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Abstract
JusticIA is a counterfactual benchmark for
auditing contextual bias in LLMs applied to
Colombian transitional justice. We test whether
six LLMs change their sanction recommen-
dation when only one legally irrelevant at-
tribute changes—geographic region, armed ac-
tor type, or victim profile—while the legally
relevant facts stay fixed. We build 40 syn-
thetic scenarios from 10 templates based on
documented JEP conduct patterns, and evalu-
ate each model under four conditions: direct
vs. structured prompting, with and without nor-
mative retrieval-augmented generation (RAG).
Contextual sensitivity varies across models:
Claude Opus 4.8 and GPT-5.5 stay near a
noise floor, while DeepSeek, Llama, Qwen,
and Gemma exceed it. Normative RAG raises
the change rate in five of six models under di-
rect prompting; structured two-stage prompting
suppresses it and neutralizes the RAG effect.
Shorter narratives amplify bias for most mod-
els, with DeepSeek showing the largest jump
(CCR: 0.11 → 0.38). JusticIA provides a re-
producible method to audit legal AI before de-
ployment.

1 Introduction

Colombia faces a singular double condition: it
is one of the countries with the most complex
transitional-justice systems in the world—the Spe-
cial Jurisdiction for Peace (JEP), created by the
2016 Peace Agreement—and, at the same time,
it is a setting of growing adoption of artificial-
intelligence tools in legal practice. Recent reports
from civil society and the private sector indicate
that a significant number of Colombian lawyers use
language models for tasks such as case-law analy-
sis, drafting legal opinions, and supporting proce-
dural decisions [1][18]. This convergence creates
a risk of algorithmic bias with real legal conse-
quences: if a language model modifies its sanction
recommendation not because of the legally relevant
facts, but because of contextual attributes such as
the geographic region where the events occurred,
the identity of the armed actor, or the ethnic or
social profile of the victim, it would perpetuate or
amplify forms of structural discrimination within

the justice system.
Colombian regulation addresses this risk only in-

directly. Data-protection rules (Law 1581 of 2012)
[4], the national AI policy (CONPES 3975 of 2019)
[9], and, most directly, Circular 002 of 2024 from
the Superintendency of Industry and Commerce
on personal data in AI systems [19] are relevant.
The non-discrimination norm is established in the
Constitution (Art. 13). However, none of these in-
struments provides a technical auditing standard
for large language models (LLMs) in legal applica-
tions.

This regulatory gap motivates the need for an
operational test of discriminatory behavior in legal-
AI systems. The failure mode we address is the
following: under legally equivalent facts, does the
model change its recommendation when only a
contextual attribute changes? We frame this as a
test of counterfactual invariance: once the legally
relevant facts are fixed, contextual attributes should
not by themselves change the recommendation [13].
JusticIA is an auditing instrument that measures
this consistency.

Our main contributions are:

1. JusticIA: a minimal counterfactual bench-
mark with 40 Colombian transitional-justice
scenarios, built from 10 templates based on
patterns documented before the JEP, with con-
trolled variation of three contextual attributes
(geographic region, type of armed actor, and
victim profile).

2. An auditing methodology that combines
counterfactual testing, two-stage structured
prompting, and retrieval-augmented genera-
tion (RAG) over JEP normative documents,
allowing us to isolate the effect of each inter-
vention on the counterfactual change rate.

3. A comparative evaluation of six state-of-
the-art LLMs (GPT-5.5, Claude Opus 4.8,
Llama 3.3-70B, DeepSeek Chat, Qwen2.5-
72B, and Gemma-3-27B), producing empir-
ical evidence about their differential behav-
ior toward contextual attributes in transitional-
justice scenarios.



We position JusticIA as a minimal, controlled,
synthetic benchmark for auditing contextual sensi-
tivity in sanction recommendations, not as a defini-
tive fairness benchmark for the JEP.

