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1 Problem statement

The rapid advancement of Large Audio-Language
Models (LALMs) has enabled sophisticated open-
ended audio understanding, ranging from cap-
tioning to complex reasoning. However, evaluat-
ing these models remains a significant bottleneck.
Traditional lexical metrics like BLEU (Papineni
et al., 2002), ROUGE (Lin, 2004), and METEOR
(Banerjee and Lavie, 2005) correlate poorly with
human judgment for open-ended tasks, as they
rely on n-gram overlap and penalize semantically
correct answers that differ in phrasing from the
reference. Conversely, human evaluation, while
the gold standard, is expensive, slow, and unscal-
able.

This project aims to develop a robust ”LLM-as-
a-Judge” system specifically for audio-grounded
tasks. We propose fine-tuning a small, efficient
language model (Qwen3-0.6B (Yang et al., 2025))
to predict human quality ratings (on a scale of
1-5) given an audio context, a question, and a
candidate answer. Our research focuses on two
primary questions: First, can small, generative
decoder-only LLMs outperform strong encoder-
only discriminative baselines, such as DeBERTa-
based variants of BERTScore (Zhang et al., 2019)?
Second, does incorporating synthetic Chain-of-
Thought (CoT) (Wei et al., 2023) reasoning and
data augmentation significantly improve align-
ment with human preference, thereby providing a
scalable and reliable metric for the audio domain?

2 What we accomplished

In comparison to our proposal, the following goals
were accomplished:

• Generative model training: We success-
fully fine-tuned a small LLM using both Su-
pervised Fine-Tuning (SFT) and Group Rel-
ative Policy Optimization (GRPO). We also

taught the model to generate custom CoT rea-
soning before assigning a final score, achiev-
ing good correlation with human raters.

• Discriminative baseline: We trained a
DeBERTa-based regression model to act as a
pure scoring judge, which outperformed stan-
dard metrics and established a strong upper
bound for correlation performance.

• Synthetic data engineering: To address
dataset scarcity, we expanded the training
data fivefold through augmentation, para-
phrasing rationales and candidate answers.
Additionally, we generated reasoning traces
using GPT-4o-mini.

• Rigorous evaluation: We implemented
a full evaluation suite comparing lex-
ical metrics (such as BLEU, ROUGE,
METEOR), semantic metrics (BERTScore,
SBERT (Reimers and Gurevych, 2019)), dis-
criminative models and generative judges
against human ground truth.

3 Related work

Several recent papers study LLMs-as-judges,
specifically in audio captioning and speech eval-
uation. Closest to our work is CLAIR-A (Wu
et al., 2025), which proposes a zero-shot, LLM-
based metric for automated audio captioning that
asks GPT-4o (and other LLMs) to output a nu-
meric similarity score between a candidate cap-
tion and reference captions, along with a natural-
language justification. CLAIR-A shows that
this simple in-context evaluation strategy cor-
relates more strongly with human preferences
than both general-purpose metrics text overlap
or embedding metrics such as BLEU, METEOR,
BERTScore and audio-specific metrics such as



Figure 1: An example of how human annotations were collected using POTATO (Pei et al., 2023)

FENSE (Zhou et al., 2022), which combines se-
mantic similarity with a fluency penalty, and
ACES (Wijngaard et al., 2023), which compares
semantic sound descriptor categories derived from
captions. Whereas CLAIR-A focuses on audio
captioning and uses zero-shot inference with large
proprietary LLMs, we train a small open model as
a supervised judge for open-ended audio question
answering and reasoning, explicitly conditioning
on questions, rationale, and transcripts.

Beyond captioning, AudioJudge (Manakul
et al., 2025) investigates Large Audio Models
(LAMs) as judges for speech quality and intelli-
gibility, analyzing what works and fails when us-
ing LAM-based judges for tasks such as pronunci-
ation, rate, and overall speech quality evaluation.
The authors study how well LAM judges track hu-
man ratings, as well as their robustness to acoustic
perturbations and biases. AudioJudge is comple-
mentary to our work: it concentrates on paralin-
guistic and perceptual speech evaluation, while we
focus on semantic correctness and reasoning qual-
ity in audio-grounded QA, but both works high-
light that task and domain-specific judge design
matters for aligning with human preferences.

