Experimental Results

Main Results and Performance Benchmarking.
At the outset, we compare the proposed approach
(viz. RABIT) with existing state-of-the-art ASA
methods. From the results shown in the Table 2,
we have the following observations. 1) The pro-
posed RABIT consistently outperforms all baseline
methods on both seen- and unseen-prompt test sets
in terms of accuracy and F1-scores, demonstrating
that RABIT surpasses conventional baselines as
well as single- and multi-faceted neural graders,
while highlighting the strong generalization ca-
pability of our framework across diverse evalua-
tion scenarios. 2) Regarding multi-faceted neural
graders, Multi-ASA-Rat achieves notable perfor-
mance gains over its base model (Multi-ASA). By
incorporating LLM-generated grading rationales
as auxiliary inputs, the results demonstrate that
semantic encodings of rationales are highly com-
plementary to other handcrafted features, leading
to enhanced assessment accuracy in ASA. In con-
trast, RABIT formulates rationale generation as a
primary learning objective and predicts language
proficiency through a small language model, which
not only achieves superior performance compared
to Multi-ASA-Rat but also significantly enhances
the transparency of the assessment results. Further-
more, in a comparison within the single-faceted
neural graders, it is evident that the Content Model
achieves better results than the Delivery Model.
This finding suggests that content coherence exerts
a greater influence than spoken delivery in ASA,
aligning with observations reported in previous
studies (Qian et al., 2019; Bannò and Matassoni,
2023). Moving beyond individual model compo-
nents, Multi-ASA integrates handcrafted features
from content and delivery, alongside language-use
features, into a unified neural architecture, result-
ing in superior performance over its single-faceted
counterparts (viz. Content and Delivery models).
3) As to the conventional methods, SAMAD ex-
hibits strong performance on both test sets, sig-
nificantly outperforming Qian2019 and achieving
competitive results to Multi-ASA-Rat. Moreover,
SAMAD achieves superior results on the test set
with unseen-prompts compared to other baseline
methods. These performance gains primarily stem
from its delivery modeling, which leverages ASR
transcriptions coupled with the spoken signals to
capture prosody and fluency of learner speech,
effectively boosting the generalization capability

Setting Seen Prompt Unseen Prompt

Acc wF1 Acc wF1

Number of Prompts

1 69.63 68.87 70.66 69.06
3* 70.00 69.09 71.66 69.71
5 68.51 67.64 71.44 69.49

Combination Weight for Rationale Generation
(In a 3-prompt vector setting)

0.0 66.67 66.18 70.33 68.85
0.3 69.63 68.71 71.22 69.28
0.5* 70.00 69.09 71.66 69.71
0.7 69.63 68.71 70.89 68.70

Impact of Base LM Choice (SmolLM2)
(In a 3-prompt vector and weight setting of 0.5)

135M-
Instruct*

70.00 69.09 71.66 69.71

360M-
Instruct

68.15 67.45 71.56 69.47

Table 3: Ablations of parameters in RABIT, reporting
accuracy (Acc, %) and weighted F1-score (wF1, %).
*Denotes the setting reported in Table 2.

across evaluation scenarios.
Ablation Study on RABIT Parameters. In this
section, we perform an ablation study to system-
atically examine the assessment performance of
RABIT under various parameter configurations on
both seen- and unseen-prompt test sets. We first
investigate the impact of the number of prompt vec-
tors (i.e., |HP| ∈ {1, 3, 5}) employed in RABIT.
The corresponding results are summarized in the
first part of Table 3. Notably, RABIT facilitates
proficiency score prediction through the integration
of prompt vectors into the model input, rather than
relying solely on natural language generation. As
the number of prompt vectors increases, we ob-
serve performance gains on the unseen-prompt test
set; however, these improvements remain marginal.
Conversely, a noticeable decline in performance is
evident on the seen-prompt test set. To strike an
optimal balance between generalization across test
sets and computational efficiency, we configure the
RABIT with |HP| = 3.

Subsequently, we investigate the combination
weight α that balances the two learning objec-
tives (i.e., proficiency estimation Lscore and grad-
ing rationale generation Lrat), as defined in Eq.
(5). The weight parameter α is selected from
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{0.3, 0.5, 0.7}. Furthermore, α = 0.0 is included
as a reference baseline variant, representing the per-
formance without rationale guidance. As demon-
strated in the second part of Table 3, our results sug-
gest that the rationale generation task is crucial for
the performance of ASA; when this task is omitted
(i.e., α = 0.0), the corresponding performance is
significantly inferior to all other settings with ratio-
nale guidance (α > 0.0). Furthermore, we find that
the choice of combination weight has a relatively
modest impact on overall performance. Increasing
α from 0.3 to 0.7 produces only marginal gains on
the seen-prompt test set, while inducing a slight
performance degradation in unseen-prompt test set.

