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Abstract

Judicial work depends on close reading of long
records, charge sheets, pleadings, annexures,
orders, often spanning hundreds of pages. With
limited staff support, exhaustive reading dur-
ing hearings is impractical. We present Court-
Nav, a voice-guided, anchor-first navigator for
legal PDFs that maps a judge’s spoken com-
mand (e.g., “go to paragraph 237, “highlight
the contradiction in the cross-examination”) di-
rectly to a highlighted paragraph in seconds.
CourtNav transcribes the command, classi-
fies intent with a grammar-first(Exact regex
matching), LLM-backed router classifying the
queries using few shot examples, retrieves over
a layout-aware hybrid index, and auto-scrolls
the viewer to the cited span while highlighting
it and close alternates. By design, the inter-
face shows only grounded passages, never free
text, keeping evidence verifiable and auditable.
This need is acute in India, where judgments
and cross-examinations are notoriously long.In
a pilot on representative charge sheets, plead-
ings, and orders, median time-to-relevance
drops from 3-5 minutes (manual navigation) to
10-15 seconds; with quick visual verification
included, 30—45 seconds. Under fixed time bud-
gets, this navigation-first design increases the
breadth of the record actually consulted while
preserving control and transparency.

1 Introduction

High-volume courts routinely face long filings and
crowded dockets (often dozens of matters per day)
which leads to massive case delays (Agarwala and
Behera, 2024). Despite near-universal digitization
(e-Courts) and access to case data at scale, the core
interaction problem remains: how can a judge inter-
rogate a voluminous record quickly and faithfully?

Summaries aid orientation but can hide
citations and miss pivotal passages, even
retrieval-augmented systems sometimes surface
mis-grounded references (Various, 2025; Stolfo,
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2024).  Adjudication prioritizes verifiability:
decision-makers must jump to the exact locus in
the record and see it highlighted. We therefore
target navigation, not paraphrase.

We present a voice-guided, anchor-first navi-
gator for long legal PDFs that converts a spoken
command (e.g., “go to paragraph 23”) into a high-
lighted paragraph within seconds. The system cou-
ples layout-aware indexing and anchor generation
over scanned/structured PDFs, a constrained com-
mand grammar with LLM back-off for coverage,
hybrid retrieval with de-duplication, and a viewer
that auto-scrolls while preserving on-screen evi-
dence. Our primary contributions are:

* A court-facing system that prioritizes direct-
to-paragraph, auditable navigation over free-
form summarization.

* A dataset and evaluation protocol for

long-record navigation measuring time-to-

relevance, strict-hit accuracy at anchor level,
and end-to-end latency.

A pilot study on charge sheets, pleadings, and

orders showing large reductions in time-to-

relevance under fixed time budgets.

2 Related Work

Long-document QA and retrieval in law. Le-
gal QA and retrieval have evolved from sentence-
level factoid questions to long-form answers
grounded in statutes and case law. Benchmark
tasks span holding extraction (e.g., CaseHOLD
(Zheng et al., 2021)), case-retrieval datasets such as
LeCaRD/LeCaRDv2 (Ma et al., 2021, 2024), and
broader evaluation suites like LegalBench (Guha
et al., 2023). More recent resources target long-
form QA (e.g., LLeQA, Legal-LFQA) (Louis et al.,
2024; leg, 2024). While these emphasize retrieval
quality and reasoning, they operate at the document
level, returning entire cases rather than pinpointed
spans, and are not designed for judge-facing inter-
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action loops.

Summarization for legal documents. Faithful-
ness remains a central challenge. Surveys and
long-context datasets (e.g., CaseSumm) catalog
hallucination modes and metric gaps (Basile et al.,
2025; Heddaya et al., 2024). General summariza-
tion work similarly shows unsupported content in
abstractive outputs (Maynez et al., 2020; Fabbri
et al., 2022). Summaries aid orientation but do not
replace the need to jump to the exact place in the
record.

Evidence-first interfaces. Outside law, explain-
able QA resources require systems to surface sup-
porting sentences (e.g., HotpotQA (Yang et al.,
2018)) and page-level localization for document
images (DocVQA) (Mathew et al., 2021), im-
proving interpretability. However, most legal
QA/summarization systems return text without a
UI that enforces verification.

