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Abstract

Evaluating fashion retrieval systems remains challeng-
ing due to the limited availability of benchmarks that cap-
ture the fine-grained, open-ended queries encountered in
real-world search and recommendation. Existing bench-
marks often rely on manual curation, predefined tax-
onomies, or synthetic prompts, limiting scalability and se-
mantic coverage. We introduce FASHION-RQ: Mining
Hierarchical Semantic Structure for Automated Evalua-
tion of Fashion Retrieval, an automated framework that
derives user-type queries and relevance sets directly from
catalog structure. Our key insight is that hierarchical dis-
crete representations learned by Residual Quantized Vari-
ational Autoencoders (RQ-VAE) organize products into se-
mantically coherent clusters at progressively finer granu-
larities. We leverage this structure to construct FASHION-
RQBENCH, a scalable benchmark without manual query
annotation or predefined taxonomies. We propose four com-
plementary tasks for evaluating ranking, relevance classifi-
cation, fine-grained sibling discrimination, and paraphrase
robustness, alongside query- and attribute-level relevance
metrics. Experiments across recent retrieval models demon-
strate that FASHION-RQBENCH differentiates model ca-
pabilities across query types and attributes. A human study
further shows that benchmark queries achieve comparable
naturalness and higher intent clarity than real user queries,
supporting their validity for real-world evaluation. The
code and FASHION-RQBENCH dataset will be publicly re-
leased upon acceptance.

1. Introduction

Fashion retrieval is inherently set-valued and graded. A
query such as “lightweight cotton kurtas for summer” con-
strains multiple attributes, including product type, material,
and season, and many catalog items may satisfy these con-
straints to different degrees. Relevance is therefore compo-
sitional: an item may match some attributes while violating
others. A single aggregate ranking score can hide these dif-
ferences. For example, two systems may achieve similar
nDCG while one retrieves the correct garment in the wrong
color and the other retrieves the correct color for the wrong
garment. Evaluating such systems requires relevance labels
that are set-valued, graded, and decomposable by attribute.

Existing fashion benchmarks do not provide these prop-
erties. Manual fashion retrieval datasets typically associate
a query with a single target item [22, 51], penalizing other
valid results. Graded set-valued annotations are possible,
but expensive: ESCI contains 2.6M judgments for 130K
queries [34]. Moreover, manually collected labels are tied
to a particular catalog snapshot and query distribution. Au-
tomatic assessment using language models [44] removes
annotation cost, but typically produces an independent rel-
evance score for each query–item pair and does not iden-
tify which query attributes are satisfied or violated. These
approaches also treat items independently, overlooking the
relationships among products in the catalog.

We instead observe that the catalog itself contains the
structure needed to define relevance sets. Recent re-
trieval and recommendation systems such as DSI [40], RI-
POR [55], and TIGER [32] represent items using sequences
of discrete codes learned with residual quantization [19].
Because these codes are organized from coarse to fine, they
induce a prefix tree over the catalog: items sharing a pre-
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FASHION-RQ: AUTOMATED BENCHMARK GENERATION

FASHION-RQBENCH: FOUR EVALUATION TASKS

T1. QUERY-PRODUCT RANKING
Rank products so that E > S > R > I

Query: “blue striped t-shirts”

E E S S R I

T2. RELEVANCE CLASSIFICATION
Classify each product into {E, S, R, I}

Query: “blue striped t-shirts”

E S R I

T3. SIBLING DISCRIMINATION
Prefer target over sibling clusters

Query: “blue striped t-shirts”

Target Cluster 
(Exact)

T4. QUERY ROBUSTNESS
Consistent retrieval under query variation
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“striped  t-
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“men’s blue 
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shirts”

EVALUATION METRICS 

A. QUERY RELEVANCE METRIC (Weighted)

Attribute importance 
𝑤!	from cross-encoder 
relevance experiment

B. ATTRIBUTE-LEVEL METRICS (Diagnostic)
Score each attribute separately to reveal fine-grained strengths / failure modes

×

Color
Material
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Price
…
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1.00

0.60

Per-attribute match 𝑚! 𝑞, 𝑝 ∈ [0,1]

0.86

Weighted Query 
Relevance  

𝑅 𝑞, 𝑝 ∈ [0,1]

Color

0.95

Material

0.80
Category

1.00

Price

0.60

Gender

0.78

Brand

0.85

Style

0.67

Metric:  AttrScore(a) = mean match on queries that specify attribute a

Figure 1. Overview of FASHION-RQ. The framework leverages an RQ-VAE hierarchy to automatically generate natural-language queries
and graded relevance sets, with Exact, Sibling, Related, and Irrelevant relationships. The resulting benchmark supports four complementary
retrieval tasks, while weighted query relevance and attribute-level metrics evaluate overall intent satisfaction and fine-grained attribute
matching.

fix form increasingly specific groups. We repurpose this
structure not as an index for retrieval, but as an automatic
annotation mechanism. However, vanilla RQ-VAE does
not guarantee that a code corresponds to a single seman-
tic attribute, which can produce heterogeneous clusters. We
therefore introduce an attribute exclusivity loss that encour-
ages each quantization level to specialize to a coherent at-
tribute, making the resulting hierarchy suitable for defin-
ing relevance sets. A prefix then defines a relevance set,
its length controls granularity, and the shared-prefix length
between an item and the target prefix provides graded rele-
vance without a hand-authored taxonomy.

Building on this hierarchy, we filter clusters that are too
small or heterogeneous to serve as relevance sets and com-
pute each retained cluster’s relational context: the attributes
that distinguish it from its parent and sibling clusters. A
language model then verbalizes this structured evidence

into shopper-style queries. Importantly, the language model
generates the query but does not determine relevance; rel-
evance is inherited deterministically from the semantic ID
(SID) [32] structure.

We instantiate this framework on the public Myntra
Fashion Product Images catalog [2], containing 44,446
items, and construct FASHION-RQBENCH: 588 clus-
ters across three granularity levels and 5,380 attribute-
enriched queries. The benchmark provides four comple-
mentary tasks: query–product ranking, hierarchical rele-
vance classification, sibling discrimination, and paraphrase
robustness. We additionally introduce a weighted query-
relevance score and per-attribute scores to distinguish over-
all retrieval quality from fine-grained attribute satisfaction.
Figure 1 provides an overview of the complete FASHION-
RQBENCH pipeline, from hierarchical benchmark con-
struction to query generation, evaluation tasks, and metrics.



Evaluation of ten off-the-shelf sparse and dense retrieval
models, without fine-tuning, shows that aggregate ranking
performance alone can mask important weaknesses. Dense
encoders achieve substantially higher ranking quality than
BM25 [36] (nDCG@10 = 0.87 vs. 0.77), yet the best
model achieves only 0.51 accuracy on four-way hierarchical
relevance classification. Model scale is also not consistently
predictive: the 4B Qwen3 [42] encoder slightly outperforms
its 8B counterpart on sibling discrimination. Attribute-level
evaluation further localizes these differences: models per-
form strongly on product type and gender (> 0.93) but sub-
stantially worse on material (≈ 0.52) and style (≈ 0.43).
Finally, a human study comparing benchmark queries with
real user queries shows comparable perceived naturalness
and strong intent clarity, supporting Fashion-RQBENCH as
a proxy for real-world fashion search. Our contributions
are:
• We repurpose RQ-VAE semantic identifiers as an auto-

matic annotation mechanism and introduce an attribute
exclusivity loss that encourages quantization levels to
encode coherent attributes. Prefixes define relevance
sets, prefix length controls granularity, and shared-prefix
length defines graded relevance.

• We introduce a cluster-conditioned query generation pro-
cedure that captures each cluster’s attribute distribution
and its relational differences from parent and sibling
clusters, enabling automatic generation of shopper-style
queries.

• We introduce FASHION-RQBENCH, comprising 588
clusters, 5,380 attribute-enriched queries, and 44,446
products, with deterministic graded relevance and four
complementary evaluation tasks.

• We propose weighted query-relevance and per-attribute
metrics that distinguish overall intent satisfaction from
fine-grained attribute satisfaction.

