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Abstract
Large-language-model (LLM) agents increasingly operate and evaluate e-commerce workflows, and a recurring

building block is a skill router : a semantic-retrieval layer that maps a free-form question to the correct skill in a

catalog. The same layer lets an LLM-as-judge evaluator decide which skill should have answered and whether the

catalog covers the question at all. In practice it runs on general-purpose embedders that mishandle the dense,

abbreviation-heavy vocabulary of retail supply-chain operations, and the reflexive fixes, a larger general embedder

or a frontier LLM prompted to route, are metered per call. We instead adapt a small open-source encoder to the

domain and deliver the adaptation in the two forms a deployed system needs. The static recipe fully fine-tunes a

22M-parameter MiniLM-class encoder on typed contrastive pairs under a leakage-free skill-holdout split, lifting

overall routing Hit@1 from 0.474 (a production 1024-d general embedder) to 0.656, and in-distribution Hit@1

from 0.393 to 0.746, over a compact 384-d index at zero marginal inference cost. The continual-learning recipe

keeps that encoder current as the catalog grows from 23 to 43 skills: warm-starting plus a 30% replay sample

holds overall Hit@1 near 0.76, matching a full retrain at roughly half the compute while avoiding catastrophic

forgetting. We state the main caveat plainly: the gains concentrate on skills seen in training, and on genuinely

unseen skills the general embedder still leads. A score-fusion ablation tops every arm but reintroduces a per-query

general-embedder call, so we keep the standalone specialist central and point to a lightweight learned gate as

future work. For the retrieval substrate of agentic e-commerce, a small specialized embedder is both more accurate

in domain and far cheaper than a larger general model or a frontier LLM.
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1. Introduction

Generative and agentic AI are moving from the storefront into the operational core of e-commerce.

Beyond shopper-facing search and recommendation, tool-augmented LLM agents now plan multi-

step workflows over enterprise operational data: they call structured-data tools, query inventory

and fulfillment systems, and chain those calls into an analysis. A representative and economically

important example is supply-chain root-cause analysis (RCA) for product availability. When an item

goes out of stock, a multi-agent LLM framework reasons over operational tables, demand forecasts,

and replenishment signals to explain why, work that otherwise consumes scarce analyst time [1]. Such

systems expose their capabilities as a catalog of modular skills, each a small unit of analysis with a short

textual specification (for example, “check whether an item is enrolled in automated demand forecasting”

or “profile an item’s seasonality”), and the agent answers a question by selecting and invoking the right

skills. The same building block recurs across agentic e-commerce: a conversational shopping assistant

routes a request to the right tool, and a customer-service agent picks its next action from a catalog of

capabilities [2, 3]. Wherever an agent chooses among many skills, the quality of that choice rests on

the retrieval layer we study here.

Because these agents run largely unattended, their output is itself evaluated, and a growing practice

is LLM-as-judge evaluation [4]: a separate framework inspects an agent’s trace and asks whether it

invoked the appropriate skills and whether the catalog covers the question at all. The acting agent and

its judge depend on one shared component, a skill router that maps a free-form question to the correct
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skill. The actor uses it to decide what to do; the judge uses it to decide what should have been done and

to flag coverage gaps. This router is almost always nearest-neighbor search over a shared embedding

space, so its quality upper-bounds both the agent’s task accuracy and the reliability of the automated

evaluation layered on top of it. We study this routing substrate, in the concrete setting of a production

RCA evaluator, rather than the agent’s reasoning policy.

The embedding model behind that search is often the limiting factor. General encoders do well

on open-domain retrieval [5], but the operational language of a retail supply chain is dense with

abbreviations and overloaded terms (inventory weeks-of-cover, stock-availability scores, and many

program-specific acronyms) that rarely appear in their training data. A question phrased in this

vocabulary is mapped near the wrong skill, and the agent confidently executes the wrong analysis. The

failure is silent: a fluent, plausible answer is still returned, so it is costly and hard to detect, and the

same mechanism drives both the actor’s tool choice and the evaluator’s coverage decision. The stakes

are highest in the evaluation layer, because silent misroutes erode trust in the automated judge meant

to catch agent errors, and they cannot be fixed by improving the agent’s prompt, since the fault lies

upstream in the retrieval geometry.

The dominant reflex is to reach for a larger model: a bigger general embedder or a frontier LLM

prompted to route. Both are billed per call, and at the per-decision scale of a production evaluator that

is a direct and recurring cost. This is where the problem becomes as much economic as technical: the

routing layer is invoked on every question the evaluator scores, so a metered embedding or generation

call is paid again and again, and, as we show, neither larger option is even the most accurate for this

narrow task. We take the opposite route. We adapt a small open-source encoder to the domain by

contrastive fine-tuning on a curated corpus, so the model stays small enough for commodity hardware,

the index stays compact, inference carries no per-call charge, and the adaptation targets precisely the

vocabulary the general models miss. The goal is a routing layer that is simultaneously more accurate in

domain and cheaper to serve.

Realizing this frugal approach in a system that must keep running raises two problems that a one-shot

benchmark hides, and they organize the paper. First, because routing and coverage are defined over

the very catalog used in training, a naive evaluation can leak skill identity into the test queries and

inflate the result; we therefore build a leakage-free skill-holdout split and report in-distribution and

out-of-distribution accuracy separately (Sections 4, 5). Second, operational catalogs are not static: new

skills are authored and shipped on a rolling basis, so the router must absorb them without forgetting the

old ones and without paying to retrain from scratch each time; we therefore study a continual-learning
recipe that mimics a catalog growing in weekly batches (Section 5).

Our evidence comes from a single operational e-commerce setting, supply-chain RCA and its LLM-

as-judge evaluator, rather than shopper-facing search, but the retrieval layer we study is the one

that lets any tool-augmented agent plan over and route among a catalog of skills. The contribution

therefore speaks directly to efficiency and scalability, since it removes a metered per-query call from

the routing path, and to agent trust, since it makes both the actor’s tool choice and the automated

evaluator’s coverage verdict more reliable. The components we combine (in-batch contrastive learning,

hard negatives, low-rank adaptation, experience replay) are standard; the contribution is putting them

together under a leakage-aware protocol, validating the result offline inside the evaluator’s real retrieval

code, and showing that the same small encoder can be kept current as the catalog evolves. Concretely:

• A reproducible dataset-construction methodology for domain-adaptive retrieval in agentic

e-commerce, producing typed contrastive pairs (terminology, skill rubric, question–skill, hard

negatives, and paraphrase-invariance pairs) over a skill catalog, with a leakage-free skill-holdout

split and a distribution-matched training signal drawn from real historical questions.

