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Abstract

Applications in labor market intelligence de-
mand specialized NLP systems for a wide range
of tasks, characterized by extreme multi-label
target spaces, strict latency constraints, and
multiple text modalities such as skills and job ti-
tles. These constraints have led to isolated, task-
specific developments in the field, with models
and benchmarks focused on single prediction
tasks. Exploiting the shared structure of work-
related data, we propose a unifying framework,
combining a wide range of tasks in a multi-task
ranking benchmark, and a flexible architecture
tackling text-driven work tasks with a single
model. The benchmark, WorkBench, is the
first unified evaluation suite spanning six work-
related tasks formulated explicitly as ranking
problems, curated from real-world ontologies
and human-annotated resources. WorkBench
enables cross-task analysis, where we find
significant positive cross-task transfer. This
insight leads to Unified Work Embeddings
(UWE), a task-agnostic bi-encoder that exploits
our training-data structure with a many-to-
many InfoNCE objective, and leverages token-
level embeddings with task-agnostic soft late
interaction. UWE demonstrates zero-shot rank-
ing performance on unseen target spaces in the
work domain, and enables low-latency infer-
ence with two orders of magnitude fewer pa-
rameters than best-performing generalist mod-
els that are not tailored to the work domain
(Qwen3-8B), with +4.4 MAP improvement.

1 Introduction

Applications in labor market intelligence (LMI)
demand specialized NLP systems capable of
scaling across diverse tasks and extreme multi-
label target spaces, while meeting strict latency
constraints for processing unstructured data from
heterogeneous sources. These requirements have
driven isolated, task-specific developments in
the field, with models and benchmarks targeting
individual prediction tasks such as skill extraction

or job normalization (Zhang et al., 2022; Decorte
et al., 2021, 2025b). This fragmentation poses both
practical and scientific limitations, accumulating
inference and maintenance costs over tasks, while
precluding potential cross-task knowledge transfer
and holistic progress measurement.

Concurrently, general-purpose text embedding
models have advanced rapidly, demonstrating
with comprehensive benchmarks that a single
model can be effective across many standard NLP
tasks (Thakur et al., 2021; Muennighoff et al.,
2023). However, both evaluation and models do
not account for the specifics of the work domain,
including grounding in domain-specific ontologies,
extreme label cardinality, and high-speed inference.
This raises a key question: can a single, efficient
embedding model replace multiple task-specific
systems for real-world LMI applications?

To systematically investigate this question, we in-
troduce WorkBench, a unified evaluation suite that
formalizes six real-world job and skill understand-
ing tasks as ranking problems with standardized
metrics. Our analysis on WorkBench reveals that
general embedding models fall substantially short
of domain-specific ones, yet training across tasks
yields significant positive transfer, demonstrating
that multi-task unification is not only practical
but beneficial. Realizing this potential, however,
requires a holistic approach: designing a unified
evaluation framework, acquiring structured multi-
task training data at scale, tailoring loss objectives
and architectures to the resulting data structure, and
thoroughly validating generalization, cross-task
transfer, and robustness. We present such an
end-to-end study, with the following contributions:

1. WorkBench, the first unified multi-task rank-
ing benchmark for LMI, spanning six tasks cu-
rated from real-world ontologies and human-
annotated resources (Section 3). WorkBench
is built on publicly available data sources,
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Figure 1: Overview of the six WorkBench tasks, demonstrating samples ¢ € Q and y € ) from the query and target
input spaces respectively. Unified Work Embeddings (UWE) independently encodes samples to create embeddings
E, and E,, and maintains a bi-directional ranking structure based on embedding similarity, enabling both tasks
T(Q,Y) and T(), Q). The query-target order-agnostic setup facilitates support for all WorkBench tasks, including

zero-shot performance for unseen target spaces.

with the full protocol publicly released to fa-
cilitate reproducibility (Appendix A).

2. Unified Work Embeddings (UWE), a 109M-
parameter task-agnostic bi-encoder trained on
a scalable data pipeline that fuses real-world
vacancies with synthetic enrichment into struc-
tured bipartite graphs (Section 4). To exploit
this structure, we introduce a task-agnostic
soft late interaction module that unifies max-
similarity (ColBERT, Khattab and Zaharia
(2020)) and softmax-based (ContextMatch,
Decorte et al. (2025b)) late interaction, and a
many-to-many InfoNCE objective for symmet-
ric multi-task learning over multi-label bipar-
tite graphs. UWE tackles all six WorkBench
tasks, generalizes zero-shot to unseen ontolo-
gies (O*NET, SkillsFuture), and outperforms
the strongest specialist by +2.6 MAP and the
best generalist (Qwen3-8B) by +4.4 MAP,
while using x73 fewer parameters.

3. Extensive empirical analysis that examines
cross-task transfer, loss and architecture abla-
tions, synthetic data efficacy, cross-ontology
zero-shot evaluation, and an initial gender-
stereotyping bias diagnostic (Section 5).

2 Related Work

Evaluation of work-domain tasks is challenging
as high-quality structured and labeled data are
scarce, while large-scale unstructured data such
as business data and job postings are abundant.
Grounding unstructured data is key towards
enabling real-world applications, by mapping
noisy input data towards a unified and structured
ground-truth ontology. A paramount example of

such an ontology is the multilingual classification
of European Skills, Competences, and Occupations
(ESCO) (le Vrang et al., 2014), driving many
downstream evaluations due to its extensive and
hierarchical label space of 3k job titles' and 14k
skills. Common tasks are mapping job titles and
skills to canonical examples (Bekkerman and
Gavish, 2011; Javed et al., 2015; Decorte et al.,
2021), predicting job titles for a given skill and vice
versa (Gasco et al., 2025), extracting skills from un-
structured sentences (Sayfullina et al., 2018; Zhang
et al., 2022; Senger et al., 2024), and retrieving
semantically similar skills (Decorte et al., 2024).
Recent efforts add multilingual occupation linking
benchmarks (Retyk et al., 2024) and synthetic data
generation frameworks (Magron et al., 2024). As
these benchmarks mainly assess task-specific mod-
els in isolation, a substantial gap remains in holistic
evaluation and methodologies for the work domain.
Evaluating embedding models with bench-
marks such as BEIR (Thakur et al., 2021) and
MTEB (Muennighoff et al., 2023) has driven
progress in both information retrieval and general-
ist embedding models. While cross-encoders excel
at semantic tasks (Devlin et al., 2019), their com-
putational overhead motivates bi-encoders that en-
code independently (Reimers and Gurevych, 2019),
or a combination of both with late interaction of
the encoders (Khattab and Zaharia, 2020). In the
work domain, however, evaluation of embedding
model architectures and generalist models remains
unexplored.

'ESCO formally distinguishes occupations (groupings of
similar jobs) from job titles (specific labels in vacancies). We

define tasks agnostic to this distinction, using “job title” for
both input distributions.
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3 WorkBench
3.1 Tasks

WorkBench comprises six real-world work-related
tasks in English for holistic evaluation in the work
domain. Each task 7(Q,)) = R maps query
space Q to target space ), yielding ranking matrix
R e RI9I*YI, This uniform formalization enables
multi-task evaluation with the common metrics de-
fined in Section 3.2. Task examples and properties
are provided in Figure 1 and Table 1 respectively,
with each task detailed below. Both the benchmark
and UWE are English-only. While ESCO is mul-
tilingual and our formulation is language-agnostic
by design, we scope this study to English for a con-
trolled multi-task comparison, treating multilingual
extension as a natural next step (Section 8).
Job2SKkill with test set T'(Jesco, Sesco) exploits
the widely used ESCO ontology (v1.2.0) (Ie Vrang
et al., 2014), linking 3, 039 unique job titles and
13,939 skills for job title space Jgsco and skill
space Sgsco respectively. This is a multi-label
ranking task, as each job requires multiple skills.
For example, the query job title ‘software analyst*
should rank its required skills higher, such as ‘Agile
project management* and ‘C++°‘, compared to other
skills in Sggco. For validation, we rely on a held-
out subset of the training data, based on vacancy
job titles, enriched by tagged ESCO skills in the
vacancy description.

Skill2Job is defined as the inverted Job2Skill task
T(Sgsco, Jesco) for both test and validation
sets, and is a multi-label task with skills occurring
in multiple job profiles. A query skill such as
‘micromechanics‘ should highly rank the job titles
requiring it, such as ‘gear machinist‘ and ‘clock
and watchmaker".

