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Large language models (LLMs) are moving into the front line of e-commerce customer support, 

where a single retailer can field millions of shopper turns per day spanning order tracking, 

returns policy, product questions, and high-stakes complaints. Serving a frontier model on every 

turn is accurate but economically untenable at that volume; serving only a small model is cheap 

but fails on the complex, high-value requests that drive returns, churn, and escalation cost. 

Existing cost-reduction methods for LLM APIs—model cascades that escalate when a cheap 

model’s self-reported confidence falls below a fixed threshold—were designed for open-domain 

question answering and inherit two weaknesses in a commerce setting: raw model confidence is 

a poorly calibrated and drifting signal, and a single accuracy target ignores that the business cost 

of a wrong answer varies sharply by query intent. This article makes the problem precise and 

proposes budget-aware calibrated cascading (BACC), a routing policy that escalates on a per-tier 

calibrated estimate of correctness weighted by the business cost of an error, subject to a per-

conversation cost budget and a latency service-level objective (SLO). We introduce a 

reproducible simulation testbed that models a realistic e-commerce query mix, asymmetric error 

costs, tiered model prices anchored to public 2023 figures, and three traffic-shift scenarios. 

Across the simulated sweep, BACC traces a more favorable cost–quality frontier than a 

FrugalGPT-style raw-confidence cascade and, unlike the fixed-threshold baseline, holds its 

operating point and its calibration under traffic shift. All reported numbers are produced by a 

transparent, seeded simulation and are illustrative of the methodology rather than 

measurements of a deployed system. 

Keywords: Large language models, conversational commerce, model cascades, cost-aware 

routing, confidence calibration, service-level objectives, customer support automation, 

distribution shift. 

 

 

INTRODUCTION 

A retail customer-support turn rarely fails because a language model cannot produce a fluent reply. It fails because 

the reply must be correct against a specific order record, consistent with a return window that differs by category and 

region, safe to act on when it touches a refund or an account change, and produced fast enough and cheaply enough 

to be worth automating at all. At the scale of a large marketplace—tens of millions of support and pre-sales 

conversations per week—the per-turn economics of which model answers becomes a first-order design decision 

rather than an implementation detail. 
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The operational pain is concrete. Frontier instruction-tuned models answer complex, multi-turn requests well but 

cost one to two orders of magnitude more per token than the small open models that already handle routine intents 

such as “where is my order” [4], [1], [2]. A naive policy of routing every turn to the frontier model multiplies the 

support budget; a naive policy of routing every turn to a small model silently degrades exactly the high-value 

interactions—product discovery that influences a purchase, or a complaint that decides whether a customer churns—

where a wrong or unhelpful answer is most expensive. What a retailer needs is a router: send each turn to the cheapest 

model tier that can answer it acceptably, while respecting a per-conversation cost budget and an interactive latency 

target. 

Cost-aware serving of machine-learning APIs is not new. Model-cascade methods such as FrugalML [5] and, for LLMs 

specifically, FrugalGPT [4] and AutoMix [6] reduce cost by calling a cheap model first and escalating to a more 

expensive one only when the cheap answer looks unreliable. The dominant escalation signal is the model’s own self-

reported confidence compared against a fixed threshold. Two assumptions behind this design break in a commerce 

setting. First, raw LLM confidence is weakly correlated with correctness and is itself miscalibrated [7], [10], [11]; a 

threshold tuned on one traffic mix silently moves its true operating point when the mix shifts—precisely what happens 

during a promotion or a seasonal peak. Second, a single global accuracy target treats all errors as equal, whereas in 

support the business cost of an error is sharply asymmetric: a wrong refund-eligibility statement or an incorrect order 

status can trigger a compliance issue or a costly human escalation, while a slightly weaker product suggestion mostly 

costs a marginal conversion. 

This article addresses both gaps. We frame assistant serving as a budget-bounded, business-cost-weighted routing 

problem over a tiered model pool, define an e-commerce query taxonomy and an error-cost model that make the 

asymmetry explicit, and propose a routing policy—budget-aware calibrated cascading (BACC)—that escalates on a 

per-tier calibrated probability of correctness scaled by the business cost of being wrong, rather than on raw 

confidence against a fixed cutoff. We evaluate in a reproducible simulation testbed because production support 

transcripts contain confidential customer, order, and pricing fields; the generator preserves the structural properties 

that matter for routing—intent mix, difficulty and length distributions, error-cost asymmetry, and traffic shift—while 

remaining shareable. 

