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Abstract

Search boxes increasingly function as routing interfaces: a partial query may require a completion,
immediate submission, a context-sensitive suggestion, or a fallback action. This paper evaluates
IntentRouter-QAC as a lightweight lexical routing framework and tests product retrieval independently.
Five mutually exclusive operational outcomes are derived within the 20,000-row AmazonQAC test file and
evaluated with a strict session-disjoint temporal split; product-query provenance is not used as a route
class. Across five seeds, the combined word/character TF-IDF router reached 0.473 mean accuracy (SD
0.031) and 0.330 mean macro-F1 (SD 0.018), indicating uneven performance across routes. On the 951-
row temporal test set, context-nearest completion achieved 0.033 Success@l10 and 0.025 MRR@10,
compared with 0.029 and 0.023 for confidence-gated routing. The paired MRR@10 difference was 0.002
(95% CI -0.007 to 0.010; Holm-adjusted p = 1.000). Product retrieval on 480 WANDS queries and 42,994
products produced a different pattern: a word/character lexical hybrid reached 0.690 nDCG@10 and
0.504 Exact-MRR@10, significantly exceeding the title-only baseline on both measures. Route-aware
decision-making is therefore useful as an architectural separation of entry actions, but it does not
automatically improve exact autocomplete ranking over a strong session-context baseline.

Keywords: Query Autocomplete, Session Context, Search-Entry Routing, Lightweight Lexical
Classification

L. INTRODUCTION

Modern search entry points are no longer passive text boxes. In web and e-commerce systems,
the entry layer decides whether to continue suggesting completions, submit the current text, use
recent session context, or fall back to a broader search. Product relevance is a related downstream
task, but it is not itself an operational completion route. This distinction is consistent with classic
information-retrieval views of navigational, informational, and transactional intent (Broder, 2002;
Rose & Levinson, 2004). In e-commerce, the same interface connects to product classification,
personalized recommendation, and next-purchase prediction, where compact user and item
representations can turn short behavioral traces into product decisions (Lu & Zhou, 2023; K. Xu
et al., 2024; Xin, 2026b). Query-log research likewise shows that sequential behavior contains
information that a single short query cannot expose (Joachims, 2002; Radlinski & Joachims,

2005).

Query autocomplete predicts the final query before submission, but many prefixes are short,
underspecified, or ambiguous. Context-sensitive query auto-completion can therefore use recent
queries to improve candidate selection (Bar-Yossef & Kraus, 2011), while broader surveys
identify prefix matching, candidate generation, ranking, personalization, and latency as the core

design dimensions (Cai & de Rijke, 2016). Large models expand the available semantic signals,
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and teacher-student knowledge distillation can transfer such behavior when teacher outputs and a
defined transfer objective are available (Hinton et al., 2015; X. Xu et al., 2024). The present study
does not implement that protocol: it evaluates a transparent TF-IDF and linear-classification
baseline over observed query-log fields. Evidence controls remain relevant because generated or
reranked suggestions can detach from catalog, log, or session evidence; lightweight hallucination
firewalls and evidence-chain RAG studies offer useful patterns for source consistency and

provenance (C. Li et al., 2023, 2024; Jin, 2025a).

This study asks two questions. First, how reliably can a low-latency lexical classifier distinguish
five operational autocomplete outcomes under source-controlled, session-disjoint temporal
validation, and does confidence-gated routing improve exact completion ranking over context-
nearest retrieval? Second, how well do simple lexical product retrievers perform on independently
judged customer queries? AmazonQAC provides naturalistic prefixes, final search terms,
timestamps, session identifiers, and past search terms (Everaert et al., 2024). WANDS supplies
historical customer queries, a full product catalog, and human relevance judgments (Chen et al.,
2022). The metadata-generated Amazon Search Benchmark serves only as a contextual contrast
between synthetic query generation and independent relevance assessment; it is not used to define

routes or produce the reported metrics (ApexLearningCurve, 2024).

The paper makes four contributions. It formalizes five mutually exclusive post-hoc operational
routes from a single query environment, including normalization, thresholds, conflict priority, and
examples. It evaluates word, character, and combined TF-IDF representations with a class-
balanced linear classifier across repeated seeds and reports class-level error patterns. It compares
exact autocomplete strategies with session-cluster confidence intervals and paired tests. Finally,
it evaluates title, metadata, and hybrid lexical retrieval on WANDS with query-bootstrap intervals
and paired randomization tests. Strong lexical baselines remain important for fast and
interpretable retrieval (Robertson & Zaragoza, 2009), and the route-first decomposition parallels
broader work that separates action selection, failure analysis, and confidence before downstream

execution (C. Li et al., 2026; Zhong et al., 2026).

The results separate architectural usefulness from ranking effectiveness. The combined router
improves over word-only and character-only models, but its five-seed macro-F1 is 0.330 and the
context-aware route remains particularly difficult. Context-nearest completion obtains the highest
exact MRR@10, while confidence-gated routing is slightly lower and not significantly different.
Candidate coverage is below 6.4% even for the shortest prefix bucket after context augmentation,
which limits all retrieval-only completion methods. On WANDS, richer lexical representations

significantly improve ordering quality, although Recall@10 and Hit@10 gains are not statistically
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reliable. These findings support modular routing and retrieval, while cautioning against treating

a route classifier as an automatic improvement to exact autocomplete ranking.

