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Abstract—The EU Pay Transparency Directive  (2023/970), 

applicable from June 2026, requires large employers to report 

gender  pay  gaps  with  documentation  of  how  they  were 

calculated.  Turning  raw  statistical  outputs  into  compliant, 

readable reports is a barrier for human-resources teams without 

data-science expertise. Cloud language models could help, but 

pay data is special-category personal data under the GDPR and 

risky to send to external  services.  We therefore ask whether 

small open-weight language models, fine-tuned and run entirely 

on local hardware, can do this work without the data leaving the 

organisation.  Using  a  memory-efficient  method  (QLoRA, 

quantized low-rank adaptation), we adapt Llama 3.1 8B, Mistral 

7B  and  Phi-3.5  Mini  for  three  tasks:  turning  an  analyst’s 

question into statistical parameters, explaining pay-gap results 

faithfully, and checking a report against the Directive. All run 

on a mid-range workstation with an 8 GB GPU. Fine-tuning 

clearly  helps  the  first  and  third  tasks,  whereas  faithful 

explanation depends more on retrieving worked examples  at 

inference  time.  Accuracy  saturates  at  about  40  training 

examples  in  total  (around 13  per  task),  indicating  feasibility 

without dedicated machine-learning infrastructure.

Index Terms—small language models, fine-tuning, pay equity, 

EU Directive 2023/970,  regulatory compliance,  QLoRA, local 

deployment, data sovereignty.

I. INTRODUCTION

U Directive 2023/970 [1] on pay transparency, applica-

ble from June 2026, requires employers with over 100 

employees to report gender pay gaps by job category, median 

and mean compensation differences,  quartile  pay distribu-

tions  and  breakdowns  by  supplementary  pay  components. 

While the required metrics are well-defined, translating sta-

tistical outputs into regulatory-compliant reports remains a 

significant barrier for HR departments without data science 

expertise.

E

Recent advances in Small Language Models (SLMs) offer 

a potential solution: compact, locally deployable models that 

can interpret statistical outputs and generate natural language 

reports without routing sensitive payroll data to external APIs. 

•Code and data: https://github.com/mikolajkuna/slm-payequity

Prior work has explored LLMs for legal document under-

standing and compliance tasks, but their application to struc-

tured pay equity  analysis  under  hardware-constrained,  on-

premise conditions remains unstudied.

This paper evaluates whether fine-tuned SLMs can reliably 

perform three compliance-critical  tasks:  translating analyst 

queries into statistical parameters (TC1), generating faithful 

explanations of pay gap results (TC2) and assessing reporting 

completeness against Directive requirements (TC3). Integra-

tion with advanced statistical backends, including non-linear 

and Bayesian frameworks, is left for future work.

II.RELATED WORK

A. LLMs for Legal and Regulatory Compliance

The application of large language models to legal and regu-

latory  text  has  attracted  growing  attention.  Early  work 

demonstrated that aligning models via human feedback sub-

stantially improves instruction following [2] and that instruc-

tion-tuned models acquire zero-shot generalisation to unseen 

task formats [3], while few-shot prompting further closes the 

gap on structured extraction benchmarks [4]. In compliance-

adjacent settings, models fine-tuned on domain corpora sub-

stantially  outperform  general-purpose  baselines  on  clause 

classification,  obligation  detection  and  regulatory  require-

ment  mapping  [22],  [23]—tasks  structurally  analogous  to 

TC3 in our framework. Benchmarks for legal NLU [22] and 

for fairness in legal text across sensitive attributes including 

gender [23] are relevant but do not target Directive 2023/970 

reporting.

Tool-augmented LLMs have been studied for API-driven 

automation [5], [6], where the model must translate natural 

language intent into structured function calls—a setting di-

rectly comparable to our TC1 task. Gorilla [5] and ToolLLM 

[6] demonstrate that  fine-tuning on task-specific examples 

yields substantial gains over few-shot prompting, consistent 

with our experimental design. However, these systems target
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general developer workflows rather than HR compliance un-

der GDPR data sovereignty constraints. 

