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Abstract

Contrastive fine-tuning of a single embedding
model across heterogeneous retrieval tasks is
challenging when the tasks differ in label struc-
ture. In product-compliance retrieval, some
tasks have multi-label supervision — every
item carries a set of compliance categories,
and many in-batch items share at least one cat-
egory with the query, producing frequent in-
batch false negatives. Other tasks (e.g., cross-
catalog product matching) have no category la-
bels: each query has one canonical match. Ex-
isting multi-label contrastive methods require
every batch item to carry comparable labels, so
they cannot serve a single embedding model
trained on both label-bearing and label-free
tasks. We propose label-aware false-negative
exclusion: a zero-cost binary mask on the In-
foNCE denominator that drops same-label can-
didates from the negative set rather than includ-
ing them to positives. The mask has no effect
on label-free items, so the same loss handles
both task types. A 0.6 B-parameter embedding
model fine-tuned this way handles four retrieval
tasks simultaneously, lifting average Recall by
49% (0.489 — 0.729) and matching the 13x
larger off-the-shelf Qwen3-Embedding-8B at
32x lower embedding dimensionality. Fine-
tuning further enables learned query fusion:
concatenating regulatory text with an exam-
ple product, which hurts retrieval before fine-
tuning, becomes the strongest query type after,
beating either alone by 6—11%.

1 Introduction

Modern e-commerce platforms list very large num-

bers of products across many marketplaces, where

three problems recur. (1) Regulatory compli-

ance — items legal in some jurisdictions are re-

stricted in others (e.g., kangaroo-meat products

cannot be sold in California '), so the catalog must
* Equal contribution.

! California Penal Code §6530; see https://california.
public.law/codes/penal_code_section_6530.

be screened against the rules of each marketplace.
(2) Cross-catalog product matching — supplier
and partner-feed listings must be linked to their
counterparts in the internal catalog, a long-standing
entity-resolution problem in e-commerce (Peeters
et al., 2023). (3) Variation-family grouping —
products that are functionally identical but differ in
non-functional attributes (e.g., color, size) should
be linked into a single family. All three reduce to
retrieval over the internal catalog: given a query (a
SOP 2, an external listing, or a reference product),
return the matching items.

At catalog scale, the standard solution is a fun-
nel: a cheap, high-recall candidate generator (typ-
ically combining keyword/rule-based filters with
embedding-based retrieval) narrows the catalog be-
fore a downstream high-precision model makes the
final decision. A single shared embedding model
across the three retrieval settings is desirable, but
training one model jointly via in-batch contrastive
learning exposes a structural mismatch in how the
tasks are labeled. Regulatory retrieval is multi-
label — each product carries a set of compliance
categories, so within any batch many items share a
category with the query, turning most in-batch neg-
atives into false negatives. Cross-catalog matching
has no category labels: each external listing maps
to one canonical internal product. Existing multi-
label contrastive losses require every batch item to
carry comparable labels, so they cannot serve a sin-
gle embedding model trained on both label-bearing
and label-free tasks.

We fine-tune a single Qwen3-Embedding-
0.6B (Zhang et al., 2025) model on four retrieval
tasks via task-aware instruction prompts (Fig. 1).
The core method is label-aware false-negative ex-
clusion: in-batch items that share a compliance
label with the query are removed from the negative

2SOPs are structured natural-language specifications that
operationalize each regulation for retrieval, defining the regu-
latory category and its scope (mock-up in Appendix C)
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Figure 1: Overview of the heterogeneous retrieval system. A single embedding model unifies four retrieval tasks —
three category-level retrieval tasks (returning all products in a compliance category) and one cross-catalog matching
task (linking one external listing to its internal counterpart) — through task-aware instruction prompts over a shared
embedding space. Training has two stages: full fine-tuning with label masking and hard negatives (Stage 1), then

LoRA adaptation on synthetic external—product pairs (Stage 2).

set (a zero-cost binary mask on the InfoNCE de-
nominator), rather than included to additional posi-
tives as in multi-label contrastive losses. The mask
has no effect on label-free items, so the loss reduces
to standard InfoNCE wherever no labels apply,
making the method directly compatible with mixed-
label batches. Combined with hard negative min-
ing (de Souza P. Moreira et al., 2025), controlled
lexical diffusion, and two-stage training, our fine-
tuned Qwen3-Embedding-0.6B (Zhang et al., 2025)
improves average recall by 49% (0.489 — 0.729).

The closest line of work is multi-label supervised
contrastive learning (MulSupCon (Zhang and Wu,
2024) and follow-ups (Wei et al., 2024; Audibert
et al., 2025; Lan et al., 2026)), which treats label-
overlapping items as additional positives — pulling
all same-category items together. We use the same
multi-label signal more conservatively: shared la-
bels are reliable enough to mask false negatives,
but not to designate new positives. Two products
sharing a compliance category may differ in brand,
regulatory boundary, etc., so forcing them together
blurs distinctions retrieval ranking depends on. Ex-
clusion also fits our heterogeneous batches: on
label-free tasks the mask has no effect, while on
label-bearing tasks it removes false negatives with-
out category clustering. Empirically, exclusion
beats multi-positive inclusion on every task (§5),
with the largest gap on instance-level retrieval. Soft-
ening inclusion does not close that gap: graded vari-
ants that give label-overlapping items a similarity-
weighted partial-positive weight, or re-weight pairs
adaptively, still trail exclusion by 3.3% and 4.1%
average recall (Appendix G.3). Handling false neg-
atives itself is well studied in contrastive learning,

identifying them from an assumed class prior or
from embedding similarity (Appendix A). We in-
stead identify them from ground-truth label overlap,
which costs nothing to compute and catches false
negatives that the current model scores as dissim-
ilar — precisely those similarity-based detection
misses early in training.