II. LITERATURE REVIEW

Search intent has long been treated as a central variable in retrieval systems. Broder (2002)
organized web search around broad intent classes, and Rose and Levinson (2004) refined the idea
that search goals shape system behavior. In an e-commerce entry box, these classic categories
translate into operational routing decisions: a complete product query can move directly to
retrieval, an incomplete prefix needs autocomplete, and a repeated session topic benefits from
context. Clickthrough and query-chain work also established that search behavior is sequential,

not isolated (Joachims, 2002; Radlinski & Joachims, 2005).

Query autocomplete research builds on this sequential view. Bar-Yossef and Kraus (2011)
showed that recent queries improve completions for short prefixes, and Cai and de Rijke (2016)
summarized the field around candidate generation, ranking, and context. AmazonQAC
strengthened this line of research by providing a naturalistic resource with prefixes, final search
terms, timestamps, session identifiers, and past search terms (Everaert et al., 2024). Its official
20,000-row test period follows the much larger training period, enabling temporal evaluation
rather than a random split of repeated sessions (Amazon, 2024). Realistic evaluation therefore

requires both the prefix-to-final-query relation and careful control of session dependence.

The second literature stream is product-aware search. Traditional lexical retrieval methods,
especially BM25, remain strong because short queries often share exact tokens with titles,
categories, or product attributes (Robertson & Zaragoza, 2009). Language-model approaches to
retrieval connect query likelihood and document text in a way that remains useful for product
matching (Ponte & Croft, 1998), while neural retrieval and transformer-based ranking learn richer
matching functions (Devlin et al., 2019; Reimers & Gurevych, 2019). Retrieval-augmented
generation further showed the value of grounding generation in retrieved evidence (Lewis et al.,
2020), and product-aware query completion applies catalog grounding to e-commerce
suggestions (Sun et al., 2024). WANDS complements these methods with historical customer
queries and human relevance judgments for Exact, Partial, and Irrelevant matches (Chen et al.,
2022). Recent e-commerce studies extend retrieval into customer representation, product
classification, recommendation, reranking, and explanation (Lu & Zhou, 2023; K. Xu et al., 2024;
Xin, 2026b; Chang et al., 2023; X. Chang et al., 2026; Xin, 2026a). Together, this work motivates

evaluating product retrieval separately from operational autocomplete routing.

Product search also has a user-interface dimension. LLM-style recommendation cards and

scientific-search evidence cards both emphasize that ranked results should expose evidence
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hierarchy, source attribution, and confidence rather than only outputting a final recommendation
(B. Zhang et al., 2025; Jin, 2025b). For a search entry box, the analogous interface need not
display a full explanation at every keystroke, but its logs and debugging tools should retain the

route evidence, candidate source, and confidence used to produce a suggestion.

A third literature stream concerns model compression and distillation. Hinton et al. (2015)
formalized the teacher-student framework for transferring knowledge from a larger model to a
smaller one. Transformer research created powerful encoders and sequence models (Vaswani et
al., 2017; Devlin et al., 2019), and their cost motivated compact alternatives. DistilBERT used
distillation during pretraining (Sanh et al., 2019), TinyBERT transferred transformer behavior at
general and task-specific stages (Jiao et al., 2020), and compact-model work showed that
pretraining remains valuable for small students (Turc et al., 2019). Surveys now cover the transfer
of reasoning, alignment, and domain behavior from large language models (X. Xu et al., 2024),
while production research treats cost, latency, and workload placement as first-class constraints
(Xin, 2025). Accordingly, the TF-IDF linear model is described as a lexical classifier because it

receives no teacher outputs.

Query understanding is a plausible target for true distillation because queries are short and
latency-sensitive. QUILL combined retrieval augmentation with multi-stage distillation for
query-intent understanding (Srinivasan et al., 2022). Here, the research question is narrower: how
far can an efficient lexical router go when it is trained only on operational labels derived within
AmazonQAC? The Amazon Search Benchmark offers paired short and long queries generated
from target product metadata (ApexLearningCurve, 2024), but that provenance makes it better
suited to illustrating synthetic-query conditions than to supervising an operational route. Work on
conversational text-to-SQL and code intelligence similarly separates evidence retrieval, task
feedback, and explanation, supporting route choice as an observable intermediate decision (Y. Li,

2023, 2024).

The unresolved connection among these streams is at the search-entry boundary. Query
autocomplete predicts the final query, product retrieval ranks catalog items for a submitted query,
and model compression reduces inference cost. IntentRouter-QAC treats route selection,
completion ranking, and product retrieval as separate measurable layers. The router distinguishes
five operational outcomes within one query environment; autocomplete methods use prefix and
session evidence; and WANDS provides an independent product-retrieval test. This separation

prevents a model from treating dataset provenance as a semantic class.