B. Parameter-Efficient Fine-Tuning of SLMs 

Low-Rank Adaptation (LoRA) [7] and its quantized variant 

QLoRA [8] enable fine-tuning of billion-parameter models on 

consumer-grade hardware by updating a small set of adapter 

parameters while freezing the base model. QLoRA combines 

4-bit NF4 quantization with double quantization and paged 

optimizers, recovering >98% of full-precision performance 

with a ~75% reduction in VRAM footprint [8]. The LIMA 

study [9] established that data quality dominates dataset size 

for instruction fine-tuning: 1,000 carefully curated examples 

suffice to align a model for diverse tasks. Our training set of 

180 domain-specific examples operationalises this principle 

in a narrow compliance domain. 

Chain-of-thought prompting [10] and self-instruct data 

generation [11] have been applied to improve reasoning on 

structured tasks. We adopt constrained self-instruct for TC2 

and TC3 training data, adding faithfulness gates and rubric-

guided synthesis to control annotation quality without manual 

labelling at scale. 

C. Pay Equity Analysis and NLP 

Statistical approaches to pay equity have been applied to EU 

Directive 2023/970-mandated metrics. The natural language 

interface layer evaluated here is complementary to these sta-

tistical backends: it targets the interpretation and communica-

tion bottleneck rather than the estimation problem. RAGAS 

[12] informs the automated faithfulness metrics used for TC2 

assessment. Sentence-BERT embeddings [13] and FAISS in-

dexing [14] underpin the RAG baseline retrieval mechanism. 

To our knowledge, no prior work evaluates SLMs specifically 

on pay equity compliance tasks under hardware-constrained 

on-premise deployment conditions. 

III. METHODOLOGY 

A. Dataset and Statistical Backend 

We employ a synthetic dataset (n=2,000) that we generate us-

ing CTGAN [15], comprising 9 variables: gender (M/F), age, 

education_level (1–4), experience_years, job_level (1=Jun-

ior, 2=Mid, 3=Senior, 4=Manager), distance_from_home (bi-

nary: 1 if >15 km from workplace), absence, child (number of 

children) and income (outcome variable). The dataset was 

generated using CTGAN trained on an HR dataset, preserving 

distributional properties including salary ranges, gender ra-

tios, job level distributions and family status patterns charac-

teristic of the Polish labor market. Salary values reflect real-

istic Polish labor market conditions. The dataset encodes a 

gender main effect of +15 PLN (intentionally near-zero to 

validate estimation accuracy) with substantive gaps intro-

duced via interactions: gender × job_level (up to 625 PLN at 

mid-to-senior levels, reflecting glass ceiling effects) and gen-

der × child (escalating from 5 PLN for childless employees to 

836 PLN for those with three children, reflecting the mother-

hood penalty). 

The statistical backend computes EU Directive 2023/970-

mandated metrics—mean and median gender pay gap per job 

category, quartile pay distributions and supplementary pay 

component breakdowns—serialized as structured JSON for 

downstream SLM consumption. A synthetic dataset with a 

known data-generating process serves two purposes here: it 

provides a ground truth against which model outputs can be 

objectively evaluated, and avoids the legal and privacy con-

straints associated with real compensation records. The 

known data-generating process controls for measurement er-

ror as a confound, isolating model behaviour as the sole 

source of variance. 

B. Task Taxonomy 

We distinguish three task categories mapping to distinct re-

quirement types for SLM-based compliance systems [16], 

[17]. TC1 (NLU to Parameters) tasks models with translating 

HR analyst queries into structured JSON specifications, ex-

tracting analysis intent, target variable, comparison attribute, 

control variables, row-selection filters and statistical parame-

ters. TC2 (Statistical Output to Natural Language) tasks mod-

els with generating interpretable explanations from JSON 

model outputs: critical quality attributes are groundedness, 

faithfulness, stability and tone compliance. TC3 (Compliance 

Report Generation) tasks models with producing EU Di-

rective 2023/970-aligned reports covering mandatory disclo-

sure items (Article 9), methodological transparency (Article 

9(4)), data quality caveats and remediation plans where the 

gap exceeds 5%. 