Prior legal QA/summarization and DocVQA
work does not focus on navigation as we do: a
voice-guided, anchor-first interface that maps spo-
ken commands to highlighted paragraphs. Our sys-
tem combines long-document indexing, hybrid re-
trieval, a domain-adapted query router, and a judge-
facing viewer that enforces verification. To the best
of our knowledge, we are the first ones to attempt
building such a system for the legal domain.

3 System Overview

3.1 Ingest and Layout-Aware Indexing

Long records mix scanned pages, numbered para-
graphs that reset per section, multi-column text,
and tables that span pages. Pure text extraction
loses the geometry needed for trustworthy high-
lights; vision-only pipelines are compute-heavy
and brittle on low-quality scans. We therefore per-
form layout-aware parsing that emits canonical
spans with stable coordinates and IDs. Anchor (def-
inition). We treat every minimal displayable unit as
an anchor ( page, bbox, span_id, char_range, type
€{para, heading, table_cell}). Headings, para-
graphs, and cross-page tables are extracted (e.g.,
with Docling) and normalized (hyphenation, num-
bering). We then build two complementary indices:
a lexical BM2S5 index for exact legal cues (sections,
names, citations) and a windowed late-interaction
index for paraphrastic queries, produced over slid-
ing windows to preserve local context (Jha et al.,

2024). For tables, we preserve grid structure (ta-
ble_id, row, col, rowspan/colspan) so cell-level an-
chors exist even when a table breaks across pages;
we also store a light markdown/HTML rendering
for downstream snippet previews (Auer et al., 2024;
Robertson, 2009; Khattab and Zaharia, 2020; tab,
2022; Huang et al., 2022).

3.2 Query Interpretation and Routing

Spoken requests cluster into three practical fam-
ilies: temporal (“go to paragraph 23”), contex-
tual (“locate the contradiction in PW-2’s cross-
examination about the call detail records”), and
summarization (“‘summarize the charges”). La-
tency and predictability are critical in court, so
we use a grammar-first, LLM-backed router. ASR
text is first parsed by a compact command grammar
that yields typed intents and slots (page/paragraph,
statute, party, exhibit, or table region), if parsing
fails or is ambiguous, a lightweight LLM back-off
produces a structured action with confidence and
a few disambiguating rewrites surfaced to the user.
Summarization requests hit a precomputed extrac-
tive+abstractive synopsis, but responses still link
back to anchors so users can inspect sources rather
than accept paraphrase.

3.3 Retrieval and Anchor Alignment

A near hit is not enough; the system must land
on the paragraph (or cell). We perform hybrid
retrieval across the lexical and late-interaction in-
dices, interleave and deduplicate candidates by an-
chor overlap, then optionally re-rank a short list.
Using the ingest-time anchor map, we determin-
istically map retrieved text offsets back to their
anchors resolving OCR drift with tolerant match-
ing and then command the viewer to smooth-scroll
to the top anchor and highlight all corroborating
anchors. Table queries resolve to cell anchors via
(table_id, row, col) even across page breaks. If evi-
dence is insufficient (low confidence or conflicting
candidates), the UI offers a compact disambigua-
tion list (keyboard/voice selectable) or withholds
an answer. In all cases, every line of response is
grounded in visible anchors rather than free text.

3.4 Voice Pipeline

Courtrooms are noisy, and users often code-switch.
We run an on-premise streaming ASR pipeline
(Whisper-based acoustic model with VAD gat-
ing and domain lexicon biasing for statutes, party
names, and common legal terms)(Radford et al.,
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2022; OpenAl, 2022) to generate partial transcripts
quickly enough for responsive Ul feedback . The
Whisper model is fine-tuned on legal jargon and
maintains an acceptable WER even in noisy ambi-
ent conditions through post-processing heuristics.
The transcript, along with a “confirm/cancel” loop,
gives the user opportunity to correct mishears and
errors before any jump occurs. All audio is pro-
cessed ephemerally, and nothing leaves the court
network.

3.5 Viewer and Interaction Design

The Ul is optimized for hands free, eyes busy hear-
ings. We extend a standard viewer (PDF.js) and
design around three principles. Speakable affor-
dances: every action a judge can perform via key-
board is also addressable through a short utterance
with customizable shortcuts (next hit,” previous
section,” toggle highlights”). Anchored evidence:
the system never answers in free text without point-
ing to passages. All relevant anchors are high-
lighted with sentence-level backtracking to the an-
chor. Low-drama navigation: we prefer smooth
scroll to anchor rather than page jumps to pre-
serve spatial memory. A breadcrumb trail records
recent anchors and can be invoked to backtrack
quickly. A compact evidence panel lists retrieved
snippets with page or paragraph badges, and click-
ing a badge or saying open two” scrolls to that
anchor. Keyboard shortcuts are supported for all
operations so counsel can use the interface even
if the microphone is muted. The layout avoids oc-
cluding the document, while transcripts and disam-
biguation chips collapse automatically after action,
ensuring the judge’s visual context remains stable
(pdf, 2025).