Reliability-oriented RAG work also motivates fallback and confidence gating. Evidence-

calibrated unanswerable QA, budgeted multi-hop retrieval, trust-calibrated multilingual RAG,
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and ambiguity-aware log-anomaly narratives all prefer abstention or selective action when
retrieval coverage is weak or evidence is inconsistent (Y. Chen & Xu, 2026; Nie & Zheng, 2023;
Su et al., 2025; Zhong, Chen, et al., 2025). FALLBACK SEARCH is not a safety refusal in this
study; it is an operational outcome indicating that the submitted query no longer follows the
observed prefix. Confidence gating applies the broader principle conservatively by allowing route

control only above a development-selected threshold.

Latency and interpretability motivate a shallow lexical classifier at the entry point. The search
box receives every keystroke, so its first decision must be made with very little text and a bounded
response time. Linear classifiers over word and character n-grams provide efficient and
inspectable text decisions (Joulin et al., 2017). Unlike DistilBERT and TinyBERT, which are
neural students trained with distillation objectives (Jiao et al., 2020; Sanh et al., 2019), the model
evaluated here is neither generative nor teacher-trained. A transformer reranker could still be

added after candidate generation without changing that first-stage definition.

Session context can improve short-prefix ranking while raising privacy and evaluation concerns.
Federated topic-preference learning and privacy-robust incrementality estimation suggest ways
to limit raw-history exposure and to evaluate decisions made from biased behavioral logs (Bai et
al., 2026; Kuo et al., 2025). In this study, recent search terms are used only as bounded within-
session features; no persistent user profile is constructed. The remaining safeguards and

limitations of timestamped query sequences are specified in the methods.

III. RESEARCH METHOD

Table 1 summarizes the three public resources considered and their distinct roles. Measured
autocomplete and route results come from the official 20,000-row AmazonQAC test file, whose
seven fields are query id, session id, past search terms, prefix, prefix typed time,
final search term, and search time (Amazon, 2024; Everaert et al., 2024). Product retrieval is
evaluated on WANDS, which contains 480 historical customer queries, 42,994 products, and
233,448 relevance judgments (Chen et al., 2022). The Amazon Search Benchmark is used only
to characterize the easier target-derived query condition discussed in the limitations
(ApexLearningCurve, 2024). Text normalization applies Unicode NFKC, case folding,

replacement of non-alphanumeric characters with spaces, and whitespace collapse.

AmazonQAC is distributed as de-identified behavioral data; its data card reports regex- and
model-based removal of personally identifiable information and a minimum recurrence rule for
retained search terms (Amazon, 2024). Session identifiers are used only to group and order events,
timestamps only to enforce chronology, and at most five recent terms are retained for each row.

No attempt is made to identify users or construct cross-session profiles. One isolated normalized
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query transition is reported for each labeling rule without session identifiers; all other results are
aggregated. Timestamped histories can nevertheless remain sensitive because repeated sequences

and quasi-identifiers may permit linkage across records (Pamies-Estrems & Garcia-Alfaro, 2023).

Table 1. Dataset inventory and experimental role

Dataset Scale Field Used Role In This Study
AmazonQAC 20.000 query- Prefix, final query, up to Five-route construction, candidate
completion events five recent terms, coverage, and exact QAC
session/time fields
WANDS 480 queries, 42.994 Query, title, product class, Independent product retrieval

products, 233.448 category hierarchy, with human judgments
judgments relevance
Amazon Search 20.373 product records Short query, long query, Scope comparison for metadata-
Benchmark target product text generated queries, excluded from

route labels

A strict session-disjoint temporal partition was constructed within the October 1-14 file. Sessions
ending before October 11 form training; sessions wholly contained on October 11-12 form
development; and sessions beginning on or after October 13 form testing. Sessions crossing either
boundary were excluded so that no identifier appears in more than one partition. As Table 2
reports, this yields 7,223 training rows from 3,425 sessions, 1,329 development rows from 852
sessions, and 951 test rows from 640 sessions; 10,497 boundary-crossing rows are excluded. The

intersection of session identifiers among retained partitions is zero.

Table 2. AmazonQAC temporal split and full-file statistics

Scope Rows Sessions UTC period / description
Full file 20,000 6,679 Oct. 1-14, 2023; 16,667 final queries; 14,921 prefixes
Training 7,223 3,425 Oct. 1 00:11-Oct. 10 23:58; sessions end before Oct. 11
Development 1,329 852 Oct. 11 00:04-Oct. 12 23:57; sessions contained in window
Test 951 640 Oct. 13 00:03-Oct. 14 23:59; sessions begin on/after Oct. 13
Boundary-crossing 10,497 1,762 Excluded to preserve chronology and zero session overlap

Product retrieval uses all 480 WANDS queries against the full 42,994-product catalog. Repeated
query-product judgments are collapsed by retaining the maximum relevance gain; this converts

233,448 raw labels into 231,873 unique judged pairs and resolves 14 conflicting repeats.

Table 3 gives the WANDS statistics used in the evaluation.