As an illustrative example, the TC1 query “compare income 
between men and women at senior level, controlling for ex-

perience and education” maps to the specification {"tar-
get_variable": "income", "comparison_attribute": "gender", 

"control_variables": ["experience_years", "educa-

tion_level"], "filters": {"job_level": [3]}, "metrics": 

["mean_gap", "median_gap"]}, whose five fields are exactly 

those scored by Eq. (2). For the same scenario, TC2 renders 

these metrics as a short compliance-status narrative, and TC3 

returns the verdict {"compliant": true, "checklist": {…six 
booleans…}, "violations": []}. 

C. Fine-Tuning Procedure 

We fine-tune three SLMs selected for on-premise feasibility: 

Llama 3.1 8B Instruct (Meta, 2024; 8,030M parameters) [18], 

Mistral 7B Instruct v0.3 (Mistral AI, 2024; 7,248M parame-

ters) [19] and Phi-3.5 Mini Instruct (Microsoft, 2024; 3,820M 

parameters) [20]. All three models undergo identical fine-tun-

ing, so performance differences reflect architecture rather 

than training protocol. 

We construct 180 training examples (60 per task category) 

using a stratified synthetic generation procedure. TC1 exam-

ples come from combinatorial template expansion (target var-

iable, comparison attribute, number of controls, confidence 

level) with five paraphrases per combination. TC2 examples 

use constrained self-instruct [11]: GPT-4 generates explana-

tions from synthetic directive-metric JSON, gated to reject 
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any value absent from the source. TC3 examples are gener-

ated via rubric-guided profile synthesis across three compli-

ance profiles (fully compliant, partially compliant, non-com-

pliant), each instantiated as 20 synthetic HR policy excerpts 

with GPT-4-generated chain-of-thought annotations covering 

the six checklist items. Examples are split 80/20 into training 

and validation subsets (144/36). Instructions, inputs and out-

puts are in English; the test set and evaluation harness are re-

leased for replication. 

We employ QLoRA [8], fine-tuning Low-Rank Adapters 

[7] over a 4-bit NF4 quantized frozen base model with iden-

tical hyperparameters across all three models: rank r=16, al-

pha=32, targeting attention query, key and value projections 

(~0.5% of base model parameters). Optimiser: AdamW, 

learning rate 2×10⁻⁴, 3 epochs, batch size 4 with gradient ac-
cumulation over 8 steps. Training is repeated with 3 different 

random seeds per model—means and standard deviations are 

reported across seeds. 

D. Evaluation Framework 

TC1 metrics: JSON validity, schema compliance, exact-

match accuracy for target variable and comparison attribute, 

control variable F1 (P = precision, R = recall), 

 𝐹1 =  
2𝑃𝑅(𝑃 + 𝑅) (1) 

and exact-match agreement on the set of requested output 

metrics (e.g., mean gap, median gap, quartile distribution). 

Overall TC1 accuracy is a weighted composite: 

 Acc =  0.25 Acct +  0.25 Accc +  0.20 F1ctrl 
 + 0.15 Accf +  0.15 Accp (2) 

where t=target, c=comparison, f=filter, p=params; highest 

weights on target and comparison as the most critical fields. 

The filter term f scores a row-selection predicate that restricts 

the analysed population (for example, job_level = Senior); the 

analysis intent named in the TC1 description forms part of the 

extracted specification but is not a separately scored field. 

TC2 faithfulness is evaluated via automated metrics in-

spired by the RAGAS framework [12]: numerical consistency 

(the fraction of source figures reproduced in the narrative), 

citation scoring (presence of statistical and Directive termi-

nology), a length-based plausibility check and structural con-

formity (prose with figures present and no bullet lists). These 

are lightweight automated proxies, not semantic verification. 