2. Related Works
Fashion Retrieval Datasets and Benchmarks. Fash-
ion retrieval involves fine-grained attributes such as product
type, color, pattern, material, occasion, season, and price.
Existing resources address different aspects of this prob-
lem. DeepFashion [22] and DeepFashion2 [11] provide
large-scale benchmarks for fashion recognition, detection,
segmentation, and retrieval; Fashion200K [12] and Shop-
ping100k [3] support attribute-based search; FACAD [53]
focuses on fashion captioning; and Fashion Product Im-
ages [2] provides the catalog schema used in our work.
Language-conditioned retrieval is studied primarily through
composed image retrieval, including FashionIQ [51], and
more general benchmarks such as CIRR [23], CIRCO [4],
and LaSCo [20], with fashion-oriented encoders includ-
ing FashionCLIP [6], Marqo-FashionSigLIP [16], and
GCL [57].

Most existing fashion benchmarks use single-target rele-
vance, whereas open-ended product queries can correspond
to a set of valid items; CIRCO [4] is a notable exception,
but at modest scale. Graded set-valued relevance is avail-
able in product search: ESCI [33], for example, provides
exact, substitute, complement, and irrelevant labels, but re-
quires 2.6M manual judgments for 130K queries. Manual
construction also fixes the query distribution and catalog
snapshot, making large-scale regeneration costly. Outside
fashion, QUEST [25] automatically constructs set-valued
queries from Wikipedia categories, but relies on an exist-
ing taxonomy. In contrast, FASHION-RQ derives both rel-
evance sets and queries from the catalog’s learned semantic
structure, avoiding manual relevance annotation and prede-
fined taxonomies.
Generative Retrieval and Semantic Identifiers. Genera-
tive retrieval directly decodes item identifiers from queries.
DSI [40] and NCI [49] established this paradigm, with hier-
archical identifier construction shown to be effective. Sub-
sequent approaches learn identifiers through discrete auto-
encoding [39] or residual quantization for relevance-aware,
prefix-scorable representations [55]. In recommendation,
TIGER [32] represents items using SIDs produced by an
RQ-VAE [19, 45]; its coarse-to-fine codebooks induce a
prefix hierarchy, while Singh et al. [38] demonstrate bene-
fits for cold-start and long-tail recommendation.

Recent work explicitly shapes this hierarchy. HiD-
VAE [9] supervises quantization levels with hierarchical
item tags and introduces a uniqueness objective to reduce
code collisions. These approaches, however, use seman-
tic identifiers primarily as representations for downstream
retrieval or recommendation. FASHION-RQ instead repur-
poses the hierarchy as an annotation structure: prefixes de-
fine product groups at different granularities and shared-
prefix length provides graded relevance. We further intro-
duce level-wise attribute supervision with an attribute ex-
clusivity loss to encourage semantically coherent clusters,
using the resulting tree to construct the benchmark rather
than the retrieval identifiers themselves.
Automated Query and Relevance Construction. Syn-
thetic query generation reduces the cost of manual anno-
tation. Doc2Query [30] generates queries for documents,
while InPars [5] and Promptagator [8] use LLM-generated
query–document pairs for retrieval training. These ap-
proaches are primarily document-conditioned: a query is
generated from an individual document and typically inher-
its a single positive target. Rahmani et al. [31] extend
synthetic generation to evaluation, using LLM-generated
queries and judgments to reproduce retrieval rankings, but
the resulting relevance labels remain pairwise LLM assess-
ments. BEIR [43], in contrast, aggregates existing man-
ually annotated datasets, while ExcluIR [56] focuses on
phenomenon-specific retrieval with manually constructed



queries.
FASHION-RQ uses cluster-conditioned generation:

queries are generated from a purified cluster’s attribute dis-
tribution together with its relational differences from par-
ent and sibling clusters. The cluster itself therefore de-
fines a multi-item relevance set, while the relational con-
text encourages queries that distinguish the target group
from nearby alternatives. The LLM only verbalizes catalog-
derived evidence; it does not assign relevance, keeping the
resulting labels independent of the generator.
Evaluating Retrieval Beyond Binary Relevance. Graded
metrics such as nDCG [15] require relevance judgments,
motivating LLM-based assessors such as UMBRELA [44].
Such assessors produce holistic query–item scores and
therefore do not reveal which attributes are satisfied or vio-
lated. Attribute-level evaluation has been explored through
attribute-specific retrieval metrics [24], conditional simi-
larity [47], compositionality benchmarks [13, 54], and
constraint-satisfaction measures [1]. However, these set-
tings either evaluate individual attributes, use curated dis-
tractors, or operate over restricted constraint types rather
than decomposing relevance over a ranked product catalog.

FASHION-RQ combines set-valued graded relevance
with joint attribute-level evaluation. Our weighted query-
relevance score and per-attribute metrics are computed from
the structured query representation ϕ(q), separating overall
intent satisfaction from fine-grained attribute satisfaction.
Because relevance is inherited deterministically from the
semantic-ID hierarchy and attribute scores use a fixed cata-
log schema, the evaluation is reproducible and inspectable
without per-pair human or LLM judgments.

3. FASHION-RQ: Automated Benchmark
Generation

We introduce FASHION-RQ, an automated framework for
constructing retrieval benchmarks from product catalogs
without manual query or relevance annotation. It exploits
the hierarchical structure induced by residual quantization:
SID prefixes define relevance sets at multiple granularities,
while catalog statistics generate natural-language queries
that represent the target cluster and discriminate it from
nearby alternatives.

Given a catalog I = {i1, . . . , iN}, each item i is rep-
resented by a dense embedding ei ∈ R1024 and catalog
metadata including product type, category, color, gender,
usage, price, and textual information. A hierarchical to-
kenizer maps each item to a SID si = (s

(1)
i , s

(2)
i , s

(3)
i ),

with L = 3 quantization levels and K = 64 codes per
level. A prefix p(ℓ) = (s(1), . . . , s(ℓ)) defines the cluster
C
(
p(ℓ)

)
=

{
i ∈ I : s

(1:ℓ)
i = p(ℓ)

}
, where ℓ = 1 and ℓ = 3

correspond to the coarsest and finest granularities, respec-
tively.

Our benchmark construction consists of four stages:
(1) hierarchical semantic representation, which induces a
coarse-to-fine catalog hierarchy; (2) cluster purification,
which removes unreliable clusters; (3) relational context
construction, which identifies attributes distinguishing each
cluster from its parent and siblings; and (4) automatic query
generation, which produces queries satisfying coverage and
discriminability requirements. The resulting benchmark
contains natural-language queries paired with automatically
derived relevance sets at multiple hierarchy levels.
Problem Formulation. Fashion retrieval should be eval-
uated across multiple levels of semantic granularity, as
queries may target broad product groups or fine-grained
subsets. FASHION-RQ uses semantic IDs (SIDs) to con-
struct such an evaluation hierarchy: each SID prefix p(ℓ)

defines a catalog cluster C(p(ℓ)), from which we generate
natural-language queries Q(p(ℓ)) and derive their ground-
truth relevance sets.

We use an RQ-VAE to induce this hierarchy, as residual
quantization captures entangled attribute interactions and
organizes products into semantically coherent clusters at
multiple granularities. This structure provides a catalog-
grounded basis for realistic query generation and repro-
ducible evaluation of fashion retrieval systems.

With K = 64 codes and L = 3 levels, the hierarchy
admits

∑L
ℓ=1 K

ℓ = 64 + 642 + 643 ≈ 2.7 × 105 pre-
fixes, making manual benchmark construction impractical.
FASHION-RQ therefore automatically selects prefixes, de-
rives their relevance sets, and generates queries:

B =
{
(qj , p

(ℓ)
j , C(p

(ℓ)
j ), ϕ(qj))

}N

j=1
, (1)

where qj is the natural-language query, p
(ℓ)
j its semantic

granularity, C(p
(ℓ)
j ) its relevance set, and ϕ(qj) its struc-

tured attributes.

Proposed Attribute Exclusivity Loss 𝑳𝒆𝒙𝒄𝒍

Level 0 
(masterCategory)

Level 1
(articleType)

Level 2
(joint attributes)

RQ-VAE (3 Levels)

Per-level Supervised Contrastive (SupCon) Loss on quantized vectors

Pull same category 
together, push 

others apart

Pull same article 
type together

Pull same attribute 
combination 

together

Same label (positives) Different labels (negatives)

Codebook space (level 2)
Without 𝑳𝒆𝒙𝒄𝒍	

Same attribute combination scattered across codes. 