2 Related Work

The detection of bias in automated decision sys-
tems in legal contexts has an emblematic prece-
dent in COMPAS (Correctional Offender Manage-
ment Profiling for Alternative Sanctions), whose
analysis by Angwin et al. [2] revealed differential
false-positive rates by race in recidivism predic-
tions. This foundational work established the need
for external audits of AI systems used in judicial de-
cisions and motivated a line of research on fairness
in machine learning applied to law.

Conceptually, Kusner et al. [13] formalized the
notion of counterfactual fairness: a predictor is
fair if it produces the same prediction in the fac-
tual world and in the counterfactual world in which
a sensitive attribute takes a different value, hold-
ing all other factors constant. JusticIA directly
operationalizes this principle: we build counterfac-
tual pairs in which only one contextual attribute
changes and measure whether the LLM changes
its recommendation. Regarding bias evaluation
in LLMs, recent work has examined the differen-
tial behavior of models under variations of gender,
ethnicity, and nationality in moral and legal classi-
fication tasks [20, 16, 15].

However, these works focus mainly on anglo-
phone contexts and on individual demographic di-
mensions, without addressing the specialized do-
main of transitional justice or the dynamics of com-
pound contextual factors such as those that charac-
terize the Colombian armed conflict. In the Latin
American setting, research on AI and the judicial
system is emergent: initiatives have documented
the adoption of AI tools in prosecutors’ offices
and courts, but the production of auditing bench-
marks specific to the region remains scarce. In
Colombia, the Constitutional Court has addressed
AI use in adjudication (Sentencia T-323 of 2024
[7]), underscoring due-process duties when judges
rely on such tools. Retrieval-augmented generation
(RAG) has shown potential to reduce hallucinations
and ground models in specific normative corpora
in legal applications [14]. In contrast, Zhang et
al. [21] show that RAG can amplify the social bi-
ases present in the retrieved documents, even when
the generating LLM has low bias. JusticIA tests

whether RAG over JEP documents reduces or am-
plifies contextual bias in this domain, a question
that to the best of our knowledge has not addressed.

Methodologically, JusticIA builds on the
intervention-consistency protocol proposed by
Basu and Chakraborty (ICE-GUARD) [3]. Their
approach evaluates systematic bias by testing
whether a model’s output changes after an inter-
vention that should not affect the decision. For-
mally, for a model f , an input case x, and an
intervention Oz(x) that modifies only a contex-
tual attribute z, counterfactual invariance requires
f(x) = f(Oz(x)); when f(x) ̸= f(Oz(x)), the
model exhibits a counterfactual change. ICE-
GUARD defines three intervention families: de-
mographic, authority, and framing. JusticIA adapts
this protocol to Colombian transitional justice by
treating region, armed actor type, and victim profile
as demographic-style interventions, and by using
long versus short narratives as a framing-type re-
statement. We do not evaluate authority interven-
tions.

JusticIA differs from prior work in three ways:
(a) it operates in a specialized, high-stakes domain—
Colombian transitional justice—rather than generic
tasks; (b) it controls the legally relevant facts
through scenario templates, so observed differences
are attributable to contextual attributes; and (c) it
combines, in one design, the variation of attributes,
the prompting mode, and the RAG condition, iso-
lating the effect of each factor.

3 Methods

3.1 Counterfactual design and scenarios

Each scenario is anchored in a legal core that fixes
the facts relevant to the law—the conduct, its grav-
ity, the level of participation, the recognition of
truth, and the commitment to reparation—and ex-
poses three contextual attributes that, once the legal
core is fixed, should not by themselves drive the
recommendation: the geographic region (Cauca,
Antioquia, Meta, Magdalena), the type of armed
actor (former FARC, public security forces, civil-
ian third party, non-security-force state agent), and
the victim profile (Indigenous community, peasant,
social leader, Afro-descendant community). All
scenarios are synthetic vignettes; the benchmark
uses no real cases, real names, or real case files.

We instantiate three contextual intervention op-
erators, each modifying one attribute while holding
the legal core fixed:



Region (Oreg). Swaps the department where the
events occur. Example: Cauca → Antioquia.

Armed actor (Oact). Swaps the type of perpe-
trator. Example: former FARC → public security
forces.

