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Abstract

Modern slavery affects millions of people worldwide, and
regulatory frameworks such as Modern Slavery Acts now re-
quire companies to publish detailed disclosures. However,
these statements are often vague and inconsistent, making
manual review time-consuming and difficult to scale. While
NLP offers a promising path forward, high-stakes compliance
tasks require more than accurate classification: they demand
transparent, rule-aligned outputs that legal experts can ver-
ify. Existing applications of large language models (LLMs)
often reduce complex regulatory assessments to binary deci-
sions, lacking the necessary structure for robust legal scrutiny.
We argue that compliance verification is fundamentally a
rule-matching problem: it requires evaluating whether textual
statements adhere to well-defined regulatory rules. To this
end, we propose a novel framework that harnesses Al for rule-
level compliance verification while preserving expert over-
sight. At its core is the Compliance Alignment Judge (CA-
Judge), which evaluates model-generated justifications based
on their fidelity to statutory requirements. Using this feed-
back, we train the Compliance Alignment LLM (CALLM),
a model that produces rule-consistent, human-verifiable out-
puts. CALLM improves predictive performance and gener-
ates outputs that are both transparent and legally grounded,
offering a more verifiable and actionable solution for real-
world compliance analysis.

Code — https://github.com/mila-ai4h/aims-alignment
Extended version — https://arxiv.org/pdf/2511.07803

1 Introduction

Modern slavery continues to affect over 50 million peo-
ple worldwide (Walk Free 2022). To address this urgent is-
sue, several countries have enacted Modern Slavery Acts
(MSAs), requiring companies to disclose how they assess
and address slavery risks within their supply chains. While
these laws have led to the publication of thousands of cor-
porate statements each year (UK Government 2025; Aus-
tralian Government 2025; Public Safety Canada 2025), the
disclosures vary widely in clarity, structure, and substance.
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The current reliance on fully manual review hinders large-
scale enforcement, leaving substantial gaps that allow harm-
ful practices to persist (Chambers and Vastardis 2020). With
over 80,000 modern slavery statements published globally
and limited capacity for expert review, enforcement remains
a major challenge (Bora et al. 2025a). This gap presents
a unique opportunity for Al-driven solutions that are en-
gineered for demonstrable social benefit when guided by
strong domain expertise and rigorous traceability.

Natural Language Processing (NLP) offers a promising
path toward scalable compliance monitoring. However, the
interdisciplinary nature of this task, spanning legal interpre-
tation, policy enforcement, and societal accountability de-
mands capabilities beyond those of standard classification
models (Chen, Rinderle-Ma, and Wen 2025; Pistilli et al.
2023; Rinderle-Ma, Winter, and Benzin 2023). Modern slav-
ery statements often contain vague, unstructured and promo-
tional language that blends compliance content with corpo-
rate messaging, complicating the extraction and verification
of criteria (Bora et al. 2025b), where conventional NLP ap-
proaches frequently fall short (Ariai and Demartini 2024).

Effective compliance verification must prioritize not only
accuracy but also traceability. For example, under the Aus-
tralian Modern Slavery Act (Australian Government 2018),
the Approval criterion demands explicit attribution to the
principal governing body or CEO. Generic or vague lan-
guage fails to meet this standard. Systems that rely on su-
perficial cues risk costly errors: false negatives may unfairly
penalize compliant firms, while false positives may allow
violations to go undetected. In such high-stakes domains,
outputs must provide transparent, rule-aligned justifications
that enable human auditors to trace model outputs back to
recognizable legal standards. Additionally, standard evalua-
tion metrics such as precision and recall offer only aggre-
gate insights and fail to capture whether individual regu-
latory criteria have been correctly justified (Lipton 2018;
Doshi-Velez and Kim 2017). This limitation is especially
critical in domains like compliance verification, where deci-
sions often hinge on nuanced, criterion-specific judgments.
As a result, in current practice, human reviewers remain es-
sential for verifying whether disclosures meet statutory obli-
gations (Chaleshtori et al. 2024; Zwickel et al. 2023). Con-
sequently, prior work has recommended human-in-the-loop
systems (Bora et al. 2025b,a).
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Figure 1: Overview of our framework, which consists of two steps: (1) Key Rule Extraction derives natural language rubrics for a
compliance criterion. (2) Alignment trains CALLM to generate rule-aligned outputs using feedback from CA-Judge. The figure
shows an example for the C4 Remediation criterion under the Australian Modern Slavery Act, including the corresponding key
rules, a target sentence to be classified as compliant (YES) or non-compliant (NO), and CALLM’s rule-aligned generation.