SkillNorm with T'(Agsco,Sesco) exploits
ESCO’s alternative label structure where each
skill in Sgsco is provided with several alternative
formulations, which we define as Agsco. Defining
the task to predict the canonical skill for each
alternative enables a fixed target output space
independent of the number of alternatives. For
instance, the alternative formulation ‘coordinate
duties of musical staff* should retrieve its canonical
ESCO skill ‘manage musical staft”.

SkillExtract relies on the SkillSpan (Zhang et al.,
2022) House and Tech subsets, enriched by subse-
quent work with fine-grained ESCO (v1.1.0) skill
labels per span (Decorte et al., 2022). We report
the subtasks separately, denoted as SkillExtr-H and

SkillExtr-T respectively. The task is to predict from
job vacancy sentences ) the set of skills it contains
T(V,Sesco). For the vacancy sentence ‘gener-
ate leads through market and client research’, the
expressed skills ‘analyse data about clients‘ and
‘perform market research* should be ranked above
all other ESCO skills.

SkillSim is a semantic skill similarity task
T'(Sy,Squy) based on the thousand related skill
pairs in SkillMatch-1k (Decorte et al., 2024). A
query skill such as ‘distributions‘ should rank its
related skill ‘statistical testing* high, due to their
semantic relatedness. As it comprises a single test
dataset, we make a 10/90 split into validation and
test sets. Human-annotated skill-similarity data of
this quality is scarce. Therefore, the split is delib-
erately skewed towards the test set, reserving just
enough samples for model selection while preserv-
ing a sufficiently large and reliable test set. While
using the original query skills S,;, we define an
extended target space based on all 2, 648 unique
query and target skills S, ,in the dataset, but ex-
cluding each query itself in the resulting ranking
scores.

JobNorm relies on the open-sourced dataset from
JobBERT (Decorte et al., 2021), containing govern-
mental job vacancy titles 7 that are tagged with cor-
responding ESCO (v1.0.5) job titles Jgsco, result-
ing in task T'(7, Jesco). We use ESCO’s canon-
ical preferred labels as target space to maintain
comparability with prior work. For example, the
vacancy title ‘Digital Marketing & Social Media‘
should map to the canonical ESCO job title ‘mar-
keting assistant®.

Task Q—Y Label Val Test Y]
Job2Skill Jesco = Spsco multi 5,644 3,039 13,939
Skill2Job Sesco = Jesco  multi 10,1377 13,492" 5,644 /3,039
SkillNorm  Apsco — Spsco  one  13,222° 73311 13,939
SkillExtr-T V — Spsco multi 75° 338" 13,891
SkillExtr-H V — Sesco multi 61" 262" 13,891
SkillSim Sq = Squy one 100 900 2,648
JobNorm T — Jesco one  15462" 15461 2,942

Table 1: Overview of WorkBench query and target
spaces Q@ — ), task size for validation (val) and test set
(test), ranking’s target space )/, and multi-hot or one-hot
labels. ‘f’ indicates only one of target or query space
is ESCO-based, and ‘*’ indicates that both are. For
Skill2Job, | )| denotes the validation / test target-space
sizes, with held-out vacancy job titles as validation tar-
gets and canonical ESCO job titles as test targets.
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3.2 Multi-task Evaluation

WorkBench relies on two complementary infor-
mation retrieval metrics. Mean Average Preci-
sion (MAP) averages the precision at each relevant
item across the full ranking, capturing both order
and completeness of relevant predictions, and re-
duces to the Mean Reciprocal Rank for single-label
tasks. R-Precision@ 10 (RPeio) measures the frac-
tion of relevant items in the top 10, giving a more
application-oriented view of early retrieval qual-
ity (Mitra and Craswell, 2017). Both are standard
information retrieval measures applied unchanged
and shared across all tasks, keeping heterogeneous
tasks comparable. All task types are allocated equal
importance in the final multi-task metric. There-
fore, metric results are first averaged per task type
(in particular subsets SkillExtr-H and SkillExtr-T),
and for each metric we report the final macro aver-
age over all tasks. Following MTEB (Muennighoff
et al., 2023) and BEIR (Thakur et al., 2021), Work-
Bench provides an evaluation-only design standard-
izing evaluation, with open training strategy.

4 Method

4.1 Task-agnostic encoding

WorkBench imposes three architectural constraints:
flexibility across diverse tasks, zero-shot inference,
as not all tasks have training data, and low-latency
inference at label cardinalities up to 14k (Table 1).
Cross-encoders inference time scales linearly with
|V| (Reimers and Gurevych, 2019), whereas bi-
encoders encode inputs independently and have
shown state-of-the-art performance on job normal-
ization and skill extraction (Decorte et al., 2025b)
but remain task-tailored. We therefore propose
Unified Work Embeddings (UWE), a task-agnostic
bi-encoder that embeds any ¢ € Q and y € )/, en-
abling a bi-directional ranking structure supporting
both 7(Q,Y) and T'(), Q). At inference, only ¢
is encoded online, with cached target embeddings.
We next detail the graph-structured training data,
a loss that exploits its structure, and a soft late-
interaction module.

4.2 Obtaining Structured Training data

To obtain a unified embedding model, we require
representative training data for each input space
identified in Section 3: skills S, job titles 7, va-
cancy sentences V), and skill alternatives .A.
Grounding in ESCO skills. Following com-
mon practice (Malandri et al., 2025; Decorte et al.,

2025b), we ground all training data in the ESCO
skill vocabulary. As skills are central to every
WorkBench task, this creates a natural decompo-
sition into three bipartite training graphs (S, J),
(8,V), and (S, .A) (Figure 2a).

Skill-Job data (S, 7). Acquiring real-world
skill-job edges follows the four-step pipeline in
Figure 2b. (1) Vacancy acquisition: We scrape job
vacancies from a public US jobboard, collecting
10k monthly postings over a year in 2023, yielding
104k semi-structured vacancies with a job title
and description. (2) Skill extraction: Each vacancy
description is processed with a state-of-the-art
skill extraction model (Decorte et al., 2025b) to
obtain ESCO skill pseudo-labels, resulting in
3.5M skill predictions (on average 33 per vacancy)
with at least one confident prediction per vacancy.
After case-agnostic deduplication with majority
voting across duplicate job titles, 57k unique titles
remain with skill profiles capped at the top-200
by averaged prediction confidence. A 90/10 split
provides training and validation sets. (3) Synthetic
minority enrichment: The resulting skill distribu-
tion (Figure 2c) is extremely long-tailed, with 862
ESCO skills absent entirely. To address this, we
reverse the collection by generating job titles for
underrepresented skills using GPT4o-mini. (4) Job
normalization merge: Generated titles are matched
to real vacancy titles via a job normalization
model (Decorte et al., 2025b), conditionally
merging their skill profiles to enrich sparse repre-
sentations (details in Appendix D). This grows the
dataset from 1.8M to 3.3M job-skill pairs.

Skill-Vacancy data (S, V). We rely on the syn-
thetic dataset from prior work (Decorte et al., 2023)
with 10 synthetically generated vacancy sentences
per ESCO skill (v1.1.0), covering 97% of ESCO
v1.2.0 skills. We add the official ESCO description
for all skills to ensure full coverage.

Skill-Alternative data (S, .A). We use GPT4o-
mini (Achiam et al., 2023) for controlled gener-
ation of alternative skill formulations, providing
three representative examples from the SkillNorm
validation set to generate 20 alternatives per ESCO
skill. Full details are in Appendix D, with contri-
butions of synthetic components quantified in the
ablation study (Section 6.2).

Training data quality. Because the (S,J)
supervision chain combines a pseudo-labeler with
LLM-generated long-tail enrichment, we audit the
two stages whose outputs are not directly observed
in a gold resource: (i) the merged training-graph
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Figure 2: Overview of the training data. (a) Data dependency graph of the training data, showing the many-to-many
and one-to-many edges from skill space S to job title 7, vacancy sentences V, and skill alternatives .4 spaces. (b)
Acquisition overview of structured training data with job titles and grounded skills. Blue colored boxes indicate
structured fields. (c) Log-frequencies for the skills in the raw vacancy training dataset, before and after synthetic
enrichment, with highlighted background in red indicating the gap of represented skills.

pairs (Audit A) and (ii) the synthetic enrichment
edges that target under-represented skills (Audit B).
A human annotator judges stratified samples from
each stage against a pre-registered error taxonomy,
scoring training-relevant precision that credits
domain-related but non-canonical labels as useful
contrastive signal. Each audit comprises 250
judgments. Audit A finds 75.2% pooled precision,
rising with skill frequency from tail (60.2%) to
mid-frequency (81.1%) to high-frequency (88.1%),
and the training graph is itself dominated by head
and mid pairs. Audit B finds 85.8% of synthetic
enrichment edges plausible. The synthetic-data
ablation (Section 6.2) corroborates these audits:
even without synthetic enrichment, UWE (38.5
MAP) still outperforms the strongest baseline (37.6
MAP), demonstrating robustness to pipeline noise
and the merits of synthetic data. Full protocol, tax-
onomy, and per-bucket tables are in Appendix D.5.