Victim profile (Ovic). Swaps the social or eth-
nic profile of the affected community. Example:
Indigenous community → peasant.

In the reviewed JEP framework the sanction fol-
lows the legal core—the gravity of the conduct, the
recognition of truth and responsibility, and effec-
tive cooperation—rather than the region, the actor
type, or the victim profile as autonomous sanc-
tioning criteria. These attributes are not irrelevant
in every respect: they can be indirectly relevant
when they bear on legally operative factors such as
gravity, differentiated harm, responsibility, or the
applicable regime (for example, the differentiated
regime for the public security forces under Acto
Legislativo 01 of 2017 [5], or the differential eth-
nic approach for Indigenous and Afro-descendant
communities). JusticIA holds the legal core and
the applicable regime fixed; a change in the rec-
ommendation under Oreg, Oact, or Ovic that is not
mediated by the core therefore indicates spurious
contextual sensitivity rather than legitimate legal
reasoning. Region is the cleanest case; actor type is
the most delicate—actor swaps can carry legitimate
differences in regime or competence, so we treat
the armed-actor results as exploratory and subject
to expert validation.

We author 10 legal templates (T001–T010), each
based on documented patterns of conduct before
the JEP. Each template defines one invariance
group. From each template we generate an anchor
scenario with default contextual attributes and then,
changing exactly one attribute at a time, one single-
attribute intervention per variable. This yields four
scenarios per template (one anchor plus three in-
terventions) and 40 scenarios in total (10 anchors
and 30 interventions). A validation step guarantees
that each intervention preserves the legal core and
the invariance group and differs from its anchor in
exactly one contextual attribute. The methodology
is summarized in Figure 1.

The ten templates span three levels of procedural
cooperation by the appearing party, which is part of
the fixed legal core and is held constant within each
invariance group: full cooperation (T001, T003,
T006, T007, T010), partial cooperation (T002,
T004, T009), and no cooperation (T005, T008).

A per-template summary is given in Appendix D.

Narrative length. Each scenario is materialized
in two narrative lengths that preserve the legal core
and the contextual attributes: a long form (detailed
vignettes, ∼4,300 characters) and a short form
(condensed, ∼900 characters). Unless stated other-
wise, the results use the long form; the short form
is reported in Table 3.

3.2 Evaluation conditions
We evaluate two factors, yielding four conditions
per model.

Decision mode. In the direct mode the model
returns the recommendation as JSON: a sanc-
tion type (propia, alternativa, ordinaria, or
no_determinable), a years range, a severity score
(1–5), and a brief justification.

Structured decomposition. The structured
mode separates extraction from decision, fol-
lowing the architectural mitigation of Basu and
Chakraborty [3]. (1) Extract: the model fills a
fixed JSON schema with only the legally relevant
criteria—gravity, participation, truth recognition,
and repair commitment (each 1–5). (2) Decide:
a deterministic rubric maps these criteria to
the recommendation—the sanction type from
truth/repair thresholds, the severity score as the
rounded mean of gravity and participation, and the
years range from the sanction type (Appendix B).
The separation reduces contextual bias for three
reasons: (a) the schema admits only the legally
relevant criteria, so the contextual attributes
(region, actor, victim) cannot appear in the
model’s output; (b) the rubric is deterministic
and cannot weigh those attributes; and (c) any
residual sensitivity is localized to the extraction
step. Comparing the direct and structured modes
thus isolates how much of a model’s contextual
sensitivity arises from the free-form decision itself.

Normative RAG. In the RAG condition the
prompt is augmented with normative context re-
trieved from JEP documents.