Our Contributions are (1) Label-aware false-
negative exclusion Excluding label-overlapping
items from the InfoNCE denominator yields up to
5.7% retrieval gain at zero compute cost, naturally
handles mixed-label batches by reducing to stan-
dard InfoNCE when labels are absent, and outper-
forms multi-positive inclusion on every task (§5).
(2) Unified heterogeneous retrieval. A single fine-
tuned 0.6 B-parameter embedding model serves
three category-level retrieval tasks and one cross-
catalog matching task, matching or exceeding
the 13x larger off-the-shelf Qwen3-Embedding-
8B at 32x lower embedding dimensionality (§4).
(3) Learned query fusion. Combining regulatory
text with an example product as a single query
hurts retrieval in the base model but becomes
the strongest query type after fine-tuning, outper-
forming either query type alone by 6—-11% (§4.3).
(4) Zero-shot transfer. Variation-family retrieval
improves by +16% Recall @ 100 despite being un-
seen during training (§4.2).

2 Training Framework

Base model and multi-task batching. We adopt
Qwen3-Embedding-0.6B (Zhang et al., 2025),
which produces 1024-dim L2-normalized embed-
dings and supports 100+ languages. The size
is a pragmatic trade-off: evaluation over very



large item indexes makes larger embedding mod-
els prohibitive at inference. We train on all four
tasks simultaneously using heterogeneous batching
with task-proportional sampling; the loss is com-
puted over the combined batch rather than per-task
sub-batches, since well-blended batches avoid the
“zigzag” gradient updates of alternating-task train-
ing (Lee et al., 2025).

2.1 Label-Aware False Negative Exclusion

As discussed in §1, multi-label structure causes
same-category items to co-occur frequently within
a training batch, and standard contrastive losses
treat them as negatives. Prior multi-label con-
trastive methods (Zhang and Wu, 2024; Wei et al.,
2024; Audibert et al., 2025) address this by includ-
ing label-overlapping items as additional weighted
positives. We take the opposite approach: we ex-
clude them from the negative set and keep a single
designated positive per query. We show in §5 that
this exclusion strategy consistently outperforms
multi-positive inclusion and other variants.

Contrastive loss. For each training instance %
with query g;, positive document dj, and K mined
hard negatives {d;, }}* |, we adopt the modified
InfoNCE loss (Van7 den Oord et al., 2019) used in
Qwen3-Embedding training (Zhang et al., 2025):

L; = —log(er(qi,d) | Zi) (1)

where e (a,b) = exp(s(a,b)/7), s(-,-) denotes
cosine similarity, 7 is the temperature, and Z; sums
over the positive, K hard negatives, and all in-batch
items used as additional negatives:

k

+ Y [mlai, dy)e(gi, dy)

JF#i
+ m(qs, q5)e(q, q;)
+m(d;,dj)e(d;,d;)] (2)

Concretely, g; is the task-aware query (a SOP, a
known compliant product, or an external-catalog
listing, depending on the task), d;’ is the canonical
matching product, and the in-batch items in Z; are
queries and documents drawn from any of the four
training tasks (§3).

The false-negative problem. By default
(m(a,b) = 1 for all pairs), every non-paired
in-batch item acts as a negative. In our multi-task

setting, items from the same compliance category
frequently co-occur within a batch, turning true
positives into false negatives that the loss actively
pushes apart. Multi-label structure compounds
this: a single item may belong to multiple classes
simultaneously, so the probability that two random
in-batch items share at least one label grows with
label cardinality.

Label-aware mask (illustrated in Fig. 5). We
introduce a binary mask m(a, b) into the denomi-
nator of Eq. (2). If items a and b share at least one
compliance label, b is excluded from the negative
set for a:

m(a> b) = (3)

1 otherwise

{0 it Y(a) N Y(b) £ 0

where ) (a) is the set of compliance labels for item
a. For instance-level tasks (External—Product),
the external-feed query has )Y(¢;) = 0, so
m(gi,-) = 1 and the loss reduces to standard
InfoNCE—the desired behavior since false nega-
tives are negligible there. The label sets )(-) come
from internal compliance classifier outputs over
the evaluation catalog, so each evaluated product
carries its multi-label annotation with no additional
manual labeling effort; computing the mask is a
single set-intersection per pair. The mask is ap-
plied only to off-diagonal in-batch pairs (j # ¢ in
Eq. (2)); a query is never compared with itself.

Matryoshka multi-scale loss. The final train-
ing loss wraps Eq. (1) with Matryoshka Rep-
resentation Learning (Kusupati et al., 2024),
computing the contrastive loss at dimensions
{32,64, 128,256,512, 1024} and summing across
scales, enabling reduced-dimensional evaluation
without retraining.

3 Data Pipeline

Task formulation. Our training data is de-
rived from binary compliance categories collected
through an internal labeling pipeline over an
approximately two-year period, spanning mul-
tiple languages and regulatory programs. The
dataset comprises thousands of distinct SOPs,
each with a substantial average number of human-
labeled positive products. A single product
may belong to multiple compliance categories.
We reformulate classification labels as retrieval
pairs: for each SOP, positive products serve
as relevant documents. = We construct three



category-level tasks: SOP—Product (regulatory-
text query), Product—Product (known-compliant-
product query), and SOP+Product—Product (reg-
ulatory text concatenated with an example prod-
uct). We additionally incorporate one instance-
level task, External—Product, linking external-
catalog feed entries to internal-catalog counterparts.
The training set totals 2M unique query—document
pairs; each task uses a task-specific instruction tem-
plate, and documents share a common template
(Appendix D).

Hard negative mining. Hard negatives provide
stronger training signal than random in-batch neg-
atives (Gao et al., 2021), but mining must avoid
false negatives. We adopt positive-aware min-
ing (de Souza P. Moreira et al., 2025) with Qwen3-
Embedding-8B as teacher (a stronger teacher sur-
faces harder negatives), then apply two filters:
(i) a score-based filter that discards any candidate
scoring above s x p (p=0.95), where sT is the
teacher’s query—positive similarity, and (ii) a label-
overlap filter that discards any candidate sharing
at least one compliance label with the query. We
retain the top-2 surviving candidates per query (ab-
lation in §G.1).