3.6 Privacy and Deployability

All components—ASR, router, retrieval, and
viewer—run as independent services within the
court’s infrastructure. No audio is stored, and logs
capture only structured commands and anchor IDs
for auditing. This design keeps the Ul responsive
under load while allowing each service to scale in-
dependently. The loose coupling also enables mul-
tiple judges to work concurrently without changing
the user contract.

4 Evaluation

4.1 Experimental Setup

Corpus and task construction. To approximate
day-of-hearing use, we curated long records that
judges and counsel routinely handle: charge sheets
(with annexures and lists), pleadings, orders, and
reasoned judgments. Selection was stratified to
cover (i) born-digital and scanned PDFs; (ii)
table-heavy sections (accused/witness lists, seizure
memos) and narrative sections; (iii) varied pagi-
nation/numbering schemes (paragraphs that reset,
annexures, multi-column text). The final set has
15 documents of 50-350 pages each (avg. 100).
To elicit realistic queries, practising lawyers first
skimmed each document as they would before a
hearing and then authored speakable prompts in
three families that reflect in-court needs: tempo-
ral (explicit positions), contextual (content descrip-
tions), and summarization (brief “what’s in the peti-
tion/charges” gists). Each query is paired with one
or more gold anchor paragraphs or table cells that
must be annotated at anchor level and verified by
a second lawyer, with disagreements adjudicated.
The retrieval set comprises 600 contextual and
50 summarization queries. Temporal queries are
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generated directly from document numbering and
appear across all documents.

Participants and protocol. For navigation trials,
we recruit lawyers who did not annotate the cor-
responding document. Each participant executes
all queries for a document using two conditions:
(1) a stock PDF reader (manual scroll and Find),
and (ii) CourtNav. Conditions are counter-balanced
across participants to mitigate order effects. Timing
starts at query issuance (spoken or typed) and ends
when the user lands on the gold anchor (tempo-
ral/contextual) or finishes a two-sentence synopsis
with at least two paragraph-level citations.

Baselines and measures. The primary base-
line is manual/search-based navigation with a stock
PDF reader. Within our system we ablate retrieval
modes: keyword-only, dense-only, hybrid, and our
late-window+keyword variant. We report time-to-
relevance (TTR) in seconds and strict-hit F1 at
paragraph (or table-cell) granularity, computed as
mean =+ sd across participants and documents. For
summarization, the baseline corresponds to the pro-
tocol above (producing a two-sentence gist with
>2 citations using only the PDF reader), providing
a practical comparator rather than full-document
reading time.

4.2 Results

Table 1 presents time-to-relevance (TTR). The
reader reduces TTR by half on Temporal com-
mands (¢t = 13.3, p < 10~7) and shortens Con-
textual queries from minutes to seconds (¢ = 58.6,
p < 10~'2). For Summarization, we report only
system time because manual reading scales with
document length. The near-constant response time
across query types stems from architectural choices:
precomputed synopsis for summaries, direct anchor
lookup for temporal spans, and sublinear vector
search and fast elastic-search for retrieval (Malkov
and et al., 2018).

Retrieval choices significantly influence strict-
hit FI (Figure 2). Keyword search performs well
on statute or party mentions, dense-only aids para-
phrase but misses exact citations, and a simple hy-
brid offers further improvement. However, our late-
window-+keyword variant achieves the best strict-
hit F1 within the same latency budget.