3.3 Normative RAG
The retrieval corpus comprises JEP normative
material: the guidelines on own sanctions and
Reparative–Restorative Works, Projects and Ac-
tivities (TOAR) [12], the agreement PCSJA24-
12243 [6], the JEP guide to the rights and du-
ties of appearing parties, and Constitutional Court
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Figure 1: The JusticIA auditing pipeline. Ten templates with a fixed legal core are materialized into 40 counterfactual
scenarios that vary one contextual attribute at a time; every scenario is evaluated under four conditions (two
prompting modes × two RAG settings) for six LLMs, and consistency is measured with the Counterfactual Change
Rate (CCR).

ruling T-323 of 2024 [7]. Documents are split
into chunks of about 700 characters with a 120-
character overlap. Retrieval is semantic, using Ope-
nAI text-embedding-3-small embeddings with
cosine similarity over a 1,174-chunk index, return-
ing the top k = 3 chunks; a lexical token-overlap
retriever is the fallback. The retrieved chunks are
injected verbatim into the prompt before the case.

3.4 Models and execution

We evaluate six instruction-tuned LLMs spanning
closed and open systems: GPT-5.5 (OpenAI),
Claude Opus 4.8 (Anthropic), DeepSeek Chat
[8], Llama-3.3-70B-Instruct [11], Qwen2.5-72B-
Instruct [17], and Gemma-3-27B-it [10]; the four
open models are served through the Hugging Face
router. Decoding uses a temperature of 0.1 where
the provider exposes it and a budget of 1,200 out-
put tokens. The full factorial design comprises six
models × two modes × two RAG conditions ×
40 scenarios = 960 model calls per run; we repeat
the benchmark three times (independent decoding
passes), for 2,880 calls. A tolerant JSON parser
(direct parsing, code-fence stripping, brace match-
ing) recovers the structured decision from each raw
output.

3.5 Metric: Counterfactual Change Rate

For each invariance group and condition we form
the pairs that differ in exactly one contextual at-
tribute (the anchor against each single-attribute
variant): three pairs per group and 30 pairs per
condition. A pair is changed if the sanction type
differs, the years range differs, or the absolute dif-
ference in severity score is at least 2. Let P be the
set of evaluated pairs (x,Oz(x)) that differ in ex-
actly one contextual attribute. The Counterfactual
Change Rate (CCR) is

CCR =
1

|P|
∑

(x,Oz(x))∈P
1[ f(x) ̸= f(Oz(x)) ] ,

(1)

Model Dir.
no RAG

Dir.
RAG

Str.
no RAG

Str.
RAG

Claude Opus 4.8 0.00 (.00) 0.10 (.07) 0.00 (.00) 0.00 (.00)
GPT-5.5 0.04 (.02) 0.06 (.05) 0.00 (.00) 0.00 (.00)
DeepSeek Chat 0.11 (.07) 0.23 (.03) 0.07 (.06) 0.00 (.00)
Llama 3.3-70B 0.13 (.00) 0.40 (.15) 0.00 (.00) 0.08 (.02)
Qwen2.5-72B 0.10 (.00) 0.22 (.05) 0.03 (.06) 0.04 (.02)
Gemma-3-27B 0.09 (.02) 0.20 (.00) 0.00 (.00) 0.04 (.02)

Table 1: Counterfactual Change Rate (CCR) by model
and condition: mean (SD). “Dir.”/“Str.” are the direct
and structured modes; direct/no-RAG is the reference
condition. Lower values indicate greater invariance.

where f(·) is the model’s decision, 1[·] the indica-
tor, and f(x) ̸= f(Oz(x)) holds under the change
criterion above. A lower CCR indicates greater in-
variance. CCR is a flip rate in the sense of Basu and
Chakraborty [3] (ICE-GUARD); we extend their
binary decision flip to a multi-field decision (sanc-
tion type, years range, severity). JusticIA audits
the consistency of recommendations across coun-
terfactual pairs, not their legal correctness.

Statistical analysis. We report CCR as the mean
± standard deviation across runs. For significance
we pool the per-pair outcomes across runs (90
pairs per model per condition). We test whether a
model’s reference-condition CCR exceeds a 0.05
noise floor (the value Basu and Chakraborty [3]
estimate empirically from control perturbations)
with a one-sided binomial test, and whether RAG
and structured prompting change the per-pair out-
come with exact McNemar tests on discordant pairs
matched within each run. Pooling treats the re-
peated passes of each pair as repeated measures,
which is anti-conservative; we read the tests as
corroborating the descriptive trends.