Controlled Lexical Diffusion (CLD). Authentic
external-product training pairs are scarce; we aug-
ment them with CLD, a six-stage curriculum where
token-removal probability p rises linearly from 0.0
to 0.15. For positives, CLD removes tokens shared
between external-feed and product listings (set in-
tersection), forcing matching on sparser lexical
overlap; for negatives, it removes tokens unique
to either listing (set difference), making them su-
perficially more similar. Only free-text fields are
diffused; structured attributes (brand, model num-
ber, dimensions) are preserved as stable anchors.

Two-stage training. Stage 1 fully fine-tunes
Qwen3-Embedding-0.6B on all four tasks with
heterogeneous batching and label-aware exclusion
(§2.1). Stage 2 applies LoRA (Hu et al., 2021)
from the Stage 1 checkpoint on CLD-generated
external-product pairs. A separate stage is nec-
essary because CLD’s token perturbations can in-
validate compliance labels, which would corrupt
label masking for category-level tasks if mixed into
Stage 1. LoRA preserves the multi-task represen-
tations while adapting to the augmented external-
feed distribution. Configuration in Appendix F.

4 Experiments

4.1 Evaluation Data, Setup, and Metrics

For category-level retrieval, we hold out 100 SOPs
spanning multiple languages and regulatory pro-
grams, totaling 201K human-labeled products; we
construct SOP, Product, and SOP+Product queries
from these. For instance-level retrieval, we use 49K
human-labeled external—product pairs, plus 48K
human-labeled product variant pairs (functionally
identical products differing only in non-functional
attributes such as color or size); the variant task
is excluded from training to test zero-shot trans-
fer. We evaluate at two scales: a 298K develop-
ment pool (201K category-level + 97K instance-
level products, controlled ablations at full and 128
dimensionality), and a large-scale index (200M
products sampled from a larger internal catalog,
with all instance-level targets guaranteed included).
The large-scale index uses 128-dimensional em-
beddings for computationally constrained retrieval.
The primary metric is Recall@ K. For the 298K
pool, K equals the per-class positive count. For
the large-scale index, K € {100,1000} is fixed.
For instance-level tasks, X =1 reduces Recall@ K
to Hit@ K. For category-level tasks at large scale,
ground-truth labels come from internal compliance
classifier outputs; training and evaluation SOPs
are disjoint, and core findings are validated on the
human-labeled 298K pool.

4.2 Large-scale retrieval

We evaluate our fine-tuned model on a large-scale
item index spanning multiple marketplaces and
languages, using 128-dimensional embeddings.?
Table 1 reports per-stage results across all five re-
trieval tasks.*

Stage 1 vs. Stage 2. Stage 1 drives the dominant
category-level gains, improving Recall@1000 by
+61-224% across the three SOP tasks. Stage 2
adds substantial External—+Product improvement
(R@100: +10.3%) while category-level recall
degradation is less than 3.5% relative from Stage 1.
The final model improves category-level R@1000
by +57-233% over the base and reaches near-
ceiling external-feed retrieval (R@1000=0.972),
all with a 0.6B model at no increase in inference
cost. While absolute category-level recall at fixed

3At this index size, ANN retrieval cost motivates 128-
dimensional embeddings.

*Extended results including comparison with a prior inter-
nal baseline are provided in Appendix H.



Table 1: Retrieval performance on large-scale item index (128d). Stage 1: full fine-tuning; Stage 2: + external-feed
LoRA. TVariation Family task is excluded from training. Bold marks the best result across conditions; Arel compares

the final model (+S2) to the base.

Base +S1 +S2 Arel

Task R@100 R@1000 R@100 R@1000 R@100 R@1000 R@100 R@1000
Category-level retrieval

SOP—Product .024 .079 .088 256 .085 .264 +248%  +233%
Product—Product .100 212 141 342 138 333 +37% +57%
SOP+Product—Product  .064 158 134 362 .143 361 +125% +128%
Instance-level retrieval

External—Product 467 .629 854 924 942 972 +102%  +54%
Product— Var.t 7105 832 .688 .866 818 940 +16% +13%

K=1000 appears modest, the embedding-based re-
trieval serves as a high-recall candidate generator
where K can be set much larger before a down-
stream classifier makes the final decision. The
+233% relative improvement translates directly into
broader coverage. The final model also outper-
forms the prior internal baseline on all five tasks by
+69-281% Recall@1000 on SOP-query tasks, and
+10% on variant retrieval despite never training on
it (Appendix H).

Zero-shot transfer to Product Variation fam-
ily retrieval. The Variation family task retrieves
child products sharing identical grouping attributes
(brand, item form, etc.) but differing in non-
functional themes (size, color), and is excluded
from training. Stage 1 alone yields mixed re-
sults (—2% at R@100), as category-level retrieval
does not require distinguishing individual products
within a class. Stage 2 dramatically improves vari-
ant retrieval (R@100: +16%, R@1000: +13% over
base). external-feed LoRA trains instance-level re-
trieval, aligning one specific external product to
one specific product despite surface-form differ-
ences, precisely the skill that variant identification
requires.

4.3 Development pool analysis

We use a 298K development pool for controlled
analysis of the pipeline, with results shown in Ta-
ble 2. The off-the-shelf Qwen3-Embedding-8B is
reported as a scaling reference, not a scientific base-
line: it is 13X more expensive at inference, which
makes it unsuitable for retrieval over catalogs at
this scale, and it is not fine-tuned. The effect of
the mask is measured separately in §5, where every
model compared is the same fine-tuned 0.6B and
only the loss changes.

Learned query fusion. In the base model, con-
catenating SOP text with an example product hurts

Table 2: Retrieval on 298K pool (Recall@ K, K = per-
class positive count). Superscripts show relative perfor-
mance loss when truncating from full to 128 dimensions.
tUntrained direction. *Off-the-shelf reference. Gemma
in Appendix L.