Codebook space (level 2)
With 𝑳𝒆𝒙𝒄𝒍 (ours)

Same attribute combination forms a tighter cluster 
(owned by one code region) 

Figure 2. Attribute Exclusivity Loss. Per-level supervised con-
trastive supervision encourages progressively finer attribute se-
mantics to form compact, distinct regions in the RQ-VAE code-
books, reducing the scattering of identical attribute combinations
across codes.



Hierarchical Semantic Representation. We first rep-
resent each product using a multimodal embedding from
Marqo-FashionSigLIP [16], trained with Generalized Con-
trastive Learning (GCL) on rich product signals, including
product images, descriptions, categories, style, color, ma-
terial, keywords, and fine-grained details, across over one
million fashion products. This provides a semantically rich
representation beyond text-only descriptions.

Given ei ∈ R1024, an MLP encoder fθ maps each prod-
uct to zi = fθ(ei) ∈ R32 with architecture 1024→ 512→
256 → 128 → 32. We apply residual quantization [19]
with L = 3 codebooks of K = 64 codes. Starting from
r
(0)
i = zi, residual quantization selects the code and up-

dates the residual at each level:

s
(ℓ)
i = arg min

k∈{1,...,K}

∥∥∥r(ℓ−1)
i − c

(ℓ)
k

∥∥∥2
2
,

r
(ℓ)
i = r

(ℓ−1)
i − c

(ℓ)

s
(ℓ)
i

.
(2)

The quantized representation is ẑi =
∑L

ℓ=1 c
(ℓ)

s
(ℓ)
i

. Thus, the

hierarchy captures coarse-to-fine product structure.
For benchmark construction, the induced clusters should

be both exhaustive and exclusive: items sharing an at-
tribute combination should be grouped together, while dis-
tinct combinations should map to distinct codes. Recon-
struction and VQ losses promote exhaustivity by preserv-
ing the input embedding, but do not explicitly prevent se-
mantically different combinations from sharing a code. We
therefore augment the objective with an attribute-based ex-
clusivity loss:

L = Lrecon +

L∑
ℓ=1

(
L(ℓ)
codebook + βL(ℓ)

commit

)
+ λexclLexcl.

(3)
The exclusivity loss applies supervised contrastive learn-

ing [18] directly to the quantized code vectors q(ℓ)i = c
(ℓ)

s
(ℓ)
i

,

keeping the supervision local to each codebook. Figure 2
illustrates this level-wise exclusivity supervision. We use
masterCategory at level 1, articleType at level 2, and all
articleType-anchored joint attributes (color, gender, usage,
season, age group, price tier, and fashion type) at level 3.
For attributes with at least one valid positive pair in a mini-
batch, the corresponding losses are averaged:

Lexcl =

L∑
ℓ=1

1

|A(ℓ)
valid|

∑
a∈A(ℓ)

valid

SupCon(q(ℓ), ya; τ). (4)

This prevents sparse attributes from diluting the available
supervision while enforcing exclusivity directly at each dis-
crete level. We set τ = 0.07, following supervised con-
trastive learning [18], and λexcl = 0.05 to keep the exclu-
sivity term subordinate to the primary reconstruction and

quantization losses. At inference, SIDs are obtained deter-
ministically using the same residual quantization procedure,
yielding si ∈ {0, . . . , 63}3.
Cluster Purification. The induced hierarchy may contain
small or heterogeneous clusters. We therefore purify it post-
hoc, independent of RQ-VAE training. Using articleType as
the anchor attribute, cluster purity is the fraction of labeled
items belonging to the dominant product type:

Purity(p(ℓ)) =
maxa |{i ∈ C(p(ℓ)) : aTi = a}|
|{i ∈ C(p(ℓ)) : aTi ̸= null}|

. (5)

We retain prefixes with |C(p(ℓ))| ≥ 5 and Purity(p(ℓ)) ≥
0.80; at the finest level, we additionally require at least two
items. All qualifying prefixes are retained to preserve hier-
archy coverage.
Relational Context. Purity does not capture how a cluster
differs from nearby alternatives. For each surviving prefix
p(ℓ), we compare it with its parent and up to three siblings.
For categorical attribute value (a, v), we compute

∆a=v(p
(ℓ), R) = pctC(p(ℓ))(a = v)− pctR(a = v), (6)

where R denotes the parent or a sibling. For numeric at-
tributes, we compare mean, median, minimum, maximum,
and quartiles. Differences of at least 20 percentage points
are retained as exclusivity constraints, identifying attributes
that distinguish the target from nearby clusters.
Automatic Query Generation. For each purified clus-
ter, we generate Q(p(ℓ)) from its attribute distribution and
relational context, targeting exhaustiveness and exclusivity.
Each sub-type occupying ≥ 5% of the cluster receives at
least one query; a catch-all query covers the remainder. At-
tribute combinations covering ≥ 90% & ≥ 50% of a cluster
define discriminative and coverage signatures, respectively.

We use an instruction-following LLM (Gemini [41];
temperature 0.2, top-p 0.8) whose prompt includes these
signatures, attribute distributions, parent/sibling context,
and exclusivity constraints. It is instructed to produce com-
plete shopper-style queries using discriminative attributes,
verify separation from siblings, and avoid unsupported uni-
versal claims. The LLM returns 6–12 queries plus cluster
insights, validation checks, and a coverage map linking ma-
jor product types to queries. Outputs are parsed leniently;
the full prompt and schema are provided in the supplemen-
tary material.
Query Attribute Enrichment. For attribute-aware evalu-
ation, each unique generated query is converted by the same
LLM into {product_type, gender, age_group, color,
pattern,material, occasion, brand, price_hint, style_
tags}. Unexpressed attributes are null, multi-valued at-
tributes may contain multiple values, and brand is popu-
lated only when explicitly mentioned. Duplicate queries are
removed globally before enrichment.



4. Benchmark Definition & Tasks.
Source Dataset. We propose FASHION-RQBENCH, a
benchmark for evaluating fine-grained fashion retrieval and
ranking. It is constructed from the public Myntra Fashion
Product Images [2] catalog, comprising 44,446 products
with structured metadata, free-text descriptions, and prod-
uct images. Each item is represented by a 1024-dimensional
embedding generated using Marqo-FashionSigLIP [16],
and assigned a 3-level SID using the RQ-VAE model de-
scribed in Section 3. Table 1 provides an overview of
Fashion-RQBENCH. More details are provided in the sup-
plementary.

Table 1. Overview of the Fashion-RQBENCH evaluation set.

Statistic Value Details

Master categories 5 Apparel, Accessories, Footwear, Personal Care, Free Items
Subcategories 45 –
Article types 143 –
Base colors 47 –
Genders 5 Men, Women, Unisex, Boys, Girls

Benchmark clusters 588 17 / 135 / 436 at levels 1 / 2 / 3
Enriched queries 5,380 2–12 per cluster
Unique query strings 5,305 98.7% of queries
Mean query length 10.0 3–26 words

Level-1 cluster size 823.9 Range: 6–5,349
Level-2 cluster size 219.2 Range: 5–4,896
Level-3 cluster size 79.5 Range: 5–4,888

Generated Benchmark. We exploit the hierarchical RQ-
VAE SID structure to construct benchmark instances with-
out manual taxonomy design. Each qualifying 1-, 2-, or
3-level SID prefix that satisfies the purity and minimum-
size criteria is materialized as a cluster record. This yields
588 clusters, comprising 17, 135, and 436 clusters at levels
1, 2, and 3, respectively (Table 1). Attribute values exhibit
substantial lexical diversity, supporting evaluation beyond a
fixed vocabulary.
Benchmark Tasks. We define four complementary tasks
over the same SID hierarchy, with candidate construction
and relevance labels derived deterministically, eliminating
the need for an independently authored product taxonomy.
For a level-3 anchor cluster, candidates receive four graded
relevance levels: Exact (same level-3 prefix), Sibling (same
level-2 prefix), Related (same level-1 prefix), and Irrele-
vant (different level-1 prefix), with scores 3, 2, 1, and 0,
respectively. Thus, a single representation defines semantic
neighborhoods, evaluation instances, and graded relevance,
yielding a consistent and reproducible protocol.
• Query–Product Ranking. Given a natural-language

query and a fixed candidate pool containing Exact, Sib-
ling, Related, and Irrelevant items, rank the candidates
according to relevance. We report nDCG@10 and
Recall@10, both overall and for explicitly constrained at-
tributes.