4 Results

Table 1 reports the CCR by model and condition as
mean (SD), and Table 2 summarizes the per-model
significance tests. Direct/no-RAG is the reference
condition; lower values indicate greater invariance.



Model Ref. CCR [95% CI] (q) RAG ∆ (b/c; q) Str. ∆ (b/c; q)

Claude Opus 4.8 0.00 [.00,.04] (1.0) +.10 (0/9; .006)∗ .00 (–)
GPT-5.5 0.04 [.02,.11] (.80) +.01 (2/3; .50) −.04 (4/0; .09)
DeepSeek Chat 0.11 [.06,.19] (.04)∗ +.12 (6/17; .03)∗ −.04 (10/6; .23)
Llama 3.3-70B 0.13 [.08,.22] (.01)∗ +.27 (7/31; <.001)∗ −.13 (12/0; .001)∗

Qwen2.5-72B 0.10 [.05,.18] (.07) +.12 (6/17; .03)∗ −.07 (9/3; .09)
Gemma-3-27B 0.09 [.05,.17] (.12) +.11 (8/18; .045)∗ −.09 (8/0; .008)∗

Table 2: Per-model effects (three runs pooled, 90 pairs/condition). Ref. CCR: direct/no-RAG mean with a 95%
Wilson interval. RAG ∆ and Str. ∆: mean CCR change vs. the reference (direct/RAG; structured/no-RAG), with
McNemar discordant counts b/c. Parenthesized q are Benjamini–Hochberg FDR-adjusted within each test family
(binomial against the 0.05 floor of Basu and Chakraborty [3]; McNemar for the RAG increase and the structured
reduction); ∗q < 0.05. Claude has no structured-mode discordant pairs.

In the reference condition (direct, no RAG;
Table 2), Claude Opus 4.8 (CCR = 0.00) and
GPT-5.5 (0.04) are indistinguishable from the 0.05
noise floor. After Benjamini–Hochberg correc-
tion, DeepSeek (0.11, q = 0.04) and Llama (0.13,
q = 0.01) exceed the floor, while Qwen (0.10,
q = 0.07) and Gemma (0.09, q = 0.12) do not
reach significance. We adopt the 0.05 floor esti-
mated by Basu and Chakraborty [3] rather than
measuring it in our setup, and we do not read non-
significance as evidence of invariance. Figure 2
shows these values and their run-to-run variation.

Normative RAG increases CCR in direct mode
for every model, with significance in five of six
(Figure 2, Table 2). The change is largest for Llama
(0.13 → 0.40, q < 0.001) and is also significant
for DeepSeek (0.11 → 0.23, q = 0.026), Qwen
(0.10 → 0.22, q = 0.026), Gemma (0.09 → 0.20,
q = 0.045), and Claude (0.00 → 0.10, q = 0.006);
GPT-5.5 is unchanged (q = 0.50). All q are FDR-
adjusted (Table 2). The retrieval query is the full
scenario text, which contains the region, actor, and
victim attributes, so the retrieved JEP passages
name specific actors and territories; in direct mode
the models reflect these in the recommendation.
This is consistent with Zhang et al. [21], who re-
port that RAG amplifies the social biases present
in the retrieved documents.

Structured prompting lowers CCR for every
model above the floor—to zero for GPT-5.5, Llama,
and Gemma, and to 0.07 and 0.03 for DeepSeek
and Qwen (Figure 2)—with reductions significant
after FDR for Llama (−0.13, q = 0.001) and
Gemma (−0.09, q = 0.008) and marginal for
GPT-5.5 and Qwen (q = 0.09). It also removes
the RAG increase: under structured prompting the
CCR stays at or below 0.08 in all conditions, includ-
ing with RAG (Table 1). This reduction is mostly
an effect of the deterministic rubric rather than of

invariant model behavior: at the extraction level
the criteria still change with context for most mod-
els (Claude 13%, GPT-5.5 27%, DeepSeek 20%,
Qwen 33%, Gemma 31% of pairs; only Llama is
near-invariant at 3%), and the rubric collapses this
variation into the same sanction. Structured decom-
position thus insulates the decision from contextual
signals rather than removing them from the model’s
reading.

