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ABSTRACT

We introduce a unified evaluation framework for table-level embeddings, that is,
methods that encode an entire table into a single vector. The proposed framework
targets operations such as table indexing, clustering, retrieval, as well as data
curation primitives for training tabular foundation models with various objectives,
including overlap estimation, approximate deduplication, filtering, and sampling.
While feature representations in vision and language have enabled scalable retrieval
and transfer, tabular representation learning is typically evaluated at finer granu-
larities (rows/cells) or via downstream prediction, leaving table-level embedding
quality and robustness under-specified. We benchmark diverse embedding families,
including schema and statistical fingerprints, text-serialization encoders, special-
ized table encoders, and pooled representations from tabular foundation models,
on both controlled synthetic table families with known generative factors and real
open-source data. Following a set of desiderata, we evaluate consistency under
partial views, discriminability across label granularities, robustness to benign per-
turbations, and efficiency, without downstream fine-tuning. Our results show that
simple hashing and lightweight serialization methods are highly competitive and
often outperform pooled representations from foundation models. This exposes a
representation-prediction tension: strong predictive models do not necessarily yield
stable, discriminative table-level geometry after pooling, motivating objectives that
explicitly optimize robust table-level embeddings.

1 INTRODUCTION

The evolution of Foundation Models (FMs) has fundamentally transformed Natural Language Process-
ing (NLP) and Computer Vision (CV). Models such as BERT (Devlin et al.,[2019) and CLIP (Radford
et al.l 2021} shifted the paradigm from training task-specific models to leveraging general-purpose,
task-agnostic representations. These models encode profound knowledge into compact, latent feature
representations that enable seamless adaptation to downstream tasks, such as zero-shot classification
or semantic retrieval (Caron et al., 2021). However, while text and image modalities have successfully
decoupled representation learning from specific applications, tabular deep learning remains largely
entangled with conventional direct target prediction.

Current Tabular Foundation Models (TFMs) predominantly adopt an In-Context Learning (ICL)
paradigm based on Prior-Data Fitted Networks (PFNs) (Miiller et al.| 2022} [Hollmann et al.| 2023}
2025). While effective for specific classification and regression tasks, these models are trained to
optimize row-level predictive performance within a limited context window, rather than learning
a holistic, task-agnostic representation of the data structure. This row or even cell-centric focus
overlooks the native compositional nature of tables, where meaningful semantics exist at multiple
granularities, such as cell, column, row, and table. Tasks involving multi-table understanding,
Retrieval-Augmented Generation (RAG) on databases, or schema matching require robust fable-level
embeddings. Beyond retrieval, table-level embeddings support corpus-scale data operations, such as
overlap estimation, approximate deduplication, filtering, and sampling, that increasingly shape how
tabular foundation models are trained and curated. While recent work suggests that compressing large
datasets into a smaller learned context (i.e., conditioning a table-level representation) can significantly
enhance classification performance (Feuer et al.| [2024), the majority of research remains focused
on fine-grained cell or row representations (Hoppe et al., [2025)), leaving the quality and utility of
whole-table representations largely underexplored.
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Figure 1: The proposed evaluation pipeline linking table embedding desiderata to concrete evaluation:
In stage 1, we sample partitions from source tables and assign them apply predefined perturbation
and labeling schemes. Stage 2 involves an embedding model f(-) that maps partitions into a vector
space. Stage 3 defines four desiderata (D1-D4) and their corresponding evaluation metrics.

In this work, we propose a unified evaluation framework designed to rigorously assess table-level
embeddings based on a set of principled desiderata (illustrated in Figure[I)). To facilitate representative
evaluation, we frame table-level proxy tasks by sampling partitions from tables and labeling them
according to diverse schemes. We benchmark a comprehensive collection of embedding models, rang-
ing from lightweight hashing and statistical baselines to pooled representations from state-of-the-art
TFMs, including TabPFN (Hollmann et al.,[2023)) and ConTextTab (Spinaci et al., 2025). Additionally,
we evaluate distinct architectural approaches, such as the hypergraph-enhanced representations of
HyTREL (Chen et al., |2023) and vectorized table encodings via Skrub (skrub data, |2023)). Our
evaluation protocol is not limited to simple downstream accuracy. Instead, over framework extends
towards measuring the semantic consistency between Intersection over Union (IoU) and embedding
similarity, operating on the assumption that overlapping table partitions should remain close in the
latent space (Pugnaloni et al.,2025). We further assess the discriminability of the embeddings in local
neighborhoods via triplet comparisons, global clustering, retrieval performance, and linear probe
accuracy as a proxy for semantic information decodability. Moreover, we evaluate robustness against
permutations, masking, and additive noise, alongside efficiency.

To ensure our analysis is both controlled and empirically valid, we utilize a spectrum of data
sources. We first construct a novel collection of synthetic datasets with known generative factors,
incorporating physics formulas, geometric shapes, temporal reasoning, and Structural Causal Model
(SCM) priors (Qu et al.,[2025). We then evaluate our approach on these synthetic datasets as well as
on established real-world benchmarks, including CARTE (Kim et al.| 2024), OpenML-CC18 (Bischl
et al.} 2021}, and OpenML-CTR23 (Fischer et al.,2023)). Our results highlight noticeable differences
in the evaluations of different methods, with some findings defying the intuitive expectation of a
correlation between a model’s predictive power and the quality of general-purpose representations,
suggesting the need for a new class of tabular foundation models capable of providing robust general-
purpose table-level embeddings without compromising downstream utility.
Our contributions are summarized as follows:

* We introduce a unified benchmarking framework for evaluating general-purpose table-level embed-
dings, focusing on semantic consistency, clustering quality, retrieval, and robustness.

* We conduct a comprehensive analysis comparing simple baselines against state-of-the-art TFMs
across controlled synthetic environments and diverse real-world datasets.

* We identify a significant gap in current TFM capabilities, namely, a powerful ICL TFM with
highly predictive performance does not necessarily produce high-quality, task-agnostic table
representations.



2 DESIDERATA FOR TABLE-LEVEL EMBEDDINGS

We treat table-level embeddings as reusable interfaces for corpus-scale operations such as retrieval,
ranking, and lightweight supervision, without requiring downstream fine-tuning. Due to the lack of
existing comparable benchmarks and the scarcity of labeled ground truth data, we design a set of proxy
tasks that address this gap and provide a sound evaluation pipeline. The desiderata below motivate the
proxy task definitions and metrics introduced in Section[d] Figure[I]depicts the connection between
the desiderata and the evaluation metrics.

D1: Consistency under partial views. In many real-world applications, a table is rarely observed
in full; it may be accessed via cached extracts, subsampled partitions, or truncated context windows.
A table embedding should therefore be stable across partial views of the same table, with similarity
increasing monotonically with view overlap.This property directly supports overlap estimation and
approximate deduplication in large corpora, where near-duplicate tables often share only partial
content, and enables view-consistent filtering and sampling when curating training data for tabular
foundation models.

D2: Discriminability across label granularities. A table embedding should support grouping
and separation under different label granularities. This is important for training-time curation,
where different operations require different equivalence relations, with identity-sensitive signals help
deduplication, semantic groupings support stratified sampling across domains and tasks, and coarse
statistical groupings enable type-aware filtering and balancing. The evaluation should characterize
both local neighborhood structure (triplet comparisons) and global grouping behavior (clustering),
alongside operational proxies such as retrieval performance and linear probe decodability of labels.

D3: Robustness to benign perturbations. The table representation should be invariant under row
and column permutations, as well as should remain stable under mild corruption such as masking
and small additive noise . Robustness is essential not only for reliable indexing and nearest-neighbor
retrieval, but also for deduplication and corpus curation over automatically extracted tables.

D4: Practical efficiency. Target applications often involve large corpora; therefore, embedding
extraction must be computationally efficient. We measure the throughput (tables per second). An
efficient table embedding method balances high throughput with robustness under the aforementioned
desiderata, capturing the quality-cost trade-off.

3 TABLE-LEVEL EMBEDDING

A table-level embedding model is a function f that maps a table T to a fixed-dimensional vector
f(T) € R% To compare two tables under a fixed embedding method, we measure similarity
between their corresponding embedding vectors. In this paper, we use cosine similarity as follows
sim(T,,Ty) = cos(f(Ty), f(Tp)) . Although embedding models conceptually operate on full tables,
our evaluation applies f(-) to table partitions generated from the same source table, which are
themselves valid subtables. This yields a unified interface for benchmarking diverse embedding
families under controlled partial-views and perturbation regimes (Section [4).

3.1 TABLE EMBEDDING MODELS

We evaluate table embedding models from multiple families with distinct inductive biases and input
preprocessing. Methods that emit row- or cell-level representations are mapped to a single table
vector via a fixed pooling operator. For serialization-based methods, we calculate a deterministic
CSV-based string serialization s(7") using a fixed number of rows. Unless stated otherwise, we apply
mean pooling: for row outputs L € R"*9, with L; € R? the i-th row vector, we obtain the final
embedding as f(T) = 1 3" | L;. For cell outputs X € R™*™*¢ with X;; € R? a cell vector, we
obtain the final embedding as f(T) = - >, > | X;;, where n is the number of rows and m is
the number of columns. All embedding models are evaluated under the same observation interface,
meaning that if a method requires a fixed input budget (e.g., due to token/row limits), the limits
are applied to the same table view used elsewhere in evaluation. Hyperparameters are reported in
Appendix [A.T] (Table 3). Below, we list all table embedding models used in our experiments and
group them into four distinct categories based on their underlying design principles.



(A) Structural & statistical information. These methods are deterministic and emphasize schema
and distributional signatures.

» HashingSchema. Schema tokens consist of column titles paired with inferred data types, serialized
as 7(T') = {(col;,dtype;)}7>;, and mapped by a hashing vectorizer h with d bins (Pedregosa
et al.,2011), yielding f(T") = h(7(T)).