Furthermore, there exists a broader litera-
ture on using LLMs as general-purpose evalua-
tors. Bavaresco et al. (2025) introduce JUDGE-
BENCH, a benchmark spanning multiple NLP
datasets and LLMs, and show that while LLMs
can match non-expert annotators on some graded
tasks, their agreement with human judgments
varies widely across properties, datasets, and

models, leading the authors to recommend task-
specific validation before deploying LLM judges
as automatic evaluators. Complementary sur-
veys on LLM-as-a-judge (Gu et al. (2025), Li
et al. (2024)) systematically review this paradigm
across functionality, methodology, applications,
and limitations, emphasizing issues such as bias,
robustness, and the need for meta-evaluation
benchmarks to assess the reliability of judge mod-
els. Our work fits within this emerging landscape;
rather than relying on a large, generic judge, we
explicitly fine-tune a small, task-specific evaluator
on human scores for audio-grounded QA, and we
report standard correlations to make its alignment
with human raters transparent.

4 Dataset and Preprocessing

We utilize two primary benchmarks for audio un-
derstanding: the MMAU (Sakshi et al., 2024) mini
test set and MMAR (Ma et al., 2025).

4.1 Data Source
The core dataset for this project was created dur-
ing the JSALT 2025 workshop. While it builds
upon the existing MMAU and MMAR bench-
marks, its distinct contribution is a new layer of
human quality annotations (see Figure 1 for the
annotation interface). The dataset contains a to-
tal of 3,613 evaluation items, consisting of 1,804
items from MMAU (covering 935 unique ques-
tions) and 1,809 items from MMAR (covering
937 unique questions). The total number of items
exceeds the number of unique questions because



Figure 2: An example entry from the original dataset, showcasing the question, reference answer, rationale, and
multiple LALM candidate outputs with human ratings.

up to 15 different LALMs were used to gener-
ate open-ended responses, including: SALMONN
(Tang et al., 2024), Qwen2-Audio (Chu et al.,
2024), and Audio Flamingo 3 (Goel et al., 2025).
These responses were then rated by humans on a
scale of 1 to 5. The majority of ratings (∼70%)
were clustered at the extremes (1s and 5s).

In addition to numerical scores, annotators used
feedback flags to identify specific issues, such
as incomplete questions ([Q]), flawed references
([R]), or ambiguity preventing judgment ([U]), as
detailed in Figure 1.

As shown in Figure 2, each data entry contains:

• Question: The prompt given to the model.

• Reference Answer: The ground truth an-
swer.

• Rationale: A textual justification for the
reference answer, generated by Gemini-2.5-
flash.

• Transcription: A speech-to-text transcript
generated by Whisper Large v3 (where ap-
plicable).

• Candidate Answer: The output from a spe-
cific LALM.

• Human Ratings: A list of scores provided
by human annotators.

4.2 Preprocessing
The raw data was originally structured by question
ID, with nested dictionaries for each model’s out-
put. We developed a cleaning pipeline to flatten

this structure into a standard JSONL format:
{Question, Reference, Rationale,
Transcript, Candidate, Mean Human
Score}. To ensure the reliability of our ground
truth, we filtered the dataset by removing any
evaluation instance where annotators selected any
feedback flag (e.g., [Q], [A], [U], [E], [R]). This
step eliminated ambiguous or flawed examples,
resulting in a high-quality final dataset of ap-
proximately 3,400 items. Finally, we performed
a random 90%/10% split to create our training
and held-out test sets, ensuring that the evaluation
results reported below reflect generalization to
unseen questions.

4.3 Data Augmentation
Training a robust judge model on only ∼3,100
examples poses a significant risk of overfitting
to specific sentence structures rather than learn-
ing semantic evaluation. To mitigate this and im-
prove generalization, we implemented a synthetic
data augmentation pipeline using GPT-4o-mini,
expanding the training set by a factor of 5x. We
used two primary strategies:

Linguistic Diversity. To prevent the model from
overfitting to specific phrasings, we generated se-
mantically equivalent but linguistically distinct
versions of the rationales and candidate answers.
For example, in an emotion detection task where
the reference emotion is ”Angry”:

• Original Rationale: ”The man’s voice is
loud and gruff, with a sharp, impatient tone.
He repeatedly shouts ’Not now!’...”



• Augmented Variation: ”The man speaks in
a loud, rough voice that carries an impatient
quality. His repeated insistence of ’Not now!’
highlights his irritation...”