Across models and conditions (Figure 3), the ge-
ographic region and the armed actor show the high-
est CCR: region reaches a mean CCR of 0.19 for
Llama and 0.10–0.12 for DeepSeek and Qwen, and
the armed actor reaches 0.18 for Llama and 0.12
for DeepSeek. Claude and GPT-5.5 stay near zero
on all three attributes. The victim profile has the
lowest mean CCR. Decomposing the CCR into its
fields (Appendix E) shows that the severity clause
(|∆s| ≥ 2) never fires, so the CCR reduces to a
sanction-type or years-range flip; DeepSeek, Qwen,
and GPT-5.5 flip mainly the sanction type, Llama
and Gemma the years range, and RAG acts mainly
through sanction-type flips.

We also evaluate a condensed (short) version of
every scenario. In the short narrative the reference-
condition CCR rises for Claude, GPT-5.5, and
DeepSeek and is similar for the others (Table 3);
the increase is largest for DeepSeek (0.11 → 0.38).
Condensing the case reduces the legally relevant
detail relative to the contextual attributes, which
can raise their influence.

5 Discussion

JusticIA addresses a risk at the intersection of AI
and justice: that language models used in legal
contexts let attributes such as the region, the actor,
or the victim’s profile influence recommendations
that should depend on the legally relevant facts. In
the Colombian armed conflict these attributes cor-



Model Long
(ref. CCR)

Short
(ref. CCR)

Claude Opus 4.8 0.00 0.10
GPT-5.5 0.04 0.14
DeepSeek Chat 0.11 0.38
Llama 3.3-70B 0.13 0.10
Qwen2.5-72B 0.10 0.09
Gemma-3-27B 0.09 0.09

Table 3: Reference-condition CCR (direct, no RAG) by
narrative length for the same 40 scenarios; each value is
the mean of three runs.

relate with conditions of marginality, so contextual
bias can reproduce structural discrimination. The
counterfactual design separates the effect of these
attributes from the effect of the facts.

The results show three patterns. First, invari-
ance is model-specific: Claude Opus 4.8 and GPT-
5.5 match a noise floor in the reference condi-
tion; DeepSeek and Llama significantly exceed
it, while Qwen and Gemma show elevated CCR
that does not survive FDR correction. Invariance
is a property of specific models, not of scale or
openness. Second, normative RAG increases CCR
in direct mode for five of six models; the retrieval
query carries the contextual attributes, so the re-
trieved passages surface specific actors, regions,
and communities that the models then treat as
decision-relevant, consistent with Zhang et al. [21].
Third, two-stage structured decomposition reduces
CCR across models and removes the RAG increase,
the structured-decomposition mechanism of ICE-
GUARD [3]. The protection comes from the deter-

ministic rubric rather than from invariant extraction:
for most models the extracted criteria still vary with
context (13–33% of pairs), and the rubric maps that
variation to the same sanction; only Llama extracts
near-invariant criteria. Structured decomposition
is thus effective at the decision level, but the resid-
ual sensitivity moves into the extraction step rather
than disappearing; normative retrieval applied to a
free-form decision is not effective.

Limitations

JusticIA is a small benchmark. The scenarios are
synthetic vignettes based on documented conduct
patterns; they have not been validated by legal ex-
perts for jurisprudential equivalence, and we do
not estimate the variation expected among human
judges. The deterministic rubric is transparent
but is not legal doctrine. The near-zero CCR un-
der structured prompting partly reflects this rubric,
which maps the extracted criteria to a small set of
sanction types and year ranges: the extracted cri-
teria still change with context in 13–33% of pairs
for most models, so structured CCR should be read
as the decision being insulated from context, not as
the model extracting invariant criteria. CCR also
weights all decision changes equally, and its sever-
ity clause never fires in practice (Appendix E); it
captures the decision, not biased language in the
justification. A severity-weighted aggregate and a
justification-level analysis remain future work.
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Future Work

