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Abstract

The U.S. Sentencing Commission provides sub-
stantial data about federal criminal sentences
but omits judge- and defendant-specific identi-
fiers, as well as many non-incarceration com-
ponents of sentences. To support research on
these gaps, we construct a domain-specific on-
tology and an annotated dataset from federal
sentencing docket entries. These short, contem-
poraneous records describe counts, incarcera-
tion, supervision, monetary penalties, and other
sentencing conditions; however, their format-
ting varies across clerks, judges, and courts. We
compare six approaches under a shared labeled-
span evaluation: ontology-guided Gemini 2.5
Flash, CRFsuite, ModernBERT, Legal-BERT,
zero-shot GLINER, and fine-tuned GLiNER.
On 100 manually annotated docket entries, fine-
tuned GLiNER achieves the highest exact-span
micro-F1 at .703 4= .009, followed by CRFsuite
at .655. Gemini achieves .463 £ .038 exact F1
but the highest relaxed F1 of .787 4-.013 under
a diagnostic that credits a prediction only when
its label matches and either normalized span
text contains the other. The contrast shows that
recovering compatible entity text and reproduc-
ing ontology-defined boundaries are materially
different abilities. The results emphasize the
continuing value of domain-specific task defi-
nitions, annotation ontologies, and supervised
adaptation for legal information extraction.

1 Introduction

Sentencing is an extraordinarily important moment
in criminal cases, when a judge decides the type,
length, and manner of punishment that the defen-
dant will face. Since its founding in 1984, the U.S.
Sentencing Commission (USSC) has made substan-
tial data available on federal criminal sentences,
enabling study of patterns and disparities across
charge types, defendant characteristics, and courts.
The USSC data, while valuable, also has known
blind spots. In particular, the USSC’s datasets omit

identifiers for judges and defendants and do not
record many non-incarceration components of sen-
tences.

In this study, we present an alternative source
of federal criminal sentencing data by mining the
text of docket entries, which are short, contempora-
neous records of judges’ sentences. Docket entry
text often describes counts, incarceration terms, su-
pervision requirements, monetary penalties, and
other sentencing conditions. Although defendant
and judge identities are available from the case
caption and other docket metadata, the sentencing
information recorded in individual docket entries
is not consistently expressed across clerks, judges,
and courts.

Converting these records into structured entity
spans enables the generation of new, standardized
sentencing data. Yet general purpose named en-
tity recognition (NER) is not well matched to this
setting: general English NER systems degrade sub-
stantially when transferred to legal filings (Au et al.,
2022). The target entities extend beyond people, or-
ganizations, and locations to domain-specific legal
concepts, quantities, and modifiers. A system may
need to distinguish a count reference (e.g., "Count
1," referring to a particular criminal charge) from
its term of imprisonment, identify whether a mon-
etary assessment was waived, or recover whether
sentences run concurrently or consecutively. These
distinctions are boundary sensitive: identifying the
right concept at the wrong location in the docket
is an error under exact evaluation. Prior work like-
wise shows that legal entity extraction depends on
domain-specific label definitions and annotation
rules (Chalkidis et al., 2020; Kalamkar et al., 2022).

This study develops a domain-specific ontology
and manually annotated dataset for extracting struc-
tured sentencing information from federal docket
entries. We then use a shared labeled-span evalu-
ation to compare six approaches: CRFsuite, Mod-
ernBERT, Legal-BERT, zero-shot and fine-tuned
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GLiNER, and ontology-guided Gemini. The com-
parison tests how effectively the dataset and on-
tology support extraction and how sensitive each
approach is to span-boundary requirements.

This work makes three contributions:

1. We introduce a manually annotated federal
sentencing-docket dataset and a 44-label on-
tology designed to support structured sentenc-
ing analysis.

2. A comparative evaluation examines ontology-
guided Gemini extraction, a CRFsuite base-
line, ModernBERT, Legal-BERT, and both
zero-shot and fine-tuned GLiNER under a
shared evaluation interface.

3. An error analysis evaluates exact span re-
construction, uses relaxed containment as a
boundary diagnostic, and categorizes label,
boundary, and unmatched extraction errors.

2 Related Work

Sentencing data beyond USSC releases. Re-
cent projects illustrate both the value and diffi-
culty of collecting sentencing data outside USSC
releases. The Ohio State University Interdiction
Lab and Lissner describe constructing a defendant-
level dataset from PACER and Bureau of Prisons
sources (The Ohio State University Interdiction
Lab and Lissner, 2025). Wroblewski argues that
independent sentencing-data collection can expose
gaps in commission research (Wroblewski, 2025).
SentencingStats similarly offers judge- and case-
level comparative sentencing analysis based on
public records (SentencingStats, n.d.). These ef-
forts motivate reliable extraction from docket text,
where relevant facts are available but not consis-
tently structured. Related docket-focused work ap-
plies information-extraction and machine-learning
techniques to motions and orders in U.S. federal
dockets (Vacek et al., 2019), while open-justice
research documents the financial and technical bar-
riers to making federal court records analytically
usable (Pah et al., 2022).

Domain-specific legal extraction. Legal infor-
mation extraction often requires labels that are
more fine-grained than general-purpose NER. E-
NER demonstrates degradation when general-
English NER models are transferred to legal fil-
ings (Au et al., 2022). Corpora for Indian judg-
ments (Kalamkar et al., 2022) and Romanian legal

documents (Pais et al., 2024) likewise introduce
jurisdiction- and domain-specific entity inventories.
LEEC extracts legal elements from Chinese crimi-
nal judgments using 155 legal and extra-legal labels
for sentencing and judicial-fairness analysis (Xue
et al., 2024). These resources motivate evaluation
against an explicit ontology rather than only broad
entity categories, as in off-the-shelf NER. Ear-
lier contract-element extraction introduced a fine-
grained annotated benchmark and compared rules,
linear classifiers, and a hybrid approach (Chalkidis
et al., 2017). Labor Lex similarly pairs a domain
corpus with supervised and in-context extraction
experiments for Brazilian labor-law text (Quinta de
Castro and Da Silva, 2025). Recent NLLP work
also introduces NER and multi-label datasets for
planning court cases and compares general-purpose
and legal-domain models (Mali et al., 2024).

Legal ontologies and annotation schemas.
LKIF Core formalizes reusable legal concepts
in OWL to support legal knowledge interchange
(Hoekstra et al., 2007). LegalNERo links a le-
gal NER corpus to semantic resources (Pais et al.,
2024). Our contribution has a narrower scope: a
sentencing-specific ontology used as an annota-
tion and extraction schema with operational span
boundaries. Its label taxonomy and JSON annota-
tion rules do not implement an OWL ontology or
mappings to these resources. Similar terms alone
do not establish equivalent semantics or interoper-
ability. Explicit concept mappings and validation
of their jurisdictional and boundary assumptions
remain future work.

Domain adaptation and flexible NER. LEGAL-
BERT compares general encoders, continued legal-
domain pretraining, and pretraining from scratch,
finding that adaptation guidance does not transfer
uniformly to legal tasks (Chalkidis et al., 2020).
Multi-task domain adaptation for legal NER pro-
duces modest aggregate gains with larger recall
changes (Smadu et al., 2022). ModernBERT pro-
vides a newer general-purpose encoder designed
for efficient long-context finetuning (Warner et al.,
2025). GLiNER predicts entity types supplied at
inference and reports strong zero-shot NER perfor-
mance (Zaratiana et al., 2024).

Prompt-guided extraction. Large language
models can perform legal extraction from instruc-
tions and examples, but can still produce incon-
sistent and over-generalized output (Kwak et al.,
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Group Role

Anchor References such as counts or external court
sentences.

Metadata Defendant, interpreter, redaction, or
amendment information.

Event Outcomes, obligations, recommendations,
and conditions.

Connector  Concurrent or consecutive sentencing indi-
cators.

Attribute Durations, amounts, deadlines, dismissal,

or waiver.

Table 1: Sentencing ontology groups.

2023). GuideNER finds that explicit annotation
guidelines can be more effective than demonstra-
tions for in-context NER (Huang et al., 2025). Our
ontology-guided Gemini condition supplies label
definitions, span rules, illustrative annotated snip-
pets, and a two-step entity-and-relation instruction;
its returned entity markup is checked against the
source (Section 4.2).

Our study focuses on federal criminal sentencing
docket entries from U.S. courts. All six approaches
pass through the same span-processing and scoring
pipeline. We separate exact reconstruction from a
relaxed, rule-based character-matching diagnostic,
showing whether an approach reproduces the an-
notated entity at its document location or merely
returns compatible text.

3 Task and Dataset

3.1 Task Definition

The input is one criminal sentencing docket entry.
The output identifies each ontology-defined entity
by its label and by its start and end characters in
the entry. Figure 1 illustrates this span-extraction
task and the two scoring criteria; Figure 3 shows a
redacted example of the docket-entry format.

