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Abstract—Structured extraction from noisy conversational
transcripts is challenging due to fragmented cross-turn evidence
and evolving taxonomies. While LLMs are accurate, exhaustive
inference is too costly; lightweight rules or retrieval lack ro-
bustness. We propose a budget-constrained cascaded inference
framework that constructs context blocks, screens (block, slot)
candidates via dense semantic matching and lexical gating, and
queries an LLM only for routed candidates, followed by normal-
ization and order-level aggregation. We also provide an optional
uncertainty-based deferral mechanism. We release a de-identified
benchmark with standardized splits, dual-granularity evaluation,
and strong baselines. Under matched calls/order budgets,
our cascade outperforms strong baselines while substantially
reducing LLM usage.

I. INTRODUCTION

Conversational transcripts from customer-facing scenarios
(e.g., test-drive consultations) contain rich signals about user
intent, preferences, and constraints. We treat transcripts as
fixed noisy inputs from upstream transcription systems. Auto-
matically converting such free-form conversations into struc-
tured attributes (slots) enables scalable downstream applica-
tions including intent analytics, personalized recommendation,
and operational decision support. However, structured extrac-
tion from real-world conversations remains challenging: evi-
dence for a slot is often fragmented across turns and speakers,
transcript noise (e.g., disfluencies and informal expressions)
breaks brittle lexical rules, and business-driven taxonomies
evolve continuously, making supervised systems costly to
maintain [1], [2].

Large language models (LLMs) offer a promising direction
for conversational information extraction [3], [4]. Yet, naively
applying an LLM to all utterances or all dialogue windows
is prohibitively expensive and latency-limited at scale [5],
[6]. Training a dedicated classifier or fine-tuning an LLM
can reduce inference cost, but typically requires substantial
supervision and is sensitive to taxonomy changes [7]. Con-
tinued pretraining on in-domain text is another adaptation
strategy [8]; however, our empirical findings suggest it does
not reliably improve structured extraction under noisy, frag-
mented evidence. Conversely, retrieval- or rule-based pipelines
are efficient but often sacrifice robustness and struggle with
cross-turn dependencies [9], [10]. These trade-offs motivate a
controllable inference-time solution that explicitly optimizes
accuracy under a strict budget.
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This paper asks: How can we maximize structured extraction
quality from noisy conversational transcripts under a strict
inference budget? We propose a budget-constrained cascaded
inference framework that front-loads cheap, high-recall screen-
ing and reserves LLM calls for a small set of informative
(block, slot) candidates [11]. The framework constructs context
blocks to capture cross-turn evidence, performs multi-stage
candidate screening that combines dense semantic matching
with hard/soft lexical gating, invokes a prompted LLM for
closed-set labeling on routed candidates, and normalizes and
aggregates predictions at the session/order level to match
business evaluation. We further support optional uncertainty-
driven human adjudication to selectively review ambiguous
cases with minimal manual effort [12].

To facilitate reproducible evaluation of budget-constrained
structured extraction, we establish a de-identified benchmark
of noisy conversational transcripts with a standardized split,
dual-granularity metrics (sentence- and order-level), and strong
baselines. The benchmark supports systematic comparisons
under matched calls/order budgets and enables analysis
of accuracy—cost trade-offs. We will release the benchmark
together with evaluation scripts and baseline configurations.

Our contributions are threefold:

(1) We formulate budget-constrained structured extraction
from noisy conversational transcripts and introduce a unified
cascaded inference framework integrating context construc-
tion, multi-stage screening, LLM labeling, and order-level
aggregation.

(2) We develop an explicit cost model and practical con-
trol knobs (e.g., top-K, similarity thresholds, and uncertainty
thresholds) that enable systematic accuracy—cost trade-offs
under matched calls/order budgets.

(3) On the proposed benchmark, extensive experiments
and ablations show that our cascade consistently outper-
forms strong baselines—including keyword rules, single-stage
dense screening, direct LLM labeling, parameter-efficient fine-
tuning, and continued pretraining—under the same call bud-
gets while substantially reducing LLM usage.

II. RELATED WORK

We briefly review related work in four areas below.
Conversational slot extraction from transcripts. Tran-
script slot filling is challenging due to dispersed cross-turn



evidence and ASR noise. Recent work studies LLM prompting
with constrained outputs for transcript-based extraction, but
remains sensitive to noise and long-context effects [3]. We
further emphasize within-transcript evidence selection under
a strict calls/order budget.