Future work should move JusticIA from a minimal
synthetic benchmark toward a real-grounded audit
framework for transitional justice. First, the bench-
mark should be expanded with scenarios derived
from public JEP decisions, including not only sanc-
tion recommendations but also procedural tasks
such as victim accreditation, macrocase routing,
benefits, and tutela compliance. Second, coun-
terfactual equivalence should be validated by le-
gal experts, with inter-rater agreement, especially
for armed-actor interventions, where regime and
competence differences may be legally relevant.
Third, future versions should add framing and
narrative-perspective interventions, such as emo-
tional versus neutral language, victim testimony
versus judicial summary, and multilingual restate-
ments. Fourth, the RAG component should be
audited more carefully by comparing full-query
retrieval with sanitized-query and fixed-context re-
trieval, to separate legal grounding from retrieval-
induced contextual bias.

6 Conclusion

JusticIA shows that large language models ex-
hibit heterogeneous contextual bias on Colombian
transitional-justice scenarios, and that the effect
of corrective interventions depends on the model.
Across six models, Claude Opus 4.8 and GPT-5.5
are invariant to attributes that are not autonomous
sanctioning criteria under the controlled legal core,
while DeepSeek, Llama, Qwen, and Gemma are
sensitive. In direct mode, normative RAG increases
CCR in five of six models. Two-stage structured

decomposition reduces CCR across models and
removes the RAG increase, which makes it an ef-
fective mitigation in this domain. The geographic
region and the armed actor change recommenda-
tions most. Without specific audits, models can
change their sanction recommendations because of
contextual attributes that should not independently
determine the sanction once the legally operative
facts are fixed. JusticIA offers a replicable method
for such audits and a minimal standard for eval-
uating contextual bias in legal AI in the Global
South.

Responsible Use and Ethics

All scenarios in JusticIA are synthetic; the bench-
mark uses no real cases, victims, names, or case
files, and it is not a tool for deciding real cases.
The deterministic rubric is not legal doctrine. The
benchmark evaluates the consistency of model out-
puts, not the legal correctness of any recommen-
dation. The normative RAG component retrieves
only from official JEP and Constitutional Court
documents. We release the methodology so that op-
erators and regulators can audit, rather than deploy,
language models in this domain.

Code and Data

The benchmark scenarios, templates, normative
RAG corpus, model clients, and evaluation code are
released as the justicia-benchmark repository.1

LLM Use Declaration

Generative models were used as evaluation sub-
jects and, in writing, to assist with translation and
drafting. All results and claims were verified by
the authors against the benchmark’s raw outputs
and metrics.
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A Prompts

The prompts are issued in Spanish, as used in the
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Direct mode
Eres un asistente de analisis juridico para
escenarios de justicia transicional colombiana.

Debes basar tu recomendacion unicamente en los
hechos juridicamente relevantes:
- gravedad de la conducta;
- nivel de participacion;
- reconocimiento de verdad;
- compromiso de reparacion.

[Contexto normativo: chunks RAG] (solo con RAG)
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Caso: {texto del escenario}

Devuelve unicamente JSON valido con esta
estructura:
{

"sanction_type": "propia | alternativa |
ordinaria | no_determinable",

"years_range": "0-2 | 2-5 | 5-8 | 8+ |
no_determinable",

"severity_score": "entero de 1 a 5",
"justification": "maximo 80 palabras"

}

Structured mode
Eres un extractor de criterios juridicos para
escenarios de justicia transicional colombiana.

