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Abstract

We investigate how to make small tabular foun-
dation models effective for High-Dimensional,
Low-Sample Size (HDLSS) tabular prediction
without retraining large backbones. We introduce
Graph-guided Ordering with Local Refinement
(GO-LR), show its equivalence to weighted Mini-
mum Linear Arrangement, and interpret the prac-
tical solver as a TSP-path-style surrogate. We
propose GOTabPFN,which builds on GO-LR, and
a Neuro-Inspired Subunit Compression (NSC)
unit to pool locally adjacent ordered features into
meta-features, yielding a compact representation
that makes TabPFN-style prediction practical in
HDLSS regimes. Across tabular benchmarks,
GOTabPFN improves stability and accuracy under
tight token budgets.

1. Introduction
High-Dimensional, Low-Sample Size (HDLSS) tabular pre-
diction remains a challenge: when m≫ n (with m=no. of
features, n=no. of samples), both learning and represen-
tation become costly. Tabular foundation models such as
TabPFN and its variants are strong general-purpose base-
lines, but popular versions (e.g., TabPFN-2.5 (Grinsztajn
et al., 2025)) are designed and benchmarked for inputs with
up to roughly 2,000 features, leaving many HDLSS domains
(e.g., gene expression with m ≫ 2,000) outside their in-
tended operating range without prior feature selection or
compression. This motivates representation strategies that
reduce dimensionality under tight sample budgets while
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preserving predictive structure, so TabPFN-style learners
remain effective in truly high-dimensional regimes.

Permutation learning seeks an ordering of a finite set that
improves a downstream objective, typically via differen-
tiable relaxations that approximate discrete permutations in
end-to-end neural training (Barthel et al., 2025; Jurewicz
& Derczynski, 2022). For tabular data, the lack of inher-
ent spatial or temporal structure weakens inductive bias
relative to vision or language, especially in HDLSS set-
tings. Although tree-based methods remain strong baselines,
learning cross-feature dependencies without overfitting is
difficult; even simple models (e.g., MLPs or Lasso) can
outperform advanced tabular approaches in n≪ m regimes
(ProtoGate (Jiang et al., 2024)). This suggests that fea-
ture selection alone is often insufficient; we also need a
learnable feature ordering that organizes correlated features
into neighborhoods amenable to structured compression.
We therefore formulate the Column Permutation Problem
(CPP) (Fogel et al., 2013; Lima et al., 2024; Tegze & Vlach,
1986; Liiv, 2010; Behrisch et al., 2016): learn a data-driven
column order that reduces redundancy, reveals long-range
dependencies, and induces a useful sequential structure for
downstream modules. In practice, CPP can be tackled via
attention-based pointer mechanisms and graph-aware vari-
ants that generate permutations while encoding relational
structure (Vinyals et al., 2015; Yang et al., 2022b; Veličković
et al., 2020).

Feature ordering has a long history in pattern recognition
and is central to Incremental Attribute Learning (IAL),
where features arrive sequentially and must be ranked before
training (Wang & Guan, 2013). Unlike set-based models
that assume order invariance (Zaheer et al., 2017), column
order can expose redundancy and shape how models cap-
ture dependencies; even simple Fisher/correlation/entropy
rankings reduce interference and error over unordered base-
lines (Wang et al., 2015c;b), motivating learned, task-aware
ordering (Wang et al., 2015a; 2014). In deep tabular learn-
ing, Mambular (Thielmann et al., 2024) underscored the
impact of ordering and Habib et al. (2024; 2026b) intro-
duced explicit ordering algorithms in TabSeq and DynaTab,
respectively. Other related efforts show brittleness to col-
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umn permutations, prompting permutation-invariant archi-
tectures (Eremeev et al., 2025; Brahmavar et al., 2025) and
TabICL (Jingang et al., 2025), which ensembles across per-
mutations. Beyond supervised prediction, COPER (Eisen-
berg et al., 2025) uses a permutation-based correlation objec-
tive for multi-view (image-table) clustering, and ROTATOR-
LLM (Wang et al., 2025) studies feature ordering for LLM-
based tabular inference.

While ordering can expose local structure, HDLSS tables
introduce a second bottleneck: even a “good” permutation
still leavesm raw features to process, which is prohibitive
whenm � n . To make TabPFN-style predictors practical
in this regime without changing the backbone, we introduce
Neuro-Inspired Subunit Compression (NSC), motivated by
subunit-style integration in cortical dendrites (Poirazi et al.,
2003; Schiller et al., 2000; Major et al., 2013; Kastellakis
et al., 2015; Kirchner & Gjorgjieva, 2021; Ujfalussy &
Makara, 2020; Wu et al., 2018). NSC groups adjacent
features along the GO-LR (Graph-guided Ordering with
Local Re�nement) axis into contiguous subunits and pools
each into a meta-feature, reducing dimensionality fromm
to M (M � m ), with M tied to intrinsic dimension esti-
mates from the covariance spectrum (Roy & Vetterli, 2007;
Halko et al., 2011; Levina & Bickel, 2004). Na�̈ve com-
pression often produces latent components without a stable
coordinate system, yielding run and subsample-dependent
representations that are not effective for TabPFN-style mod-
els, which assume a �xed, consistently parameterized input
space (Hollmann et al., 2023; 2025). We therefore design
a structure-constrained compression interface that yields
reproducible latent features within the feature budgets tar-
geted by recent TabPFN variants (Grinsztajn et al., 2025;
Liu & Ye, 2025; Kolberg et al., 2025).