• A static frugal recipe whose central model fully fine-tunes a small (22M-parameter) MiniLM-

class encoder and, on a leakage-free split, lifts overall routing Hit@1 from 0.474 (a production

1024-d general embedder) to 0.656 and in-distribution Hit@1 to 0.746, over a compact 384-d

index and at zero marginal inference cost.

• A continual-learning recipe that keeps the same small encoder current as the catalog grows



from 23 to 43 skills: warm-start plus a 30% replay buffer holds overall Hit@1 near 0.76, matches

full retraining at about half the cumulative compute, and prevents the forgetting that collapses a

naive replay-free update.

• A measured frugality analysis and ablations covering data scale, training objective, backbone

size and adaptation method (multi-seed), a lexical-router control, a coverage-verdict measurement,

a score-fusion upper bound, and a head-to-head against a single-prompt frontier LLM, plus an

integration proof-of-concept inside the real retrieval code of a production LLM-as-judge evaluator,

all showing that a $0-marginal-cost specialized encoder (a measured 8ms median CPU decision)

is the most cost-effective option for this substrate.

We foreground one caveat from the start: the gains are concentrated on skills the model has seen, and

on a strict unseen-skill arm the general embedder still leads. The method therefore helps most when

the served catalog overlaps the training catalog, which is the common production regime and the one

the continual-learning recipe is designed to maintain.

2. Related Work

Agentic e-commerce and LLM-as-judge evaluation. Tool-augmented and multi-agent LLM sys-

tems are applied across e-commerce, from conversational recommendation to autonomous operational

analysis [2, 1, 3, 6], and strong LLMs are now routinely used to evaluate model and agent outputs [4].

These systems decompose work across skills or sub-agents and route requests among them, and produc-

tion evaluators additionally use embedding retrieval to decide coverage, so routing quality upper-bounds

end-to-end quality and evaluation reliability. We target that routing substrate rather than the agent

policy.

Contrastive embeddings, PEFT, and domain adaptation. Dense sentence encoders trained with

contrastive objectives are the de facto standard for semantic retrieval [7, 8], where in-batch negatives [9]

and hard negatives sharpen the separation between relevant and irrelevant pairs, and compact open

models [10, 11] offer strong initialization at low serving cost [5]. LoRA [12] and QLoRA [13] adapt

models by training a small set of low-rank parameters. Unsupervised domain adaptation of retrievers

is an active area [14, 15]; when domain gold signals already exist in historical logs, the supervised

counterpart is the more label-efficient choice, so we adopt a small supervised corpus of typed pairs and

adapt a retrieval encoder to it. Two gaps in this prior work motivate our framing. Retrieval benchmarks

routinely let entities seen in training reappear at test time, which inflates apparent gains when the

target labels are the very skills being adapted; we close this with a skill-holdout split and separate

in/out-of-distribution reporting. And domain-adaptation studies typically stop at an offline metric,

leaving open whether the gain survives a real serving stack; we instead run the adapted encoder through

the actual retrieval code of a production LLM-as-judge evaluator in an offline integration test.

Continual learning and rehearsal. Neural models overwrite earlier knowledge when trained on

new data, the catastrophic-forgetting problem [16]. Two families address it: regularization of important

weights, such as elastic weight consolidation [17], and rehearsal, which replays a sample of past data

while learning new tasks [18, 19, 20]. Our catalog-growth setting is a class-incremental problem in

disguise, where each new batch of skills is a set of new routing targets. We use the simplest effective

remedy, a small experience-replay buffer combined with warm-starting, and show that a modest replay

fraction recovers almost all of the accuracy of a full retrain at a fraction of the cost, which is the property

a production update cadence needs. Applying rehearsal to a domain-adapted retrieval encoder under a

growing skill catalog, rather than to a classifier, is the specific setting we contribute.



3. Problem Setting

Skill catalog and encoder. We consider the retrieval layer of an agentic system that exposes a

catalog of skills, capability modules each described by a short textual specification (name, description,

when-to-use guidance, and rubric). Let 𝒮 = {𝑠1, . . . , 𝑠𝑁} denote the catalog, with each 𝑠𝑖 ∈ 𝒯 drawn

from the space of text 𝒯 . A query 𝑞 ∈ 𝒯 expresses an information need that may or may not be served

by the catalog. The sole learned component is an encoder 𝑓𝜃 : 𝒯 → R𝑑
with parameters 𝜃, used, for

any text 𝑥 ∈ 𝒯 , through its ℓ2-normalized form

𝑓𝜃(𝑥) =
𝑓𝜃(𝑥)

‖𝑓𝜃(𝑥)‖2
∈ S𝑑−1,

so that similarity is the cosine score sim𝜃(𝑥, 𝑥
′) = ⟨𝑓𝜃(𝑥), 𝑓𝜃(𝑥

′)⟩. We write u = 𝑓𝜃(𝑞) for the query

embedding and v𝑖 = 𝑓𝜃(𝑠𝑖) for the skill embeddings, collected as the index 𝑉𝜃 = {v1, . . . ,v𝑁}.

Downstream decisions. Two decisions consume the similarity scores. Routing selects the skill

whose specification is most aligned with the query,

𝑟𝜃(𝑞) = argmax
𝑖∈[𝑁 ]

sim𝜃(𝑞, 𝑠𝑖),

evaluated by whether the gold skill appears among the top-𝑘 candidates, Hit@𝑘 = Pr(𝑞,𝑖⋆)[ 𝑖
⋆ ∈

Top𝑘(𝑞) ], where Top𝑘(𝑞) ranks skills by sim𝜃(𝑞, ·) and 𝑖⋆ is the annotated skill. Coverage asks whether

any skill is relevant, summarized by the margin 𝑚𝜃(𝑞) = max𝑖 sim𝜃(𝑞, 𝑠𝑖), which a fixed thresholding

rule maps to an ordinal verdict 𝑔 : [−1, 1] → {full, partial,weak,none} via cutoffs 𝜏full > 𝜏part >
𝜏weak. Coverage quality is measured by agreement with human labels.