Instruction-based LLM information extraction. LLMs
have been used as universal extractors via instruction following
and schema grounding, often with constrained decoding and
normalization. Benchmarks such as IEPile and InstructlE
highlight schema-conditioned (and bilingual) extraction set-
tings [13], [14]. Different from full-context IE, we route a
small set of high-value (block, slot) pairs under a strict budget
and aggregate predictions at the order/session level.

Budget-aware routing and cascaded inference. Budget-
aware methods reduce LLM cost via query routing across
model pools or test-time compute allocation, including cas-
cades and learned routers [15], [16], [17]. Our approach is
complementary: instead of routing queries, we route (block,
slot) candidates within each transcript via cheap multi-
stage screening, enabling explicit accuracy—cost control in
calls/order.

Weak supervision and human-in-the-loop annotation.
Hybrid pipelines combining weak supervision and selective
verification are widely used to scale structured prediction.
Snorkel formalizes data programming with multiple noisy
labeling sources [18], and recent surveys summarize LLM-
assisted annotation and verification protocols [19]. We adopt
a pragmatic protocol with expert seeds, LLM-assisted prefill,
and human review for disputed cases.

III. PROBLEM FORMULATION AND BUDGET MODEL

We study structured extraction from noisy conversational
transcripts under a strict inference budget. Transcripts are
treated as fixed noisy inputs from upstream transcription
systems.

A. Task Definition

A transcript is a time-ordered sequence of utterances U =
{u1,...,ur}, and extraction targets are defined by a slot set
L = {ly,...,0y} with value spaces V, (categorical or free-
form). Given a session/order identifier o, the goal is to predict

O = {0 ver, @

where @ denotes “not mentioned.” We evaluate both
block/sentence-level labeling and order-level outputs.

i” € VU {2}, (1)

B. Context Blocks

To capture cross-turn evidence, we form context blocks with
window radius w:
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Fig. 1: Overall framework of budget-constrained cascaded
inference for conversational structured extraction.

C. Budget-Constrained Inference

A single LLM inference evaluates a (block, slot) pair. For
order o, let C(©) C B(©) x £ be the routed set, where (b,0) €
C(©) triggers one LLM call with a slot-specific prompt P;. In
large-scale deployment, the primary bottleneck is the number
of LLM calls [15], [16], [17], so we define

cl) =1c@. 3)

call =

Over an evaluation split O, we report average calls/order
s l—él > ,co IC(9)|. Token usage is treated as a secondary
factor controlled by prompt templates and block length.
For ambiguous cases, the system may optionally defer a
subset to human adjudication. Let H be the deferred set and

Chum = |H|. 4)
We define the overall cost
0(9) = 00311(9) + A Chum(é)), 5)

where 6 controls routing/deferral (e.g.,
uncertainty thresholds), and Ce(0) = ol Y 0co CC(:H( 0) is
the average call budget over O. By defauit we disable deferral
(H = 0), so C(#) = Cean(f) for all main results; when
enabled (Table VI) we fix the deferral rate to 2% and report
Chum separately without instantiating .

top -K, similarity and

D. Optimization Objective

max Perf(9) st. C(6) < B, (6)

where B is the total budget and Perf(d) is instantiated by
sentence/block-level and/or order-level metrics.

IV. BUDGET-CONSTRAINED CASCADED INFERENCE
A. Overview

We propose a budget-constrained cascaded inference frame-
work for structured extraction from noisy conversational tran-
scripts (Fig. 1). The core idea is to front-load cheap, high-
recall screening and invoke an LLM only on a small routed set
of (block, slot) pairs, enabling explicit accuracy—cost control
under calls/order.

Given a transcript ¢/ for an order/session o, we construct
context blocks B(°) to capture cross-turn evidence. For each
slot £ € £, we build the routed set C(©) via a three-stage



screening cascade: (i) exemplar-based dense matching, (ii)
hard lexical gating, and (iii) soft lexical gating. We then query
an instruction-following LLM with a slot-specific prompt P,
on each routed pair (b,¢) € C(°) under a closed output set,
normalize the raw outputs into canonical values, and aggregate
block-level evidence to produce the final structured prediction
y(°). Optionally, we defer a small subset of ambiguous (order,
slot) cases to human adjudication.