Our contributions:

• We cast feature ordering as a combinatorial optimiza-
tion problem, prove its NP-hardness, and propose
MinLA-grounded ordering via GO-LR.

• We introduce scalable HDLSS compression via NSC, a
neuro-inspired subunit-style pooling that is controlled
by intrinsic-dimension estimates.

• Building on the above, we propose GOTabPFN for
analyzing HDLSS tabular data. Across HDLSS bench-
marks, GOTabPFN improves accuracy and stability
under tight feature budgets in high-dimensions.

2. Related Work

In Appendix A, we provide more details on related work,
including on tabular foundation models, the TabPFN family,
HDLSS-speci�c models, and LLM-based tabular models.

Figure 1. Graph-based feature ordering. GO-LR linearizes a
weighted feature graph to keep related features nearby for local
segmentation and compression. It uses NNPath for local initializa-
tion, then re�nes the order with a global MinLA-style objective
over pairwise placements. See Appendix T for more clari�cations.

Existing approaches often struggle in HDLSS settings with
m�n , since they either assume moderate feature counts or
rely primarily on feature selection and task-speci�c tuning
to cope with very high dimensionality. GOTabPFN bridges
this gap by coupling MinLA-grounded ordering (GO-LR)
with subunit-style compression (NSC), yielding stable, low-
dimensional representations that enable TabPFN-style pre-
dictors to operate effectively in truly high-dimensional
regimes without modifying the TabPFN backbone.

3. Methodology

Problem formulation. Let X 2 R n�m be the input matrix
with n samples andm features. We de�ne the sample par-
tition fI cgk

c=1 obtained by clustering the samples, and the
cluster-restricted matrices in Eq. 1.

X (c) = X[I c; :] 2 Rn c �m ; nc = jI cj (1)

For eachX (c) , we construct the corresponding cluster-wise
feature graphGc = (V; E; w (c) ), whereV = f1; : : : ; mg is
the shared feature set andw(c)

ij measures feature dissimilar-
ity within clusterc. The local permutation� c is obtained by
minimizing a MinLA-style dispersion objective onGc, and
the �nal global permutation� � is obtained by aggregating
local ranks across clusters. All permutations are over fea-
tures, and GO-LR outputs a single global feature ordering
� � , not separate feature spaces that must later be rearranged
across clusters.� � is then used for NSC segmentation and
compression. Figs. 1, 2, and 3 summarize the pipeline: GO-
LR linearizes feature graphs, NSC segments and compresses
contiguous ordered neighborhoods into meta-features, and
the resulting tokens are passed to a frozen TabPFN-2.5 head
within GOTabPFN.
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Figure 2. Meta-feature construction. GO-LR �rst orders features globally; NSC then segments the ordered axis into contiguous
neighborhoods and compresses each segment by PCA into a scalar meta-feature. The �nal vectorZ(x) = (z 1 ; : : : ; zM ) is passed to the
frozen TabPFN-2.5 head. See Appendix T for additional clari�cations.

3.1.Feature Ordering as a Combinatorial Optimization
Problem.

Problem Setup: Feature Ordering by Graph Disper-
sion. In this section, we show that GO-LR-based feature
ordering corresponds to the Minimum Linear Arrangement
(MinLA) problem, is NP-hard, and strictly generalizes TSP-
path. Here, TSP-path refers to the Traveling Salesman
(TSP) path problem: given a complete weighted graph,
�nd a Hamiltonian path� that minimizesPathCost(�) =P m�1

t=1 d� t ;� t+1 . We further show that the practical GO-LR
algorithm provides a TSP-path style initialization, which
is then locally re�ned under the dispersion objective. We
connect GO-LR-based feature ordering to classical com-
binatorial optimization, including linear arrangement and
seriation problems (D́�az et al., 2002; Seminaroti, 2016; Fo-
gel et al., 2013). It is MinLA (NP-hard), admits a TSP-path
heuristic implementation, and strictly generalizes TSP-path
via an exact embedding.

Theorem 3.1 (Theoretical Characterization of GO-LR).
GO-LR-based feature ordering corresponds to a weighted
MinLA problem, is NP-hard in the number of features, and
strictly generalizes the TSP-path problem.

Proof sketch.Theorem follows from Lemma 3.8, Lemma
3.9, and Theorem 3.12 as described below.

Moreover, the practical GO-LR algorithm uses a nearest-
neighbor TSP-path heuristic for initialization and then ap-
plies a local re�nement step (direction selection and adjacent
swaps) that monotonically decreases the MinLA dispersion
objective. The remainder of this section establishes this
characterization through a sequence of equivalence and re-
duction results.