The intervention and its attribution. The host system is a fixed map Φ that consumes embeddings

to produce routing and coverage outputs; the deployed pipeline is the composition Π𝜃 = Φ ∘ 𝑓𝜃 . Index

construction, the scoring function, the thresholds, and the catalog are all held fixed, so Φ does not

depend on 𝜃. Replacing a baseline encoder 𝑓𝜃0 with an adapted encoder 𝑓𝜃 changes Π only through

the embeddings, so any change in a downstream metric ℳ, Δℳ = ℳ(Φ ∘ 𝑓𝜃) − ℳ(Φ ∘ 𝑓𝜃0), is

attributable to the encoder alone. Operationally, the substitution occurs at a single configuration seam

(the encoder identifier in the host config), which makes the intervention both controlled and deployable

without modifying the surrounding system.

Adaptation target. We adapt 𝑓𝜃0 into 𝑓𝜃 by fine-tuning on a corpus of typed pairs 𝒟 =
{(𝑎𝑗 , 𝑏𝑗 , 𝑡𝑗 , 𝑦𝑗)}𝑀𝑗=1, where 𝑎𝑗 , 𝑏𝑗 ∈ 𝒯 , 𝑡𝑗 indexes the pair type (question–skill, paraphrase, term–

definition, sibling disambiguation, and so on), and 𝑦𝑗 ∈ {+,−} marks a positive or hard-negative

relation. Anchors 𝑎𝑗 stand where the query 𝑞 stands at serving time (most are historical questions) and

the paired texts 𝑏𝑗 stand where the skill specifications 𝑠𝑖 stand, so the geometry shaped in training is

exactly the one 𝑟𝜃 and 𝑚𝜃 consume. By default we update all parameters of the small encoder (full

fine-tuning); when the trainable-parameter budget is tight we instead learn a low-rank increment

𝜃 = 𝜃0 ⊕ Δ (LoRA) with |Δ| ≪ |𝜃0|. For an anchor 𝑎 with positive 𝑏+ and negative set 𝒩 (𝑎), we

minimize a temperature-scaled contrastive (InfoNCE) objective

ℒ(𝜃) = −
∑︁
(𝑎,𝑏+)

log
exp(sim𝜃(𝑎, 𝑏

+)/𝜏)

exp(sim𝜃(𝑎, 𝑏+)/𝜏) +
∑︀

𝑏−∈𝒩 (𝑎) exp(sim𝜃(𝑎, 𝑏−)/𝜏)
,

with temperature 𝜏 > 0 and 𝒩 (𝑎) combining in-batch and mined hard negatives. This pulls domain-

equivalent texts together and pushes near-miss siblings apart on S𝑑−1
, shaping the geometry that 𝑟𝜃

and 𝑚𝜃 rely on.
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Figure 1: End-to-end pipeline. Existing skill specifications, a curated term inventory, and a historical question
registry are compiled into a typed contrastive corpus and used to adapt a small encoder with contrastive fine-
tuning. The same corpus supports two evaluation protocols: a leakage-free skill-holdout split for the static recipe,
and a catalog-growth simulation for the continual-learning recipe. The adapted encoder is scored on frozen
benchmarks and dropped into the host evaluator’s real routing code with no host-side changes.

Leakage-aware evaluation. Because routing and coverage are defined over the same catalog used

in training, naive splits can leak skill identity from 𝒟 into the test queries. We evaluate under a skill-

holdout protocol: let 𝒮tr and 𝒮te partition the catalog with 𝒮tr ∩ 𝒮te = ∅, require every training pair to

be anchored in 𝒮tr, and bar held-out skills even as hard negatives, so no unseen-skill text leaks through a

negative. In-distribution queries target 𝒮tr (seen skill, unseen phrasing) and out-of-distribution queries

target 𝒮te (never-seen skill).

The catalog-growth setting. Operational catalogs grow over time. We model this as a sequence

of rounds 𝑘 = 1, . . . ,𝐾 in which the catalog expands 𝒮(1) ⊂ 𝒮(2) ⊂ · · · ⊂ 𝒮(𝐾)
by a batch of new

skills each round. At round 𝑘 we may update the encoder from the previous checkpoint 𝜃𝑘−1 using

training pairs for the new skills together with a replay sample of pairs from the prior catalog, producing

𝜃𝑘. Two quantities matter at each round: routing accuracy over the current catalog 𝒮(𝑘)
, and retention,

the accuracy on the skills introduced in round 1 as later rounds accrue, which measures forgetting. A

brand-new skill has no accumulated real questions in the round it debuts, exactly the cold-start the

router faces in production. This setting is the dynamic counterpart of the static split above: the skills

that debut in round 𝑘 occupy the position of 𝒮te at the moment they arrive (a specification in the catalog,

no real-question history), and the continual recipe is the mechanism that moves them into 𝒮tr as their

pairs enter training.

4. Dataset Construction

We looked for a public corpus before building one: open retrieval suites such as MS MARCO and the

BEIR/MTEB collections [5] target open-domain or shopper-facing search, and public e-commerce query

datasets pair shopper queries with products, not analyst questions with operational skills; none covers

vocabulary like weeks-of-cover, in-stock health scoring, or program-specific procurement acronyms.



So we construct the corpus ourselves (Figure 1). The pipeline reads from two artifact types that already

exist in an agentic system, machine-readable skill specifications and a registry of historical questions,

and emits typed contrastive pairs over a combined catalog of 43 operational skills. Several skills across

the source packages are semantic siblings, near-duplicates that share intent but differ in scope; we retain

them deliberately, as they are the hardest negatives in the domain and a realistic source of routing

confusion.

Why typed supervised pairs. We considered three ways to obtain in-domain training signal. (i) Un-
supervised domain adaptation, for example generative pseudo-labeling [14] or reranker distillation [15],

needs no labels but yields noisy positives and, decisively, cannot use the gold question–skill routes the

registry already records. (ii) Fully synthetic LLM-generated pairs scale cheaply but tend to paraphrase

the source text, reinforcing surface vocabulary rather than the hard sibling distinctions that drive routing

errors, and they risk importing the same general-model biases we are trying to correct. (iii) Curated
typed pairs from existing artifacts, the option we adopt, make the most label-efficient use of assets an

agentic system already maintains and let us deliberately over-represent the hard cases. The trade-off is

scale, hand-curated supervision is smaller than a synthetic dump, which is exactly why we measure a

data-scale curve (Section 5) rather than assume sufficiency.