• Hierarchical Relevance Classification. Given a query–
product pair, predict one of the four relevance classes. We

report accuracy and macro-F1.
• Sibling Discrimination. Given one target item and

closely related sibling distractors, identify the target
leaf cluster. The task emphasizes fine-grained distinc-
tions between semantically similar products. We report
nDCG@3 and Recall@3 for ranked predictions, or binary
accuracy when a single item is selected.

• Query Paraphrase Robustness. We use the query
groups generated by our method in Section 3 as para-
phrases: since all queries from a cluster describe the same
target intent by construction, we evaluate them against a
shared candidate pool. This isolates sensitivity to query
wording from candidate-pool variation. We measure ro-
bustness using Consistency@K, the mean pairwise Jac-
card overlap of top-K retrieved item sets.

5. Evaluation Framework
FASHION-RQ evaluates retrieval quality at three com-
plementary levels: (i) task-level performance using the
hierarchy-derived relevance labels, (ii) overall query rel-
evance based on attribute satisfaction, and (iii) attribute-
level diagnostics that identify specific strengths and fail-
ure modes. All metrics are computed from the automati-
cally constructed queries, query metadata, and SID hierar-
chy, without requiring additional human annotation. The
four tasks use the common relevance structure defined in
Section 4.
Task-Level Metrics. We evaluate each task using met-
rics suited to its corresponding objective as defined in Sec-
tion 4. For Query–Product Ranking (T1), we report
nDCG@5/10 and Recall@5/10, both overall and for ex-
plicitly constrained attributes. For Hierarchical Relevance
Classification (T2), we report accuracy and macro-F1, with
per-class precision, recall, and F1 for additional analysis.

For Sibling Discrimination (T3), we report
nDCG@1/3 and Recall@1/3 to measure fine-grained
target-cluster identification. For Query Paraphrase
Robustness (T4), we measure retrieval stability using
Consistency@5/10, defined as the mean pairwise Jaccard
overlap between the top-K result sets across paraphrases,
and report the mean nDCG@10 across paraphrases.
Weighted Query Relevance. The hierarchy-based metrics
assess whether retrieved products belong to the intended se-
mantic neighborhood, but do not quantify satisfaction of the
individual attributes expressed in a query. Moreover, at-
tributes are not equally important in shopping intent: a user
may accept a different brand, but not a different product
type. We therefore introduce a weighted query relevance
score that measures query-level intent satisfaction, with at-
tribute weights derived from a cross-encoder trained to re-
flect relevance patterns in real user data.

Let A(q) denote the attributes explicitly expressed in
query q, as specified by its structured representation ϕ(q).



Table 2. Performance on the four FASHION-RQ tasks. Best results are shown in bold and second-best results are underlined.

T1: Ranking T2: Relevance Classification T3: Sibling Discrimination T4: Paraphrase Robustness
Model nDCG@10 Recall@10 Accuracy Macro-F1 nDCG@3 Recall@3 Consistency@5 Consistency@10

BM25 [36] 0.7736 0.7376 0.4023 0.3919 0.6142 0.7723 0.5067 0.7419
RoBERTa-large [21] 0.7391 0.7252 0.3749 0.3481 0.5491 0.7260 0.4462 0.7135
SimCSE-RoBERTa-large [52] 0.8655 0.8242 0.5046 0.5047 0.6421 0.8145 0.5914 0.8197
Sentence-T5-large [29] 0.8235 0.7845 0.4328 0.4227 0.6610 0.8318 0.5879 0.8115
Qwen3-Embedding-4B [42] 0.8719 0.8279 0.5145 0.5146 0.6641 0.8232 0.6041 0.8373
Qwen3-Embedding-8B [42] 0.8686 0.8241 0.5036 0.5037 0.6550 0.8211 0.6022 0.8295
E5-Mistral-7B-Instruct [48] 0.8699 0.8258 0.5134 0.5135 0.6462 0.8145 0.5893 0.8233
ColBERTv2 [37] 0.8597 0.8103 0.4827 0.4827 0.6624 0.8242 0.5608 0.7889
SPLADE++ [10] 0.8628 0.8141 0.4936 0.4937 0.6662 0.8349 0.5855 0.8089
Contriever-MSMARCO [14] 0.8628 0.8164 0.4796 0.4797 0.6553 0.8277 0.5621 0.8073

For each a ∈ A(q), an attribute-match function ma(q, p) ∈
[0, 1] measures agreement between the query and product.
The comparator depends on attribute type: exact or syn-
onym matching for categorical attributes, distance-based
matching for ordinal attributes, and semantic similarity for
perceptual attributes. For color, perceptual CIE76 [35] dis-
tance is additionally used when both values are recognized
colors. Missing product attributes receive a neutral score to
avoid penalizing incomplete catalog metadata. Details are
provided in the supplementary material.

We aggregate attribute matches using importance
weights wa obtained from the cross-encoder relevance ex-
periment in Section 6:

R(q, p) =

∑
a∈A(q) wa,ma(q, p)∑

a∈A(q) wa
. (7)

Only explicitly specified attributes contribute, ensuring that
R(q, p) measures expressed user intent rather than generic
product similarity. The score lies in [0, 1], with higher val-
ues indicating stronger overall query satisfaction.
Attribute-Level Scores. While R(q, p) measures overall
query satisfaction, we retain individual attribute matches to
diagnose fine-grained retrieval behavior. For each attribute
a, we report the mean match score over queries that ex-
plicitly specify a: AttrScore(a) = 1

|Qa|
∑

q∈Qa
ma(q, pq),

where Qa denotes the queries specifying a. We report
scores for product type, gender, age group, color, material,
occasion, brand, pattern, price, and style, enabling attribute-
specific strengths and failure modes that may be obscured
by aggregate metrics.

6. Experiments
Cross-encoder derived attribute importance. The
attribute weights in R(q, p) are distilled from a cross-
encoder trained on real product-search data, including the
ESCI [34] filtered to fashion relevant queries and inter-
nal production-scale proprietary data. Since its proprietary
training data precludes direct use as an evaluation model,
we use the cross-encoder as a knowledge source and esti-
mate attribute importance through matched twin-pair abla-

tion and regression-based analysis. We normalize the re-
sulting estimates to obtain non-negative weights wa that
sum to one, which are used to aggregate per-attribute match
scores into the model-agnostic query-relevance score. The
resulting weights are shown in Table 3; full estimation pro-
cedures, per-attribute confidence diagnostics, and sample
sizes are provided in supplementary.
Baselines. We evaluate FASHION-RQ using ten off-the-
shelf retrieval baselines spanning sparse lexical and dense
semantic retrieval. The sparse family includes BM25 [36]
on settings. The dense family comprises nine pretrained
encoders covering 355M–8B parameter scales, different
pooling strategies, and both non-instruction-tuned and
instruction-tuned query encoders. These include general-
purpose sentence encoders as well as recent large embed-
ding models. All baselines are evaluated without train-
ing or fine-tuning on FASHION-RQ; queries and catalog
products are encoded using their native published config-
urations, and candidates are ranked by lexical matching or
embedding similarity, respectively. This setup evaluates the
extent to which existing retrieval representations generalize
to the fine-grained, hierarchically structured fashion queries
in FASHION-RQ.
Results. Table 2 reports the primary results across the
four FASHION-RQ tasks, using two complementary met-
rics for each task. Overall, dense and learned sparse re-
trievers consistently outperform the lexical BM25 baseline,
demonstrating the benefit of semantic representations for
fine-grained fashion retrieval.

For T1, Qwen3-Embedding-4B achieves the best per-
formance on both nDCG@10 (0.8719) and Recall@10
(0.8279), followed closely by E5-Mistral-7B-Instruct and
SimCSE-RoBERTa-large. The dense and learned sparse
models form a relatively tight performance range, while
RoBERTa-large, which lacks retrieval-specific training, per-
forms worst.

For T2, Qwen3-Embedding-4B again achieves the best
performance, with 0.5145 accuracy and 0.5146 macro-F1,
narrowly followed by E5-Mistral-7B-Instruct. The close
agreement between accuracy and macro-F1 suggests that
the relative ordering is not driven by a single relevance



Table 3. Weighted query-relevance and attribute-level matching scores across retrieval models. Attribute weights wa are derived from the
cross-encoder and used to compute the overall weighted relevance score, Rel.

