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Financial sentiment analysis plays a central role in market monitoring and risk assessment, yet many state-of-the-art
approaches rely on fully fine-tuning large language models with high computational demands. In this work, we ex-
amine a resource-efficient alternative by applying Low-Rank Adaptation (LoRA) to the 270M-parameter Gemma-3
model and evaluating its performance on the FinancialPhraseBank (all-agree) dataset. Despite its compact size, the
LoRA-tuned model achieves an accuracy of 0.9536, a macro-F1 score of 0.9362, and a weighted-F1 score of 0.9533,
clearly improving over the Gemma-7B financial-sentiment baseline reported by Mo et al. while remaining competi-
tive with published FinBERT-style systems on the same benchmark. Additional analysis shows consistent perfor-
mance across sentiment classes, a macro ROC-AUC of 0.997, well-behaved confidence estimates, and stable cali-
bration. From a practical standpoint, the parameter-efficient setup substantially reduces memory usage and trainable
parameter count, enabling effective domain adaptation on widely accessible hardware. These results demonstrate
that high-quality financial sentiment classification does not require full fine-tuning of multi-billion-parameter mod-
els, and that compact models paired with parameter-efficient methods offer an attractive balance between accuracy,
efficiency, and deployability.

Financial sentiment analysis; Gemma-3; Low-Rank Adaptation; LoRA; parameter-efficient fine-tuning;
FinancialPhraseBank.

INTRODUCTION

Sentiment analysis plays a central role in financial decision-making, where the emotional tone
of news headlines and market commentary can influence investor behavior, asset prices, and market
volatility. In domains driven by high-frequency information flow, even subtle sentiment cues can
affect risk assessment and short-term allocation strategies. The FinancialPhraseBank dataset remains
one of the most widely used benchmarks for this task, providing a controlled environment for
assessing sentence-level sentiment classifiers for financial text [Mall14].

The emergence of large language models (LLMs) has reshaped the landscape of NLP. Modern
systems are primarily built on the transformer architecture introduced by Vaswani et al. [Vasl7],
which replaced recurrence with parallelizable self-attention and formed the foundation for pre-trained
models such as BERT [Dev19], GPT-style decoders, LLaMA [Tou23], and the Gemma family
[Tea25]. These models demonstrate strong capabilities in capturing semantic nuance, contextual
dependencies, and domain-specific patterns across diverse text genres, including financial reporting.

A recent study by Mo et al. [Mo24] fine-tuned several transformer-based models—including
the 7B-parameter Gemma-7B—and reported strong accuracy, precision, recall, and Fl-score on
the FinancialPhraseBank dataset. Their reported Gemma-7B configuration uses parameter-efficient
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supervised fine-tuning, which makes it a useful large-model reference point for evaluating whether
a much smaller adapter-tuned model can recover similar task performance.

However, many real-world financial applications—especially those involving on-premise analyt-
ics, embedded systems, or latency-sensitive decision pipelines—cannot rely on massive models due
to hardware constraints, cost limitations, and energy considerations. In addition, the FinancialPhrase-
Bank dataset is relatively small, raising the question of whether large-scale full fine-tuning is even
necessary to achieve strong task performance.

Parameter-Efficient Fine-Tuning (PEFT) methods, such as Low-Rank Adaptation (LoRA)
[Hu22], offer an efficient alternative by updating only a small number of task-specific parameters
while keeping the base model frozen. Recent work has shown that PEFT-tuned small and medium-
sized models can match—or even surpass—the performance of fully fine-tuned large models
on domain-specific or low-resource tasks.

In this paper, we revisit financial sentiment analysis from an efficiency-centric perspective.
We apply LoRA to the 270M-parameter Gemma-3 model [Tea25] and evaluate its performance
on the FinancialPhraseBank dataset. Despite its compact size, the LoRA-tuned Gemma-3 model
improves on the Gemma-7B baseline reported by Mo et al. [M024] in accuracy and F1-score, while
requiring only a fraction of the compute, memory, and trainable parameters. Cross-paper comparisons
further show that the model is competitive with published FinBERT-style systems, although
the strongest domain-specialized encoders still retain an advantage on some 100%-agreement evalu-
ations. These findings highlight the practical utility of compact PEFT-enabled models rather than
treating parameter count alone as the main determinant of benchmark performance.

