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Abstract

Tabular foundation models like TABPFN and
TABICL are often augmented with frozen large
language model (LLM) embeddings when ta-
bles contain free-form text. Whether this helps
is highly case-dependent: across 732 (dataset,
backbone, encoder) configurations, 45.9% im-
prove, 30.9% stay neutral, and 23.2% degrade.
Using a fixed, outcome-free raw score, we de-
fine high- and low-readability strata before ap-
plying target-covariance Gaussian sampling,
row—text shuffling, and pre-projection whiten-
ing. Each intervention reduces the mean gain
in the high-readability stratum to near zero,
whereas the paired intervention effects in the
low-readability stratum remain within sampling
noise. The first two interventions show that nei-
ther a Gaussian sample from the target covari-
ance nor row-misaligned text reproduces the
high-stratum gain; whitening further shows sen-
sitivity to broad pre-projection geometry. To-
gether, the results support a dependence on row-
aligned embedding structure without isolating
the covariance spectrum as its unique cause.
The high-stratum Gaussian-replacement effect
replicates on a second backbone. A within-
dataset encoder ranking, Decision-Boundary
Alignment (DBA), also shows stronger rank
alignment with gain than the Massive Text Em-
bedding Benchmark (MTEB) rank in our eight-
dataset diagnostic.

1 Introduction

Modern tabular foundation models (TabFMs)
that perform in-context learning (ICL), such as
TABPFN (Hollmann et al., 2023, 2025) and
TABICL (Qu et al., 2025), predict on a new tabu-
lar dataset directly at inference time, with no per-
dataset training. Many real-world tables also con-
tain free-form text such as product descriptions
or clinical notes, which these models cannot con-
sume directly. Recent work has explored repre-
senting textual table content with frozen large lan-

guage model (LLM)-based embeddings and com-
bining those representations with structured fea-
tures (Koloski et al., 2025; Kasneci and Kasneci,
2024; Mraz et al., 2025).

Figure la reports the distribution of augmen-
tation gains by dataset family, backbone, and en-
coder. All three outcomes are common: 45.9%
are positive, 30.9% neutral, and 23.2% negative.
The global average gain reported in prior work
(Koloski et al., 2025; Kasneci and Kasneci, 2024)
hides this structure. Two hypotheses motivate our
interventions. Under a geometry-only account,
the unusual shape of the encoder columns acts
as an implicit regularizer. This account is moti-
vated by qualitative probes of TABPFN’s inductive
biases (McCarter, 2025) and by its reported ro-
bustness to random, label-uncorrelated columns in
controlled synthetic binary tasks (Hu and Ghelichi,
2026). Under a content account, gains come from
label-relevant information in the text, and encoders
with higher Massive Text Embedding Benchmark
(MTEB) rank (Muennighoff et al., 2023) should
help most.

The interventions are informative only where
text injection contributes a measurable gain. Pool-
ing helpful tuples with neutral or harmful ones
would dilute the effect of destroying the text. We
therefore use S as an ex-ante ranking instrument,
not as a causal quantity or a deployment gate: it
selects the configurations on which an intervention
can reveal what produced the gain.

Figure 1b shows this connection. MISMATCH
measures departures of the projected embeddings
from fixed analytic references, while SUSCEPTI-
BILITY measures the response of the specific back-
bone to those embedding directions. For the main
intervention experiment in Table 1, we set y=1 and
rank tuples by the outcome-free raw score Siay; it
does not use A or the true row—label assignments.
Its top and bottom 30% define the high- and low-
readability strata before any intervention outcome
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Why and how frozen text helps tabular foundation models

Real-world tables often mix structured columns with free-form text
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Figure 1: Overview. (a) Frozen-text injection is case-dependent: 45.9% of configurations improve, 30.9% remain
neutral, and 23.2% degrade, so the global average hides this variation. (b) Our mechanism-testing pipeline.
MISMATCH and SUSCEPTIBILITY form a score that ranks configurations before intervention. Table 1 uses the fixed,
outcome-free raw score (y=1) only to define high- and low-readability strata; the supervised calibration of (a, b, )
is evaluated separately in Table 2. The interventions then test which properties of the text block account for the gain.
PCA denotes principal component analysis, and KS denotes Kolmogorov—Smirnov.

is observed. The supervised parameters (a, b, )
are fitted only for the separate leave-one-family-
out (LFO) sign-stratification analysis in Table 2.
With these strata fixed, we apply the interventions
in §4 and compare the paired changes in A.

We test frozen-text gains with controlled per-
turbations that remove complementary proper-
ties of the embedding block.! The results sup-
port a dependence on row-aligned embedding
structure whose usefulness covaries with en-
coder geometry. A fixed, outcome-free MIS-
MATCH X SUSCEPTIBILITY score defines the inter-
vention strata without consulting A, while a sepa-
rately calibrated variant is evaluated as an LFO sign
stratifier. We reproduce the high-stratum Gaussian-
replacement effect on a second backbone and com-
pare MTEB with Decision-Boundary Alignment
(DBA) as predictors of downstream gain.

2 Background and Setup

Frozen-text injection into ICL tabular founda-
tion models. We study the plug-and-play mul-
timodal setup in which an unchanged ICL tab-

!Code and results: https://github.com/zanehpn/
Tabular_Foundation_Models.

ular foundation model takes an augmented con-
text [Xsuct, Zx|- Here Xgguer € R™*P holds the
structured columns, and Z; € R™** is a low-
dimensional projection of frozen sentence encod-
ings E(T) € R™*2, We adopt a frozen-text in-
jection pipeline related to prior tabular-text studies
(Koloski et al., 2025; Kasneci and Kasneci, 2024),
with the following specific implementation: con-
catenate all text cells of a row with a separator, en-
code with a frozen sentence encoder F, and project
to k=16 dimensions with a dataset-specific prin-
cipal component analysis (PCA) basis. The PCA
basis is fit once on all rows of a dataset before
cross-validation. This label-free but transductive
preprocessing matches the evaluated inference set-
ting; it is not a strictly inductive, fold-specific PCA
protocol. We measure the effect of frozen-text in-
jection by the augmentation gain

A(D,b, E) = accon(D, b, E, k) — accog (D, b),
(1)
measured under paired 5-fold cross-validation (CV)
within dataset D (Algorithm 1, lines 5-7). A posi-
tive A means injection helps; a negative A means
it hurts.
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Backbones and encoders. We use two ICL tab-
ular foundation models as backbones b: TABPFN
V2.6 (the default checkpoint resolved by the 7.1.1
package, following the TabPFN-2.5 model fam-
ily (Grinsztajn et al., 2025)) and TABICL v2 (Qu
et al., 2025); both are held strictly frozen. We
use four sentence encoders £ spanning the MTEB
leaderboard (Muennighoff et al., 2023): BGE-
LARGE-EN (Xiao et al., 2024), E5-LARGE-V2
(Wang et al., 2022), GTE-LARGE (Li et al., 2023),
and SENTENCE-T5-BASE (Ni et al., 2022). These
four define the 732-tuple main matrix. The PCA-
controlled text-only diagnostic in §5.4 adds three
encoders but does not change the main matrix.