The composite score computed by the evaluation script is: 

 Faith.  =  0.35 snum  +  0.20 scit 
 + 0.25 shal  +  0.20 sstruct (3) 

where 𝑠𝑛𝑢𝑚  = numerical consistency, 𝑠𝑐𝑖𝑡  = citation score, 𝑠ℎ𝑎𝑙  = length-based plausibility proxy, and sstruct = struc-

tural-conformity score; numerical consistency carries the 

largest weight as the primary faithfulness signal, and the four 

weights sum to 1.0. 

TC3 reports are evaluated against a six-item disclosure 

checklist derived from Article 9 (mean-gap, median-gap and 

quartile-distribution reporting, controlled-gap reporting, the 

joint-assessment trigger and scope definition), together with 

the binary compliance verdict and the number of flagged vio-

lations. The composite Directive coverage score is: 

 Coverage =  0.30 ccomp  +  0.50 acheck  +  0.20 cviol(4) 

with minimum acceptable threshold 0.85. Cross-cutting 

metrics include token consumption, generation latency and 

output stability (sentence-BERT cosine similarity [13]) across 

repeated generations. 

E. RAG Baseline and Statistical Testing 

Each fine-tuned model is compared against its own non-

fine-tuned counterpart serving as a RAG baseline [4]: the 

same base model weights, an identical system prompt and 5 

few-shot examples per task category retrieved via sentence-

level cosine similarity using FAISS [14]. This paired within-

model comparison isolates the LoRA contribution and avoids 

cross-model confounds. 

Statistical testing uses paired t-tests for fine-tuned vs. RAG 

comparisons with Bonferroni correction (α = 0.05/3 = 0.0167) 
and Cohen's d for effect sizes (|d| > 0.5 considered meaning-

ful). Bootstrap confidence intervals (1,000 resamples) and 

Wilcoxon signed-rank tests provide non-parametric robust-

ness checks. 

F. Deployment Infrastructure 

All models run locally on a mid-range workstation with an 8 

GB GPU, accessible to organisations without dedicated ML 

infrastructure. 4-bit quantisation reduces the memory foot-

print by roughly 75% while retaining over 98% of full-preci-

sion performance [8], so all three models fit within the avail-

able VRAM. Because compensation data is special-category 

personal data under GDPR Article 9, local inference matters 

beyond cost: it keeps the data on-premise and produces the 

complete audit trails that support the methodological-trans-

parency requirements of Directive 2023/970 Article 9(4). 

IV. RESULTS 

A. TC1: Parameter Extraction Accuracy 

Table I reports TC1 composite accuracy for all six model con-

figurations (three fine-tuned, three RAG baselines). Fine-

tuned models substantially outperform their RAG counter-

parts on all sub-metrics. Llama 3.1 8B achieves the highest 

composite accuracy (mean ± SD across seeds) with particu-

larly strong performance on control variable F1, reflecting its 

larger capacity for multi-slot extraction. Phi-3.5 Mini shows 

the largest relative gain from fine-tuning, consistent with the 

smaller pre-training corpus providing less coverage of HR do-

main function-calling conventions. All fine-tuned vs. RAG 

differences are statistically significant, with large effect sizes 

(|d| > 0.8) for all three models. 
TABLE I. 

TC1 PARAMETER EXTRACTION ACCURACY (N=20 TEST EX-

AMPLES PER MODEL). BOLD = BEST PER ROW. 

Model Zero-shot RAG k=3 Fine-tuned 

Llama 3.1 8B 0.072 0.000 0.990 

Mistral 7B 0.090 0.030 0.938 

Phi-3.5 Mini 0.000 0.000 0.811 
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B. TC2: Explanation Faithfulness 

Table II presents TC2 faithfulness scores. The automated 

evaluation reveals a counterintuitive pattern: fine-tuned mod-

els do not uniformly outperform RAG baselines. Llama 3.1 

8B RAG achieves 0.804 versus 0.655 fine-tuned, suggesting 

that three retrieved faithfulness examples anchor generation 

more effectively than 60 fine-tuning examples for this model. 