In this work, we propose a compliance-aligned frame-
work and train the Compliance Alignment LLM (CALLM)
for Al-assisted verification of modern slavery disclosures.
Our approach is designed to produce rule-consistent outputs
for human audit. At the center of our framework is a Com-
pliance Alignment Judge (CA-Judge), a rule-aware evalu-
ator that assesses whether the output of a model satisfies
the statutory requirements of a given compliance criterion.
Unlike general-purpose LLM-as-judge models (Zheng et al.
2023b; OpenAl 2023; Korbak, Muennighoff et al. 2023),
CA-Judge is grounded in domain-specific regulatory logic.
Its structured evaluations are intended to mirror how humans
assess compliance: through attention to rule coverage, speci-
ficity, and clarity. CALLM uses the feedback of CA-Judge
as a reward signal during training, encouraging it to gener-
ate outputs that are explicitly aligned with relevant criteria
rules (Figure 1). Our goal is to verify whether this improves
both task performance and the auditability of generated out-
puts. By generating rule-aligned assessments, CALLM aims
to support faster, more transparent compliance checks.

Recent work has shown that chain-of-thought (CoT) rea-
soning does not reliably reflect model decision-making and
should not be treated as an interpretability method (Barez
et al. 2025). Instead of using model outputs to explain fi-
nal decisions, we generate rule-aligned outputs intended for
human verification and not as explanations to be trusted on
their own. In our framework, the compliance verifier must
review each rule-level rationale and make the final deter-
mination. Rather than self-justification, our goal is to gen-
erate rule-grounded outputs for expert audit at the criterion
level. This human-in-the-loop, rule-aligned design supports
oversight, addresses enforcement bottlenecks, and improves
real-world deployability. Moreover, CALLM uses relatively
small models (3B), promoting adoption and reproducibility.

We evaluate CALLM using both quantitative and quali-
tative metrics. It outperforms the baselines in both compli-
ance classification and the rule-adherence of generated ra-

tionales. A human preference study confirms that outputs
are better aligned with statutory rules, making them eas-
ier to verify. These results support our hypothesis: aligning
model outputs with domain-specific rubrics improves both
performance and usability. Further cross-jurisdictional anal-
ysis demonstrates that the framework generalizes effectively
across jurisdictions.

Our core contribution lies in the training framework that
leverages a compliance-specific CA-Judge to produce rule-
grounded outputs. The novelty of our approach is in inte-
grating regulatory rubrics (key rules derived from compli-
ance statutes) directly into the training process, enabling
more structured generation. While we focus on modern slav-
ery disclosures, the proposed methodology is applicable to
other regulatory domains where decisions depend on rule
adherence. We release code and implementation guidelines
to facilitate adoption and extension across domains. We hope
this work contributes to broader efforts in using Al for so-
cial good and inspires the community to engage more deeply
with underexplored modern slavery compliance challenges.

2 Related Work

Compliance Verification Recent work has explored the
use of NLP models for compliance classification, particu-
larly in the regulatory domain (Sun, Luo, and Li 2025; Lore
et al. 2023). Bora et al. (2025b) introduced a large-scale cor-
pus of modern slavery statements from Australia and small
evaluation sets for UK and Canada (Bora et al. 2025a). How-
ever, the models in these works typically focus on surface-
level features and lack explicit reasoning in line with le-
gal rules, limiting their utility in high-stakes applications.
Similarly, approaches developed for the COLIEE competi-
tion (Rabelo et al. 2022) are not suitable, as they emphasize
cross-document retrieval or entailment. In contrast, compli-
ance setting is normative: it requires verification of statutory
criteria with traceable, rule-grounded justifications, redefin-
ing the decision target and evaluation goal.
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KEY RULES for C4 Remediation:

Rule 1: If one or more cases have been declared by the reporting entity where it caused or contributed to modern slavery, the statement
should describe the actions taken to remediate these cases.