4.3 Many-to-many InfoNCE over bipartite
graphs

Designing our multi-task training data structure, we
find a highly interconnected structure as depicted
in Figure 2a, where skills exhibit many-to-many
edges with the job titles, and one-to-many edges
with vacancy sentences and skill variants. As we
will show in the following, traditional InfoNCE
objectives fall short in this scenario.

Assume a mini-batch B is constructed as a se-
quence of query-target pairs (q,y+), where the
query is a skill ¢ € S and the target is a match-
ing positive from any of the remaining spaces
y+ € J UV UA. LetY be the set of all targets
in the batch, then the InfoNCE loss (Oord et al.,
2018) (also known as NT-Xent (Chen et al., 2020))

for query q is

exp(sim(q,y4)/7)

Z exp (sim(q7 y)/T)

yey

, (D

LinfoNCE,g = — log

where sim(q,y) = fo(q) - fo(y) denotes dot prod-
uct similarity of the samples encoded by model fy,
and 7 is the scaling temperature.

InfoNCE loss over a mini-batch of stacked
skill-job, skill-vacancy, and skill-alias pairs has
three limitations: (i) it treats each query-target
pair (¢,y+) independently, regarding other-pair
targets as in-batch negatives even when the same
skill recurs elsewhere in the batch; (ii) it entangles
all tasks into a single loss, making it sensitive to
task imbalance; and (iii) it is asymmetric, ignoring
many-to-many relations (a skill maps to many jobs,
and a job to many skills). Given the centrality
of S in our data structure (Figure 2a), we exploit
the induced bipartite graphs (S, J), (S, V), (S, A)
to address these three shortcomings with a new
many-to-many (MTM) InfoNCE loss, derived next.

We first define an asymmetric one-to-many loss
on a single bipartite graph. Given a mini-batch of
N query-target pairs, let G = (Q U Y, D) be a
bipartite graph with @ = {q1,...,qn} C Q the
query nodes, Y = {y1,...,yn} C Y the target
nodes, and D C @) x Y the observed edges.

LetY, = {y € Y |(q,y) € D} denote the rarget
set for query ¢, with |Y;| > 1 by construction. Fol-
lowing Khosla et al. (2020) in averaging InfoNCE
outside the log for superior performance with multi-
label targets, we apply node-wise averaging over
queries and their target sets:

. e exp(sim(q,er)/T)
YiQ ~Q gZexp(Sim(Qay)/T)

y+~Yg
yey

)
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While this is a one-to-many objective over the
query nodes (@, the same objective can be applied
over the target nodes Y, creating the contrastive
many-to-many objective:

ﬁy,Q = £y|Q + ﬁQ‘y. 3)

Here, L)y swaps the roles of queries and targets
in Eq. 2. Analogous to Y, each target y has a
positive query set @, = {¢ € Q| (¢,y) € D}, and
the expectation runs over y ~ Y and q; ~ Qy,
contrasting each pair against all query nodes in Q).

Having a loss for a single bipartite graph, the
final loss is the weighted sum over all bipartite
graphs in our data structure:

Lyvtm = ajLs g +ayLsy +aalsa (4)

where instead of a single skill-centered graph, the
separability in bipartite graphs allows controlled
importance weighing with (a7, vy, avq) over sub-
sets of the multi-task data structure.

Each modification adapts InfoNCE to a prop-
erty of work data the standard objective does not
model: bidirectionality for many-to-many skill-job
relations, averaging outside the log for multi-label
targets, and per-graph separability for cross-task
structure. The ablation study in Section 6.2 isolates
each of these three properties, with the combined
Ly improving task-average MAP by +1.93 over
standard InfoNCE.

4.4 Task-Agnostic Soft Late Interaction

Cross-encoders score each query-target pair jointly
with full token-to-token attention, yielding high
accuracy but requiring one forward pass per pair.
Bi-encoders encode ¢ and y independently into a
single pooled vector each, which is far more ef-
ficient but less expressive. Late-interaction archi-
tectures such as ColBERT (Khattab and Zaharia,
2020) bridge the two: each side is still encoded
independently, yet scoring is performed over the
full token-level matrices rather than pooled vectors,
recovering much of the cross-encoder’s accuracy.
While ColBERT focuses on sparse interaction by
only looking at maximally similar token pairs, Con-
textMatch (Decorte et al., 2025b) demonstrates that
a softmax-based alternative with token-level infor-
mation on the sentence side markedly improves
skill extraction. However, the latter is task-specific
to skill extraction, while we require a holistic ar-
chitecture for all WorkBench tasks. We there-
fore generalise both into a single, task-agnostic

module with two-sided token-level interaction and
SoftMax-based fusion.

Given query ¢ and target y with token sequences
(t1,...,tn), (u1,...,un), a shared encoder fy
produces F, € R™" and E, € R™*" (h: em-
bedding dim). Define pairwise token similarities
S = E,El € R™™ and § = E,E] for L2-
normalized rows. Instead of MaxSim’s sparse bi-
nary matrix, we use temperature-controlled row-
wise softmax attention:

A = SoftMax(S/Ta), T > 0,

followed by a Frobenius inner product
Sim(Qv y) = <A7 ‘§>F

This soft aggregation provides a gradient for
all token-to-token interactions with controllable
smoothing. In the limit 7, — 0, the softmax col-
lapses to a one-hot over the most similar token
pair and subsumes ColBERT’s MaxSim. With one-
sided token-averaging on FE,, it subsumes Con-
textMatch’s mean-pooling.

5 WorkBench results

5.1 Baselines

We compare against task-specific bi-encoders
JobBERT-v2 (job normalization) and Con-
textMatch (skill extraction) (Decorte et al.,
2025b), both based on the MPNet backbone (Song
et al., 2020), which is also UWE’s base model and
which we include as a domain-agnostic baseline.
Both specialists train on in-domain data closely
matching ours: ContextMatch uses the identical
synthetic skill-sentence dataset (Decorte et al.,
2023) forming our (S, V) graph, and JobBERT-v2
trains on US vacancy job titles with ESCO skills
pseudo-labeled by the same extraction model as
our (S,J) pipeline. For generalist models, we
evaluate state-of-the-art and substantially larger
models, to exemplify the gap between the best
available models and a domain-tailored, more
efficient one: Qwen3 (0.6B, 4B, 8B) (Zhang
et al., 2025), ES-mistral-7B (Wang et al., 2024),
and EmbeddingGemma (Vera et al., 2025), all
top-performing on MTEB (Muennighoff et al.,
2023) with open weights. We add no prompt
engineering or instruction tuning, keeping default
prompts for each zero-shot generalist. Table 3
summarizes model capacity.

10201



Job2SKill Skill2Jobs JobNorm SkillNorm SkillSim SkillExtr-T  SkillExtr-H Task Avg
MAP RPeio MAP RPeioc MAP RPeioc MAP RPeioc MAP RPeioc MAP RPeioc MAP RPeioc MAP RPeio

UWE (Ours) 179 37.8 373 494 393 608 889 959 104 338 523 735 423 642 ‘ 40.2 577
Task-specific models

ContextMatch 146 345 322 433 368 553 865 943 77 246 536 739 422 658 |37.6 537
JobBERT-v2 0.4 0.3 0.5 04 390 585 830 918 97 304 351 485 208 38.1 |268 374
Gen. emb. models

MPNet 11.8 290 290 403 329 508 847 932 101 307 312 498 193 36.7 |323 479
Emb. Gemma 126 301 299 416 367 546 851 939 93 28.7 381 593 273 449 |344 502
E5-mistral-7B 11.1 287 292 404 353 544 834 929 122 377 320 458 19.6 337 |328 490
Qwen3-0.6B 117 291 283 397 30.1 495 81.7 922 104 327 351 546 257 418 |32.1 486
Qwen3-4B 13.0 316 319 438 33,6 537 851 94.1 123 379 376 584 289 464 |348 523
Qwen3-8B 13.8 327 327 444 353 555 857 945 13.0 408 391 61.0 29.1 490 |358 538

Table 2: WorkBench results (MAP and RP@10, %) for UWE, task-specific, and generalist embedding models. Task
Avg is the macro-average over all tasks. Best result per column in bold. The state-of-the-art generalist models show
that increased capacity does not close the performance gap with domain-tailored UWE.