This ensures the model learns to recognize the un-
derlying concept of the critique rather than mem-
orizing keywords.

Negative Mining. We also created ”hard nega-
tives” to teach the judge model to detect contra-
dictions. By retaining a correct rationale (the ev-
idence) but pairing it with a clearly incorrect can-
didate answer, we force the model to penalize an-
swers that ignore the provided evidence.

• Context (F1 Car): The rationale describes
”a remarkably loud, piercing engine noise,
typical of a high-speed racing car.”

• Negative Pair: The pipeline pairs this de-
scription with the candidate ”An alarm.”
(Target Score: 1.0).

This forces the model to spot when the audio evi-
dence (rationale) explicitly contradicts the conclu-
sion (candidate).

4.4 Synthetic Chain-of-Thought (CoT)
We hypothesized that treating evaluation as a sim-
ple regression task treats the judgment process as
a ”black box,” limiting performance. To address
this, we integrated synthetic CoT data to force
the model to explicitly reason before assigning a
score.

We used GPT-4o-mini to generate reasoning
traces for every training example. The teacher
model was provided with the full context and
the ground truth human score, and was tasked
with generating a step-by-step justification for that
score. This transformed our training targets into
the structured format: <think> [Reasoning
Trace] </think> [Score].

For instance, in the ”F1 Car” example where a
human rated a candidate 4.0 (instead of 5.0), the
CoT teaches the model to articulate the specific
deficiency:

<think>
The candidate answer states that ’the sound in
the audio is most likely produced by a race
car...’ This aligns well with the reference an-
swer... However, the candidate answer is slightly
less specific than the reference, as it does not ex-
plicitly mention ’F1 car’... This omission pre-
vents the answer from being perfectly aligned...

Nevertheless, the central idea remains intact...
Given these factors, the score of 4.0 is justified...
</think>
4.0

This moves the model beyond simple regression to
reasoned evaluation, improving explainability and
alignment.

5 Baseline

We use a script to establish a baseline perfor-
mance for our project. This calculates how well
traditional, simpler metrics correlate with human
judgements and serves as a point of comparison
for our LLM-as-a-judge model.

Two main classes of metrics are evaluated:

• Lexical metrics: BLEU, ROUGE, and ME-
TEOR. These metrics rely on exact word
overlaps between the candidate and refer-
ence answers. While they are computation-
ally cheap, they often fail to capture semantic
equivalences, especially in open-ended tasks
where the correct answer can be phrased in
multiple ways.

• Semantic metrics: We compute BERTScore
and SBERT (Sentence BERT) cosine simi-
larity. These metrics use pre-trained contex-
tual embeddings to measure the similarity in
meaning rather than just surface-level word
matching.

To quantify the effectiveness of these baselines,
we initially calculated the mean performance of
each metric on our training dataset. We later ex-
tended our approach to include bucketed analy-
sis, grouping human ratings into five quality tiers
(”very poor” to ”excellent”) to observe if the base-
line metrics monotonically increase with human
quality judgements.

Rating N BLEU ROUGE MET BERT S-BERT
1 (V. Poor) 1740 .002 .039 .047 .831 .245
2 (Poor) 328 .002 .071 .089 .840 .324
3 (Neutral) 214 .000 .078 .086 .837 .336
4 (Good) 284 .004 .108 .137 .842 .399
5 (Excel.) 830 .018 .299 .298 .869 .534

Table 1: Mean metric scores stratified by human rating
buckets. Each cell represents the average value of that
metric for all examples assigned that specific human
rating.

We refined our analysis by calculating the Pear-
son (r) and Spearman (ρ) correlations between



the semantic metrics and the ground-truth human
ratings on the training set. BERTScore showed
weak correlation (r = 0.21, ρ = 0.24), while
S-BERT performed moderately better (r = 0.51,
ρ = 0.47). These relatively low correlations, par-
ticularly for BERTScore, indicate the limitations
of existing automated metrics for audio-grounded
reasoning and help justify the need for a trained
judge model.

5.1 Supervised Discriminative Baseline:
DeBERTa scorer

To determine whether the complexity of a gen-
erative LLM is necessary for accurate scoring,
we trained a discriminative baseline based on
the DeBERTa-v3 architecture (He et al., 2023).
Unlike the generative Qwen models, this is an
encoder-only architecture fine-tuned to output a
single scalar score based on the input.

