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Abstract

Labor market analysis and workforce planning increasingly rely on synthesizing data from multiple
non-comparable occupational taxonomies. This fragmentation introduces substantial information loss,
limiting the ability of governments, firms, and workers to measure equivalence and change in rapidly
evolving labor markets, coordinate decisions in global organizations, and compare occupations across
industries and local markets, particularly under conditions of technological change. We introduce a
network-based occupational translator that aligns occupations across taxonomies by representing them
as structured collections of tasks embedded in a global task meta-network. Task relationships are esti-
mated using marginal co-occurrence or sparse inverse covariance estimation models, yielding alternative
network representations that capture complementary notions of task interdependence. We formulate
occupational dissimilarity as a Fused Gromov–Wasserstein problem that jointly aligns task semantics
derived from textual embeddings and the structure of occupation-specific task networks. We apply this
framework to align O∗NET U.S. occupations from 2017 to 2024. The resulting translator recovers an
approximately 80% agreement with official crosswalks. Overall, our preliminary results demonstrate how
network structure provides a principled and interpretable foundation for occupational alignment beyond
manual crosswalks.

1 Introduction

Occupational taxonomies are essential for labor market analysis, workforce planning, and economic mea-
surement [1, 2]. Governments use them to monitor employment and productivity, firms to manage internal
labor markets, and researchers to examine occupational mobility and structural change. However, these
classification systems are periodically revised to reflect technological advancements, organizational changes,
and shifting skill demands [3, 2]. While these updates are necessary, they complicate longitudinal analysis
by disrupting direct comparability over time and across different contexts [3].

Crosswalks or manual mappings between occupational codes help with administrative continuity but are
often coarse and opaque [4, 5]. They show equivalence mainly at the level of titles or categories, offering little
insight into changes in actual job content [4]. They struggle to represent partial similarities, many-to-many
relationships, or structural divergences in occupations [4]. Consequently, significant aspects of occupational
change, like task reorganization or new task combinations, often remain unclear [6, 7].

An alternative perspective views occupations not as fixed labels but as structured collections of tasks and
skills [6, 7, 8]. This approach represents occupations as networks, with tasks as nodes and their relationships
as edges, highlighting patterns of interaction in labor markets [9]. It also raises a key question: how should
the similarity between two occupational networks be defined and measured?

We develop a network-based framework for comparing occupations across taxonomies and over time by
constructing a global task meta-network from textual task descriptions [10, 9]. This framework creates
occupation-specific subnetworks to capture the organization of work, using both marginal co-occurrence
networks and sparse inverse covariance methods to identify direct task dependencies [11, 12]. We employ
an optimal transport-based distance that accounts for node attributes and network structure for comparing
these subnetworks [13, 14, 15]. Applying this to align O*NET U.S. occupations from 2017 to 2024 [16],
we achieve approximately 80% agreement with official crosswalks [4]. Our results illustrate how network
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structure provides a principled foundation for occupational alignment, enabling comparisons across diverse
tasks while maintaining interpretability through soft alignments [15].

2 Methods

Data: We work with two datasets corresponding to distinct time periods: O2017 = { o(2017)1 , . . . , o
(2017)
m },

O2024 = { o(2024)1 , . . . , o
(2024)
n } representing the sets of occupations in 2017 with m = 959 and 2024 with

n = 894 [10], respectively. Each occupation o is associated with a set of textual task descriptions. Let
T : O → P(X ) be a map from occupations to their respective subset of textual descriptions. Here, X is
the complete set of task descriptions, with |X | ≈ 17, 000, and P(·) denotes the powerset. Note that each
occupation can have multiple associated tasks, and hence multiple associated task descriptions.