Distribution-matched signal. An early version of the corpus drew its anchors from skill specifi-

cations (“what is X”) and, although it beat the general embedder in domain, it did not generalize to

the phrasing of real analyst questions, which are predominantly “why did X happen” narratives. The

fix that mattered was not more skill coverage but matching the training distribution to the question
distribution: we draw training anchors from real historical questions wherever they exist, and reserve a

disjoint set of real questions for evaluation. This single change is what lifts the real-question arm, and

we treat real questions as the ground-truth signal throughout.

Terminology inventory and typed pairs. We mine a curated inventory of roughly 260 in-domain

terms and abbreviations from the skill specifications and supporting documentation, each paired with

its gloss and equivalent surface forms (an acronym, its expansion, and a colloquial phrasing), yielding

paraphrase-invariance and term–definition pairs. The full corpus contains on the order of 5,900
typed pairs across six types, designed so the objective sees both fine-grained vocabulary signal and

realistic routing decisions: term–definition (a term and its gloss), rubric–skill (a skill’s rubric and

its specification), question–skill (a historical question and the skill that answers it), paraphrase-
invariance (two surface forms of one concept), sibling-collision (cross-package near-duplicate skills,

used as hard negatives), and wrong-skill negatives (a question paired with a plausible-but-incorrect

skill). Hard negatives (sibling-collision and wrong-skill) make up the majority of pairs (58%), which we

found essential for separating near-identical skills.

Representative pairs. Table 1 grounds the six types in one sanitized example each. The objective

pulls each anchor 𝑎 toward its positive 𝑏+ and away from the hard negative 𝑏−. The two negative-

defining types carry most of the routing signal: a sibling-collision separates near-duplicate skills that

differ only in scope (a live inventory snapshot versus a historical trend), and a wrong-skill negative pairs

a question with a plausible but incorrect skill, so adaptation sharpens precisely the boundaries that

produce routing errors.

Two evaluation protocols. The same corpus supports the two recipes. For the static recipe we

apply the skill-holdout protocol of Section 3: 8 of the 43 skills are removed from training entirely, not

as a positive and not even as a hard negative, so only their specification sits in the catalog, exactly like

a newly-added skill, and their questions form a genuinely never-seen out-of-distribution arm. Training

uses 4,743 pairs; the test set is 308 questions, 201 in-distribution (held-out questions of trained skills)

and 107 out-of-distribution (questions of the 8 held-out skills), with train/test overlap verified to be zero.



Table 1
One representative pair per type from the contrastive corpus (Section 4). Skill specifications are referenced by
name (skill-name) and glosses are abridged; positives 𝑏+ are pulled toward the anchor 𝑎 and hard negatives
𝑏− are pushed apart. Examples are illustrative sanitized analogs: skill names, terms, and numeric values are
generic stand-ins, with no internal identifiers, table names, or figures. The term and paraphrase types rely on
in-batch negatives, marked “n/a”.

Type Anchor 𝑎→ positive 𝑏+ Hard negative 𝑏−

Term–
definition

OOS-rate → “share of days an item is orderable yet unavailable” “out of stock” (generic flag)

Rubric–skill “does the answer cover model-vs-actual demand accuracy and
allocation?” → analyze-forecast-accuracy

check-replenishment-enrollment

Question–skill “What is the trailing-12-month contribution margin and unit
volume?” → analyze-unit-economics

check-profitability-flag

Paraphrase–
invariance

“product group, size tier, procurement model?” → “product family,
size band, purchasing model”

n/a

Sibling-
collision

“current cover at each site right now?” →
summarize-stock-cover (live)

track-stock-cover-history (his-
torical)

Wrong-skill
negative

“responsible buyer or team?” → identify-item-owner recommend-replenishment-action

For the continual-learning recipe we instead grow the catalog in five rounds (23→28→33→38→43
skills) and, at each round, evaluate over the current catalog on a query-level held-out mix of real and

synthetic questions; newly-added skills are synthetic-only in their debut round, matching the production

cold-start. Real analyst questions are the ground-truth arm; synthetic questions supplement coverage

for new and real-sparse skills and are held out from training to avoid circularity.

5. Experiments

5.1. Setup

Model and baselines. Our central model is a 22M-parameter, 384-dimensional MiniLM-class sen-

tence encoder that we fully fine-tune on the contrastive corpus; this is the configuration we recommend

and report throughout. Cheaper or larger variants enter only as ablations (Section 5.4): low-rank adapta-

tion (LoRA) of the same encoder, and a larger 110M-parameter general-purpose backbone. The baselines

are the base encoder, a production general-purpose multimodal embedder (1024-d) that represents

the deployed status quo, a second open 110M encoder used zero-shot, and a frontier closed-weight

instruction-tuned LLM prompted to route.

Objective and training. We train with the in-batch contrastive (multiple-negatives ranking) ob-

jective [9]: each anchor’s paired positive is pulled together while all other in-batch documents (and

the curated hard negative, when present) are pushed apart, under a temperature-scaled cross-entropy

over cosine similarities. All arms share an identical configuration: the AdamW optimizer, a maximum

sequence length of 256 tokens, and InfoNCE temperature 𝜏=0.05. The full-fine-tune arms train for 3
epochs at learning rate 2× 10−5

; the LoRA arms train for 5 epochs at 5× 10−4
with rank 𝑟 ∈ {8, 16},

𝛼=2𝑟, and dropout 0.05, injected into the query/key/value projections. Training is short: the corpus

fits in memory and a complete fine-tune finishes in minutes on a single commodity accelerator and runs

to completion on CPU, consistent with the frugality goal and with routine re-adaptation. At inference

the model is a standard sentence encoder and the index is rebuilt by embedding each skill specification

once.



Table 2
Static recipe on the leakage-free skill-holdout benchmark (𝑛=308: 201 in-distribution, 107 out-of-distribution; 8
of 43 skills held out entirely). Hit@1 overall and by arm; brackets are 95% Wilson intervals (bootstrap intervals
agree to three decimals where per-question predictions are retained). The lexical row is a TF–IDF router over the
same specifications, testing whether raw domain signal suffices without learning. The specialist is our 22M full
fine-tune; the fusion row is an ablation (Section 5.4) that also calls the general embedder per query and reports
the best blend weight from a sweep (𝛼=0.6), so it is an upper bound. Best standalone value per column in bold.