Finally, the third part of Table 3 examines how
the scale of the backbone language model impacts
ASA performance. Notably, our results demon-
strate that RABIT, when configured with SmolLM-
135M-Instruct, consistently outperforms its larger
360M counterpart across all evaluation metrics.
This finding suggests that for RABIT, a compact
model offers a more balanced model capacity,
which is sufficient to capture grading nuances on
seen prompts while effectively generalizing to the
unseen-prompt test set. Considering both predic-
tive power and computational efficiency, RABIT
adopts SmolLM2-135M-Instruct as its default back-
bone model.
Qualitative Examination of Grading Rationales.
Building on the evidence that rationale generation
enhances the ASA performance of RABIT, we fur-
ther conduct a qualitative comparison to evaluate
the interpretability of the grading rationales gen-
erated by RABIT against those from the teacher
LLM (viz. the source LLM used for distillation).
As shown in Figure 4, the majority of the grad-
ing rationales produced by RABIT and the source
LLM share similar semantic content (sentences
highlighted in green). However, as illustrated by
the sentences marked in purple, RABIT provides
grammatical feedback by identifying errors rather
than generating full corrected sentences. Notably,
RABIT retains the emergent capabilities inherited
from its base model, SmolLM2, allowing it to offer
nuanced grading opinions or instructive feedback
on the spoken response (sentences highlighted in
orange). Moreover, as the rationale generation pro-
cess is conditioned on the expert-annotated pro-
ficiency score, the generated rationales and profi-
ciency scores exhibit a high degree of consistency.
These qualitative results confirm that RABIT not
only effectively captures the grading rationales of

This a wonderful wave because it is beautiful.
[…] We need to be careful of the river because 
maybe I cannot swim in it. we can go there in
summer […]

Transcribed Responses

What place might it be in the picture? What
should you pay attention to when doing
activities in such a place? […]

Short Questions:

Organization (3/5): The response is somewhat disorganized, jumping 
between different ideas and not following a clear structure […]
Grammar (2/5): There are several grammatical errors […]. For
example, “This a wonderful wave” should be “This is a wonderful 
wave” and “we need to be careful of the river” should be “we need to 
be careful of the river”
Content (4/5): The learner provides a good description of the scene, 
such as the family and the people in the picture […]
Feedback: They could also work on refining their grammar and 
sentence structure to produce more fluid and logical sentences.

Grading Rationales Generated from RABIT

Organization (3/5): The response lacks a clear structure and transitions 
between spoken content […]
Grammar(2/5): There are several grammatical errors, including: “This 
a wonderful wave” should be “This is a wonderful wave” (no verb). -
"we need to be careful of the river because maybe I cannot swim in it"
should be “we need to be careful of the river because I may not be able 
to swim in it”[...]
Content (3/5): The response provides some relevant information, such 
as the location (a river) and the season (summer) that is best to visit [...]

Grading Rationales Generated from LLM

Figure 4: Qualitative comparisons of rationales gener-
ated by RABIT and the source LLM. Sentences high-
lighted in green indicate semantic consistency with the
rationales generated by the LLM, while those in purple
reflect semantic divergence. Sentences in orange high-
light emergent capabilities exhibited by RABIT.

the teacher model but also preserves the intrinsic
reasoning capabilities of the underlying small lan-
guage model.

5 Conclusion and Future Work

In this paper, we presented an ASA model designed
to provide a transparent grading process without
compromising computational efficiency. This ad-
vancement highly broadens the scope of ASA sys-
tem in the real-world applications. As a pivotal step
toward interpretable assessment, we proposed RA-
BIT, a rationale-based distillation framework that
produces grading decisions while simultaneously
estimating the proficiency scores of language learn-
ers via a small language model. To enhance the
stability of proficiency score estimation, we intro-
duced prompt vectors for the small language model,
making a pioneering effort within the field of ASA.
Extensive experiments on the picture-description
section of the GEPT dataset validate the superiority
of RABIT, revealing that integrating rationale gen-
eration during the learning process further elevates
ASA performance.
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Limitations

The proposed method is limited by the quality of
the rationales generated from LLMs. Additionally,
the visual information contained in the prompts
(i.e., pictures) is nearly sidelined in current work.
Despite this minimal integration of visual data,
RABIT remains consistent with the standard ASA
rubrics of the GEPT. These scoring rubrics priori-
tize spoken delivery and language use, while treat-
ing topic development as only a secondary facet
of the overall proficiency score. To address these
limitations, future work will investigate integrat-
ing visual features from the picture prompts and
improving the reliability of rationale generation
through multi-agent prompting or human feedback
mechanisms. Furthermore, we plan to enhance the
diversity of the generated rationales of RABIT by
leveraging back-translation techniques (Shen et al.,
2025).

Ethics Statement

This study adheres to the ACL Code of Ethics. We
utilized anonymized datasets provided by LTTC
under authorized access, ensuring that data cura-
tion aligns with ACL standards. While RABIT
provides automated proficiency assessments, it is
designed to supplement human raters and provide
informative feedback for language learners and in-
structors in low-stakes learning scenarios. We also
acknowledge potential biases inherent in teacher
LLMs and encourage cautious interpretation of au-
tomated feedback.
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