5.2 Experimental setup

UWE uses the MPNet backbone (Song et al., 2020),
with training grounded in ESCO skills through
uniform sampling, yielding zero-shot predictions
for Skill2Job, SkillSim, and JobNorm (Section 6.3).
Training runs over 3.3M job-skill edges, with
batches of 512 skills and 512 samples per J,V, A
space (2,048 texts total). Vacancy sentences are
augmented with random ) samples as prefix or suf-
fix (Decorte et al., 2025b). We use a linear schedule
with warm-up rate 0.1 and peak learning rate 8e >,
selecting the best checkpoint by task-average
MAP on validation sets every 50 updates, which
mitigates selection instability from small validation
splits such as SkillSim. For latency and FLOPS
results, we benchmark each model in isolation:
encoding a single query plus similarity against
pre-cached targets (bf16, batch 1), reporting mean
4 SE over WorkBench tasks. All experiments use
an NVIDIA A100-SXM4-40GB GPU, with full
setup and hyperparameters in Appendix C.

Splits and pair-level leakage. Because UWE
trains and evaluates on related (7, S, V, A) graphs,
a natural concern is whether headline gains re-
flect seen training distributions rather than genuine
transfer. We therefore audit every WorkBench test
set for leakage, defined as a held-out pair (¢*, y*)
whose canonical edge appears as a positive in any
training bipartite graph. Leakage is < 2.56% on
Job2Skill / Skill2Job and 0% on every other task,
with inter-test pair overlap < 8 across all task
pairs (Appendix D.4). Splits are entity-disjoint
by construction: the (7, S) training graph aggre-
gates 2023 ESCO-tagged vacancies by lowercase
title (skills retained at > 50% vacancy-level occur-
rence, top-200 by confidence) and is split 90/10

over unique titles. The SkillNorm task holds out
one alternative per ESCO skill, and the remain-
ing test sets are released artifacts not consumed as
training pairs.

5.3 Results and Discussion

Table 2 reports UWE and all baselines across
WorkBench tasks. UWE outperforms the best
task-specific model ContextMatch by +2.6 MAP
and +4.0 RP@10, and the best generalist Qwen3-
8B by +4.4 MAP and +3.9 RP@10 on average.
The in-domain grounding is measured directly
by UWE against its own base model MPNet, at
+7.9 MAP on an identical backbone and inference
budget, while Qwen3-8B at 73x the parameters
recovers only 3.5 of those points. In task-specific
results, UWE is state-of-the-art on Job2Skill,
Skill2Jobs, and SkillNorm. For the JobNorm task,
UWE outperforms the task-tailored JobBERT-v2
by +2.3 MAP and +2.3 RP@10. ContextMatch
retains state-of-the-art results on SkillExtr-T, but
is outperformed by UWE in MAP on SkillExtr-H.
ContextMatch’s second-best overall performance
suggests that skill extraction training provides
positive cross-task transfer, confirmed by our
analysis in Section 6.1. Generalist models improve
on SkillSim with model scale, yet UWE matches
Qwen3-0.6B with 5.5 x fewer parameters.

Table 3 reports model capacity, embedding-
dimensionality, and task-averaged latency and
FLOPS per query. UWE outperforms all baselines
on average ranking while having nearly two orders
of magnitude fewer parameters than Qwen3-8B.
The MPNet-based models (UWE, ContextMatch,
JobBERT-v2) show the lowest latency and
FLOPS/query. Token-level late interaction raises
FLOPS/query (ContextMatch 1.57 £ 0.35B, UWE
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3.01 £+ 0.94B) but preserves real-time latency,
remaining at least x 3 faster than every generalist
baseline.

Model Param. h Latency (ms) FLOPS
UWE (Ours) 109M (x1) 768 15.9+ 0.6 3.0+ 0.9B
ContextMatch 109M 768 16.1 £ 0.7 1.6 £ 0.4B
JobBERT-v2 109M 1,024 13.44+0.2 1.3+0.2B
MPNet 109M 768 13.2+0.2 1.3+ 0.2B
Emb. Gemma 308M (x2.8) 768 58.9+0.1 1.5+ 0.3B
E5-mistral-7B 7B (x65.2) 4,096 61.6 8.6 112.0 £ 21.0B
Qwen3-0.6B 596M (x5.5) 1,024 46.2+04 59+ 1.2B
Qwen3-4B 4B (x36.7) 2,560 60.0 £0.1 48.4 £ 9.9B
Qwen3-8B 8B (x73.4) 4,096 60.2+0.8 92.4+19.0B

Table 3: Model capacity (Param.), embedding dimen-
sionality (h), and benchmarked latency and FLOPS per
query (mean =+ SE over WorkBench tasks).

6 Analysis

6.1 Cross-Task Transfer

The three bipartite loss components in Lyrm
match closely with specific tasks in WorkBench:
L.y explicitly matches skills and jobs (Skill2Job,
Job2Skill), Lg 1 focuses on vacancy sentences for
skill extraction (SkillExtract), and Lg 4 matches
with the SkillNorm task. To understand how
each loss component contributes to the tasks
in WorkBench, we study them in isolation and
measure cross-task Knowledge Gain, defined as the
MAP delta from the base model with parameters
6o at initialization: M APy, — M APy,. For fair
comparison with the base model that is not trained
on token-level embeddings, all variants employ
mean-pooled cosine similarity over 300 steps.
Figure 3 shows the loss components trained in
isolation on the y-axis, and the WorkBench tasks
on the x-axis. As expected, Lg ; improves in
Job2Skill (46.0) and Skill2Job (+7.2). However,
we find it also contributes significant knowledge
gain to JobNorm (+4.6), SkillNorm (+2.7) and
both SkillExtract tasks (+3.9, 4-7.0). Lg - shows
a similar pattern, and improves the most on its
matching SkillExtract tasks. L£g 4 improves most
for alternative skills in SkillNorm (4-2.9), has pos-
itive gain on 3 tasks, and shows negative transfer
for JobNorm and SkillExtr-T. Pair-level leakage is
audited in Appendix D.4 and does not explain the
observed transfer. Combining all three objectives
reverses the per-objective negative transfer on
SkillSim (Table 2), suggesting a regularization
effect from multi-task training.The opposite
occurs, suggesting a regularization effect: jointly

Lo, 6.0 [ 72 46 27 -11 3.9 | 7.0 g
S 00 | %04 02 *01 +01 0.7 | 0.6 2
29 44 11 3.7 -26 5.9 3
Lsv| %1 [202) =65 |01 =o: N0k - 0 &
Lg4 15 28 20 29 27 07 25 5
bl +0.2 +0.1 +0.5 +04 +0.1 +04 +0.2 _108
I D R R R S o
S & S S :
*oq'%@ «&0\ *oéo »x\éo \9\\% \\@{y S)&
D HC I - = o

Figure 3: Cross-task transfer: partial MTM-loss objec-
tives trained in isolation, starting from the base MPNet
model. Knowledge Gain is the MAP delta, averaged
over 5 runs (+ SE).

Loss Sym. Multi-Label Struct. MAP

LinfoNCE X X X 36.40 + 0.07
LyvrMm-pairwise v X v 38.17 £ 0.18
Lyt v v v/ 38334024

Table 4: Ablation of the MTM loss, evaluating its sym-
metry (sym.), multi-label support (multi-label), and
structure awareness (struct.); reporting MAP (95% CI
over 5 runs).

optimizing the three objectives may counteract the
drift each induces towards its own input space.

6.2 Ablation Study

We ablate the loss and soft late-interaction com-
ponents over 600 updates without early stopping,
reporting task-average MAP on WorkBench
over 5 runs (Appendix C). Table 4 ablates the
three properties of Lymv (symmetry, multi-label
aggregation, and bipartite-graph structure; Eqs. 2-
4) against the standard Lponce (Eq. 1, 36.40
MAP). Lyv improves performance by +1.93 on
average, whereas omitting multi-label aggregation
(LvrMm-pairwise) costs 0.16.

Table 5 (left) ablates the soft late interaction by
comparing four aggregation choices: mean-pooled
sentence embeddings (F,, Ey), sparse token-pair
MaxSim, one-sided softmax with target-side pool-
ing (Ey), and our two-sided softmax over the full
token-level matrices (Reimers and Gurevych, 2019;
Khattab and Zaharia, 2020; Decorte et al., 2025b).
Despite operating on token-level representations,
MaxSim (Khattab and Zaharia, 2020), with a
sparse binary interaction matrix, is not guaranteed
to outperform mean-pooled sentence embeddings
on WorkBench. In contrast, both SoftMax
approaches yield significant gains, with token-level
representations on both sides achieving the best
accuracy. Token-to-token interaction increases in-
ference FLOPS by x1.9 while remaining real-time
(= 2.5ms added latency, Table 3). Appendix C.1
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reports all hyper-parameter values and gridsearch
ranges, including sensitivity analysis to 7,.