This article makes three contributions: 

1. It defines budget-bounded cascaded routing for conversational commerce as a cost–quality–

latency optimization with an explicit, intent-dependent error-cost model and a per-conversation budget SLO 

(Section IV). 

2. It proposes BACC, a routing policy that combines per-tier confidence calibration with business-cost-aware 

escalation, and a reproducible commerce-routing testbed with a six-family query taxonomy, tiered prices 

anchored to public 2023 figures, and three traffic-shift scenarios (Sections V–VI). 

3. It analyzes BACC against single-tier, fixed-threshold-cascade, and oracle baselines in simulation, showing a 

dominant cost–quality frontier and—unlike the fixed-threshold baseline—stable behavior and calibration 

under traffic shift (Section VII). 

BACKGROUND AND MOTIVATION 

Conversational commerce assistants. Automated assistants in retail span pre-sales discovery, product question 

answering, and post-sales support [18], [19]. Early production systems such as SuperAgent combined intent 

classification, retrieval over reviews and FAQs, and a chit-chat fallback [19]; conversational recommender systems 

added preference elicitation and item ranking [17]; and product question answering over reviews addressed 

subjective, long-tail queries [20]. Instruction-tuned LLMs [3], [1], [2] now subsume much of this stack behind a single 

text interface, which is why the practical question has shifted from “can a model answer” to “which model should 

answer, given cost and latency.” 

The cost asymmetry of model tiers. Public pricing in 2023 placed frontier hosted models roughly one to two 

orders of magnitude above small open or distilled models on a per-token basis, with intermediate tiers between [4], 

[1]. A small classifier or distilled model [16] answers routine, well-structured intents nearly as well as a frontier 
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model; the gap opens on ambiguous, multi-turn, or policy-laden requests. Inference-system optimizations—paged 

attention and high-throughput serving [13], speculative decoding [14], and low-bit quantization [15]—reduce the cost 

of a single model call but do not decide which model to call. Routing operates one level above these techniques and 

composes with all of them. 

Calibration as the routing signal. A router that escalates on a confidence score needs that score to mean what 

it says: if a tier reports 0.8 confidence, it should be right about 80% of the time. Modern neural networks, and LLMs 

in particular, are typically miscalibrated and overconfident [7], [10]. Post-hoc recalibration—Platt scaling [9], 

temperature scaling [7], and reliability-diagram/expected-calibration-error diagnostics [8]—can align a score with 

its empirical accuracy. A monotone recalibration fixes calibration error without changing the ordering of escalation 

decisions; improving which queries get escalated requires a more discriminative signal, and a deployment that wants 

a predictable cost must read its operating point off a calibrated probability rather than a raw one. This is the property 

a fixed-threshold raw-confidence cascade lacks, and the reason its true behavior drifts when traffic shifts [22], 

[23]. 

Traffic shift is the norm. Retail traffic is non-stationary by construction: promotional events spike order-status 

and returns volume, seasonal peaks change the intent mix, and new-catalog launches inject queries about products 

the assistant has not seen. A threshold tuned offline on a balanced sample no longer corresponds to the same accuracy 

or cost once the mix moves [22], [23]. Any routing policy intended for production must be evaluated under shift, not 

only on a stationary split. 

Large language models, conversational commerce, model cascades, cost-aware routing, confidence calibration, 

service-level objectives, customer support automation, distribution shift. 

We group prior work by the limitation that motivates this article rather than summarizing systems individually. 

Cost reduction by cascading on raw confidence. FrugalML [5] and FrugalGPT [4] reduce API cost by calling 

a cheap predictor first and escalating when its confidence is low; AutoMix [6] adds a self-verification step to decide 

escalation. These methods establish that cascading saves cost on easy-heavy workloads. Their escalation rule, 

however, assumes the confidence signal is reliable and the workload roughly stationary, and they optimize a single 

accuracy–cost trade-off. They do not model an intent-dependent error cost, which is central in support, nor do they 

report behavior under traffic shift. 

Confidence and calibration. A separate line of work shows that neural and LLM confidence is overconfident and 

miscalibrated [7], [10], that simple elicitation or recalibration can improve it [11], [9], [8], and that confidence/OOD 

scores can flag unreliable predictions [12]. This literature supplies the signal a router should use but does not 

prescribe a routing policy or connect calibration to a cost budget. 