Dataset families. We curate 58 tabular-with-text
datasets organized into six families (the exact
source inventory is in Appendix M): fam1 tabular-
text (OpenML tasks with synthesized text columns
at four informativeness levels: high, zero, adver-
sarial, redundant); fam?2 fext-classification (Hug-
gingFace English text classification); fam3 multi-
aspect (multi-text product reviews); fam4 crosslin-
gual (Chinese, German, French, Japanese, and
Spanish Amazon reviews and Cross-lingual Nat-
ural Language Inference (XNLI) subsets); fam5
specialty (medical, legal, financial domains); fam6
synthetic (structural causal model (SCM)-style tab-
ular data with verbalized structure). Evaluating
these dataset variants with the available backbone—
encoder combinations gives the 732 (dataset, back-
bone, encoder) tuples used throughout.

Sign labels. We label each tuple by sign(A) with
a gray zone of e=0.5% accuracy: +1if A > +e,
—1if A < —¢, and 0 otherwise. The 0 class is
excluded from the primary area under the receiver
operating characteristic curve (AUROC) computa-
tion and reported as retained mass.

3 The MISMATCH X SUSCEPTIBILITY
Framework

Our framework decomposes the question “can the
backbone read this encoder’s geometry on this
dataset?” into two factors. MISMATCH is com-
puted from the projected text columns alone and
compares their spectrum, marginal distribution,
and local geometry with fixed analytic references.
SUSCEPTIBILITY measures how strongly the back-
bone’s predictions respond to perturbations along
the encoder’s directions. Neither factor uses A or
the true row—label correspondence; SUSCEPTIBIL-

ITY retains the task class count but replaces support-
label assignments with fixed random pseudo-labels.
Their raw product ranks tuples for the intervention
experiment, while a separately calibrated version
is evaluated as a sign stratifier.

3.1 MISMATCH: geometric deviation from
analytic references

Let Z, be the k-dim projection of row-wise normal-
ized text embeddings. We compute three closed-
form statistics. Their raw forms define the interven-
tion strata, and their training-family z-scores are
used only in the LFO analysis.

Spectral entropy S;. The first substatistic mea-
sures spectral concentration. Let 01, . . ., 0% be the
singular values of Zj;. We normalize their squared
values and compute spectral entropy:

o2

_ 1
=
Zz:1 Oy
k

S1=—Y pilogp;.
i=1

pi
(2

which is maximized at log k when the spectrum is
isotropic and decreases as the embedding concen-
trates onto fewer directions. Prior analyses have
found anisotropy and concentration along domi-
nant directions in contextual token and word em-
beddings (Ethayarajh, 2019; Gao et al., 2019), mo-
tivating the possibility that S; falls below log k.
The signed offset 51 — log k below records how far
the spectrum lies below this isotropic reference.

Flattened marginal Kolmogorov—Smirnov
(KS) statistic So. Spectral shape alone misses
differences in the per-coordinate distribution, so
the second substatistic targets non-Gaussianity di-
rectly. After standardizing each coordinate, we
flatten Zj;, over rows and dimensions and compute
a one-dimensional Kolmogorov—Smirnov statistic
against A/(0,1):

Sy = sup | Femp(2) — ©(2)]. 3)

This statistic summarizes marginal non-
Gaussianity, including heavy tails and bimodality.
A sliced-Wasserstein variant (Appendix B) gives
the same rankings.

Local anisotropy Ss. Global spectral and
marginal measures can still miss directional struc-
ture that emerges only at the neighborhood scale,
so we add a local probe. For each row i, let C; be
the empirical covariance over the K =10 nearest
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neighbors of row ¢ in Zj;. We report the median
regularized condition number,

Amax(Ci + A1)

Amin(Ci + AI)’ @

S3 = median;
with regularizer A = 1073 tr(Cglobal)- A large S3
indicates thin local neighborhoods, whereas the
analytic isotropic reference has condition number
one.

The outcome-free raw coordinate used to select
intervention strata is

M;aw = (S1 —logk) + So +log(1 + S3). (5)

For LFO sign stratification, we standardize each
statistic using training-family moments and define

M, = (57 + S5+ 53). (6)

We refer to M., or M, as MISMATCH when the
raw or LFO context is clear.

Connection to classical anisotropy. Classical
natural language processing (NLP) work studies
embedding anisotropy through several complemen-
tary summaries. On the 336 tuples with matching
raw-embedding caches, raw-space IsoScore corre-
lates with MISMATCH (p= + 0.483) and continu-
ous A (p= + 0.630). Yet it transfers poorly as a
family-held-out sign stratifier: raw-space IsoScore
reaches 0.467 AUROC, compared with 0.574 for
MIiSMATCH; PCA-space IsoScore and participation
ratio each reach 0.523. Thus MISMATCH overlaps
with classical anisotropy summaries but is not re-
ducible to one of them. See Appendix H.

3.2 SUSCEPTIBILITY: backbone response

MISMATCH sees only the encoder. To measure
whether the backbone b responds to the projected
text, we estimate a finite-difference row-uniform
response in one mini-batch. We draw up to 200 sup-
port rows and 32 query rows from the training pool;
for smaller datasets, the support size is reduced to
the available rows after reserving the queries. For
each PCA dimension j € {1,...,k}, we perturb
the support text block by :tnlnejT, where 1,, is the
all-ones vector and = 0.05 ||Z || p/k. Structured
columns and query features remain fixed. We then
read the pre-softmax query logits:

8 = 25 [0(Zetnlne] ) = b(Ze—lne;] )]. (7)

The perturbation is applied identically to every row,
so SUSCEPTIBILITY measures the backbone’s av-
erage response to a global shift along PCA direc-
tion j, not per-row local sensitivity. Stacking the

g; gives a row-uniform Jacobian J € REX32x|Y|
which we summarize by its mean per-query Frobe-
nius norm,

32
j::%zZHJ[:va JlF, (®)
q=1

and use .J as raw SUSCEPTIBILITY. The LFO anal-
ysis standardizes it using training-family moments.