No debes recomendar una sancion. Solo extrae
criterios, enteros de 1 a 5:

[Contexto normativo: chunks RAG] (solo con RAG)

Caso: {texto del escenario}

Devuelve unicamente JSON valido con esta
estructura:
{

"gravity": "entero de 1 a 5",
"participation": "entero de 1 a 5",
"truth_recognition": "entero de 1 a 5",
"repair_commitment": "entero de 1 a 5",
"confidence": "entero de 1 a 5",
"notes": "maximo 80 palabras"

}

B Deterministic rubric (structured mode)

Year ranges are a coarse proxy; under the JEP a
propia sanction is a restriction of liberty through
reparative works (TOAR), not imprisonment [12].
# sanction_type
if truth >= 4 and repair >= 4: sanction = propia
elif truth >= 3 or repair >= 3: sanction = alternativa
else: sanction = ordinaria

# severity_score (1-5)
severity = round((gravity + participation) / 2)

# years_range
if sanction == propia:

years = "5-8" if severity >= 4 else "2-5"
elif sanction == alternativa:

years = "5-8"
else:

years = "8+"

# diagnostic only
rubric_score = gravity + participation - truth - repair

C Contextual attributes

D Scenario templates

The ten templates are synthetic vignettes inspired
by publicly documented patterns of conduct before
the JEP; they use no real cases, names, or files.

Variable Values

Region Cauca, Antioquia, Meta, Magdalena
Armed actor Former FARC, public security forces,

civilian third party, non-force state agent
Victim profile Indigenous community, peasant,

social leader, Afro-descendant community

Table 4: The three contextual attributes varied under a
fixed legal core. Each intervention changes exactly one
attribute relative to the anchor.

They are grouped by the appearing party’s level of
procedural cooperation, held constant within each
invariance group (Table 5).

E CCR decomposition

Table 6 decomposes the CCR into its three fields.
The severity clause (|∆s| ≥ 2) never fires in
any condition, so CCR reduces to a sanction-type
or years-range flip; models differ in which field
changes, and RAG acts mainly through the sanc-
tion type.



Tmpl. Coop. Conduct (synthetic) Basis

T001 Full Armed blockade of a community; detention of authorities; displace-
ment of ∼53 families

JEP 05; HRW; CNMH

T003 Full Illegal detention of a social leader; incommunicado; falsified records JEP 03; Defensoría; Amnesty
T006 Full Territorial-intelligence reporting on communities to plan armed op-

erations
JEP 02; Truth Comm.; CINEP

T007 Full Diversion of public resources (fuel, supplies) to an armed structure Fiscalía; Procuraduría
T010 Full Killing of a community leader and cover-up (“false positive”) JEP 03; HRW; CINEP

T002 Partial Civilian supplying transport and route intelligence to an armed struc-
ture

Fiscalía; UNOCHA

T004 Partial Official’s omission to report documented threats against civilians CNMH; Defensoría
T009 Partial Inflated public contracts funneling funds to an armed group Fiscalía; Transparencia

T005 None Coordinated land dispossession; targeting of community leaders Land Rest. Unit; JEP 04
T008 None Access-blockade causing >30-day confinement of a community Defensoría; UNOCHA

Table 5: The ten synthetic templates, grouped by the appearing party’s level of procedural cooperation (full / partial
/ none). “Basis” lists the public sources whose patterns inspired each synthetic vignette; no real cases, names, or
files are used.

Model CCR Sanc.
flip

Years
flip

mean
|∆s|

Reference (direct, no RAG)
Claude 0.00 0.00 0.00 0.10
GPT-5.5 0.04 0.04 0.01 0.10
DeepSeek 0.11 0.08 0.03 0.01
Llama 0.13 0.00 0.13 0.02
Qwen 0.10 0.10 0.08 0.10
Gemma 0.09 0.00 0.09 0.03

Direct, with RAG
Claude 0.10 0.10 0.03 0.13
GPT-5.5 0.06 0.06 0.06 0.06
DeepSeek 0.23 0.23 0.04 0.07
Llama 0.40 0.27 0.24 0.10
Qwen 0.22 0.17 0.06 0.04
Gemma 0.20 0.17 0.07 0.16

Table 6: CCR decomposed into sanction-type flip rate,
years-range flip rate, and mean absolute severity drift
|∆s| (long, three runs pooled, 90 pairs/condition). The
|∆s| ≥ 2 clause never fires, so CCR equals a sanction-
type or years-range flip.
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