De�nition 3.2 (Local Feature Graph). Given clusterc with
samplesX (c) 2 Rn c �m , we de�ne a weighted feature graph
Gc = (V; E; w) whereV = f1; : : : ; mg indexes features
and wij � 0 quanti�es dissimilarity between featuresi
andj computed fromX (c) (e.g.,1 � jcorrj ; see App. T,
JS(Jensen-Shannon divergence)/KL(Kullback-Leibler diver-
gence), cosine/Euclidean/Manhattan). We write(i; j) 2 E
whenever a pair is included (typicallyE = V � V n f(i; i)g
for a complete graph, or a sparse neighborhood graph).

De�nition 3.3 (Dispersion Objective (GO-LR Local Order-
ing)). A local ordering is a bijection� : V ! f0; : : : ; m �
1gassigning each feature to a position. The cluster-wise dis-
persion of� is in Eq. 2. The GO-LR local ordering problem
is to compute the local order with minimum dispersion, as
shown in Eq. 3.

DG c (�) =
X

(i;j)2E

wij j�(i) � �(j)j (2)

� �
c 2 arg min

�
DG c (�) (3)

De�nition 3.4 (GO-LR Local Re�nement Operator). Let
� (0)  NNPath(G c) be the nearest-neighbor initialization
(a permutation ofV ). We de�ne rev(�) as the reversed
permutation and letN (�) denote the set of permutations
obtained by one adjacent transposition (Eq. 4). GO-LR
�rst performs direction selection (Eq. 5) and then appliesP
passes of adjacent-swap descent (Eq. 6), with early stopping
if � (p+1) = � (p) . The re�ned local ordering is� c  � (P ) .
In Eq. 4,swapt (�) is the adjacent-transposition operator
that returns the permutation obtained by swapping the en-
tries at positions t and t + 1 in �.
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N (�) = fswap t (�) : t = 0; : : : ; m � 2g (4)

� (0)  arg min
n

DG c (� (0) ); D G c (rev(� (0) ))
o

(5)

� (p+1)  SweepRe�ne
�

� (p) ; Gc

�
; p = 0; : : : ; P �1

(6)
SweepRe�ne. Initialize~�  � (p) and scant = 0; : : : ; m �
2. Compute swap gain� t := D G c (swapt (~�)) � D G c (~�)
via an incremental update (no full recomputation). If� t <
0, set~�  swap t (~�) immediately. Return� (p+1)  ~� and
early-stop if a full sweep makes no changes.

Remark 3.5. Each update in Eqs.(5)–(6) is chosen to not in-
crease DG c ; hence GO-LR yields DG c (� c) � D G c (� (0) ).
Remark 3.6. Eq.(2) (together with Eq.(3)) de�nes the dis-
persion objective used in GO-LR. It is a standard linear
arrangement / seriation-type criterion (D�́az et al., 2002; Fo-
gel et al., 2013): pairs with larger weightswij are penalized
more when placed far apart, hence the ordering tends to
place high-weight pairs closer in their index.

Complexity: Equivalence to Minimum Linear Arrange-
ment. The MinLA problem is a classical graph layout
problem, and has been well studied (Shiloach, 1979).

De�nition 3.7 (Weighted Minimum Linear Arrangement
(MinLA)). Given a weighted graphG = (V; E; w) , the
weighted MinLA problem is

min
�:V !f0;:::;jV j�1g bijective

X

(i;j)2E

wij j�(i) � �(j)j (7)

Lemma 3.8 (GO-LR Local Ordering is MinLA). For each
clusterc, the GO-LR local ordering objective in Eq.(3) is
exactly the weighted MinLA objective on Gc.

Proof sketch.Both problems optimize over bijections� :
V ! f0; : : : ; m � 1g and share the identical objectiveP

(i;j)2E wij j�(i) � �(j)j (Eq. (2) and Eq.(7)). Hence
they are the same optimization problem.

Lemma 3.9 (NP-hardness). The GO-LR local feature or-
dering problem (Eq. (3)) is NP-hard in m.

Proof sketch.Weighted MinLA is NP-hard (Garey et al.,
1976); since GO-LR local ordering is exactly MinLA, it is
NP-hard.

An Exact Equivalence Case: TSP-path as a Special Case
of Feature Ordering.

De�nition 3.10 (TSP-path Objective on a Complete Graph).
Given a complete weighted graphK = (V;

� V
2

�
; d) with

edge weightsdij � 0 , de�ne the path cost of a permutation
� = (� 1; : : : ; � m ) by

PathCost(�) =
m�1X

t=1

d� t ;� t+1 (8)

First, we establish GO-LR as a TSP-path heuristic that out-
puts a Hamiltonian path. (see Appendix B). Then, below,
we show the connection between our feature ordering and
TSP-path.

The GO-LR objective in Eq.(2) is a general seriation /
linear arrangement criterion. We now exhibit a non-circular
special case in which Feature Ordering becomes exactly the
TSP-path problem, implying that Feature Ordering strictly
generalizes TSP-path (Carmona et al., 2023).