Model Rel. Age Brand Color Gender Mat. Occ. Pattern Price Prod. Style

Qwen3-Emb.-8B [42] 0.9274 0.9907 0.8560 0.9125 0.9750 0.5367 0.9632 0.8521 0.6484 0.9409 0.4291
E5-Mistral-7B [48] 0.9158 0.9900 0.8914 0.8782 0.9676 0.5232 0.9618 0.8465 0.6543 0.9395 0.4265
Qwen3-Emb.-4B [42] 0.9254 0.9895 0.8221 0.8965 0.9721 0.5217 0.9624 0.8327 0.6426 0.9438 0.4204
Sentence-T5-L [29] 0.9018 0.9918 0.7587 0.9159 0.9911 0.5310 0.9628 0.8395 0.6562 0.9392 0.4229
Sup-SimCSE-RoBERTa-L [52] 0.8923 0.9922 0.6613 0.9008 0.9873 0.5003 0.9616 0.8296 0.6247 0.9368 0.4292
BM25 [36] 0.8753 0.9826 0.7927 0.8451 0.8889 0.4987 0.9585 0.7934 0.6169 0.8929 0.4211
RoBERTa-L [21] 0.8340 0.9671 0.6776 0.7388 0.8793 0.3361 0.9338 0.6373 0.5193 0.8528 0.4222
ColBERTv2 [37] 0.9198 0.9885 0.8571 0.8615 0.9672 0.5307 0.9638 0.8560 0.6228 0.9350 0.4271
SPLADE++ [10] 0.9209 0.9877 0.8597 0.8594 0.9712 0.5343 0.9639 0.8526 0.6325 0.9361 0.4278
Contriever-MSMARCO [14] 0.9155 0.9850 0.8615 0.8479 0.9560 0.5268 0.9600 0.8332 0.6294 0.9320 0.4247

wa – 0.066 0.211 0.138 0.127 0.063 0.008 0.060 0.024 0.290 0.012

class. RoBERTa-large obtains the lowest accuracy (0.3749),
highlighting the importance of retrieval-oriented represen-
tation learning for hierarchical relevance discrimination.

T3 is more challenging, requiring discrimination among
products from closely related sibling clusters. SPLADE++
achieves the best nDCG@3 (0.6662) and Recall@3
(0.8349), followed by Qwen3-Embedding-4B on nDCG@3
and Sentence-T5-large on Recall@3. This shows that fine-
grained sibling discrimination does not necessarily improve
with model size or dense semantic representations.

For T4, Qwen3-Embedding-4B achieves the highest
Consistency@5 (0.6041) and Consistency@10 (0.8373),
indicating the most stable retrieval across paraphrases.
Dense and learned retrievers generally show higher consis-
tency than BM25, particularly at the shallow cutoff, where
lexical matching is more sensitive to wording changes.
The weaker ranking but comparatively stable behavior of
RoBERTa-large further demonstrates that paraphrase con-
sistency captures a distinct retrieval property.

Overall, Qwen3-Embedding-4B achieves the strongest
results on three of the four tasks, while SPLADE++ per-
forms best on sibling discrimination. The complementary
results demonstrate that FASHION-RQ assesses not only
overall retrieval quality, but also hierarchical relevance dis-
crimination and robustness to query variation.

Table 4. Mean ratings from the user study on a 5-point Likert
scale. Higher scores indicate greater perceived naturalness and
intent clarity.

Source Naturalness Intent Clarity

CHAT 3.52 2.83
LLM 2.84 3.76
RQBENCH (Ours) 3.62 3.91

Query-Relevance Evaluation. Table 3 shows that Qwen3-
Embedding-8B achieves the highest weighted relevance
score (0.9274), followed closely by SPLADE++ (0.9209)
and ColBERTv2 (0.9198), demonstrating that both dense

and learned sparse retrievers can capture fine-grained query
intent. BM25 scores lower (0.8753), while RoBERTa-Large
ranks last (0.8340). Attribute-level results reveal strong
alignment for age, occasion, gender, and product type
across models, whereas material and style remain consis-
tently weaker. Notably, the weighted score distinguishes
models with similar aggregate performance through their
attribute-level behavior, demonstrating its ability to expose
fine-grained differences in query satisfaction.
User Study. We conducted a user study to assess the nat-
uralness and intent clarity of queries from three sources:
our Fashion-RQBENCH (RQBENCH), real user queries
(CHAT), and LLM-generated queries (LLM). 32 partici-
pants rated each query on a 5-point Likert scale for both
dimensions. Inter-rater reliability was high, with Cron-
bach’s [7] α = 0.977 for naturalness and α = 0.969 for
intent clarity, indicating strong agreement among raters.

Table 4 summarizes the mean ratings. Naturalness rat-
ings are comparable between RQBENCH and CHAT, with
mean scores of 3.62 and 3.52, respectively. In contrast, in-
tent clarity shows a strong separation: RQBENCH achieves
the highest mean score (3.91), followed by LLM (3.76),
while CHAT is substantially lower (2.83), with all pair-
wise differences statistically significant. These results in-
dicate that RQBENCH queries preserve the naturalness of
real user language while providing substantially clearer and
more actionable intent. We provide more details on the
study in supplementary.

7. Conclusion

We introduced FASHION-RQ, an automated benchmark
construction framework that leverages hierarchical seman-
tic structure to generate realistic queries and graded rel-
evance sets without manual annotation. Using an RQ-
VAE with attribute exclusivity supervision, FASHION-
RQ produces coherent fine-grained clusters and exploits
parent–sibling relations to construct diverse retrieval sce-
narios. We instantiate this framework as FASHION-



RQBENCH, a benchmark for evaluating fashion retrieval
models through complementary retrieval tasks, weighted
query-relevance evaluation, and attribute-level metrics. To-
gether, FASHION-RQ and FASHION-RQBENCH provide
a scalable and semantically grounded alternative to manu-
ally curated fashion retrieval benchmarks. FASHION-RQ
depends on catalog quality, the underlying multimodal rep-
resentation, and LLM-generated queries, which may intro-
duce coverage and linguistic biases. The automatically de-
rived relevance structure also approximates rather than re-
places human judgments. Future work will explore human
validation, broader domains and attributes, richer semantic
relations, and adaptive benchmark generation.

8. Appendix
8.0.1. Codebook Size Ablation Study.
We study the effect of RQ-VAE [19] codebook size on the
semantic-ID hierarchy by comparing codebook sizes of 64,
128, and 256 with three quantization levels, while keeping
all other settings fixed. The results characterize the trade-off
between cluster purity and cluster fragmentation. As the
codebook size increases, the available semantic-ID space
grows from 643 = 262,144 to 2563 = 16,777,216, substan-
tially exceeding the 44,446 catalog items. Consequently,
larger codebooks produce increasingly fragmented clusters,
reducing the number of items sharing the same semantic-ID
prefixes.

Table 5. Effect of codebook size on weighted attribute purity for
64, 128 and 256 size.

Attribute 64 128 256

Master Category 99.8% 50.4% 1.0%
Subcategory 99.4% 50.2% 1.0%
Article Type 98.3% 49.7% 1.0%
Gender 98.1% 49.6% 1.0%
Base Color 87.9% 44.5% 1.0%
Usage 97.7% 49.4% 1.0%

Interestingly, weighted global purity and mean per-
cluster purity exhibit different trends. Weighted purity em-
phasizes the large clusters and therefore decreases sharply
with increasing codebook size. In contrast, mean per-cluster
purity can increase because fragmentation creates many
small, trivially pure clusters. Thus, high unweighted clus-
ter purity alone does not imply a useful semantic hierarchy:
excessively large codebooks can produce highly pure but
near-singleton clusters that provide little shared semantic
structure.

The fragmentation trend is evident across all three levels
(Table 6). At the coarsest level, the average cluster size
decreases from 824 items for the 64-codebook to 166.5 for

the 256-codebook. At full depth, the corresponding cluster
size decreases from 1.86 to 1.23 items, indicating that many
semantic IDs become effectively item-specific. The 128-
codebook configuration provides an intermediate operating
point, with an estimated 285.0 items per D1 cluster and 1.48
items per full-depth cluster.