* SchemaContent. Schema features are first serialized and hashed and subsequently concatenated
with metadata features: f(T) = [Pmewa(T) || R(7(T))], where ¢mera is a fixed-size vector that
includes size, missingness, and type ratios.

* TableStatistics. A global feature vector ¢(7') is formed from row/column counts, missingness
ratios, average missing per row/column, and mean and standard deviation of per-column unique
counts. Coarse type ratios (numeric/categorical/datetime) are appended, and the vector is padded
or truncated to a fixed dimension.

* StatisticalSummary. For numeric columns Cyp,, per-column moments (min, max, mean, standard
deviation, skew, median) are computed and aggregated by mean and standard deviation across
columns. For categorical columns Cy, cardinality, mode frequency, and entropy are computed and
aggregated. For datetime columns Clime, min/max timestamps are aggregated. The concatenation

yields f(T).

¢ MatrixFactorization. Let M, € R™*™ be the numeric submatrix after mean imputation and
column centering. Its singular values oy > -+ > oy, define f(T) = [o1,...,0x]; if no numeric
columns exist, a zero vector is returned.

(B) Serialization-based text embeddings. These methods treat tables as sequences and encode
them with hashing or text models.

* HashingText. The table is serialized to a CSV-style string s(7") and embedded as f(T") = h(s(T))
using a hashing vectorizer h (Pedregosa et al.,2011)).

* LLMText. A sentence-transformer encoder e(-) (Reimers & Gurevych, [2019) is applied to the
serialized table, f(T') = e(s(T")), mapping tabular content into a semantic text space.

(C) Specialized representation methods. These methods encode explicit relational structure
beyond flat vectors or train a model to optimize a representation objective.

* TableVectorizer (skrub data), 2023). Each row is mapped by Skrub’s mixed-type vectorizer g(-)
to a feature vector; the table embedding is mean pooled, f(T') = = 3", g(row;), with padding or
truncation to a fixed dimension.

* HyTREL (Chen et al.,2023). A hypergraph is constructed with cell nodes and hyperedges for
the table, columns, and rows. The encoder returns hyperedge embeddings. We take the table-level
hyperedge vector as f(7T'). We employ the provided model checkpoint pretrained with contrastive
and discriminative objectives.

* Armadillo (Pugnaloni et al.,2025). Tables are converted to a graph with row, column, and value
nodes; each value node connects to its corresponding row and column. Initial node features are
produced by a token/value encoder, and a GNN propagates them across the graph. The table
embedding is the global mean pool of node representations, f(7T') = \%I > vev Zv- We use the

provided model checkpoint pretrained to estimate the overlap ratio between tables.

(D) Foundation model-derived embeddings. We extract final-layer hidden states from pretrained
state-of-the-art foundation models and pool them to obtain a table vector.

» TabPFN (Hollmann et al., 2023). After preprocessing to obtain (X, y), we follow the extension
proposed in |Ye et al.|[(2025) to extract row-level embeddings L € R™*? conditioned on a target
column; then we aggregate to get the full table embedding f(7T") = % S, L;. If atarget is absent,

a valid non-degenerate column is selected.

* ConTextTab (Spinaci et al., 2025). The encoder outputs a contextual grid X € Rrxmxd gyer
rows and columns for a dummy randomly generated target. The dummy target token is removed
and the grid is pooled, f(T) = - Y7 Y7, X5

4



4 EVALUATION PROTOCOL

To evaluate the desiderata mentioned in Section [2] we propose a unified framework relying on
proxy tasks that do not require downstream fine-tuning. We evaluate embeddings on table partitions
sampled as partial views of each source table, and attach multi-view supervision signals to probe
different notions of similarity and grouping. All sampling and evaluation hyperparameters are fixed
across methods and reported in the Appendix (Tables [ and [5).

4.1 PARTITION SAMPLING AND OVERLAP

For each source table T' with n rows and m columns, we sample K, partitions under a fixed
observation budget (maximum number of rows/columns) applied consistently across all methodsm
We model a table as a typed relation T' = (R, C, X) with row index set R = {1,...,n}, column
index set C' = {1,...,m}, and cell values X € V"*™. A partition is a subtable induced by row and
column subsets, P = T'[R',C']. Let P(T') = {P1, ..., Pk, } denote the sampled partitions from 7",
We represent the extent of each partition by its coordinate set
S(P)=A{(i,j) |ie R ,jeC},

and define the overlap between two partitions P, and P, using the Intersection over Union (IoU):
_IS(P)NS(P)|

IS(Pa) US(By)]
This overlap signal induces a natural notion of similarity between partial views of the same table and
directly supports D1.

IoU(P,, Py)

4.2 LABELING SCHEMES
To assess different granularities of grouping, each partition P is assigned labels under four schemes:

* Direct: Table identity, ygi;(P) = id(T), i.e., all partitions coming from the same table share the
same label.

 Semantic: High-level semantic labels, ysem(P) = g(T'), where g encodes higher-level semantics
from metadata or generative factors. For synthetic data, tuples of generative factors (e.g., physics
formula + density) are mapped to distinct labels, while for real data tuples are formed from
benchmark source and dataset identifier (e.g., carte + nba draft).

* Semantic+Difficulty: Semantic labels with an additional difficulty distinction for synthetic data
(e.g., physics formula + density + medium), where the difficulty is a generative factor
that controls the complexity of table values without altering other features.

» Stat: Coarse statistical signature, ys,(P) = I(P), where [ returns the majority coarse column type
if its fraction exceeds a predefined threshold. A partition label defaults to a mixed label if no coarse
type fraction exceeds the threshold.

4.3 METRICS

To evaluate the performance of the different embedding models, we present a set of eval-
uation metrics that align with the desiderata (Figure EI) Unless stated otherwise, retrieval,
triplet accuracy, and the linear probe accuracy are computed under each labeling scheme (Di-
rect/Semantic/Semantic+Difficulty/Stat). We report scores averaged over label types for label-
dependent metrics (D2 metrics) in the main Tables[T]and [2] with extended per-label breakdown in

Figures [2]and [3]in the Appendix[A.2]

D1: Partition consistency (IoU correlation). We measure the Spearman correlation between the
partition overlap IoU(P,, P) and the embedding similarity cos(f(P,), f(Py)) over within-table
pairs {(Py, By) | Pa, P, € P(T),a # b}. A higher correlation indicates that the embedding space
preserves the similarity structure induced by overlapping partial views. We additionally report
Pearson correlation and mean-squared-error (MSE) in Figures|2|and

"Exact budgets and sampling hyperparameters are reported in Appendix



D2: Triplet ranking (TR). Given an anchor partition A, a positive partition B with the same label
(y(B) = y(A), B # A), and a negative partition C' with a different label (y(C') # y(A)), we evaluate
whether the embedding places the positive closer to the anchor than the negative. We report the
fraction of triplets satisfying cos(f(A), f(B)) > cos(f(A), f(C)) as a proxy for ranking capability.
We report multiple versions of the triplet ranking depending on how the negative partition is sampled:
TR-R (random negative), samples C' uniformly from the negative pool. TR-H (hardest negative),
selects C' to be the most similar negative by cosine similarity. TR-CH (cluster-hard negative), selects
C as the most similar negative restricted to the anchor’s MiniBatch k-means cluster (with a different
label). We aggregate TR-Avg = %(TR-R -+ TR-H + TR-CH), and report the different triplet metrics

in Appendix[A.2]

D2: Clustering alignment (CL). We cluster embeddings using MiniBatch k-means and evaluate
alignment with labels using Purity, Normalized Mutual Information (NMI), and Adjusted Rand Index
(ARI). We aggregate CL-Avg = %(Purity + NMI + ARI), and report the different clustering metrics

in Appendix[A.2]

D2: Retrieval (Recall@K,). For each anchor partition, we retrieve its K, nearest neighbors by
cosine similarity, excluding the anchor itself. A retrieval query is successful if at least one of the
top- K, neighbors shares the same label as the anchor. We report Recall@ K, as the percentage of
successful queries across all anchors.

D2: Linear probe accuracy (LP). We train a logistic regression classifier on top of the frozen
partition embeddings to predict labels, assessing whether the embedding captures discriminative
semantic or statistical information about the table.

D3: Robustness. We perturb each partition by (i) permuting rows and columns, (ii) masking a
subset of cells, or (iii) adding small noise to cell values, then measure the cosine similarity between
the embeddings of the original and perturbed partitions.

D4: Efficiency (Throughput). We report embedding throughput in tables per second (Tbl/s),
measured as the wall-clock rate for computing embeddings over partitions measured on the same
compute hardware. This enables comparison of the quality-cost trade-off across embedding methods.

5 EXPERIMENTS AND RESULTS

5.1 DATA SOURCES

We evaluate on both synthetic and real open-source corpora to balance controlled semantics with
real-world variability. Across both settings, we sample 100 source tables and compute the metrics on
K, = 10 partitions per table under a shared observation budget (Table|[5).

Synthetic data. Synthetic corpora are generated from predefined rules with controllable difficulty
levels, enabling systematic variation in scale and nonlinearity while preserving table structure. Each
generator family provides generative factors that induce higher-level groupings in the embedding
space, which are used for semantic (and semantic+difficulty) labels defined in Section[d] We define
four dataset families:

* Physics formulas. Fixed schema with numeric relations (e.g., density, ideal gas, kinetic energy,
Ohm’s law) , emphasizing intra-column numerical reasoning.

* Geometric shapes. Mixed numeric/categorical tables with closed-form area/perimeter rules for
different geometric shapes; additional random colors act as distractors.

» Temporal reasoning. Timestamped event sequences for process lifecycles (HR, order processing,
invoicing). Each table is generated under a company-specific random profile with distinct evolution
cycles.

* SCM prior. Data generated by structural causal models adapted from TabICL (Qu et al., [2025))
implementation, with controlled complexity and regression/classification targets.



Table 1: Evaluation results for synthetic data (mean 4= 95% CI over 10 seeds).