Rule 2: If no modern slavery case has been identified by the reporting entity, it may still describe actions used to remediate hypothetical
cases if one should occur in the future.

Relevant examples: Actions proposed by the reporting entity to remediate modern slavery cases. Corrective actions and sanctions to
remediate modern slavery cases include, for example: conducting inquiries and investigations involving stakeholders.

Irrelevant examples: Actions proposed to mitigate the risks of modern slavery instead of remediating existing cases. E.g., “We understand
the importance of workers knowing their rights and addressing violations when necessary.”

EVALUATION DIMENSIONS:

1. Accuracy: Identifies all relevant compliance gaps based on the key rules. Applies legal concepts exactly as defined—no misinterpretation
or omission. No partial credit—any incorrect rule application makes the reasoning inaccurate.

2. Clarity: Reasoning is logically structured with clear, step-by-step justification. Avoids vague terms, ambiguity, or unsupported claims.
Final answer must clearly follow from the reasoning.

3. Fidelity to Key Rules: All relevant key rules must be explicitly mentioned and addressed. Paraphrasing is allowed only if legal meaning
is preserved. Irrelevant or external standards are penalized.

4. Consistency: No internal contradictions; reasoning and conclusion must align.

5. Evidence Use: Cites or paraphrases relevant rule clauses accurately. No new rules shall be introduced.

6. Cognitive Behaviors (Verification & Reflection): Demonstrates explicit self-checking, cross-referencing, or reflection.

Figure 2: Evaluation dimensions used by the CA-Judge. The key rules for the C4 Remediation criterion under the Australian
Modern Slavery Act are also shown, along with examples of relevant and irrelevant sentence types.

Reasoning Models Recent advances in reasoning, such statements submitted by Australian companies in relation to
as Chain-of-Thought prompting (Wei et al. 2022), self- the Australian Modern Slavery Act. The task is framed as
consistency decoding (Wang et al. 2022), and instruction- sentence-level binary classification across multiple report-
tuned LLMs (OpenAl 2023) improve accuracy by explain- ing criteria. These criteria differ in complexity. For example,
ing intermediate steps. However, they often lack alignment Signature is a simple criterion that checks if the document
with domain-specific rules, which is crucial in compliance is signed, while C4 Mitigation requires assessing whether
contexts. Recently, it is shown that these explanations fre- a company has described concrete steps to mitigate modern
quently fail to reflect the model’s actual internal reasoning slavery risks. We focus on 7 complex and 2 simple criteria in
process, creating illusions of interpretability, problematic in our experiments, selected based on the availability of expert-
high-stakes applications (Barez et al. 2025). defined key rules for each. Each criterion is governed by a

distinct set of key rules, defined by domain experts in (Bora
et al. 2025b) based on the Australian Modern Slavery Act.
Examples are shown in Figure 2. Models are trained on the
dataset’s training split and evaluated on the test split. To ad-
dress class imbalance, we apply random downsampling to
the training set.

Each training instance includes a target sentence, its sur-
rounding context, and the key rules for a specific criterion.
These are formatted into a structured prompt. The model is

Reinforcement Learning for Alignment Reinforcement
Learning with Human Feedback (RLHF) aligns large lan-
guage models to human preferences (Ouyang et al. 2022).
Reward signals based on final answer correctness are of-
ten too sparse, which limits training efficiency (Liu et al.
2024). Group Relative Policy Optimization (GRPO, Shao
et al. 2024b) compares candidate outputs within groups, re-
moving the need for an explicit reward model.

LLM-as-a-Judge The LLM-as-a-Judge framework lever- trained to generate a predicted label (Yes/No) along with
ages language models to evaluate outputs via preference- a justification grounded in the provided rules, encourag-
aligned feedback rather than rigid metrics (Zheng et al. ing rule-aligned outputs. Further dataset details and a full
2023a; Gu et al. 2024). While effective in open-ended rea- prompt template are provided in the extended version.
soning tasks (Saha et al. 2025), these approaches typically

operate in general domains without structured rules. 4 Compliance Alignment LLM

Our Contribution We unify reasoning-based generation, To align model reasoning with domain-specific rule require-
alignment, and judge feedback in a compliance setting, ments, we propose a rule-aligned training framework, shown
where explicit rules guide both training and evaluation, and in Figure 1. This framework consists of two main stages: key
the CA-Judge provides fine-grained supervision to ensure rule extraction and alignment to these rules.