The Ilabels identify character spans, not
document-level topics. The labeling guidelines
organize entities into five groups (Table 1) and sep-
arately specify the meaning and boundary conven-
tions for every label.

Ontology. Our sentencing ontology provides a
domain-specific annotation and extraction schema:
a label taxonomy, definitions, and span-boundary
rules. We use “ontology” throughout to refer
to this operational task definition. Its machine-
readable JSON rules provide general notes and, for
each label, its name, category, definition, and span
rules (Appendix F); the prompt separately specifies

generic directed relations between entities. Those
relations are not scored here, and we provide no
formal interoperability mappings or logical axioms.
The ontology represents components of a federal
criminal sentence observable in a docket entry. An-
chors connect a sentence to counts or other pro-
ceedings; metadata identifies relevant case context;
events describe outcomes, requirements, recom-
mendations, and conditions; connectors indicate
concurrent or consecutive conditions; and attributes
express durations, amounts, deadlines, dismissal,
or waiver. A phrase may contain adjacent but dis-
tinct elements, for example, an incarceration event
and its duration attribute (2 years imprisonment).
Therefore, the annotation guidelines define both
what each label means and which characters in the
docket text belong to it. The complete 44-label
inventory and development and evaluation support
appear in Appendix D, Table 9; the definitions
and span rules appear in Appendix F. For exam-
ple, Inmigration consequences is an event label
whose rule tags only the immigration-consequence
phrase; Amendment or correction is metadata
whose rule tags the minimal phrase indicating that
the judgment or entry was amended or corrected.
The latter marks a change to the record, not a type
of punishment.

3.2 Data and Annotation

The dataset consists of manually annotated crim-
inal sentencing docket entries obtained through
SCALES (Pah et al., 2022; SCALES-OKN, n.d.).
The source records originate in PACER (Public
Access to Court Electronic Records), the elec-
tronic public-access system for U.S. federal courts
(United States Courts, n.d.); SCALES provides a
research data platform built from court records,
rather than being the court filing system itself. The
final supervised-development collection contains
163 entries and 1,386 reference spans; the sepa-
rate evaluation collection contains 100 entries and
1,049 reference spans. The two collections are
disjoint under normalized-text and docket-identity
matching. The retained court identifiers cover 68
federal district courts (58 in development and 44 in
evaluation). We preserve the docket text and repre-
sent entities using character offsets. Each entry is
identified by its case number and row number on
the full docket sheet.

Table 2 describes the analysis-ready evaluation
records. Only the docket text is supplied to an
evaluated system; identifiers and normalized text
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(a) Synthetic ontology-guided annotation

Defendant sentenced as to |Count 1 |1 to ‘24 months

of 3 s followed by

| supervised release |5. | Special assessment |6 waived 7.

‘i

Span text Canonical label
Count 1' Count

24 months? Length of time
imprisonment® Incarceration

3 years* Length of time

supervised release’
Special assessment®
waived’

Release supervised
Payment special assessment
Waived_Remitted

Colored spans are illustrative and contain no source docket
text.

(b) Exact and relaxed scoring
Gold

Length of time

Prediction A: same label, wider boundary
Length of time:

‘ 24 months of imprisonment

Exact: No—offsets differ. Relaxed: Yes—after normaliza-
tion, “24 months” is contained in “24 months of imprison-
ment.”

Prediction B: same text, wrong label

DA i Incarceration

Exact: No. Relaxed: No—Iabels differ.

Relaxed credit requires a one-to-one match, the same
canonical label, and normalized-text containment in either
direction. Generic character overlap is insufficient.

Figure 1: Task and evaluation illustration. Panel (a) shows a synthetic docket excerpt and its canonical entity spans;
superscript numbers link each colored span to its label in the table. Panel (b) distinguishes exact document-offset
scoring from the normalized-text containment sensitivity analysis.

support record alignment, and reference fields are
accessed only during scoring.

Four manual labelers prepared the development
and evaluation datasets. To assess agreement, each
independently annotated the same sample of 10
docket entries, selected to vary in length and com-
plexity. The agreement calculation used 417 span
annotations across the four labelers. Mean F1 over
the six annotator pairs was 88.1% when a one-
to-one match required the same canonical label
on overlapping text. Under the primary scorer’s
stricter requirement of identical start, end, and la-
bel, mean pairwise F1 was 80.3%. This gap illus-
trates the difficulty of applying ontology-specific
boundary rules even when annotators identify over-
lapping legal language—for example, whether a
duration includes an adjacent modifier. A fifth re-
viewer subsequently examined every entry in the
final datasets and adjudicated the identified anno-
tation disagreements. Human labelers followed
the same annotation guidelines later supplied to
the prompted model. This review was prediction-
blind: no output from Gemini or any other eval-
uated approach was used by human annotators to
create or adjudicate the reference labels. Per-label
inter-annotator agreement is unavailable, so we can-
not determine whether labels with low extraction
performance also produced greater disagreement
among annotators.

Availability. The dataset is publicly available as
training and evaluation CSV files, including docket

text, annotations, and record identifiers.! The re-
leased ucid and row_ordinal fields associate an-
notations with a case and its entry on the docket
sheet. Researchers can also access source court
data through the SCALES platform (SCALES-
OKN, n.d.).

3.3 Preprocessing and Splits

All modeling approaches begin with unchanged
docket text and a shared document-level span rep-
resentation. Each approach may tokenize or win-
dow the text internally, but its predictions are
mapped back to the original character coordinates.
Invalid, unparseable, or ungrounded outputs are
recorded rather than silently rewritten or omitted.
Appendix A provides the model-specific prepro-
cessing and adapter details.

The 100-entry evaluation set is excluded from
fitting and selection. Supervised approaches use
a fixed, grouped (by docket similarity) five-fold
split of the 163 development entries and are refit
on all development entries only after configuration
selection. Model-specific transformations are doc-
umented in Appendix A.

"Public dataset download (Dropbox).
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Column Description Role

ucid Case-level identifier used to associate an entry with its docket. Metadata
row_ordinal Position of the entry on the full docket sheet. Metadata
docket_text Original docket-entry text supplied to every evaluated system. Model input
docket_text_norm Deterministically normalized text used for record matching and consis- ~ Alignment

tency checks.
ground_truth_

annotated_text

Curated entity representation from which canonical labels and document-

Entity reference

level character spans are recovered.

ground_truth_
relations
this study.

Curated relation representation retained in the data but not evaluated in

Not scored

Table 2: Columns in each analysis-ready evaluation record. Only docket_text from the record is provided as

model input.

4 Methodology
4.1 Shared Span Formulation

Let x = (cy,...,cn) be the character sequence of
a docket. A system predicts

Y = {(Sjvej7£j)}§n:1>

where 0 < s; < e; < N are half-open docu-
ment offsets and /; is a canonical label. Character
offsets form the shared interface because systems
use different tokenizers and output formats. BIO
predictions are reconstructed into document spans,
Gemini annotations are parsed and grounded to
source text, and GLINER window-local offsets are
restored to document coordinates.

Figure 2 shows the complete comparison path
and distinguishes shared ingestion from each
model’s preprocessing and output adapter.

4.2 Compared Approaches

The ontology defines the common annotation and
evaluation targets, but the systems receive differ-
ent representations of it. CRFsuite and the two
encoders learn from labeled development spans ex-
pressed as BIO tags; they do not receive the natural
language annotation rules as input. Both GLINER
conditions receive label-name strings, and fine-
tuned GLiNER additionally learns from labeled
spans. Gemini alone receives the full rules JSON
and the prompt instructions.

CRF. CRFsuite (Okazaki, 2007) provides a
feature-based structured prediction baseline for
recurring docket language. It converts human-
annotated reference (“gold”) spans to BIO tags over
deterministic offset-preserving tokens. A linear-
chain CRF uses lexical, orthographic, sentencing-
domain, and neighboring-token features. Each de-
velopment entry is predicted out of fold, and the

final model is refit on all 163 eligible entries. Ap-
pendix A gives the tokenizer, features, and opti-
mization settings.

Gemini. Gemini 2.5 Flash (Gemini Team,
Google, 2025) provides a generative, instruction-
guided comparison without task-specific
weight updates. It uses the provider identi-
fier gemini-2.5-flash and receives the docket,
full rules JSON, and span instructions. The
fixed prompt contains short annotated guideline
examples, including time-served and drug-testing
snippets, but no full-docket demonstrations or
retrieved examples. Responses are parsed into
entity spans and checked against the source
text. Empty outputs or recorded request errors
prevent final scoring until resolved. Responses
that fail source reconstruction remain in evaluation
under the error-handling procedure described
in Appendix A. The exact prompt template and
the identity of its rules input are documented in
Appendix E, and configuration, retry, and parsing
details appear in Appendix A.