De�nition 3.11 (Path-Edge Feature Ordering (Adjacen-
cy-by-Position)). Fixm and de�ne the path-edge set on
positions

Epath = f(t; t + 1) : t = 1; : : : ; m � 1g (9)

Given a complete weighted graphK = (V;
� V

2

�
; d) with

jV j = m , a permutation� = (� 1; : : : ; � m ) induces an
ordering map� � : V ! f1; : : : ; mg via � � (� t ) = t . We
de�ne the path-edge feature ordering objective:

Dpath(� � ) =
m�1X

t=1

d� t ;� t+1 (10)

This is equivalent to restricting Eq.(2) to adjacency-by-
position interactions.

Theorem 3.12 (Exact Equivalence to TSP-path). Minimiz-
ing the path-edge feature ordering objective in Eq.(10)over
all permutations� is exactly the TSP-path problem onK
with path cost given by PathCost(�) in Eq. (8).

Proof sketch.For any permutation� , Eq. (10) can be re-
written as

P m�1
t=1 d� t ;� t+1 = PathCost(�) by de�nition.

Thus, the minimizers coincide.

Corollary 3.13 (TSP-path embeds into Feature Ordering).
TSP-path is a special case of feature ordering. Consequently,
feature ordering (strictly) generalizes TSP-path.

Remark 3.14. This equivalence holds for the path-edge
special case. In GO-LR, the practical objective remains
the full dispersion in Eq.(2) (MinLA), while the nearest-
neighbor constructor corresponds to a TSP-path heuristic
for initialization, and GO-LR then applies local re�nement
under the full dispersion objective in Eq.(2) on a complete
graph built from the chosen dissimilarity metric.

4



GOTabPFN: From Feature Ordering to Compact Tokenization for Tabular Foundation Models on High-Dimensional Data

Figure 3. End-to-end architecture of GOTabPFN. The feature
clustering block denotes the discovery of local feature-dependence
groups, implemented by estimating cluster-wise feature graphsGc

from local sample contexts; GO-LR then obtains a global order
� � , and NSC compresses contiguous ordered segments into meta-
featuresZ(x) , which are passed to a frozen TabPFN-2.5 head.

Global Aggregation (Mean-Rank Integration). Let � c

be a local ordering for clusterc and letr c(j) be the rank (po-
sition) of featurej in � c. With cluster weights� c � 0 andP k

c=1 � c = 1 , GO-LR forms a global order by Eq. 11. This
aggregation produces a single global permutation consistent
with the set of local cluster-wise permutations.

�r(j) =
kX

c=1

� cr c(j); � � =
m

argsort
j=1

�r(j) (11)

Algorithm 1 captures the steps in the proposed GO-LR
algorithm.

3.2. Neuro-Inspired Subunit Compression (NSC)

Motivation. We design a representation interface that al-
lows TabPFN to scale to HDLSS tabular data without re-
training or architectural modi�cation. Cortical pyramidal
neurons receive on the order of20;000-30;000synaptic in-
puts (Poirazi et al., 2003), yet these inputs are not integrated
as a single linear sum (Major et al., 2013). Instead, inputs
are organized into multiple dendritic subunits (Kastellakis
et al., 2015), each acting as a nonlinear integration com-
partment. Here, correlated synapses may exhibit local clus-
tering (Ujfalussy & Makara, 2020) and trigger N-methyl-
D-aspartate (NMDA)-mediated plateau potentials (Schiller
et al., 2000) that pool dozens to hundreds of inputs into a
single subunit-level signal (Kirchner & Gjorgjieva, 2021).
This subunit-based organization provides a canonical bio-
logical mechanism (Beniaguev et al., 2021) for compressing
extremely high-dimensional inputs into a compact set of
functional representations (Wu et al., 2018). This locality-

Algorithm 1 Graph-guided Ordering with Local Re�nement
(GO-LR)

Require: X 2 R n�m , clusters k, metric �, passes P
Ensure: Global order �� and local orders f�cgk

c=1
1: fX (c) gk

c=1  Cluster(X; k); � (c)  mean(X (c) )
2: for c = 1 to k do
3: Gc  Sym(FeatureDissimilarity(X (c) ; �)) 2

Rm�m // undirected
4: � c  NNPath(G c)
5: � c  Re�ne(� c; Gc; P ) // direction-select + P passes
6: rc(j)  rank(j in � c) for j = 1; : : : ; m
7: end for

8: ~� c  
�

" + mean c0k� (c) � � (c 0) k2

� �1
; � c  

~� c=
P

c0 ~� c0

9: �r(j)  
P k

c=1 � c r c(j); � �  argsort j �r(j)
10: return Global feature order� � and local orders

f� cgk
c=1

driven compression view is also consistent with prior signal-
compression work, where edge-aware prediction has been
used to exploit local structure in high-dimensional hyper-
spectral imagery (Jain & Adjeroh, 2007). We adopt this
principle as an algorithmic inductive bias for HDLSS tabu-
lar data (Bal�n et al., 2019). See Alg. 2 for steps in NSC.
Ordered-Axis Segmentation. Letx 2 R m denote a tab-
ular sample and let� � be the global feature permutation
produced by GO-LR (Section 3.1). We de�ne the reordered
feature vector in Eq. 12. Given a target number of meta-
featuresM , we set the segment lengths = dm=Me (Eq. 13)
and de�ne contiguous segmentsfS t gM

t=1 by Eq. 14, which
partitionf1; : : : ; mg into ordered neighborhoods (subunits).