RELATED WORK

Financial Sentiment Analysis and the FinancialPhraseBank

Early work on financial sentiment analysis relied on lexicon-based and classical ML methods
applied to financial news and corporate disclosures. Malo et al. introduced the FinancialPhraseBank
and demonstrated the importance of domain-specific phrase-level modeling for identifying semantic
orientations in economic text [Mal14]. The dataset has since become a standard benchmark for eval-
uating sentence-level financial sentiment classifiers.

Recent surveys broaden this perspective by reviewing rule-based, machine-learning, and deep-
learning approaches to financial sentiment analysis [Du24]. These works highlight both the im-
portance of carefully curated labeled corpora and the growing trend toward transformer-based models
capable of capturing linguistic subtleties in financial narratives.

Pre-trained Language Models for Financial Text

The introduction of BERT [Dev19] marked a significant shift in sentiment analysis, replacing
hand-crafted features with contextualized embeddings learned from large-scale pre-training. Araci's
FinBERT [Aral9], which further adapts BERT using financial-domain corpora, achieved substantial
improvements over prior baselines on several financial sentiment tasks, including FinancialPhrase-
Bank. Subsequent variants—such as ProsusAl FinBERT and EnhancedFinSentiBERT [Sun25] —
demonstrated that domain-adapted encoders can significantly improve sentiment classification accu-
racy.

Comparative studies, such as that by Nasiopoulos et al. [Nas25], investigate fine-tuned deep learn-
ing models ranging from BERT and FinBERT to proprietary LLMs like GPT-40, showing that model
choice interacts strongly with dataset size and label granularity. While these works underscore
the effectiveness of domain-adapted PLMs, they tend to focus on models in the hundreds-of-millions
parameter range and rarely examine compact sub-billion models from an efficiency perspective.

Large Language Models for Financial Sentiment

With the rapid development of transformer-based autoregressive LLMs [Vas17, Tou23, Tea2s],
recent studies have begun exploring their use in financial sentiment classification. Mo et al. [M024]
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fine-tune several generative models—including DistilBERT, LLaMA, Phi, and Gemma-7B —
on the FinancialPhraseBank dataset, reporting that Gemma-7B achieves the strongest overall perfor-
mance among the evaluated architectures. These results demonstrate that LLMs can effectively
capture nuanced sentiment signals in financial text.

Other work has examined fine-tuning or prompting GPT-style LLMs for financial classification
and forecasting [Du24, Nas25]. In parallel, FinBERT-style encoder models remain strong Finan-
cialPhraseBank baselines: Araci [Aral9] reports 0.97 accuracy and 0.95 F1 on the 100% agreement
subset, Atsiwo [Ats24] reports 0.97 accuracy and 0.96 F1 with synthetic-data augmentation and
a long-context FInBERT variant, and Sun et al. [Sun25] report an F1 score of 0.98 for EnhancedFin-
SentiBERT on the same high-agreement setting. These results provide a useful benchmark for peak
task performance, while the larger LLM studies emphasize the trade-off between model scale, fine-
tuning strategy, and downstream accuracy.

In contrast, our work evaluates a substantially smaller open model (Gemma-3, 270M parameters)
and focuses specifically on whether PEFT enables compact models to match or outperform previously
published large-model baselines while remaining competitive with domain-specialized encoders.

Parameter-Efficient Fine-Tuning of Large Language Models

As transformer-based LLMs have grown in size, full fine-tuning has become increasingly
resource-intensive. Parameter-Efficient Fine-Tuning (PEFT) methods mitigate this burden by updat-
ing only a small fraction of parameters. LoORA [Hu22] introduces trainable low-rank matrices into
attention and feed-forward layers, achieving performance comparable to full fine-tuning while dras-
tically reducing memory requirements. QLoRA [Det23] extends this approach by combining quanti-
zation with LoRA adapters, enabling efficient fine-tuning of models with tens of billions of parame-
ters on a single GPU.

Other PEFT techniques include IA”3 [Liu22], which modulates internal activations using learned
scaling vectors, and a variety of adapter- and prompt-based methods. Recent surveys [Han24, Wan25]
provide comprehensive comparisons and highlight that PEFT often maintains downstream perfor-
mance while drastically reducing training cost, VRAM usage, and total parameter updates.