Zero-shot GLINER. GLiINER (Zaratiana et al.,
2024) jointly encodes label names and text with
a bidirectional transformer. It constructs candi-
date span representations from their endpoints and
scores compatibility with entity-type representa-
tions using a dot product and sigmoid. This is direct
span prediction, unlike BIO token classification or
Gemini’s generated markup. The frozen condition
tests transfer from a general label-conditioned ex-
tractor. We use the gliner_medium-v2.1 check-
point without fine-tuning: it is zero-shot with re-
spect to model parameters, but not blind to the task
label names. At inference it receives the 44 canoni-
cal ontology label names but no annotated docket
examples, and its weights remain unchanged. Its
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Preserved docket text
Same input for all systems
Development gold for fitting

—

Six extraction systems
CRFsuite; ModernBERT;
Legal-BERT; GLINER frozen;
GLINER fine-tuned; Gemini

Output adapters

BIO tags to spans
Window offsets and merging
Generated markup to offsets

/

Ontology access
BIO supervision:
CRF/encoders
Label names: both GLINERs
Full rules and prompt: Gemini

Shared evaluation
Held-out reference spans
Exact span micro-F1
Relaxed boundary diagnostic

Common span interface

{(s,e,0)}

Document character offsets

I p—

Figure 2: Unified comparison architecture. Supervised fitting uses development spans only; the held-out reference
spans enter evaluation. Natural-language rules are supplied to Gemini, label names to GLiNER, and labeled BIO
targets to CRFsuite and the encoders. Outputs share the same character-span scoring interface.

threshold, windowing, and span-merging rules ap-
pear in Appendix A.

Fine-tuned GLiNER. The sixth condition fine-
tunes the same GLINER checkpoint (Zaratiana
et al., 2024) on the 163 development records, test-
ing the value of local supervised adaptation within
the same model family. Final models are indepen-
dently refit and reported across three seeds. The
selected training settings appear in Appendix A.

Encoder baselines. We fine-tune
ModernBERT-base (Warner et al., 2025) and
Legal-BERT-base-uncased (Chalkidis et al.,
2020) for BIO classification with token cross-
entropy. They provide general-purpose and
legal-domain pretrained encoder baselines, re-
spectively; their other architectural differences
prevent a controlled attribution to pretraining
domain alone. Their exact checkpoint identifiers
appear in Appendix A. Their token predictions
are restored to document character offsets before
scoring. Window sizes, ownership, masking, and
span-merging rules appear in Appendix A.

4.3 Training and Inference

Supervised approaches use the fixed grouped five-
fold split for model and configuration selection,
then are refit on all 163 development entries. The
evaluation collection is not used for selection. Gem-
ini and zero-shot GLiNER require no task-specific
fitting; their prompt or checkpoint, label source,
threshold, and preprocessing are fixed before eval-
uation.

The selected settings, candidate configurations,

and adapter details are reported in Appendix A.

4.4 Evaluation

The primary metric is exact document character
span micro-F1. A true positive requires identi-
cal start, end, and canonical label, so predicting
the same text at a different occurrence in a docu-
ment is incorrect. We also report precision, recall,
per-label scores, reference support (the number of
annotated evaluation spans), and secondary macro-
F1 over labels with reference support. Of the 44
ontology labels, 41 occur in the evaluation col-
lection; Redacted, Suspended sentence, and No
contact or restraining order have zero eval-
uation support; the latter two are also unattested in
the development collection. We retain these labels
for compatibility with the original label inventory
and to preserve the ontology’s intended coverage as
the corpus expands. We therefore compute macro-
F1 over the 41 labels with evaluation support.

The secondary relaxed scorer is a boundary-
sensitivity diagnostic, not a measure of semantic
correctness. It makes a one-to-one match when la-
bels agree and one normalized span string contains
the other; for example, supervised release can
match 1 year of supervised release. Because
this can credit boundaries that violate the ontology,
relaxed scoring does not replace exact scoring. The
normalization details appear in Appendix A.

Table 3 gives two examples from the official eval-
uation. In both records, the supervised model had
a document-level exact F1 higher than the Gem-
ini pass shown. The systems found overlapping
text with the same label, but only CRFsuite or fine-
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tuned GLiNER reproduced the annotated boundary.

Each trained seed variant and each Gemini
provider pass is evaluated separately on all 100
records. For ModernBERT, Legal-BERT, and fine-
tuned GLiNER, we report the arithmetic mean and
sample standard deviation of the resulting metrics
across three training seeds. For Gemini, we re-
port the corresponding summary across five API
passes conducted with the same prompt and con-
figuration. CRFsuite and zero-shot GLiNER are
each evaluated once and are therefore reported as
single values without a standard deviation. We
summarize complete evaluation results rather than
pooling predictions across repetitions or selecting
the best-performing repetition.

5 Results
5.1 Main Results

Table 4 summarizes exact and relaxed extraction
performance for all six systems.

Across the six systems, the evaluation contains
16 complete results: one each for CRFsuite and
zero-shot GLINER, three seeded results each for
fine-tuned GLiINER, ModernBERT, and Legal-
BERT, and five Gemini provider passes. Each is
scored on the same 100 docket entries against all
1,049 reference spans; no document, failed predic-
tion, or label with gold support is excluded.

Fine-tuned GLiNER has the highest primary ex-
act F1 at .703 £ .009, with balanced precision and
recall. CRFsuite ranks second at .655 and has the
highest exact precision, .742. Legal-BERT obtains
.569+£.010 exact F1 and ModernBERT .485+.005.
Their difference is descriptive: the models also dif-
fer in architecture, tokenizer, context length, and
checkpoint, so this comparison does not isolate the
effect of legal-domain pretraining.

Fine-tuning changes GLINER substantially
within the evaluated family. The zero-shot con-
dition obtains .345 exact F1, compared with .703 £
.009 after task-specific fine-tuning. The three fine-
tuned runs (.696, .712, and .701) show that the
mean is not driven by one favorable refit.

The exact and relaxed metrics yield different
practical interpretations. Gemini has an exact
F1 of .463 £ .038 but the highest relaxed F1 at
787 + .013, an average gap of .324. Modern-
BERT has the next-largest gap, increasing from
485 + .005 to .645 £ .014. Gemini had 24—
37 source-reconstruction failures per pass (Ap-
pendix A); its gap therefore reflects reconstruction

failures as well as boundary sensitivity. Receiving
relaxed credit because the label matches and one
normalized span contains the other does not show
that the prediction has the meaning or boundary
required by the ontology.

5.2 Per-Label Results

Across the 41 evaluation-supported labels, fine-
tuned GLiNER also has the highest exact macro-
F1 (.453 £+ .008). Gemini’s exact macro-F1 is
.375+£.030, followed by CRFsuite (.309), zero-shot
GLiNER (.262), ModernBERT (.210 % .010), and
Legal-BERT (.195+.003). Macro-F1 and micro-F1
therefore emphasize different behavior: CRFsuite
is strong on frequent patterns, while Gemini and
the GLiNER variants cover a broader portion of the
ontology.

All approaches perform better on labels repre-
sented by more than 20 spans in the 163-entry de-
velopment collection than on less frequent labels.
Fine-tuned GLiNER reaches .794 exact micro-F1
in the highest-support bin and remains nonzero for
support-one (.417) and support-2-5 (.398) labels.
CRFsuite reaches .754 in the highest-support bin
but .077 on support-one labels. The two encoders
have no exact true positives in the lowest support
bins. These descriptive results identify minority-
label representation as an important target for fu-
ture data collection and analysis.

Figures 4-5 show exact-span recall, not F1.
Immigration consequences has only 3 develop-
ment spans but 24 evaluation spans: exact recall
is .125 for CRFsuite, .042 for Gemini and zero-
shot GLiNER, and zero for both encoders and fine-
tuned GLiNER. Amendment or correction has
1 development and 4 evaluation spans and zero ex-
act recall for every system. Conversely, fine-tuned
GLIiNER’s perfect recall and F1 for Community
service concern just one evaluation span (2 de-
velopment spans), not strong evidence of general-
ization. Scarcity is one plausible factor, but these
descriptive comparisons do not isolate its effects
from boundary rules, wording, or model design.

5.3 Run-to-Run Variation

Table 5 reports mean exact F1 and sample standard
deviation across repeated runs.

Variation is modest for the three trained neu-
ral systems and larger for Gemini’s five provider
passes. These sample standard deviations describe
the observed checkpoints or passes; they are not
confidence intervals over the evaluation population.
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Label Reference and exact output Gemini output Scoring consequence
Release supervised supervised release (CRF- 1 year of supervised Relaxed match; exact mismatch
suite) release

Length of time TWENTY-FOUR  (24) MONTHS

(fine-tuned GLiNER)

*TWENTY-FOUR (24) MONTHS

Relaxed match; exact mismatch

Table 3: Redacted boundary examples from official predictions. Exact scoring requires the reference start and end;
relaxed scoring credits these same-label containment cases.