Architecture: We utilized
microsoft/deberta-v3-base as our
backbone. The input sequence x is constructed
by concatenating the relevant fields into a single
string with explicit separators:

Question: q
Reference: a*
Rationale: r
Transcript: t
Candidate: â

The input includes the question, reference an-
swer, rationale, transcript (where available), and
the candidate answer. DeBERTa-v3 utilizes a dis-
entangled attention mechanism, where content and
relative position are encoded separately, allowing
it to better model the semantic relationship be-
tween the reference and candidate answers over
long sequences compared to standard BERT mod-
els.

Learnable Pooling Mechanism. Instead of re-
lying solely on the standard [CLS] token embed-
ding for classification, we implemented a custom
learnable pooling head to aggregate information
from the entire sequence. We initialize a learnable
query vector qpool ∈ Rd (where d = 768). We
then apply a Multi-Head Attention (MHA) layer
where qpool serves as the query, and the encoder’s
last hidden states H ∈ RL×d serve as both keys

and values:

hpooled = MHA(query = qpool,

key = H,

value = H)

This mechanism allows the model to dynami-
cally attend to the most relevant tokens in the se-
quence (e.g., specific discrepancies between the
candidate and reference) regardless of their po-
sition, compressing the sequence into a single
context-aware vector hpooled.

Regression Head and Objective. The pooled
representation is passed through a two-layer
Multi-Layer Perceptron (MLP) with ReLU acti-
vation and dropout (p = 0.1) to project it to a
scalar logit z. A sigmoid function σ(·) maps this
logit to the range (0, 1), representing the normal-
ized score:

ŷ = σ(MLP(hpooled))

The model was trained to minimize the Mean
Squared Error (MSE) between the predicted score
ŷ and the normalized human ground truth score
y ∈ [0, 1] (derived from the original 1–5 Likert
scale):

L =
1

N

N∑
i=1

||ŷi − yi||2

We trained for 20 epochs with a batch size of 16
and a learning rate of 2× 10−5 using the AdamW
optimizer. To address the label imbalance (pre-
dominance of 1s and 5s), we employed stratified
sampling during training to ensure uniform expo-
sure to all score levels.

6 Multi-stage Training

We adopted a two-stage training paradigm, mov-
ing from supervised imitation to reinforcement
learning. This approach allows the model to first
learn the structural requirements of the task (SFT)
before optimizing for scoring accuracy and rea-
soning quality (GRPO).

6.1 Stage 1: Supervised Fine-Tuning (SFT)

The primary goal of the SFT stage was to
bootstrap the model’s ability to adhere to
the required output formats. We used the
Qwen/Qwen3-0.6B model as our base. It is



worth noting that Qwen3 natively supports Chain-
of-Thought (CoT) reasoning; enabling this behav-
ior typically requires setting a specific flag in the
chat template or appending the token /think at
the end of the prompt.

We explored two distinct SFT strategies:

1. SFT with CoT: The model is trained to gen-
erate a coherent reasoning trace enclosed in
<think> tags before outputting the final
scalar score.

2. SFT No-Think (Direct Scoring): The
model is trained to simply output a single
scalar number (1-5) with no prior reasoning,
serving as a baseline for the effectiveness of
the reasoning process.

Figure 3: Training loss for the SFT model with Chain-
of-Thought (CoT) reasoning.

For both strategies, we utilized LoRA (Low-
Rank Adaptation) rather than full fine-tuning.
We targeted all linear layers in the transformer
block (q proj, k proj, v proj, o proj,
gate proj, up proj, down proj) with a
rank r = 16 and alpha α = 32.

The models were trained on the original train-
ing dataset (N ≈ 3, 100 examples) using standard
causal language modeling cross-entropy loss. We
trained for 8 epochs with a learning rate of 10−4, a
cosine scheduler, and an effective batch size of 32.
To accommodate the lengthy audio transcripts and
reasoning traces, we set the maximum sequence
length to 8192 tokens.

Training efficiency varied significantly between
the two approaches due to the output length. The
SFT with CoT model required approximately 30
minutes to train, whereas the SFT No-Think
model completed training in just 10 minutes.

Figure 4: Training loss for the SFT model trained on
direct scoring (No-Think).