3.3 Composite S

S is the ranking device that links the framework to
Table 1. For that experiment, we combine Eqs. 5
and 8 with a fixed gate:

Sraw = U(j) Mraw- “

Here o is the logistic function and the gating co-
efficient v is fixed to one. We rank all tuples by
Sraw and freeze the top and bottom 30% as the
high- and low-readability strata before running the
interventions. Thus Table 1 does not select on A.

The LFO analysis in Table 2 is separate. Within
each fold, we standardize the factors using training-
family moments and jointly fit (a,b,y) on the
signed training-family tuples. The raw gated score
and its probability-style calibration are

Sy = M,o(yJ?), Py =o0(b+aSy). (10)
The three parameters minimize mean binary cross-
entropy plus the implemented 10~3~2 penalty. The
held-out family is transformed with the frozen mo-
ments and parameters. Thus the per-tuple fac-
tors are outcome-free, but the LFO calibration
is supervised. Table 2 reports both p, and the
uncalibrated S,. Because the fitted slope a can
be negative, the outer calibration can reverse the
within-fold ordering, so their AUROCSs need not
coincide. The calibrated linear ablation is Dy, =
U(b]in +wp M, + 'LUJjZ + U)MJMZJZ).

4 Experimental Protocol

Algorithm 1 states the end-to-end workflow. True
outcome assignments enter the per-fold paired accu-
racy that defines A and the cross-tuple logistic fit of
(a,b,~y) on calibration families (boxed). For SUS-
CEPTIBILITY, backbone calls retain only the task
class count and replace the support assignments
with fixed random pseudo-labels. The intervention
strata in §5.3 use Sy With a fixed gate and do not
consult sign(A).
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Algorithm 1 End-to-end TabFusion protocol.
Boxes mark uses of true outcome assignments; all
other score construction is outcome-free.

1: Per-dataset D (outcome-free score construction):

2:  Z <+ row-{3-normalize E(T)

3: Vi < PCA(Z, k=16); Zi « ZVi

4: (81,52,53,J) < stats on Zj (random pseudo-labels

for J)
5: Per-tuple A(D, b, E) (1abels per fold):
6:  for each of 5 paired CV folds:

Afold — | aCCoff

A <+ mean(Agola)

: Cross-tuple LFO (Table 2):

for each held-out family f:
train < tuples with family # f ~
(tbyy, Str) <= z-moments of (S1, Sz, S3,J)
Sy M.o(vJ?)

fit (a, b, ) jointly by regularized BCE ofm
under o (b + aS-)

freeze (fa,,, Ser, @, b,7), apply Py to f
10: Intervention strata (Table 1):

11:  Sraw < 0(J)Maw (fixed gate)
12:  high/low < top/bottom 30% by Sraw

o 20 =

Configurations, splits, and scoring. We eval-
uate the 732 (dataset, backbone, encoder) tuples
introduced in §2; Algorithm 1 gives the per-dataset
A procedure and cross-tuple LFO split. Tuples
with |A| < e form a separately reported 0 class.
Under LFO, we compare the calibrated multiplica-
tive predictor p., with the calibrated linear pre-
dictor pyiy,, calibrated one-factor predictors based
on MISMATCH or SUSCEPTIBILITY, and the raw
gated score S, without its outer logistic calibra-
tion. Following Efron and Tibshirani (1986), we
use dataset-grouped bootstrap confidence intervals
(CIs; B=2000) and weighted-mean AUROC over
the four multi-class held-out families; FAM2 and
FAMS are excluded because their test folds are
single-class.

Interventions. We probe the mechanism behind
S with complementary interventions, each paired
against the original A within tuple to control for
dataset difficulty and backbone choice: (I1) Target-
covariance Gaussian: draw a zero-mean Gaussian
block with target covariance 3. estimated from Z k-
The finite sample matches this covariance in expec-
tation, not exactly, and removes row-specific con-
tent. (I2) Shuffle text within column: permute rows
of T before re-encoding, preserving the marginal
text distribution and global spectrum while de-
stroying row—label correspondence. (I3) Pre-PCA
whitening: apply zero-phase component analysis

(ZCA) whitening (X » X ) to the raw dg-

dimensional encoder output before PCA projection.
This flattens the covariance spectrum but generally
also changes angles, cosine similarities, and neigh-
borhood geometry. 13 therefore tests sensitivity to a
broad pre-projection geometric change; it does not
isolate the spectrum while holding all directional
content fixed. We apply each intervention to the
high- and low-S strata and report paired Wilcoxon
tests with dataset-grouped bootstrap Cls.

5 Results

We organize the findings around five research ques-
tions (RQs).

5.1 RQ1: bidirectionality varies by family

Frozen-text injection is bidirectional in aggregate
and sharply family-conditional (Figure 2a). Pure
text-classification (fam2) and specialty (fam5) fam-
ilies are all-positive in our matrix. Their structured
columns carry no signal by construction, so their
text-off baselines remain near chance. The remain-
ing families contain both positive- and negative-A
tuples, with fam1 and fam6 showing the broadest
sign mix. Some (family, encoder, backbone) cells
cross into the opposite sign. The global-mix bar
hides this family-level heterogeneity. We therefore
analyze the mechanism within strata; a single de-
ployment threshold would suppress the differences
among families.

5.2 RQ2: S as a mechanism probe

LFO sign prediction. Table 2 quantifies the pre-
dictive limit of .S: the best LFO AUROC is 0.626,
below our fixed 0.68 deployment threshold. Under
the leave-one-family-out grouped bootstrap, the
calibrated geometry-based variants occupy a nar-
row AUROC band, and none differs statistically
from the calibrated linear composite. Performance
varies sharply by family: AUROC is high on the
imbalanced fam3 fold and near chance on some
structurally two-sided families, which rules out a
reliable shared cutoff.

Subsequent analyses use .S only to select high-
and low-readability strata for intervention (§5.3).
We evaluate DBA separately for deployment-
oriented model selection in §5.5.