While PEFT has been widely studied on general NLP benchmarks, relatively few works system-
atically examine its effectiveness in the financial domain, particularly on small and medium-sized
open models. Our study extends this line of research by applying LoRA to a compact 270M-parameter
Gemma model and evaluating both prediction quality and computational efficiency on the Finan-
cialPhraseBank dataset.

CONTRIBUTIONS

The main contributions of this study are as follows:

e Efficient Model Re-Evaluation: We re-examine financial sentiment classification using
a compact LLM (270M parameters) and demonstrate that full fine-tuning of very large models is
unnecessary for this task.

e Performance Improvement over a 7B Baseline: We show that a LoRA-tuned Gemma-3 270M
model surpasses the reported Gemma-7B financial-sentiment baseline from prior work, despite being
drastically smaller and computationally more efficient.

e Comprehensive Metric and Error Analysis: Using accuracy, macro-F1, ROC-AUC, calibra-
tion curves, and confusion matrices, we provide a detailed performance comparison that reveals
where compact LoRA-based models are competitive and where specialized encoder baselines remain
stronger.

e Resource-Efficiency Evaluation: By monitoring GPU memory usage, trainable parameter
count, and compute requirements, we quantify the cost reductions achieved through LoRA and high-
light its suitability for practitioners with limited computational resources.

Overall, this study demonstrates that parameter-efficient training on compact LLMs is viable and
highly competitive for financial sentiment tasks, especially when compared to resource-heavy fine-
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tuning of multi-billion-parameter models. These findings have meaningful implications for financial
institutions and practitioners seeking efficient, deployable NLP systems without sacrificing predictive
accuracy.

EXPERIMENTAL SETUP

This section describes the dataset, model configuration, prompting strategy, tokenization pipeline,
and training environment used to evaluate parameter-efficient fine-tuning on the Gemma-3 270M
model. The goal is to define all experimental components clearly so that subsequent methodological
decisions and performance comparisons can be interpreted in a controlled and reproducible manner.

Dataset

All experiments are conducted on the FinancialPhraseBank (FPB) corpus introduced by Malo
et al. We use the all-agree subset, which contains financial news snippets annotated as negative, neu-
tral, or positive by multiple domain experts who unanimously agreed on the label. This subset is
widely used in financial sentiment research because its strict agreement criterion yields exceptionally
high-quality ground-truth labels.

The rerun uses 1,629 training examples, 182 validation examples, and 453 held-out test examples.
After filtering malformed or unusable rows, the effective training set contains 1,627 examples.
The dataset consists of short, information-dense statements typical of financial journalism, making it
a strong benchmark for evaluating both domain robustness and sentiment sensitivity in compact lan-
guage models.

Model Specification

The base model for all experiments is Gemma-3 (270M parameters), a lightweight decoder-only
transformer designed for instruction-following tasks. Despite its compact size, the model retains
the architectural features of modern LLMs, including multi-head self-attention with rotary positional
embeddings, feed-forward MLP sublayers, and pre-norm residual connections [Vas17].

The attention mechanism used in each transformer block is given by:

i _ QL)
Attention(Q, K,V) = soft max (\/d—k . (1)
The feed-forward network is defined as:
FFN(X) == Wzo'(Wlx + bl) + bz. (2)

These components provide the representational capacity needed for domain-specific adaptation
while maintaining GPU-friendly memory consumption.

Prompting Strategy

Sentiment classification is framed as an instruction-following generation problem. Each training
example is wrapped in a fixed prompt template:

You are a financial sentiment classifier.

Text: "<text>"

Answer with one word: negative, neutral, or positive.
Sentiment:

The model is trained to autoregressively produce exactly one of the three sentiment labels. This
template mirrors prior Gemma prompting conventions and ensures comparability with existing base-
lines, including Gemma-7B.

Tokenization and Label Encoding

All text is processed using the official Gemma tokenizer. Because Gemma does not include a ded-
icated padding token, the end-of-sequence (EOS) token is reused for padding.
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The full prompt—target sequence is tokenized, but only the label tokens contribute to the super-
vised loss. All prompt tokens are masked with -100 to prevent gradient flow into instruction compo-
nents. Sentiment labels follow a consistent integer mapping:

0 — negative;

1 — neutral;

2 — positive.