Method Exact P Exact R Exact F1 Relaxed P Relaxed R Relaxed F1
Gemini 2.5 Flash 419 +.039 518 £.035 463 +.038 .711 £.023 .8814.008 .787 +.013
CRFsuite 742 .586 .655 .801 .633 107
ModernBERT 457 +.018 517 £.012 485 +.005 .608 £.029 .688 £ .018 .645 + .014
Legal-BERT .569 4+ .014  .568 £ .015 .569 £+ .010 .646 +.012  .645 £+ .013 .645 + .005
GLIiNER zero-shot .320 373 345 402 467 432
GLINER fine-tuned .698 +.014 .708 £.005 .703 +.009 .756 £.016 .768 £ .006 762 + .010

Table 4: Results on all 100 manually annotated entries. Repeated systems report arithmetic mean + sample SD
across three seeds or five Gemini passes. Exact span F1 is primary; relaxed matching is a secondary boundary

sensitivity.
System Runs Exact F1 Sample SD
Gemini 2.5 Flash 5 463 .038
ModernBERT 3 485 .005
Legal-BERT 3 .569 .010
GLINER fine-tuned 3 703 .009

Table 5: Variation in final exact F1 across genuinely
repeated runs.

6 Error Analysis

We deterministically pair exact false negatives and
false positives. A wrong-label pair covers exactly
the same characters but uses different labels. A
boundary mismatch uses the same label and over-
lapping text but different start or end characters.
An unmatched false positive is a prediction with
neither type of pair; an unmatched false negative
is an unpaired reference span. Each paired error
accounts for one false positive and one false neg-
ative (Table 6). Thus total FP equals wrong-label
pairs plus boundary pairs plus unmatched FP; total
FN uses the same paired counts plus unmatched
FN. Fractional entries arise from averaging integer
run-level counts, not fractional spans.

ModernBERT has the largest number of paired
same-label boundary mismatches, consistent with
its exact-to-relaxed increase. Gemini also has fre-
quent boundary mismatches, but its larger problem
is unmatched output: it averages 656.4 unmatched
false positives and 405.4 unmatched false negatives.
Its high relaxed recall, therefore, reflects broad re-
covery of candidate text, not uniformly controlled
extraction.
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CRFsuite has the fewest unmatched false posi-
tives but substantially more unmatched false nega-
tives, matching its high precision, lower recall pro-
file. Fine-tuned GLiNER has the fewest unmatched
false negatives and a comparatively low unmatched
false-positive burden. Zero-shot GLiNER has the
largest same boundary wrong label count; fine-
tuning reduces this from 86.0 to 24.7 while also
reducing unmatched errors. This within-family
change is consistent with local examples improv-
ing both category distinctions and docket-specific
boundary patterns.

7 Discussion

General-purpose linguistic capability does not guar-
antee ontology-exact extraction on this task. Fine-
tuned GLiNER obtains the highest observed exact-
span F1, while the much simpler CRFsuite model
remains second and achieves the highest precision.
Both results illustrate the value of aligning a model
with recurring docket patterns and explicit bound-
ary rules.

Gemini illustrates a complementary strength and
weakness. One possible contributor is prediction
mechanism: the discriminative approaches decode
spans directly, whereas Gemini generates marked-
up text that is grounded to document offsets after
generation. The experiments do not isolate this
design difference, but it is consistent with Gemini’s
substantially higher relaxed than exact score. It of-
ten finds the relevant words, producing the highest
relaxed F1 and recall, but its exact F1 is much lower.



System Wrong label Boundary mismatch Unmatched FP  Unmatched FN
Gemini 2.5 Flash 13.6 86.6 656.4 4054
CRFsuite 15.0 42.0 157.0 377.0
ModernBERT 15.7 171.3 460.3 319.7
Legal-BERT 44.7 77.0 3203 331.3
GLINER zero-shot 86.0 92.0 651.0 480.0
GLIiNER fine-tuned 24.7 58.0 239.7 2233

Table 6: Exact-span errors per 100-entry evaluation run. Wrong label and Boundary mismatch count paired
prediction/reference errors; each pair contributes one FP and one FN. Unmatched FP counts remaining predicted
spans; Unmatched FN counts remaining reference spans. Means over five Gemini passes or three neural refits are
fractional; CRFsuite and zero-shot GLiINER are single runs. Counts are not percentages.

This distinction matters when predictions populate
an auditable database: including or omitting a mod-
ifier, duration, count, or surrounding phrase can
change the represented entity even when the predic-
tion appears textually close. Relaxed matching is
useful for diagnosing boundary sensitivity, but ex-
act character-span evaluation remains the primary
measure.

The two GLiNER conditions provide the clear-
est within-family methodological contrast. Supply-
ing label names to the evaluated frozen extractor
yields substantially lower exact F1 than adapting
it to local examples and the task ontology. This
supports the practical claim that domain-driven
task definitions, carefully developed ontologies,
and task-specific adaptation remain important even
when powerful general models are available. Fu-
ture work should evaluate relation extraction, ex-
plore development-only aggregation strategies, and
test whether other comparatively simple structured
models can exploit recurring docket language. The
current ontology and dataset remain fixed for this
study; broader sentencing and fairness analyses
will require separately versioned expansion and
validation.

Scalability. The evaluated inputs are short docket
entries. Longer, heterogeneous judgments or briefs
can spread relevant facts and their modifiers across
windows. Our current window adapters restore
offsets and resolve overlaps; they do not establish
cross-window reasoning. A larger label inventory
and longer guidelines would also increase Gemini’s
input size and potential inference cost, and may in-
crease label confusion. Hierarchical label selection
or staged extraction could address these constraints,
but were not tested. Transfer across courts and doc-
ument types would require new annotation, explicit
ontology versions, and independent validation of
coverage, boundary rules, and accuracy, rather than

reuse of the present scores as an assurance of per-
formance.

8 Conclusion

We present a domain-specific ontology and manu-
ally annotated dataset for extracting structured sen-
tencing information from federal criminal docket
entries, together with a comparative evaluation of
six approaches. On 100 evaluation entries, fine-
tuned GLiNER obtains the highest observed exact-
span F1 (.703 & .009), compared with Gemini 2.5
Flash (.463 + .038) and zero-shot GLiNER (.345).
Gemini recovers a large share of compatible text un-
der relaxed matching, but its exact score shows that
finding relevant language is not the same as produc-
ing ontology-correct spans. CRFsuite’s competi-
tive .655 exact F1 and highest exact precision (.742)
show that a comparatively simple structured model
can remain competitive on this formulaic docket
task when boundary rules are explicit. Together,
the findings reinforce the importance of domain-
driven task definitions, ontology development, and
task-specific adaptation for this legal information-
extraction objective. The resulting structured spans
are intended to support future sentencing research;
fairness or disparity outcomes are not evaluated
here.

9 Limitations

The study evaluates 100 held-out docket entries
containing 1,049 spans and uses a separate 163-
entry pool containing 1,386 spans for supervised
development (selection and final refitting). These
samples are too small to establish cross-court, tem-
poral, or cross-jurisdictional generalization. Many
ontology labels are rare. Labels absent from devel-
opment have no positive supervised training exam-
ples; labels absent from evaluation cannot support
an empirical recall estimate. The ontology retains
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all 44 labels, while macro-F1 averages the 41 with
evaluation support. Table 9 reports both collec-
tions’ complete span counts. The label inventory
and development/evaluation splits are fixed across
systems.

The systems differ in more than just model fam-
ily. ModernBERT and Legal-BERT use different ar-
chitectures, tokenizers, context lengths, and check-
points, so their comparison does not isolate the ef-
fect of legal-domain pretraining. The relaxed scorer
measures same-label normalized substring contain-
ment rather than semantic correctness. Exact scor-
ing also treats identical text at a different occur-
rence as incorrect; this is intentional for location-
specific structured data but can magnify ambiguity
in repetitive docket language. Annotation agree-
ment drops from 88.1% under same-label overlap
to 80.3% under exact boundaries, underscoring that
the primary metric depends on difficult boundary
judgments, even after independent adjudication.

We evaluate one fixed ontology-guided Gemini
prompt containing definitions, boundary and sup-
pression rules, annotated illustrative snippets, and
sequential entity-tagging and relation-generation
instructions. We did not ablate these components
or vary the examples, retrieval, prompt, or decod-
ing controls; their individual contributions cannot
be inferred from the comparison. Provider-side
changes may also be mixed with run-to-run gen-
eration variability. The prompt also requires an
unscored relation graph alongside entity tags, so
this condition does not isolate entity-only gener-
ation. This study does not evaluate relation ex-
traction. Some labels are absent from develop-
ment despite appearing in evaluation; for exam-
ple, Interpreter Present has zero development
spans and 26 evaluation spans.