MISMATCH dominates the phase plane. Fig-
ure 2b plots every TabICL tuple in the raw (M;aw,
J) plane used for intervention selection, color-
coded by sign(A). Most of the visible enrich-
ment lies along the M, axis. The high-M,;,y
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Figure 2: The phenomenon (left, a) and the score that sorts it (right, b). Panel a abbreviates percentage points as pp.

region contains more +A tuples (green), while the
low- M.y, region contains more —A (red) and zero
(gray) tuples. The fitted logistic boundary (dashed)
is close to vertical: nearly all of its discriminative
weight falls on MISMATCH, and SUSCEPTIBILITY
adds only a small lift along the secondary axis.
This enrichment is sufficient for contrasting the
high- and low-readability strata under intervention.

Why SUSCEPTIBILITY remains in the frame-
work. Table 2 shows that SUSCEPTIBILITY alone
scores near chance (AUROC 0.553) and that the
calibrated multiplicative predictor does not outper-
form calibrated MISMATCH alone. In our four-
encoder panel, MISMATCH carries most of the pre-
dictive signal because every tested encoder imposes
substantial anisotropy; SUSCEPTIBILITY therefore
seldom identifies a “backbone-blind” tuple.

We retain SUSCEPTIBILITY because the frame-
work must represent both encoder geometry and
backbone response. Recomputing SUSCEPTIBIL-
ITY for each backbone lets the score reflect cross-
backbone changes, whereas MISMATCH alone sum-
marizes dataset—encoder geometry and is agnostic
to the backbone. The inclusive analysis provides
separate empirical support: when the gray zone is
retained, SUSCEPTIBILITY has the highest AUROC
for the —A class (0.623) and the highest per-fold
correlation with continuous A (p=+0.240); see
Appendix L. This complementary evidence moti-
vates retaining two factors, although SUSCEPTIBIL-
ITY adds little to the sign-only AUROC in Table 2.

5.3 RQ3: interventions probe content and
geometry dependence

We partition the TabICL intervention tuples into a
high-S stratum (dominated by +A) and a low-S
stratum (dominated by ~ 0 or —A); Table 1 lists the
per-stratum sizes. For each stratum, we compare
the original Ay against the 11-13 outcomes Ajy,
paired within tuple.

The high-S' gain disappears under intervention.
On the high-S stratum, the paired mean differences
are —0.179, —0.181, and —0.181 for I1, 12, and
13, respectively (Table 1). Each estimate is signif-
icant under paired Wilcoxon, and 70.7-73.2% of
the originally positive tuples exit the +A zone. Fig-
ure 3a shows the corresponding tuple-level shifts
below the y=x line.

The interventions alter complementary proper-
ties of the embedding block. Target-covariance
Gaussian replacement (I1) tests whether samples
from the estimated second-order distribution repro-
duce the gain, while shuffling (I2) preserves the em-
bedding multiset but breaks row—label correspon-
dence. Their failure to preserve the high-stratum
gain supports a dependence on row-specific embed-
ding content beyond marginal covariance. Pre-PCA
whitening (I3) changes both the covariance spec-
trum and angular or neighborhood geometry; its
effect shows sensitivity to pre-projection geome-
try but does not isolate any one geometric compo-
nent. The interventions do not establish linguistic
semantics as the unique cause, as discussed under
Limitations.
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Table 1: Intervention effects on TABICL tuples. Bootstrap Cls are dataset-grouped (B=2000). Flip rate is the
fraction of originally +A tuples (Area>0.005 accuracy) that exit the +A zone after intervention.
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Figure 3: (a) Paired A before and after [1-13. Green: high-S; red: low-S; dashed: y=x. Mean shifts and confidence
intervals are reported in Table 1. (b) Per-tuple A on TabICL v2 versus TabPFN v2.6 over 356 matched (encoder,
dataset, info-level) configurations. Dashed: y=x. Coloring by S-stratum.

Score AUROC 95% CI  piinear
Diin (cal.) 0.626 [.533,.682] n/a

Py (cal.) 0.602 [.519,.650] 0.42
MISMATCH (cal.) 0.594 [.512,.645] 0.28
SUSCEPTIBILITY (cal.)  0.553  [.402,.679] 0.33
S, (raw) 0.437  [.384,.526] 0.01

Table 2: LFO grouped-bootstrap AUROC (5=2000)
for sign(A) prediction across four multi-class held-out
families (n=389 signed tuples). The first four rows are
probability-style predictions calibrated on each train-
ing fold; the last row retains the jointly fitted gate but
omits the outer slope and intercept. pjine,r i the paired
bootstrap two-sided p-value against pjiy. A strict 3-fold
variant excluding the imbalanced FAM3 fold is in Ap-
pendix B.

Low-S intervention effects remain near zero.
On the low-S stratum, the interventions induce
no detectable mean change: paired mean differ-
ences range from 0.000 to +-0.001, with Wilcoxon
p-values from 0.38 to 0.98 (Table 1). The low-S
points in Figure 3a remain close to the y=x line.
These tuples have no measurable baseline gain,
leaving little effect for an intervention to remove.

Replication on TabPFN v2.6. The high-stratum
Gaussian-replacement effect is not a TabICL-
specific artifact. On a stratified TabPFN v2.6 sub-
sample (Appendix D), the high-S mean gain again
falls to near zero: the paired difference is —0.098
(p=0.0044), about 55% of the TabICL effect. The
low-S stratum starts near zero and shifts by a sta-
tistically detectable but practically small +0.004
(p=0.0013). Thus the high-stratum destructive ef-
fect transfers across architectures, whereas the ex-
act low-stratum null does not.