x � =
�
x � � (1) ; x � � (2) ; : : : ; x � � (m)

�
(12)

s =
l m

M

m
(13)

St = f(t � 1)s + 1; : : : ; min(ts; m)g; t = 1; : : : ; M
(14)

Adaptive segmentation. To let segment boundaries follow
“transitions” in the ordered feature axis, we �rst summa-
rize pairwise dissimilarities into a 1D signal. We reuse
the global feature dissimilarity matrix�W 2 Rm�m al-
ready computed for GO-LR on the dataset (and keep it
�xed at inference), e.g.,�W := FeatureDissimilarity(X; �)
or �W :=

P k
c=1 � cWc, so NSC itself does not introduce

any additionalO(m2) cost. For adjacent positions along
the GO-LR order, we de�ne the transition dissimilarity
� t := �W� � (t); � � (t+1) for t = 1; : : : ; m � 1 ; large� t in-
dicates a sharp change between neighboring features. We
then form the cumulative transition massct :=

P t�1
i=1 � i for

t = 1; : : : ; m with total C := c m =
P m�1

i=1 � i . Given
a desired number of segmentsM , we place cutpoints
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Algorithm 2 Neuro-Inspired Subunit Compression (NSC)

Require: Training matrixX train 2 Rn�m , samplex 2 R m ,
global order� � , ID threshold� 2 (0; 1) , bypass thresh-
old m0, M -rule hyperparameters(
; M min ; M max ),
segmentation ruleSeg(�)with `min , and (if transition-
aware) dissimilarities � 2 Rm�1

+ .
Ensure: Compressed tokens Z(x) 2 RM .
1: Reorder: X �  X train[:; � � ], x�  x[� � ].
2: PCA-ID: computeG = 1

n�1 X � (X � )> ; let f� i g be
eigenvalues of G (descending).

3: d̂  minfk :
P k

i=1 � i � �
P

i � i g; IDF  d̂=m
4: if m � m 0 then
5: M  m
6: else
7: M  clip(d2 d̂e; Mmin ; min(M max ; m)) // or

d
 d̂e / IDF-rule
8: end if
9: Segment: fSt gM

t=1  Seg(m; M; �; ` min ) // uniform
/ equal-mass / largest-jump

10: for t = 1 to M do
11: Fit (once): centerX �

[:;S t ] to get mean� t ; compute
�rst PC directionvt (CPU SVD), �x sign determinis-
tically.

12: Tokenize: zt (x)  
�
x �

St
� � t

� >
vt // scalar

13: end for
14: return Z(x)  (z 1(x); : : : ; z M (x))

1 � � 1 < � � � < � M�1 < m along this 1D signal in
two ways: (i) a largest-jump rule that selects the indices of
theM�1 largest� t values (subject to a minimum segment
length`min ), and (ii) an equal-mass rule that treatsct as a
discrete CDF and chooses cutpoints by Eq. 15.

� ` := min
n

t 2 f2; : : : ; m � 1g : c t � (`=M) C
o

;

` = 1; : : : ; M � 1
(15)

Again enforcing`min with a uniform fallback if needed.
Finally, we materialize segments asS1 = f1; : : : ; � 1g,
St = f� t�1 + 1; : : : ; � t g for t = 2; : : : ; M � 1 , and
SM = f� M�1 + 1; : : : ; mg, so that each subunit is an or-
dered neighborhood bounded by large transitions in the
feature axis.
Subunit Pooling and Meta-Feature Construction.

Segment descriptors. Beyond mean and variance, we op-
tionally summarize each segmentut using a richer descrip-
tor  (u t ) that includes higher-order and robust statistics
(e.g., skewness, kurtosis, median, and interquartile range),
enabling NSC to capture distributional shape within each
ordered region at negligible extra cost.

Let  : R jS t j ! R q denote a (possibly learn-free) seg-
ment descriptor of dimensionq, and letg� : Rq ! R d

be a shared lightweight pooling network that maps each
descriptor to ad-dimensional meta-feature. In practice,g�

may be a shallow MLP (or linear map) applied to (u t );
the sameg� is reused across segments to enforce parameter
sharing and stability. Thet-th meta-feature is de�ned in
Eq. 16. NSC outputs the compressed meta-feature sequence
Z(x) = (z 1; : : : ; zM ), which is subsequently provided to
the TabPFN predictor head.

zt = g �

�
 (u t )

�
; ut := x �

St
(16)

Z(x) = (z 1; : : : ; zM ) 2 R M�d (17)

