


(a) Negative (Clustered seeds) (b) Neutral (Clustered seeds) (c) Positive (Clustered seeds)

(d) Negative (Random seeds) (e) Neutral (Random seeds) (f) Positive (Random seeds)

Figure 2: t-SNE comparison of seed selection strategies. Columns correspond to sentiment classes
(Negative, Neutral, Positive). Top row: seeds chosen by K-means clustering; Bottom row: seeds obtained
by random sampling. All panels share a fixed t-SNE projection of PhraseBank embeddings, allowing
direct spatial comparison between selection strategies.

positive sentiment, while comparative expressions
containing explicit terms such as “negative” may
mislead the classifier. Representative misclassifi-
cations (highest-confidence examples):

� Positive → Neutral (4/57 = 7.0% of positive
examples): “The company increased its pro-
duction capacity following the completion of its
new plant in Germany.” (confidence 91.8%)

� Positive → Negative (2/57 = 3.5%): “Operat-
ing profit improved to EUR 2.3 mn compared
to a negative EUR 5.1 mn a year earlier.” (con-
fidence 89.4%)

On Twitter Financial News, ModernBERT
reaches 77.14% accuracy and a macro-F1 of
71.14%. Misclassifications often stem from terse,
context-poor posts dominated by tickers or URLs,
where limited linguistic cues hinder sentiment in-
ference. Among the misclassified tweets (N=273),
$TICKER symbols appear in 22.0% (60/273) and
URLs in 42.5% (116/273), while emojis are ab-
sent. Synthetic augmentation improves robust-
ness—particularly for DistilBERT and BERT-
Tiny—yet residual errors frequently involve neutral
macroeconomic or market-commentary headlines

flagged as bearish, or brief bullish cues interpreted
as neutral. Representative cases include:

� Neutral → Bearish: “Did Changing Senti-
ment Drive Mountain Province Diamonds’s
(TSE:MPVD) Share Price Down A Painful
82%?” (confidence 94.9%)

� Bullish → Neutral: “Stock Market Update:
Netflix remains among today’s winners” (confi-
dence 95.1%)

6. Conclusion and Future Work

This study presented a lightweight framework for
distillation from synthetic data, enabling com-
pact encoder models to inherit instruction-following
behaviour from large teachers using a minimal num-
ber of domain-specific seeds. Through clustering-
based seed selection and structured prompting,
the framework generates semantically diverse,
label-consistent data that enhances model per-
formance while reducing annotation effort. With
only 12–105 human-labelled sentences, distilled
students achieved strong performance, and Mod-
ernBERT even surpassed the zero-shot GPT-4o
teacher on noisy financial text. This result aligns
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Template 1 (P1 – For Neutral)
Real Seed:
1. Bearish: UPDATE 1–California sues e-cigarette maker Juul for selling nicotine products to youth.
2. Neutral: Stocks making the biggest moves midday: TD Ameritrade, Tiffany, Uber, Hasbro & more.
3. Bullish: $AMZN — Amazon: One Of The Best Long-Term Investments In The Tech Sector.

Synth. e.g.: Wall Street opens flat as investors await key economic data releases later this week.

Template 2 (P2 – For Bullish)
Real Seed: Oil boosted by renewed hopes for global production cut https://t.co/4tAO1U31nz

Synth. e.g.: Hopes of a coordinated decrease in global oil production drive prices upward.

Template 3 (P3 – For Bullish)
Real Seed:
1. $AMZN – Amazon: One Of The Best Long-Term Investments In The Tech Sector.
2. STOCKS SURGE INTO THE CLOSE: Dow up 7.59%, Nasdaq up 7.35%, S&P up 6.95%.
3. UnitedHealth stock price target raised to $335 from $310 at SunTrust RH.

Synth. e.g.: Apple Inc. ($AAPL) hits a new all-time high as analysts increase price target to $225, citing strong
iPhone sales and services growth.

Table 3: Representative real and synthetic examples grouped by prompt template. Each template example
is shown for one sentiment type: this is for the purpose of illustrating all sentiment classes; in practice,
each template is used to generate examples of all classes. P1 and P3 use three real seeds to guide
synthetic generation, while P2 uses a single seed.