What the geometry looks like. A two-
dimensional t-distributed stochastic neighbor
embedding (t-SNE) (van der Maaten and Hinton,
2008) case study on AG News (Appendix I,
Figure 4) makes the high/low-S contrast visible:
I1 collapses the four class clusters of the high-S
variant into a single blob after sampling from the
covariance target estimated on the original block,
while the low-S variant has no class structure
to lose. The visualization is illustrative; Table 1
provides the quantitative evidence.
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5.4 RQ4: PCA-controlled text-only quality is
more informative than MTEB

In the four-encoder main panel, MTEB rank does
not separate mean downstream gain. Table 3 ag-
gregates A and the two geometry indicators per
encoder, and its bottom row gives each one’s Spear-
man correlation with MTEB rank: the correlation
with mean A is zero in this small panel, while the
correlations with MISMATCH and SUSCEPTIBIL-
ITY are positive. Because rank 1 is the strongest
MTEB encoder, the positive signs mean that lower-
ranked MTEB encoders have larger mean MIS-
MATCH and SUSCEPTIBILITY in this four-encoder
panel. Those aggregate differences do not translate
into larger per-encoder mean gains. This is con-
sistent with the intervention evidence (§5.3) that
A depends on row-aligned embedding structure
within a dataset, not on an encoder-level geometry
average. With n=4 encoders, the comparison is
directional and cannot establish general indepen-
dence.

PCA-16 text-only ranking. The encoders have
native dimensions from 384 to 4096, so we also
compare them after the same PCA reduction used
by the tabular pipeline. On eight English text-
classification datasets, we fit a 5-fold logistic-
regression classifier using only each encoder’s
PCA-16 text features and no structured columns.
Accuracy ranges from .763 for ALL-MINILM-L6-
V2 (Sentence Transformers, 2021a) to .873 for E5-
LARGE-V2; Appendix G gives the full ranking.
This PCA-controlled text-only ranking correlates
with mean downstream A at p=+ 0.93 (p=0.003),
compared with p= + 0.75 (p=0.052) for MTEB
score. The diagnostic uses labels from the same
tasks, so it is a supervised, task-aligned compari-
son and does not provide independent mechanistic
evidence.

5.5 RQ5: cross-encoder portability and
transfer limits

The calibrated multiplicative model has limited
encoder-specific dependence in our panel. Fitting
(a,b,) on one encoder and evaluating the result-
ing predictor on another reduces mean AUROC by
only 0.002 (on-diagonal 0.653 versus off-diagonal
0.650), within our fixed 0.05 tolerance; several
off-diagonal pairs perform better. This portability
suggests limited encoder-specific dependence in
the fitted model within our panel.

Strata defined from TabICL also separate

Encoder  MTEB A Mis. Susc. S
BGE 1 +.078 3.33 6.07 3.15
GTE 2 4.075 3.21 883 3.13
E5 3 +4.085 3.48 899 3.39
STS 4 +.077 342 8.40 3.33
p versus MTEB rank +.000 +.60 +.40 +.60

Table 3: Per-encoder aggregates over 183 (dataset, back-
bone) configurations. Encoder shorthands: BGE = BGE-
LARGE-EN, GTE = GTE-LARGE, E5 = E5-LARGE-V2,
STS5 = SENTENCE-TS5-BASE. Metric columns: Mis. =
MISMATCH, Susc. = SUSCEPTIBILITY, .S the compos-
ite score.

TabPFN gains similarly. Per-tuple A on TabICL v2
versus TabPFN v2.6 tracks y=x on the high-S clus-
ter, and per-stratum means are closely aligned be-
tween the two backbones (Figure 3b; Appendix E
for matched-tuple detail).

On the low-S stratum, pre-PCA whitening
moves 14/39 (35.9%) negative-A tuples into the
neutral or positive zone, but its mean paired effect
is only +0.0004 (p=0.98). We therefore treat this
crossing count as descriptive rather than evidence
of systematic rescue (Appendix J). On the high-S
stratum, the same broad geometric change removes
the gain (cf. I3 in Table 1).

The calibrated multiplicative model trained
on the English and synthetic families produces
held-out crosslingual AUROC 0.630 (95% CI
[0.538,0.840]), below our fixed 0.65 transfer
threshold (Appendix C). We do not claim that
this gap is closed without a separately reported
in-language calibration experiment.

When target training labels are available,
Decision-Boundary Alignment (DBA) provides a
supervised selection heuristic. DBA is the fraction
of rows whose leave-one-out nearest neighbor in co-
sine space on E(T) shares the same label. Across
our four encoders on an English text-classification
panel (Appendix F), DBA has positive rank corre-
lation with observed gain on all eight datasets and
a higher mean correlation than the external MTEB
rank. Because each dataset has only four encoders,
this evidence is preliminary.

6 Related Work

TABPFN initiated the in-context tabular founda-
tion model line (Hollmann et al., 2023, 2025); later
systems include TABICL and TABDPT (Qu et al.,
2025; Ma et al., 2025). Retrained multimodal ex-
tensions include TABSTAR (Arazi et al., 2025).
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Our setting instead keeps the backbone unchanged
and measures its response to injected text geometry.

Prior studies of frozen-text injection report av-
erage gains (Koloski et al., 2025; Kasneci and
Kasneci, 2024). Mraz et al. (2025) reported both
gains and losses across datasets and model settings
without characterizing their mechanism. McCarter
(2025) probed TABPFN’s inductive biases qual-
itatively, and Hu and Ghelichi (2026) found ro-
bustness to random, label-uncorrelated columns in
controlled synthetic binary tasks. The latter result
is compatible with a geometry-only account, which
our complementary interventions probe (§5.3).

MISMATCH draws on the cone effect (Etha-
yarajh, 2019; Gao et al., 2019) and quantitative
anisotropy measures (Rudman et al., 2022), re-
cast here as a backbone-readability test. The inter-
vention design is motivated by shortcut-learning
concerns (Geirhos et al., 2020), mechanistic-
interpretability analyses (Olah et al., 2020), and
convergent-validity logic (Campbell and Fiske,
1959). By conditioning on the bidirectional struc-
ture, the experiments probe marginal covariance,
row alignment, and broader pre-projection geom-
etry through complementary perturbations that do
not perfectly isolate each factor.

7 Conclusion

The MISMATCH X SUSCEPTIBILITY framework
provides an outcome-free per-tuple mechanism
score for frozen-text injection in ICL tabular mod-
els. The intervention results support a dependence
on row-aligned embedding structure whose use-
fulness covaries with encoder geometry. A Gaus-
sian draw from the estimated covariance target and
row-shuffled content do not reproduce the high-
stratum gains; pre-PCA whitening shows additional
sensitivity to broad geometric change but does
not isolate the covariance spectrum as the unique
cause. Mean-A reporting obscures the high-/low-
S split. In our seven-encoder diagnostic, PCA-
controlled, task-aligned text quality tracks gain
more closely than MTEB. Classical isotropy sum-
maries correlate with gain globally but do not re-
place MISMATCH under family-held-out sign eval-
uation. Tests on vision-language adapters and time-
series models with categorical metadata are needed
to determine whether the framework extends be-
yond ICL tabular models.