B. Context Block Construction

Evidence for a slot is often scattered across multiple turns
and speakers, making single-utterance labeling unreliable [3].
We therefore represent local conversational context by con-
structing blocks. For each utterance u;, we form a block
bs by concatenating neighboring utterances within a window
radius w as defined in Section III. We treat w as a tunable
hyperparameter.

We apply lightweight formatting (speaker identifiers and
delimiters) and cap each block to a maximum length for stable
latency and context-window compliance. If the concatenated
text exceeds the length limit, we truncate peripheral utterances
while preserving the center utterance and its nearest neighbors.
All subsequent screening and labeling operate on blocks.

C. Candidate Screening Cascade

Screening determines which block—slot pairs are routed to
the LLM and therefore directly controls the call budget. For
each slot £ € L, screening is applied independently over blocks
in B©) and is designed to be progressively more selective
while remaining much cheaper than LLM inference.

Exemplar matching. We start with recall-oriented dense
screening using a small set of slot-specific positive exemplars
curated offline. Let & = {ey)}gll denote the exemplar set
and f(-) be a sentence embedding model [20], [21], [22]. For
a block b, we compute

sex(b, £) = maxcos (f(b), f(¢))- (7

We retain candidates using a loose threshold or a top-K rule
to favor recall at this stage.

Hard lexical filter. To remove obvious false positives
introduced by dense matching under noise, a block b is retained
if it contains at least one curated hard keyword via substring
match. This deterministic gate is inexpensive and improves
precision for well-defined expressions.

Soft lexical filter. To recover paraphrases and handle tran-
scription noise, we maintain a set of soft keywords K, and
use a lightweight embedding function g(-) to compute

soft (b, €) = max cos (9(b), g(k)). ®)

A candidate is retained if sgof(b, £) exceeds a threshold. This
gate complements hard matching by capturing semantically
related expressions that do not share exact surface forms.

Only surviving (block, slot) pairs form the routed set C(°).
Hyperparameters (e.g., top-K retention and similarity thresh-
olds) control |C(°)| and thus the accuracy—cost trade-off under
the call budget.

D. LLM Labeling Module

For each routed pair (b,¢) € C (©), we query an instruction-
following LLM with a slot-specific prompt template P; to
obtain a block-level prediction. The prompt specifies slot
semantics, enumerates allowed outputs, and enforces a strict
response format to enable deterministic post-processing.

We formulate categorical slots as closed-set prediction: the
model must output either a discrete label ID (e.g., {0,1,2,3}) or
a canonical option string chosen from a predefined list, without
additional text. Given a block b, we concatenate P, and b with
lightweight formatting and obtain a raw output g, , € V,U{2}.
Any invalid or out-of-set response is deterministically mapped
to @. We use deterministic decoding (e.g., temperature = 0)
to stabilize outputs across runs.

The labeling module is intentionally pluggable: different
instruction-following LLMs can be substituted without mod-
ifying routing, prompts, or aggregation. We evaluate zero-
shot, continued pretraining, and supervised fine-tuning variants
experimentally while keeping the inference pipeline fixed.

E. Normalization and Order-Level Aggregation

The labeling module produces block-level outputs for routed
pairs (b,/) € C(°. We normalize raw predictions into
canonical slot values and aggregate them across blocks to
obtain order/session-level outputs. This stage is deterministic,
interpretable, and introduces no additional LLM calls.

For each routed pair (b, £), the LLM returns g, ¢. We apply
a slot-specific normalization function

Yp,e = Normy (s ¢) € Ve U{D}, )

where @ denotes “not mentioned.” Invalid/out-of-set responses
are mapped to &, ensuring a uniform representation across
prompts and model backbones. We treat y;, , = @ as insuffi-
cient evidence and exclude it from positive aggregation.

Let B(°) be the set of blocks for order/session o. For each
slot ¢, we collect non-empty block-level predictions

yéo) = {ype | b€ By, # 2}

If yéo) is empty, we set géo) =

@éo) via majority voting over yéo) and break rare ties by se-
lecting the value that appears earliest in the session, reflecting
temporal precedence. For free-form strings after normalization,
we first canonicalize equivalent variants and then apply the
same frequency-based selection.