This setup guarantees deterministic and consistent label alignment across the training and evalu-
ation stages.

Training Environment

All fine-tuning runs are performed on a single 16 GB Nvidia GPU using mixed precision (FP16
or BF16 depending on hardware). Training proceeds for three epochs with the following hyperpa-
rameters:

Learning rate: 2x107%;
Optimizer: AdamW;
Warmup ratio: 0.03;

Effective batch size: 8 (via gradient accumulation).

During training, we log training loss, validation performance, and GPU memory consumption for
later analysis in the results section.

METHODOLOGY

This section details the parameter-efficient fine-tuning strategy, the training objective, and
the evaluation protocol used to assess downstream performance, calibration, and reliability.

Parameter-Efficient Fine-Tuning

To adapt the Gemma-3 model without modifying its full parameter set, we employ Low-Rank
Adaptation (LoRA) [Hu22]. Instead of updating the original weight matrix W, LoRA introduces
a low-rank decomposition:

AW = BA 3)
where 4 in R" and B in R"*¥ with r « d. The effective weight during training becomes:
W'=W+ a BA. 4)
LoRA Configuration:
Rank »=16;
Scaling factor alpha = 32;
No dropout;

Target modules: Wy, Wy, Wy, W

This configuration significantly reduces the number of trainable parameters and enables efficient
training on a single 16 GB Nvidia GPU while maintaining strong expressiveness in the attention
mechanism.

Training Objective

We train the model using supervised causal language modeling. The model receives the complete
instruction prompt and is required to generate only the target sentiment token. All non-target tokens
are masked in the loss function, ensuring that optimization focuses exclusively on predicting the sen-
timent label. This approach is consistent with standard instruction-tuning procedures and simplifies
extraction of calibrated probabilities during evaluation.

Evaluation Protocol

Model performance is assessed on a held-out test split using a comprehensive set of metrics:
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Overall accuracy;

Macro-F1 and class-specific F1;

Per-class precision and recall;

Confusion matrices for error analysis;

Confidence distribution curves;

Expected Calibration Error (ECE);

Manual inspection of high-confidence misclassifications.

These metrics jointly capture both classification accuracy and confidence reliability, which are
critical properties for financial sentiment applications.

Baseline Comparison

For quantitative comparison, we use two levels of external context. First, we compare directly
against the Gemma-7B result reported by Mo et al. [M024], which is the closest large-model Finan-
cialPhraseBank baseline in model family and task framing. Second, we compare against published
FinancialPhraseBank results from FinBERT-style encoder systems [Aral9, Ats24, Sun25]. These
comparisons are cross-paper rather than perfectly controlled: train/test splits, agreement subsets, aug-
mentation strategies, and reported F1 variants differ across studies. They are therefore used as a per-
formance-efficiency reference frame rather than as a strict leaderboard.

RESULTS AND DISCUSSION

This section presents the empirical results of fine-tuning the 270M-parameter Gemma-3 model
using LoRA and compares its performance with published FinancialPhraseBank baselines. We eval-
uate performance on the FinancialPhraseBank (all-agree) test set and analyze calibration, error
behavior, computational efficiency, and cross-paper positioning. Results demonstrate that the com-
pact LoRA-tuned Gemma-3 model clearly improves over the reported Gemma-7B baseline from
Mo et al. [Mo24], while approaching the performance range of stronger domain-specialized
FinBERT-style systems.

Overall Classification Performance

The LoRA-tuned Gemma-3 model achieves an overall accuracy of 0.9536 on the FinancialPhrase-
Bank (all-agree) test set. The macro-averaged metrics provide a balanced, class-agnostic view of per-
formance, yielding a macro precision of 0.9404, a macro recall of 0.9328, and a macro F1-score
0f0.9362. The one-vs-rest macro ROC-AUC is 0.997, indicating strong separability even for
the smaller negative and positive classes.

These values show that the model is not only accurate in aggregate but also performs consistently
across the three classes. The small gap between macro precision and macro recall (0.0076) suggests
that the model is neither overly conservative nor overly eager in assigning class labels. This balance
is especially notable in financial sentiment analysis, where class boundaries can be linguistically
subtle.