Limitations

Our evaluation covers two ICL tabular backbones
and four main encoders. The best LFO result is
only 0.626 AUROC; thus, .S is a mechanism strati-
fier, not a deployment or model-selection gate.

The interventions establish dependence on row-
aligned embedding structure, but do not uniquely
prove that linguistic semantics is causal; correlated
lexical, stylistic, or annotation artifacts remain pos-
sible explanations. ZCA whitening changes angu-
lar and neighborhood geometry together with the
covariance spectrum, so I3 cannot identify spec-
trum alone as the causal component. The dataset-
level PCA is also fit before cross-validation and is
therefore transductive, although it uses no labels; a
strict inductive deployment should fit PCA within
the available training rows. The public datasets
have heterogeneous licenses and may contain sen-
sitive user-authored text. We redistribute no raw
data, performed no new record-level privacy audit,
and discourage consequential deployment without
separate validation.

The cached-embedding Mis-
MATCH X SUSCEPTIBILITY sweep is bounded
by 6.1 RTX 4090 graphics processing unit
(GPU)-hours, but missing historical logs prevent a
defensible end-to-end total. Appendix K reports
checkpoint identifiers, parameter counts, and
software versions.
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A Statistical Methodology

Paired Wilcoxon signed-rank tests. For ev-
ery row of Table 1 we compute the two-
sided paired Wilcoxon signed-rank statistic
between A, and Ay, at the tuple level.
On the high-S stratum every p-value is at
most 8.8x10710 (target-covariance Gaussian
p=T7.3x10"1; shuffle-text p=4.6x1071%; pre-
PCA whitening p=8.8x10716). On the low-S stra-
tum the p-values are 0.38, 0.49, and 0.98 respec-
tively, all consistent with the null of zero paired
difference. The intervention analysis includes only
the fixed high- and low-S strata; no mid-stratum
intervention result is reported.

Dataset-grouped bootstrap. All LFO AUROCs
are reported with dataset-level grouped bootstrap
CIs (B=2000). Resampling whole datasets pre-
serves the intra-dataset correlation across back-
bones and encoders and avoids spuriously narrow
intervals.

B Robustness Checks

Sliced Wasserstein variant of So.  We replace So
(the flattened one-dimensional KS statistic) with
the sliced Wasserstein distance against N (0, I,)
using 50 random projections. The Spearman rank
correlation of S5 and its sliced-Wasserstein variant
across all 732 tuples exceeds 0.85. All LFO AU-
ROC:s in Table 2 change by less than 0.005 when
the variant is used.

Strict 3-fold LFO (excluding FAM3). The main
Table 2 uses the inclusive 4-fold LFO with FAM3
multi-aspect (n_—=2 negatives) treated as multi-
class. For a more conservative check we exclude
FAM3 and recompute on the 3 folds (FAM1, FAM4,
FAMO; n=339 signed tuples). The linear compos-
ite remains best, while the remaining calibrated
variants lie within 0.006 AUROC and no pairwise
difference is significant: pj;;,=0.584[0.518,0.657],
Py=0.558[0.502, 0.620] (Plinear=0.46), SUSCEP-
TIBILITY =0.553[0.402,0.688] (p=0.56), and
MisMATCH =0.552[0.497,0.616] (p=0.32). Ex-
cluding FAM3 lowers the linear composite by 0.041
AUROC. The linear-composite AUROC on the
FAM3 fold is 0.906 in the inclusive analysis but
is based on only two negative tuples. The inter-
vention strata do not depend on either LFO fold
definition.

C Crosslingual transfer detail

We fit (a, b, y) on 448 tuples from the English and
synthetic families and evaluate the resulting predic-
tor on 77 signed fam4 tuples without target-family
recalibration. The held-out set contains 69 posi-
tive and 8 negative tuples. AUROC is 0.630 with
a dataset-grouped 95% CI of [0.538,0.840], be-
low the fixed 0.65 transfer threshold. Because no
in-language calibration-size sweep is reported, we
make no sample-efficiency claim for closing this

gap.
D TabPFN v2.6 intervention replication

We sample 30 high-S tuples (top 30% by raw S in
the TabPFN v2.6 main matrix) and 30 low-S tuples
(bottom 30%). We then reload the texts determin-
istically with seed 42, re-encode with the same
encoder, project to k=16 PCA, and apply target-
covariance Gaussian replacement. We recompute
A via 5-fold CV on TabPFN v2.6.

Stratum 7  Aea  Ain difference [CI]

high-S 30 +.095 —.003 —.098[—.170,—.036]
low-S 30 —.004 +.000 +.004 [+.002,+-.007]

Table 4: Target-covariance Gaussian intervention on
TabPEN v2.6. Paired Wilcoxon p=0.0044 (high-S) and
p=0.0013 (low-S). The low-stratum change is statisti-
cally detectable but only 0.4 percentage points.

E Cross-architecture replication detail

Table 5 reports stratum means for TabICL v2 and
TabPFN v2.6 on the joined 356-tuple subsample.

Stratum n Ampic. Arabprn
high-S 107 +0.146 +0.141
mid-S 142  +0.069 +0.069
low-S 107 —0.003 —0.001

Table 5: Cross-architecture stratum-mean A. Stratifica-
tion is induced by the same raw S in both backbones
(computed once on TabICL).

Per-tuple cross-backbone correlations: Spear-
man p= + 0.687 (p=4.4x10751), Pearson r= +
0.989 (p=2.9x1072%9), sign-agreement on non-
zero tuples = 80.2%. Per-stratum Spearman: high-
S 4+0.95, mid-S +0.67, low-S +0.08 (the last is
consistent with the noise floor when both back-
bones produce A=0). The TabPFN v2.6 interven-
tion replication covers target-covariance Gaussian
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replacement only. Replicating shuffle-text and pre-
PCA whitening is left to future work because the
paired sweeps exceed the compute budget of the
present study.

F Per-dataset DBA versus MTEB

Within each of the eight fam2 English text-
classification datasets, we rank the four encoders by
(1) their DBA scores and (ii) MTEB rank, then com-
pute the Spearman correlation against the encoder
ranking induced by the observed A. The mean
across datasets is the headline number reported in
§5.5.