For the training data pipeline, Table 6 quanti-
fies the synthetic data components. Removing syn-
thetic alternatives (w/o alt. synth.) reduces task-
average MAP by 0.3, and further removing all syn-
thetic enrichment (w/o all synth.) yields a 1.7 drop.
Per-task results are reported in Appendix B.2.

Late Interaction MAP

sentence emb. (E,, E,) 38.00 + 0.41
MaxSim B 37.63 +£0.52
SoftMax (Ey) 39.12 £ 0.10
SoftMax 39.45 + 0.20

Table 5: Soft late interaction ablation: task-averaged
MAP (95% CI, 5 runs). Methods use token-level embed-
dings unless marked with Eq or E’y, denoting a mean-
pooled query or target side. Best in bold.

MAP RPe1o

UWE 40.2 577
w/o alt. synth.  39.9 57.1
w/o all synth. ~ 38.5 55.9

Table 6: Synthetic data ablation: removing synthetic
skill alternatives (w/o alt. synth.) and all synthetic en-
richment (w/o all synth.). Best in bold.

6.3 Zero-Shot Generalization

To substantiate UWE’s task-agnostic performance,
we evaluate zero-shot generalization at three lev-
els: (i) unseen target space, where Skill2Job tar-
gets canonical ESCO occupation labels Jgsco ab-
sent from training; (ii) unseen task, where Job-
Norm and SkillSim have no matching training ob-
jective and SkillMatch-1k (Decorte et al., 2024)
queries differ in surface form from ESCO anchors;
and (iii) unseen ontology, with query and target
from O*NET (v30.1) (Tsacoumis and Willison,
2010) or the Singapore SkillsFuture (SSF) Skills
Framework (Loh and Yeo, 2024). Table 7 reports
cross-ontology results, where UWE outperforms
the strongest baseline by +8.9 MAP on O*NET
and +2.1 on SSF, confirming generalization be-
yond the ESCO training distribution.

6.4 Gender-Stereotype Sensitivity

As an initial diagnostic, we probe gender-
stereotype associations with the Sentence Encoder
Association Test (SEAT) (May et al., 2019) on
SEAT-C6b for career/family concepts (Caliskan

O*NET SSF
Model Job2Skill Skill2Job Avg Job2Skill Skill2Job Avg
UWE (Ours) 329 372 35.1 13.0 26.2 19.6
ContextMatch 20.3 32.0 26.2 11.1 222 16.7
Qwen3-8B 18.0 333 25.7 11.4 23.7 17.5

Table 7: Cross-ontology zero-shot MAP on O*NET and
SkillsFuture (SSF), neither seen during training. Full
results with RPe1o in Appendix B.3.

et al., 2017) and a domain-tailored test over
ESCO occupations in engineering and creative
arts. Both MPNet and UWE show statistically
significant associations (p < 0.01), indicating
that work-domain fine-tuning does not mitigate
inherited stereotypes. Methodology and effect
sizes are in Appendix B.1, with scope in Section 8.

7 Conclusion

This work introduces a first unified framework for
multi-task embeddings in labor market intelligence,
contributing WorkBench, an evaluation suite
spanning six work-domain tasks, and Unified
Work Embeddings (UWE), a bi-encoder tackling
all tasks with a single model. Our analysis
reveals significant cross-task transfer, with UWE
outperforming the strongest specialist by +2.6
MAP and the best generalist (Qwen3-8B) by +4.4
MAP, while using two orders of magnitude fewer
parameters and enabling zero-shot generalization.

8 Limitations

Language scope. WorkBench and UWE are de-
veloped and evaluated exclusively on English data.
While the underlying architecture and training
methodology are language-agnostic, we intention-
ally focus on English to establish a rigorous multi-
task foundation. This scope enables controlled ex-
perimentation and principled ablations without con-
founding effects from cross-lingual transfer. Never-
theless, real-world labor market applications are in-
herently multilingual. Hence, we encourage future
work to extend WorkBench along the multilingual
axis, leveraging multilingual encoders (Decorte
et al., 2025a) and ontologies such as ESCO’s mul-
tilingual structure (le Vrang et al., 2014).

Model usage and bias mitigation. Given the
breadth of evaluations and model contributions in
this work, our gender-association analysis (Sec-
tion 6.4 and Appendix B.1) is intentionally prelim-
inary, serving as an initial diagnostic rather than a
comprehensive audit. The SEAT-based evaluation
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measures intrinsic associative structure in the em-
bedding space, but does not directly quantify down-
stream impact on hiring or matching outcomes,
which would require demographically annotated
queries that WorkBench does not contain. Its prac-
tical role is that of a cheap pre-deployment screen
computed without task labels, where a significant
effect signals that a task-level audit is warranted.
Therefore, we recommend task-specific audits be-
fore deployment in sensitive settings. We encour-
age future work to focus on extensive bias analysis
across protected attributes in our proposed multi-
task and zero-shot setup, and to investigate debias-
ing techniques tailored to multi-task work embed-
dings.
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A Data and Code Availability

We release the model, the WorkBench evaluation
suite, and the evaluation code to facilitate repro-
ducibility and future research. WorkBench is con-
structed entirely from publicly available resources,
namely the ESCO, O*NET, and SkillsFuture on-
tologies together with the human-annotated and
human-curated test sets listed below, and is not de-
pendent on any proprietary or institution-internal
data. It is released in the continuous evolving open-
source project WorkRB? (De Lange et al., 2026).

A.1 Data license overview

In accordance with the ACL Responsible NLP Re-
search Checklist, we summarize the licenses for
third-party data sources in this work:

* ESCO ontology (le Vrang et al., 2014) is re-
leased under the Creative Commons Attribu-
tion 4.0 license (CC BY 4.0).

e SkillExtract benchmarks HOUSE and
TECH subsets (Decorte et al., 2022) are de-
rived from SkillSpan (Zhang et al., 2022) with
ESCO skill annotations and are released under
CC BY 4.0.

¢ SkillMatch-1K (Decorte et al., 2024) used for
SkillSim is released under the MIT license.

¢ JobBERT evaluation dataset (Decorte et al.,
2021) used for JobNorm is released under the
MIT license.

A.2 Al Writing and Coding Assistance

During the preparation of this manuscript, the au-
thors used generative Al tools, including ChatGPT,
Gemini, and Claude, for language polishing and
proofreading of author-written content. Addition-
ally, Cursor (an Al-assisted coding environment)
along with the aforementioned language models
were used for coding assistance, specifically for
debugging, code review, and implementation of
routine components. In all cases, these tools served
in an assistive capacity for short-term, well-defined
tasks under direct human supervision. The authors
retain full responsibility for the correctness and

2https://github.com/techwolf-ai/workrb

originality of the research ideas, methodology, ex-
perimental results, and all content presented in this
work. No Al-generated text was used to produce
novel research ideas or substantive written content.

B Extended Experimental Results

B.1 Preliminary Analysis of
Gender-Occupation Associations

Motivation and scope. Language models trained
on large-scale corpora risk encoding societal biases
that propagate to downstream applications (Boluk-
basi et al., 2016). For work-domain models, such
biases warrant particular scrutiny as systematic as-
sociations between demographic attributes and oc-
cupations or skills could adversely affect hiring
recommendations and talent matching systems.

Given the breadth of evaluations and models
studied in this work, a comprehensive bias analy-
sis for multi-task work embeddings is beyond our
scope. Nevertheless, given the real-world implica-
tions of work-domain NLP, we report a preliminary
sensitivity probe to characterize baseline bias prop-
erties. We adopt the Sentence Encoder Association
Test (SEAT) (May et al., 2019), a standard intrin-
sic evaluation protocol for probing stereotypical
associations in embedding spaces. Since UWE in-
herits its initialization from MPNet and is adapted
to synthetic data that may encode implicit biases,
we expect the model to exhibit detectable stereo-
typical associations. Based on this preliminary
investigation, we encourage future work to focus
on comprehensive bias auditing and mitigation for
multi-task work embeddings.