Phi-3.5 Mini shows the same pattern by a much smaller mar-

gin (0.762 RAG vs 0.738 fine-tuned). Hallucination rates are 

lower for fine-tuned models across the board, consistent with 

the faithfulness gate applied during TC2 training data con-

struction. 
TABLE II. 

TC2 EXPLANATION FAITHFULNESS SCORES (N=20). BOLD = 

BEST PER ROW. 

Model Zero-shot RAG k=3 Fine-tuned 

Llama 3.1 8B 0.538 0.804 0.655 

Mistral 7B 0.567 0.762 0.667 

Phi-3.5 Mini 0.578 0.762 0.738 

C. TC3: Directive Coverage 

Table III shows TC3 coverage scores against the six-item Di-

rective 2023/970 checklist. Fine-tuned Llama and Mistral ex-

ceed the 85% minimum acceptable coverage threshold; Phi-

3.5 Mini falls short at 0.719. RAG baselines fall below the 

threshold for all three models. The most frequently omitted 

items in RAG outputs are the 5% threshold statement (Article 

9(1)(f)) and the small-subgroup disclaimer—both requiring 

precise knowledge of the Directive structure that few-shot ex-

amples do not reliably convey. Remediation plan generation 

(applicable when gap ≥ 5%) is the weakest sub-category for 

all models, suggesting that this structurally complex task may 

require additional training examples or a dedicated generation 

module. 
TABLE III. 

TC3 DIRECTIVE 2023/970 COVERAGE SCORES (N=20). MIN. 

ACCEPTABLE = 0.85. BOLD = BEST PER ROW. 

Model Zero-shot RAG k=3 Fine-tuned 

Llama 3.1 8B 0.273 0.000 0.870 

Mistral 7B 0.000 0.813 0.895 

Phi-3.5 Mini 0.000 0.689 0.719 

D. Cross-Cutting Metrics 

Table IV reports overall composite scores across all condi-

tions. We additionally record inference latency and output sta-

bility. Phi-3.5 Mini offers the lowest median total generation 

time and smallest VRAM footprint, making it the most prac-

tical choice for resource-constrained deployments where la-

tency is the primary constraint. Output stability (sentence-

BERT cosine similarity across three repeated generations at 

temperature=0) is uniformly high (>0.97) for all fine-tuned 

models, confirming that deterministic inference is achievable 

on the target hardware. Llama 3.1 8B exhibits the highest 

95th-percentile generation time, attributable to its larger pa-

rameter count and the associated memory bandwidth con-

straints. 
 

 

 

 

TABLE IV. 

OVERALL COMPOSITE SCORES ACROSS ALL CONDITIONS 

(N=60 PER MODEL). BOLD = BEST PER ROW. 

Model Zero-shot RAG k=3 Fine-tuned 

Llama 3.1 8B 0.294 0.268 0.839 

Mistral 7B 0.219 0.535 0.833 

Phi-3.5 Mini 0.193 0.484 0.756 

RAG k=3 uses the same base model weights as fine-tuned 

with k=3 retrieved examples; no additional training is applied. 

E. Data Efficiency Analysis 

Fig. 1 and Table V report ablation results for Llama 3.1 8B 

across four training set sizes (n=18, 39, 60, 144 — stratified 

per task category). TC1 and TC3 increase sharply from n=18 

(0.355 / 0.672) to n=39 (0.809 / 0.905), then plateau through 

n=60 and n=144. TC2 is flat across all sizes (0.619–0.681), 

consistent with faithfulness depending on retrieval evidence 

rather than adapter adaptation. 

 
Fig. 1. Data efficiency (Llama 3.1 8B): task scores vs. training set size. 

TC1 and TC3 saturate at n≈39; TC2 is flat across all sizes. 
TABLE V. 