Embedder DI Consistency D2 Label-Based - Avg D3 Robustness D4 Efficiency Overall
Spearman  Rank | TR-Avg  CL-Avg R@5 Lp Perm Noise Mask  Rank | Tbls Rank | Avg Rank

HashingSchema 059002 | 1.00 | 0.53£0.01 0.54+£0.02 0.72+0.01 0.6140.01 1.00£0.00  0.98+0.00 099+0.00 5.17 | 389.67+3.48 | 1.00 2.85

SchemaContent 029+0.02  9.00 | 0.01£0.00 0.26£0.01 0.78+0.01 0.59+0.02 1.00£0.00  1.00+0.00 1.00+0.00 = 333 | 336.66+6.87  3.00 596

TableStatistics 0.34+0.01  6.00 | 0.13£0.01 0.34£0.01 0.71£0.01  0.51£0.02
StatisticalSummary ~ 0.35£0.04  5.00 | 0.36+£0.01 0.45+0.03 0.90+0.01  0.5740.02
MatrixFactorization ~ 0.40£0.02  4.00 | 0.23£0.01  0.32+£0.01  0.76£0.03  0.49+0.03

1.00£0.00  1.00£0.00 1.00+0.00 3.50 | 338.88+6.39 = 2.00 5.12
1.00£0.00  0.99+0.00 1.00+£0.00 4.17 | 192.32+1.72  6.00 4.85
1.00£0.00  1.00£0.00 1.00+£0.00 | 2.17 | 221.83+2.31  5.00 4.79

HashingText 0.560.04 = 2.00 | 0.47£0.01 0.47+0.02 1.00+0.00 0.99+0.01 1.00£0.00  0.64+0.01  0.97£0.00 7.50 | 332.944+4.60 4.00 3.88
LLMText 0.31+0.02  7.00 | 0.51£0.02 0.56+0.03 0.87+0.01  0.76+0.02 0.97£0.00  0.98+0.00  0.99+0.00 7.00 | 174.54+4.65  7.00 5.81
TableVectorizer 0.30£0.02 8.00 | 0.184+0.01 0.2240.01  0.74+0.01  0.3840.02 0.30£0.01  1.00£0.00 0.80+0.02 = 9.00 49.1442.25 9.00 9.06
HyTREL 0.18+0.05  10.00 | 0.25+0.01  0.3240.02 0.844+0.01  0.74+0.01 0.99+0.00  0.98+0.00 0.89+0.01  8.67 10.0040.23 10.00 8.42
Armadillo 0.4340.04 3.00 | 0.314£0.01 0.304£0.01 0.88+0.01  0.7440.02 1.00£0.00 0.474+0.01 0.87£0.00 8.83 63.0541.07 8.00 6.21
TabPFEN -0.1240.04 - 0.16£0.01  0.25+£0.01  0.72+0.01  0.49+0.03 0.75£0.02  0.93+0.01  0.99+0.00 | 9.33 6.49+0.15
ConTextTab 0.04%0.03 | 11.00 | 0.1840.00 0.27£0.02 0.71+0.01  0.5740.02 0.97£0.00  0.97£0.00  0.9740.00 - 9.97+1.14
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Figure 2: Desiderata bar chart results for synthetic data (mean £ 95% CI over 10 seeds).

Difficulty levels control numeric ranges and the number of SCM layers, yielding progressively harder
variations without changing the labeling interface.

Real open-source data. Real tables are sampled from CARTE 2024), OpenML-
CC18 (Bischl et al,2021)), and OpenML-CTR23 (Fischer et all, 2023)). For each benchmark task, we
form a table by concatenating the feature matrix with a single target column and evaluate on fixed-size
partitions under the same budget as synthetic (Table[5). We retain task metadata (benchmark source,
dataset identifier; e.g., carte+nba_draft) to derive semantic labels.

5.2 SYNTHETIC DATA RESULTS

On synthetic data (Table [T] Figure [2)), lightweight hashing and statistical-summary embedders
dominate the overall ranking. HashingSchema achieves the best overall average rank, with the
strongest D1 consistency and the highest D4 throughput. HashingText provides the strongest D2
retrieval and linear probe signals (near-ceiling Recall@5 and LP), while LLMText yields the strongest
D2 clustering alignment (Table [T).

D2 metrics are label-dependent (Appendix [A.2). For Direct identity labels, HashingText achieves the
strongest triplet ranking under hard and conditional-hard negatives (Table [f]in Appendix). For the
Stat labeling scheme, HashingSchema is near-ceiling on both triplet and clustering metrics (Table[9]in
Appendix). Increasing label granularity from Semantic to Semantic+Difficulty reduces hard-negative
triplet accuracy across most schema-centric and statistical summary methods (Table[§]in Appendix),
while text/content-based methods remain comparatively stronger on strict triplet ranking.

For D3 robustness, most methods saturate on permutation robustness, with TableVectorizer as the
clear exception due to its ordering sensitivity (Table[I). Noise robustness is most challenging for
value-/content-sensitive methods (Figure[2). Finally, embeddings pooled from prediction-oriented
TFMs (TabPEN, ConTextTab) rank poorly on D1/D2 under this protocol despite strong robustness on
several D3 perturbations.



Table 2: Evaluation results for real data (mean + 95% CI over 10 seeds).

Embedder D1 Consistency D2 Label-Based - Avg D3 Robustness D4 Efficiency Overall
Spearman ~ Rank | TR-Avg CL-Avg R@5 LP Rank |  Perm Noise Mask Rank | Tbl/s Rank | Avg Rank
HashingSchema 0.324£0.04 200 | 0.57£0.02 0.36+0.02 0.97+£0.00 0.88+£0.02 225 | 1.00£0.00 0.9440.01 0.95£0.00 7.17 | 64.614£24.25 4.00 3.85
SchemaContent 0.27+£0.02  3.00 | 0.10£0.02 0.17£0.01 ~ 0.81+0.01  0.89+0.02  8.00 | 1.00£0.00 1.00£0.00 1.00+=0.00 | 3.00 | 68.64+26.47 2.00 4.00
TableStatistics 0.18+£0.03  7.00 | 0.084£0.01 0.23£0.01 0.76+£0.01  0.59+0.02 825 | 1.00+0.00 1.004+0.00 1.00+£0.00 3.17 | 68.91+£18.31 | 1.00 4.85
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Figure 3: Desiderata bar chart results for real data (mean + 95% CI over 10 seeds).

5.3 REAL OPEN-SOURCE DATA RESULTS

On real open-source data (Table 2] Figure[3), lightweight hashing and statistical-summary embedding
models remain consistently among the top-performing methods. HashingText ranks best overall,
combining the strongest D1 consistency with strong D2 retrieval and linear probe performance,
while HashingSchema follows closely, reflecting the continued importance of schema/type cues in
heterogeneous benchmark suites. LLMText achieves strong D2 clustering and retrieval signals but
ranks poorly on D1 (Table2).

The per-label D2 breakdown (Appendix [A.2) shows that the Direct labeling scheme is substantially
harder on real tables than on synthetic data: hard-negative triplet scores are low across most methods
(Table[TT)in Appendix), even when retrieval and linear probe remain high. Star labels are the easiest
and align strongly with schema cues (Table|13|in Appendix), while Semantic labels score in between
identity and coarse type groupings (Table% in Appendix). Qualitatively, the t-SNE projections
(Figure5]in Appendix) mirror this trend: Stat labels form visibly separated regions for schema-driven
methods, while Direct labels exhibit substantial mixing for most embedding models.

As in synthetic data, D3 permutation robustness is near-saturated for most methods except TableVec-
torizer (Table[2). Noise robustness again differentiates value-/content-sensitive methods (Figure 3).
Finally, pooled representations from TFMs remain weak as table embeddings under D1/D2, with
ConTextTab outperforming TabPFN. Moreover, TFMs are substantially slower than lightweight
baselines (D4).

6 DISCUSSION

Overall findings and the quality—cost frontier. Across both synthetic families (Table [T)) and
open-source corpora (Table[Z)), we observe a consistent separation between (i) lightweight fingerprint-
style embedders (hashing, summaries, serialization) that perform well on D1/D2 reliably under
shared observation budgets, and (ii) pooled representations extracted from prediction-oriented tabular
foundation models, which are not consistently strong as table-level embeddings under our protocol.
A key driver is objective and interface alignment, where lightweight methods encode cues that remain
stable across subsampled table views (shared schema tokens, shared lexical/value tokens, low-order
statistics), while TFMs are trained for row-/cell-level predictive inference and are not optimized to
preserve a global table geometry under partial views. These representational differences coexist with



large efficiency gaps (D4), where methods with similar retrieval or probe accuracy can differ by orders
of magnitude in throughput, materially shifting the practical quality-cost frontier for corpus-scale
indexing and search.

Multi-view discriminability desideratum (D2) is label-dependent because each label type as-
sesses a different representation capability. The per-label breakdown (Appendix shows
that embedding models do not perform uniformly under D2. More precisely, the Direct labeling
rewards fine-grained content distinctiveness, Stat labeling rewards coarse type/distribution signatures,
and Semantic labeling sits between them and often correlates with benchmark conventions. This
explains the systematic gap we observe between metrics, where retrieval and linear probe scores can
be high when a method provides a coarse neighborhood signal useful for candidate generation, yet
hard/conditional-negative triplet scores remain low when the embedding cannot reliably distribute
confusing content in the embedding space. On real open-source tables, solving proxy tasks for direct
labeling scheme becomes substantially harder (Appendix Table [IT)), consistent with shared templates
and recurring feature sets that create near-collisions under partial views. While averaging the results
under D2 provides useful collective insights, looking at individual scores unveils additional insights
regarding per-label type performance. For detailed scores, please refer to Tables [TH2] jointly with

Appendix

Difficulty levels in the semantic labeling scheme distinguish embedding models that can capture
numerical scale and complexity. Injecting difficulty into the semantic label (Semantic+Difficulty
on synthetic) exposes a concrete failure mode for schema-centric methods. While Semantic groupings
are often captured by schema- and text-driven fingerprints, hard-negative triplet accuracy drops under
the Semantic+Difficulty labeling scheme for methods that rely primarily on schema/type cues (Table[3]
in Appendix). This is consistent with difficulty altering value scale/nonlinearity and interaction
structure without changing schema templates. The t-SNE projections (Figure ] in Appendix) reflect
the same trend.