Method. Following May et al. (2019), SEAT de-
fines two target embedding sets X and Y of equal
size (e.g., male vs. female) and two attribute sets
A and B (e.g., career vs. family). The test statistic
is the difference of sums of the target concepts

s(X,Y,A,B) = erX s(z, A, B)
- Zer S(y7 A7 B)}

where for the embeddings of an input sentence g,
we compute an association score with the attributes

s(q,A,B) =Equn [Sim(q, a)] —EpB [sim(q, b)] ,

with sim(-,-) the model’s similarity function.
UWE computes similarity via its task-agnostic soft
late interaction over token-level embeddings, while
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Target concepts Attribute concepts

ESCO Eng/Arts (M/F) SEAT-C6b

Male

‘The sons are there.’, ‘A male
is a person.’, ‘Boys are peo-
ple.,...

Engineering

‘engine designer’, ‘food produc-
tion engineer’, ‘environmental
expert’,...

Female Arts
“The girls are there.’, ‘Here she ‘music director’,
is.”, ‘These are sisters.’,... ‘video artist’,...

‘sculptor’,

Table 8: Example target and attribute concepts for
ESCO Eng/Arts (M/F), showing three instances per cat-

egory.

MPNet uses cosine similarity on mean-pooled sen-
tence embeddings. We perform the SEAT permu-
tation test, reporting effect size (Cohen’s d) and
significance at p < 0.01. Significant results indi-
cate detectable bias; non-significant results should
be interpreted as failure to detect bias rather than
evidence of its absence.

Association tests. We evaluate two gender-
association benchmarks. The first, SEAT-Cé6b
(Male/Female vs. Career/Family), is a standard
benchmark from Caliskan et al. (2017) adapted to
sentence encoders by May et al. (2019), measuring
associations between gendered target sentences and
career/family attributes.

To approximate downstream task conditions, we
construct a second benchmark, ESCO Engineer-
ing/Arts (M/F), using actual job titles from the
work domain. Resembling implicit human asso-
ciation in Caliskan Test 7 and 8 (Caliskan et al.,
2017), we measure the association between male
and female targets, and attributes engineering and
arts. Male and female target sentences are obtained
from the SEAT-C6b test. Additionally, we collect
job titles from ESCO (le Vrang et al., 2014), select-
ing ISCO prefix 214 (Engineering professionals,
excluding electrotechnology; 124 titles) and prefix
265 (Creative and performing artists; 56 titles), re-
balancing to equal size via random subsampling.
Table 8 shows representative examples.

Results. Table 9 reports effect sizes for MPNet
(UWE’s base encoder) and UWE. Both models ex-
hibit statistically significant associations on both
benchmarks, confirming gender-occupation stereo-
types in the embedding space. UWE retains similar
effect size to MPNet on SEAT-C6b and increased
effect size on ESCO Eng/Arts.

As a secondary analysis, we investigate whether
UWE’s architectural design affects measured asso-

MPNet (base model)
UWE

1.160%* 0.388%*
1.570* 0.392%

Table 9: SEAT effect sizes for UWE and its base model.
*indicates p < 0.01.

Late Interaction ESCO Eng/Arts (M/F) SEAT-C6b

Sentence embeddings 1.508* 0.342
MaxSim 1.556%* 0.449%
SoftMax-y-mean 1.503* 0.389*
SoftMax 1.479* 0.503*

Table 10: SEAT effect sizes across late-interaction vari-
ants. *indicates p < 0.01.

ciations, specifically the introduced token-level late
interaction. Table 10 evaluates the late-interaction
variants from the main paper’s ablation study in
Section 6.2. All variants show significant bias on
ESCO Eng/Arts, while results on SEAT-C6b are
more variable with sentence embeddings showing
no significant effect. These preliminary findings
suggest that interaction mechanism influences mea-
sured associations, though the relationship warrants
further investigation.

Limitations and future work. Given the breadth
of evaluations and model contributions in this work,
our bias analysis is necessarily preliminary, and we
hope to inspire future work to focus on extensive
bias analysis in our proposed multi-task and zero-
shot setup. This preliminary analysis is limited
to gender; future work should examine additional
sensitivity to protected attributes and social biases.
Beyond analysis, we encourage future work to in-
vestigate whether established debiasing techniques
transfer effectively to multi-task work embeddings.

B.2 Synthetic Data Ablation: Full Results

Table 11 reports the per-task breakdown of the syn-
thetic data ablation summarized in Section 6.2. Re-
moving all synthetic enrichment (w/o all synth.),
includes removal of synthetic skill alternatives, syn-
thetic job titles from inversed minority enrichment,
and synthetic vacancy training data. Alternative
removal alone (w/o alt. synth.) has a mixed ef-
fect across tasks, with an average decrease of —0.3
MAP and 0.6 RPeio. When all synthetic data is
removed, results show this impacts performance
of the related tasks directly for SkillNorm, Job-
Norm, and the skill extraction tasks. Additionally,
the synthetic data helps to improve on other tasks
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such as Job2Skill, SkillSim, and with the largest
improvement on Skill2Job.

B.3 Cross-Ontology Zero-Shot: Full Results

Table 12 reports the full cross-ontology zero-shot
results with both MAP and RPeio on O*NET and
SkillsFuture (SSF), complementing the MAP-only
results in Table 7. UWE significantly outperforms
all baselines on both ontologies across both metrics:
+8.9 MAP and +11.1 RPeio on O*NET, and +2.1
MAP and +1.9 RPeio on SSF, over the respective
best baseline.

C Experiment Setup Details
C.1 Hyper-parameter Search

To obtain an experimental configuration, we first
perform a gridsearch of the hyper-parameters, eval-
uated on task-average MAP performance after 600
update steps. We denote the best setting in bold in
the following.

* Soft Late Interaction temperature 7, is the
temperature used for scaling of the SoftMax
to obtain the interaction matrix A. We per-
form a gridsearch over {2.0,1.0,0.5,0.1}.

* Per-task loss components are o j, oy, and
a4. For a gridsearch over values {0, 0.5, 1.0},
we find configuration oy = 1.0, ayy = 0.5,
as = 0.5.

* Learning rate for the AdamW optimizer is
{1x1074,8 x1074,5 x 107°,1 x 107°}.

* MTM loss temperature 7 in Eq. 2 has a grid-
search over {0.01,0.02,0.05,0.1} for the 3
loss components, resulting in 0.05 for Lg 7,
and 0.02 for Ls v, Lg A.

The following configurations are kept constant:

¢ Base encoder: all-mpnet-base-v2 (109M
parameters)>, a state-of-the-art MPNet-based
model (Song et al., 2020).

* Batch composition: 512 skills, 512 job titles,
512 vacancy sentences, 512 skill alternatives
(2,048 texts per update step).

e Optimiser and learning rate schedule: We
use the AdamW optimizer (Loshchilov and

3https://huggingface.co/sentence—transformers/
all-mpnet-base-v2

Hutter, 2017) with a learn learning rate sched-
ule where warm-up uses the first 10% of train-
ing length, followed by linear decay. Peak
learning rate is defined by the gridsearch
above.

* Token budget: To constrain memory size dur-
ing training, we set a max token capacity of
64 for all inputs, with no constraints during
inference. We find this budget sufficient to
support the sentence length of all WorkBench
tasks

* Hardware: All experiments are conducted on
a NVIDIA A100-SXM4-40GB GPU.

C.2 Experiment Details
C.2.1 Loss ablation.

Results in Table 4 of the main paper use the best
setup defined in the hyper-parameter search. How-
ever, to disentangle the effects of using our soft late
interaction, we apply the standard mean pooling
of the embeddings instead. The final results are
averaged over 5 runs over different seeds of 600
update steps each, over which we report the 95%
confidence interval.

C.2.2 Late interaction ablation.

Results in Table 5 of the main paper also use the
best setup defined in the hyper-parameter search.
Similar to the previous setup, the final results are
averaged over 5 runs over different seeds of 600
update steps each, over which we report the 95%
confidence interval. Figure 4 shows an overview
of influence of the temperature 7, on the SoftMax
objectives, where MaxSim is depicted as having
7, = 0. The results show that the token-level Soft-
max outperforms the target-averaged version, but
only for a lower temperature. After the gridsearch,
the best setting is run for the 5 seeds, resulting in
7o = 0.1 for token-level SoftMax (Softmax - to-
ken), and 7, = 0.5 for target-averaged embeddings
(Softmax - mean).

C.2.3 Cross-task transfer.