Figure 5: Comparative validation loss between the CoT
and No-Think models. The No-Think model exhibits
signs of overfitting (rising validation loss) much earlier
than the CoT model.

6.2 Stage 2: Group Relative Policy
Optimization (GRPO)

While SFT teaches the model how to speak, it does
not necessarily teach it what constitutes a good
judgment. To align the model’s scoring behavior
with human intuition, we proceeded with Group
Relative Policy Optimization (GRPO) on the full
augmented dataset (N ≈ 15, 500). This stage
was computationally intensive, requiring approx-
imately 6.5 hours.

GRPO eliminates the need for a separate value
function model, making it highly efficient for
our compute constraints. For every training
prompt q, the model samples a group of outputs
{o1, o2, ..., oG} (where G = 8). The temperature
is set to 0.7 and effective batch size to 8. The op-
timization objective maximizes the likelihood of
outputs that receive high rewards relative to the
group average. We designed two specific reward
functions:

1. Format Reward (Max 0.6): A structural re-
ward composed of three incremental compo-
nents: matching the CoT tag pattern (+0.2),
ensuring minimum reasoning length (+0.2),
and producing a valid parseable score (+0.2).



This ensures the model maintains the re-
quired output structure.

2. Accuracy Reward (Max 1.0): A distance-
based reward derived from the ground truth
human score yhuman:

Racc = 1.0−
|ypred − yhuman|

4.0

This function provides a continuous signal,
offering partial credit for near-misses while
linearly penalizing deviations, scaling from
0.0 (max error) to 1.0 (perfect match).

Figure 6: Training reward during GRPO. The reward
consistently fluctuates between 0.6 and 1.6, indicating
that the prior SFT stage successfully stabilized the for-
mat adherence (the 0.6 baseline). The variance primar-
ily reflects the model’s exploration in optimizing the
accuracy component.

We utilized a significantly lower learning rate
of 10−6 for this stage to prevent catastrophic for-
getting of the SFT knowledge. We set the KL-
divergence coefficient β = 0.001. As shown in
Figure 7, the KL term steadily increases, indicat-
ing that the policy is successfully exploring and
deviating from the reference model to maximize
rewards, even though recent research suggests the
KL term might be optional in GRPO frameworks.

Figure 7: KL Divergence over time. The steady in-
crease indicates the model is learning new behaviors
and deviating from the initial SFT policy.

6.3 Hardware and Implementation
All training experiments were conducted on a sin-
gle NVIDIA H200 GPU.

We used the trl library for the training loop
and integrated vLLM for generation rollouts dur-
ing the GRPO stage. This hybrid setup allowed
for extremely fast inference during RL training.

7 Evaluation metrics

To rigorously assess the performance of our
LLM-as-a-Judge, we compare its predicted scores
against the ground truth human ratings using the
following metrics:

• Pearson Correlation (r): Measures the lin-
ear correlation between the predicted scores
(ŷ) and human ratings (y).

r =

∑
(ŷi − ¯̂y)(yi − ȳ)√∑

(ŷi − ¯̂y)2
∑

(yi − ȳ)2

• Spearman’s Rank Correlation (ρ): Mea-
sures the monotonic relationship by assessing
the correlation of rank variables, where di is
the difference between the two ranks of each
observation:

ρ = 1− 6
∑

d2i
n(n2 − 1)

• Mean Absolute Error (MAE): Calculates
the average absolute difference between the
predicted scores and the ground truth human
ratings. This provides a direct measure of the
prediction error magnitude on the 1-5 scale.

• Accuracy: Measures the percentage of in-
stances where the model’s predicted score
(rounded to the nearest integer) exactly
matches the rounded human rating. This
treats the evaluation as a classification prob-
lem to assess precise alignment.

8 Results

We evaluated the Qwen model against unsuper-
vised metrics and a supervised baseline, compar-
ing performance before and after fine-tuning. The
evaluations were performed on the held-out orig-
inal test set (N = 338), the results of which are
summarized in the table below:

The zero-shot base Qwen model with no CoT
reasoning failed completely, achieving near zero



Model / Method Pearson (r) Spearman (ρ) MAE Acc
Baselines
Base DeBERTa (BERTScore) 0.210 0.239 - -
Base (S-BERT) 0.506 0.472 - -
Fine-tuned (DeBERTa) 0.867 0.823 0.4727 70.18%
Qwen-Base
Direct Scoring -0.008 -0.038 2.012 15.6%
CoT Reasoning 0.440 0.399 1.377 44.6%
Qwen-Fine-Tuned
SFT (Direct Scoring) 0.834 0.802 0.514 66.7%
SFT (CoT Reasoning) 0.823 0.787 0.526 66.9%
GRPO (CoT Reasoning) 0.824 0.798 0.525 67.8%

Table 2: Performance comparison. Direct Scoring in-
dicates the model output a score immediately; CoT in-
dicates the model generated reasoning first.