outputs are coherent and aligned with regulatory criteria.
4.1 Key Rule Extraction

3 Dataset and Task We translate compliance criteria into structured, rule-based
We use the AIMS.au dataset (Bora et al. 2025b), which rubrics that we define as key-rules. The key rules can be
contains annotated sentences from 5,731 modern slavery written by experts or extracted using LLMs and then re-
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Key Rules
Rule 1: Only the principal
governing body can approve.
Rule 2: Must clearly state direct
approval; no vague terms.
Rule 3: Approval from each board,
\_ or a parent body, with reason. /

/Correctly identifies board\
approval but lacks rule
link. Joint statement is

checked. Reasoning is
solid but not precise.
Score: 0.7

Generated Completion
<think> Clearly approved by the
ABC Board. Not a joint statement;
single entity approval. Explicit,
with no delegation </think>
<answer>YES</answer>

Figure 3: The Compliance Alignment Judge evaluates gen-
erated completion from a model against predefined key rules
for compliance and generates a decision score with justifica-
tion. The score reflects the degree of rule compliance and
quality, enabling fine-grained, rule-aligned evaluation.

viewed. These rules distill regulatory knowledge into de-
terministic rubrics framed in natural language. Each rule
clearly specifies what constitutes a valid versus invalid re-
sponse. These serve as both training targets and evaluation
anchors. Key rules of C4 Remediation criterion under the
Australian MSA is provided in Figure 2.

4.2 Alignment to Compliance Key Rules

We train a model to align its outputs to the key-rules us-
ing feedback from the CA-Judge. To achieve this, we ap-
ply Group Relative Policy Optimization (GRPO) (Shao et al.
2024b), a reward-based fine-tuning method that uses scalar
scores, selected for its adaptability and efficiency in policy
optimization, particularly in low-resource settings.

4.3 Compliance Alignment Judge (CA-Judge)

We introduce the CA-Judge as an evaluation method for
compliance verification. CA-Judge employs a large lan-
guage model to assess the alignment between a model’s
outputs and a set of predefined rules. Given the model’s
rationale, predicted label, and the associated key rules for
a specific criterion, CA-Judge returns a scalar score that
captures overall alignment across six evaluation dimensions
(see Figure 2 for their definitions). The six dimensions target
auditability (accuracy, fidelity), explainability (clarity, evi-
dence use), and reliability checks (consistency, verification).
It also produces a justification for the score. This approach
provides rule-grounded feedback and closely mirrors how
humans assess compliance, making it well suited for regula-
tory domains (see Figure 3).

4.4 Reward Design and Training Pipeline

We design a composite reward function to guide the fine-
tuning of our CALLM model (base model and training
details are in Section 5). The reward integrates surface-
level formatting checks, prediction correctness, and align-
ment with key rules. During training, each instance in-
cludes input text, key compliance rules, and a gold label.

Algorithm 1: Rule-Aligned Training

1: Input: Dataset D with (context, key rules, label), LLM
fo, CA-Judge, weights )\;

2: policy model gy <— Tini¢

3: while not converged do

4:  Sample batch {(z;,7;,y:)} 2, ~D

5 for all z; in batch do
6 Generate completions {cgl), e CEK)} using fy
7 for all cz(-k) do
8: Get: Ttormat> Txmls Tcorrects Tjudge
9 Ttotal = 2?21 )\j “ Ty
10 end for
11 Rank completions by 7 and compute GRPO
loss
12: end for
13: Update model parameters 0; myq < 7

14: end while
15: Return: Fine-tuned model fy

The model generates multiple completions, each containing
structured reasoning and a final prediction. These outputs
are scored along three dimensions: surface-level fidelity, cor-
rectness, and rule-alignment. A total reward is computed as
a weighted sum of these components, and GRPO is used to
rank completions and update model parameters. The training
regime is shown in Algorithm 1.