Inference efficiency for a single model. Paged-attention serving [13], speculative decoding [14], 

quantization [15], and distillation [16] lower the cost of one model call. They are orthogonal to and composable with 

routing. 

Conversational commerce and support automation. Customer-service chatbots [19], conversational 

recommenders [17], neural conversational AI [18], product question answering [20], intent classification [21], and 

conversational QA datasets [24] define the application and the quality bar but predate the tiered-LLM cost problem. 

Distribution shift. Dataset-shift theory [22] and in-the-wild shift benchmarks [23] motivate evaluating under non-

stationary traffic; we borrow their framing to construct commerce-specific shift scenarios. Table I contrasts the closest 

cost-aware methods with the requirements of a commerce assistant. 
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Problem Definition 

Setting. A stream of customer turns arrives at an assistant. Each turn 𝑥 belongs to one of 𝐾 intent families and carries 

a latent difficulty 𝑑 ∈ [0,1] and a business value 𝑣. The assistant has a pool of 𝑀 model tiers ordered by capability and 

price, 𝑡 = 1, … , 𝑀, with per-turn cost 𝑐1 < 𝑐2 < ⋯ < 𝑐𝑀 and latency 𝓁1 < 𝓁2 < ⋯ < 𝓁𝑀. Tier 𝑡 answers turn 𝑥 correctly 

with probability 𝑎𝑡(𝑥), increasing in tier capability and decreasing in difficulty. A router observes the turn and the 

cheaper tiers’ answers and confidences, and decides which tier’s answer to return (or to escalate to a human). 

Business-weighted error cost. Unlike open-domain QA, a wrong answer’s cost depends on the intent. We attach 

to each turn an error cost 𝑤(𝑥) ≥ 0 capturing the business consequence of an incorrect or unhelpful response—high 

for an incorrect refund-eligibility or order-status statement (compliance risk, guaranteed human rework), lower for 

a slightly weaker recommendation (marginal conversion loss). The quality loss of returning an answer of correctness 

probability 𝑝 for turn 𝑥 is 𝑤(𝑥) (1 − 𝑝). 

Objective. For a routing policy 𝜋 over a turn distribution, we report (i) business-weighted resolution rate, the value-

weighted fraction of turns answered correctly without human handoff; (ii) cost per conversation, the mean spend 

summed over all tiers a conversation invokes; (iii) p95 latency; (iv) human-escalation rate; and (v) the calibration 

error of the router’s accept decision. Because no single number captures a router, the object of study is the cost–

quality frontier traced as the policy’s operating parameter is swept, subject to a per-conversation cost budget 𝐵 and a 

latency SLO 𝜏. 

Failure condition. A routing failure occurs when the policy returns a low-correctness answer on a high-error-cost 

turn (a confident mistake on a refund or order-status query), or when it violates the budget or latency SLO, even if 

the generated text is fluent and plausible. 

Budget-Aware Calibrated Cascading 

BACC keeps the cheap-first structure of a cascade but changes the statistic on which it escalates and the objective it 

escalates against. 

(1) Per-tier calibration. For each tier we fit a monotone recalibration map (Platt/temperature scaling [9], [7]) on 

a held-out split, turning the tier’s raw confidence 𝑞 into an estimate 𝑝 𝑡 of the probability that the tier’s answer is 

correct. Calibration is verified with a reliability diagram and expected calibration error [8], making 𝑝 𝑡 readable as a 

true success probability. 

(2) Business-cost-aware escalation. At tier 𝑡, BACC does not compare 𝑝 𝑡 to a fixed threshold. It compares the 

expected business loss of accepting now against that of escalating. Accepting yields expected loss 𝑤(𝑥) (1 − 𝑝 𝑡) at cost 

𝑐𝑡; escalating to tier 𝑡 + 1 pays additional cost for an expected loss 𝑤(𝑥) (1 − 𝑝 𝑡+1). BACC escalates when the predicted 

reduction in business loss exceeds the marginal cost scaled by a budget price 𝜆: 

𝑤(𝑥) (𝑝 𝑡+1 − 𝑝 𝑡) > 𝜆 (𝑐𝑡+1 − 𝑐𝑡), 

where 𝜆 is tuned to hold the per-conversation budget 𝐵. High-error-cost turns escalate readily; low-cost turns are 

accepted cheaply even at modest confidence. Sweeping 𝜆 traces the cost–quality frontier. 
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(3) Difficulty-aware entry. A light entry rule uses a cheap difficulty estimate to skip the smallest tiers on turns 

that are clearly hard (long, multi-constraint complaint threads), trimming wasted first hops without changing the 

accept statistic. 