Overall, these results motivate using a moderate code-
book size when constructing a semantic-ID benchmark: the
codebook must provide sufficient capacity to separate fine-
grained products while retaining meaningful item sharing
within semantic-ID prefixes. In our benchmark construc-
tion, we therefore use the codebook configuration size of
64 which provides the desired balance between semantic
purity and cluster density.

8.0.2. Query Generation Methodology.
Signature construction. For each semantic-ID prefix,
we derive attribute signatures using combinations of
masterCategory, subCategory, articleType,
brandName, baseColor, gender, usage, price,
and productDisplayName. We construct two comple-
mentary signature sets. Discriminating signatures identify
highly specific cluster characteristics, requiring at least 10%
cluster coverage and 90% precision against the full cata-
log; the top eight are retained based on exclusivity, pre-
cision, and coverage. These signatures guide query gen-
eration toward attributes that distinguish the target cluster
from its siblings. Coverage signatures require at least 5%
coverage and 50% precision, with the top 20 retained, and
are used to ensure that queries collectively cover the ma-
jor product types within the cluster. The primary product-
type axis is selected as the most specific attribute whose
dominant value provides the highest cluster purity, with
masterCategory as the fallback.

Query generation. For each qualified prefix, the Gemini
prompt combines fixed generation instructions with cluster-
specific evidence. The instructions require natural and
complete-sentence queries, coverage of all product types
accounting for at least 5% of the cluster plus a catch-all
for minority types, and discrimination from sibling clusters.
Queries are grounded in productDisplayName and de-
scription language while avoiding queries based solely on
an attribute value unless that value is shared by all clus-
ter items. The prompt further provides the major product
types and their frequencies, sibling-level attribute contrasts,
and a structured DATA CONTEXT containing the prefix
metadata, attribute signatures, attribute distributions, parent
statistics, and sibling differences.

Query Generation Prompt.

You are an expert analyst of
hierarchical fashion semantic



Table 6. Cluster fragmentation as a function of codebook size.

64 128 256
Level Clusters Items/Cl. Clusters Items/Cl. Clusters Items/Cl.

D1 44 823.9 156 285.0 267 166.5
D2 3,378 219.2 10,378 48.28 17,378 3.56
D3 23,956 79.5 30,045 13.48 36,122 1.23

ID clusters and a specialist in
e-commerce search behavior.

Your task is to understand what a
given semantic prefix represents
by analyzing: - High-precision
attribute signatures (combinations
of attributes strongly associated
with the prefix) - Differences from
its parent cluster (what makes it
more specific) - Differences from
sibling clusters (what makes it
unique and non-overlapping)

Based on this, infer the underlying
product concept that this prefix
encodes.

Then generate natural-language user
queries that a real shopper would
type into a fashion recommendation
system (e.g., Myntra, Amazon,
Flipkart). These queries must:

1. Sound natural and human-like
(NOT attribute lists like
’color=black AND material=leather’).
2. Reflect real shopping intent
(style, occasion, product type,
etc.). 3. Be phrased properly.
4. Be EXHAUSTIVE: the set of
queries must collectively retrieve
EVERY item in the prefix group.
- Generate at least one distinct
query for each major product type
(>5% share) listed in the coverage
section. - Add a broad catch-all
query to cover minor types (<5%
share) that are not individually
addressed. 5. Be EXCLUSIVE: no
query should retrieve items from
sibling prefixes or from outside
this cluster. - For every query,
verify it cannot be satisfied by the
dominant attributes of each sibling
listed in the exclusivity section.
- Use target-only discriminating
attributes as anchors wherever
possible. 6. Prefer commonly used
fashion terminology over internal
attribute names. 7. Ground each

query in the dominant phrases from
description/productDisplayName to
make the intent explicit. 8. Never
use a single attribute value unless
100% of items share it; describe
multi-value ranges collectively.

Additional guidelines: - Use
attribute signatures to ground the
meaning. - Use parent deltas to
explain what makes this cluster
more specific than its parent.
- Use sibling contrasts and the
exclusivity constraints below to
sharpen boundaries.

Return ONLY a valid JSON object
(no markdown fences, no extra
text) with these keys: {
"insights": "<concise explanation
of what this prefix represents>",
"user_queries": ["<query 1>",
"<query 2>", ...], // 6-12 queries,
covering all major AND minor
product types "delta_vs_parent":
"<key ways this prefix is more
specific than its parent>",
"delta_vs_siblings": "<key
distinguishing factors vs sibling
prefixes>", "validation_checks":
["<rule 1>", ...], // one
rule per major product type
confirming coverage; one rule per
sibling confirming exclusivity
"coverage_map": {"<product_type>":
"<which query covers it>", ...} //
explicit mapping from each major
product type to the query index that
covers it }

EXHAUSTIVE COVERAGE REQUIREMENT --
this prefix contains {N} distinct
product types: • {value}: {pct}%
({count} items) ← MUST be reachable
by at least one query ... •
Minority types (<5% each): {names}
← cover collectively with a broad
query

EXCLUSIVITY CONSTRAINTS -- your
queries must NOT retrieve items



from these sibling prefixes:
Sibling {prefix} ({size} items)
Contains: {top_categories}
Sibling-only attributes (avoid
these in target queries): {attr=val
(+Xpp in sibling); ...} Target-only
attributes (safe anchors for
exclusivity): {attr=val (+Xpp
in target); ...} ... For EVERY
query you write, verify it would NOT
match the dominant attributes of the
sibling prefixes above.

DATA CONTEXT: {json:
target_prefix.metadata,
target_prefix.blueprint,
target_prefix.discriminating_signatures,
target_prefix.coverage_signatures,
target_prefix.common_attributes,
target_prefix.full_attribute_distribution,
parent.record,
parent.category_deltas_vs_parent,
parent.numeric_deltas_vs_parent,
sibling_comparisons}

Generation and validation. Queries are generated us-
ing gemini-2.5-flash with temperature 0.2 and top-
p = 0.8. The requested output contains an interpreta-
tion of the cluster, 6–12 user queries, parent/sibling differ-
ences, validation checks, and an explicit product-type-to-
query coverage_map. Responses are parsed using struc-
tured JSON extraction with a free-text fallback to preserve
valid queries from partially malformed outputs. The re-
turned coverage map is subsequently compared against the
required product-type set, and uncovered types are recorded
as coverage gaps.

Prefix qualification. To ensure that query generation op-
erates on semantically coherent groups, a prefix is pro-
cessed only when its articleType purity is at least 0.80
and its cluster contains at least two items. Prefixes failing
either criterion are excluded from generation.

8.0.3. Per-task Benchmark Statistics
Table 1 in main paper reports aggregate statistics for
Fashion-RQBENCH; here we break these down per evalu-
ation task and report the relevance-label balance, attribute-
tag taxonomy, and catalog coverage underlying each task.

Table 7. Per-task composition of Fashion-RQBENCH. All queries
are anchored at level-3 (leaf) clusters; Task 1 and Task 4 share the
same 2,477 anchor queries (Task 4 paraphrases each one 2–10×).

Task # Queries # Pairs/Cands Cands per Query Leaf Clusters Query Length

T1: Ranking 2,477 36,782 12–15 (mean 14.8) 416 3–26 words (mean 10.1)
T2: Relevance Classification 2,477 19,731 7–8 (mean 8.0) 416 3–26 words (mean 10.1)
T3: Sibling Discrimination 1,968 9,801 4–5 (mean 5.0) 331 3–26 words (mean 10.1)
T4: Query Robustness (Paraphrase) 416 groups 2,477 queries 12–15 (mean 14.9) 416 2–10 paraphrases/group (mean 6.0)

Relevance-label balance. Across the ranking and classifi-
cation tasks, candidates are drawn with near-uniform cov-
erage of the four relevance tiers (Exact / Sibling / Related /
Irrelevant), avoiding trivial class-imbalance shortcuts:

Table 8. Relevance-label distribution over (query, candidate) pairs.