Weighted metrics further reinforce this conclusion. The weighted precision, recall, and F1-score
are 0.9536, 0.9536, and 0.9533, respectively. Because these metrics incorporate class frequency, they
reveal that performance on the majority neutral class does not mask deficiencies in the minority clas-
ses. The near-equivalence between weighted recall and overall accuracy also indicates that misclas-
sifications are not driven by one dominant failure mode.

Taken together, these findings demonstrate that high-quality sentiment classification can be
achieved with a compact model architecture when combined with parameter-efficient training.
The performance is particularly noteworthy given that Gemma-3 (270M) operates at less than 4%
of the parameter count of the 7B baseline.



Gardashova L. A., Gasimov A. E. — Parameter-efficient fine-tuning of Gemma-3...

111

Improvement from zero-shot Gemma 3 270M to LoRA-tuned Gemma 3 270MTable 1
on the FinancialPhraseBank all-agree test set. Lower ECE is better
Setup Accuracy Macro-F1 Weighted-F1 ECE
Base Gemma 3 270M (zero-shot) 0.5055 0.4027 0.4924 0.0760
LoRA-tuned Gemma 3 270M 0.9536 0.9362 0.9533 0.0178
Absolute gain +0.4481 +0.5336 +0.4609 —0.0582

The improvement table highlights the main practical effect of LoRA fine-tuning: accuracy rises
by 44.81 percentage points, while macro-F1 increases by 0.5336, corresponding to a 132.5% relative
gain over the zero-shot macro-F1 score. Calibration also improves substantially, with ECE decreasing

from 0.0760 to 0.0178.

Cross-Paper Comparison with Published FPB Results

To contextualize these results, Table 2 compares the LoRA-tuned Gemma 3 270M model with
external FinancialPhraseBank results. The Mo et al. row is taken from the supplied paper PDF and its
arXiv version; the remaining rows are drawn from published FinancialPhraseBank studies that report
results on the 100%-agreement or all-agree setting.

Table 2

Cross-paper comparison on FinancialPhraseBank all-agree or 100%-agreement settings.
Reported F1 variants and split protocols differ by paper, so the table should be read
as contextual positioning rather than a strict apples-to-apples leaderboard

Model / Setup Params Tuning Accuracy F1
Gemma 3 270M (this work) 0.274B LoRA 0.9536 0.9362
Gemma-7B, Mo et al. [Mo024] 7B PEFT/SFT 0.8740 0.8760
FinBERT, Araci [Aral9] 0.11B domain PT + FT 0.9700 0.9500
finbert-lc, Atsiwo [Ats24] 0.11B synthetic FT 0.9700 0.9600
EnhancedFinSentiBERT, 0.11B dictionary + neutral N/R 0.9800
Sun et al. [Sun25] features

Relative to the larger Gemma-7B baseline, the 270M LoRA model improves accuracy by 7.96
percentage points (0.9536 vs. 0.8740) and F1 by 0.0602 (0.9362 vs. 0.8760), while using roughly
26 times fewer total parameters. Compared with the strongest FInBERT-style systems, the rerun is
slightly behind peak 100%-agreement F1, especially EnhancedFinSentiBERT's reported 0.98 F1.
This is expected because those systems use encoder architectures and additional financial-domain
adaptation mechanisms tailored specifically to sentiment classification. The comparison therefore
positions Gemma 3 270M LoRA as a compact generative-model alternative that is substantially
stronger than the published Gemma-7B result, though not the absolute state-of-the-art among special-
ized encoders.

Per-Class Performance

A deeper inspection of precision, recall, and F1-scores for the individual sentiment classes high-
lights how the model handles the distinct linguistic characteristics of each category.
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Table 3
Per-class precision, recall, F1-score, and support
for the LoORA-tuned Gemma 3 270M model (3 s.f.)
Class Precision Recall F1-score Support

Negative 0.903 0.918 0911 61
Neutral 0.965 0.986 0.975 278
Positive 0.953 0.895 0.923 114
Macro average 0.940 0.933 0.936 453
Weighted average 0.954 0.954 0.953 453

The neutral class achieves the strongest performance (F1 = 0.975), which is noteworthy because
neutral statements in financial news often exhibit the smallest lexical and semantic cues. The very
high recall for this class (0.986) indicates that the model rarely misses a neutral instance. This sug-
gests that the LoRA-tuned model has learned a robust representation of domain-specific neutrality,
which is often the largest and most ambiguous class.