Surface-Level Fidelity To encourage structurally correct
outputs, we apply two rewards (Shao et al. 2024b):

1. Format Match. A binary reward indicating whether the
output matches the expected format:

Riormat () = 1 { match(c;) } (D
where c; is the model’s completion.

2. XML Tag Count. Rewards the presence of required
tags while penalizing excess length:

Rymi(i) = min 1, max [0,

&Y UHtee) -6 0] 2

teT
where 7 is the set of required tags, A; is excess character
count. &, = I#ilT\ is the reward for required tags. ¢, is the

penalty for excess text.

Correctness. We assign a binary reward based on whether
the model’s predicted label matches the gold label:
Rule-alignment. The Compliance Alignment Judge pro-
vides a scalar score that evaluates the alignment of the
model’s reasoning and final prediction with the key-rules:

Rjuaee (1) = CAlJudge(rules, reasoning, ) € [0,1]  (4)
Total Reward. We define the total reward as a weighted
sum of the above components:

Rtotal(i) = )\1 : Rformal(i) + A2 : Rxml(i)
+ )\3 : Rcorr(i) + /\4 : Rjudge (l) (5)



S Base Models and Experimental Setup

We evaluate the proposed framework against a range of
models as baselines, spanning Zero-Shot, Few-Shot and
Fine-tuned settings. We include GPT-40 in zero/few-shot
configurations using Chain-of-Thought prompts. In few-
shot settings, we use 3 examples that were randomly se-
lected from a diverse list of real-world cases to maxi-
mize coverage across typical compliance scenarios. Addi-
tionally, we evaluate DeepSeek-R1 and its distilled vari-
ant, DeepSeek-R1-Distill-Qwen-7B (DeepSeek-Al 2025),
in zero-shot settings. We also include Pre-Trained and Fine-
tuned variants of the CALLM base model (ablations). We do
a full evaluation one criterion at a time for all 9 criteria.

CA-Judge: We use JudgeLRM-7B (Chen et al. 2025), a
judgment-oriented LLM trained to be good at judging tasks,
as our Compliance Alignment Judge, responsible for scor-
ing the alignment between model-generated justifications
and the compliance key rules (see Section 4.3). We selected
JudgeLRM-7B, as it has fast inference speed and is trained
in judgment tasks and has strong performance in judging-
based evaluation benchmarks, consistently outperforming
general-purpose models on such tasks. An example of the
scoring rubric and full prompts are in the extended version.

CALLM: Weuse Qwen2.5-3B-Instruct (Yang et al. 2025)
as the base model, chosen for its strong performance in in-
struction tuning and generation efficiency on compliance-
style prompts. The model is fine-tuned using our framework
as described in Section 4. In our experiments, we use equal
weights for all rewards: \; = Ay = A3 = Ay = 1. We set all
A values to 1 as fixed training hyperparameters, following
the prior work (Shao et al. 2024a; DeepSeek-Al et al. 2025;
Dao and Vu 2025). We set &, to 0.25 as there are 4 required
tags, to make the rewards fall in [0,1] and &, to 0.001.

Evaluation Metrics: We report F1 score as the primary
metric for classification performance. To assess the rule ad-
herence of model justifications, we additionally assess the
model outputs using CA-Judge score, which reflects the de-
gree to which model outputs align with compliance key
rules. We opted against reference-based metrics as they
correlate poorly with human judgments, and require high-
quality gold reasoning references, which are difficult to ob-
tain in compliance settings without substantial expert anno-
tation. We leverage CA-Judge that evaluates across multiple
axes such as accuracy, clarity, and correctness, which is seen
in recent works (Liu et al. 2023; He, Zhang, and Roth 2024;
Li et al. 2024). We also conduct human evaluation.