Task Exact Sibling Related Irrelevant

T1: Ranking (36,782 pairs) 20.2% 25.9% 26.9% 26.9%
T2: Classification (19,731 pairs) 25.1% 24.7% 25.1% 25.1%

Attribute-tag taxonomy. Each ranking query is anno-
tated with 0–8 attribute tags (mean 3.8) drawn from a
10-way taxonomy, with the following coverage over the
2,477 queries: product_type (2,475), gender (1,892), oc-
casion (1,349), brand (945), style_tags (896), color (845),
age_group (627), pattern (156), material (153), price_hint
(80).
Sibling discrimination. Each of the 1,968 queries pairs ex-
actly one correct item against 3–4 distractor clusters (mean
3.89) sampled from neighboring leaf clusters, yielding 4–5
candidates per query — a harder, lower-cardinality setting
than Task 1/2 designed to isolate fine-grained (sibling-level)
confusability.
Catalog coverage. The benchmark draws from the full
44,446-item catalog with broad metadata diversity: sam-
pled items span masterCategory {Apparel: 7,622, Acces-
sories: 6,760, Footwear: 3,699, Personal Care: 1,570, Free
Items: 73, Sporting Goods: 7} (Task 2 pairs) and gen-
der {Men: 8,996, Women: 8,913, Unisex: 1,279, Boys:
284, Girls: 259}, with price ranging $90–$17,995 (median
$1,199, mean $1,744). Across all four tasks, the benchmark
touches 8,841 unique items (19.9% of the catalog) as either
queries’ anchor items or candidates/distractors.

8.0.4. Attribute-Level Relevance Scoring
This section details the comparator ma(q, p) used for each
attribute a ∈ A(q) in weighted query relevance section of
the main paper. All soft-text comparators use cosine sim-
ilarity between Marqo-FashionCLIP [16] text embeddings
of the compared strings, denoted sim(·, ·). When a product
lacks a structured value for an expressed query attribute, the
comparator returns a neutral score of 0.5 rather than 0, so
that missing catalog metadata is not conflated with an actual
mismatch.

Product type. A hierarchical comparison against
the product’s full category path masterCategory >
subCategory > articleType. If the query’s
product-type string occurs as a substring anywhere
in the lower-cased path, the score is floored at
0.85 (refined upward by sim against the leaf cat-
egory when available). Otherwise, ma(q, p) =
max

(
maxℓ∈levels sim(qa, ℓ), sim(qa, full path)

)
, i.e.



the best similarity across the three individual hierarchy
levels and the concatenated path.

Gender. Categorical, after synonym normalization (e.g.
"men", "man", "male", "boys" → male). Exact match after
normalization scores 1.0; a query or product value of uni-
sex against the other gender scores 0.7; any other mismatch
scores 0.1.

Age group. Ordinal, over the ordered scale
{baby, toddler, kids, adult} (Myntra’s ageGroup field,
e.g. "Adults-Men", is reduced to this scale by keeping
only the age segment). Exact match scores 1.0; oth-
erwise the score decays linearly with ordinal distance,
max(0, 1 − 0.35 | idx(qa) − idx(pa) |); a value outside the
ordered scale scores 0.3.

Color. Perceptual CIE76 ∆E distance in CIELAB [35]
space between a query color and a product color, computed
via a curated dictionary of ∼90 named colors mapped to
representative sRGB values. Identical color strings score
1.0 directly. When both values resolve to a known color,
ma(q, p) = max(0, 1 − ∆E/120), taking the maximum
over all query×product color pairs. When either color is not
in the dictionary, the comparator falls back to sim(qa, pa).
If the product has no structured baseColor, the query color
list is instead compared against the product description text.

Material, occasion, pattern, style. These four attributes
share one comparator shape: the product’s value list is
parsed from the semi-structured articleAttributes field (fab-
ric/pattern/fit/occasion keys) and, when that yields noth-
ing, backfilled by matching a curated domain vocabu-
lary (e.g. pattern terms like "floral print", "polka dot";
style/fit terms like "slim fit", "off shoulder"; occasion
terms like "business casual", "loungewear") against the
product title and description. Given the resulting product
value list, ma(q, p) = maxv∈qa, u∈pa sim(v, u) over all
query×product value pairs. If the product has no values
for the attribute at all, qa is instead compared against the
raw description (and, for occasion/pattern/style, the full cat-
egory path) text as a single string.

Brand. Case-insensitive exact-or-substring match against
the catalog’s brand field: ma(q, p) = 1.0 if either string
contains the other, else 0.0.

Price hint. Both query and product price are bucketed
into three tiers (budget / mid-range / premium) using INR
thresholds (< 700, 700–2000, > 2000, from the catalog’s list
price). Matching tiers score 1.0; any mismatch scores 0.3

(rather than 0, since adjacent price tiers are a much smaller
miss than an unrelated product).

Optional visual grounding. When enabled, prod-
uct_type, color, pattern, material, occasion, and style
additionally probe a FashionCLIP image embedding
of the product photo with a short attribute-specific text
prompt (the attribute value plus the query’s product type as
context, e.g. "striped shirt"), and the attribute’s final score
is max(mtext

a (q, p), mimage
a (q, p)) — letting either signal

recover from a missing or noisy metadata field.

Aggregation. For a given query, only the subset of at-
tributes A(q) actually expressed in that query’s structured
representation contribute to its relevance score; the cor-
responding cross-encoder weights wa are renormalized to
sum to 1 over A(q) before the weighted sum is taken.
A query with a multi-intent structured representation (e.g.
a gift-set query implying several distinct product asks) is
scored against every intent variant independently, and the
best-matching variant’s score is kept — a retrieved product
is credited if it satisfies at least one of the query’s intents
well.

8.0.5. Cross-Encoder-Based Attribute Importance Esti-
mation

We estimate attribute-level importance using a cross-
encoder trained on real fashion search interactions. The
cross-encoder serves as an independent relevance oracle, al-
lowing us to derive attribute weights without relying on the
retrieval systems or evaluation metrics being compared in
Fashion-RQBENCH. We use two complementary estima-
tion procedures: a controlled matched-pair ablation and an
independent regression-based cross-check.

Cross-encoder oracle. We train a cross-encoder using
the ModernBERT-large [50] architecture on a combination
of proprietary internal relevance dataset (prop-rel) and a
fashion-filtered subset of ESCI [34]. The model predicts
binary query–product relevance, and we use its raw out-
put logit as the relevance score. As ESCI’s US-locale
subset spans fashion and non-fashion domains, we filter
it to (query, product) pairs whose title or description con-
tains fashion-specific keywords, treating products labeled
exact for a given query as relevant and those labeled sub-
stitute, complement, or irrelevant as irrelevant; a query may
be paired with multiple products, yielding multiple query-
product pairs. Combining this ESCI-filtered subset with
prop-rel gives 539,849 training samples over 44,670 unique
queries and 58,792 validation samples over 4,985 unique
queries. Of the training queries, 14,467 (32.4%) come from
the ESCI-filtered set and 30,203 (67.6%) from prop-rel;
the validation split has an analogous 1,611 (32.3%) / 3,374



(67.7%) split. At the (query, product) sample level, ESCI
accounts for 251,100 (46.5%) of training data and 27,876
(47.4%) of validation data, with the remainder — 288,749
(53.5%) train, 30,916 (52.6%) val — from prop-rel.

We initialize the model from a checkpoint [28] pre-
trained on sentence similarity, and represent product text
as "name |brand |gender |color |materials |description". The
model is trained with binary cross-entropy loss, mean pool-
ing, label smoothing (ϵ = 0.1), and batch size 512. On our
internal test set of 2,353 unique queries and 12,619 query-
product pairs (positive rate 0.632), with threshold=0.5, the
cross-encoder achieves 0.818 ROC-AUC and a Brier score
of 0.162, versus 0.233 for a baseline predicting the marginal
positive rate for every pair.

We validate the oracle on a manually constructed san-
ity set of 100 query–product examples covering multiple
attributes. The model achieves a relevant–irrelevant prob-
ability margin of 0.616 and pairwise ranking accuracy of
97.0%, exceeding our validation criteria of 0.15 and 75%,
respectively.

Attribute annotations. Item-level attributes are obtained
independently from the public Myntra fashion catalog [2].
Product type, gender, age group, color, and usage/occasion
are obtained from structured metadata, while material and
pattern are extracted from the attribute text. Price is dis-
cretized into budget, mid-range, and premium categories.
Query-side attributes are obtained from naturally occurring
enriched queries. Query and item attributes are canonical-
ized using the same normalization procedure before com-
puting attribute matches.