Full dim 128d

Task Base FT Base FT
Owen3-Emb. 0.6B (1024d)

SOP—Product 367 .697 298 19% 6773%
Product—sProduct 537 668 4967 5% 667 °%
SOP+Product—Product .513 .742 436~ '5% 733~1%
External—Product 538 .809 .410724% 789—2%
Product—SOPY 749 .838 .6307'6% .8192%
Owen3-Emb. 8B* (4096d)

SOP—Product 649 —  547716%
Product—Product 594 —  5657°% —
SOP+Product—Product .692 — .627°9% —
External—Product 802 — 724710% —
Product—SOP' 814 — 735710%

retrieval: Product-only (0.537) > SOP+Product
(0.513) > SOP-only (0.367). After fine-tuning, the
ranking reverses: SOP+Product (0.742) > SOP-
only (0.697) > Product-only (0.668), outperform-
ing either query type alone by 6—11%. The model
learns to fuse complementary signals: the SOP de-
fines what to look for (regulatory scope) and the
example product defines what it looks like (product
attributes), all without any architectural modifica-
tion. This provides a practical few-shot mechanism:
a single example product dramatically improves re-
trieval for new SOPs.

Dimensional robustness. Matryoshka-trained
models support truncation to lower dimensions
without retraining. The superscripts in Table 2
show that base models lose 8-24% per task when
truncated from full to 128 dimensions, while fine-
tuned models lose at most 3%. Fine-tuning concen-
trates task-relevant information into the first few
embedding dimensions, so truncation discards lit-
tle useful signal. This enables 128-dimensional
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Figure 2: SOP-Product cosine similarity distributions. Overlap area (lower is better) reported per panel.

retrieval at 8 x reduced ANN cost with minimal
retrieval degradation.

Reverse retrieval without reverse training. The
model is trained on SOP—Product but never the
reverse. Fine-tuning improves Product—SOP from
0.749 to 0.838 (+12%), surpassing the off-the-shelf
8B (0.814), despite swapped prompt roles never
seen in training. This indicates genuine semantic
alignment rather than prompt-slot memorization.

Fine-tuning vs. model scaling. Our fine-tuned
0.6B matches or exceeds the off-the-shelf Qwen3-
Embedding-8B on all five tasks at full dimension-
ality. At 128d, it still outperforms the 8B at its
full 4096d on four of five tasks (External—Product:
—1.6% relative). The 8B is larger and is used with-
out fine-tuning, so we treat it as a scaling reference
rather than as evidence for our method’s effective-
ness . It answers a different and practical question:
can a fine-tuned small model replace a large model
used off the shelf? This is the choice an industrial
system faces. The effect of the mask is measured
separately in §5, where every model compared is
the same fine-tuned 0.6B and only the loss changes.
For compute-constrained settings where the larger
model is impractical, task-aware fine-tuning of the
0.6B model closes, and in most cases eliminates,
the gap with the off-the-shelf 8B, delivering com-
parable or superior retrieval at 13 x lower inference
cost and 32 x lower index size.

Unified vs. per-task models. An alternative de-
sign is one specialist embedding model per task. In
our setting all tasks retrieve against the same target
- the internal catalog - so a unified model lets the
catalog be embedded and indexed once; Per-task
specialists would instead multiply both embedding
generation and ANN index footprint by the number
of tasks, and re-incur both on every catalog update,
which is prohibitive at the scale of our catalog.

Cross-architecture generalization. To verify
that the gains are not specific to Qwen3, we apply
the same training pipeline to EmbeddingGemma-

0.3B (Vera et al., 2025), an encoder-only model.
Gemma shows comparable improvement (+47%
average category-level Recall@ K vs. +49% for
Qwen3), confirming that the gains stem from the
contrastive framework rather than the model ar-
chitecture. Full results about Gemma are in Ap-
pendix I.

5 Ablation Studies

Table 3 compares three strategies for handling in-
batch false negatives: (1) InfoNCE with label-
aware masking (ours), (2) Vanilla InfoNCE with-
out masking: the identical multi-task fine-tune
with only the mask removed, serving as the multi-
task baseline, and (3) SupCon, which treats label-
overlapping items as additional positives (imple-
mentation in Appendix G.2). SupCon is hard in-
clusion: it assigns every label-overlapping item
full positive weight. To test whether softer inclu-
sion recovers the gap, we additionally evaluate two
graded variants: a soft-label loss that gives the
mined hard negative a partial-positive weight set
by a softmax over query—candidate similarities, and
circle loss (Sun et al., 2020), which adaptively re-
weights pairs by their distance from an optimal
similarity. Both still underperform exclusion and
per-task results and discussion are in Appendix G.3.
Additional ablations are in Appendix G.1 and G.4.

Exclusion outperforms inclusion. SupCon de-
grades every task; the damage is worst on
External—Product (—16.8%) where external-feed
products carry no category labels so SupCon can-
not add positives, yet still distorts the shared em-
bedding space by pulling same-category products
together, destroying the per-product distinctions
instance-level retrieval requires.

Why exclusion wins: embedding geometry. Re-
trieval quality is governed by overlap between posi-
tive and negative cosine distributions (Fig. 2). Sup-
Con reduces overlap from 0.216 (base) to 0.075,
but pulling all same-category items together shifts
negatives rightward nearly as much as positives.



Table 3: Ablation: InfoNCE with label-aware masking (Ours) vs. removing the mask (w/o0) and replacing InfoNCE
with SupCon. Recall@ K, dim=1024. Not directly trained. Ours, w/o, and A% report range over two independent
seeds; A% = (Ours — w/0)/Ours. External—Product and Product—SOP were not part of the two-seed study
(placeholders, to be filled). SupCon is a single-seed main-pool comparison; its Rec. and A% are relative to the

main-pool Ours in Table 2.