Model dim overall in-dist. out-of-dist.

Lexical TF–IDF router sparse 0.283 [.24, .34] 0.234 [.18, .30] 0.374 [.29, .47]

Base encoder (zero-shot) 384 0.328 [.28, .38] 0.293 [.23, .36] 0.393 [.31, .49]

Open 110M encoder (zero-shot) 768 0.357 [.31, .41] 0.303 [.24, .37] 0.458 [.37, .55]

General embedder (production) 1024 0.474 [.42, .53] 0.393 [.33, .46] 0.626 [.53, .71]

Specialist (ours, 22M full-FT) 384 0.656 [.60, .71] 0.746 [.68, .80] 0.486 [.39, .58]

Fusion (specialist + general), ablation n/a 0.731 [.68, .78] 0.751 [.69, .81] 0.692 [.60, .77]

Why full fine-tuning, and why LoRA as the frugal alternative. At this scale full fine-tuning is

affordable, so it is our default. We include LoRA because it adds no serving-time latency (the low-rank

update merges into the base weights) and is architecture-agnostic, unlike adapter or prefix-tuning

families that add inference cost. We do not use QLoRA [13]: its 4-bit quantization exists to fit multi-

billion-parameter models into limited memory, a constraint absent at the ≤110M scale here, where it

would only add quantization error for no memory benefit.

Evaluation design. Following the principle that a routing layer should be judged on the decisions the

host actually makes, we combine several kinds of evidence rather than a single number. For the static

recipe we report routing Hit@1 split into in-distribution and out-of-distribution arms, plus a data-scale

curve. For the continual-learning recipe we report per-round Hit@1 over the growing catalog, a retention

(forgetting) curve on the original skills, a replay-fraction ablation, a cost accounting, and a multi-seed

robustness check. Across both we separate the real-question arm (the ground-truth production signal)

from synthetic coverage questions, and we complement the offline numbers with an in-situ integration

test inside the host’s real retrieval code. Gold routes come from an LLM annotator whose agreement

with a set of 96 human labels is micro-F1 0.63 (exact skill match) and 0.69 after normalizing a few

unambiguous skill renames; we therefore read absolute numbers as carrying label noise of about that size

and lean on relative comparisons scored against the identical gold. Every reported proportion carries

a 95% Wilson interval; where per-question predictions are retained, bootstrap resampling (10,000
draws) reproduces the Wilson brackets to three decimals, and we add significance tests for the headline

comparisons (Section 5.2). All embedding arms use identical index and scoring code.

5.2. Static recipe: leakage-free routing and the in/out-of-distribution split

Table 2 reports routing Hit@1 on the 308-question skill-holdout benchmark. Out of the box no baseline

clears 0.48 overall: the base encoder sits at 0.328, an open 110M encoder at 0.357, and the production

general embedder at 0.474. Fully fine-tuning the small encoder is what closes the gap, reaching 0.656
overall, a +0.182 lift over the general embedder at roughly one-third of its vector width and no per-call

cost. The gain is concentrated in distribution: on the 201 in-distribution questions the specialist reaches

0.746, nearly double the general embedder’s 0.393. Both headline gaps are statistically robust: specialist

versus general embedder gives 𝑧=4.55, 𝑝=5×10−6
overall and 𝑧=7.15, 𝑝<10−12

in distribution (two-

proportion tests), and the intervals in Table 2 are far from overlapping. The lexical control sharpens the

attribution: a TF–IDF router over the very same specifications manages only 0.283 overall, below even

the zero-shot base encoder, so the gain comes from learned domain adaptation, not from merely having

any in-domain signal.
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Figure 2: Static recipe. (a) Routing Hit@1 by arm on the skill-holdout benchmark: the specialist leads overall
and in-distribution, while the general embedder leads out-of-distribution. (b) Data-scale curve (three seeds per
point): the in-distribution arm climbs and is still rising at the full corpus, while the out-of-distribution arm is flat
near 0.50.

The honest out-of-distribution finding. On the 107 genuinely unseen questions the ordering flips:

the general embedder leads at 0.626 and the specialist trails at 0.486. This is the central caveat of the

static recipe, and two observations place it correctly. First, it is not catastrophic forgetting: the specialist

actually improves out-of-distribution over its own zero-shot base (0.393→0.486), so fine-tuning helps

even on unseen skills; the general embedder’s larger 1024-d space is simply stronger on skills no small

model has seen, and no small open base we tried closes that gap. Second, it is a ranking bias toward

trained skills rather than a loss of unseen representation: fine-tuning sharpens seen skills so strongly

that, in a strict argmax over the whole catalog, a seen skill often outranks the correct unseen one.

The deficit is itself statistically significant (𝑧=2.06, 𝑝=0.039), so we report it as a real property of the

method, not benchmark noise.

What this means in practice. The static specialist is the right tool when the served catalog overlaps

the training catalog. That is the common production regime, and keeping it true over time is precisely

the job of the continual-learning recipe (Section 5.3); a brand-new skill, until its pairs enter training, is

better served by the general embedder or the fusion ablation.

Data scale. Figure 2 traces routing Hit@1 as the curated corpus grows, at three seeds per point

on the fixed skill-holdout split. The in-distribution arm climbs steadily, from 0.499 at 250 pairs to

0.741 at the full 4,743, and is still rising at the top, so the corpus is adequate for the reported gains

but demonstrably not saturated, and additional curated pairs remain the largest available lever. The

out-of-distribution arm stays flat near 0.50 across the entire nineteen-fold data range. The two curves

together are the specialization-versus-robustness trade-off made visible: more in-domain data buys

in-distribution accuracy and does nothing for genuinely unseen skills, which is consistent with the

ranking-bias reading above.