Condition Accuracy (%) Macro-F1 (%)

Full model 74.43 67.44
Without P1 72.92 67.06
Without P2 72.81 67.20
Without P3 71.25 65.96

Table 4: Ablation on prompt templates for the Twit-
ter Financial News Sentiment dataset using 105
real seeds and 420 synthetic samples.

with previous findings that show how smaller mod-
els with task-specific fine-tuning can out-perform
large, generalist LLMs (Koćon et al., 2023; Liang
et al., 2023). Ablation results verified the impor-
tance of semantically guided seeds and combina-
tion of structured prompts, while consistent out-
comes across two very different datasets demon-
strated generalisability.

Future work could explore active learning-
based seed selection (Settles, 2009) to improve
coverage, learning from human-annotated or
model-generated explanations to enhance trans-
parency (Hase and Bansal, 2022; Wiegreffe and
Marasović, 2021), and calibration-aware distilla-
tion, which transfers not only predictive accuracy
but also uncertainty calibration from teacher to stu-
dent (Müller et al., 2019; Lee et al., 2022) to further
improve reliability. This framework could also be ex-
tended beyond sentiment analysis to other finance-
related tasks, such as event detection, financial risk
signals, and decision reasoning.

7. Limitations

While effective, the proposed framework exhibits
several limitations. First, performance can vary
with prompt phrasing and the representativeness
of selected seeds; domain shift may reduce gains
if the seed distribution fails to capture emerging
financial expressions. Second, reliance on a single
teacher model restricts linguistic variety and may
propagate its biases, particularly in sentiment or
stance expressions tied to market narratives. Third,
although clustering promotes semantic diversity,
it may not fully capture pragmatic or temporal nu-
ances in evolving financial discourse. Finally, the
framework has not yet been evaluated beyond En-
glish or in cross-domain adaptation settings.
To ensure safe and transparent application, future
studies should analyse class-wise calibration, doc-
ument prompt–output dependencies, and consider
incorporating human oversight or expert validation
when deploying sentiment analysis models in sen-
sitive or high-stakes financial contexts.

Data and Code Availability

The code, trained models, and synthetic datasets
used in this study are publicly available at:
https://github.com/XavierHuangWF/
efficient-financial-distillation.

https://t.co/4tAO1U31nz
https://github.com/XavierHuangWF/efficient-financial-distillation
https://github.com/XavierHuangWF/efficient-financial-distillation
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9. Language Resource References

Malo, Pekka and Sinha, Ankur and Takala,
Pekka and Korhonen, Pasi and Wallenius,
Jyrki. 2014. Financial PhraseBank. PID
https://huggingface.co/datasets/takala/financial_phrasebank.
Sentiment annotations for financial text.

Zeroshot on Huggingface. 2022. Twitter
Financial News Sentiment Corpus. PID
https://huggingface.co/datasets/zeroshot/twitter-
financial-news-sentiment. Three-class sentiment
labels for finance-related tweets.

10. Appendix

10.1. Dataset Examples
Examples illustrating the text data from Financial
Phrasebank and Twitter Financial News Sentiment
are shown in Table 5.

10.2. Statistical and Reproducibility
Analysis

To assess the reliability and significance of the pro-
posed framework, we combined statistical testing
with empirical consistency analysis. Although each
experiment was conducted under a fixed random
seed, performance across datasets and config-
urations remained stable, indicating that the ob-
served gains are not artefacts of random variation.
Such consistency is particularly important for low-
resource adaptation, where limited supervision can
otherwise amplify stochastic effects.

Because only ModernBERT surpassed GPT-4o
in raw accuracy on the Twitter dataset, we further
conducted a McNemar’s test (McNemar, 1947) to
determine whether this improvement was statisti-
cally significant. McNemar’s test evaluates discor-
dant prediction pairs—instances where one model
is correct while the other is not—under the null hy-
pothesis that both models exhibit identical error dis-
tributions. It is a standard non-parametric method
for paired nominal data, widely used for classifier
comparison (Dietterich, 1998).