5 Conclusion

We presented a voice-driven anchor-first reader that
couples layout-aware indexing, hybrid retrieval,

Query type Baseline Ours
(seconds)  (seconds)
Temporal 10+ 2.0 5+0.5
Contextual 200+ 15.0 6+£1.0
Summarization — 6+1.2

Table 1: Time-to-relevance (mean + sd). Baseline is
manual navigation with a stock PDF reader. “—" indi-
cates no comparable baseline because manual reading
depends on document length, and with our document
length it scales to days
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Figure 2: Strict-hit F1 for different retrieval settings.

and a LLM-backed router to make long legal PDFs
navigable in real time. In a pilot on charge sheets,
pleadings, and orders, it cut time-to-relevance from
several minutes to seconds (halved for remporal
jumps, orders-of-magnitude for contextual) while
preserving paragraph-level strict-hit accuracy and
keeping every jump auditable. For Next steps, we
will extend multilingual commands/ASR, and run
field trials. We also release a long-form Indian legal
retrieval dataset' which we plan to keep expanding,
enabling Indian legal research.

Limitations

Our system currently supports documents up to
350 pages seamlessly, but as size increases, the
responsiveness of the PDF,js reader declines. In
future work, we plan to build a custom PDF viewer
designed to operate smoothly with much larger doc-

1https://huggingface.co/datasets/adalat—ai/
Indian-Legal-Retrieval-Generation
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uments. While the LLM-based query router shows
strong accuracy in blind trials, absolute guaran-
tees are impossible due to the stochastic nature of
queries. RAG helps reduce hallucinations (John-
ston, 2025; Banerjee et al., 2024) , but does not
fully eliminate them (sta), even though we use
a model adapted to strong instructions with ex-
plicit prompts to avoid ambiguous queries and to
abstain when retrieved content is insufficient for
a truthful answer. ASR errors are infrequent but
non-negligible, and output varies with dialect or
accent (especially given the wide range of accents
in India). The system assumes English input, sup-
port for vernacular Indian languages remains future
work on both the ASR side and document naviga-
tion side. A judge-in-the-loop feedback system is
also missing, which will be essential for pilot test-
ing and for developing stronger query classification
models.

Ethical Considerations.

Deploying Al in judicial settings raises ethical
concerns. Generative models can reproduce bi-
ases present in training data, and their overconfi-
dence may mislead users (sta). We mitigate this by
grounding answers in the document and by surfac-
ing retrieved passages for verification.If no relevant
retrievals exist, no answer is given, ensuring all re-
sponses remain strictly within the document. The
system does not make substantive recommenda-
tions, it only navigates to requested text. User data
is never sent to foreign APIs, is stored on Indian
servers, and is deleted immediately upon user re-
quest. No data is used to train any models. We
follow proper licensing, and all external software
is open source under the Apache 2.0 License (The
Apache Software Foundation, 2004). Our retrieval
evaluation was fully transparent, but no benchmark
covers every scenario due to the stochastic nature
of information retrieval. We plan to improve incre-
mentally by expanding the size of the dataset.
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A System User Interface

The system interface demonstrates the core func-
tionality described in Section 3, providing judges
with direct document access through both voice and
traditional input methods. The interface maintains
the principle of anchored evidence display while
supporting hands-free operation during hearings.

B Indexing Architecture Details

B.1 Elasticsearch Integration

Our lexical indexing layer utilizes Elasticsearch 8.x
as the primary engine for BM25-based keyword
matching. The choice of Elasticsearch provides
several advantages for legal document retrieval:

* Legal-specific tokenization: Custom analyz-
ers handle legal citation formats, statute refer-
ences, and party name patterns

* Field-specific boosting: Paragraph headers,
section titles, and table captions receive higher
relevance weights

* Real-time indexing: Supports incremental
document addition during active court ses-
sions

Index configuration includes custom mappings
for legal document structure:

{
"mappings”: {
"properties”: {

"content”: {"type": "text"},
"paragraph_id": {"type": "keyword"},
"page_number”: {"type": "integer"},
"section_type": {"type": "keyword"},

"bbox_coords”: {"type": "object"}

}
3
}

B.2 Milvus Vector Database

The dense retrieval component leverages Milvus
2.x for high-performance vector similarity search.
Milvus provides:

* Scalable vector storage: Handles embedding
collections for documents up to 350 pages
efficiently

* GPU acceleration: Supports CUDA-enabled
similarity search for sub-second response
times

* Index optimization: Uses IVF_FLAT in-
dexing with 1024 clusters for optimal recall-
latency trade-off

* Hybrid search support: Enables metadata
filtering combined with vector similarity

Vector collection schema:
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and Entry No.8636943 dated 27.10.2018. He imposed and
ordered for recovery of Anti-Dumping Duty amounting to
Rs.13,54,263/- and Rs.10,44,003/- respectively, alongwith
interest thereon. He also ordered for appropriation of Bank
Guarantee furnished by the Appellant and appropriated the Bank
G s for amount of Rs.18,21,531/- and Rs.14,04,220/-
issued by Puniab National Bank. Bank Road

Talk to the file

# Live English ASR Click mic to record

G

What does the document mention about the crcl?