5.3. Continual-learning recipe: keeping the router current as the catalog grows

A static checkpoint answers the wrong question for a live system, because the catalog does not hold

still. We simulate a catalog growing in five weekly rounds from 23 to 43 skills and compare four update

strategies against the two un-adapted baselines, scoring routing Hit@1 over the current catalog at each

round (Table 3). The strategies are: frozen, fine-tune once at round 1 and never update; no-replay,

warm-start each round and fine-tune only on the new skills; full retrain, retrain from the base encoder



Table 3
Continual-learning recipe: routing Hit@1 as the catalog grows from 23 to 43 skills. Top block is overall Hit@1
(real plus synthetic questions, 𝑛 grows 264→379); bottom block is the real-question arm (𝑛 grows 173→208),
the ground-truth production signal. The fusion row is an ablation (Section 5.4) that also calls the general
embedder per query; it reports the per-round best blend weight from an 𝛼 sweep (𝛼 ∈ [0.5, 0.7]), so it is an upper
bound. Best standalone value per column in bold. Week-5 95% Wilson intervals: specialist 0.757 [0.712, 0.798]
overall, 0.663 [0.597, 0.724] real; full retrain 0.768 [0.723, 0.808] / 0.697 [0.632, 0.756]; frozen 0.707 [0.659, 0.751]
/ 0.654 [0.587, 0.715]; no-replay 0.710 [0.662, 0.753] / 0.611 [0.543, 0.674].

Model wk1 wk2 wk3 wk4 wk5
(23) (28) (33) (38) (43)

Overall Hit@1
base encoder (zero-shot) 0.417 0.465 0.465 0.459 0.464
general embedder 0.625 0.625 0.620 0.611 0.552
frozen (train wk1 only) 0.792 0.761 0.757 0.718 0.707
no-replay 0.792 0.741 0.726 0.693 0.710
full retrain 0.792 0.758 0.796 0.761 0.768
specialist (warm+30% replay) 0.792 0.774 0.778 0.775 0.757
fusion (ablation) 0.814 0.811 0.815 0.811 0.807

Real-question Hit@1
base encoder (zero-shot) 0.249 0.300 0.293 0.294 0.289
general embedder 0.497 0.495 0.480 0.471 0.389
frozen (train wk1 only) 0.717 0.690 0.692 0.662 0.654
no-replay 0.717 0.642 0.631 0.608 0.611
full retrain 0.717 0.668 0.717 0.681 0.697
specialist (warm+30% replay) 0.717 0.695 0.702 0.701 0.664
fusion (ablation) 0.734 0.742 0.742 0.745 0.721

on the entire current catalog each round; and the specialist, our recommended recipe, which warm-

starts from the previous checkpoint and fine-tunes on the new skills plus a 30% replay sample of the

prior catalog.

Every update strategy degrades, but not equally. As the catalog grows there are more candidates

to confuse, so every model drifts down. The un-adapted baselines start low and the general embedder

falls furthest by week 5 (overall 0.552, real 0.389), because the newest skills are exactly the ones its

general vocabulary handles worst. Among the update strategies, the specialist holds overall Hit@1 at

or above 0.757 every week and full retrain is its close upper bound (0.768 at week 5), while the two

weak strategies reveal mirror-image failure modes. The frozen model, whose weights never change,

cannot learn the new skills (its week-5 new-skill arm is 0.58) but preserves the old ones, landing at

0.707. No-replay learns the new skills well but forgets the old ones, landing at 0.710: essentially tied

with freezing, and on the production-critical real arm actually worse (0.611 versus 0.654), because the

real arm is dominated by older skills that no-replay overwrites. The specialist avoids both traps and its

real-arm accuracy (0.664 at week 5) trails only the full retrain (0.697).

We read the accuracy rows of Table 3 conservatively. At week 5 the specialist’s real-arm lead over

the frozen model is two questions (0.663 [0.597, 0.724] versus 0.654 [0.587, 0.715]), well inside the

intervals, so the per-week accuracy rows alone do not separate the update strategies at this sample

size. What separates them is retention (Figure 3b): on the original 23 skills at week 5, no-replay falls

to 0.602 [0.542, 0.659] while 30% replay holds 0.727 [0.671, 0.777], non-overlapping intervals, with

the full retrain at 0.739. The defensible claim is therefore not that replay beats freezing by a point of

week-5 accuracy; it is that replay is what lets a weekly update learn new skills without the forgetting

that a replay-free update provably suffers.
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Figure 3: Continual-learning recipe. (a) Overall Hit@1 as the catalog grows from 23 to 43 skills: the specialist
tracks the full-retrain upper bound, while the frozen and no-replay updates converge to a lower plateau and the
general embedder declines. (b) Retention on the 23 original skills: no-replay forgets (down to 0.60), while 30%
replay holds near the full-retrain line.

Replay prevents forgetting, and 30% is the sweet spot. Figure 3 shows retention on the 23
original skills as the catalog grows. No-replay collapses them from 0.79 to 0.60, one week’s update

overwriting the last; a 30% replay buffer holds them at 0.73, tracking the full-retrain upper bound

of 0.74. Sweeping the replay fraction over {0, 10, 20, 30, 50, 100}% at the full catalog gives overall

Hit@1 of 0.710/0.749/0.731/0.757/0.744/0.768: 30% is the best of the incremental options and the

only fraction that stays at or above 0.75 every week, while more replay mostly adds cost (100% is

a full retrain). Two honesty notes on this sweep: it is non-monotonic, and the 30%-versus-10% gap

(0.757 versus 0.749, three questions of 379) sits inside the three-seed band of the recipe itself (0.744–

0.757). The decisive contrast is therefore replay-versus-none, which the retention curve settles; the

specific fraction is a weakly-identified operating point, and any modest value in the 10–50% range is

defensible. This matches the continual-learning literature, where modest rehearsal buffers are typically

sufficient [18, 20].

Cost and robustness. The point of the specialist is that it buys the retrain’s accuracy without the

retrain’s cost. Cumulative training time to keep the router current across all five weekly updates is

about 839s for warm-start plus 30% replay versus about 1712s for a full retrain each week, roughly a

2× saving. We state the absolute size plainly: at today’s 43-skill catalog this is minutes per week, so

the saving is an argument about scaling behavior rather than present-day spend; full retraining grows

with the entire catalog every week while the incremental update grows only with the new skills and a

small replay sample, so the ratio widens as the catalog and pair corpus grow. Repeating the specialist

recipe across three seeds preserves the model ordering and keeps the full-catalog overall Hit@1 in a

narrow band, 0.744–0.757 (mean 0.752), so the recipe is stable rather than seed-sensitive. A periodic

full retrain (for example monthly) remains worthwhile to reclaim the last point of retention, but is too

expensive for the weekly cadence.