Pearson correlation and an accuracy of 15.6%,
confirming that a small 0.6B parameter model has
no inherent capability to judge audio-grounded
QA pairs without specific instruction tuning.
Moreover, this also calls attention to the non-
triviality of the task and its inability to be solved
by the base model’s pre-training knowledge alone.
Prompting the model to use CoT reasoning yielded
a significant improvement, raising the Pearson
correlation to r = 0.44. However, this is still no-
tably lower than the S-BERT baseline’s r = 0.506.
This indicates that while reasoning helps, the base
model lacks the domain-specific knowledge re-
quired to outperform simple embedding metrics.

The supervised DeBERTa baseline significantly
outperforms all unsupervised metrics and Qwen
models across all categories, demonstrating that
the task is learnable and that a specialized encoder
model can effectively rank answer quality. The
bidirectional attention mechanism of DeBERTa al-
lows it to cross-reference the candidate answer
against the rationale and reference simultaneously,
making it effective at detecting semantic discrep-
ancies. As mentioned earlier in the report, how-
ever, the downside is that it remains a ”black box”
that cannot explain its decisions to a human user.

Our fine-tuned generative models bridge this
gap between performance and interpretability. The
SFT (Direct Scoring) model achieved a high Pear-
son r = 0.834 and a relatively low MAE (0.514),
suggesting that the model internalized the scor-
ing rubric. Most importantly, the GRPO model
(with CoT) achieved a high classification accuracy
(67.8%). While its linear correlation of r = 0.824
is slightly lower than the pure regression baseline
set by DeBERTa, it offers the advantage of provid-
ing reasoning traces while maintaining respectable
accuracy over the task of score prediction.

The success of the GRPO model suggests that

reinforcement learning optimized its ability to
serve as an accurate and interpretable judge to
some extent, but its performance relative to the
discriminative baseline highlights that there is still
room for improvement. We isolate and analyze the
success and failure cases from our models in the
next section to better understand which of their as-
pects need to be addressed in detail.

9 Error Analysis

9.1 Analysis of DeBERTa-based judge

To understand the behavior of our strongest base-
line, we analyzed instances where the fine-tuned
DeBERTa model’s predicted score had the largest
deviation (Mean Absolute Error) from the human
ground truth. This analysis revealed two distinct
and informative patterns.

In cases of significant underestimation, the
model was much harsher than human raters. This
typically occurred when a candidate answer was
semantically correct but failed to use a specific
keyword present in the reference. For example,
when the reference answer was ”Chiropractic,” a
candidate describing the scene as ”The woman is
engaging in conversation with a man who is ex-
plaining his pain, and afterward, she checks him.”
was rated 4.0 by a human but only 1.8 by the
model. This suggests the model over-weights the
presence of key terms learned during training and
is less robust to valid paraphrasing. This suggests
the model over-weights the presence of key terms
learned during training and is less robust to valid
paraphrasing.

9.2 Analysis of Qwen3-based judge

To understand where and how the models falter
when rating answers, we conducted a qualitative
analysis of specific examples where the model’s
score differed from the human rating by at least 2
points. This section highlights characteristic be-
haviors: both failures and successes, across the
different training stages.

The untrained base model (No-Think) fre-
quently struggles with basic quality assessment.
As shown in Figure 8, the model sometimes con-
flates the length or complexity of a candidate an-
swer with its correctness, leading to significant
overestimations of factually wrong responses.

When forced to use reasoning without fine-
tuning, the base model (CoT) often produces frac-
tured or contradictory logic. Figure 9 illustrates a



Figure 8: The Base model (No-Think) often halluci-
nates quality in verbose but incorrect answers, overes-
timating them significantly.