Mask vs. no-mask (2 seeds) SupCon
Task Ours w/o Avg A% Rec. Avg A%
SOP—Product .689-.695 .657-.660 -4.9% .662 —5.0%
Product—Product .690-.696  .678-.688 -1.5% .618 —7.5%
SOP+Product—Product .756-.760  .739-.746 2.1% .686 —7.5%
External—Product .806-.809  .79-.794 -2.2% 673 —16.8%
Product—SOP! .839 .825 -1.7% .809 —3.6%

Our method does not pull same-category items to-
gether; it only prevents false negatives from being
pushed apart, concentrating the learning signal on
the designated positive and producing the lowest
overlap (0.058). Retrieval benefits more from clean
positive—negative separation than from category-
cluster compactness. A gradient view makes the
same prediction. With one designated positive,
the entire numerator gradient pulls the query to-
ward that single pair; inclusion spreads this pull
across every same-label positive, weakening the
signal on the true pair, while the resulting category-
cluster contraction drags nearby negatives along so
positive—negative separation barely improves. This
hurts instance-level tasks most, since they must sep-
arate individual products within a category rather
than compact them — consistent with the largest
degradation on External—Product (—16.8%).

Masking provides complementary gains. Re-
moving the mask from InfoNCE degrades every
category-level task, most on SOP—Product where
same-category products co-occur most frequently
in batches and are incorrectly penalized as nega-
tives, and least on Product— Product; the untrained
Product—SOP also benefits. To check that these
gains are not an artifact of a single run, the Ours
columns of Table 3 report range over two indepen-
dent training seeds: the mask’s gain stays clearly
positive on the SOP-query tasks. Masking adds
zero compute cost but reliably improves retrieval
wherever false-negative collisions are frequent.

6 Conclusion

When category-level and instance-level retrieval
tasks coexist in the same training batch, existing
multi-label contrastive methods that include label-
overlapping items as additional positives cannot
be applied uniformly. We show that excluding
false negatives from the contrastive loss is simpler,
cheaper, and strictly better than including them as

positives. A single 0.6B-parameter model trained
with this approach unifies four heterogeneous re-
trieval tasks, matches or exceeds the 13x larger
Qwen3-Embedding-8B at 32x lower dimension-
ality, and generalizes to unseen retrieval tasks ex-
cluded from training. Contrastive fine-tuning also
teaches the model to fuse complementary query
signals, combining regulatory text with an example
product, providing a practical few-shot retrieval
mechanism.

Limitations

We evaluate on e-commerce product compliance;
generalization to other heterogeneous retrieval do-
mains (legal, biomedical) is plausible but unveri-
fied. The label-aware mask assumes reliable multi-
label annotations; noisy or partial labels could
cause it to wrongly exclude informative negatives.
The mask is also less suited to very coarse label
sets: if categories are few and broad, most of a
batch shares a label with the query and is excluded,
leaving too few in-batch negatives to learn from.
Our compliance labels are fine-grained (thousands
of SOPs), so this does not arise here. Large-scale
category-level ground truth comes from internal
classifier outputs, not human annotation; we mit-
igate via the human-labeled 298K pool, but clas-
sifier biases may still influence absolute numbers.
Stage 2 LoRA adapts to a synthetic external-feed
distribution that may differ from real-world feeds
in ways our perturbation does not capture. Finally,
the problem we study is not well represented by
existing public benchmarks: retrieval over a shared
catalog where some items carry multi-label anno-
tations and some tasks carry no shared labels at
all. General retrieval suites (MTEB (Muennighoff
et al., 2023), BEIR (Thakur et al., 2021)) provide
no per-item label sets, and the closest public multi-
label resource (MultiEURLEX (Chalkidis et al.,
2021)) is a classification dataset without a retrieval



pool. We therefore cannot evaluate the mask on
any dataset other than our own, which is why the
cross-domain generalization (e.g., legal, biomedi-
cal) noted above remains unverified. We also can-
not release the internal catalog and its compliance
labels, so our results cannot be independently repli-
cated. Building a public heterogeneous retrieval
benchmark that reflects this setting is future work.

Ethics Statement

Scope of the model. The embedding model stud-
ied in this paper is evaluated only as a high-recall
candidate-generation component in a controlled re-
search setup. It is not a standalone compliance
decision-maker, and the recall numbers reported
here are intended for cross-model benchmarking
under fixed experimental conditions. They should
not be interpreted as operational system recall. In
practical high-recall retrieval settings, a candidate
generator can be configured with larger top-K val-
ues and combined with complementary non-neural
filters before subsequent review or classification.

Data and privacy. Training data is derived from
internal compliance classifications used for this
study. No personal data, customer queries, or seller-
private information are used. All examples in the
paper are anonymized.
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A Related Work

General-purpose text embedding models. Ex-
isting work has produced a family of general-
purpose embedding models trained on large-scale
multi-task mixtures. E5 (Wang et al., 2022) uses
weakly supervised contrastive pretraining over web-
scale text pairs; GTE (Li et al., 2023) extends this
with multi-stage contrastive learning across diverse
NLP tasks; INSTRUCTOR (Su et al., 2023) intro-
duces task-specific instruction prompts so that a
single model handles retrieval, classification, and
clustering without per-task fine-tuning; and NV-
Embed (Lee et al., 2025) adds a two-stage pipeline
that separates retrieval training from non-retrieval
instruction tuning. Our work shares the instruction-
prompted multi-task paradigm but targets a differ-
ent regime: domain-specific fine-tuning on a nar-
row set of compliance retrieval tasks. We show
that a fine-tuned 0.6B model outperforms a 13x
larger general-purpose model, demonstrating that
for specialized retrieval, task-aware fine-tuning is
more cost-effective than model scaling.

Domain-specific embedding  adaptation.
General-purpose embedding models often under-
perform on specialized domains due to vocabulary
mismatch and distributional shift (Thakur et al.,
2021).  Continued pretraining on in-domain
corpora (Gururangan et al., 2020) and contrastive
fine-tuning on domain-specific pairs are common
remedies. Our results extend this line of work:
domain-aware contrastive fine-tuning of a 0.6B
model not only closes the gap with but surpasses
the off-the-shelf 8B model on all domain-specific
tasks, at 13 x lower inference cost and 32 smaller
index size.

Hard negative mining. The quality of negative
examples is critical for contrastive learning (Xiong
et al., 2021; Robinson et al., 2021). de Souza
P. Moreira et al. (2025) introduce positive-aware
filtering, using the positive relevance score as an
upper bound to discard likely false negatives dur-
ing mining. We adopt this strategy with a stronger
teacher model (Qwen3-Embedding-8B) for candi-
date generation and show that combining mined
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hard negatives with in-batch label-aware masking
yields complementary gains.