(10)

. Otherwise, we determine

F. Uncertainty-Driven Deferral

We optionally defer a small subset of ambiguous (order,
slot) cases to human adjudication, consistent with the deferred
set H in the budget model. Importantly, deferral does not in-
crease LLM calls; it only adds manual effort that is accounted
for separately.

We quantify uncertainty using deterministic disagreement
signals from block-level predictions. Let ylf") be the set of
non-empty predictions for slot £ in order/session o. We defer
when yéo) contains more than one distinct value, or when



the vote margin between the most frequent and runner-up
values falls below a threshold. Deferred cases are collected
into H and presented to human annotators with supporting
blocks for efficient review. The adjudicated value replaces the
automatically aggregated decision for the corresponding slot,
while non-deferred slots remain unchanged.

G. Model-Agnostic Design

The proposed pipeline is model-agnostic: routing, prompts,
normalization, and aggregation are fixed, while we only swap
embedding backbones (for screening) and LLM labelers in
experiments. This enables controlled comparisons of backbone
choice and training paradigms under identical calls/order
budgets.

V. DATA CONSTRUCTION AND TRAINING PARADIGMS
A. Conversational Transcript Dataset

We study real-world conversational transcripts from
customer-facing automotive test-drive consultations. Each
transcript corresponds to a single session/order o and contains
a time-ordered sequence of utterances between a customer
and an agent. Transcripts are treated as fixed noisy inputs
from upstream transcription systems [3]. We will release de-
identified transcripts, labels, standardized splits, and evaluation
scripts; no raw audio or personally identifiable information is
included.

The corpus is used at multiple granularities: order/session
is the unit for final structured outputs, while utterances are
grouped into context blocks (Section IV) for screening and
labeling. We maintain two data pools: (i) a small expert-
labeled seed set used to define slot guidelines and support
the labeled development/test splits, and (ii) a larger unlabeled
pool used for assisted annotation and large-scale inference.

B. Annotation Protocol

Fully manual labeling of long, noisy transcripts is expensive,
so we adopt a hybrid protocol combining expert labeling,
LLM-assisted weak supervision, and selective human adju-
dication [18], [19]. Experts first annotate a seed set at the
order/session level to establish slot definitions and provide
reference examples.

We then apply the proposed cascaded inference pipeline to
unlabeled sessions to generate provisional order-level labels
under closed-set constraints. Human annotators review each
predicted (order, slot) value together with the retrieved sup-
porting blocks: correct predictions are accepted, while disputed
cases are escalated to a second adjudication round by senior
annotators. The resulting corpus provides complete order-level
slot labels (or @ when not mentioned) and a record of disputed
cases for later analyses.

C. Training Paradigms

Our inference pipeline is independent of model training; we
evaluate three backbone instantiations under identical routing
and aggregation. Zero-shot directly applies an instruction-
following LLM with slot-specific prompts to routed (block,

slot) pairs. Continued pretraining (CPT) further pretrains the
backbone with a language-modeling objective on in-domain
conversational text (excluding the evaluation split) mixed with
general text [8]. Supervised fine-tuning (SFT) fine-tunes on
labeled sessions produced by the annotation protocol to better
align outputs with the slot schema and closed-set format.
We compare these variants under matched calls/order
budgets in experiments.

VI. EXPERIMENTS

All experiments use real-world conversational transcripts
from automotive consultations in the customer’s face. Each
transcript is a single session/order with time-ordered utter-
ances. Only a small subset is manually annotated to form
dev/test splits; a larger unlabeled pool supports assisted la-
beling and large-scale inference (and provides CPT text when
applicable) [18], [19].

Our cascaded inference framework is model-agnostic. We
instantiate the labeling module with instruction-following
LLMs from the Qwen, Llama, and DeepSeek families [23],
[24], [25], [26], and use BGE-M3 for semantic screening and
soft lexical matching [22]. All comparisons share the same
pipeline and are evaluated under matched call budgets.