Docket entries almost never contain all the detail
available in the underlying sentencing judgment.
Our scope reflects the availability and convenience
of the SCALES docket collection and the cost of
acquiring additional documents, not an assump-
tion that judgments are less uniform or harder to
parse. PACER’s electronic access schedule speci-
fies $0.10 per page, subject to caps and exemptions
(United States Courts, n.d.). Extracting and com-
paring information from the judgments remains
future work.

10 Ethical Considerations

Federal docket records are publicly accessible, but
they can contain names and details about punish-
ment, health, treatment, finances, immigration sta-
tus, and other sensitive matters. Public access
does not remove privacy or re-identification risk;
work on large open legal corpora likewise em-
phasizes that such data may contain private or
harmful material (Henderson et al., 2022). Dur-
ing this study, source dockets and record-level
model outputs were kept in access-controlled stor-
age; the paper presents aggregate results and re-
viewed redacted or explicitly synthetic examples.
The public dataset release includes docket text, an-
notations, and case/entry identifiers, as described
in the availability statement. Its public availabil-
ity does not remove the privacy risks of linking,
aggregating, or reusing these records.

Automated extraction can make court data easier
to analyze, but it can also make sensitive informa-
tion easier to aggregate, search, and use outside its
original context, creating privacy risks from data
processing and linkage (National Institute of Stan-
dards and Technology, 2020). Errors may omit a
condition, attach a duration or penalty to the wrong
event, or turn an ambiguous phrase into an appar-
ently authoritative database field. These possible
downstream harms motivate contextual validation
and human oversight (Tabassi, 2023). The sys-
tems are research tools, not sources of legal advice
or substitutes for reviewing the underlying docket.
Their outputs should not be used without human
verification for decisions about individuals, surveil-
lance, risk assessment, or eligibility for legal relief.

The dataset also reflects the availability and con-
ventions of its sampled records and the judgments
embedded in the ontology. Uneven PACER cov-
erage, inconsistent clerk language, and minority-
label scarcity may create systematic blind spots.
Reporting exact errors and label support makes
these limitations more visible, but does not elimi-
nate them. Dataset documentation helps delimit
claims about generalization across populations
(Bender and Friedman, 2018); neither that docu-
mentation nor aggregate performance demonstrates
fairness in downstream sentencing uses.
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A Docket Example and Implementation
Details

Figure 3 shows a randomly selected docket entry
with names, dates, and identifying case information

removed.
PACER Criminal Docket Entry
Case: [REDACTED]

Minute Entry for proceedings held before Judge
[REDACTED]: Sentencing held on [DATE] for
[REDACTED], Count(s) 3, BOP 61 Months / 15 years
supervised release / standard, special and mandatory
conditions of release / no fine / $100 special assessment
/ $20,000 restitution. (Court Reporter [REDACTED].)
(Entered: [DATE)])

Randomly selected source entry; names, dates, case meta-
data, and other identifying information are redacted.

Figure 3: Redacted PACER sentencing docket entry.
The compact record combines count references, sen-
tencing events, durations, and monetary conditions in
one semi-structured text field.

Configuration selection. Supervised-model
configurations and GLiNER thresholds were
selected using pooled out-of-fold predictions
from grouped five-fold cross-validation on the
163 development entries. The held-out evalua-
tion set was not used for selection. Stochastic
configurations were ranked by mean pooled exact-
span F1 across seeds 13, 37, and 73. Selected
supervised models were refit on all development
entries. Gemini’s prompt was fixed. Table 7
lists the search ranges and selected settings. The
accompanying manuscript source package contains
configuration/experiment-settings. json
and configuration/model-environment.lock,
recording seeds and the archived model-
environment dependency versions.

Gemini inference and parsing. We ran five
passes with models/gemini-2.5-flash through
the Google Gen Al SDK in August 2026. Requests
specified only the model identifier and prompt;
generation settings and structured-output controls
were not explicitly set. Appendix E reproduces the
prompt template, omitting separator-only lines for
readability. The prompt requests inline entity tags
and relations, but only entity spans are evaluated.
The parser accepts text blocks or JSON, converts
entity tags to character offsets, maps legacy label
names to canonical labels, and checks that the an-
notated text reconstructs the source. Empty outputs
or recorded request errors cause the final scoring
preflight to fail. Outputs that cannot reconstruct

the source remain in evaluation: parsed entities re-
ceive out-of-document offsets, making them false
positives under exact scoring and leaving all ref-
erence spans unmatched. Relaxed scoring instead
compares their parsed entity text. In the reported
Gemini passes, source reconstruction failed for 29,
24, 37, 34, and 30 of the 100 responses, respec-
tively (154 of 500 responses across passes). These
are repeated responses to the same 100 entries, not
500 distinct entries. The scored outputs contained
no empty responses or recorded request errors.

CRFsuite. The tokenizer identifies currency and
numeric expressions before general alphanumeric
tokens and treats hyphens as separate tokens. Fea-
tures include original and lowercase token text, pre-
fixes, suffixes, token shape, capitalization, digit
and punctuation indicators, sentencing lexicons,
and the two preceding and following tokens.

GLINER training and predic-
tion. Both GLiNER conditions used
urchade/gliner_medium-v2.1. Each over-

lap is divided at its midpoint; a prediction is
retained only when its midpoint belongs to that
window’s assigned region. Predictions were
then mapped to document offsets. For duplicate
spans, we retained the highest-scoring prediction.
Remaining candidates were ranked by score, with
ties resolved by earlier start, longer span, and
label; overlapping lower-ranked predictions were
removed.

Encoder training and prediction. We
used answerdotai/ModernBERT-base  and
nlpaueb/legal-bert-base-uncased. For

training, each reference span was assigned to
the window that contained it fully with the most
surrounding context. Tokens belonging to partial
or duplicate copies of that span in other windows
were excluded from the loss. If a token overlapped
multiple reference spans, all tokens intersecting
those spans were excluded from the loss. All
original reference spans remained in evaluation.

At inference, duplicate spans were resolved us-
ing the highest mean token probability. Other over-
lapping predictions were resolved by descending
score, and retained spans were sorted into docu-
ment order.

Relaxed matching. Span text was lowercased,
whitespace was collapsed, and punctuation other
than dollar signs was removed. The scorer then
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System

Tested settings

Selected settings

CRFsuite

Encoders

GLINER zero-shot

GLiINER fine-tuned

Windows

Gemini

¢ € {0,.05,.1}; co € {.01,.05,.1}
Learning rate {1,2} x 107°
Threshold .2-.6, step .1
Encoder/other rates (107°,5 x 107°)
or (2 x 1075,107%); 3 or 6 epochs;
thresholds .3, 4, .5

Fixed processing settings

Fixed prompt; 5 passes

c1 = co = .1; L-BFGS; 200 iterations;
all transitions

2x 10756 epochs; batch 2; weight
decay .01; warmup .1; gradient norm
1.0

Threshold .4

(2 x 107°,107%); 6 epochs; thresh-
old .5; batch 4/device; accumulation
2; weight decay .01; warmup .1; co-
sine schedule

GLiNER: 384 words, overlap 64; Mod-
ernBERT: 1,024 tokens; Legal-BERT:
512 tokens; encoder overlap: 128 con-
tent tokens

1-second spacing; at most 5 attempts;
exponential backoff from 10 seconds

Table 7: Configuration search and selected implementation settings. Both encoders and fine-tuned GLiNER use

seeds 13, 37, and 73.

greedily matched predictions and references one-to-
one when their labels agreed and either normalized
text contained the other. References are visited
in annotation order (document order for source-
aligned markup); each is paired with the first eligi-
ble, unused prediction in prediction-markup order.
Matches are not ranked by confidence or overlap

length.

497



B Per-Label Results

Figures 4 and 5 report per-label recall.

Amendment or correction n=4
Anger management class n=2
Community service n=1
Concurrent n=10
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Consecutive n=8
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Figure 4: Exact-span recall by label on the 100-record evaluation set (panel 1 of 2). Row annotations give
evaluation reference support. Only labels with reference support are shown; low-support rows should be interpreted
descriptively.
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Figure 5: Exact-span recall by label on the 100-record evaluation set (panel 2 of 2). Row annotations give
evaluation reference support. Only labels with reference support are shown; low-support rows should be interpreted

descriptively.
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C Run-Level Results

System Run Exact F1 Relaxed F1
Gemini 2.5 Flash pass 1 491 .802
Gemini 2.5 Flash pass 2 504 790
Gemini 2.5 Flash pass 3 428 194
Gemini 2.5 Flash pass 4 419 771
Gemini 2.5 Flash pass 5 474 77
CRFsuite fixed .655 707
ModernBERT run 1 490 .659
ModernBERT run 2 482 .631
ModernBERT run 3 482 .645
Legal-BERT run 1 .565 .644
Legal-BERT run 2 .580 .651
Legal-BERT run 3 .561 .642
GLiINER zero-shot  fixed .345 432
GLINER fine-tuned run 1 .696 754
GLiINER fine-tuned run?2 712 73
GLiNER fine-tuned run 3 701 758

Table 8: Every independently scored provider pass,
stochastic refit, and deterministic run. No best run is
selected.