6 Results

Quantitative Analysis Table 1 presents F1 scores across
the nine compliance criteria for a range of baseline models
and our proposed model, CALLM. Despite having only 3B
parameters, CALLM achieves the highest overall macro-F1
score (0.639), outperforming much larger models such as
GPT-40 ! and DeepSeekR1 (671B). To ensure that perfor-
mance gains are not solely due to fine-tuning, we include

"Estimated at 1800B parameters
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a fair baseline, “base model FT”, identical in architecture
and training data to CALLM but lacking our alignment feed-
back with CA-Judge. CALLM consistently outperforms this
baseline, highlighting the value of our compliance-aligned
optimization. CALLM shows particularly strong perfor-
mance on challenging criteria such as C2 Supply Chains,
C3 Risk Description, and C4 Mitigation, where it requires
interpreting complex and sometimes subjective compliance
rules. These results demonstrate the benefits of our align-
ment strategy, especially in tasks that demand structured
rule-grounded reasoning. Interestingly, while CALLM ex-
cels in complex criteria, its performance on simpler ones
like Approval is slightly lower than GPT-40. Our error anal-
ysis reveals that CALLM is stricter in rule adherence, and
is sensitive to data issues—such as broken target sentences
that omit key terms like “approved by”, which are required
by the rule definitions (see the extended version for exam-
ples). Overall, CALLM strikes a favorable balance between
model size and performance, surpassing all baselines under
comparable or even more favorable resource settings.

We evaluate model outputs using CA-Judge to assess
whether training with compliance-aligned feedback leads
to outputs that better reflect the intended regulatory rules.
While final qualitative validation is done with human eval-
uation, this automated assessment serves as a key interme-
diate check to validate our training framework on a held-
out test set. In our setting, as expected, training with CA-
Judge feedback leads to reasoning that better aligns with
the compliance rules, specific to the task of regulatory rule
alignment. Specifically, we compare CALLM to the second-
best model from Table 1, GPT-40 with Few-shot chain-of-
thought prompting. Across all nine criteria, CALLM consis-
tently outperforms GPT-40, achieving a substantially higher
overall average score (0.74 vs. 0.53). These results suggest
that CALLM generates justifications that are more grounded
in the key compliance rules, while GPT-40 often produces
generic reasoning with limited alignment to compliance
rubrics. CALLM shows particularly strong gains on chal-
lenging criteria such as C2 Structure, C3 Risk Description,
and C4 Remediation, where precise rule application is both
complex and critical. These results highlight the value of our
framework guided by compliance-specific evaluations. De-
tailed results are in the extended version.

Qualitative Analysis To assess the quality of model-
generated justifications, we conducted a human study com-
paring CALLM and GPT-40. The study involved 270 total
responses from five volunteer participants (two with prior
knowledge of modern slavery compliance and three with-
out). For each of the nine compliance criteria, we randomly
sampled six representative examples (three compliant, three
non-compliant), excluding low-quality or overly short sen-
tences. Both models were prompted using the same setup to
generate structured rule-aligned outputs and a final answer.
Responses were uniformly formatted and randomly assigned
as Option A or B to ensure blinding.

Participants were asked to choose which response better
satisfied the compliance rules, using the same evaluation
dimensions as the CA-Judge: accuracy, clarity, fidelity to



Group Criterion GPT-40 DeepSeek Base model CALLM
ZS FS R1  Distil  PT FT (Ours)
# Params 1800B 1800B 671B 7B 3B 3B 3B
General Approval 0.855 0.843 0.837 0.464 0.349 0.755 0.786
Signature 0409 0.636 0.250 0.154 0.422 0.524 0.692
Structure 0.619 0.658 0.678 0350 0.310 0.535 0.572
C2 Operations 0.529  0.651 0.537 0.290 0.181 0.596 0.632
Supply Chains 0420 0556 0399 0.260 0.192 0.550 0.601
C3 Risk Description  0.422  0.450 0.495 0.260 0.237 0.564 0.712
c4 Mitigation 0.709 0.664 0.700 0.243 0451 0.714 0.749
Remediation 0.552  0.601 0.529 0.159 0.225 0.397 0.570
C5 Effectiveness 0.518 0492 0504 0342 0.267 0.394 0.439
Overall (macro) 0.559 0.617 0.548 0.280 0.293 0.559 0.639

Table 1: F1 Scores Across Compliance Criteria for Baseline Models and our CALLM model. Best score in each row is high-
lighted. ZS = Zero-shot, FS = Few-shot, PT = Pre-trained, FT = Fine-tuned. Base model here indicates the base model of
CALLM without CA-Judge supervision. Overall, CALLM outperforms the baselines.