5.4. Ablations, fusion, and frugality

Fusion is an accuracy upper bound with a per-query cost. The static out-of-distribution gap

and the general embedder’s day-one coverage of brand-new skills both suggest blending the two

encoders. A score-fusion router, 𝛼 𝑧(specialist) + (1 − 𝛼) 𝑧(general) with per-query 𝑧-scoring and

argmax over the catalog, tops every arm. On the static skill-holdout benchmark it reaches 0.731 overall

with in-distribution 0.751 and out-of-distribution 0.692, beating both parts on both arms (Table 2); in



Table 4
Recipe ablations on the 89-question development benchmark (75 seen / 14 unseen; earlier catalog snapshot).
Overall Hit@1, mean ± sample standard deviation over five seeds. All arms train on the same typed pairs with
the same protocol as Section 3. The objective row uses the same five seeds, backbone, and full fine-tune as the
specialist row, changing only the training loss, so the two rows differ in nothing but the objective. Best arm in
bold.

Arm Backbone / method overall Hit@1

Specialist recipe MiniLM-class 22M, full FT 0.742± 0.008
Top-2-layers FT MiniLM-class 22M 0.688± 0.022
LoRA 𝑟=16 MiniLM-class 22M 0.649± 0.026
LoRA 𝑟=8 MiniLM-class 22M 0.640± 0.026

Larger backbone, full FT open 110M encoder 0.674± 0.026
Larger backbone, LoRA 𝑟=16 open 110M encoder 0.685± 0.052
Second family, full FT open 33M encoder 0.658± 0.017

Objective ablation 22M full FT, cosine loss 0.548± 0.020

the catalog-growth setting it holds overall Hit@1 near 0.81 and real-question Hit@1 near 0.73 every

week, above every standalone model (Table 3). We nonetheless keep it out of the central contribution,

because fusion calls the general embedder on every query and so gives back the frugality that motivates

the whole approach. The right way to capture most of its benefit cheaply is a lightweight learned gate

that spends a general-embedder call only on the queries that need it, which we discuss in Section 6.

Adaptation method, objective, and backbone. Table 4 reports the recipe ablations. They were

run on the 89-question development benchmark that guided recipe design (same corpus construction

and held-out-skill arm, an earlier catalog snapshot; 75 seen / 14 unseen questions), so we use them for

relative comparisons and keep the leakage-hardened 308-question protocol for the headline numbers.

Three findings. First, the backbone comparison is now fine-tune versus fine-tune, and bigger still does

not win: the 110M encoder fully fine-tuned on the same pairs reaches 0.674± 0.026, below the 22M

specialist’s 0.742± 0.008, and a 33M sibling from a second open family lands between (0.658± 0.017).

Zero-shot, the same 110M encoder manages only 0.357 on the main benchmark (Table 2), so neither

scale alone nor scale plus adaptation beats the small specialist here. Second, adaptation method: LoRA

at rank 8 or 16 gives up 0.09–0.10 of overall Hit@1 against full fine-tuning at this model scale, and

fine-tuning only the top two layers recovers part of that gap (0.688 ± 0.022); at 22M parameters,

full fine-tuning is both affordable and the accuracy choice, which is why LoRA is the frugal fallback

rather than the default. Third, the objective: this ablation is anchored on the best model, holding the

specialist’s backbone, full fine-tune recipe, data, and all five seeds fixed and changing only the loss.

Replacing the in-batch ranking objective with a cosine-embedding regression loss costs 0.19 overall

Hit@1 (0.742 ± 0.008 → 0.548 ± 0.020, five seeds each; the gap is nearly ten times the larger seed

band): regressing each pair’s similarity in isolation never teaches the encoder to rank the correct skill

above its near-siblings, which is precisely the argmax competition routing runs, so a ranking loss is the

right match for the decision. The specialist recipe is also the most seed-stable arm in the table (sample

standard deviation 0.008 over five seeds, versus 0.017–0.052 for the others).

Coverage verdicts, measured. Section 3 formalizes the coverage decision through the margin 𝑚𝜃

and a thresholded verdict map; we report its measurement here. On a 76-item coverage benchmark

with human verdict labels (thresholds calibrated per encoder on a disjoint 51-item set), an adapted

encoder from our recipe reaches accuracy 0.684 with Cohen’s 𝜅=0.42; the single-prompt frontier

LLM reaches 0.645 with 𝜅=0.50; and even a calibrated lexical TF–IDF margin reaches 0.684 with

𝜅=0.41. The reading is that coverage is threshold-dominated: after per-model calibration, the choice of

encoder moves verdicts far less than it moves routing, which is why routing Hit@1 is our discriminating



metric and why we treat coverage thresholds as deployment configuration to recalibrate per encoder

(Section 6).

Frontier LLM and the frugality frontier. We benchmark a frontier instruction-tuned LLM as a

direct router over the production catalog using a single fixed prompt. It reaches routing Hit@1 0.528,

within noise of the general embedder and below the specialist. Because this is a single-prompt baseline,

we read it as a lower bound on what prompt engineering could reach and restrict the comparison to

routing Hit@1, but the economic point is prompt-independent and is the main one. The three options

sit at distinct per-decision cost tiers, and we anchor each tier with a measurement or a public list price.

The specialist routes a query in a measured 8.1ms median (𝑝90 8.9ms) on an 8-thread commodity

CPU at batch size one, including the argmax over the 43-skill index, after a one-time 0.34 s index

build; its marginal cost is zero. The general embedder is a metered embedding-API call on every query;

representative public list prices for embedding APIs are $0.02–$0.13 per million tokens
1
, tiny per call

but metered, rate-limited, and paid on every routed question at fleet scale. The frontier LLM pays

per token on a prompt that must carry the catalog: our fixed router prompt is ∼2.8k input tokens

(the 43-skill catalog text plus the question and instructions) with ∼25 output tokens, about $0.014 per

routing decision at current public frontier list prices ($5 input / $25 output per million tokens)
2
, four

to five orders of magnitude above one embedding call. The cost we deliberately do not meter is the

one-time curation of the 4,743 typed pairs from existing artifacts: it is real, it is human effort rather

than API spend, and the data-scale curve (Figure 2b) is what prices it in accuracy terms. Figure 4 places

routing accuracy against the cost axis: the specialist occupies the high-accuracy, no-marginal-cost

corner, while the metered general embedder and the frontier LLM sit at higher cost and lower routing

accuracy.