Figure 9: When forced to use CoT, the Base model’s
reasoning often breaks down, leading to logical contra-
dictions and incorrect scores.

case where the model’s reasoning correctly identi-
fies the candidate as incorrect but then inexplica-
bly assigns a high score, highlighting a disconnect
between its reasoning and scoring mechanisms.

Figure 10: The SFT model (No-Think) shows im-
proved accuracy but can still be semantically rigid, fail-
ing to recognize synonyms or alternative phrasings.

Supervised Fine-Tuning significantly improves
performance, but the SFT model (No-Think) still
exhibits semantic rigidity. Figure 10 shows a case
of massive underestimation where the model fails
to recognize that the candidate answer is a seman-
tic equivalent of the reference, demonstrating a
lack of robustness to surface-level variations.

Figure 11: The SFT model (CoT) demonstrates the
ability to align its reasoning with its score, accurately
identifying partially correct answers.

With Chain-of-Thought enabled, the SFT
model (CoT) is better able to articulate the nu-
ances of its judgment. Figure 11 showcases a suc-
cess story where the model’s reasoning correctly
identifies a candidate answer as mostly correct but
lacking specific details, aligning perfectly with the
human rater’s score.

Figure 12: The final GRPO model (CoT) shows the
highest alignment with human judgment, correctly
identifying the core concept even when the specific
term differs from the reference.

Our final GRPO model (CoT) demonstrates
the highest level of sophistication. As seen in
Figure 12, the model is able to look beyond ex-
act word matching, correctly identifying that the
candidate’s mention of a ”drum” captures the core
concept of a percussion instrument maintaining
rhythm, even if the reference specified a ”tam-
bourine.” Its reasoning clearly justifies this nu-
anced judgment, aligning perfectly with the hu-
man score.

From these qualitative examples, it is clear that
while GRPO and CoT significantly improve the
model’s judgment capability, fundamental chal-
lenges in semantic understanding persist.



10 Conclusion

Our project successfully demonstrates that small,
specialized language models can serve as effective
judges for open-ended audio reasoning tasks, pro-
vided they are trained with the right methodology.
Our experiments revealed that while lexical meth-
ods and base metrics like BERTScore are insuf-
ficient for this domain, a fine-tuned Qwen3-0.6B
model can achieve high alignment with human rat-
ings (r > 0.82) while offering the crucial advan-
tage of interpretability.

One surprising result was the effectiveness of
the fine-tuned DeBERTa, which outperformed our
generative models with regards to pure linear cor-
relation. This indicates that decoder-only LLMs
are not necessarily superior for all evaluation
tasks; rather, compact, task-specific discrimina-
tive models remain highly competitive when the
objective is constrained to pure scoring. Our
GRPO model received a respectable accuracy
score (67.8%), supporting the notion that rein-
forcement learning helps the model internalize the
specific decision boundaries of the 1-5 rating scale
better than simple regression.

Despite these successes, some challenges still
remain. Our error analysis uncovered that the
judge is still susceptible to certain biases, such as
favoring large, complex-sounding answers when
they are nonsensical, or failing to differentiate be-
tween synonyms. These issues indicate that while
the model has learned the form of a good critique,
it has yet to master the actual substance of seman-
tic equivalence.

Continuing this work would involve following
two potential main directions. First, we would
have to refine our reinforcement learning meth-
ods (by incorporating DPO, for instance), to ad-
dress the failure modes outlined in the error anal-
ysis section earlier in order to improve model ac-
curacy. Second, we could explore a hybrid archi-
tecture where a lightweight encoder (such as De-
BERTa) predicts the score and a generative model
(such as Qwen) provides the rationale, combining
the best of both worlds to achieve maximum cor-
relation and interpretability.

11 AI Disclosure

The conceptualization, outline and direction of the
project were purely handled by the team. We
mainly used Gemini 3 Pro and ChatGPT while
writing scripts, proofreading written text, and to

double-check our methodologies at each stage of
the project. Certain images in this report were
also generated using Gemini to provide easy visu-
alizations and facilitate easier skimming of com-
plex concepts. Although the code generated by
these models had solid foundations, some required
manual intervention in the form of optimizations
and bug-fixes, such as with data parsing or train-
ing scripts. All model outputs were ultimately vet-
ted by each of the team members, and, to the best
of our knowledge, no outputs were ever clearly
wrong or irrelevant to our needs.
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