In contrast, the positive class shows a more asymmetric profile: precision remains high at 0.953,
while recall is lower at 0.895. This indicates that positive predictions are usually correct, but a subset
of positive statements is still absorbed into the negative or neutral classes. Such behavior is consistent
with financial text patterns, where optimistic sentiment tends to be expressed indirectly or hedged,
leading to subtler cues.

The negative class displays a balanced profile (precision 0.903, recall 0.918), suggesting that the
model has a stable understanding of negative sentiment without excessive over-prediction. Its F1-
score of 0.911 reflects strong discrimination despite negative statements being the minority class.

Overall, the per-class distribution reveals that Gemma-3 excels in identifying neutral sentiment
with high reliability, while maintaining balanced performance on the two polarity classes. The posi-
tive class remains the most difficult class by recall, but the error pattern is structured rather than
random, which is desirable for downstream interpretability and calibration.

These findings align with recent work showing that small instruction-tuned models can form sharp
decision boundaries when guided by explicit task structure and domain-specific prompting. The re-
sults suggest that LORA fine-tuning effectively tailors the latent space of Gemma-3 to the financial
domain without overfitting or collapsing minority-class boundaries.

Confusion Matrix Analysis

Fig. 1 presents the raw and normalized confusion matrices for the test set predictions. The model
exhibits strong class separation overall, with 432 correct predictions out of 453 test examples. Most
errors still occur near the neutral-polarity boundary, but the rerun also contains a small number of
direct polarity reversals, especially positive statements classified as negative.

The neutral class shows the highest stability, with 274 out of 278 samples correctly identified,
corresponding to a normalized recall of 0.99. The four neutral errors are all assigned to the positive
class, suggesting that the model rarely treats neutral statements as negative but can interpret mildly
optimistic corporate wording as positive.

Negative samples are correctly classified in 56 out of 61 cases, corresponding to a normalized
recall of 0.92. Four negative samples are assigned to the neutral class and one is assigned to the pos-
itive class. This indicates that negative sentiment is usually well separated, although polarity inver-
sion is no longer completely absent in the rerun.

The positive class displays the largest spread of errors: 102 out of 114 positive examples are
correctly classified, while six are predicted as neutral and six are predicted as negative. This aligns
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with the earlier precision-recall analysis: positive sentiment remains the most difficult category
by recall, likely due to the more implicit and hedged nature of positive phrasing in financial discourse.

Overall, the confusion patterns demonstrate that model errors are systematic and linguistically
interpretable rather than random. Neutral statements remain highly stable, while the remaining mis-
takes concentrate in cases where polarity cues are subtle or where positive financial language can be
read as weak, conditional, or risk-bearing.

Confusion Matrix (counts) Confusion Matrix (normalized)

negative 56 4 1 negative

7] L
S neutral 0 4 S neutral
= =
positive - 6 6 102 positive - 0.05 0.05
T T T T T
N N
'6"‘2' S'@ _@p ‘_o‘_.‘lb &@ _@z
& & 3 & & 2
& ¢ & ¢
Predicted Predicted

Fig. 1 Confusion matrices for the LoRA fine-tuned Gemma 3 270M:
raw counts (left) and row-normalized values (right)

Prediction Confidence and Calibration

We further analyze the model's probability estimates by examining the reliability curve and
the Expected Calibration Error (ECE). The reliability curve in Fig. 2 shows that the model is best
calibrated at high confidence levels, where most predictions are concentrated. The resulting 10-bin
ECE is 0.0178, a substantial improvement over the zero-shot base model's ECE of 0.0760.

Reliability Curve (max prob vs accuracy)

Accuracy

0.0 T T T
0.0 0.2 0.4 0.6 0.8 1.0

Mean confidence

Fig. 2 Reliability curve for the LoRA-tuned Gemma 3 270M model
on the FinancialPhraseBank all-agree test set
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A clear trend emerges in the higher-confidence region (above approximately 0.85), where empir-
ical accuracy rises sharply and the highest-confidence bin aligns closely with perfect calibration. This
behavior is important for financial sentiment classification because high-confidence predictions are
the ones most likely to influence downstream decision workflows.