Statistic Value
Queries 480
Products 42,994
Raw relevance judgments 233,448
Unique judged query-product pairs 231,873
Raw Exact / Partial / Irrelevant labels 25,614 /146,633 / 61,201
Query classes / product classes 188 / 860
Category hierarchies 1,623
Mean normalized query tokens 3.381
Contflicting repeated pairs 14; resolved by maximum gain

WANDS relevance gains are 2 for Exact, 1 for Partial, and 0 for Irrelevant. Exact or Partial labels
count as relevant for Recall@10 and Hit@10, whereas Exact alone defines Exact-MRR@10.
Unjudged query-product pairs receive gain zero. These choices follow the three-level WANDS

(Vi
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judgments and preserve the distinction between retrieving a broadly relevant item and ranking an

exact match first (Chen et al., 2022).

Table 4. Operational route rules, examples, and training distribution

Training n

Route (priority) Deterministic condition (%)
(]

Normalized training transition

f starts with p; p=f, or r>0.80 and

DIRECT_SEARCH (1) <3 characters remain

703 (9.7%) dishwasher — dishwasher

Non-exact f; f/h containment large travel — large travel
CONTEXT_AWARE_SU (shorter>4 characters) or token 1,109 (15.4%) | backpack for men; recent: travel
GGEST (2)

overlap>0.67 backpack
FALLBACK SEARCH f does not start with p 1,336 (18.5%) halloyveen wil — halloween
3) hanging ghost
AUTOSUGGEST (4) Remaining prefix-consistent 3,513 (48.6%) | wo — womens scrunch boot socks

row; |p|<4 or r<0.60

REFINEMENT SUGGES | All remaining prefix-consistent o womens cowboy — womens
562 (7.8%)
T (5) rows cowboy boots

Five mutually exclusive post-hoc operational outcome labels are derived from the normalized
prefix (p), final query (f), and up to five recent browsing history terms (H). The prefix ratio is
defined as r =| p |/| f |, while token overlap between the final query and a history term his
calculated as the size of the token intersection divided by the size of the smaller token set. The
labeling procedure follows the priority order summarized in Table 4. An interaction is labeled
DIRECT _SEARCH when the final query begins with the prefix and either exactly matches it
(p = f) or satisfies both r = 0.80and a maximum extension of three additional characters. If this
condition is not met, the interaction is assigned CONTEXT _AWARE SUGGEST when the final
query differs from the prefix and exhibits a strong contextual relationship with at least one history

term.

Specifically, this relationship is established when one string contains the other and the shorter
string is at least four characters long, or when the token overlap is at least 0.67, provided that both
the final query and the history term contain at least two tokens. Interactions in which the final
query does not begin with the prefix are classified as FALLBACK SEARCH. For the remaining
prefix-consistent interactions, AUTOSUGGEST is assigned when the prefix length does not
exceed four characters or the prefix ratio is no greater than 0.60. All remaining cases are labeled
REFINEMENT_ SUGGEST. When browsing history is unavailable, the token-overlap value is
defined as zero. Because the decision rules are evaluated sequentially, the first satistfied condition

uniquely determines the final outcome label, ensuring deterministic conflict resolution.

The corresponding pseudocode is as follows. First, the prefix (p), final query (f), and browsing
history (H) are normalized, and the prefix ratio is computed as r =| p |/| f |. If the final query
begins with the prefix and either p = for (r = 0.80 Al f | —| p I< 3), the interaction is labeled
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DIRECT _SEARCH. Otherwise, if the final query differs from the prefix and satisfies the

strong_context match criterion with the browsing history, the interaction is assigned
CONTEXT _AWARE SUGGEST. If the final query does not begin with the prefix, the
interaction is classified as FALLBACK SEARCH. When the prefix length is at most four
characters or the prefix ratio is no greater than 0.60, the interaction is labeled AUTOSUGGEST.
All remaining interactions are assigned REFINEMENT SUGGEST.

The function strong context match implements the containment and token-overlap criteria
defined previously, while the ordered sequence of decision rules ensures deterministic conflict
resolution when multiple conditions could apply. Importantly, the final query is used exclusively
for retrospective label generation and is never included as an input feature during model training
or inference, thereby preventing target leakage. Table 4 summarizes the complete training
distribution together with one representative normalized training transition for each routing rule.
Finally, product-query provenance is intentionally excluded as a routing label because combining
source identity with operational outcomes could encourage the classifier to exploit source-specific
lexical correlations rather than learning the intended routing behavior (Wang & Culotta, 2020).

Instead, product relevance is evaluated independently through the WANDS experiment.

Four routing classifiers are evaluated to assess the effectiveness of the proposed query-routing
framework. The first is a deterministic heuristic baseline that relies on four handcrafted features: the
number of training candidates, the maximum prefix—history overlap, prefix length, and prefix token
count. The second model is a word-level representation based on TF—IDF word unigrams and bigrams,
with a vocabulary limited to 8,000 fitted features. The third employs a character-level TF—IDF
representation using within-word character 3—5-grams, with a maximum of 12,000 fitted features. The
proposed IntentRouter-QAC integrates both lexical representations by concatenating them with six
additional numerical features: the logarithm of prefix length, prefix token count, the logarithm of
context count, maximum prefix—history token overlap, a binary prefix—history substring indicator, and

the logarithm of the training-candidate count.