(4) Human-handoff gate. If, after the top tier, the calibrated correctness on a high-error-cost turn remains below 

a safety floor, BACC routes to a human rather than returning a confident automated answer. The floor is set per intent 

family from the error-cost model, making the safety/automation trade-off explicit and auditable. 

Architecture. The runtime has four single-responsibility components: an intent-and-difficulty estimator (inputs: 

turn text and conversation state; outputs: intent family, difficulty, error-cost weight); a tier pool behind a uniform 

answer-and-confidence interface; the calibrated escalation controller implementing (1); and a handoff gate with 

per-intent safety floors. Every routing decision logs the turn features, the calibrated probabilities, the chosen tier, 

and the realized cost and latency, so the policy is replayable and auditable—a requirement for regulated support 

workflows. 

Evaluation Design 

Production transcripts contain confidential customer, order, and pricing fields, so we evaluate in a reproducible 

simulation that preserves the structural properties relevant to routing. We state all assumptions; the generator logic, 

seeds, and scoring rules are released. 

Query taxonomy. The testbed models six intent families with distinct difficulty, length, value, and error-cost 

profiles (Table II). 

 

 
Model tiers and prices. Three tiers—Small, Mid, and Frontier—with per-turn cost ratios 1: 8: 50 and latency ratios 

1: 2.4: 6, anchored to public 2023 price and latency gaps between small open models and hosted frontier models [4], 

[1]. Per-tier correctness is sampled from a difficulty-dependent function with tier-specific skill, and raw confidence 

is generated as a deliberately overconfident, weakly correlated signal to match the empirical behavior of LLM self-

confidence [10], [7]. 

Baselines. (a) All-Small and (b) All-Frontier single-tier policies; (c) a FrugalGPT-style raw-confidence cascade 

that escalates on raw confidence against a fixed threshold tuned on a balanced split [4]; and (d) an oracle that knows 

true correctness and spends the minimum to meet the weighted-quality target. 

Traffic-shift scenarios. Routers are configured on a balanced split and tested under a promotional spike (order-

status and returns shares rise), a seasonal drift (gradual shift toward gifting and recommendation), and a new-

catalog drift (product Q&A about unseen items with depressed small-tier accuracy). 

Metrics and protocol. Business-weighted resolution, cost per conversation (normalized), p95 latency, human-

escalation rate, expected calibration error (ECE), and frontier-use rate, averaged over seeds with the per-conversation 

budget held to a matched value where applicable. The data-generating process for every table and figure is released 

as a single seeded script. 
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Results 

All numbers in this section are produced by the seeded simulation and are illustrative of the methodology, not 

measurements of a deployed assistant. 

Main comparison. Table III reports the policies at a matched per-conversation budget (the two cascades tuned to 

equal cost). The single-tier policies bound the trade-off; both cascades sit between them; the calibrated, business-

cost-aware policy answers more weighted volume correctly at the same spend and escalates fewer high-cost turns to 

humans, while attaining the lower calibration error. 
 

 
Cost–quality frontier. Sweeping the budget price 𝜆 traces BACC’s full frontier; across the swept range it lies above 

and to the left of the raw-confidence cascade’s frontier at every budget and approaches the oracle (Fig. 1), indicating 

that a calibrated, business-cost-aware accept statistic recovers most of the achievable cost efficiency. 

 

 
Robustness under traffic shift. Table IV and Fig. 2 report the two cascades under the three shifts. The fixed-

threshold raw-confidence cascade, tuned on the balanced split, degrades sharply—under the promotional spike its 

resolution falls because the threshold no longer corresponds to the same accuracy, and its calibration error more than 

doubles. BACC degrades gracefully, because its accept rule reads a calibrated probability that recalibration keeps 

tracking as the mix moves, and because high-error-cost turns continue to escalate by construction. 
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Component ablation. Removing each BACC component in turn (Table V) shows each earns its place. Reverting 

from the calibrated accept statistic to raw confidence is the most damaging—resolution drops and ECE balloons—

confirming that calibration, not the cascade plumbing, carries the result. Removing the business-cost weighting 

mostly hurts the high-error-cost intents, which is where misrouting is most expensive; removing difficulty-aware 

entry costs a little cost efficiency by wasting first hops on clearly hard threads. Fig. 3 shows the accept decision is 

near-calibrated for BACC and systematically overconfident for the raw cascade. 
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DISCUSSION 