Why do simple baselines achieve strong performance, and under what conditions is this desir-
able rather than misleading? In many practical settings, lexical and structural features (column
names/types, token patterns, low-order statistics) are part of the operational definition of similarity.
Tables with similar schemas and recognizable value types are useful neighbors. Under this lens,
strong performance of schema-/serialization-based methods on open-source corpora is not inherently
misleading. However, synthetic generators can exhibit shallow alignment, where factors may correlate
with schema templates or stable token patterns, allowing lightweight methods to succeed on some
label types without recovering deeper interaction structure. The label-wise D2 decomposition helps
separate these regimes, where Stat labeling scheme can often be solved from schema/type cues,
whereas Direct and Semantic+Difficulty labeling schemes under hard negatives directly stress value-
and interaction-sensitive information.

Prediction performance does not imply table-level embedding utility. TabPFN and ConTextTab
are optimized for predictive inference (row-/cell-level objectives, in-context learning, limited context
windows). Pooling their internal states into a single table vector is therefore not guaranteed to preserve
the global geometry required by D1-D2 (partition consistency, stable neighborhoods, discriminability
across granularities). Empirically, TFMs can look robust on several D3 perturbations while remaining
weak on D1/D2 (Tables [T] and [2), reinforcing that predictive competence does not automatically
yield a usable table-level similarity space under fixed budgets. This points to the need of objective-
level alignment, where TFMs likely require explicit training for representation extraction that shape
table-level geometry rather than relying on pooled predictive states.

Desiderata-aligned supervision can improve representation quality. Armadillo, which is pre-
trained with an explicit overlap-prediction objective aligned with our D1 signal, yields improved
representation quality. Under the same evaluation interface, this desiderata-aligned supervision yields
non-trivial table-level structure relative to methods that do not optimize for an overlap-aware objective.
This provides evidence that the gap between TFMs and strong table embedding models is not purely
architectural; rather, the two are not fully aligned in their objectives. As a result, prediction-oriented
TFMs may benefit from auxiliary objectives that explicitly target table-level geometry, such as (i)
overlap/IoU prediction between partial views, (ii) view-agreement losses that regress similarity to



overlap, or (iii) contrastive learning where positives are high-overlap views and hard negatives are
low-overlap or semantically confusable partitions. Such objectives can be added while preserving
the downstream predictive performance, offering a principled path from TFMs to reliable table-level
embedding models.

Robustness metrics: strong performance for most methods, with some exceptions. Permutation
robustness (D3) often saturates because many methods are invariant to column/row permutations
by construction or because the perturbation does not challenge their feature extraction. A clear
exception is TableVectorizer, which degrades under permutations (Tables[T]and [2), consistent with
ordering sensitivity. Noise/masking robustness is more discriminative for value-/content-sensitive
methods, where methods that exploit fine-grained value tokens can exhibit stronger strict D2 behavior
but become brittle under corruption, which matters for large-scale datasets with potential decoding
noise. Future robustness evaluations may benefit from stronger or more realistic edits (e.g., column
renaming, unit scaling, value rounding, or row subsampling with distribution shift).

Collective implications of the evaluation results. Taken together, these results motivate (i) stan-
dardized evaluation protocols that report per-label D2 behavior (including hard negatives), robustness,
and efficiency under shared budgets, and (ii) model designs and training objectives that explicitly opti-
mize table-level geometry rather than relying on pooled predictive states. More broadly, the observed
specialization suggests that table similarity is inherently multi-faceted, which we capture via different
labeling schemes. Practical systems should therefore either (a) select embedding models aligned
with the intended notion of similarity, or (b) combine complementary signals, such as schema/type
fingerprints for candidate generation with value-sensitive ranking. We view the proposed framework
as a stepping stone toward designing tabular foundation models that are capable of producing effective,
reliable, and reusable table-level embeddings for vector-based indexing, retrieval, and lightweight
supervision.

7 CONCLUSION

We introduced a unified evaluation framework for table-level embeddings, evaluating their per-
formance based on four desiderata: consistency under partial views (D1), discriminability across
label granularities (D2), robustness (D3), and efficiency (D4). To measure these desiderata across
embedding models, we designed proxy tasks that require no downstream fine-tuning. We bench-
marked diverse embedding models, including structural and statistical embedders, serialization-based
text encoders, specialized table encoders, and pooled representations from tabular foundation mod-
els (TFMs) on controlled synthetic tables and real open-source corpora (CARTE, OpenML-CC18,
OpenML-CTR23) under shared budgets. These desiderata directly support corpus-scale applications
and data curation for training tabular foundation models, including overlap estimation and approxi-
mate deduplication (D1), filtering and clustering under multiple similarity notions (D2), robustness to
noisy or partially observed tables (D3), and efficient large-scale embedding extraction for sampling
and retrieval (D4).

Across our evaluation settings, lightweight fingerprints and serialization methods form the strongest
quality-cost frontier, while pooled representations from prediction-oriented TFMs do not yield
reliable table-level embeddings. Our results suggest that TFMs may benefit from desiderata-aligned
supervision (e.g., overlap-aware view agreement or contrastive objectives) to explicitly enhance
table-level representations.

Our proxy tasks target core table-level properties, but do not cover all downstream requirements,
such as multi-hop reasoning across multiple tables; extending the benchmark with composition- and
reasoning-aware evaluations is a natural next step. Results also depend on the observation interface
(partition sampling, serialization budgets) and on pooling choices for model-derived representations;
future work should study pooling/aggregation mechanisms and budget scaling more systematically,
and evaluate whether learned pooling can close the D1-D2 gap for TFMs. Finally, robustness is
evaluated on benign perturbations; incorporating more realistic edits, such as column renaming, unit
scaling, rounding, and distribution-shift subsampling would better characterize brittleness in practice.
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A APPENDIX
A.1 FURTHER EXPERIMENTAL DETAILS

Table 3: Embedding model hyperparameters.

Embedder Dim Key Hyperparameters

HashingSchema 1024 n_features=1024 (feature hashing on schema)
SchemaContent 256 n_features=256

TableStatistics 14 output_dim=14 (fixed statistical features)

Numeric: min, max, mean, std, skew, median;

StatisticalSummary 22 Categorical: cardinality, entropy

MatrixFactorization 16 n_components=16, center=True

HashingText 1024 n_features=1024 (feature hashing on text)

LLMText 384 mode l=all-MiniLM-L6-v2, max_rows=32
TableVectorizer 512 output_dim=512, cardinality_threshold=10
HyTREL 768 mode 1=bert-base-uncased, batch_size=16

max_token_len=64, max_col_len=20, max_row_len=30

gnn_type=GraphSAGE, num_layers=3

Armadillo 300 hidden_channels=300, initial_embedding=sha256

TabPEN 192 n_estimators=1, max_samples=50k, max_features=2000
max_classes=10, data source=test

ConTextTab 768 model_size=base, classification=cross-entropy

regression=I2, num_regression_bins=10

Table 4: Evaluation metrics and their parameters.

Desideratum Metric Configuration
Pearson correlation IoU vs. cosine similarity
D1: Consistency  Spearman correlation IoU vs. cosine similarity
MSE IoU vs. cosine similarity
TR-R (Random) Random negative, margin=0.01
D2: Triplet TR-H (Hard) Hardest negative mining
- Anp TR-CH (Cluster-Hard)  Hard negatives within clusters
TR-Avg Mean of TR-R, TR-H, TR-CH
Purity KMeans, n_cluster=10
D2: Clusterin NMI Normalized mutual information
’ & ARI Adjusted Rand index
CL-Avg Mean of Purity, NMI, ARI
D2: Retrieval Recall@5 Top-5 nearest neighbors
D2: Linear Probe ~ Accuracy Logistic regression (max_iter=1000)
Permutation Row/column shuffle invariance
D3: Robustness Noise 0=[0.0, 0.01, 0.05, 0.1] Gaussian noise
Masking [0,5,10,25]% random cell masking
D4: Efficiency Tables/second Embedding throughput (measured on Nvidia T4 GPU)

Table 5: Data sampling and partitioning configuration.

Parameter Value Parameter Value Parameter Value
Tables 100 Partitions/table 10 Overlap ratio 0.5
Row fraction [0.2,0.5] Column fraction [0.2,0.5] Min partition 10 x 5
Seeds 10 Rows (synthetic) 100 Rows (real) varies
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A.2 EXTENDED D2 PER-LABEL RESULTS

This appendix provides a label-wise decomposition of D2, complementing the label-averaged D2
scores reported in the main paper. For each label type, we report triplet ranking under three negative-
sampling strategies (TR-R / TR-H / TR-CH), clustering alignment (Purity / NMI / ARI), retrieval
(Recall@5), and linear-probe accuracy. TR-H and TR-CH are typically harder than TR-R because they
focus on high-similarity negatives (hard negatives) and confusable negatives from the anchor’s em-
bedding cluster (cluster-hard negatives), respectively. The Avg Rank column summarizes performance
across the individual D2 components for that label type.

A.2.1 SYNTHETIC DATA RESULTS

Direct labeling exposes identity collisions under hard and cluster-hard negatives for most
methods. Under Direct labeling (Table [6), several methods achieve high TR-R yet collapse to
near-zero on TR-H and TR-CH, confirming that random negatives are often trivial, while the hard and
cluster-hard negatives reveal embedding collisions. HashingText is the clear outlier, remaining strong
on both TR-H and TR-CH, consistent with preserving fine-grained identity features from serialized
content. Notably, Armadillo is the only other method with non-trivial TR-H and TR-CH (while still
trailing HashingText), indicating partial identity preservation beyond schema/statistical fingerprints.
By contrast, schema-only and coarse statistical baselines (e.g., HashingSchema, TableStatistics,
StatisticalSummary) retain reasonable TR-R but fail under hard negatives, consistent with many
partitions sharing near-identical schema/type signatures. Finally, pooled TFM embeddings (TabPFN,
ConTextTab) show moderate TR-R performance but collapse under hard negatives, suggesting that
pooling produces weak identity geometry even when some coarse similarity is recoverable.