To prevent data leakage, all feature representations are fitted exclusively on the training partition
before being applied to the validation and test sets. Each feature representation is subsequently
classified using a class-balanced linear stochastic gradient descent (SGD) logistic regression model
with L2 regularization, a regularization coefficient of @ = 107>, a maximum of 5,000 optimization
iterations, and a convergence tolerance of 10™*. Model stability is assessed using five independent
random seeds (13, 23, 42, 73, and 101) to quantify fitting variability. As summarized in Table 4,
evaluation emphasizes both macro-F1 and per-route performance, since overall accuracy alone may
obscure deficiencies in minority routing classes, particularly under imbalanced class distributions (Y.

Chen et al., 2023; Jin et al., 2024a, 2024b; Zhong et al., 2023).
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Autocomplete is evaluated on the 951-row AmazonQAC test partition with Success@]1, Success@5,
Success@10, MRR@10, and top-1 token F1. Echo prefix returns the typed prefix; global popularity
returns frequent training outcomes; and prefix popularity retrieves training outcomes that begin with
the prefix. Context-nearest completion adds recent terms that begin with the prefix to the prefix-
consistent training pool and ranks each candidate q by log(1 + training frequency(q)) + 1.50 times its
maximum token-overlap coefficient with a recent term + 0.40 times a containment indicator; ties are
resolved by training frequency and then alphabetically. At route confidence below 0.50, the
confidence-gated method defaults to context-nearest completion. At or above 0.50,
DIRECT SEARCH  prepends the typed prefix to  prefix-popularity candidates,
CONTEXT AWARE SUGGEST uses context-nearest completion, FALLBACK SEARCH places
the most recent terms before globally popular outcomes, and AUTOSUGGEST or
REFINEMENT SUGGEST uses prefix popularity. Threshold 0.50 maximized development
MRR@]10. Table 5 reports whether the gold final query is available before ranking, both in the

training-query pool and after recent-context augmentation.

Uncertainty is estimated at the dependency level. AmazonQAC confidence intervals use 2,000
session-cluster bootstrap samples, and paired autocomplete comparisons use 20,000 two-sided
session-cluster permutations with Holm correction. Route models are also summarized across five
fixed seeds. WANDS intervals use 10,000 query bootstrap samples, and model differences use
100,000 paired query-level sign-flip permutations with Holm correction within each metric. This
choice of paired and clustered units follows guidance that statistical tests should match both the
evaluation measure and the dependence structure (Dror et al., 2018). The log-based autocomplete
comparison remains an offline benchmark rather than a causal estimate of user utility; policy changes
would require conservative off-policy or incrementality evaluation (Bai et al., 2026; Lu et al., 2024;

Mu et al., 2023, 2025; Ye et al., 2026).

Table 5. Candidate coverage by normalized prefix length

Prefix Training-quer Context- Mean trainin Mean

Rows g-query augmented . g augmented
characters coverage candidates .

coverage candidates

1-4 299 0.033 0.064 99.328 99.559

5-8 225 0.018 0.036 3.524 3.667

9-12 172 0.012 0.017 1.087 1.163

13-16 125 0.008 0.016 0.048 0.224

17+ 130 0.000 0.015 0.015 0.169

For WANDS retrieval, title-only TF-IDF uses word unigrams and bigrams; the metadata index adds
product class and category hierarchy; and the hybrid score combines the metadata-word score (weight

0.70) with title character 3-5-gram similarity (weight 0.30). Metrics are nDCG@10, Recall@10,
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Exact-MRR@10, Hit@10, and single-process latency after index construction. Figure 1 shows the

complete pipeline, with AmazonQAC operational routing separated from WANDS product relevance.

Source-controlled evaluation pipeline
Operational routing and query autocomplete

NFKC normalization Five route labels Route and QAC metrics
23'3:?’:3;:;5 —> Session-disjoint —> Lexical router —> Session bootstrap/tests
' temporal split Candidate methods Latency

Independent product-retrieval branch

WANDS. Judgment cleanup Title / metadata / pRCCHRECaILIExacEMRRANIE
480 queries - Full-catalog setu | hybrid lexical indexes | Query bootstrap
42,994 products )y Y Paired tests

Figure 1. Experimental pipeline separating AmazonQAC route and autocomplete evaluation from WANDS
product retrieval

Training route-label distribution

3500 -

3000 -

2500 A

2000 A

Rows

1500 A

1000 A

500 A

AUTO CONTEXT DIRECT FALLBACK REFINE

Figure 2. Training distribution of the five AmazonQAC operational routes

IV. RESULT AND DISCUSSION

A. Result
The full AmazonQAC file contains 16,667 unique normalized final search terms and 14,921
unique normalized prefixes. The mean prefix length is 9.20 characters, the mean final-query

length is 3.34 tokens, and the mean retained context is 3.92 recent terms; 76.2% of final queries
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start with the prefix and 3.84% are already complete. Table 2 adds the exact temporal split and
session counts. Before duplicate resolution, the 233,448 WANDS judgments comprised 25,614
Exact, 146,633 Partial, and 61,201 Irrelevant labels; maximum-gain resolution yielded 231,873
unique query-product pairs, as summarized in Table 3. Table 4 shows a materially imbalanced
route distribution: AUTOSUGGEST accounts for 3,513 of 7,223 training rows (48.6%), whereas
REFINEMENT SUGGEST accounts for 562 (7.8%). Figure 2 visualizes all five route counts. Every

route comes from the same AmazonQAC environment, and product-query provenance is not defined

as a class.
Table 6. Route classification performance on the AmazonQAC test partition