Dataset PDBA PMTEB
ag_news +0.95 —1.00
amazon_polarity  +0.32 —0.32
dbpedia_14 +1.00 +0.80
imdb +0.40 —0.40
rotten_tomatoes +0.80 —0.40
sst2 +0.80 —0.40
trec_coarse +0.80 +0.80
yelp_polarity +0.20 +0.80
mean +0.658 —0.015

Table 6: Per-dataset Spearman correlation between the
encoder ranking by DBA (left) or by MTEB (right) and
the observed encoder ranking by A. Each row uses n=4
encoders. Mean across datasets reported as p in §5.5.

G PCA-16 text-only encoder ranking

We evaluate the four main encoders plus ALL-
MINILM-L6-V2 (Sentence Transformers, 2021a),
ALL-MPNET-BASE-V2 (Sentence Transformers,
2021b), and E5-MISTRAL-7B (Wang et al.,
2024). For each of the eight fam2 English text-
classification datasets, we project the frozen em-
beddings to 16 dimensions and fit a 5-fold stratified
logistic-regression classifier on those text features
alone. No structured columns are used. Table 7
reports accuracy averaged over the eight tasks.

H Anisotropy comparison

For the anisotropy comparison, we join the raw-
embedding caches to the main outcomes using the
information-level suffix as part of the dataset identi-
fier, yielding 336 matched tuples from fam1-fam5.
Table 8 reports per-encoder means for raw-space
IsoScore and for IsoScore and participation ratio
(PR) computed on the same PCA-16 block used by
MISMATCH (Rudman et al., 2022).

Association and held-out prediction. Raw-
space IsoScore correlates with MISMATCH at p= +
0.483 (p=4.9x1072!) and with continuous A at
p=-+0.630 (p=1.3x1073). On the PCA-16 block,
IsoScore and PR yield the same reported corre-
lations on this joined subset: p= — 0.081 with
MISMATCH (p=0.14) and p= — 0.428 with A
(p=2.3x10716). These signs differ across repre-
sentation spaces, so no single isotropy scalar sup-
plies a representation-invariant explanation.

For the paper’s stratification goal, we evalu-
ate family-held-out sign prediction on the 141
signed tuples in this joined subset. MISMATCH
alone reaches 0.574 AUROC, raw-space IsoScore
0.467, PCA-16 IsoScore 0.523, and PCA-16 PR
0.523; MISMATCH X SUSCEPTIBILITY reaches
0.576. Thus classical isotropy has a substantial
global association with continuous gain, but it does
not replace MISMATCH for cross-family sign strati-
fication.

I Visual case study (AG News)

We re-encode AG News (400 rows, four topi-
cal classes) with BGE-LARGE-EN on its real-text
and adversarial-filler variants, then apply target-
covariance Gaussian replacement (I1) to both (Fig-
ure 4). The high-S original shows four separated
class clusters in two-dimensional t-SNE; 11 col-
lapses them into a single blob after drawing from
a zero-mean Gaussian with covariance estimated
from the original block. The finite draw matches
that covariance only approximately. The low-S
variant has no class structure to begin with and is
visually unchanged. Because t-SNE is sensitive to
its projection settings, Figure 4 is only an illustra-
tion; Table 1 provides the quantitative evidence.

J Pre-PCA whitening sign transitions

The low-S stratum contains 39 negative-A tuples.
Pre-PCA whitening moves 14 (35.9%) into the neu-
tral or positive zone, but the paired mean difference
over all 112 low-S tuples is only +0.0004 with
p=0.98. Target-covariance Gaussian replacement
and shuffling produce 18/39 and 17/39 such cross-
ings, respectively. The count is therefore descrip-
tive and not specific evidence that whitening sys-
tematically rescues harmful injection. On the high-
S stratum, whitening instead removes the mean
gain (I3 in Table 1), showing that the same broad
geometric change has strongly stratum-dependent
consequences.
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Encoder Native dimension = PCA dimension  Text-only accuracy n MTEB score Ag
E5-LARGE-V2 1024 16 0.873 62.3 0.460
BGE-LARGE-EN 1024 16 0.869 64.2 0.443
E5-MISTRAL-7B 4096 16 0.868 66.6 0.444
SENTENCE-TS5-BASE 768 16 0.849 57.0 0.432
GTE-LARGE 1024 16 0.848 63.1 0.435
ALL-MPNET-BASE-V2 768 16 0.834 57.8  0.395
ALL-MINILM-L6-v2 384 16 0.763 56.3  0.321

Table 7: Text-only performance after the same PCA-16 reduction used in the tabular pipeline. Ag is the encoder’s
mean downstream gain on the same eight datasets. MTEB scores are legacy 56-task averages from the archived
leaderboard (accessed August 31, 2026) (MTEB Project, 2026). Text-only accuracy correlates with Ag at p=+0.93

(p=0.003); MTEB score reaches p= 4+ 0.75 (p=0.052).

Encoder Is0.raw Is0.16 PRig
BGE-LARGE-EN 0.804 0.854 0.760
GTE-LARGE 0.802 0.856 0.765
E5-LARGE-V2 0.804 0.854 0.772
SENTENCE-T5-BASE 0.796 0.860 0.772

Table 8: Encoder-level anisotropy aggregates over 336
joined tuples. Raw and PCA-16 quantities are not di-
rectly comparable in magnitude because their ambient
dimensions differ.

K Computational cost

On a single consumer GPU (NVIDIA RTX 4090),
the full MISMATCH X SUSCEPTIBILITY computa-
tion per (dataset, backbone, encoder) tuple takes
under 30 seconds: < 5 s for MISMATCH and
~ 25 s for the 2k backbone forward passes that
produce SUSCEPTIBILITY. Across 732 tuples this
is at most 21,960 GPU-seconds, or 6.1 RTX 4090
GPU-hours, once embeddings are cached. Histor-
ical end-to-end timing logs were not retained, so
this measured score-sweep bound does not include
embedding extraction, the paired 5-fold A runs,
exploratory analyses, or intervention reruns.

The frozen backbones contain 10,732,042 pa-
rameters (TabPFN v2.6 default checkpoint) and
27,552,258 parameters (TabICL classifier v2). The
four main frozen encoders contain 335,142,400 pa-
rameters each for BGE-large-en-v1.5, ES-large-v2,
and GTE-large, and 110,218,368 for Sentence-T5-
base. The three diagnostic-only encoders contain
22,713,728 (all-MiniLM-L6-v2), 109,486,978 (all-
mpnet-base-v2), and 7,110,660,096 (E5-Mistral-
7B-instruct) parameters. No pretrained model pa-
rameter is updated.