We represent each task purely by its textual content using a pretrained sentence encoder. For a task de-
scription x ∈ X , we compute a semantic embedding E(x) ∈ R768, where E denotes the SentenceTransformer
model all-mpnet-base-v2 [17]. The 768-dimensional vectors capture semantic similarity between task texts.
Similarly, to obtain higher-level task clusters, we perform k-means clustering (k = 750) on the set of em-
beddings {E(x) : x ∈ X}. Let C = {c1, · · · , ck} be the set of cluster labels with the corresponding centroids
C = {µ1, · · · , µk}. Let π : O → P(C) map each task to its assigned clusters. For each occupation o, with a
slight abuse of notation, we define the corresponding set of task clusters as C(o) ≜ {π(x) | x ∈ T (o)} ⊆ C.
Additional details on data set construction and preprocessing can be found in [9].

Task meta-networks. We model relationships between task clusters through a global task meta-network
whose nodes are the cluster centers in C. We consider two complementary constructions: 1) We define a
weighted undirected graph G = (C,W ), where the adjacency matrix W ∈ Rk×k

+ encodes marginal co-
occurrence of task clusters across occupations: Wij = |{ o ∈ O : ci ∈ C(o), cj ∈ C(o) }|. This construction
captures how frequently pairs of task clusters appear together in real-world job descriptions. 2) To iso-
late direct associations between task clusters, we construct a meta-network using sparse inverse covari-
ance estimation (graph lasso). Let X ∈ R|O|×k be the occupation–cluster incidence matrix defined by
Xo,i ≜ 1{ci ∈ C(o)}, and let S denote the empirical covariance matrix of the centered columns of X. We
estimate a sparse precision matrix by solving the graphical lasso problem

Θ̂ = argmin
Θ≻0

⟨S,Θ⟩ − log det(Θ) + λ∥Θ∥1,

where λ > 0 controls sparsity. Nonzero off-diagonal entries Θ̂ij indicate conditional dependence between
task clusters ci and cj after accounting for all others. We define the corresponding meta-network by edge

weights W
(2)
ij ≜ |Θ̂ij |, i ̸= j, with W

(2)
ii ≜ 0 for all i. Given either construction, each occupation o induces a

task subgraph G(o) = G[C(o)], obtained by restricting the global meta-network to the task clusters present
in that occupation. These occupation-specific task networks encode not only which tasks are performed, but
also how tasks relate to one another within an occupation.

Occupational Translator via Fused Gromov–Wasserstein distance. To compare occupations across
years, we measure dissimilarity between their induced task networks using the Fused Gromov–Wasserstein
(FGW) distance, which jointly aligns node features and network structure. In our construction, node features
encode the semantic dissimilarity among the various task clusters. To do so, we construct the feature ground
cost between clusters M ∈ R750×750

+ as the ℓ2 norm between cluster centroids Mij ≜ ∥µi − µj∥2 ∀i, j.
For each occupation-specific task network G(o), we define a structural cost matrix C(o) that measures

dissimilarity between pairs of nodes within the network based on their local connectivity patterns within the
network. This captures how task clusters play comparable structural roles inside an occupation, independent
of their semantic similarity. Now, we are ready to state our Fused Gromov–Wasserstein formulation. Let
o ∈ O2017 and o′ ∈ O2024, with node sets of sizes n and m, respectively. We place uniform probability mass
on nodes, p = 1

n1n, q = 1
m1m, and let Π(p, q) denote the set of feasible couplings between them. The FGW

distance between o and o′ is defined as

dFGW(o, o′) = min
T∈Π(p,q)

α⟨M(o, o′), T ⟩+ (1− α)
∑

a,a′,b,b′

∣∣C(2017)
aa′ (o)− C

(2024)
bb′ (o′)

∣∣2TabTa′b′ , (1)
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(a) Co-occurrence weights W with semantic similarity S. (b) Graph lasso weights W (2) with semantic similarity S.

Figure 1: Task semantic similarity vs. task co-occurrence. Scatter of cluster-pairWij for both methods
versus cosine similarity Sij .

where α ∈ [0, 1] balances semantic and structural contributions. In our experiments, we use α = 0.5 as a
balanced default and compute FGW distances using existing optimal transport solvers.

Given the FGW dissimilarity dFGW(·, ·) (1), our primary output is the cross-year dissimilarity matrix

D ∈ Rm×n
+ , Dij := dFGW

(
o
(2017)
i , o

(2024)
j

)
. (2)

Matrix D defines a bipartite dissimilarity geometry between occupations across years, without imposing a
one-to-one correspondence.