D Complete Ontology and Support

Table 9 gives all 44 labels and their reference-span
support. Names retain the experimental wording.
Full definitions and boundary guidance appear in
Appendix F.

Canonical label Group Dev. Eval.

Anchor 219 128
Metadata 154 96
Metadata 0 26

Count
Defendant name
Interpreter Present

Redacted Metadata 1 0
Amendment or correction Metadata 1 4
Incarceration Event 129 82
Time served Event 23 13
Credit for time served Attribute 13 6
Suspended sentence Event 0 0
Home confinement Event 1 4
Release supervised Event 126 78
Release unsupervised Event 3 2
Probation Event 15 12
External court sentence Anchor 17 8
Incarceration location recom- Event 7 19

mendation

Table 9: Complete label inventory and span support in
the 163-entry development pool (Dev.) and 100-entry
evaluation set (Eval.).

Canonical label Group Dev.

Event 0 3

Medical treatment location recom-
mendation

Payment fine Event 58 54

Payment restitution Event 24 21
Payment special assessment Event 13 11
Payment penalty assessment Event 1 1
Anger management class Event 0 2
Education or GED requirement Event 3 7
Community service Event 2 1
DNA requirement Event 3 11
Financial disclosure Event 3 5
Firearm restrictions Event 1 6
Immigration consequences Event 3 24
No alcohol or controlled sub- Event 1 6
stances

No contact or restraining order Event 0 0
Search condition Event 1

Table 9 (continued).

Canonical label Group Dev. Eval
Sex offender registration Event 0 3
Drug testing Event 6 17
Treatment drug and alcohol Event 9 20
Treatment medical Event 0 2
Treatment mental health Event 2 18
Other Event 7 45
Concurrent Connector 46 10
Consecutive Connector 17 8
Dismissed Attribute 45 19
Dollar amount Attribute 68 35
Length of time Attribute 291 174
Not imposed Attribute 27 18
Waived_Remitted Attribute 46 42
Deadline Attribute 0 4

Table 9 (continued).

E Gemini Prompt Template

The template below was used for all five Gem-
ini passes. The placeholders {rules} and {text}
were filled with the annotation rules and the docket
entry, respectively. Appendix F reproduces the
complete rules JSON; Appendix D reports label
support. The prompt includes illustrative annotated
snippets and requests both entity markup and rela-
tions; only entity spans are evaluated. Separator-
only lines are omitted from this listing for readabil-
ity.

You have two inputs:

1) LabelingRules.json — the label set and
span-tagging guidance: {rules}

2) An unlabeled criminal sentencing docket entry:
{text}

Your task has TWO steps.
STEP 1 — ENTITY TAGGING (INLINE)

Using LabelingRules. json, identify and tag entity
spans in the docket entry text.
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Mark entities in-text exactly as:
[Entity text]{{Label}}

Span rules (strict):

- Tag only the smallest span that still makes the
label unambiguous.

- For {{Length of time}}, tag the full duration
expression (number + unit), e.g., “120 months”,
“5 years”.

- Do NOT invent labels that are not present in
LabelingRules. json.

- Use {{Other}} as a catch-all for
events/conditions not captured by the label set,
but keep the span minimal.

- If multiple counts are presented together
(e.g., "Count(s) 2, 3" or "Count(s) 1-8"), tag
them as ONE grouped Count span (a count block).

- If counts are mentioned separately in different
parts of the text, tag them as separate {{Count}}
spans.

- Even if a grouped block is described as
concurrent, keep it grouped as one Count span.

Time-served rules:

- When “time served” or “time-served” is itself
the sentence imposed, tag only those words as
{{Time served}}.

- In that situation, {{Time served}} replaces the
{{Incarceration}} anchor for that sentence.

- Do NOT additionally tag “sentenced,” “sentenced
to,” or the same time-served text as
{{Incarceration}}.

- Do NOT include attached dates, parenthetical
day counts, or other durations in the {{Time
served}} span.

- Do NOT separately tag attached dates, day
counts, or durations as {{Length of time}}.

- When prior custody is credited against a
separately stated incarceration sentence, tag
only the words expressing the credit as {{Credit
for time served}}.

- {{Credit for time served}} does not replace the
separately stated {{Incarceration}} sentence.
Tag that incarceration sentence and its duration
normally.

- Do NOT include attached dates, day counts, or
durations in the {{Credit for time served}} span.
- Do NOT separately tag attached dates, day
counts, or durations as {{Length of time}}.

Examples:

- “sentenced to [TIME-SERVED]{{Time served}} (241
days)”

- “[84 months]{{Length of time}}
[imprisonment]{{Incarceration}} with [credit for
time served]{{Credit for time served}} from
10/21/2015 to 2/11/2016”

Redundancy suppression (try to avoid duplicate
tags):

- Do NOT repeatedly tag the same {{Defendant
name}} if it is restated; tag it once (prefer
first mention).

- Do NOT repeatedly tag the same {{Count}}
reference if it is restated; tag it once, unless
a later mention is necessary to support a new
event—count edge that would otherwise be
ambiguous.

- More generally, avoid tagging repeated or
summary restatements of the same entity when one
tag already supports all required relations.

- Do NOT repeatedly tag the same {{Interpreter
Present}} if it is restated; tag once.

Canonical incarceration anchor rule:
- Create an {{Incarceration}} anchor for each
distinct count-specific imprisonment TERM when
the terms differ.
Example: “120 months as to Count 1 and 60
months as to Count 11” requires TWO
{{Incarceration}} anchors.
- If a single imprisonment term clearly applies
to multiple counts with the SAME duration, use
ONE {{Incarceration}} anchor connected to each
applicable {{Count}}.
- If multiple words could serve as the
incarceration anchor for the SAME term, tag only
ONE span, preferably the span closest to the
duration or count reference.
- All duration, count, and
concurrency/consecutiveness relations must attach
to the correct {{Incarceration}} anchor(s).
- Exception: when “time served” is itself the
sentence imposed, use {{Time served}} instead of
creating an {{Incarceration}} anchor for that
sentence.

Drug-testing rules:

- {{Drug testing}} is separate from {{Treatment
drug and alcohol}}.

- Tag only the minimal drug- or alcohol-testing
phrase as {{Drug testing}}.

- Do NOT include modifiers such as “mandatory” in
the {{Drug testing}} span.

- Tag treatment, counseling, evaluation, or
rehabilitation as {{Treatment drug and alcohol}}.
- When testing and treatment are stated together,
tag the testing words and treatment words as
separate entities whenever the wording permits.

- When a drug-testing requirement is suspended,
tag “suspended” or “suspends” as {{Not imposed}}
and connect it to the {{Drug testing}} event.

- Do NOT use {{Drug testing}} for unrelated
testing, such as polygraph, DNA, medical, or
psychological testing.

Examples:

- “submit to mandatory [drug testingl{{Drug
testing}}”

- “participate in [drug testing]{{Drug testing}}
and [treatment]{{Treatment drug and alcohol}}”

- “[suspends]{{Not imposed}} the mandatory [drug
testing requirement]{{Drug testing}}”

Assessment suppression rule:

- Do NOT tag {{Payment special assessment}} or
{{Payment penalty assessment}} unless the docket
explicitly states that the assessment was waived,
remitted, or not imposed.

- If either type of assessment is imposed
normally, do NOT tag the assessment or its
associated {{Dollar amount}}.

- Keep the historical label distinction: use
{{Payment special assessment}} for “special
assessment,” “assessment,” SPA, SA, or MSA, and
use {{Payment penalty assessment}} for “penalty
assessment” or “special penalty assessment.”

Supervised release concurrency assumption:
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- Supervised release terms are assumed to run
concurrently by default.

- Do NOT tag {{Concurrent}} or {{Consecutive}?}
for supervised release.

- Only the LONGEST supervised release term
matters.

- If multiple supervised release terms are
listed, even for different counts, tag ONLY the
supervised release term with the greatest
duration and its {{Length of time}}.

- Do not tag the shorter supervised release
terms.

- Supervised release does NOT need to be linked
to a {{Count}}. It may float without an
event-to-count edge.

STEP 2 — RELATIONS (GRAPH EDGES)

After tagging entities inline, output relations
as a list of generic, unlabeled directed edges
between tagged items.

Relations have NO names.