We consider three backbone paradigms: zero-shot prompt-
ing, continued pretraining (CPT), and supervised fine-tuning
(SFT). Context blocks use window radius w (tunable). Routing
hyperparameters (thresholds/top-K, exemplar sizes) are tuned
on the dev split and fixed unless varied in ablations. Decoding
is deterministic and efficiency is measured by calls/order.
Deferral is disabled by default (X = ()); when enabled, we
defer the top 2% most uncertain predictions and report the
deferral rate.

A. Evaluation Metrics

We evaluate structured extraction at the session/order level.
Let O denote the set of evaluated sessions/orders and L the
slot set. For each order o € O and slot ¢ € L, the ground-truth
value is y@o) € VyU{@} and the prediction is g)y) e VU{a@},
where @ denotes “not mentioned.”

We report overall order-level accuracy by averaging exact
matches across all (o, ) pairs:

1 ~(0 o
o1 2, 210 =)

o€ LeLl

ACCall =

(1)

Because transcript datasets are typically sparse, we addition-
ally report accuracy on empty and non-empty regimes. Define

Semp = {(0,0) | y” = &} and Spon = {(0,6) | yi” # 27}
We compute

1 o
Acccmp = 87 Z H[Qé ) = ®:| y
[ Semp| (0,0) ESemp

1
ol 2 Ui =07
OB (6,)€Snon

(12)
ACCnon =

Here Accyon is the “non-empty accuracy” used in practice and
directly reflects correctness on mentioned slots.



TABLE I: Order/session-level metrics and cost signals.

Metric Definition

Accan Exact-match accuracy over all (o, £)
Accemp  Accuracy on empty cases (yéo) = o)
Acchon  Accuracy on non-empty cases (yzo) #+ 2)
Precmen Mention precision using I[z # &]
Recmen  Mention recall using I[z # &]

Cean Routed calls, |C|

To characterize mention detection independently of value
correctness, we also report mention-level precision and recall
by treating Mention(z) = I[x # @] as a binary decision. Let

TPyen = > D 1[57 # 2] 1]yl # 2]

o€ el

13)

denote the number of correctly predicted mentions, and define

Pren = 2 D 137 # 8], Guen = > 3 1[5 £ 2]

ocO el ocO el
(14)
We then compute

TPmen

Precmen = P )
N TPren (1)

€Cmen = .

¢ Gmen

We define Precyen, = 0 when P, = 0 and Recpen = 0
when G = 0. These metrics are useful when exact value
matching is difficult (e.g., taxonomy drift or normalization
ambiguity) while the mention decision remains stable. Table I
summarizes all metrics.

Since our method explicitly optimizes cost under a call
budget, we report efficiency primarily in terms of LLM calls.
Let C = ero C(©) be the routed set over the split; we
report total calls |C| and average calls/order |C|/|O|.
When uncertainty-driven deferral is enabled, we also report the
deferral rate |#H|/(]O||£]). In all accuracy—cost comparisons,
we match methods under comparable call budgets by tuning
routing hyperparameters (thresholds/top-K) on the develop-
ment split and then compare Accy,, and Acc, under the
matched budgets.

B. Baselines

We compare the proposed cascade with baselines that isolate
screening and labeling choices (Table II). Unless otherwise
stated, all methods share the same context-block construc-
tion, normalization Normy(-), and order-level aggregation. For
budget-fair comparison, any LLM-based method is evaluated
under matched call budgets by tuning routing hyperparameters
(e.g., top-K or similarity thresholds) on the development
split [15], [16], [17].

Keyword-only rules. Deterministic hard-keyword rules
map matched patterns to slot options; otherwise output &. This
is a zero-call efficiency baseline.

Embedding-only exemplar matching. Nearest-neighbor
exemplar matching in embedding space outputs the exemplar’s
canonical value if similarity exceeds a threshold; otherwise

TABLE II: Baseline families. “budgeted” means routing is
tuned to match a target calls/order.

Method Screening LLM Calls Order Aggreg.
Keyword-only rules lexical 0 yes
Embedding-only matching semantic 0 yes
LLM-full none high yes
LLM-top-K semantic medium yes
Single-stage retrieval+LLM semantic budgeted yes
Ours (full cascade) semantic+lexical ~ budgeted yes

TABLE III: Main results under matched call budgets
(calls/order). LLM-based rows use the same labeling
backbone (Qwen3-8B by default) and match budgets by tuning
routing on the development split.