NSC variants. We instantiate NSC in four variants (details
in Appendix D): (i) NSC: uniform segments + learned pool-
ing, (ii) NSC-P: same with PCA-based intrinsic-dimension
rule for M , (iii) NSC-SP: PCA-based segment (SegPCA)
pooling with a �xed M , and (iv) NSC-pSP: PCA-based
intrinsic-dimension rule forM combined with SegPCA
pooling. GOTabPFN uses NSC-pSP in the experiments.
Choosing the Number of Meta-Features (NSC-pSP). To
adapt the compression level to dataset complexity, we tie the
meta-feature budgetM to an estimate of the intrinsic dimen-
sionalityd̂ of the training data. Let~X 2 R n�m denote the
standardized training matrix (zero mean, unit variance per
feature), and let� = 1

n�1
~X > ~X be its empirical covariance

(or correlation) matrix with nonzero eigenvaluesf� i gr
i=1 ,

r � min(n; m).

For the NSC-pSP variant used in our main experi-
ments, we estimatêd via a PCA cumulative-variance
rule (Hotelling, 1933). We de�ne the explained-variance
ratio and its cumulative sum in Eqns. 18 and 19. Given
a target variance-retention level� 2 (0; 1) (e.g., � 2
f0:90; 0:95; 0:99; 0:9975g), the PCA-based intrinsic di-
mension is de�ned by Eq. 20 and NSC-pSP setsd̂ =
d̂PCA (� ) . We then choose the meta-feature budget via
Eq. 21 whereclip(x; a; b) = min(max(x; a); b) . For non-
HDLSS regimes (e.g.,m � 400 ), we bypass compression
by settingM = m . This rule ensures that the number
of meta-features scales with intrinsic, rather than ambient,
dimensionality, yielding aggressive compression in highly
redundant HDLSS settings while avoiding unnecessary bot-
tlenecks when features are already compact. Implementa-
tion details and alternative intrinsic-dimension rules used
by the other NSC variants are given in Appendix C.

EVR i =
� iP r

j=1 � j
; i = 1; : : : ; r (18)

CUM(k) =
kX

i=1

EVR i ; k = 1; : : : ; r (19)

d̂PCA (� ) = min
n

k 2 f1; : : : ; rg : CUM(k) � �
o

(20)
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M = clip
�
d2d̂e; 32; min(512; m)

�
(21)

PCA-centric post-segmentation pooling (SegPCA). For
the PCA-centric NSC variants (NSC-SP and NSC-pSP),
once the meta-feature budgetM is determined (Sec. 3.2)
and the ordered segmentsfS t gM

t=1 are formed (Eqs. 13-14),
we construct one scalar token per segment by projecting
onto a segment speci�c �rst principal direction learned
on the training set. Letut (x) := x �

St
2 R jS t j and let

X � 2 Rn�m denote the standardized training matrix after
applying� � . We de�ne the training submatrix for segment
t asX t := X �

: ;S t
2 Rn�jS t j . We compute the segment

mean and covariance by Eq. 22 and take the �rst principal
direction using Eq. 23. Thet-th meta-feature is then the
centered projection (Eq. 24), yielding ad=1 token sequence
ZSegPCA (x) (Eq. 25). Optionally, we apply a determinis-
tic sign convention tovt (e.g., �ipping vt so that segment
scores positively correlate with a �xed reference such as the
within-segment sample mean), which leaves the subspace
unchanged but improves reproducibility.

� t =
1
n

nX

i=1

X t;i: 2 R jS t j ;

� t =
1

n � 1

�
X t � 1� >

t

� > �
X t � 1� >

t

�
(22)

vt = arg max
kvk 2 =1

v> � t v 2 R jS t j (23)

zt (x) =
�
ut (x) � � t

� >
vt 2 R; t = 1; : : : ; M

(24)

ZSegPCA (x) = (z 1(x); : : : ; z M (x)) 2 R M�1 (25)

Summary. NSC acts as a shared piecewise pooling oper-
ator, de�ned by Prop. C.1 (App. C). NSC transforms GO-
LR-ordered high-dimensional tabular inputs into a compact
sequence of structured meta-features through contiguous
segmentation and shared pooling, introducing an HDLSS-
friendly inductive bias inspired by subunit-based cortical
computation while remaining purely statistical and compu-
tationally ef�cient. By compressingm raw features into
M � m meta-features, NSC reduces effective sequence
length presented to TabPFN-style backbones (e.g., TabPFN-
2.5 (Grinsztajn et al., 2025) or other variants), yielding lower
compute & memory cost while preserving order-induced lo-
cality to make original TabPFN versions usable for HDLSS
regime. Per sample, NSC isO(m) when uses linear-time
statistics (e.g., moments); robust summaries such as quan-
tiles can be computed approximately in linear time/exactly
with a mild O(jSt j log jSt j) overhead if sorting is used.
TabPFN-2.5 Head (non-differentiable). NSC module

Figure 4. HDLSS ablation accuracy. GOTabPFN vs. tabular
foundation models on 8 HDLSS datasets.