Output format:
- AnnotatedText: the full docket entry with
inline tags
- Relations: a JSON array of 2-element arrays,
each [FROM, TO],
where FROM and TO must be exact substrings
copied from AnnotatedText INCLUDING their
{{Label}}.

Example edge:
["[264 months]{{Length of time}}",
"[CBOPI{{Incarceration}}"]

RELATION RULES (STRICT)
A) Attributes must attach to an event

1) Every [..]1{{Length of time}} must connect to
the sentencing event it modifies.

2) Every [..1{{Dollar amount}} must connect to
the payment or sentencing event it modifies.

3) Every status attribute, such as
[waived]{{Waived_Remitted}},
[remitted]{{Waived_Remitted}}, [not
imposed]{{Not imposed}}, or
[dismissed]{{Dismissed}}, must connect to the
event it modifies.

4) Attributes cannot stand alone. If you cannot
find the modified event, do not tag the
attribute.

5) Every [..J]{{Deadline}} must connect to the
payment event it modifies.

Time-served relation exception:

- {{Time served}} and {{Credit for time served}}
do not require relation edges for this
experiment.

- Do not create an {{Incarceration}} annotation
solely to provide a relation endpoint for either
label.

- Use Time served when it is the sentence

imposed, and use Credit for time served only when

prior custody is credited against a separately
stated incarceration term.

Duration and amount de-duplication:

- If the same duration or amount is restated or
summarized for the same event, create only ONE
attribute edge for that event.

B) Sentencing events may connect to a Count

- If the docket entry explicitly specifies the
count for an event, connect the event to the
{{Count}}.

- If not specified, do NOT guess; the event may
float.

Priority:

- {{Incarceration}} and payment events,
including fine, restitution, penalty assessment,
and special assessment when waived, remitted, or
not imposed, should be linked to {{Count}} when
specified.

C) Concurrent / Consecutive connectors

- Tag only when explicitly stated.

- MUST connect to {{Incarceration}}.

- MUST also connect to the comparison target:
- Prefer another {{Incarceration}}
- Otherwise {{External court sentence}?}
- Fallback: {{Count}}

D) No relation names
- Output edges only as [FROM, TOJ].
FINAL INSTRUCTION

Process the docket entry and return the output in
the specified format.

F Complete Annotation Rules

The following JSON specifies the complete experi-
mental label inventory, definitions, and span guid-
ance supplied to Gemini. Relation instructions
appear in Appendix E.

{

"version”: "2.8-experiment”,

"notes"”: [
"This file defines the label set and
span-tagging guidance only."”,
"All relation and graph-construction logic is
specified in the prompt.”,
"This JSON follows the prompt label logic
exactly where the prompt and error-category
notes differ.”,
"If multiple counts are presented together,
they must be tagged as ONE grouped Count
span.”,
"Even if a grouped block is described as
concurrent, keep it grouped as one Count
span.”,
"Supervised release terms are assumed to run
concurrently by default.”,
"Do NOT tag Concurrent or Consecutive for
supervised release.”,
"If multiple supervised release terms are
listed, tag ONLY the longest supervised
release term and its Length of time.”,
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]

"Payment special assessment and Payment
penalty assessment should only be tagged when
the docket explicitly states that the
assessment was waived, remitted, or not
imposed. Normally imposed assessments and
their dollar amounts should not be tagged.”,
"Drug testing is a separate event from drug
or alcohol treatment. Tag testing and
treatment separately when both are stated.”,
"Time served and Credit for time served are
restored for compatibility with the labeled
experimental data.”,

"When time served is itself the sentence
imposed, tag only the time-served expression
as Time served; do not additionally tag
'sentenced', 'sentenced to', or the same span
as Incarceration.”,

"When prior custody is credited against a
separately stated incarceration sentence,

tag only the words expressing the credit as
Credit for time served.”,

"Do not include attached dates, day counts,
or durations in Time served or Credit for
time served spans, and do not tag them as
Length of time.",

"For Drug testing, exclude modifiers such as
'mandatory' from the span. If the requirement
is suspended, annotate the suspension word as
Not imposed and connect it to Drug testing.”

"labels”: [
"label”: "Count",
"category”: "anchor”,
"definition”: "A single distinct charge or
a grouped block of charges referenced in a
docket entry.",
"span_rules”: [
"Include the word 'Count' or 'Count(s)'
and the count number(s) or range(s).”,
"If multiple counts are presented
together, tag them as ONE grouped Count
span.”,
"If counts are mentioned separately in
different parts of the text, tag them as
separate Count spans.”,
"Even if a grouped block is described as
concurrent, keep it grouped as one Count
span.”
]
}!
{
"label”: "Defendant name”,
"category”: "metadata”,
"definition”: "The defendant's name.”,
"span_rules": [
"Tag the defendant's name only.",
"Do not repeatedly tag the same Defendant
name if it is restated; tag it once,
preferably the first mention.”
1
}’
{
"label”: "Interpreter Present”,
"category”: "metadata”,
"definition”: "The interpreter present at

the proceeding.”,

"span_rules": [
"Tag the interpreter mention only."”,
"Do not repeatedly tag the same
Interpreter if it is restated; tag once.

I
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{
"label”: "Redacted”,
"category”: "metadata”,
"definition”: "Indicates that information

has been redacted.”,
"span_rules”: [
"Tag the minimal redaction indicator

phrase.”
1
}!
{
"label”: "Amendment or correction”,
"category”: "metadata”,

"definition”: "Indicates that the judgment
or entry was amended or corrected.”,
"span_rules”: [
"Tag the minimal amendment or correction
phrase when it clearly refers to the
judgment or entry.”

]

"label”: "Incarceration”,

"category”: "event”,

"definition”: "Sentence of imprisonment in

federal prison or Bureau of Prisons

custody.",

"possible_attributes”: [
"Length of time"

]7

"span_rules”: [
"Include only the words that indicate the
prison sentence, such as 'imprisonment',
'custody of the Bureau of Prisons',
'"CBOP', or 'BOP'.",
"If present, include the word 'custody'."”,
"Create an Incarceration anchor for each
distinct count-specific imprisonment
term when the terms differ.”,
"If a single imprisonment term clearly
applies to multiple counts with the same
duration, use ONE Incarceration anchor
connected to each applicable Count.”,
"If multiple words could serve as the
incarceration anchor for the same term,
tag only ONE span, preferably the span
closest to the duration or count
reference.”,
"Exception: when 'time served' is itself
the sentence imposed, do not tag
'sentenced', 'sentenced to', or the same
time-served span as Incarceration.”
]

}'

{

"label”: "Time served”,
"category”: "event”,
"definition”: "Indicates that time already
served is itself the incarceration
sentence imposed."”,
"span_rules”: [
"Tag only the words expressing 'time
served' or 'time-served'.",
"Do not include 'sentenced', 'sentenced
to', or similar introductory wording.",
"Use Time served instead of an
Incarceration label when time served is
itself the sentence imposed.”,



"Do not include attached dates,
parenthetical day counts, or other
durations in the Time served span.”,

"Do not separately tag attached dates, day
counts, or durations as Length of time.”

]
}!
{
"label”: "Credit for time served”,
"category”: "attribute”,
"definition”: "Indicates that prior custody

is credited against a separately stated
incarceration sentence.”,
"span_rules”: [
"Tag only the words expressing the
credit, ordinarily 'credit for time
served' or a close variant.”,
"Do not include attached dates, day
counts, or durations in the Credit for
time served span.”,
"Do not separately tag attached dates, day
counts, or durations as Length of time."

1
}’
{
"label”: "Suspended sentence”,
"category”: "event”,
"definition”: "A sentence where jail or

prison time is imposed but suspended.”,
"possible_attributes”: [
"Length of time"
] ’
"span_rules": [
"Include only 'suspended sentence' or a
close proxy.”

]
1
{
"label”: "Home confinement”,
"category”: "event”,
"definition”: "Court-ordered confinement to

residence except approved outings.”,
"possible_attributes”: [

"Length of time”
]!
"span_rules": [
"Tag only the home-confinement indicator
phrase.”

]

"label”: "Release supervised”,
"category”: "event",
"definition”: "Supervised release term."”,
"possible_attributes”: [
"Length of time"
:l )
"span_rules”: [
"Tag only the supervised release phrase."”,
"If multiple supervised release terms are
listed, tag ONLY the supervised release
term with the greatest duration.”,
"Do not tag shorter supervised release
terms.”

"label”: "Release unsupervised”,
"category”: "event”,

"definition”: "Unsupervised or
non-reporting supervised release.”,
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"possible_attributes”: [
"Length of time"

]7

"span_rules"”: [
"Tag the unsupervised or non-reporting
release phrase.”