Model Accuracy Macro-F1 Weighted-F1
Heuristic (deterministic) 0.416 [0.383, 0.450] 0.239[0.217, 0.262] 0.408 [0.375, 0.442]
Word n-gram, seed 42 0.334[0.302, 0.365] 0.207 [0.180, 0.234] 0.341 [0.309, 0.374]
Character n-gram, seed 42 0.35210.319, 0.387] 0.229[0.201, 0.259] 0.360 [0.326, 0.397]
Combined lexical, seed 42 0.455[0.423, 0.489] 0.320[0.287, 0.354] 0.472[0.438, 0.507]

Combined lexical, five seeds 0.473 £0.031 0.330+0.018 0.482+0.017

Table 6 reports both primary-seed confidence intervals and five-seed variability. At seed 42, the
combined lexical router achieved 0.455 accuracy (95% CI 0.423-0.489), 0.320 macro-F1 (0.287-
0.354), and 0.472 weighted-F1 (0.438-0.507). Across five seeds, its means were 0.473 accuracy (SD
0.031), 0.330 macro-F1 (SD 0.018), and 0.482 weighted-F1 (SD 0.017). These values exceed the
word-only, character-only, and deterministic baselines, but the macro-F1 remains too low to describe

five-route prediction as broadly reliable.

Table 7. Per-route precision, recall, and F1 for the combined lexical router

Route Precision Recall F1 Support
Autosuggest 0.763 0.625 0.687 499
Context-aware suggest 0.444 0.121 0.190 132
Direct search 0.194 0.313 0.240 67
Fallback search 0.225 0.371 0.280 175
Refinement suggest 0.174 0.244 0.203 78

Table 7 shows substantial variation by route. AUTOSUGGEST has the highest F1 at 0.687, while
CONTEXT AWARE SUGGEST has the lowest at 0.190; DIRECT SEARCH,
FALLBACK SEARCH, and REFINEMENT SUGGEST obtain F1 values of 0.240, 0.280, and
0.203. Figure 3 shows the confusion matrix. The largest off-diagonal errors are AUTOSUGGEST to
FALLBACK SEARCH (118 rows), CONTEXT AWARE SUGGEST to FALLBACK SEARCH
(50), and FALLBACK_SEARCH to AUTOSUGGEST (42). The pattern suggests that prefix and
shallow history features often cannot separate behaviorally defined actions that share similar surface

forms.
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Figure 3. Confusion matrix for the combined lexical router on the 951-row test partition
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Candidate availability is a severe constraint on exact autocomplete. As Table 5 reports, the training-
query pool contains the gold final query for 3.34% of 1-4 character prefixes, and recent context raises
coverage to 6.35%. For the 17+ bucket, base coverage is zero and context-augmented coverage is
1.54%. Figure 4 shows that both sources decline with prefix length, while the context pool provides a
consistent but small absolute gain. These values are computed only from the temporally prior training

partition, so unseen and shifted queries remain unrecoverable by a retrieval-only candidate generator.

Table 8. Autocomplete results on the AmazonQAC temporal test partition

Method S 1 S 5 S 10 MRR@10 Top-1 token F1 Latency (ms/query)
Echo prefix 0.021 0.021 0.021 0.021 0.336 0.0002
Global popularity 0.000 0.000 0.001 0.0001 0.006 0.0002
Prefix popularity 0.006 0.009 0.013 0.008 0.072 0.0098
Context-nearest 0.022 0.029 0.033 0.025 0.134 0.1998
Confidence-gated route 0.021 0.026 0.029 0.023 0.184 0.1410

MRR@10 by prefix length

—8— Prefix Popularity
0.05 4 —®— Context Nearest
—a— Confidence Gated Route
0.04 =
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(=]
o«
[
=
0.02 4
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Figure 5. Autocomplete Success@10 and MRR@10 on the AmazonQAC test partition
Table 8 and Figure 5 compare the five completion methods. Context-nearest completion achieves the
highest Success@]10, 0.0326 (95% CI 0.0215-0.0445), and the highest MRR@10, 0.0253 (0.0155-
0.0367). Confidence-gated routing reaches 0.0294 Success@10 (0.0191-0.0406) and 0.0234
MRR@10 (0.0147-0.0331). Prefix popularity is lower at 0.0126 Success@10 and 0.0078 MRR@10.
The gated method has higher top-1 token F1 than context-nearest (0.184 versus 0.134), but it does not

improve exact final-query ranking.
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Table 9. Autocomplete MRR@10 by normalized prefix length
Prefix Rows Echo prefix | Prefix popularity | Context-nearest Confidence-gated
characters route
1-4 299 0.003 0.007 0.037 0.013
5-8 225 0.009 0.016 0.031 0.026
9-12 172 0.006 0.006 0.012 0.015
13-16 125 0.056 0.008 0.016 0.024
17+ 130 0.069 0.000 0.015 0.054