Table 6: D2 metrics for synthetic data - Direct labeling (mean £ 95% CI over 10 seeds)

Embedder Triplet (Direct) Clustering (Direct) Retrieval/Probe (Direct) Overall
TRR TR-H TR-CH  TR-Avg Rank | Purity NMI ARI CL-Avg Rank | R@5 LP Rank | Avg Rank
HashingSchema 0.88£0.01  0.00£0.00 0.00+£000 030+£000 575 | 0.12£0.01 057001 0.10+£001 0274001 = 175 | 027£0.02 0.13+£001 [10507| 6.00
SchemaContent 0.0220.00  0.00£0.00 0.00+£0.00 001000 [EENE2M 0.07£0.00 034001 0.03+£0.00 0.15+0.00 10.00 | 0.35£0.01 0.11£0.02  9.50 1038
TableStatistics 0.37£0.03  0.00+£0.00 0.00+£0.00 0.12+001 [ ILI2 | 0.09£0.01 048+£0.01 0074000 021+001 575 | 0.30£0.01 0.10+£0.02 [IOSON 9.12
StatisticalSummary ~ 0.80+£0.01  0.01£0.00 0.01£0.00 0274000 450 | 0.10£0.01 051001 0.07£0.00 0.23£0.01 425 | 0.74+0.02 0.1620.02  5.00 4.58
MatrixFactorization ~ 0.68+0.02  0.00£0.00 0.00£0.00 023+£0.01 = 875 | 0.1120.01 0.45£0.01 0.04£0.00 020+£0.01 625 | 0.5120.01 0.14£0.02  7.00 733
HashingText 0.980.00  0.69£0.02  0.70£0.02  0.79+0.01 | 1.00 | 0.12£0.01 0.56+£0.01 0.08+0.00 0.25+0.01 3.00 | 0.99=0.01 0.99::0.01 [ 1:00 1.67
LLMText 0.91£0.01  0.01£0.00 0.01£0.00 031+000 275 | 0.12£0.01 0.60:0.02 0.11£0.01 0.28+0.01 | 1.25 | 0.60£0.02 043003  3.50 2.50
TableVectorizer 0.51£0.02  0.00£0.00 0.00+£0.00 0.17+001  7.00 | 0.07£0.00 028+0.01 0.02+0.00 0.13+0.00 2008 0.39£0.02 0.06+£0.01 = 9.50 9.50
HyTREL 0.73£0.02  0.00£0.00 0.00+£0.00 0244001  6.00 | 0.09£0.01 0.41£0.01 0.05£0.00 0.19£0.01 725 | 0.55+0.03 0.41£0.02 4.50 5.92
Armadillo 0.84£0.01  0.20£0.02 0224002 0424001 | 2.50 | 0.10£0.01 041001 0.06+£0.00 0.19+001 6.75 | 0.77£0.01 0.65+£0.03 = 2.00 375
TabPEN 0.48+£0.02  0.00£0.00 0.00+£0.00 0.16+001 850 | 0.07£0.00 031£0.01 0.02+£0.00 0.14+0.00 [IL007| 0.36£0.02 0.17£0.03  6.50 8.67
ConTextTab 0.55£0.01  0.00£0.00 0.00+£0.00 0.18+0.00 850 | 0.08£0.00 036+0.01 0.04+£0.00 0.16+001 875 | 0.29£0.02 0.16£0.02 850 8.58

Semantic labeling highlights global grouping strength of serialization-based text embedding
models. Under Semantic labeling (Table[7), HashingSchema achieves the strongest triplet perfor-
mance, implying that schema tokens correlate with the generative factors used to define the semantic
labels. However, LLMText provides the best clustering alignment by a substantial margin, indicating
that semantic text encoders better preserve the global grouping structure induced by the generators,
beyond local ranking. Retrieval and linear probe scores are generally high in this regime, but remain
discriminative, with HashingText reaching near-perfect retrieval and linear probe performance, re-
flecting that content-level fingerprints preserve both separability and linear decodability for these
semantic groupings.

Table 7: D2 metrics for synthetic data - Semantic labeling (mean + 95% CI over 10 seeds)

e Triplet (Semantic) Clustering (Semantic) Retrieval/Probe (Semantic) Overall
TRR TR-H TR-CH  TR-Avg Rank | Purity NMI ARI CL-Avg  Rank R@5 LP Rank | Avg Rank
HashingSchema 0.960.01  0.50£0.03  0.51:£0.03  0.66+0.02 [ 125 | 0.78£0.03 0.85£0.02 0.70+£0.05 0.78+0.03 | 2.00 | 0.98£0.00 0.88£0.01  3.50 225
SchemaContent 0.02£0.00  0.00+£0.00 0.00+£0.00 001000 [FILZSH 0.42£0.02 045£0.02 021+001 036+001 925 | 0.98£0.01 0.87+£0.01  4.50 8.50
TableStatistics 0.40+£0.03  0.00£0.00 0.00+£0.00 0.13+001 | 1125 | 0.52£0.02 0.60£0.01 0404002 051£002 525 | 0.92£0.01 0.62+£0.03  9.00 8.50
StatisticalSummary ~ 0.82+0.01  0.01£0.01  0.02+0.01 0294001 525 | 0.60+£0.04 0.67+£0.01 0.48+0.04 0.58+£0.03 375 | 0.97£0.00 0.71+0.03 7.0 533
MatrixFactorization  0.71£0.02  0.00£0.00 0.01+0.01  0.2420.01 775 | 0.54+0.02 056001 0.28+0.02 0.46+0.02 575 | 0.86+0.03 0.51+0.04 [UUISON 833
HashingText 0.78£0.01  0.11£0.01  0.15£0.02 0354001 3.25 | 0.58£0.03 0.69+£0.02 0514003 0.60+003 3.25 | 1.00£0.00 0.99:-0.00 = 1.00 250
LLMText 0.960.01  046+£0.04 048+005 064003 = 175 | 0.8220.04 0.90-0.03 0.76:£0.07 0.83+0.05 | 1.00 | 0.99£0.00 0.93£0.02  2.00 1.58
TableVectorizer 0.52£0.02  0.03£0.01  0.03+001 0194001 675 | 0.39£0.02 031002 0.15+£001 0.28+0.01 [JILZSH 0.90£0.01 037+0.04 | 1100 |  9.83
HyTREL 0.75£0.03  0.03£0.01 0.03+£001 0274001 550 | 0.49£0.02 050+£0.02 0284002 0424002 7.00 | 0.97£0.00 0.90+£0.01  4.00 550
Armadillo 0.68£0.02  0.05£0.01 0.06+£0.01 026+001 525 | 0.42£0.02 038+£0.02 025+£003 0354002 = 925 | 0.92£0.01 0.71£0.03  8.00 7.50
TabPEN 0.48+£0.02  0.00£0.00 0.00+£0.00 0.16+0.01 | 925 | 0.37£0.01 0374001 0.17+001 0.30+0.01 [1125 | 0.89+£0.01 0.62£0.03 = 10.00 [JENIONT
ConTextTab 0.55£0.01  0.00£0.00 0.00+£0.00 0.18+£0.00 9.00 | 0.43£0.02 0.41£0.03 025+0.02 036+002 850 | 0.92£0.01 0.79+£0.02 650 8.00

Semantic+Difficulty labeling reveals schema-only limitations under value-complexity shifts.
Under Semantic+Difficulty labeling (Table[8)), we refine semantic groups by adding a difficulty factor,
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so tables with the same schema can receive different labels depending on content complexity. Triplet
scores drop broadly, indicating that many methods fail to distinguish partitions based on value-level
complexity. The degradation is most pronounced for schema-centric hashing, with HashingSchema
largely collapsing on TR-H and TR-CH, suggesting that difficulty is not recoverable from schema
tokens alone and is instead expressed through value distributions and nonlinear relationships. In
this harder setting, HashingText provides the strongest triplet ranking (including hard and cluster-
hard negatives), whereas LLMText again achieves the best clustering alignment. This reinforces a
recurring trade-off between content fingerprints which excel at fine-grained neighbor ranking, and
serialization-based methods that stabilizes global grouping. The Semantic+Difficulty labeling scheme
supports one of the central narratives of this paper, namely that incorporating difficulty granularity
into semantic labeling renders evaluation sensitive to whether embeddings capture numerical scale
and complexity, as opposed to merely shallow schema-derived features.