Matched-pair ablation. For each attribute a, we con-
struct matched “twin” item pairs that agree on relevant con-
trol attributes but differ in a. Given a query specifying value
v1 of attribute a, the two items are scored by the cross-
encoder and their logit difference is computed as

∆i = sCE(qi, x1)− sCE(qi, x2). (8)

We additionally score each twin pair against randomly sam-
pled queries to obtain a null distribution. For each at-
tribute, we report the mean logit difference, a twin-pair-
clustered 95% bootstrap confidence interval using 2,000 re-
samples, sign consistency, and a distinguishability-from-
null diagnostic. Confidence tiers reflect both sample size
and whether the confidence interval excludes zero. Results
are shown in Table 9.

Regression cross-check. As an independent validation,
we construct query–product pairs from real queries and en-
code each attribute as fa ∈ {1, 0, 0.5} for match, mis-
match, and unspecified, respectively. After standardizing

the ten attribute features, we fit a Ridge regression [46]
to the cross-encoder logits using N = 6,205 pairs. The
regression achieves R2 = 0.490. Variance inflation fac-
tors (VIFs) [26] between 1.00 and 1.10 indicate negligible
multicollinearity among the attribute features. The regres-
sion coefficients, VIFs, and resulting blended weights are
reported in Table 10.

Weight construction. For each method, negative esti-
mates are clipped to zero and the resulting values are nor-
malized to sum to one. We compute the Spearman rank cor-
relation between the two sets of raw estimates as an agree-
ment measure. The final attribute weight wa is obtained
by averaging the two normalized weight vectors and renor-
malizing the result to sum to one. These weights are sub-
sequently used by the attribute-aware relevance metric in
Section 3 of main paper.

8.0.6. Baseline Models and Implementation Details
8.1. Baseline Model Configurations
We evaluate 12 retrieval baselines spanning four archi-
tecture families—lexical, learned-sparse, multi-vector late-
interaction, and dense single-vector models—following the
taxonomy of Kamalloo et al. [17]. All models are evaluated
as frozen, off-the-shelf checkpoints without task-specific
fine-tuning. The exact configurations used for each base-
line are provided in Tables 11–13.
†The base T5-large hidden size is 1024; the model’s built-in
projection head produces 768-dimensional embeddings.
‡auto EOS handling was empirically verified against the
tokenizer for Qwen3-Embedding-0.6B and the same policy
was applied to the 4B and 8B checkpoints without indepen-
dent re-verification. §For E5-Mistral-7B-Instruct, EOS is
appended once manually after truncation. .

9. User Study Additional Details
Query sources. We evaluated three blinded query
sources, with 20 queries per source (N = 60): RQBENCH
sampled our generated queries; CHAT, real user shop-
ping queries filtered by majority-vote intent labels (≥ 2/3
LLM judges), scope, length, deduplication, and manual
NSFW/PII screening; and LLM, unconditioned, persona-
free shopping-query generations without dataset condition-
ing or few-shot examples. For RQBENCH, 20 queries were
randomly sampled (seed 42). CHAT and LLM were simi-
larly sampled from curated pools of 50 using seed 42. All
60 queries were then randomly interleaved (seed 2026), as-
signed hidden IDs, and presented without source labels.

Rating protocol. Each query was rated independently on
two 5-point Likert scales: naturalness (1 = very unnatu-
ral/scripted, 5 = very natural) and intent clarity (1 = very



Table 9. Controlled matched-twin-pair ablation using the cross-encoder relevance oracle. N denotes the number of query–twin-pair obser-
vations. ∆ is the mean cross-encoder logit difference, and the confidence interval is obtained by resampling twin pairs with replacement.
Sign consistency denotes the fraction of observations having the same sign as ∆.

Attribute N ∆ 95% CI Sign Consistency

Product Type 561 0.579 [0.440, 0.713] 0.78
Gender 730 0.730 [0.625, 0.838] 0.80
Age Group 129 0.737 [0.537, 0.951] 0.83
Color 786 0.926 [0.828, 1.025] 0.86
Material 259 0.589 [0.384, 0.796] 0.75
Occasion 952 0.072 [−0.010, 0.153] 0.53
Pattern 282 0.581 [0.342, 0.830] 0.71
Style Tags 6 0.002 [−0.274, 0.513] 0.50
Brand 633 1.409 [1.282, 1.537] 0.90
Price Hint 172 0.242 [0.046, 0.433] 0.60

Table 10. Regression-based attribute importance and final blended
weights. Ridge coefficients are estimated from cross-encoder log-
its. VIF measures multicollinearity among attribute features.

Attribute Ridge Coef. VIF Final wa

Product Type 0.467 1.10 0.290
Gender 0.125 1.06 0.127
Age Group 0.006 1.00 0.066
Color 0.114 1.01 0.138
Material 0.026 1.02 0.063
Occasion 0.004 1.02 0.008
Pattern 0.021 1.00 0.060
Style Tags 0.024 1.02 0.012
Brand 0.177 1.02 0.211
Price Hint 0.006 1.00 0.024

Table 11. Lexical, learned-sparse, and multi-vector retrieval base-
lines.

Model Scoring Key Hyperparameters

BM25 [36] Sparse lex-
ical

k1 = 1.2, b = 0.75; English
stopwords; Porter stemmer

SPLADE++
EnsembleDis-
til [10]

Learned
sparse

max_seq_len=512;
batch size=64;
max(log(1 + ReLU(·)))
over MLM logits; vocabu-
lary size=30,522

ColBERTv2 [37] Multi-
vector
MaxSim

128 dimensions/token;
query_maxlen=32;
doc_maxlen=180; FP16
with FP32 MaxSim accu-
mulation; batch size=128

vague, 5 = very clear/specific). Raters were explicitly in-
structed to treat the dimensions independently.

Table 12. Dense single-vector retrieval baselines with non-LLM
backbones.

Model Dim. Pooling Max Seq. Len

Contriever-MSMARCO [14] 768 Mean 512
RoBERTa-large [21] 1024 Mean(first + last layer) 512
SimCSE-sup (RoBERTa-large) [52] 1024 pooler_output (CLS) 512
Sentence-T5-large [29] 768† Mean + Dense(1024→768, tanh) 256

Table 13. LLM-backbone embedding baselines. All models use
last-token pooling, bfloat16, and ℓ2 normalization. Queries
are prefixed with “Given a fashion product search query, retrieve
relevant product listings that match the query”, while documents
are unprefixed.

Model Params. Dim. Max Seq. Len EOS Policy

Qwen3-Embedding-0.6B [42] 0.6B 1024 8192 auto‡

Qwen3-Embedding-4B [42] 4B 2560 8192 auto‡

Qwen3-Embedding-8B [42] 8B 4096 8192 auto‡

E5-Mistral-7B-Instruct [48] 7B 4096 4096 manual§

SFR-Embedding-Mistral [27] 7B 4096 4096 auto

Participants and reliability. Thirty-two raters evaluated
all 60 queries on both dimensions, yielding valid ratings
after removing unparseable responses. Cronbach’s α was
0.977 for naturalness and 0.969 for intent clarity.

Statistical analysis. For each dimension, we performed a
Kruskal–Wallis omnibus test followed by pairwise Mann–
Whitney U tests for all three source pairs. Pairwise p-values
were Holm-corrected, with α = 0.05.

Qualitative examples. Representative naturalness scores
(lowest/highest) were: RQBENCH, ‘Casual black or brown
sunglasses.” (3.10) / ‘Celine Dion brown sunglasses.”
(4.03); CHAT, ‘Put me in a dusty pink lilac saree with
like 50% sheer flowy fabric and a light golden blouse with
straps sweetheart neckline.” (2.52) / ‘Silk gown.” (4.23);
and LLM, ‘Can you show me some elegant evening gowns



for a black-tie event?” (2.77) / ‘Show me some stylish hand-
bags for everyday use.” (4.33).

Representative intent-clarity scores (lowest/highest)
were: RQBENCH, I want to buy a perfume gift set.” (3.37)
/ Show me Celine Dion brown sunglasses.” (4.31); CHAT,
Dark green pieces.” (1.66) / Put me in a dusty pink lilac
saree with like 50% sheer flowy fabric and a light golden
blouse with straps sweetheart neckline.” (4.00); and LLM,
I need a dress that transitions from day to night.” (2.33) / I
want a raincoat that’s both stylish and waterproof.” (4.29).
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