Method Target budget Accanr  AcCnon Precmen  ReCmen
Keyword-only rules 0.0 0.845 0.602 0.66 0.51
Embedding-only 0.0 0.861 0.641 0.69 0.58
exemplar matching

Single-stage 1.0 0.889 0.712 0.74 0.69
retrieval+LLM

LLM-top-K (no 1.0 0.893 0.721 0.75 0.71
lexical)

Ours (full cascade) 1.0 0.904 0.756 0.78 0.73
Single-stage 2.0 0.903 0.748 0.79 0.74
retrieval+LLM

Ours (full cascade) 2.0 0.913 0.781 0.81 0.76
LLM-full (reference) - 0.918 0.798 0.82 0.78

output @. This tests whether semantic similarity alone can
replace LLM labeling.

LLM-full (no screening). The LLM is invoked on all
(block, slot) pairs (C = B x L, or the maximum feasible
subset). This provides a reference upper envelope but is not
deployment-feasible.

LLM-top-K (light screening). Dense exemplar similarity
routes top- I blocks per slot to the LLM without lexical gating;
K is tuned to match the call budget. This isolates the benefit
of lexical gates beyond dense screening.

Single-stage retrieval+LLM. A single dense screening
stage (threshold or top-K) selects candidates for LLM label-
ing. This is a common cost-saving baseline without multi-stage
lexical gating.

Cascade ablations and backbone variants. We also evalu-
ate component-removal ablations of our cascade (e.g., remov-
ing exemplar/hard/soft gates) and labeling-backbone variants
under the same budgeted routing and evaluation protocol;
details are reported in the corresponding sections.

C. Main Results

Table III summarizes the main comparisons under matched
LLM call budgets. Unless otherwise stated, all methods share
the same context-block construction, slot-specific normaliza-
tion, and order-level aggregation; they differ only in rout-
ing/screening strategies and (when applicable) the LLM used
for labeling. We report Acc,y, Accpon, and mention preci-
sion/recall, and express budgets in calls/order. Routing
hyperparameters are tuned on the labeled development split
to meet each target budget, and results are reported on the
held-out test split.



TABLE IV: Labeling backbone comparison for Ours
under matched budgets. “Thinking” is controlled by
inference-time parameters when supported (e.g., Qwen3
enable_thinking).

Backbone Thinking Budget Accann AcCnon Precmen/Recmen
Qwen3-8B off 1.0 0.904 0.756 0.78 /1 0.73
Qwen3-8B on 1.0 0.907 0.764 0.79 /1 0.74
Llama-3.1-8B - 1.0 0.900 0.748 0.77 /1 0.72
DeepSeek-V3 - 1.0 0.910 0.770 0.80 / 0.74
DeepSeek-R1 on 1.0 0912 0.776 0.80 / 0.75
Qwen3-8B off 2.0 0.913 0.781 0.81/0.76
Qwen3-8B on 2.0 0916 0.788 0.82/0.77
Llama-3.1-8B - 2.0 0.910 0.774 0.80 / 0.75
DeepSeek-V3 - 2.0 0.918 0.792 0.82/0.77
DeepSeek-R1 on 2.0 0.920 0.797 0.82 /0.78

Unless otherwise stated, the default labeling backbone is
Qwen3-8B with deterministic decoding (temperature = 0) and
thinking disabled (e.g., enable_thinking=false when
supported by the runtime).

Across budgets, the proposed cascade consistently achieves
the best accuracy among budget-feasible methods. Under a
strict budget (1.0 call/order), the cascade improves Accpon
over single-stage routing, indicating that staged screening
retains high-value evidence while suppressing noisy false
positives. As the budget increases, all LLM-based methods
improve, but the cascade remains superior at comparable
budgets, suggesting that lexical gates provide robustness com-
plementary to dense screening.

D. Backbone Comparison

We compare labeling backbones under an identical in-
ference pipeline (Table IV). We keep context blocks, the
screening cascade, prompts, normalization, and aggregation
fixed; only the LLM (and, when supported, thinking) changes.
Budgets (1.0 and 2.0 calls/order) are matched by tuning
routing on the development split, with deterministic decoding
and the same closed-set constraints.