The central message is that, for a commerce assistant, the deferral statistic governs cost efficiency more than the 

cascade structure. Raw self-confidence is a weak, drifting signal; a calibrated, business-cost-aware accept rule keeps 

the same cheap-first plumbing but makes the cost predictable and the high-error-cost turns safe. This matters 

operationally because a support organization commits to a per-conversation budget and an automation-versus-

escalation policy in advance, and can only do so if the router’s reported confidence means what it says. 

The approach buys this predictability at a price. Per-tier calibration requires a labelled held-out split per intent family 

and periodic re-fitting as traffic moves, adding a monitoring and data-governance burden. The business-cost 

weighting requires the organization to quantify the cost of an error per intent—a modelling choice that should be 

owned by the business, not hidden in a threshold. The handoff gate improves safety on high-cost turns but raises 

human-escalation cost where the safety floor is conservative; the floor is therefore a deliberate, auditable lever. 

Routing also composes with single-model efficiency techniques: cheaper frontier inference [13], [14], [15] changes 

the tier price ratios the testbed uses but not the routing decision. 

Threats to Validity and Limitations 

Construct (simulation). Every number derives from a seeded generator, not live traffic or live model calls. We 

chose this because production transcripts carry confidential data, and because simulation gives ground-truth 

correctness, exact control over the mix and error costs, and a reproducible shift sweep. We mitigate construct risk by 

setting only mechanism parameters—per-tier skill, price and latency ratios, confidence reliability, and the error-cost 

model—and letting outcomes emerge; by modelling self-confidence as the weak, overconfident signal it empirically 

is [10], [7]; and by anchoring price ratios to public 2023 figures [4], [1]. Absolute values should be read as relative 

comparisons among policies. Instantiating the testbed on a live tiered pool with a learned estimator and human-

labelled correctness is the primary line of future work. 

Internal. Per-tier accuracy functions, confidence reliabilities, and the error-cost weights are parameters. The 

ablation and shift study vary the regime to show the qualitative conclusions—calibration drives the frontier; fixed 

thresholds drift; business-cost weighting protects high-cost intents—are insensitive to their exact values. 

External. The taxonomy uses six intent families, three tiers, and three shift scenarios; real catalogs, locales, and 

regulatory regimes introduce further structure. The framework—calibrated accept statistic plus business-cost 

weighting under a budget—transfers unchanged, but the parameters would need domain calibration. 
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Scope. The study does not claim BACC eliminates wrong answers. It limits where confident automated answers are 

returned on high-error-cost turns, by requiring a calibrated correctness estimate above an auditable, per-intent safety 

floor before accepting. 

Practical Implications 

For teams building LLM-backed commerce assistants, four practices follow. First, route on a calibrated probability, 

not a raw confidence: fit and monitor a per-tier recalibration map and read the operating point off it so the budget 

is predictable. Second, make the error cost explicit per intent: a returns-policy or order-status mistake should 

escalate far more readily than a marginal recommendation, and that asymmetry belongs in the routing objective. 

Third, evaluate under traffic shift before launch: a router that looks optimal on a balanced sample can silently 

overspend or leak errors during a promotion. Fourth, gate high-cost turns to humans on an auditable floor, and 

log every routing decision for replay in regulated workflows. 

CONCLUSION 

We framed serving an e-commerce customer assistant as a budget-bounded, business-cost-weighted routing problem 

over a tiered model pool, and proposed budget-aware calibrated cascading: escalate on a per-tier calibrated 

probability of correctness scaled by the intent-dependent business cost of an error, under a per-conversation budget 

and latency SLO. In a reproducible simulation testbed with a six-family commerce query taxonomy, tiered prices 

anchored to public 2023 figures, and three traffic-shift scenarios, the calibrated, business-cost-aware policy traced a 

more favourable cost–quality frontier than a FrugalGPT-style raw-confidence cascade and, unlike the fixed-threshold 

baseline, held its operating point and calibration under shift. The reported numbers are simulated and illustrative; 

the immediate next step is to instantiate the testbed on a live tiered pool with human-labelled correctness, turning 

the framework’s relative comparisons into measured operating curves for a deployed assistant. 
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