On the 1,194 aligned Twitter test samples, Mod-
ernBERT (distilled) achieved 77.14% accuracy
compared to 72.78% for GPT-4o. Among 378 dis-
cordant predictions, ModernBERT was correct in
215 cases while GPT-4o was correct in 163 cases,
yielding a ratio b/(b + c) = 0.569 (95% CI [0.517,
0.619]). The continuity-corrected McNemar statis-
tic was χ2 = 6.88 with p = 0.0087, indicating statisti-
cal significance at the 0.05 level. This confirms that
ModernBERT’s advantage on noisy financial Twit-
ter sentiment classification is unlikely to be due to

chance, but rather reflects a genuine improvement
in generalisation and robustness.

10.3. Training Hyperparameters
This appendix documents the experimental envi-
ronment and full training configuration to ensure
reproducibility.

10.3.1. Optimisation and Training
Configuration

Across all experiments, we fine-tuned the student
models using AdamW with a fixed weight decay
of 0.10 and a fixed random seed (24266). Unless
stated otherwise, we used a training batch size of
8 and an evaluation batch size of 32. Sequences
were truncated or padded to a maximum length of
512 tokens. A linear learning-rate schedule with
warm-up was applied. When enabled, early stop-
ping monitored validation loss with patience =
10. Table 6 therefore reports only the hyperparame-
ters that varied across model families and datasets
(learning rate and the number of frozen encoder
layers).

10.4. Layer Freezing and Stability Notes
DistilBERT and ModernBERT, with deeper stacks
(6–12 layers) and wider hidden sizes, achieved
stable convergence with a learning rate of 1× 10−4

and could safely freeze four lower layers in reduced-
data regimes.

BERT-Tiny, being shallower and narrower, re-
quired a higher learning rate (1 × 10−3) to avoid
underfitting and froze only two layers, as additional
freezing removed too much trainable capacity.

On the noisier Twitter dataset, all models used
stronger regularisation (weight decay = 0.10) and
identical batch sizing (8/32) to improve stability un-
der short, variable-length inputs.

10.5. Hardware and Environment
All experiments were conducted on a ROG Strix
G533QS laptop equipped with an AMD Ryzen 9
5900HX CPU (3.30 GHz, 8 cores), 32 GB RAM,
and an NVIDIA GeForce RTX 3080 Laptop GPU
(16 GB VRAM). The system ran Windows 10 Home
(Version 22H2) on a 954 GB SSD.

https://huggingface.co/datasets/takala/financial_phrasebank
https://huggingface.co/datasets/zeroshot/twitter-financial-news-sentiment
https://huggingface.co/datasets/zeroshot/twitter-financial-news-sentiment
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Financial Phrasebank
Positive: Viking Line ’s cargo revenue increased by 5.4 % to EUR 21.46 mn , and cargo volume increased by
2.4 % to 70,116 cargo units .
Neutral: At the request of Finnish media company Alma Media ’s newspapers , research manager Jari Kaivo-oja
at the Finland Futures Research Centre at the Turku School of Economics has drawn up a future scenario for
Finland ’s national economy by using a model developed by the University of Denver .
Negative: Pharmaceuticals group Orion Corp reported a fall in its third-quarter earnings that were hit by larger
expenditures on R&D and marketing .

Twitter Financial News Sentiment
Bullish (positive): $BHE: Lake Street starts at Buy
Neutral: CA$10.60 - That’s What Analysts Think Vecima Networks Inc. Is Worth After These Results
Bearish (negative): Autodesk downgraded to underweight from neutral at JPMorgan

Table 5: Examples data from Financial Phrasebank and Twitter Financial News Sentiment, illustrating
differences in language.

Table 6: Hyperparameter settings across datasets
and models. “Frozen” indicates the number of lower
encoder layers frozen in reduced-data regimes.

Dataset Model LR Frozen

PhraseBank
DistilBERT 1× 10−4 4
ModernBERT 1× 10−4 4
BERT-Tiny 1× 10−3 2

Twitter
DistilBERT 1× 10−4 4
ModernBERT 1× 10−4 4
BERT-Tiny 1× 10−3 2