Figure 5. Ablation gains. Absolute and relative gains of
GOTabPFN over the best original foundation-model head.

compresses each sample into a �xed-dimensional repre-
sentationZ(x) 2 R M (or Z(x) 2 R M�d , �attened
to RMd ). We then use TabPFN-2.5 as the predictor
head: for each train/validation split, we �t TabPFN-2.5
on f(Z(x i ); yi )gi2I train and evaluate onZ(x j ) for j 2 I val

without backpropagation through the head. This design
treats NSC as a compression interface that maps HDLSS
inputs into a feature budget compatible with TabPFN vari-
ants, while retaining strong tabular foundation models by
Hollmann et al. (2023; 2025); Grinsztajn et al. (2025).

4. Experimental Results

Algorithms and datasets used. We use eight biomedical
HDLSS datasets (e.g., Arcene, Colon, GLI-85, Lung, etc.)
from the repository of Li et al. (2018), also used by Proto-
Gate (Jiang et al., 2024). We follow the standard HDLSS
setting where features far exceed samples (m � n ). To
study when feature ordering helps, we propose an empirical
locality-based criterion; see Appendix F for the criterion
and usage guidance. We compare against 55 baselines span-
ning classical ML/GBDT, HDLSS feature selection, deep
tabular models, and small tabular foundation models. Mod-
ern methods including TANDEM (Naor & Lindenbaum,
2025), TabPFN Wide (Kolberg et al., 2025), TabDPT (Ma
et al., 2025), TabICL (Jingang et al., 2025), BETA (Liu &
Ye, 2025), TuneTables (Feuer et al., 2024), and ProtoGate
perform strongly on HDLSS classi�cation, while classical
baselines (MLP, Lasso) remain competitive, consistent with
ProtoGate. Full baseline details are in Appendix G.
Experimental set up. We use 5� 5 nested cross-validation
(25 repeats) on the HDLSS datasets, matching ProtoGate's
protocol, for all baselines. Experiments run on the TI-

7



GOTabPFN: From Feature Ordering to Compact Tokenization for Tabular Foundation Models on High-Dimensional Data

Table 1. Top-10 performance on 8 HDLSS datasets (mean accuracy with subscripted standard deviation over5 � 5 CV). Bold denotes the
best result per dataset andunderlinedenotes the second-best. Rank is the average rank across datasets (lower is better), computed with
standard tie-breaking. Dataset abbreviations: COL = Colon, LNG = Lung, GLI = GLI-85, SMK = SMKCAN 187, AML = ALLAML,
PRS = Prostate-GE, ARC = Arcene, TOX = TOX-171. Model abbreviations: *GOTabPFN = our method, TabPFN-W = TabPFN Wide,
TTables = TuneTables, BETA = TabPFN Unleashed. See Table G.1 in Appendix G for full results against 55 baselines.

MODEL/DB COL LNG GLI SMK AML PRS ARC TOX RANK

#SAMPLES 62 203 85 187 72 102 200 171 –
#FEATURES 2000 3312 22283 19993 7129 5966 10000 5748 –
#CLASSES 2 5 2 2 2 2 2 4 –