Integration proof-of-concept. To confirm the gain survives outside our own harness, we substitute

an adapted encoder from our recipe into the real index-construction and routing code of a production

LLM-as-judge evaluation framework, at its documented configuration seam, with no host-side changes;

the test is an offline replay, not a live deployment. On the production catalog in place at the time of

that test (21 skills, 𝑛=89 questions), the adapted encoder lifts Hit@1 from 0.517 (95% CI [0.43, 0.63])
for the general embedder to 0.742 ([0.65, 0.83]; Hit@3 0.888, Hit@5 0.921), and running that same

encoder through the host’s own index reproduces its standalone score to four decimal places, so the

integration itself adds no distortion. The intervals do not overlap, so the gain is statistically separable

and attributable to the embedder rather than the harness. Our headline 22M specialist, scored standalone

on the same 89 questions, reaches 0.775 Hit@1, while a single-prompt frontier LLM routes at only

0.528. A per-skill analysis found that the few consistently-failing skills trace to stale gold labels (a

newer, more specific skill now answers the question) or genuine sibling collisions that every embedder

confuses, rather than to the adaptation, and no skill regressed from the general embedder to the adapted

encoder.

6. Discussion and Limitations

Our results support a simple thesis: for the retrieval substrate of agentic e-commerce systems, the most

cost-effective intervention is a small, domain-adapted encoder rather than a larger general model or a

frontier LLM. Because the model is tiny, even full fine-tuning is cheap enough to repeat as the domain

evolves, and the continual-learning recipe turns that into a routine weekly update that keeps the router

current at roughly half the cost of retraining.

1

Representative public list prices for commercial embedding APIs as of August 2026, cited as anchors for the cost tier rather

than as any specific production vendor’s terms.

2

Public frontier-model list pricing as of August 2026, same caveat as above.
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is a log scale of three cost tiers ordered by operation type; tier positions, not exact prices, carry the argument,
and each tier is anchored in the text by a measurement or a public list price: a local CPU forward pass (measured
8.1ms median, zero marginal cost), a single metered embedding-API call (public list prices $0.02–$0.13 per
million tokens), and a full autoregressive LLM decision (∼2.8k prompt tokens, ≈$0.014 at public list prices).
The specialist sits at the top of the lowest-cost tier, higher in routing accuracy than the metered options while
incurring no per-call cost.

Reconciling frugality with the unseen-skill gap. The clearest tension in our results is that the

specialist wins in distribution but trails the general embedder on genuinely unseen skills, and that the

fusion that fixes this reintroduces a per-query general-embedder call. We see the resolution as a learned
gate rather than always-on fusion: a lightweight classifier, itself small, that decides per query whether

the specialist can answer alone (the common in-distribution case, served locally at no marginal cost) or

whether the query is novel or messy enough to justify a general-embedder call and a fused decision.

This preserves the budget win on the majority of traffic and spends only where accuracy demands it.

Building and evaluating that gate is our main line of future work, and it is the reason we report fusion

as an upper-bound ablation rather than the headline.

Limitations. We state them plainly. Scale and power : the benchmarks are modest (𝑛=308 for the static

split, growing to 379 in the final round of the continual-learning evaluation), and the out-of-distribution

arm in particular shifts with which skills are held out, so the robust signals are the per-model deltas

on a fixed arm rather than any single absolute number. Label provenance: gold routes come from an

LLM annotator that agrees with human labels at micro-F1 0.63 (exact) to 0.69 (rename-normalized), so

absolute Hit@1 carries label noise of about that size; every model is scored against the identical gold,

so the rankings are unaffected. Directionally, annotator error that is independent of the models deflates

every arm’s absolute Hit@1, since a correct route can be scored as wrong; inflation of a particular arm

would require the annotator’s errors to correlate with that model’s errors. The plausible correlation

runs through shared surface-lexical bias, which would, if anything, favor the general-purpose arms over

the contrastively separated specialist, so we read the reported deltas as conservative. Multi-rater human

gold is the durable fix and is on the future-work list. Synthetic supplement: some continual-learning



evaluation questions are model-generated for coverage of new and real-sparse skills, so we report the

real-question arm separately and treat it as the production-critical metric. Frontier-LLM comparison:

it uses a single fixed prompt, so it bounds rather than settles the model’s capability. Coverage and
single-domain scope: the measured coverage verdicts (Section 5.4) are threshold-dominated, so coverage

thresholds are model-specific deployment configuration: they must be recalibrated per encoder rather

than read as a fine-tuning effect, and replacing that manual recalibration with an automated procedure is

itself future work. The evidence is one operational domain, so per-vertical gains remain to be measured

even though the construction method is general.

Reproducibility scope. The training recipe is fully specified: the objective, optimizer, LoRA configu-

ration, sequence length, learning rates, epochs, and temperature contain nothing proprietary. Under

proprietary constraints we cannot release the corpus content or the identity of the production backbones,

so the exact numbers are not independently replicable from this paper alone. We therefore release

the dataset-construction methodology and sanitized exemplars; the recipe transfers to any in-domain

corpus, and the specific figures should be read as evidence for the method rather than as a public

benchmark.

7. Conclusion

We presented a frugal, domain-adaptive recipe for the skill-routing layer beneath agentic and LLM-as-

judge e-commerce systems, in the two forms a deployed system needs. The static recipe constructs a

leakage-free corpus of typed contrastive pairs and fully fine-tunes a small open-source encoder, lifting

overall routing Hit@1 from 0.474 (a production general embedder) to 0.656 and in-distribution Hit@1

to 0.746 over a compact 384-d index at no marginal cost, a statistically separable gain delivered in a

measured 8ms median CPU decision, while trailing the general embedder only on genuinely unseen

skills. The continual-learning recipe keeps that same small encoder current as the catalog grows from

23 to 43 skills, holding overall Hit@1 near 0.76 with warm-start plus a 30% replay buffer, matching a

full retrain at about half the compute and avoiding catastrophic forgetting. Dropped into a production

evaluator’s real retrieval code with no host-side changes, an adapted encoder lifts routing Hit@1 from

0.517 to 0.742 over the general embedder, and the small specialist outperforms a single-prompt frontier

LLM at zero marginal cost. For teams building agentic e-commerce systems, specializing the embedding

layer is a practical and inexpensive improvement. Future work is a lightweight learned gate that

captures the fusion upper bound while spending a general-embedder call only when a query needs it,

together with multi-rater labels and a compact domain-aware judge model to complement the encoder.
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