Overall, stronger backbones and/or enabling thinking im-
prove accuracy under the same call budget, with larger gains
under tighter budgets where each call must extract maximal
value. Importantly, the qualitative conclusion is stable across
backbones: the cascade provides a robust inference scaffold,
and better labelers translate into predictable gains without
changing routing or aggregation.

E. Efficiency-Accuracy Trade-off

We characterize the efficiency—accuracy trade-off by sweep-
ing routing hyperparameters that control the routed set size, in-
cluding exemplar similarity thresholds, soft-lexical thresholds,
and per-slot/per-order top-K retention [15], [16], [17]. For
each configuration, we record realized calls/order and
compute accuracy on the test split. Fig. 2 shows the resulting
accuracy—cost envelopes for Accpoy and Accy).

We compute an empirical upper envelope by sorting config-
urations by realized calls/order and taking the running
maximum accuracy under cost < x. Across budgets, the pro-
posed cascade forms a stronger accuracy—cost envelope than
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Fig. 2: Accuracy—cost trade-off of our
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Fig. 3: Cross-method accuracy—cost envelopes under matched
call budgets.

single-stage screening baselines (Fig. 3). Under tight budgets,
dense screening alone may route weakly related candidates
(hurting precision) or miss rare but decisive evidence (hurting
recall); lexical gates improve selectivity while preserving
high-value candidates, increasing Accp,, at the same cost.
As budgets increase, all LLM-based methods improve, but
the gap remains consistent, indicating that staged screening
provides robustness complementary to the labeler. We also
report representative operating points in Table V.

FE. Ablation Studies

We conduct ablations to isolate contributions of cascade
components (Table VI). Unless otherwise stated, we fix context
blocks, prompts, normalization, and aggregation, and use
Qwen3-8B with thinking disabled. All variants are budget-
matched at 1.0 call/order by re-tuning remaining routing
thresholds on the development split.

Removing exemplar matching causes the largest drop in
Accpon, indicating that semantic screening is essential for
paraphrased or noisy mentions. Removing the hard lexical
gate mainly reduces precision, while removing the soft lexical
gate reduces robustness to surface variations and transcrip-
tion noise. Disabling aggregation or normalization degrades
order-level accuracy, confirming that cross-block evidence
fusion and slot-specific normalization are necessary. Finally,
uncertainty-driven deferral improves accuracy without increas-



TABLE V: Representative operating points on the trade-off
curves (best Accpo, per budget).

Single-stage retrieval+LLM | Ours (full cascade)

Calls/order Acchon Accan Acchon Accan
0.25 0.645 0.870 0.690 0.879
0.50 0.683 0.881 0.723 0.892
1.00 0.712 0.889 0.756 0.904
2.00 0.748 0.903 0.781 0.913

TABLE VI: Ablations under a matched budget of 1.0
call/order.

Variant Accann AcCnon Precmen ReCmen
Full cascade (Exemplar + Hard + Soft) 0.904 0.756 0.78 0.73
w/o exemplar matching (Hard + Soft only)  0.892 0.721 0.80 0.66
w/o hard lexical filter (Exemplar + Soft) 0.897 0.734 0.74 0.74
w/o soft lexical filter (Exemplar + Hard) 0.899 0.741 0.77 0.70
Exemplar only (no lexical) 0.893 0.721 0.75 0.71
w/o order aggregation (block-level only) 0.887 0.709 0.76 0.69
w/o normalization (raw string voting) 0.890 0.715 0.75 0.70
w/o deferral (no human review) 0.904 0.756 0.78 0.73
+ deferral (top uncertain 2%) 0912 0.771 0.79 0.74

ing LLM calls, providing a complementary reliability knob
under the same call budget.

VII. CONCLUSION

We studied budget-constrained structured extraction from
long, noisy conversational transcripts, where the dominant
deployment cost is the number of LLM calls. We introduced a
cascaded screening-and-routing framework that selects a small
set of high-value (block, slot) candidates, and performs closed-
set LLM labeling with deterministic normalization and order-
level aggregation under matched call budgets. Experiments
on real-world automotive consultation transcripts demonstrate
that the proposed cascade consistently improves extraction
quality over strong single-stage routing baselines at the same
call budget, and achieves a better efficiency—accuracy Pareto
frontier. In future work, we will explore stronger uncertainty
modeling for deferral, tighter latency/token-aware budgets, and
broader evaluations across domains and slot schemas.
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