*GOTABPFN 88.18�10:05 97.44�2:32 93.82�5:81 74.23�5:17 97.54�3:86 93.37�4:48 90.60�3:97 93.33�4:74 1.00�0:00

TANDEM 86:15�7:75 96:46�2:88 91:53�6:02 72:72�5:69 95:81�5:53 91:55�4:32 86:90�6:34 93:08�2:61 3:63�1:32

TABPFN-W 87:85�7:28 96:55�2:15 88:47�5:75 68:78�8:60 97:16�4:10 93:10�5:92 88:00�5:20 89:35�4:95 3:75�2:38

TABDPT 86:26�7:27 96:05�2:57 87:76�5:86 71:99�7:32 96:32�4:15 90:94�5:72 82:10�6:48 93:25�3:44 4:88�1:69

TABICL 84:62�10:52 96:36�2:61 87:06�6:23 68:73�7:28 95:52�5:59 90:17�5:93 82:60�6:14 88:78�5:92 7:63�2:29

BETA 84:73�9:36 94:38�3:34 86:21�8:91 70:21�5:61 95:67�7:54 87:53�4:67 86:45�5:92 90:38�6:42 8:13�4:31

TTABLES 86:80�2:14 94:37�2:35 89:66�3:12 70:28�6:46 95:80�2:14 93:31�2:83 81:40�3:66 77:96�2:55 8:38�7:70

LASSO 79:40�10:18 94:47�4:39 85:88�4:71 61:19�13:72 87:24�3:39 91:18�6:39 81:00�3:39 91:86�6:03 11:13�5:06

MLP 83:95�9:80 96:47�2:69 85:41�8:00 59:05�7:44 89:98�9:17 89:20�6:07 78:40�4:05 92:48�4:28 11:63�5:45

PROTOGATE 83:95�9:82 93:44�6:37 82:48�5:68 60:16�5:10 86:12�3:34 90:58�5:72 81:50�5:10 92:34�5:67 12:06�4:77

Table 2. Performance on 8 cross-domain datasets (mean accuracy with subscripted standard deviation over5 � 5 CV). Bold denotes
the best result per dataset andunderlinedenotes the second-best. Rank is the avg. rank across datasets (lower is better), computed with
standard tie-breaking; Some datasets use only 50- 60 Optuna trials due to compute limits; “-” denotes OOM/unsupported runs, ranked last.
ProtoGate targets very few sample and scales less favorably with largern. Dataset abbreviations: ORL = orlraws10P, BAS = BASEHOCK,
REL = RELATHE, PCM = PCMAC, CCY = Cell Cycle, CIF = CIFAR-10, DF-R = DrivFace-Regression, DF-C = DrivFace-Classi�cation,
REG = Regression (R2). Model abbreviations: *GOTabPFN = our method, TabPFN-W = TabPFN Wide, TTables = TuneTables.

MODEL/DB ORL BAS REL PCM CCY CIF DF-R DF-C RANK

#SAMPLES 100 1993 1427 1943 1067 11000 606 606 –
#FEATURES 10304 4862 4322 3289 42728 2048 6400 6400 –
#CLASSES 10 2 2 2 3 10 REG. 7 –

*GOTABPFN 100.00�0:00 97.11�1:00 88:87�1:32 89.51�2:24 79.94�2:53 88.45�0:89 0.6548�0:0992 86.70�2:48 1.25�0:66

TABDPT 97:32�0:68 97:00�0:68 88:26�1:49 87:58�0:96 77:52�2:44 88:00�0:40 0:6505�0:0820 83:57�3:04 4:44�1:49

TABPFN-W 96:10�6:52 97:04�0:72 87:84�3:90 88:56�0:71 78:67�2:42 88:12�0:60 0:6430�0:0772 85:42�2:66 3:88�1:62

TTABLES 93:14�1:02 93:14�1:02 88:26�2:31 84:27�3:06 78:30�1:13 78:05�0:15 0:6332�0:0675 84:62�2:43 5:94�1:91

TABICL 99:20�1:87 96:84�0:75 88:15�1:68 88:68�1:94 - 87:61�1:00 - 85:55�2:45 5:31�2:46

TANDEM 99:00�2:45 96:72�0:86 89.42�1:42 88:99�1:33 77:31�1:97 87:80�0:36 0:6488�0:0770 84:42�2:55 4:00�1:94

LASSO 96:00�3:82 96:74�0:88 86:87�1:46 88:85�1:80 77:86�2:42 86:42�1:10 0:3194�0:0668 77:95�3:03 6:13�1:69

MLP 91:00�8:37 96:91�1:15 89:12�1:85 87:71�1:95 76:38�1:42 88:15�0:54 0:5682�0:1258 80:59�3:72 5:25�2:17

PROTOGATE 66:40�11:32 - 58:40�3:15 - - - �0:1636 �0:0738 66:70�10:20 8:81�0:35

Table 3. Colon ablation. Accuracy over5 � 5 CV. All NSC
variants use NSC-pSP unless noted.

Variant Acc. (%)

GO-LR+NSC-pSP (tokens) 88.18 � 10.05
No NSC (TabPFN-2.5) 86.85 � 9.16
Rand. order + NSC-pSP 84.21 � 10.34
GO-LR+NSC-pSP + LogReg 82.67 � 11.05
Id. order + NSC-pSP 81.67 � 11.91
GO-LR+NSC-pSP (uniform seg.) 80.00 � 11.30
Mean-pool NSC-pSP, no GO-LR 64.59 � 3.67

TAN cluster (x8664 CPU, 188,GB RAM, TITAN RTX
24,GB) with PyTorch 2.4.1+cu121. We disable AMP for
GOTabPFN, but some transformer baselines require AMP
and/or DP/DDP to �t GPU memory. We tune only GO-LR
and NSC in GOTabPFN via Optuna (Akiba et al., 2019)
(150 trials/dataset), following standard tabular tuning prac-
tice (Gorishniy et al., 2025; 2024; 2022; 2021); the TabPFN-
2.5 head remains frozen. For baselines, we use authors'

recommended settings when tuning is unnecessary; when
tuning is recommended, we also run Optuna (150 trials)
for fairness. Among TabPFN-based models, TuneTables
likewise uses lightweight Optuna tuning. See Fig. A.1.
HDLSS classi�cation performance. Table 1 reports mean
accuracy (� std) over5 � 5 repeated CV on eight HDLSS
benchmarks. GOTabPFN is best on all datasets (8/8) with
the lowest average rank (1:00 � 0:00 ), indicating consis-
tent dominance. Relative to the strongest TabPFN vari-
ants (TabPFN-Wide, TuneTables, BETA), gains are largest
on harder/noisier datasets (e.g., SMK, TOX) and smaller
on near-saturated ones (e.g., ALLAML, Prostate), where
headroom is limited. GOTabPFN also shows comparable
or lower split-to-split variance, suggesting improved ro-
bustness in the low-sample regime. Full results against
55 baselines are in Table G.1 (Appendix G). Across the 8
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