Table 9 breaks MRR@10 down by prefix length, and Figure 6 displays the same comparison. Context-
nearest is strongest in the 1-4 and 5-8 buckets, with MRR@10 of 0.0370 and 0.0311. Confidence-

gated routing is lower for short prefixes but reaches 0.0538 in the 17+ bucket, where only seven exact

matches occur among 130 rows. The bucket result should therefore not be generalized beyond this test

partition.
Table 10. Ablation of session context and confidence-gated route control
Variant C:)llsl:lx‘: Route control | Success@10 | MRR@10 Top -llrltoken Threshold
Prefix popularity No No 0.013 0.008 0.072 -
Context-nearest Yes No 0.033 0.025 0.134 -
Confidence-gated Yes Yes 0.029 0.023 0.184 0.50
route

Table 10 isolates the effects of context and route control. Adding recent context to prefix popularity

increases MRR@10 from 0.0078 to 0.0253 and Success@10 from 0.0126 to 0.0326. Adding

J I .E
e
thtreeting
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confidence-gated route decisions reduces these values to 0.0234 and 0.0294. The paired context-
nearest minus gated difference is 0.0019 MRR@10 (95% CI -0.0065 to 0.0102; Holm-adjusted p =
1.000) and 0.0032 Success@10 (-0.0055 to 0.0119; Holm-adjusted p = 1.000). The experiment
therefore supports context as the primary exact-ranking signal, while treating the router as a
conditional action layer. This conservative policy is consistent with uncertainty-aware and off-policy

selection principles (Lu et al., 2024; Ye et al., 2026).

Table 11. Product retrieval results on WANDS

Title-only word TE- 0.640[0612, | 0.056[0.050, | 0.441[0401, | 0931[0.906. | 0o /5,10
IDF 0.669] 0.063] 0.483] 0.954]

Title + class/hierarchy 0'6?6[;’5'?26’ o.o%§0[6()2.(])50, 0'4?5[202"]‘38’ 0'936?9[50515’ 4.284/5.290
o B e o ey

Table 11 reports product retrieval over all 480 WANDS queries and the full catalog. The
word/character hybrid obtains 0.690 nDCG@10 (95% CI 0.663-0.717), 0.059 Recall@10 (0.053-
0.065), 0.504 Exact-MRR@10 (0.463-0.545), and 0.950 Hit@10 (0.929-0.969). Figure 7 compares its
ordering metrics with the two word-only indexes. Relative to title-only retrieval, the hybrid improves
nDCG@10 by 0.0498 and Exact-MRR@10 by 0.0624; both differences remain significant after Holm
correction (p = 0.00003). Relative to metadata-word retrieval, its gains are 0.0342 nDCG@10 (Holm-
adjusted p = 0.00003) and 0.0249 Exact-MRR@10 (Holm-adjusted p = 0.00103). Recall@10 and
Hit@10 differences are not significant, so the evidence supports improved ordering rather than a

reliable coverage gain.

WANDS product retrieval with query-bootstrap 95% confidence intervals
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0.725 0.70 1
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” 0.675 1 n.%ﬁ l " 0.60 1
§ 0.650 _3.{4@ § 0.55 1 ;
0.625 I J 0.50 A U.I?E} leq
0.600 - 0.45 'J'i“ l
0.575 1 0.40
THe o Title ¥ mered? W rdlchal"a"-‘e nye Tide o Title ¥ mer2d? W fc\lcharar_tef nyortd
s} O

Figure 7. WANDS lexical-retrieval results with query-bootstrap 95% confidence intervals

Table 12. Runtime and representation-size summary
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Mean latency
(P95 in .
Component Ruoev:ise/s Primary metric Value parentheses for MOdelsi(;Z index
4 WANDS;
ms/query)

Combined route 951 Accuracy 0.455 0.1276 20,006 input
classifier features
Prefix-popularity 6,161 indexed

QAC 951 MRR@10 0.008 0.0098 outcomes
Context-nearest 6,161 outcomes +
QAC 951 MRR@10 0.025 0.1998 up to five recent
terms
Confidence-gated 20,006 features +
QAC 951 MRR@10 0.023 0.1410 6.161 outcomes
WANDS title-only 480 nDCG@10 0.640 2.905 (3.410) 103f’182 word
eatures
WANDS metadata- | 9 nDCG@10 0.656 4.284 (5.290) 110,884 word
word features
. 181,535 word +
WANDS hybrid 480 nDCG@10 0.690 15.866 (18.710) character features

Table 12 supplies a complete runtime and size account. The combined route feature transformation
and inference takes 0.128 ms per AmazonQAC test row and uses 20,006 input features. Context-
nearest ranking takes 0.200 ms per row over 6,161 unique training outcomes, while the confidence-
gated system takes 0.141 ms per row including route transformation, inference, and candidate
selection. WANDS mean retrieval latency rises from 2.905 ms for title-only TF-IDF to 15.866 ms for
the hybrid. Figure 8 shows the autocomplete latency-MRR@10 trade-off. These single-process
measurements exclude index construction and characterize the implementations tested here, not a

production service-level guarantee.
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Autocomplete latency-accuracy trade-off