CALLM 74.1%

GPT-40 25.9%

40 60

Win Rate (%)

20

Figure 4: Human-preference comparison between our model
and the baseline, showing that CALLM was preferred.

key rules, and consistency. Across 54 paired comparisons,
CALLM was preferred in 74.1% of cases, receiving 200
preference votes compared to 70 for GPT-40, as shown in
Figure 4. CALLM was especially favored in criteria requir-
ing nuanced compliance interpretation (e.g., distinguishing
corporate structure from operational involvement). To fur-
ther assess alignment between human and CA-Judge evalu-
ations, we compared preference direction per criterion. In 7
out of 9 criteria (77.8%), human judgments matched the CA-
Judge’s scoring direction, demonstrating strong agreement
between the two. More details are in the extended version.

Ablation Study Table 1 includes ablations of our CALLM
model. We compare: (1) the pre-trained base model (PT), (2)
a model fine-tuned using surface-level rewards for format
and label correctness (FT), and (3) our full model, CALLM,
trained with all the rewards, including rule-aligned feed-
back from the Compliance Alignment Judge (CALLM).
CALLM achieves the highest overall performance, with im-
provements on complex criteria such as C3 Risk Descrip-
tion, and C4 Mitigation. These results demonstrate that fine-
tuning based on format and correctness improves upon the
base model, but the greatest gains are achieved by aligning
reasoning with key rules from the CA-Judge.
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7 Discussion

Case Studies We present qualitative case studies demon-
strating that our training framework yields rule-aligned justi-
fications. Figure 5 (top) shows an example. We observe that
in several instances, baseline models predicted the correct
label but either omitted justification or provided vague ra-
tionales unrelated to the key compliance rules. In contrast,
CALLM generates explanations that explicitly referenced
relevant risk-related criteria (e.g., identifying when descrip-
tions failed to specify industries, regions, or supply chain el-
ements associated with modern slavery). Additional detailed
cases are shown in the extended version.

Error Analysis We examine failure cases of CALLM. As
shown in Figure 5 (bottom) CALLM incorrectly predicts
compliance. Note that the CA-Judge correctly identifies the
rule violations and assigns a lower score. In some cases, the
model generates verbose or generic reasoning that nominally
matches key-rules but lacks specificity. Ambiguous inputs
such as implicit approvals or vague governance language re-
main challenging, suggesting the need for tighter rule defi-
nitions or hybrid supervision strategies.

Cross-jurisdiction Generalization To test generalization
beyond Australia, we evaluated CALLM on modern slav-
ery statements from the UK and Canada (Bora et al. 2025a).
CALLM is trained on the AU train data and evaluated on
the test sets of AU, UK and CA. We use the same setup
as Table 1. CALLM consistently outperforms larger mod-
els and the fine-tuned baseline (macro-F1), yielding robust
cross-jurisdictional performance (see Table 2).

Facilitation of follow-up work We release code, prompt
templates, and implementation guidelines to support real-
world adoption and enable the community to build on our
work whether by improving model performance, enhancing
evaluation methods, or extending the framework to other



CALLM Success Case for the C4 Remediation criterion

Sentence: ...contributing to society in both developed markets as well as the developing regions of the world where we operate this is enshrined
in our Code. Our Chief Compliance Officer and our Regional Ethics Counsels administer our Code, investigate and respond to violations and
determine remedial and disciplinary action which can include termination of employment. We have committed to conducting annual training on
the Code for our employees...

CALLM Reasoning: 1. The target sentence clearly states that the Chief Compliance Officer (CCO) and Regional Ethics Counsels (RECs) adminis-
trate a Code, investigate and respond to violations, and determine remedial and disciplinary actions, which can include termination of employment.
2. This describes a remediation action for modern slavery cases by specifying what actions can be taken (termination of employment). 3. The
sentence describes a process, which includes administering a Code, investigating and responding to violations, and determining remediation and
disciplinary measures, aligning with Rule 1 since it refers to existing or potential cases. 4. Even though it mentions the possibility of future cases,
the actions outlined are clearly remediation and handling of existing cases (Rule 1 requirements specifically addressing potential future cases as
well as existing ones). These actions are directly specified for Rule 2. 5. The actions described are specific and concrete, providing clarity on what
remediation measures the entity will take.