1
}!
{
"label”: "Probation”,
"category”: "event”,
"definition”: "Probation sentence.”,
"possible_attributes”: [
"Length of time”
]7
"span_rules”: [
"Tag the probation phrase.”
]
}!
{
"label”: "External court sentence”,
"category”: "anchor”,
"definition”: "A referenced non-federal

sentence used for concurrency or
consecutiveness comparisons.”,
"possible_attributes”: [
"Length of time"
]7
"span_rules”: [
"Tag the minimal case or sentence
reference.”

"label”: "Incarceration location
recommendation”,
"category”: "event”,
"definition”: "Recommendation regarding
place of incarceration.”,
"span_rules”: [
"Tag only the incarceration-location
recommendation phrase.”

]

"label”: "Medical treatment location
recommendation”,
"category”: "event”,
"definition”: "Recommendation regarding
treatment location or facility.”,
"span_rules": [
"Tag only the treatment-location
recommendation phrase."”

]

"label”: "Payment fine”,
"category”: "event”,
"definition”: "A court-imposed fine.",
"possible_attributes”: [
"Dollar amount”,
"Deadline”,
"Not imposed”,
"Waived_Remitted”
] y
"span_rules”: [
"Tag only the fine event phrase.”
]
}!
{

"label”: "Payment restitution”,



"category”: "event”,
"definition”: "A restitution payment
obligation.”,

"possible_attributes”: [
"Dollar amount”,
"Deadline”,

"Not imposed”,
"Waived_Remitted”

:l:

"span_rules": [

"Tag only the restitution event phrase.”

]

"label”: "Payment special assessment”,

"category”: "event",

"definition”: "A special assessment payment

event."”,

"possible_attributes”: [
"Dollar amount”,
"Not imposed”,
"Waived_Remitted”

1,

"span_rules": [
"Tag only when the docket explicitly
states that the special assessment was
waived, remitted, or not imposed.”,
"Do not tag a normally imposed special
assessment or its associated Dollar
amount."”,
"Use Payment special assessment for
'special assessment', 'assessment', SPA,
SA, or MSA."

1

"label”: "Payment penalty assessment”,

"category”: "event”,

"definition”: "Fee ordered because of

failure to meet specific obligation.”,
"possible_attributes”: [
"Dollar amount”,
"Not imposed”,
"Waived_Remitted”
]!
"span_rules”: [
"Include only the words 'penalty
assessment' or 'special penalty
assessment'."”,
"Tag only when the docket explicitly
states that the penalty assessment was
waived, remitted, or not imposed.”,
"Do not tag a normally imposed penalty
assessment or its associated Dollar
amount."”,
"If it just says 'assessment', SPA, SA,
or MSA, use Payment special assessment
instead.”

]

"label”: "Anger management class”,
"category"”: "event”,

"definition”: "Court-ordered anger

management class or program.",
"possible_attributes”: [
"Length of time”
1,
"span_rules": [
"Tag only the anger-management condition
phrase.”
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{
"label”: "Education or GED requirement”,
"category”: "event”,
"definition”: "Condition requiring
education participation or GED
completion.”,
"possible_attributes”: [
"Length of time"
]7
"span_rules”: [
"Tag only the education or GED condition
phrase.”
1
}!
{
"label”: "Community service”,
"category”: "event”,
"definition”: "Community-service
requirement.”,
"possible_attributes”: [
"Length of time"
]7
"span_rules"”: [
"Tag only the community-service phrase.”
]
}'
{
"label”: "DNA requirement”,
"category”: "event”,
"definition"”: "Requirement to provide a DNA
sample.”,
"span_rules”: [
"Tag only the DNA-requirement phrase.”
1
}!
{
"label”: "Financial disclosure”,
"category”: "event”,
"definition”: "Requirement to provide

financial disclosure or records.”,
"span_rules”: [
"Tag only the financial-disclosure

phrase.”
]
}!
{
"label”: "Firearm restrictions”,
"category”: "event”,
"definition”: "Condition restricting

firearm possession or access.”,
"span_rules": [
"Tag only the firearm-restriction phrase.”

1
}!
{
"label”: "Immigration consequences”,
"category”: "event”,
"definition”: "Immigration-related

consequence or condition.”,
"span_rules”: [
"Tag only the immigration-consequence

phrase.”
1
}!
{
"label”: "No alcohol or controlled
substances”,
"category”: "event”,
"definition”: "Condition prohibiting

alcohol or controlled substances.”,



"span_rules": [
"Tag only the prohibition condition

phrase.”
]
%!
"label”: "No contact or restraining order”,
"category”: "event",
"definition”: "No-contact or

restraining-order condition."”,
"span_rules": [
"Tag only the no-contact or
restraining-order phrase.”

]
3,
{
"label”: "Search condition”,
"category”: "event”,
"definition”: "Condition allowing or

requiring search or inspection.”,
"span_rules”: [
"Tag only the search-condition phrase.”

]
}!
{
"label”: "Sex offender registration”,
"category”: "event",
"definition”: "Requirement to register as a

sex offender.”,
"span_rules": [
"Tag only the registration requirement

phrase."”
]
}!
{
"label”: "Drug testing”,
"category”: "event",
"definition”: "A requirement to undergo

drug or alcohol testing, screening, or
monitoring for substance use.”,
"span_rules": [
"Tag only the minimal phrase expressing
the drug- or alcohol-testing
requirement.”,
"Do not include modifiers such as
'mandatory' in the Drug testing span.”,
"Do not use Drug testing for drug or
alcohol treatment, counseling,
evaluation, or rehabilitation.”,
"When testing and treatment are stated
together, tag the testing words as Drug
testing and the treatment words
separately as Treatment drug and
alcohol.”,
"When a drug-testing requirement is
suspended, tag 'suspended' or 'suspends'
separately as Not imposed and connect it
to the Drug testing event."”,
"Do not tag unrelated testing, such as
polygraph, DNA, medical, or
psychological testing, as Drug testing.”

1
}’
{
"label”: "Treatment drug and alcohol”,
"category”: "event”,
"definition”: "Drug or alcohol treatment
requirement.”,
"possible_attributes”: [
"Length of time"
:lv
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"span_rules": [
"Tag the treatment requirement phrase

only."
]
}'
{
"label”: "Treatment medical”,
"category”: "event”,
"definition”: "Medical treatment
requirement.”,
"possible_attributes”: [
"Length of time"
]7
"span_rules”: [
"Tag the treatment requirement phrase
only."”
]
}!
{
"label”: "Treatment mental health”,
"category”: "event”,
"definition”: "Mental health treatment
requirement.”,
"possible_attributes”: [
"Length of time"
]7
"span_rules”: [
"Tag the treatment requirement phrase
only."
1
}!
{
"label”: "Other",
"category”: "event”,
"definition”: "Catch-all for events or

conditions not captured by the label set.”,
"span_rules”": [
"Use Other only when no existing label
fits."”,
"Keep the span minimal."”

]
g!
"label”: "Concurrent”,
"category"”: "connector”,
"definition”: "Concurrent relationship
indicator.",
"span_rules"”: [
"Tag 'concurrent' or 'concurrently'.”,
"Tag Concurrent only when the docket
explicitly uses those words or clear
variants."”,
"Do not tag Concurrent for supervised
release.”
]
h
{
"label”: "Consecutive”,
"category”: "connector”,
"definition”: "Consecutive relationship
indicator.",
"span_rules”: [
"Tag 'consecutive' or 'consecutively'.",
"Tag Consecutive only when the docket
explicitly uses those words or clear
variants."”,
"Do not tag Consecutive for supervised
release.”
]
})
{



}

]

"label”: "Dismissed"”,

"category”: "attribute”,
"definition": "Status attribute indicating
dismissed.”,

"span_rules": [
"Tag 'dismissed' when used as a
disposition or status.”

]
}!
{
"label”: "Dollar amount”,
"category”: "attribute”,
"definition”: "A monetary amount.”,
"span_rules”: [
"Tag the full monetary amount including
currency symbol.”
]
}’
{
"label”: "Length of time”,
"category”: "attribute”,
"definition”: "A duration of time.",
"span_rules”: [
"Tag the full duration expression,
including number and unit."”,
"Do not tag parenthetical day counts,
dates, or other details contained in a
Time served or Credit for time served
expression as Length of time.”
1
1
{
"label”: "Not imposed”,
"category”: "attribute”,
"definition”: "Status attribute indicating

not imposed.”,
"span_rules”: [
"Tag 'not imposed'.

n

]
}!
{
"label”: "Waived_Remitted”,
"category”: "attribute”,
"definition”: "Status attribute indicating

waived or remitted.”,
"span_rules”: [
"Tag 'waived' or 'remitted'.

"

]

"label”: "Deadline”,

"category”: "attribute”,

"definition": "A deadline by which a

payment must be made.”,

"span_rules": [
"Tag the full deadline expression, such
as 'within 30 days' or 'by January 1,
2025'."

1

}
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