The mid-confidence region displays the largest deviations, including bins where predicted confi-
dence is higher than achieved accuracy. These bins correspond to a small subset of difficult or bor-
derline statements rather than the dominant prediction regime. Such deviations are common in com-
pact models and do not significantly impact the overall ECE because most correct predictions occur
at higher confidence.

Overall, the curve indicates useful calibration characteristics: high-confidence predictions are
reliably correct, and the remaining deviations are moderate and interpretable. The low ECE score
demonstrates that the LoORA-tuned Gemma-3 model produces confidence estimates that are meaning-
ful enough for thresholding, review queues, or other risk-aware financial NLP workflows.

Calibration is an important property in financial decision-making settings, where confidence
estimates influence downstream risk assessment. The strong observed calibration highlights the ad-
vantage of compact parameter-efficient architectures in providing reliable probability estimates,
ensuring that predicted confidence levels correspond closely to empirical correctness.

Computational Efficiency

Beyond predictive performance, an important consideration in financial NLP applications is
the computational cost associated with model adaptation. The LoRA-based fine-tuning of
the Gemma-3 270M model demonstrates a substantially lighter resource footprint than adapting
multi-billion-parameter models.

In our experiments, the parameter-efficient setup trained only the LoRA adapter layers, corre-
sponding to 5,898,240 trainable parameters out 0f 273,996,416 total parameters. This means that only
2.1527% of the model parameters were updated. The limited parameter update scope reduces both
memory requirements and computational load while preserving the expressive capacity of the under-
lying model.

During training on a 16 GB Nvidia GPU, peak memory usage reached 5,144.91 MiB, approxi-
mately 5.03 GiB, well within the constraints of modest hardware typically available in academic and
industry environments.

Although we do not directly reimplement the Gemma-7B baseline due to hardware constraints,
adapting a seven-billion-parameter model generally involves substantially higher memory and stor-
age requirements even when PEFT is used. This implies a higher cost barrier in terms of hardware
availability and deployment complexity.

Overall, the results indicate that adapting a compact 270M-parameter model with LoRA achieves
strong performance while remaining feasible on widely accessible hardware. This makes the approach
particularly suitable for financial institutions or research groups that require reliable domain adapta-
tion but operate under strict hardware or deployment constraints.

Summary of Findings

Overall, our results demonstrate that a compact 270M-parameter model, when adapted using
LoRA, can outperform the reported Gemma-7B FinancialPhraseBank baseline while remaining close
to strong specialized encoder systems. The reduced computational burden, strong macro ROC-AUC,
and improved calibration make the LoRA-based approach highly suitable for real-world financial
applications requiring rapid iteration, low latency, or deployment on constrained hardware.

CONCLUSION

This study examined the effectiveness of parameter-efficient fine-tuning for financial sentiment
analysis by applying LoRA to the 270M-parameter Gemma-3 model and evaluating its performance
on the FinancialPhraseBank dataset. Despite its compact size, the adapted model achieved accuracy,
macro-F1, and per-class performance that exceed the Gemma-7B results reported in prior work by Mo
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et al. [Mo024], while remaining competitive with published FinBERT-style systems on the 100%-
agreement setting. These results demonstrate that strong performance on FinancialPhraseBank does
not require reliance on multi-billion-parameter architectures. Instead, a smaller model, when paired
with a carefully configured LoRA adapter, can provide highly competitive results while avoiding
the substantial computational burden associated with large-scale fine-tuning.

Beyond predictive accuracy, the analysis highlighted several practical advantages of the LoRA-
based approach. The reduced number of trainable parameters and modest memory requirements make
the method feasible on widely accessible hardware, lowering the cost barrier for both experimentation
and deployment. Furthermore, the model exhibited stable calibration and well-structured confidence
behavior, indicating that improvements in efficiency do not come at the expense of reliability — an im-
portant consideration in financial decision-making contexts.