To obtain results in Figure 3 in the main paper,
we make a reduced 300 optimisation steps per
objective due to faster convergence of the single-
component losses. The experiment uses the best
setup defined in the hyper-parameter search. For
each of Lg 7, Lsv, Ls 4, we make 5 runs over
different seeds and report standard error (SE). We
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Job2Skill Skill2Job JobNorm SkillNorm SkillSim SkillExtr-T ~ SkillExtr-H  Task Avg
MAP RPeio MAP RPeioc MAP RPeioc MAP RPeioc MAP RPeio MAP RPeio MAP RPeio MAP RPeio
UWE 179 378 373 494 393 608 889 959 104 338 523 735 423 642 402 577
w/o alt. synth. 17.7 375 370 492 396 60.7 879 953 9.9 323 518 733 426 624 399 57.1
w/o all synth. 17.7 37.6 359 477 377 574 877 949 103 324 460 696 375 612 385 559

Table 11: Full per-task results of the synthetic data ablation on WorkBench, reporting MAP and RPe10. “w/o alt.
synth.” removes synthetic skill alternatives; “w/o all synth.” removes all synthetic enrichment in the training data.

Job2Skill Skill2Job Task Avg
MAP RPeio MAP RPeio MAP RPeio

O*NET

UWE (Ours) 329 393 372 570 351 48.1
ContextMatch 203 219 320 51.1 262 365
Qwen3-8B 180 207 333 534 257 370
SkillsFuture (SSF)

UWE (Ours) 13.0 202 262 323 196 263
ContextMatch 11.1 184 222 284 167 234
Qwen3-8B 114 193 237 295 17.5 244

Table 12: Full cross-ontology zero-shot results (MAP
and RPel0, %) on O*NET and SkillsFuture (SSF). Nei-
ther ontology is seen during training. Best result per
column in bold.

calculate the Knowledge Gain based on the aver-
age per-task performance of the final model and
the base MPNet model from which training was
initiated.

C.2.4 Timing evaluation.

To obtain the latency and FLOPS per query in
Table 3 in the main paper, we run each baseline
in isolation. To measure the metrics at inference,
we cache the model target space embeddings, and
make a measurement for each query in a subset per
task. We enable a warmup of 30 queries to avoid
additional latencies on initial memory allocations,
then we measure 100 queries per task to measure la-

SoftMax - token
SoftMax - mean

390t MaxSim - token
] b
< 38.5

38.0

39.5

3751

37.0

001 05 10 20
Temperature

Figure 4: Overview of temperature 7, influence for late
interaction, including SoftMax with token-level embed-
dings (token), and target-averaged embeddings (mean).
MaxSim is depicted as having temperature zero. The
final results after the gridsearch are depicted with 95%
CL

tencies, and 10 separate queries per task to measure
the FLOPS. We allocate more budget to latencies
due to their high variability. The final reported re-
sults first average per task over all queries, and then
calculate the macro-average on WorkBench with
standard error over tasks.

C.2.5 Final WorkBench evaluation.

The results in Table 2 in the main paper rely on
the publicly available models for each of the base-
lines. The task-specific models JobBERT-v2 and
ContextMatch are additionally verified to have
matching results from their original JobNorm, and
SkillExtr-H and SkillExtr-T benchmarks (Decorte
et al., 2025b). For our final model, we rely
on the hyperparameters as described in the grid-
search above. Furthermore, following Decorte et al.
(2025b), we randomly apply a prefix or suffix va-
cancy sentence to each of the vacancy sentences.
We ensure it is a non-matching sentence with any
vacancy sentence in the mini-batch, by sampling
a vacancy sentence for the out-of-batch skills. We
ablate the sampling probability and apply a grid-
search over values of {0.0,0.8}. In contrast to the
ablation experiments, we evaluate the model every
50 update steps and retain the final model with the
best task-average evaluation performance.

D Data pipeline details

D.1 Inversed synthetic minority enrichment.

D.1.1 Synthetic job title generation

To obtain the generated job titles for minority skills,
we generate job titles with a generative language
model. Using GPT4o-mini (Achiam et al., 2023),
we set a minimum number of N = 20 generations
for each ESCO skill. This ensures all minority
skills are represented by a minimal subset of job
titles. Additionally, this ensures majority skills are
enriched from a similar data-generating distribu-
tion as the minority skills. Using structured output,
we enforce a list-like return type of the generative
model. However, we found this resulted in a wide
range in the number of generations per skill. Espe-
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cially as we parse the results to be valid only if the
generated title contains at least two words. There-
fore, we enabled a retry mechanism that would
retry the prompt asking for the remaining number
of required job titles, and providing the already
generated job titles in context. Instead of generat-
ing a single job title N times independently, this
procedure ensures we have a minimal of duplicate
job titles per skill by providing context to the gen-
erative model.

The prompt is formulated as follows for an
initial N = 20 job titles to be generated, per
skill s;, with ESCO description d;: Return a
list of N unique, real-world job titles
for which the given skill is required.
’Real-world’ means titles actually used
in industry or job ads. Make heavy use

of alternative spellings, paraphrases,
synonyms. Add heavy noise such as
alternative wupper casing, spellings,
paraphrases, synonyms. Add the noisy
information using comma-separation,
brackets, &, @, -, or other separators.

Remove exact duplicates so every title
is unique. The skill can only occur
explicitly in the first job title. You
are given: <skill_name>s;</skill_name>
<skill_description>d;</skill_descrip-
tion>

When a retry is applied since there are insufficiently
generated job titles for the skill, /V is set to the
remaining number of required job titles, and the
prompt is appended with the already generated
job titles J (variables indicated in bold):  You
already provided these job titles, make
sure there are no duplicates: J

D.1.2 Merging synthetic job titles into
real-world data.

The resulting 285k generated job titles have sparse
skill profiles with just a single skill per title, rather
than the many-to-many structure present in real
vacancy data. A first approach is to deduplicate
the generated job titles, but this enables merging
skills from only a small fraction of exact matches.
Therefore, we match synthetic titles to existing real-
world vacancy titles: after a match, the synthetic
title’s skill is added to the matched vacancy’s skill
profile, enriching it with minority skills. The re-
maining synthetic titles without matches are also
retained as separate entries in the dataset, growing
the total from 1.8M to 3.3M job-skill pairs.

250000
200000
150000
100000

500004 —=- Total generated job titles
—e— Included job titles

Number of Job Titles

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Similarity Threshold

Figure 5: Job title similarity threshold over the number
of included jobs. Synthetic job title skills are merged
with real-world job titles when above the similarity
threshold.

Using state-of-the-art model JobBERT-
v2 (Decorte et al., 2025b) we find the job similarity
between the synthetic and real-world job titles.
A match is determined based on a similarity
threshold of the cosine similarity between the
embeddings of both job titles. Figure 5 depicts
the total number of generated job titles, and
illustrates the included job titles for a range of
thresholds. After qualitative evaluation on a subset,
we pick the threshold 0.7 that results in 165k out
of the 285k generated titles having a match in
the real-world job titles. A synthetic job title can
have multiple matches with real-world job titles,
as long as the similarity is above the threshold.
While this work focuses on English, the procedure
is extensible beyond an English setting using a
multilingual encoder (Decorte et al., 2025a).

D.2 Fully synthetic data for SkillNorm.

For skill normalization, WorkBench employs the
full ESCO dataset for validation and test sets. For
training data, however, this task is specifically
suited for synthetic data generation. To this end, we
employ GPT40-mini (Achiam et al., 2023) to gen-
erate a set of alternative formulations A for each of
the ESCO skills. The prompt for skill s; is formu-
lated as follows, including a fixed set of 3 represen-
tative examples from the validation set: Return a
LIST OF 20 UNIQUE PARAPHRASES of the given
skill. Each paraphrase should express the
same core meaning but use different word-
ing. Use synonyms, change word order, add
or modify verbs, make it more specific.
Examples: supervise correctional proce-
dures -> oversee prison procedures, show
initiative -> initiate action lead police
investigations -> manage police enquiries.
Remove exact duplicates so every para-
phrase is unique. Maintain the same skill
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meaning while varying the expression. You
are given: <skill_name>s;</skill_name>

D.3 WorkBench dataset characteristics

Table 1 summarizes WorkBench task sizes; here
we provide a finer-grained characterization of each
underlying source.

ESCO v1.2.0 (Job2SKill, Skill2Job, SkillNorm,
SkillExtract target space). ESCO contains
13,939 skills partitioned by skillType into 10,715
skill/competence entries and 3,219 knowledge
entries, and by reuselLevel into 6,655 sector-
specific, 3,783 cross-sector, 3,044 occupation-
specific, and 452 transversal skills. 97.5% of skills
carry > 1 alternative label, totaling 86,533 al-
ternatives (avg. 6.4 per skill with > 1), which
forms the supervision for SkillNorm. The occu-
pation pillar holds 3,039 occupation entries linked
to skills through 129,004 relations (67,622 essen-
tial, 61,382 optional).