Table 8: D2 metrics for synthetic data - Semantic+Difficulty labeling (mean + 95% CI over 10 seeds)

P, Triplet (Semantic+Difficulty) Clustering (Semantic+Difficulty) Retrieval/Probe (Semantic+Difficulty) ~ Overall
TR-R TR-H TR-CH TR-Avg Rank ‘ Purity NMI ARI CL-Avg Rank ‘ R@5 LP Rank ‘ Avg Rank
HashingSchema 0.91£0.00  0.00+£0.00  0.00£0.00 0.3140.00 450 | 0.4040.03 0.70+£0.02 0.36£0.03 0.4940.02 = 2.00 | 0.63£0.04 0.4440.02 8.50 5.00
SchemaContent 0.02+£0.00  0.00£0.00  0.00£0.00  0.01£+0.00 [FEEZSH 0.21+£0.01  0.38+0.01 0.11£0.01  0.2340.01 9.50 | 0.7940.01  0.39+0.02 6.50 9.25
TableStatistics 0.37+0.03  0.00£0.00  0.00+0.00  0.12+0.01 | 11.25 | 0.28+0.02 0.51+0.01 0.21+0.01  0.33+0.01 5.25 | 0.64+£0.01 0.31£0.03 10.50 9.00
StatisticalSummary ~ 0.80+£0.01  0.01£0.01 ~ 0.01£0.01  0.2740.01 425 | 0.33£0.03  0.59£0.02  0.264+0.02  0.39£0.02  3.75 | 0.91£0.01 0.41£0.04 4.00 4.00
MatrixFactorization ~ 0.6940.02  0.00+0.00  0.01£0.01  0.23£0.01 750 | 0.3140.02 0.51+0.01 0.15£0.02 0.324+0.01 625 | 0.7440.02 0.37+0.03 7.50 7.08
HashingText 0.83£0.01  0.23+0.01  0.25£0.01 0.4440.01 | 1.50 | 0.3240.02 0.62+0.01 0.26:£0.01 0.4040.01 325 | 1.00£0.00 0.99:0.01 1.00 1.92
LLMText 0.93+0.01 0.01+0.01  0.01+0.01  0.32+0.01 225 | 0.41+0.04 0.74+0.03 0.39+0.04 0.51+0.03 = 1.00 | 0.89+0.01 0.70+0.04 2.50 1.92
Table Vectorizer 0.51+0.02  0.01£0.00 0.01£0.00 0.17+0.01 7.00 | 0.20+0.01 0.284+0.01  0.07+0.01  0.18+0.01 JHLZSH| 0.704+0.02  0.18+0.03 10.00 9.58
HyTREL 0.724£0.02  0.00£0.00  0.00£0.00  0.24+0.01 6.75 | 0.26£0.01  0.4440.02  0.15£0.02  0.2840.01 6.75 | 0.85£0.01 0.70£0.02 3.50 5.67
Armadillo 0.71£0.02  0.07+£0.01  0.08+0.01  0.2940.01 ~ 3.50 | 0.234+0.01 0.37+0.02 0.15£0.01  0.25+0.01  8.00 | 0.8440.01  0.63+0.03 4.50 5.33
TabPEN 0.48+0.02  0.00+0.00  0.00£0.00 0.1640.01 = 9.00 | 0.1940.01  0.32+0.01  0.08£0.01  0.20£0.01 1125 | 0.66+0.01  0.32+0.03 9.50 9.92
ConTextTab 0.54+0.01  0.00£0.00 0.00+0.00 0.18+£0.00 875 | 0.22+0.01 0.36+0.02 0.13+£0.01  0.2440.01 9.25 | 0.6440.02  0.36+0.03 10.00 9.33

Stat labeling shows that retrieval and linear probing for majority-type labels are near-perfect,
leaving triplet and clustering to separate methods. Under the Stat labeling scheme (Table[9),
retrieval and linear probe are near-saturated for many methods, indicating that coarse statistical type
signatures are easy to identify under the current partition budget. Therefore, triplet ranking and
clustering become the primary discriminators in this regime. HashingSchema dominates overall,
consistent with type- and schema-token features being sufficient for coarse statistical grouping.
LLMText remains competitive, especially in triplet ranking, while content- and factorization-based
embedding models vary more widely, reflecting that some methods preserve coarse type separability
without forming clean global cluster geometry.

Table 9: D2 metrics for synthetic data - Stat labeling (mean + 95% CI over 10 seeds)

o Triplet (Stat) Clustering (Stat) Retrieval/Probe (Stat) Overall
TR-R TR-H TR-CH  TR-Avg Rank | Purity NMI ARI CL-Aig  Rank | R@5 LP Rank | Avg Rank
HashingSchema 0.96:0.01  0.83£0.03 0.8310.03 0.87+£0.02 | 100 | 0.96:0.01 0.55:£0.03 0.420.04 0.65£0.02 [ 100" | 1.00+0.00 1.00+0.00 | 100 1.00
SchemaContent 0.02+0.00 0.00+£0.00 0.00+0.00 0.01+£0.00 [I2008| 0.78+0.04 0.04£0.04 0.04+0.02 0.29+£0.03  10.50 | 1.00+0.00 0.99+0.01 ~ 3.00 8.50
TableStatistics 025+0.02  0.07+£002 007+0.02 0.13+£002 = 9.00 | 0.79+0.03 0.19+0.02 -0.0240.04 0.32+£0.02 875 | 0.99+0.00 1.00+£0.00  4.00 725
StatisticalSummary  0.86£0.03  048+0.03 0.52£0.06 0.62+0.03 3.00 | 0.93£001 0444005 040£0.07 0.59+£0.04 375 | 0.99£0.00 0.99+0.00 6.00 425
MatrixFactorization ~ 0.44+0.03  0.09+0.02  0.09+0.02  0.2140.02 6.75 0.77+0.02  0.15+0.02  -0.03+£0.03  0.29+0.01 1050 | 0.94+0.04  0.92+0.02 | 11.00 9.42
HashingText 0.54+0.02  0.13+0.02  0.23+0.04  0.30+0.02 4.50 0.95+0.01  0.50+0.03  0.41£0.05 0.62+0.02 2.50 1.00+0.00  0.97+0.01 5.00 4.00
LLMText 094001  0.69+£003 0.69+0.03 0.77+£0.02 © 200 | 0.96:0.01 0.52+£005 037+0.09 0.62+£0.05 275 | 1.00+0.00 0.99+0.00 3.50 275
TableVectorizer 040+0.02  0.05+£002 0.07+0.02 0.18+£001 875 | 0.77£0.03 0.08+0.02 -0.01+0.02 0.28+0.01 [EEOON 098+0.00 0.92:+0.02 10.50 [NI008
HyTREL 057+0.03  0.05£001 005+0.01 0.23+£001 725 | 0.84+0.03 0.19:+£0.04 0.16+0.05 040+£0.03 650 | 0.9940.00 0.98+£001 550 6.42
Armadillo 0.61£0.02  0.10+£0.02 0.1140.02 0.28+£002 475 | 0.86+0.02 0.23+£0.02 0.18+0.02 042+£001 500 | 0.98+0.00 0.95£001 850 6.08
TabPFN 0.41+0.03  0.02+£0.00  0.02+0.00 0.15+0.01 [ 1025 | 0.80+0.02 0.11+0.02  0.17+£0.02  0.36+0.01 775 0.97+0.00  0.86+0.02 IR0 9.83
ConTextTab 0.47+0.02  0.02+0.01  0.05+0.02  0.1840.01 8.75 0.81+0.04  0.14+0.07  0.04£0.05  0.3340.05 8.00 0.98+0.00  0.95+0.01 8.50 ‘ 8.42

Averaging across labels hides specialization, but preserves the big picture. Averaging over
label types (Table [I0) clarifies why no single method consistently performs best across D2 proxy
tasks. LLMText achieves the best overall D2 ranking due to consistently strong clustering under
the Semantic labeling scheme, while HashingText is the best on retrieval, linear probe and remains
most reliable for Direct-style identity ranking under hard negatives. In contrast, HashingSchema
ranks best on average triplet performance but is comparatively weaker on retrieval and linear probe,
highlighting that schema fingerprints can match semantic groupings without yielding robust instance-
level neighborhoods. This decomposition explains the main-table D2 average scores, where different
labeling schemes reflect different notions of table similarity, and Semantic+Difficulty specifically
reveals where schema features stop being sufficient.
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Table 10: Detailed D2 metrics for synthetic data - Averaged over label types (mean £ 95% CI over
10 seeds)

Embedder Triplet (Avg over Labels) Clustering (Avg over Labels) Retrieval/Probe (Avg over Labels) ~ Overall
TR-R TR-H TR-CH TR-Avg Rank ‘ Purity NMI ARI CL-Avg Rank ‘ R@5 LP Rank ‘ Avg Rank
HashingSchema 0.93+0.01  0.33£0.02 034002 0.5310.01 | 125 | 0.57£002 0.67+0.02 040£0.03 054002 200 | 0.72£0.01 0.61£001  7.00 342
SchemaContent 0.02£0.00  0.00£0.00  0.00£0.00  0.01£0.00 F12:00°| 0.37+0.02 0.30+0.02 0.10+0.01  0.2640.01 10.25 | 0.784+0.01  0.59+0.02 6.00 9.42
TableStatistics 035+£0.03  0.02+0.00 002000 0.13+0.01 = 10.00 | 042+0.02 045+£0.01 0.17+0.02 034+£001 525 | 0.714£0.01 0514002 10.00 | 842
StatisticalSummary ~ 0.8240.02  0.13+£001  0.14+0.02 0.36£0.01 375 | 049+0.02 055£0.02 0.30+£0.03 045+0.03 4.00 | 0.90£0.01 057+0.02 450 4.08
MatrixFactorization  0.63£0.02  0.02+£0.01  0.03+0.01 0.23£0.01  7.00 | 043+0.02 0424001 0.11£0.02 0324001 7.00 | 0.76£0.03 049+0.03  9.00 7.67
HashingText 0.78+0.01  0.2940.01  0.33+0.02  0.47+0.01 3.00 0.49+0.02  0.59+0.02  0.32+0.02  0.47+0.02 3.00 1.00+0.00  0.99+0.01 1.00 233
LLMText 0.93+0.01  0.29+0.02  0.30+£0.02  0.51+0.02 2.00 0.58+0.02  0.69+0.03  0.41+0.05 0.56--0.03 1.00 0.87+£0.01  0.76+0.02 3.00 2.00
TableVectorizer 048+0.02  0.02£0.01  0.03+0.01 0.1840.01  7.50 | 0.36+£0.02 024+0.01 0.06+0.01 022+0.01 JILISH| 0.74+£0.01 0384002 1000 | 975
HyTREL 0.69+0.02  0.02£0.00 0.02+0.01 025+0.01  7.00 | 0.42+£0.02 039+0.02 0.16£0.02 0324002 650 | 0.84+0.01 0.74+£001  4.00 5.83
Armadillo 0714002 0.11£001  0.124£0.01 031£0.01 500 | 0.40+£001 035+0.02 0.16£0.02 0304001 7.75 | 0.88+0.01 0.74+£0.02 3.50 5.42
TabPFN 0.46+0.02  0.01£0.00  0.01£0.00 0.16=0.01 1025 | 0.36+0.01 0.284+0.01  0.11+0.01  0.254+0.01 10.75 | 0.72+0.01  0.494+0.03 | 10.00 10.33
ConTex(Tab 053£001  0.01+0.00 001£001 0.18+0.00 925 | 0.38+0.02 0324003 0.12+0.02 027+£0.02 875 | 0.71+0.01 0574002 (1000 9.33

A.2.2 REAL DATA RESULTS

Across open-source corpora, D2 scores remain strongly label-dependent and separate methods
by what notion of similarity they preserve: instance identity (Direct), benchmark/task semantics
(Semantic), or coarse type signatures (Stat). We therefore report label-wise D2 tables below and
the averaged summary (Table[14) to make the specialization pattern explicit rather than relying on a
single aggregated number.