DATA EFFICIENCY: LLAMA 3.1 8B FINE-TUNED ACROSS 

TRAINING SET SIZES. 

n (train) TC1 TC2 TC3 Overall 

18 0.355 0.619 0.672 0.549 

39 0.809 0.681 0.905 0.798 

60 0.822 0.655 0.838 0.771 

144 (full) 0.990 0.655 0.870 0.839 

n = stratified sample per task category; actual sizes: 18/39/60/144. Llama 

3.1 8B only. Bold = saturation point (n=39). 

The saturation at n≈40 in total (≈13 examples per task cat-
egory) indicates that compliance-domain alignment for this 

fixed output schema operates in a low-sample regime, sub-

stantially below general instruction-tuning requirements [9]. 

This directly supports enterprise feasibility: a compliance 

team can achieve production-grade TC1 and TC3 perfor-

mance with minimal annotation effort—far fewer examples 

than the LIMA benchmark (1,000 general examples [9]). The 

flat TC2 curve indicates that data scaling alone will not close 

the TC2 gap between fine-tuning and RAG—a structural dif-

ference addressed separately. 
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V. DISCUSSION 

A. Principal Findings 

Three findings warrant emphasis. First, fine-tuning on 60 do-

main-specific examples per task is sufficient for TC1 and 

TC3, but does not uniformly dominate RAG on TC2, con-

sistent with the LIMA hypothesis that data quality determines 

adaptation ceiling [9]. TC1 shows the most dramatic effect: 

zero-shot/RAG scores near zero across all models while fine-

tuning reaches 0.99 for Llama (Table I), confirming that struc-

tured JSON extraction for compliance parameters is entirely 

out-of-distribution for the base models’ pre-training. The 

compliance team can construct a production-grade TC1 inter-

face with modest annotation effort and no cloud dependency. 

Second, TC2 produces a counterintuitive result: RAG out-

performs fine-tuning on TC2 for all three models (Table II)—
decisively for Llama 3.1 8B and by smaller margins for Mis-

tral 7B and Phi-3.5 Mini. This suggests that TC2 is retrieval-

dominated rather than parameter-dominated, in contrast to 

TC1 and TC3, where fine-tuning is clearly decisive. The un-

derlying mechanism is that TC2 is fundamentally an evi-

dence-grounding task: the model must anchor every claim to 

specific numerical values from the statistical output. With 

only 60 training examples, fine-tuning cannot fully encode the 

habits of numerical referencing and citation structure required 

for faithful narration. RAG provides an explicit grounding 

signal at inference time—three retrieved explanations that 

demonstrate the target citation pattern—whereas the adapter 

weights encode only a static approximation of this behaviour. 

This distinction implies that TC2 requires dynamic grounding 

rather than static alignment. An optimal deployment architec-

ture separates strategies by task: TC1 and TC3 benefit from 

fine-tuning; TC2 benefits from RAG or a hybrid RAG+fine-

tuned approach. 

Third, TC3 RAG performance is highly model-specific: 

Mistral 7B approaches the acceptability threshold with RAG 

alone, while Llama 3.1 8B collapses to zero on TC3 RAG de-

spite strong zero-shot and fine-tuned scores (Table III). Error 

analysis reveals the mechanism: Llama RAG retrieves TC3 

examples with heterogeneous compliance profiles, disrupting 

the model’s output format rather than guiding it. In zero-shot 

mode, Llama generates free-form narrative assessments—
conditioned on retrieved examples it switches to a semi-struc-

tured format that the automated checklist cannot parse (0/6 

items detected). This is a retrieval-induced format failure, not 

a semantic one. Mistral’s stronger instruction-following pri-

ors for structured list generation make it less susceptible. Cru-

cially, TC3 evaluation conflates semantic compliance with 

format adherence—but this is itself a practical requirement: 

automated auditing pipelines cannot parse free-form narra-

tive. The Llama RAG result therefore does not indicate a ca-

pability failure; it indicates that format instability under re-

trieval is a deployment risk requiring output validation. TC3 

RAG deployment requires retrieval of stylistically homoge-

neous examples and mandatory format checking. 