Confext Mearest
0.025 - e
Confidence Gated Route
Echo Prefix
0.020 1
o 0.015
—
@
e©
s
0.010 1
.Prefix Popularity
0.005 4
Glabal Popularity
0.000 4

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Latency (ms/query; index already constructed)

Figure 8. Autocomplete latency-MRR@10 trade-off after index construction

B. Discussion

The main result is that route-aware architecture and exact autocomplete ranking should be judged
separately. A router can make entry actions explicit and auditable, yet the confidence-gated
method does not outperform context-nearest completion on exact MRR@10 or Success@10. The
confidence intervals for their paired differences include zero, and both Holm-adjusted p-values
equal 1.000. Consequently, the router is best treated as a conditional control layer rather than as

a replacement for the strongest completion ranker.

Route classification itself also warrants qualification. The combined representation improves on
the word, character, and heuristic baselines, but five-seed macro-F1 remains 0.330.
AUTOSUGGEST is substantially easier than context-aware, direct, fallback, and refinement
outcomes. These labels depend partly on the future submitted query, so surface features observed
at prefix time cannot fully recover them. A deployment decision would require prospective intent
labels, probability calibration, action-specific costs, and a confidence threshold validated against

user outcomes.

Candidate coverage explains why all exact QAC scores are modest. Context roughly doubles
coverage for 1-4 character prefixes, but the resulting 6.35% ceiling remains low. Echo prefix
performs relatively well for long prefixes because some rows are already complete, whereas a
training-query index cannot retrieve unseen final strings. A neural suffix generator or catalog-
conditioned candidate source could expand coverage, but it should be evaluated separately from

ranking so that generation gains are not mistaken for reranking gains.
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The WANDS experiment provides the stronger product-search validation because its historical
customer queries and human judgments are independent of the target product text (Chen et al.,
2022). Richer metadata and character matching significantly improve nDCG@10 and Exact-
MRR@10, while Recall@10 and Hit@10 gains remain uncertain and latency increases. This
result complements the QAC finding: richer routing or retrieval structure can be useful, but the

benefit must be established for the metric and action it is intended to improve.

V. LIMITATIONS

The operational routes are retrospective labels, not independently annotated latent intents,
because their definitions use the submitted final query. The study also constructs a custom task
within the official AmazonQAC test file; strict chronology and session isolation require excluding
more than half of its rows, leaving 951 test cases and small minority-route supports. Candidate
generation is limited to prior outcomes and recent terms, and the observed exact-match metrics
therefore reflect both coverage and ranking. Source-specific shortcuts are reduced by deriving all
route labels within AmazonQAC, but spurious correlations may still arise from time, vocabulary,

or rule construction (Wang & Culotta, 2020).

Generalization is bounded by two e-commerce environments. AmazonQAC represents U.S.
Amazon searches over a short 2023 period, while WANDS contains 480 Wayfair queries and a
furniture-oriented catalog. The Amazon Search Benchmark uses queries generated from target
metadata; that design can inflate lexical overlap and is not treated as evidence of real-query
retrieval. De-identification reduces direct disclosure risk but does not remove the sensitivity or
linkage risk of timestamped behavioral sequences (Amazon, 2024; Pamies-Estrems & Garcia-
Alfaro, 2023). Finally, the latency measurements are hardware- and implementation-specific and

omit index construction, concurrency, and network overhead.

VI. CONCLUSION AND RECOMMENDATION

IntentRouter-QAC demonstrates that a lightweight lexical classifier can expose operational
search-entry decisions, but it does not establish that routing improves exact autocomplete ranking.
Context-nearest completion remains the strongest exact QAC method, and its small advantage
over confidence-gated routing is statistically inconclusive. The router's low macro-F1, especially
for context-aware and refinement outcomes, further argues for conservative use. A practical
architecture should retain context-nearest ranking as the default completion method and invoke

route-specific actions only when prospective validation supports them.

Product retrieval should remain a separate, independently judged task. On WANDS, the hybrid

lexical representation significantly improves ordering quality over title-only and metadata-word

(ITiE
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baselines, although coverage gains are not significant and latency is higher. Future work can add
calibrated semantic features, click outcomes, and a compact neural reranker while preserving
evidence provenance and explicit fallback reasons, as recommended in evidence-grounded RAG,
recommendation-card, and privacy-risk-card research (Jin, 2025b; W. Su et al., 2026; B. Zhang
et al., 2025; Zhong, Chen, et al., 2025).

Evaluation should report candidate coverage alongside Success@k and MRR@k, route-level F1
alongside aggregate accuracy, and confidence intervals alongside point estimates. Product
retrieval likewise benefits from reporting both ordering metrics and coverage metrics with paired
tests. Keeping candidate generation, action routing, completion ranking, and product retrieval
distinct makes failure analysis clearer and prevents a strong result in one layer from being

presented as evidence for another.
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