False negatives and multi-label contrastive
learning. MulSupCon (Zhang and Wu, 2024)
and follow-ups (Wei et al., 2024; Audibert et al.,
2025; Lan et al., 2026) extend SupCon to multi-
label settings, weighting positives by label overlap.
Our contrast with these methods — why exclusion
rather than weighted multi-positive inclusion suits
heterogeneous batches that mix label-bearing and
label-free tasks — is discussed in §1 (paragraph
4) and empirically compared in §5. Beyond multi-
label methods, false negatives in contrastive learn-
ing have also been addressed without class labels:
Chuang et al. (2020) correct the contrastive loss in
distribution, re-weighting the negative term under
an assumed class prior; Huynh et al. (2022) detect
likely false negatives via embedding similarity and
discard or promote them; and de Souza P. Moreira
et al. (2025) filter mined negatives whose teacher
score exceeds a positive-anchored threshold. These
similarity-driven estimates are complementary to
our mask, which uses ground-truth label overlap
and therefore also removes false negatives that the
current model scores as dissimilar — precisely
those that similarity-based detection misses early in
training. Our contribution is thus not false-negative
handling per se, but a label-overlap exclusion mech-
anism that operates in-loss, costs nothing to com-
pute, and degrades gracefully to standard InfoNCE
under heterogeneous label structures.

Few-shot and exemplar-augmented retrieval.
Augmenting queries with exemplar documents has
been explored in retrieval-augmented generation
and few-shot settings (Muennighoff et al., 2024).
We demonstrate that combining regulatory text
with an example product (exemplar-augmented
query) reverses performance from the weakest to
the strongest query type after fine-tuning, providing
evidence for this approach in industrial compliance
retrieval.

Matryoshka representations. Kusupati et al.
(2024) introduce Matryoshka Representation
Learning, training embeddings to be effective at
multiple dimensionalities. Our base model incor-
porates this approach, and we show that domain-
specific fine-tuning preserves and even enhances
this dimensional robustness, enabling 8 x embed-
ding compression with minimal retrieval degrada-
tion.

Negation understanding in language models.
Negation remains a known challenge for language
models and embedding systems (Kassner and
Schiitze, 2020; Ravichander et al., 2022). We pro-
vide empirical evidence that our fine-tuned model
effectively leverages negation information in reg-
ulatory text (e.g., “keywords not of interest” in
SOPs), contrary to common assumptions.

B Problem Setting

Products listed on large e-commerce platforms may
not always satisfy regulatory requirements; iden-
tifying such products is important for customer
safety and platform integrity. This setting requires
matching very large product collections against
many regulatory rules, a scale at which a single
end-to-end classifier is impractical. We study a
retrieval formulation in which a high-recall embed-
ding model narrows the item collection to a candi-
date pool for subsequent classification. Our experi-
ments evaluate whether a compact 0.6B-parameter
model can improve this candidate-generation step
relative to a prior internal baseline, while preserv-
ing low inference and index cost.

C Sop

A structural mock-up of an SOP is shown in Fig. 3,
illustrating the class description, positive keywords,
and negative keywords that define a compliance
category.

I’m interested in classifying products into one of the fol-
lowing categories: Category A

<class_description>

Describe the categories of interest: A natural-language de-
scription of the regulatory category, including its scope, the
kinds of products it covers, and any distinguishing func-
tional or material attributes.

</class_description>

<keywords_of_interest>
Products that should be classified as Category A often con-
tain keywords like [positive keyword 1], [positive keyword

2], ...
</keywords_of_interest>

<keywords_not_of_interest>

Products that should be excluded from this classification
task contain keywords like [exclusion keyword 1], [exclu-
sion keyword 2], . ..

</keywords_not_of_interest>

Figure 3: Mock-up SOP query template. The class
description defines the regulatory category, positive key-
words guide retrieval, and negative keywords explicitly
exclude unrelated products.



D Prompt Design

Fig. 4 shows prompt templates for the five retrieval
tasks.

E Label-Aware Masking

Fig. 5) illustrated the Label-aware mask in an ex-
ample batch.

F Training Hyperparameters

Table 4 reports the complete training configura-
tion. Stage 1 performs full fine-tuning on the
multi-task compliance dataset; Stage 2 adapts
the Stage 1 checkpoint with LoRA on synthetic
external—product pairs.

Table 4: Training hyperparameters. Values reported as

Stage 1/ Stage 2; a single value indicates the setting is
shared.

Hyperparameter Stage 1/ Stage 2
Model
Base model Qwen3-0.6B / S1 ckpt-1000
Training type Full / LoRA
Infrastructure
Nodes x GPUs 8x8/1x8
Per-GPU batch 16
Grad. accum. steps 2
Effective batch 2048 /256
DeepSpeed ZeRO-3 / ZeRO-2
Precision bf16
Optimization
Learning rate 107°/2x107°
LR scheduler Cosine
Warmup ratio 0.01/0.05
Loss function
Loss type Matryoshka InfoNCE
Temperature 7 0.02
Matryoshka dims {32,64,...,1024}

Hard negatives K 2/—

LoRA (Stage 2 only)

Rank / o / drop. —/16/32/0.05
Data
Tasks 4 (excl. var.) / ext.—item

52/.19/7.19/7.10
3072

Task weights (Stage 1)
Max seq. length

Notes. The Matryoshka InfoNCE loss computes
a separate InfoNCE loss at each truncated dimen-
sion d € {32,64,128,256,512,1024} and returns
the unweighted sum. All six dimensions are eval-
uated at every training step. The denominator
(Eq. 2) includes query-to-document (QD), query-
to-query (QQ), and document-to-document (DD)
similarity blocks, following Qwen3-Embedding’s
training formulation (Zhang et al., 2025). An iden-
tity mask sets any in-batch pair with cosine simi-
larity > 0.999 to —oo, preventing near-duplicate
items from acting as false negatives; each query’s

own document block (positive + hard negatives) is
exempt.