CALLM Final Answer: yes (Ground truth: yes)

CA-Judge response: The model’s reasoning aligns well with the key rules. It correctly identifies that the sentence describes concrete remediation
actions, such as termination, satisfying Rule 1. It also notes these actions could apply to future cases, covering Rule 2. The explanation is clear and
well-structured but could be improved by more explicitly linking the actions to specific aspects of each rule. The model’s final answer of "YES”
is correct because the reasoning clearly supports that the described actions meet the criteria for remediation actions as per the key rules. Score: [[0.9]]

CALLM Failure Case for the Approval criterion

Sentence: This Statement was approved by the boards of the three reporting entities covered by this Statement... Busways Gosford Pty Ltd. Busways
North West Pty Ltd. Busways Pacific Pty Ltd. Busways South Australia Pty Ltd...

CALLM Reasoning: The key rule is whether the statement shows approval by the principal governing body. The sentence "This Statement was
approved by the boards of each of the reporting entities covered by this statement” appears to meet this. 1. Approval Authority: Specifies approval
by the board of each reporting entity, indicating direct involvement of governing bodies. 2. Direct Approval: No indirect terms like “on behalf
of” or “considered by.” 3. Verification: “The Board of Busways Pty Ltd” confirms direct, explicit board-level approval. The sentence clearly states
board-level approval for each entity, with no mention of delegation or committees.

CALLM Final Answer: yes (Ground truth: no)

CA-Judge response: The reasoning identifies board approval but misses ambiguity in “boards” and fails to consider joint statement alternatives. It
only partially aligns with the key rules, leading to an incorrect answer. Accuracy: Notes board approval but overlooks that “boards” may imply a
group rather than a singular principal body. Clarity: Logically structured but misses ambiguity in language and does not address required alternatives.
Fidelity to Key Rules: Skips conditions for joint approval—e.g., higher body or justification for single board. Consistency: Internally consistent but
incomplete in rule coverage. Evidence Use: Cites rules but is vague on “boards” vs. principal body. Cognitive Behaviors: Some reflection shown,
but alternative scenarios are not explored. Final Answer: Incorrect due to incomplete handling of joint approval rules. Score: [[0.5]]

Figure 5: Illustrative use cases of CALLM with CA-Judge scoring. Sentence includes the target sentence (bold) and context.
Top: CALLM correctly predicts compliance for C4 Remediation. CA-Judge assigns a high score, reflecting strong alignment
with key rules (shown in Figure 2) and well-structured reasoning. Bottom: CALLM incorrectly predicts compliance for Ap-
proval. CA-Judge detects flaws in the reasoning, correctly lowering the score in line with the rule violations (rules in Figure 3).

Model Params (B) AU UK CA 8 Conclusion
GPT-40 ZS CoT 1800 0.559 0.500 0.560

We introduce a novel framework for aligning large language

(D}Eg -ggellszCIOT 1687010 82411; 82(7)2 82;3 models with compliance requirements in high-stakes do-
Bango del FT 3 0559 0560 0.589 mains. Our approach centers on CA-Judge, which evalu-
CALLM (ours) 3 0639 0620 0.617 ates model outputs against key statutory criteria, and trains
the Compliance Alignment LLM (CALLM) using a rule-

Table 2: Models are trained on AU and evaluated on AU, UK ghgned reyard 81gna.l ) .We find that CALLM, by generat-
and CA. CALLM shows generalization across jurisdictions. ing outputs that explicitly reference relevant rules, outper-
Here. ZS = Zero-shot. FS = Few-shot. and FT = Fine-tuned forms baseline models in both predictive accuracy and hu-

man preference. This is intended to enhance human-in-the-
loop verification of modern slavery statements by providing
rule-based justifications, to enable faster and more reliable
review. By supporting rule-aligned reasoning at scale, we
aim to reduce manual review burdens, increase accountabil-
ity, and build trust in real-world deployments. We hope this

compliance domains. Additional details, including the ex-
perimental setup, hyperparameters, limitations of our work,
and ethical considerations are in the extended version.

Future Work We aim to support multi-hop legal reason- work encourages broader integration of Al-assisted review
ing and finer-grained rule signals, further improving frame- in modern slavery compliance and encourages the Al com-
work utility for complex policy and compliance challenges. munity to join the global fight against modern slavery.
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