The document mentions that CRCL reported the samples as "Metallic Foil
coated on one side with Polymeric material" and further clarified that the
"coated material present answer's test for Styrene/Butyl Methacrylate
Copolymer. It is other than PE/PVDF" I'ﬂ.'l Additionally, the Adjudicating
Authority's order noted that "as per the CRCL report, the impugned
consignments are Aluminium Foil coated with Styrene/Butyl Methacrylate
copolymer i.e. other than PE/PVDF" m

Figure 3: User interface of the system showing the PDF viewer with document navigation capabilities and voice

command interface.

collection_schema = {
"chunk_id": DataType.VARCHAR,
"embedding”: DataType.FLOAT_VECTOR,
"paragraph_anchor”: DataType.VARCHAR,
"document_id": DataType.VARCHAR,
"page_range": DataType.VARCHAR

3

C Late-Interaction Sliding Window
Mechanism

C.1 Architecture Overview

The late-interaction sliding window approach ad-
dresses two critical challenges in legal document
retrieval: maintaining sufficient context for seman-
tic understanding while preserving fine-grained an-
chor precision.

Traditional dense retrieval methods encode fixed-
size chunks independently, potentially fragmenting
legal arguments that span multiple paragraphs. Our
windowed late-interaction mechanism operates as
follows:

1. Sliding window construction: Generate over-
lapping windows of paragraphs.

2. Individual token encoding: Each token in

the window receives its own embedding vec-
tor

3. Query-time interaction: Compute similarity
between query tokens and document tokens
independently

4. Maxpool aggregation: Select maximum sim-
ilarity scores across token pairs for final rele-
vance scoring

C.2 Mathematical Formulation

Given a query @ = {q1, q2, ---, ¢m } and document
window D = {dy,ds, ..., d, }, the late-interaction
score is computed as:

m
Score(Q, D) = Z max sim(g;, d;)
— =1
Where sim(-, -) represents cosine similarity be-
tween token embeddings. This formulation allows
fine-grained matching while maintaining computa-
tional efficiency through maximum operations.

D Hybrid Search Implementation

The hybrid search combines Elasticsearch and Mil-
vus results using a weighted scoring approach:
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Final_Score = « - Keyword + (1 — «) - Vector

Where o = 0.7 provides optimal balance for le-
gal queries, emphasizing keyword matching while
incorporating semantic similarity. Score normal-
ization ensures comparable ranges across both re-
trieval methods.

E LLM Usage and Parameters for
Reproducibility

All language understanding, summarization,
and translation tasks within the pipeline were
performed using the Qwen3-Coder-30B-A3B-
Instruct-FP8 model?, deployed via the VLLM in-
ference engine for high-throughput serving.

The model operates in FP8 precision, enabling
significantly reduced memory footprint and faster
inference with negligible degradation in output
quality. To ensure reproducibility, all experiments
used the default vLLM sampling parameters unless
otherwise stated.

e Model:
FP8

Qwen3-Coder-30B-A3B-Instruct-

* Serving Framework: vLLM (GPU inference
optimized)

 Precision: FP8 quantized weights
* Max context length: 8192 tokens

* Default Sampling Parameters:

temperature =0.7
top_p=0.9

top_k =50
repetition_penalty =1.0
max_tokens = 2000

* Deployment: Self-hosted GPU inference

cluster

* Integration: Invoked via FastAPI microser-
vice supporting both synchronous and stream-
ing responses.

The combination of vLLM’s optimized mem-
ory paging and Qwen’s efficient A3B architecture
provides low-latency, high-throughput inference
suitable for real-time document understanding and
generation workloads.

2https://huggingface.co/Qwen/
Qwen3-Coder-30B-A3B-Instruct-FP8

F Performance Optimization

The document processing pipeline achieves real-
time performance through:

* Parallel processing: Simultaneous embed-
ding generation and Elasticsearch indexing

* Connection pooling: Persistent connections
to both Elasticsearch and Milvus clusters

* Loose coupling: ASR, Index stores and self
hosted llms are loosely coupled and can scale
independetly enabling a highly scalable and
efficient architecture.
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