Overall, the findings underscore the value of revisiting established sentiment benchmarks through
the lens of resource efficiency. Parameter-efficient methods such as LoRA enable compact open mod-
els to approach or exceed larger generative baselines while remaining more practical for real-world
applications where hardware, energy consumption, and deployment constraints play a central role.
Future work may extend this analysis to larger financial corpora, multi-task settings, or more complex
downstream applications, but the present results provide strong evidence that compact PEFT-tuned
models represent a compelling alternative for financial sentiment analysis when efficiency and
deployability matter alongside raw benchmark accuracy.
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3arnasue: OnTumM3auma napametpos Gemma-3 oA aHanmsa
dUHAHCOBbIX HACTPOEHUIA.

ABTtopbl: appawosa /1. A, Nacbimos A. 3.

AHHOTauuA: AHann3 OUHAHCOBbLIX HACTPOEHWUW WrPaeT UeH-
TPasibHYlO POAb B MOHUTOPWHIE PblHKA M OLEHKe PUCKOB, Of-
HaKO MHOTMe COBPeMeHHble NOAXOAbl OCHOBAHbI Ha NMOJIHOM TOH-
KOM HacTpoiKe 60/bWNX A3bIKOBbIX MOAE/NEN C BbICOKMMU Bbl-
YMCAUTENbHBIMK 3aTpaTamu. B aaHHOM paboTe Mbl paccmaTpu-
Baem pecypcoadPeKTUBHYIO aNbTEPHATUBY, NPUMEHAN aganTa-
uMto HM3Koro paHra (LoRA) Kk mogenm Gemma-3 ¢ 270 muanuo-
HaMW MapamMeTpoB M OLLEHMBAA €e NPOU3BOAUTENbHOCTb
Ha Habope gaHHbIx FinancialPhraseBank (Bce cornacHbi). He-
CMOTPS HA CBOW KOMMAKTHbIMA pa3smep, MOAeNb, HacTPOeHHan
¢ nomoubto LoRA, pocturaet TouHoctn 0,9536, makpo-F1-noka-
3atens 0,9362 u B3BeweHHoro F1-nokasartena 0,9533, uto ABHO
npesocxoaMT 6as30BbIi  NOKasaTeNb aHanM3a (MHAHCOBbLIX
HacTpoeHuit Gemma-7B, npeactaBneHHbIn Mo v ap., U ocTaeTcs
KOHKYPEHTOCNOCOOHOM MO CPaBHEHMIO C ONYHB/IMKOBAHHBIMU CU-
ctemamu B ctune FinBERT Ha Tom ke 3Ta/loHHOM Habope AaH-
HbIX. JONOAHUTENbHbIM aHaNWM3 NOKa3blBaeT CTabUNbHY NPous-
BOAMTENIbHOCTb MO BCEM KJlacCaM HAcTpPoeHui, Makpo-ROC-AUC
0,997, xopolune OLEHKM AOCTOBEPHOCTU U CTabUNbHYIO Kanub-
poBKy. C MPaKTUYeCKOMN TOUYKM 3peHUs, NnapameTpryeckn sdpdek-
TUBHAA KOHOUTypaLUMA CyLLLEeCTBEHHO COKPaLLaeT UCNob30BaHMe
NamMATU M KONMYecTBO 0byYaemblx NapameTpoB, YTO NO3BONAET
3¢pdeKTMBHO aganTmMpoBaTb MOAeNb K NpeameTHon obnactu
Ha WWPOKO JOCTYNMHOM 060pyA0BaHWUW. ITU pe3ynbTaTbl MOKa3bl-
BAlOT, YTO BbICOKOKAYeCTBEHHAA Kaaccupmkauma GUHAHCOBbIX
HACTPOeHUt He TpebyeT MONHON TOHKOM HACTPOMKKU Mmogenein
C MUNNAPAAMM MapaMeTpPOoB, M YTO KOMMAKTHble MOAENN B CO-
yeTaHuM c NapameTpuyeckn addeKTUBHbIMU MeTogammn obecne-
UYMBAIOT MPUB/IEKATENbHBIN BanaHC MexXay TOYHOCTbI, 3ddek-
TUBHOCTbLIO U yA06CTBOM BHEApPEHUSA.

Kniouesble cnosa: AHanun3 GUHaAHCOBbLIX HAacTpoeHuii; Gemma-
3; ApanTaumsa HM3Koro paHra; LoRA; napameTtpuueckmn adpdekTms-
Has TOHKas HacTpolika; FinancialPhraseBank..
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