Direct labeling shows partial collapse for hard and cluster-hard negatives rather than the
complete collapse. Under Direct labeling scheme (Table[TT), several methods attain non-trivial
performance on TR-H and TR-CH, indicating that the identity task is challenging but not degenerate
for open-source tables. Overall, LLMText attains the strongest TR-Avg, while HashingText achieves
the best retrieval and linear-probe performance, consistent with content-aware signals being the most
reliable for separating confusable tables. Schema-driven fingerprints (e.g., HashingSchema) remain
competitive and substantially outperform purely statistical baselines under hard negatives, but still
trail the content/serialization methods, suggesting that schema features alone cannot fully resolve
similar tables that share column types and structural templates. Model-pooled embeddings (TabPFN,
ConTextTab) remain weak on hard negatives and clustering, indicating that pooling yields coarse
neighborhoods that are insufficient for strict identity ranking even when some separability exists.

Table 11: D2 metrics for real data - Direct labeling (mean £ 95% CI over 10 seeds)

Triplet (Direct) Clustering (Direct) Retrieval/Probe (Direct) Overall
TR-R TR-H TR-CH TR-Avg Rank ‘ Purity NMI ARI CL-Avg Rank ‘ R@5 LP Rank ‘ Avg Rank

HashingSchema 0.96+0.00 0.26+0.02 0.27+0.02 0.49+0.01  3.00 | 0.11£0.01 0.49+0.01 0.05+0.01 0.22+£0.01  4.25 | 0.93£0.01 0.74£0.04  2.50 325
SchemaContent 0.32+0.05  0.00£0.00  0.00£0.00 0.114£0.02 | 11.25 | 0.08+0.00 0.324+0.02  0.02+0.00 0.14+0.01  10.00 | 0.66+0.01 0.73£0.03  5.00 8.75
TableStatistics 0.274+0.03  0.00+£0.00  0.00+£0.00  0.0940.01 JEETST| 0.11£0.01  0.4440.02  0.06+0.01 0.204£0.01  4.50 | 0.594£0.02 0.324+0.02  8.00 8.08
StatisticalSummary ~ 0.81£0.01  0.06+0.01  0.07+0.01  0.3240.01 5.00 | 0.11£0.01  0.44£0.01  0.06+0.01  0.2040.01 425 | 0.74£0.02  0.30£0.02  7.50 5.58
MatrixFactorization ~ 0.69£0.02  0.00£0.00 0.00£0.00  0.23+£0.01 ~ 9.00 | 0.10£0.01  0.37£0.01  0.04£0.00 0.17£0.01  9.00 | 0.44£0.03 0.08£0.01 10.50 9.50
HashingText 0.96+0.01  0.34+0.04  0.37+£0.04 0.56+£0.03 ~ 2.00 | 0.124+0.01  0.50£0.02  0.06+0.01 0.23+£0.01 = 2.50 | 0.95+0.01 0.79+0.02 = 1.50 2.00
LLMText 0.98+0.00 0.36+0.05 0.37+0.05 0.57+0.03 | 1.00 | 0.13£0.01 0.60+0.01 0.11+0.01 0.28+0.01 = 1.00 | 0.95£0.01 0.71+0.05 2.50 1.50
TableVectorizer 0.52+0.01  0.03£0.00  0.03£0.00  0.1940.01 8.00 | 0.07+£0.00 0.28+0.01  0.02+0.00 0.12+0.01 | 11.25 | 0.33£0.01  0.08+0.01 1200 10.42
HyTREL 0.79£0.01  0.02+0.01  0.03+£0.01  0.28£0.01  7.00 | 0.11£0.01 0.42+0.01 0.06+0.00 0.19+£0.01  5.75 | 0.74£0.02 0.59£0.03  4.50 575
Armadillo 0.83+£0.01  0.18+0.02  0.20+£0.02  0.40+0.02  4.00 | 0.11£0.01  0.40£0.02 0.05+0.01 0.194£0.01 5.75 | 0.74£0.02 0.54+0.03  5.50 5.08
TabPFN 0.42+0.02  0.01£0.00 0.01+£0.00 0.14+£0.01 = 9.50 | 0.07£0.01 0.26+0.02  0.02+0.01  0.12+0.01 [FEE7SH| 0.37+£0.02 0.21£0.02 | 10.50 10.58
ConTextTab 0.71£0.02  0.03£0.01  0.03£0.01  0.2640.01 6.50 | 0.10£0.01  0.39£0.01  0.05+0.00 0.1840.01 8.00 | 0.57+£0.02 0.45+0.03  8.00 7.50

Semantic labeling highlights the global grouping strength of serialization-based text embeddings
for benchmark and task structure For Semantic labeling (Table @ LLMText is the clear winner
on both triplet ranking and clustering alignment, indicating that semantic encoders best preserve the
global grouping induced by benchmark and task semantics. HashingText remains highly competitive
and achieves near-top retrieval and linear probe, while schema-oriented methods (HashingSchema)
retain strong triplet performance but weaker clustering, consistent with capturing coarse correlates of
benchmark structure without producing globally coherent clusters.

Stat labeling shows that retrieval and linear probing for majority-type labels are near-perfect,
with schema features dominating the remaining signal. For the Stat labeling scheme (Table [I3),
retrieval and linear probe accuracy are near-saturated for many methods, so the more discriminative
signal comes from triplet and clustering. In this regime, HashingSchema dominates overall, consistent
with majority-type grouping being largely determined by column-type and schema tokens, while
LLMText remains the strongest non-schema alternative.
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Table 12: D2 metrics for real data - Semantic labeling (mean 3 95% CI over 10 seeds)

Triplet (Semantic) Clustering (Semantic) Retrieval/Probe (Semantic) Overall

TR-R TR-H TR-CH TR-Avg Rank ‘ Purity NMI ARI CL-Avg Rank ‘ R@5 LP Rank ‘ Avg Rank
HashingSchema 0.96+0.00 0.43£0.02 0.45+0.02 0.61£0.01 275 | 0.20£0.01 0.52+0.01 0.09£0.01 0.27+£0.01  4.25 | 0.98£0.00 0.94+£0.02  3.50 3.50
SchemaContent 0.32+0.05  0.00£0.00  0.00£0.00 0.114£0.02 | 11.12 | 0.13£0.01  0.324+0.02  0.04+0.01  0.16+0.01 ~ 10.00 | 0.79£0.01 0.95+0.01  5.00 8.71
TableStatistics 0.274+0.02  0.00+£0.00  0.00+£0.00  0.0940.01 IE88 " 0.17+0.01 0.46+0.02 0.10+0.01  0.25+£0.01  5.00 | 0.724+0.01 0.45+0.04  8.00 8.29
StatisticalSummary ~ 0.81£0.01  0.12+0.01 ~ 0.13+0.01  0.3540.01 5.00 | 0.20£0.01 0.46+0.01 0.11£0.01  0.2640.01 3.25 | 0.83+0.01 0.44+0.03  7.00 5.08
MatrixFactorization ~ 0.68+£0.02  0.00£0.00  0.00£0.00  0.23+£0.01 ~ 9.00 | 0.16£0.01  0.37£0.01  0.06£0.01  0.204£0.01  9.00 | 0.54£0.03 0.13£0.01  10.50 9.50
HashingText 0.96+0.01  0.59+0.02  0.62+0.02 0.724£0.01 = 2.25 | 0.23£0.02 0.54+0.02 0.10+0.02 0.2940.02 ~ 2.50 | 0.98+0.00 0.98+0.01 = 1.50 2.08
LLMText 0.99+0.00  0.67+0.03  0.69+0.03 0.78+0.02 = 1.00 | 0.24+0.01 0.64+0.01 0.18+0.02 0.35+0.01 = 1.00 | 0.99+£0.00 0.96+0.01 1.50 1.17
TableVectorizer 0.52+0.01  0.04+0.01  0.05+0.01  0.2040.01 8.25 | 0.124£0.01  0.27+0.02  0.04+0.01  0.14+0.01 | 11.00 | 0.44£0.01  0.11£0.02 [12:00 10.42
HyTREL 0.80£0.02  0.04£0.01  0.05+£0.01 0.30£0.01  6.75 | 0.18£0.02 0.43%£0.02 0.09+0.01 0.23+£0.01 575 | 0.84£0.02 0.79£0.02  4.50 5.67
Armadillo 0.83+£0.01  0.2740.02  0.29+0.02 0.47+0.02  4.00 | 0.19£0.02 0.40£0.02 0.094+0.02 0.23+0.02  6.50 | 0.83£0.02 0.72+0.02  6.00 5.50
TabPFN 0.41£0.02  0.01£0.00 0.01+£0.00 0.14£0.01 = 950 | 0.11£0.01  0.27+0.02  0.03+0.01  0.14+0.01 [JI200% 0.47+0.02 0.29+0.03 | 10.50 10.67
ConTextTab 0.72+0.02  0.04+0.01  0.05+0.01  0.2740.01 6.50 | 0.16£0.01 0.41£0.02 0.08+0.01  0.2140.01 775 ] 0.69£0.02  0.68+0.02  8.00 7.42