We view an occupation translator as an operator T acting on D to produce task-relevant crosswalk
outputs at a chosen resolution: T : Rm×n

+ → Y, T (D) ∈ Y, where Y may represent, for example, ranked
candidate matches for each source occupation (top-k retrieval), a soft alignment kernel obtained by row-wise
normalization of exp(−βD), or a thresholded bipartite relation identifying all pairs with dissimilarity below a
given level. Beyond pointwise matches, the optimal coupling T ⋆ produced by (1) yields an alignment between
task clusters for each pair of occupations, enabling task-level interpretation of occupational similarity and
change.

3 Preliminary Results

Task semantics vs. task relatedness at the cluster level. We first validate whether the semantic
geometry learned from task text aligns with the empirical organization of task clusters induced by our two
task meta-network constructions. We represent each cluster by its centroid {µi}ki=1 ⊂ R768, and define
semantic similarity via cosine similarity

Sij =
µ⊤
i µj

∥µi∥2∥µj∥2
, i, j ∈ [k].

In parallel, we measure task-relatedness either by (i) marginal co-occurrence weights Wij , or (ii) conditional-

dependence (graphical lasso) weights W
(2)
ij . We quantify the association between semantic similarity and

meta-network connectivity using the Mantel test [18], computed after zeroing diagonals. Figure 1 shows that
both constructions exhibit an overall increasing trend with higher semantic similarity. The co-occurrence
weights W achieve a highly statistically significant positive correlation with S (Mantel Spearman r = 0.4342,
one-sided p = 0.001). Moreover, despite the sparsity of the graph-lasso meta-network (6.60% nonzero off-
diagonal entries versus 99.87% for S), we still observe a statistically significant positive association between
W (2) and S (Mantel Spearman r = 0.2932, one-sided p = 0.001). These results indicate that both empirical
occupation associations and estimated direct task dependencies are broadly consistent with the semantic
geometry.
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Although the positive association supports the view that the task meta-network reflects meaningful
task-relatedness grounded in both language and observed co-appearance patterns, high-Wij but moderate-
Sij outliers suggest the existence of cross-functional complements (tasks bundled together despite different
semantic “themes”), whereas high-Sij but low-Wij pairs suggest near-substitutes or tasks that are semanti-
cally similar but rarely required jointly. These deviations motivate why a purely semantic alignment (e.g.,
nearest-centroid matching) can be insufficient: real occupations often combine complementary task clus-
ters that are not maximally similar in embedding space, and capturing this requires information from the
task-level subnetwork.

Cross-year occupational dissimilarity. We next examine the global geometry of cross-year occupa-
tional dissimilarity induced by FGW under the two task meta-network constructions. For each occupation

pair (o
(2017)
i , o

(2024)
j ), we compute the FGW distance dFGW(o

(2017)
i , o

(2024)
j ) and assemble the full cross-year

dissimilarity matrix D as defined in (2).
Figure 2 visualizes these matrices as heatmaps. Overall, the two constructions produce largely consistent

FGW distances downstream. In particular, both heatmaps reveal a prominent band of high dissimilarity,
corresponding to O∗NET major group 25 (“Education, Training, and Library Occupations”) in both years.
We hypothesize that this effect is driven by differences in subnetwork size: occupations in group 25 are
associated with substantially fewer tasks than the remainder of the taxonomy (mean 9.1 vs. 19.5), which
yields smaller induced subnetworks and, consequently, larger FGW distances.

Both heatmaps also exhibit a clear block structure: FGW distances tend to be more homogeneous within
major occupation groups and more variable across groups. Dark blocks along the main diagonal indicate low
self-dissimilarity (i.e., occupations that remain close to their within-group counterparts across years) under
both meta-network constructions.

Despite this broad agreement, the two constructions differ in how they distribute contrast across the
matrix. The co-occurrence-based heatmap yields more sharply separated dissimilarities, visible as brighter
bands. In contrast, the graph-lasso-based heatmap highlights more localized irregularities, manifested as
numerous thin high-dissimilarity stripes that suggest isolated occupation pairs behaving anomalously relative
to their surrounding groups.