JobBERT / JobNorm. The JobBERT test set
contains 15,463 unique non-canonical job titles
mapped to 1,369 ESCO occupation labels (out
of the 2,942-occupation target space in Table 1).
The mapping is highly long-tailed: an ESCO oc-
cupation receives between 1 and 647 source titles
(mean 11.3, median 3). Source titles are very short
(mean 3.5 whitespace tokens), reflecting raw va-
cancy headers rather than full descriptions.

SkillSpan House / Tech (SkillExtract). The two
subsets are drawn from different vacancy regis-
ters and differ substantially in style. Tech contains
338 test (75 val) sentences, mean length 12.9 to-
kens, with 1.99 skills/sentence on average over a
288-skill restricted vocabulary (286 used). House
(non-tech) contains 262 test (61 val) sentences,
mean length 22.6 tokens, with 2.17 skills/sentence
over a 391-skill restricted vocabulary (389 used).
Both subsets are projected onto the full 13,891-skill
ESCO target space at evaluation time (Table 1).

SkillMatch-1k (SkillSim). The benchmark con-
tains 2,000 human-annotated skill pairs (1,800 test
+ 200 val), balanced 1,000 related / 1,000 unrelated.
1,401 unique query skills appear as skill_a, 1,699
unique candidate skills as skill_b, with 2,648 dis-
tinct skills in the union. This union forms the target
space | )| = 2,648 used in Table 1.

D.4 Train/test pair-level leakage
We audit, for every WorkBench test set, the pair-

level leakage and the inter-test pair overlap. A test
pair (¢*, y*) is non-trivial only insofar as the model
has not learned this specific link during training;
surface-form overlap of ¢* or y* alone with training
entities is not, by itself, leakage. We canonicalize
all strings with case-folding and whitespace strip-
ping, and report results on the full training pool
(real ESCO-tagged vacancies + synthetic minority
enrichment, Sec 4).

Edge-level leakage: a test pair (¢*, y*) leaks iff
the canonical pair appears as a positive edge in
some training bipartite graph. UWE trains on
(S,7).(S,V), and (S, .A), so tasks with no match-
ing edge type (SkillSim, JobNorm, cross-ontology)
are zero by construction.

Inter-test pair overlap: the same canonical pair
(¢*,y*) appearing in two distinct test sets, which
would inflate any cross-task transfer claim built on
shared instances.

Table 13 reports the per-task pair-level leakage.
It is at most 2.56% across all tasks (Job2Skill /
Skill2Job; 0.86% when restricted to the real-only
training pool). For SkillNorm and SkillExtract the
measured leakage is 0%: although these tasks share
a training graph type with their supervision ((S,.A)
and (S,V) respectively), the held-out test pairs
are disjoint from the training pairs by construc-
tion. SkillSim and JobNorm are 0% by construc-
tion since neither (S, S) nor (J, J) is present as
a training bipartite graph. Inter-test pair overlap is
0 for every WorkBench task pair except Skill2Job
N JobNorm, which shares 8 pairs (0.054% of Job-
Norm test pairs, 0.006% of Skill2Job test pairs).
Cross-task transfer (Section 6.1) therefore cannot
be attributed to memorized or shared pairs.

A weaker definition of leakage. Both endpoints
of a test pair appearing as training entities (in train-
ing pairs other than (¢*,y*)) could be seen as
leakage for a bi-encoder, since the encoder has
then seen both ends of the held-out link. Under
this looser definition, Job2Skill / Skill2Job reach
14.55% (11.68% real-only), driven by the synthetic
minority-skill enrichment that, by design, gener-
ates realistic occupation-like titles for ESCO skills,
many of which incidentally match ESCO canon-
ical occupation labels. For all other WorkBench
tasks the measure stays < 2.77% (SkillExtract:
< 0.17%; SkillNorm: 1.47%; SkillSim: 1.56%;
JobNorm: 2.77%). We do not consider this leak-
age in the strict sense (no training pair is the test
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Task Train graph [Test pairsl Leakage
Job2Skill (S,J) 128,987 2.56%
Skill2Job (S8,T) rev 128,987 2.56%
SkillNorm (S, A) 73,300 0.00%
SkillExtr-H (S, V) 529 0.00%
SKillExtr-T (S, V) 583 0.00%
SkillSim none 900  0.00%°
JobNorm none 14,765 0.00%"

Table 13: Pair-level train/test leakage on WorkBench:
fraction of test pairs (¢*, y*) whose canonical edge ap-
pears as a positive in some training bipartite graph. Com-
puted on the full training pool (real + synthetic). “”
indicates zero by construction: the task’s (¢,y) edge
type is not present in any UWE training graph. Inter-test
pair overlap is < 8 pairs across all task combinations.

pair), but report it for completeness.

D.S Human audit of training-data quality

We pre-register two audits of the model-derived sig-
nals in Sec 4: pseudo-label precision in the merged
training graph (Audit A) and synthetic injected-
edge plausibility (Audit B). Pre-registration uses
frozen-sample parquets with recorded random seed,
source-file SHAs, and git commit; samples are com-
mitted before annotation begins. Each audit con-
sists of 250 human judgments.

Audit A: pseudo-labels in the merged training
graph. We sample (title, skill) pairs from the
merged (S, J) training graph, stratified by skill
rank-fraction into head (top 10%), torso (10-50%),
and fail (50-100%). Each pair is judged CORRECT
/ INCORRECT / UNCERTAIN against a five-way er-
ror taxonomy: wrong_domain (the predicted skill
is from an unrelated domain), loosely_related
(same domain as the title, but not the canonical
match), title_too_ambiguous (the title alone is
too generic to license any specific skill, e.g. “Stu-
dent Employee” — wash the laundry), over_nar-
row_skill (the skill is a plausible specialization
but more specific than the title warrants), over_-
broad_skill (the skill is in the right area but too
generic to be informative for the title).

We report two precisions. Strict precision counts
only CORRECT; training-relevant precision ad-
ditionally counts loosely_related, over_nar-
row_skill, and over_broad_skill as useful,
since for a contrastive bi-encoder these still pull
the embedding toward a related skill cluster rather
than an arbitrary wrong skill. Only wrong_domain
is a truly uninformative training signal. Table 14

reports both per bucket. The pooled rate is biased
downward because the sample oversamples the tail
relative to the actual training-graph distribution,
which is dominated by head and torso pairs.

Bucket n Strict  Training-relevant
head 67  80.6% 88.1%
torso 90  58.9% 81.1%
tail 93  45.2% 60.2%
pooled 250 59.6% 75.2%

Table 14: Audit A: pseudo-label precision in the merged
(8, J) training graph. Strict counts CORRECT; training-
relevant additionally counts domain-related-but-non-
canonical labels as useful contrastive signal, excluding
only wrong_domain errors.

Among the 101 INCORRECT judgments, the
error-type distribution is: wrong_domain 55.4%,
loosely_related 33.7%, title_too_ambigu-
ous 5.9%, over_narrow_skill 3.0%, over_-
broad_skill 2.0%. Loosely-related errors are
the second-largest class, supporting the training-
relevant framing.

Audit B: synthetic injected-edge plausibility.
We sample (real title, ESCO skill) edges produced
by the long-tail synthetic enrichment merge step
(Sec 4), stratified into head_sanity (top 10% skills,
sanity check) and long_tail (the under-represented
skills the enrichment is designed to address). Edges
are judged PLAUSIBLE / IMPLAUSIBLE / UNCER-
TAIN against a five-way error taxonomy: accept-
able_but_weak, wrong_normalization_target
(the synthetic title was matched to the wrong real
vacancy by the job-normalization step), over_-
narrow_skill, over_broad_skill, and hallu-
cinated_skill_in_synth (the LLM generated
a skill not in the prompt). Training-relevant ad-
ditionally counts acceptable_but_weak, over_-
narrow_skill, and over_broad_skill as useful.
Of the 250 judged edges, the 4 marked UNCERTAIN
are excluded from the denominators.

Plausibility is 84.2% for head_sanity (n = 38)
and 74.5% for long_tail (n = 208), pooling
to 76.0% plausible and 85.8% training-relevant
across the 246 judged edges.

Among the 59 IMPLAUSIBLE judgments, the
dominant failure is wrong_normalization_tar-
get (54.2%), followed by acceptable_but_weak
(20.3%) and over_narrow_skill (18.6%). It re-
flects the 0.7 title cosine threshold (Appendix D).
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