Stage 2 disables label masking because the syn-
thetic external-feed data lacks namespace labels,
and omits hard negatives because the synthetic gen-
eration process (Section 3) already controls neg-
ative difficulty through token-level perturbation.
LoRA with rank 16 and a higher learning rate
(2 x 1075) preserves the multi-task representations
from Stage 1 while efficiently adapting to the aug-
mented external-feed distribution.

G Additional Ablations
G.1 Hard Negatives

Table 5 compares 1, 2 and 5 hard negatives per posi-
tive. At checkpoint-1000 (dim=1024), using 2 hard
negatives outperforms 5 on all tasks by a consistent
margin (—0.004 average Recall@ K'). Examining
the training progression reveals that 5 hard nega-
tives provides a slight advantage at earlier check-
points (400-800) but degrades faster, while 2 hard
negatives peaks later and reaches a higher final
performance. This suggests that additional hard
negatives accelerate early learning but introduce
more noise from borderline examples, leading to
faster overfitting. We select 2 hard negatives as the
best trade-off between training signal strength and
stability.

Table 5: Ablation: hard negatives per positive

(Recall@ K, dim=1024, checkpoint-1000). Using 2
hard negatives provides the best trade-off.

Task HN=1 HN=2 HN=5
SOP—Product 0.680  0.695 0.691
Product—Product 0.668  0.696  0.668
SOP+Product—Product  0.738  0.756  0.741

G.2 SupCon variant for ablation

The supervised contrastive (SupCon) variant used
in Section 5 replaces the standard single-positive
InfoNCE objective with a per-label SupCon loss
adapted from Khosla et al. (2020). All items in
the batch (queries, positive documents, and hard
negative documents) are pooled into a single set
of N embeddings. Each item inherits its names-
pace membership labels from the training data:
queries receive query_labels, positive documents
receive pos_labels, and hard negatives receive
neg_labels.

For each namespace label [ present in the batch,
the loss identifies all items sharing that label and
treats them as mutual positives. For anchor ¢ with



(a) Product Index and Query Prompt

Product:

item_name: [product name]
manufacturer: [manufacturer]
product_type: [type code]
product_group: [group code]
item_type_keyword: [type keyword]
[additional structured attributes]

(b) SOP Query Prompt

(c) SOP+Product Query Prompt (Exemplar-Augmented)

Retrieve products that match the following Standard
Operating Procedure (SOP) criteria:

SOP: I’'m interested in classifying products into one of the
following categories: Category B

(class_description)

[abstract description of the category, including its scope
and any distinguishing functional or material

attributes. . . ]

(/class_description)

(keywords_of _interest)

[positive keywords in target marketplace language]. . .
(/keywords_of _interest)

(keywords_not_of _interest)

[exclusion keywords in target marketplace languagel]. . .
(/keywords_not_of _interest)

(d) External Query Prompt

Find products matching the following SOP criteria, using the
provided example match product as a reference match.

SOP: I'm interested in classifying products into one of the
following categories: Category B

(class_description). . . {/class_description)

(keywords_of _interest). .. (/keywords_of _interest)
(keywords_not_of _interest). .. {/keywords_not_of _interest)
Example Match Product:

item_name: [product name]

manufacturer: [manufacturer]

product_type: [type code]

product_group: [group code]

[additional structured attributes]

(e) Variation Query Prompt

Match external catalog products to equivalent products:
Retrieve products that share the same attributes,
specifications, and features as the query product from an
external catalog, prioritizing semantic similarity over
exact keyword matches. Missing information in any attribute
does not disqualify a match as long as there is no explicit
contradiction.

Query Product:

[external catalog product attributes]

Retrieve variant products for the query product:

Two products are variants if they are functionally identical.
Use semantic matching rather than exact string matching when
comparing functional attributes. Color, size, and quantity
are non-functional and may vary within a variation family.
Query Product:

item_name: [product name]

brand: [brand]

bullet_point: [bullet point]. . .

color: [color value]

Figure 4: Prompt templates for the five retrieval tasks. Blue text denotes the system instruction prefix that defines the
task. (a) Product documents are indexed using structured product attributes (shared across all tasks as the retrieval
target). (b) SOP queries contain a category description, positive keywords, and negative keywords in the target
marketplace language. (¢) Exemplar-augmented queries concatenate the SOP with an example matching product,
providing both textual criteria and a concrete reference. (d) External-feed queries match products across external
catalogs via semantic attribute similarity. (e) Variation queries retrieve functionally identical products, ignoring

non-functional attributes such as color and size.

label [, the per-label loss is:

1
L=~

peP ()

exp(z;-2p/T)
OB S exp(zizalT)
“4)

where P;(i) is the set of items sharing label [ with ¢
(excluding 7 itself), and the denominator sums over
all N — 1 other items regardless of label. The per-
label decomposition prevents transitive contamina-
tion: a multi-label item belonging to namespaces A
and B only pulls toward A-members when com-
puting the A sub-loss, not toward B-members. For
instance-level tasks (External, Variation) that lack
namespace labels, the loss degenerates to standard
single-positive InfoNCE.

This SupCon formulation replaces rather than
augments the InfoNCE objective during training.
All other hyperparameters (temperature 7=0.02,
2 hard negatives, 8-node training, Matryoshka di-
mensions) are held constant to isolate the effect of
including same-category items as additional posi-

tives versus excluding them as false negatives.

G.3 Inclusion-family variants: soft-label and
circle loss

SupCon (§5) is the hard form of inclusion: every
label-overlapping item is treated as a full positive.
To test whether graded inclusion — assigning par-
tial rather than full positive weight to items other
than the designated positive — closes the gap to
exclusion, we evaluate two additional objectives
under the identical training recipe as our model.

Soft-label weighting. The soft-label contrastive
loss gives the mined hard negative a partial positive
weight in the numerator, instead of treating it purely
as a negative. For a query ¢ with positive p and hard
negative h, the per-sample loss is the weighted sum
—wy log# — wo logM, where the weights
[wy, wa] = softmax([cos(q, p), cos(q, h)]/Tw) are
computed from the query—candidate cosine simi-
larities and detached from the gradient (7,,=0.1).