Taken together, these patterns indicate that the choice of task meta-network has a limited impact on
the coarse geometry of D, but can meaningfully affect fine-grained structure. In practice, the appropriate
construction should be selected to match the downstream occupation-translator operator (e.g., whether one
prioritizes global separation for retrieval/thresholding or sensitivity to localized deviations for diagnostic
analysis).

Translator reliability across occupational groups. Lastly, we evaluate our dissimilarity matrix D
against existing data: a manually constructed occupation crosswalk between O(2017) and O(2024) [19]. Let
c : O(2017) → P(O(2024)) denote this mapping.

Given a dissimilarity matrix D, for each o(2017) ∈ O(2017), let us denote (o
(2024)
1 , o

(2024)
2 , · · · , o(2024)|O(2024)|) as

the sequence of O(2024) in non-decreasing order of their dissimilarity to o(2017). Then, we define the k-score of

o(2017) as the minimum positive integer k such that c(o(2017)) ⊆ {o(2024)1 , · · · , o(2024)k }. Intuitively, a smaller
k-score indicates good agreement between the dissimilarity and the manual crosswalk, and vice versa. In
particular, if an occupation o(2017) has a k-score of 1, then the c(o(2017)) coincides with the most similar
occupation under the FGW distance.

Overall, our dissimilarity achieves a k-score of 1 for 776 out of 959 occupations, with 894 attaining a
k-score of at most 5. Figure 3 depicts the k-score distribution of the dissimilarity derived from graph lasso
meta networks, organized by O∗NET occupation group. Consistent with our findings in Figure 2, O∗NET
group 25 (“Education, Training, and Library Occupations”) exhibits a large concentration of high k-scores
and a median k-score of 10, indicating systematic disagreement between our dissimilarities and the manual
crosswalk. Moreover, group 47 (“Construction and Extraction”) has the highest median k-score, indicating
that this group departs most strongly from the manual crosswalk. Understanding the sources of these
within-group discrepancies is the subject of ongoing work.
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(a) D built from W (co-occurrence). (b) D built from W (2) (graphical lasso).

Figure 2: Cross-year occupational dissimilarity geometry. Heatmaps of the cross-year FGW dissim-
ilarity matrix D under two task meta-network constructions (co-occurrence W vs. conditional dependence
W (2)). Occupations are sorted based on their O∗NET-SOC code in increasing order.

4 Conclusion and Future Work

We presented a network-based framework for aligning occupations across heterogeneous taxonomies by rep-
resenting them as structured collections of tasks embedded in a global task meta-network. By integrating
semantic information from task text embeddings with relational information captured through task co-
occurrence and conditional-dependence networks, we reframed occupational comparison as a problem of
network alignment rather than static code matching. Empirically, we showed that semantic similarity be-
tween task clusters is positively associated with their co-occurrence across occupations, and that Fused
Gromov–Wasserstein alignment recovers substantial agreement with official crosswalks while revealing sys-
tematic deviations driven by differences in task organization.

These findings suggest several directions for future work. On the modeling side, richer task networks—such
as weighted, directed, or temporally evolving graphs—could better capture asymmetric or dynamic task re-
lationships. Methodologically, alternative network comparison tools or regularization strategies may further
clarify the role of task interdependence in occupational similarity. From an applied perspective, extending
this framework to cross-country taxonomies, more finely grained skill datasets, or worker-level transitions
could support more detailed analyses of labor market change and workforce planning. More broadly, this
work highlights the potential of network-based representations to support interpretable and flexible economic
measurement in settings where traditional categorical mappings fall short.
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(a) Distribution of k-scores by major occupation group, highlighting heterogeneity in alignment ambiguity across
occupational families. The row corresponding to a k-score of 1 is omitted for visual clarity.

(b) Median k-scores for each occupational group, and a code-name mapping of the occupational groups.

Figure 3: FGW translator evaluation by occupational group
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