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I Introduction I Problem Statement

Legal corpora exhibit three structural properties that make fine-grained ranking essential:

* High lexical overlap — statutes and contractual clauses use highly standardised language, so neighbouring paragraphs often share

TRADITIONAL BINARY LOSS near-identical phrasing while encoding distinct legal conditions. Binary supervision cannot distinguish them [9].

(INFONCE)

OUR CASCADING GEOMETRY

LEGAL CLAUSE CONTEXT SPECTRUM (CASCL)

« Hierarchical relevance — a legal topic (e.g liability, confidentiality) is rarely confined to a single paragraph but distributed across

s 2 definitions, exceptions, and remedies, inducing a continuous relevance spectrum.
True Positive Clause 1: Direct Answer r=1.8 True Positive

"Late delivery yields a 2% daily penalty on order value." « Sensitivity to misranking — when the top of the ranked slate mixes directly applicable clauses with merely related ones, ordering errors
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N propagate to downstream extraction, summarization and reasoning as factual errors.
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financial penalties for . .. . . : : o R3
P X Irrelevant chunk Clause 3: Exception Rule — —_— [Vl RANK 3 « Binary losses [1,2] treat all positives identically — they learn what is relevant but
late delivery under —_— Not liable if delay is due to Force Majeure conditions. discard how relevant.
this agreement?” el e Clavee 4 Baceline Contoxt « Ordering-aware losses [3] distribute gradient uniformly, wasting capacity on R2
rrelevant chun : [v] RANK 4 . e . PN
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"Disputes governed exclusively by the laws of France." . . O '

\ - Discrete-level approaches [5] group different relevance degrees under the same label, / s Pu '.

with no cross-level ordering guarantee and quadratic cost. -0 S '.
O ——? ‘

- Soft-target variants [6,7] control how hard each positive is pulled but lack a stopping ':.
mechanism — the softmax drives every positive toward the query indefinitely.

I Method: Cascading Circle Loss
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2. Intra-positive ordering — higher relevance — higher
similarity, with proportional gaps

A

3. Top-of-ranking focus — swapping positions 1-2 is
catastrophic, swapping 10—11 is less impactful.

I

4. Noise robustness — low-relevance labels are Controls a4 Controls a;

unreliable; don't amplify them Term 2 — Cascade (Order-Preserving) s'/\::‘::; i;:i::,
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I Experimental Results & Ablations
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Performance Comparison vs. Baselines Ablation : Component Impact Across All Metrics
CasCL vs existing contrastive losses - Qwen3-Embedding-0.6B Key variants vs full CasCL Two-regime loss
CasCL achieves the highest score on every metric: « InfoNCE [1] — pulls all positives toward uniformly high similarity, crowding the binary boundary.

- Recall@1 (0.411) — The system places the correct clause at position 1 more often than any baseline. - Margin MSE [12] — captures graded signal but lacks contrastive push; collapses on Recall@1 (0.364).

« MAP@10 (0.556) — This captures whether all relevant clauses are ranked above irrelevant ones, not just the first. A high MAP means
the system doesn't just find one good result — it pushes the entire relevant set above the noise.

Every component is load-bearing:

« Cascade (w/o InfoNCE) — retrieves relevant clauses but in wrong order; nDCG degrades.

. nDCG@5/10I20 (0951 / 0.939 / 0936) This is the Only metric that is relevanCG-Weighted — it rewards pIaCing a direCtIy applicable |Iab|||ty e Relevance gain — treats Cosﬂy top_rank misorderings with the same urgency as invisible low-rank noise.
clause above a tangentially relate<_j deflnlt_lon, not Jus:t relevant above irrelevant. The conS|§tentIy high nDCG across all cutoffs means the . No self-pacing (a=1) — MAP peaks (0.557) but nDCG drops; uniform gradients push everything above negatives but fail
cascade successfully enforces fine-grained ordering throughout the ranked slate, not just at the very top. to fine-tune ordering

No baseline manages both metric families: « Two-regime resolves this : emergency gradients rescue stranded items (MAP), self-paced shutoff concentrates on

violated links (nDCG).

» Circle Loss [2] / MNRL — strong binary separation but lag on nDCG; they know what is relevant but are blind to how relevant.
« y sensitivity — soft (y=15) > rigid (y=120);

); legal text has fluid semantic boundaries.
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« No more binary/graded trade-off : CasCL achieves SOTA on both metric families simultaneously without the need for two phases,
preserving fine-grained semantic boundaries between relevance levels rather than collapsing them into binary decisions or forcing them into
rigid discrete bins.

« Graded positives get the right treatment : Invisible to INfoNCE, positioned by the cascade — each converging to a similarity proportional to
its relevance, with full ordering guaranteed by transitivity.

- Gradient goes where it matters : Relevance gain weighting focuses on costly top-rank decisions, two-regime self-pacing rescues stranded
items and shuts off on solved links. No gradient wasted, none missing.
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