Label-Aware Masking Matrix for an Example Batch
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| [ Kept as negative (m(a, b)=1): no label overlap
Il Self (excluded)

Figure 5: Red: excluded (m(a, b) =0, shares >1 label).
Gray: kept as negative. External row: no category labels,
no masking.

When the hard negative is far from the query,
w9 — 0 and the loss reduces to standard InfoNCE;
when it is close, wy grows and the hard negative
receives partial-positive gradient. Inclusion here is
thus soft and self-calibrating, driven by embedding
similarity rather than by label overlap.

Circle loss. Circle loss (Sun et al., 2020) keeps
the same positive and negative pairs but re-weights
each adaptively, applying a larger gradient to pairs
farther from their optimal similarity — an adaptive
rather than fixed weighting.

Results. Table 6 reports Recall@ K on the three
category-level query types, each condition mea-
sured against the matched InfoNCE+mask base-
line. Both variants underperform exclusion on ev-
ery category-level task. On average, soft-label loses
—3.3% and circle loss —4.1% relative Recall @
adding SupCon’s —5.0 to —7.5% on the same tasks
(Table 3), the four objectives order by how aggres-
sively each assigns positive weight away from the
single designated pair: exclusion (none) > soft-
label (a soft weight on the hard negative) > circle
loss (adaptive re-weighting) > SupCon (full weight
on all same-category items).

G.4 Negation keyword ablation

SOPs contain a <keywords_not_of_interest>
field listing terms the compliance category explic-
itly excludes. We train and evaluate a variant with
this field stripped from all SOP queries. Removing
negation keywords degrades average Recall@ K by
—3.6% relative (Table 7), with the largest impact
on SOP—Product (—5.3%), where negation key-

Table 6: Variants vs. exclusion (Recall@ K, dim=1024,
checkpoint-1000, three category-level query types).
S—P: SOP—Product; P—P: Product—Product;
S+P—P: SOP+Product—Product. A% is relative to the
matched InfoNCE+mask baseline (Ours).

Soft-label Circle
Task Ours Rec. A% Rec. A%
S—P 695 656 —5.6% .631 —9.2%
P—P 696 676 —3.0% .683 —1.9%
S+P—P .756 741 —2.0% .740 —2.0%
Average 715 .691 —3.3% .685 —4.1%

words directly constrain retrieval scope. The effect
is consistent across checkpoints, confirming that
the model has learned to leverage negation infor-
mation, challenging the common assumption that
embedding models cannot handle negation (Kass-
ner and Schiitze, 2020).

Table 7: Ablation: removing negation keywords from
SOP queries (Recall@ K, dim=1024).

Task Ours — Neg. KW A%

SOP—Product 0.695 0.674 —3.1%
Product—Product 0.696 0.661 —5.3%
SOP+Product—Product  0.756 0.738 —2.4%

H Extended large-scale results

Table 8 provides the full large-scale evaluation in-
cluding comparison with a prior internal baseline.
Our fine-tuned 0.6B model (Stage 2) outperforms
the prior internal baseline on all five tasks. The ad-
vantage is largest on SOP-query tasks (+69-281%
at Recall@1000), where the prior internal base-
line, which was not trained with SOP-specific con-
trastive objectives, performs below our proposed
model. On external-feed product matching, where
the prior internal baseline was specifically opti-
mized, our model still holds a narrow advantage
(+1.5% at R@1000). On variant retrieval, our
model outperforms the prior internal baseline by
+10% at R@1000 despite never training on this
task, while the prior internal baseline was explic-
itly trained on variation pairs.

I Cross-Architecture Generalization

Table 9 reports results for EmbeddingGemma-
0.3B (Vera et al., 2025), an encoder-only model
with 768-dimensional embeddings, trained using
the same Stage 1 pipeline as Qwen3-0.6B (Stage 2
external-feed LoRA not conducted). Gemma im-
proves average category-level Recall@ K by +47%
relative (0.437—0.642), closely matching Qwen3’s
+48% (0.473—0.702). The per-task pattern is par-



Table 8: Full retrieval results on large-scale item index
(128d). Base = Qwen3-Embedding-0.6B; S1 = Stage 1
(full fine-tuning); S2 = Stage 2 (+ external-feed LoRA);
Internal = prior internal baseline. fVariant task excluded
from our training. Best per row in bold.

Task Metric Base +S1 +S2 Internal

SOP—Product R@100 .024 .088 .085 .019
R@500 .059 .182 .196 .046
R@1000 .079 .256 .264 .069

Product—Product R@100 .100 .141 .138 .133
R@500 .173 .263 .260 .224
R@1000 212 .342 333 .280

SOP+Product—Product R@100 .064 .134 .143 .074
R@500 .122 274 279 .156
R@1000 .158 .362 .361 .214

External—Product R@100 467 .854 942 871
R@500 .582 .906 .966 .938
R@1000 .629 .924 972 957

Product— Var. R@100 .705 .688 .818 .581
R@500 .801 .823 916 .783
R@1000 .832 .866 .940 .855

Table O: Cross-architecture  generalization:
EmbeddingGemma-0.3B (768d), Stage 1 only.
Same training framework as Qwen3-0.6B. Superscripts
show relative performance loss when truncating from
full to 128 dimensions. fUntrained direction.

Full dim (768) 128d

Task Base FT Base FT
SOP—sProduct 0.364 0.607 0.293719% (.58374%
Product—sProduct 0.515 0.647 0.48475%  (063472%
SOP+Product—Product 0433  0.671 03647 16%  0.65473%
External—Product 0457 0.694 03927'%  0.65875%
Product—SOPT 0.610 0.826 0570~7% 0.814~'%

allel: SOP—Product shows the largest gain (+67%
vs. +90% for Qwen3), and dimensional robust-
ness is similarly preserved (at most —5% under
6x truncation to 128d). This consistency across
an encoder-only and a decoder-only architecture
confirms that the gains stem from the task-aware
contrastive framework, not model-specific proper-
ties.
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