The recorded environment is Python 3.12.11,
Compute  Unified  Device  Architecture
(CUDA) 12.8, PyTorch 2.10.0, NumPy 2.2.6,
pandas  2.3.1, SciPy  1.15.2, scikit-

AG News under BGE-large-en-v1.5 (n=400, 2-D t-SNE)

®  World Sports ®  Business ®  Sci/Tech
HIGH x original
AG News, real text

20 4 silhouette = +0.0:

HIGH x target-cov. Gaussian
covariance target, content randomized
10 4 silhouette = -0.006

t-SNE 2
t-SNE 2
)

-20 0 20 -10 0 10
t-SNE 1

LOW x original
adversarial filler text LOW x target-cov. Gaussian

silhouette = -0.009

silhouette = -

t-SNE 2
t-SNE 2

0
t-SNE 1

Figure 4: Case-study t-distributed stochastic neighbor
embedding (t-SNE) of 1024-dimensional BGE-LARGE-
EN embeddings on AG News (n=400). Top: real text;
bottom: adversarial filler. Silhouette scores are com-
puted in the original 1024-dimensional space.

learn 1.6.1, Transformers 4.56.0, Sentence
Transformers 4.0.1, TabPFN 7.1.1, and
TabICL 2.1.1. The resolved checkpoints are

tabpfn-v2.6-classifier-v2.6_default.ckpt
and tabicl-classifier-v2-20260212.ckpt.
Versioned result files retain the earlier string
tabpfn-2.5 as a legacy label; the checkpoint
identifier above is authoritative. The code release
provides the exact relevant package set and the
TabICL commit hash.

All LFO standardization moments and calibra-
tion parameters, including (a, b, 7), are fit on the
calibration families only. Each PCA basis is fit
without labels on all rows of its own dataset, in-
cluding held-out datasets, as described in §2; the
held-out family’s A outcomes and sign labels are
never used for calibration.
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L Inclusive evaluation including the gray
zone

The main Table 2 excludes |A|<e tuples; the
retained-mass loss on the TabICL matrix is
1-266/376=29.3%. On all 376 TabICL tuples,
including the gray zone, we report the per-fold
weighted AUROC for both target classes and a
per-fold weighted Spearman of the score against
the continuous A (Table 9). Scoring uses the
same jointly fitted model as Table 2 (i.e., p, =
o(b + aS,) with (a,b,) trained on the signed
training fold), applied to all test-fold tuples.

Score AUROC+1 AUROC_ 1 Pper-fold

Dlin (cal.) 0.587 0.596 +0.194
D~ (cal.) 0.574 0.565 +0.106
MISMATCH (cal.) 0.549 0.558 +0.094
SUSCEPTIBILITY (cal.) 0.572 0.623 +0.240

Table 9: Inclusive evaluation on all 376 TabICL tu-
ples (+1: 177, 0: 110, —1: 89; retained mass 0.707).
AUROC, ; is one-versus-rest for the +A class with the
gray zone in the negative class; AUROC_; uses the
same convention for the —A class, scoring with the neg-
ative predicted probability. pper.fola is the Spearman rank
correlation of the probability-style score against contin-
uous A, computed per fold and weighted by fold size;
per-fold computation avoids the cross-fold scale issue
that contaminates a pooled correlation.

Adding the gray zone lowers the positive-class
AUROC of pjj, from 0.626 (Table 2) to 0.587.
Gray-zone tuples have geometric profiles that over-
lap the +A class.

For the —A class, SUSCEPTIBILITY alone has
the highest AUROC (0.623) and the highest per-
fold correlation with continuous A (p=40.240).
Its contribution is concentrated on the low-S end
of the matrix, where backbone sensitivity separates
harmful injection from near-zero effects.

We also fit a least-squares linear rescaling of the
probability-style score to continuous A, calibrated
on the signed training fold. Its per-fold weighted
mean-squared error (MSE) exceeds the per-fold
mean-A baseline. We therefore report the predictor
only as a sign stratifier, without treating it as a
magnitude regressor.

M Dataset source inventory

The valid main matrix contains 48 externally
sourced datasets and ten datasets generated by our
synthetic-data code. The twelve FAM1 tables are
hosted by OpenML and retain their original tabu-

lar features; their platform, canonical papers, and
dataset records are cited here (Vanschoren et al.,
2014; Kohavi, 1996; Becker and Kohavi, 1996;
Moro et al., 2014, 2011; UCI Machine Learning
Repository, 1981; IBM Sample Data Sets, 2018;
Cortez et al., 2009; Hofmann, 1994; Michie et al.,
1994; Yeh and Lien, 2009; Mowforth and Shepherd,
n.d.; Mohammad et al., 2012; Smith et al., 1988;
Detrano et al., 1989; Shapiro, 1983).

The ten FAM2 English text-classification datasets
use their canonical benchmark sources (Zhang
et al., 2015; Maas et al., 2011; Socher et al., 2013;
Wang et al., 2019; Pang and Lee, 2005; Lehmann
et al., 2015; McAuley and Leskovec, 2013; Li
and Roth, 2002; Hovy et al., 2001; Saravia et al.,
2018; Lang, 1995). The seven FAM3 multi-aspect
datasets are sourced from Yelp, SNLI, TweetE-
val, and GoEmotions (Zhang et al., 2015; Bow-
man et al., 2015; Barbieri et al., 2020; Demszky
et al., 2020). The ten FAM4 crosslingual datasets
use Multilingual Amazon Reviews, multilingual
TweetEval, and XNLI (Keung et al., 2020; Barbieri
et al., 2022; Conneau et al., 2018). The nine FAMS5
specialty datasets use their financial, biomedical,
legal, patent, and social-media sources (Malo et al.,
2014; Zeroshot, 2022a,b; Gurulingappa et al., 2012;
Chalkidis et al., 2022; Sharma et al., 2019; Barbieri
et al., 2020). The remaining ten FAM6 datasets are
generated by our structural-causal-model-style data
generator and therefore have no external dataset
citation. Exact OpenML identifiers and Hugging
Face paths are provided in the released dataset man-
ifest.
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