B. Limitations and External Validity 

Several limitations constrain the generalisability of our find-

ings. The evaluation uses a synthetic dataset (n=2,000) with a 

known data-generating process, which gives verifiable 

ground truth and isolates model behaviour, but limits external 

validity. The synthetic structure (9 variables, single job hier-

archy) omits the complexity of real payroll systems—missing 

data, time-varying components, organisation-specific struc-

tures—so performance on real HR data is likely lower. The 

TC2 and TC3 scores are produced by automated heuristic 

proxies—numerical-overlap, keyword, length and formatting 

checks rather than semantic verification—so they bound ra-

ther than directly measure faithfulness and coverage, and hu-

man validation of generated outputs remains necessary. The 

absence of a real-world case study is the most significant lim-

itation of this work and a priority for future evaluation. How-

ever, the task structure is largely distribution-invariant: the 

mapping from natural language to structured JSON specifica-

tions (TC1) is constrained by a fixed schema, independent of 

salary values; Directive 2023/970 checklist coverage (TC3) 

depends on regulatory structure rather than outcome distribu-

tions. TC1 and TC3 findings are therefore expected to gener-

alise better than TC2, where faithfulness to specific numerical 

values is more data-dependent. 

The training set of 180 examples is small by general-pur-

pose fine-tuning standards. The LIMA generalisation [9] that 

data quality dominates quantity applies primarily to broad in-

struction-following; compliance-domain specificity partially 

compensates, but this cannot be assumed a priori. A further 

concern is distributional proximity: TC2 and TC3 training and 

test examples are generated by the same GPT-4-based proce-

dure. Therefore, the test examples may share stylistic patterns 

with training examples, potentially inflating TC2 and TC3 

scores relative to a fully out-of-distribution evaluation. TC1 

scores are less susceptible, as schema compliance is verified 

against a deterministic specification independent of genera-

tion style. The near-perfect Llama TC1 score (0.990) should 

be interpreted cautiously: at n=20, the Wilson 95% confi-

dence interval spans ±0.065 and observed failures concentrate 

in boundary cases with overlapping filter as well as control-

variable fields. Data efficiency analysis (Table V) demon-

strates that TC1 and TC3 saturate at approximately n=40 ex-

amples in total, providing empirical grounding for the dataset 

size choice. Multilingual deployment—required in the Polish 

regulatory context—is not evaluated here and constitutes a 

separate research question. The evaluation covers only the 

NLP interface layer; integration with non-linear statistical 

backends [21] is left for future work. 

VI. CONCLUSION 

This paper evaluated three Small Language Models fine-

tuned via QLoRA on domain-specific compliance tasks for 

EU Directive 2023/970 pay equity analysis, deployed entirely 

on-premise on mid-range hardware. Fine-tuned models out-

perform RAG baselines on TC1 and TC3, while TC2 shows a 

task-dependent trade-off between RAG and fine-tuning. 
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Llama 3.1 8B achieves the strongest composite score; Phi-3.5 

Mini offers the best latency-accuracy trade-off for resource-

constrained deployments.

The results  confirm the  feasibility  of  GDPR-compliant, 

privacy-preserving NLP interfaces for pay equity compliance 

on commodity hardware without cloud dependency. Impor-

tantly, the results demonstrate that effective compliance-ori-

ented NLP systems are not monolithic: different task classes 

require distinct adaptation strategies. The recommended de-

ployment architecture is: TC1 and TC3 — fine-tuned SLM; 

TC2 — RAG or hybrid RAG+fine-tuned. Key contributions 

are: (1) a controlled paired evaluation of fine-tuning vs. RAG 

under  identical  model  weights,  revealing  task-dependent 

adaptation regimes; (2) a multi-faceted automated evaluation 

framework with a six-item Directive 2023/970 checklist and 

RAGAS-inspired faithfulness metrics [12]; and (3) the em-

pirical finding that TC1 and TC3 saturate at n≈40 training 

examples in total (≈13 per task)—a low-sample regime that 

establishes  enterprise  feasibility.  Future  work will  address 

multilingual (Polish) deployment and evaluation on real HR 

documents.
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