Table 13: D2 metrics for real data - Stat labeling (mean £ 95% CI over 10 seeds)

Embedder Triplet (Stat) Clustering (Stat) Retrieval/Probe (Stat) Overall
TR-R TR-H TR-CH TR-Avg  Rank | Purity NMI ARI CL-Avg Rank | R@5 LP Rank | Avg Rank
HashingSchema 0.74£0.02  0.50£0.02  0.52+0.03  0.59+0.02 | 1.00 | 0.85+£0.02 0.40-0.06 0.49+0.06 0.58+0.05 = 1.00 | 1.00+£0.00 0.97+0.01 | 2.00 1.33
SchemaContent 0.22+£0.03  0.00£0.01  0.01£0.01  0.08+0.01 10.00 | 0.59+0.04 0.03+£0.02 -0.02+0.01  0.20+0.01 FHE257 1.00+0.00 0.98+0.01 2.00 7.75
TableStatistics 0.15£0.01  0.00£0.00  0.00+£0.00  0.05+0.00 2007 0.63+0.03 0.06+£0.03  0.01+0.02  0.23+0.02  8.00 | 0.98+£0.00 0.99+0.00  4.50 8.17

StatisticalSummary ~ 0.65+£0.03  0.060.02  0.06+0.02  0.26+0.02  3.50 | 0.76+0.02 0.21£0.03  0.26+0.04  0.41£0.03 325 | 0.98+0.00 0.90+0.02  7.00 4.58
MatrixFactorization ~ 0.46+£0.01 ~ 0.00£0.00 ~ 0.00£0.00  0.15+£0.00  9.25 | 0.58+0.02 0.01£0.01 ~ 0.01+0.01  0.20£0.01 ~ 10.50 | 0.96+0.01  0.60£0.02 [ 11.50 1042

HashingText 0.55£0.03  0.06+£0.02  0.07+£0.03 0.23+£0.02  3.50 | 0.73+£0.04 0.23£0.06 0.21+0.08 0.39£0.06 3.75 | 0.99+£0.00 0.93+0.02 5.50 4.25
LLMText 0.674£0.02  0.09£0.02  0.10+£0.03  0.29+£0.02 = 2.00 | 0.80+£0.03 0.31£0.05 0.37+0.08 0.49+0.06 = 2.00 | 0.99+0.00 0.95+0.01 4.00 2.67
TableVectorizer 0.42+0.01  0.01£0.00  0.01£0.00  0.15£0.00  7.75 0.65+£0.02  0.08+£0.02  0.08+0.03  0.27+0.02  6.25 | 0.95+£0.01 0.69+0.03 [FIES0 8.50
HyTREL 0.46+0.01  0.01£0.01  0.01+0.01  0.16%0.01 750 | 0.61£0.03 0.04£0.03 -0.00£0.02 0.21+0.01 9.50 | 0.98+0.00 0.93+0.02  6.50 ‘ 7.83
Armadillo 0.50£0.00  0.02+0.00  0.02+0.00  0.18+0.00 575 | 0.61£0.04 0.01£0.01  0.00+0.01  0.21£0.01 [10:50 | 0.97+0.00 0.81+0.02  9.00 8.42
TabPEN 0.38+0.03  0.00£0.00  0.00+0.00  0.13+0.01 [10.00"| 0.70+£0.03 0.11£0.02  0.16+0.04  0.3240.03  5.00 | 0.96+0.01 0.78+0.03 ~ 10.00 833
ConTextTab 0.5240.01  0.01£0.00 0.02+0.01  0.18+0.01 575 | 0.62+£0.05 0.10£0.06  0.04+0.08  0.26+0.06  7.00 | 0.99+£0.00 0.95+0.01  4.50 575

Averaging over label types hides specialization, but still provides useful intuition. When
averaged over label types (Table[T4), HashingSchema ranks best on average triplet ranking, LLMText
ranks best via clustering alignment, and HashingText ranks best on retrieval and probe. This
decomposition matches the interpretation in the main paper, as different labeling schemes lead to
different similarity notions, so a single averaged D2 score can hide meaningful specialization.

Table 14: Detailed D2 metrics for real data - Averaged over label types (mean £ 95% CI)

Embedder Triplet (Avg over Labels) Clustering (Avg over Labels) Retrieval/Probe (Avg over Labels)  Overall
TR-R TR-H TR-CH  TR-Avg Rank | Purity NMI ARI CL-Avg  Rank | R@S5 LP Rank | Avg Rank
HashingSchema 0.89+£0.01  0.40-£0.02 041002 0.57+0.02 | 100 | 039+001 047+0.03 021£0.03 036+0.02 200 | 0.97+0.00 0.88+£0.02  3.00 2.00
SchemaContent 0294005  0.00+£0.00 0.00+£0.00 0.1040.02 1050 | 0274002 0.22+0.02  0.02+0.01  0.17£0.01 [JIESON 0.81£0.01 0.89+£0.02  4.50 8.83
TableStatistics 023£0.02  0.00£0.00 0.00+0.00 0.08+0.01 12004 030+0.02 0.32+0.02 0.06+0.01 023+£001 525 | 0.76£0.01 0.59£0.02  8.00 8.42
StatisticalSummary 076002 0.08+0.01 ~ 0.08£0.02 031+£0.01 475 | 0.36£0.01 0.37+£0.02 0.14£0.02 029+0.02 3.75 | 0.85£0.01 055+£002 7.00 5.17
MatrixFactorization ~ 0.61+£0.01 ~ 0.00£0.00  0.00£0.00 0.20+£0.00  9.50 | 0.28£0.01 025£0.01 0.04+0.01 0.19£0.01 = 10.00 | 0.65+£0.02 0.27+0.01 [FI100" [ 10:17
HashingText 0824001  033+£0.03 0.36+0.03 0.5040.02 3.00 | 036+0.02 0424003 0.12£0.04 030+£0.03 325 | 0.97+0.01 0.90+£0.02  1.50 258
LLMText 0.88+£0.01 037+0.03 0.39+0.04 0.55+0.02  2.00 | 0.39+0.02 0.52+0.03 0.220.04  0.38+£0.03 | 1.00 | 0.98+0.00 0.87+£0.02  2.50 1.83
TableVectorizer 0494001  0.03+£0.00 0.03+0.00 0.18+0.01 800 | 0.28+0.01 0.2140.02 0.05£0.01 0.18+0.01 | 1100 | 0.57£0.01 0.29:0.02 [NEESON|10:17
HyTREL 0.68+£0.01  0.03£0.01 0.03+0.01 0.25+0.01 7.00 | 030£0.02 0.29+0.02 0.05£0.01 021001 7.25 | 0.85£0.01 0.77£0.02  4.50 625
Armadillo 0724001  0.16+£0.02  0.17+0.02 0354001 425 | 030£0.02 0.27+0.02 0.05£0.01 021001 7.75 | 0.85£0.01 0.69£0.02  6.50 6.17
TabPEN 040+£0.02 001000 0.01+0.00 0.14£0.01 = 950 | 030+0.02 0.2140.02 0.07£0.02 0.19+£002 825 | 0.60£0.02 043+0.02 = 10.50 9.42
ConTextTab 0.65£0.02  0.03+£0.01 0.03+0.01 0244001 650 | 030+0.02 0.30+0.03 0.05+0.03 0224003 7.00 | 0.75+0.01 0.69£0.02  7.50 7.00

A.3 TSNE PLOTS

We provide t-SNE projections of partition embeddings as a qualitative sanity check for the label-wise
D2 decomposition (Appendix [A.2). Each row corresponds to an embedding model, and columns
show the same embeddings colored by different labeling schemes. We emphasize that t-SNE is not
metric-faithful; global distances are distorted and apparent cluster sizes are not comparable across
methods. Nevertheless, label-homogeneous neighborhoods and visually coherent group structures
often mirror the separability trends measured by triplet and clustering scores in the per-label D2
tables.

Synthetic.  For synthetic corpora (Figure[d)), the t-SNE projections qualitatively mirror the label-type
dependence observed in the D2 decomposition (Appendix [A-2). Under Direct labeling, methods that
sustain hard-negative identity ranking (notably HashingText) exhibit more locally label-consistent
neighborhoods, whereas pooled TFM representations (e.g., TabPFN, ConTextTab) form mixed-color
manifolds with limited fine-grained separation. Under Semantic labeling, schema- and text-driven
methods yield clearer group structure, aligning with their higher clustering scores. Crucially, moving
from Semantic to Semantic+Difficulty visibly reduces separability for schema-centric fingerprints
(e.g., HashingSchema), consistent with the Semantic+Difficulty triplet degradation in Table 8} this
supports the interpretation that the added difficulty factor is weakly expressed in schema tokens and

17



is instead reflected in value distributions and interaction patterns. We therefore treat t-SNE strictly as
a qualitative diagnostic to support the quantitative D2 conclusions reported in Tables [6H8]

Real open-source. For open-source tables (Figure [5)), the qualitative structure mirrors the D2 label
dependence in Tables[TTHI3] Under Stat labeling, many methods exhibit visually separated regions,
consistent with the relative ease of coarse type grouping. Under Direct labels, most embedding
models show substantial color mixing, consistent with stricter identity ranking remaining challenging.
Triplet ranking under hard and cluster-hard negatives exposes near-collisions even when retrieval and
linear probe can be high. Semantic labels typically sit between these extremes, with semantic- and
content-driven methods showing clearer group structure than purely schema- and statistical baselines.

A.4 LARGE LANGUAGE MODEL (LLM) USAGE DISCLOSURE

We used language models (mainly ChatGPT from OpenAl) to improve grammar and clarity of the
manuscript and to suggest code refactorings during implementation. All benchmark design decisions,
experiments, results, and conclusions are the authors’ own; all LLM outputs were reviewed and
validated, and the authors take full responsibility for the content.
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Figure 4: TSNE plots of the synthetic data with different labels
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