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Abstract

The manifold hypothesis—that high-dimensional data concentrate near a low-dimensional, smoothly
varying manifold—has become an organizing metaphor for interpreting neural representations, and recent
work reports rich geometric and even specific low-dimensional manifolds inside single-cell foundation
models. We ask whether the internal representations of protein language models (pLMs) admit analogous
manifolds. Applying a broad detection battery—intrinsic dimension estimators (TwoNN, MLE, PCA
participation ratio), nonlinear dimensionality reduction (Isomap, LLE, diffusion maps, UMAP), persistent
homology, trustworthiness and geodesic-connectivity diagnostics, and confound controls—to ESM-2
(8M-3B) and to ProtBERT and ProtT5, we find little evidence for such structure. The intrinsic dimension
of pLM representations is high in absolute terms (best-layer TwoNN =63 for ESM-2 650M), grows with
model size, and does not stabilize across neighborhood scales, contradicting a single global manifold.
Nonlinear manifold coordinates never outperform a linear probe on the raw embeddings for secondary
structure, remote homology, stability, or localization, and ~64—128 linear dimensions are needed to
saturate performance. Persistent homology recovers no robust loops beyond the noise floor, and the
apparent clustering of protein families largely dissolves after regressing out sequence length, amino-acid
composition, and homology (family silhouette 0.31 — 0.05). Crucially, the same battery cleanly detects
manifolds in positive controls (a Swiss roll, a single-cell cell-cycle loop, a torus), so the negative result is
not a failure of method. We conclude that pLM representations are better described as high-dimensional
and predominantly linear than as low-dimensional manifolds, and we discuss why the discrete, homology-
structured geometry of protein sequence space differs from the continuous developmental manifolds seen
in single-cell data.

1 Introduction

Protein language models (pLMs) trained on hundreds of millions of unaligned sequences have become
foundational tools in computational biology. Models such as ESM-1b (Rives et al., 2021), ESM-2 (Lin et al.,
2023), ProtTrans’s ProtBERT and ProtT5 (Elnaggar et al., 2022), ProteinBERT (Brandes et al., 2022), ProGen
(Madani et al., 2023; Nijkamp et al., 2023), Ankh (Elnaggar et al., 2023), and CARP (Yang et al., 2024)
produce residue- and sequence-level embeddings that transfer to structure prediction (Lin et al., 2023; Jumper
et al., 2021), variant-effect estimation (Meier et al., 2021), and a wide range of property-prediction tasks (Rao
etal., 2019; Xu et al., 2022). A natural question for interpreting these models is geometric: how is biological
information organized in the high-dimensional activation space, and does it concentrate on a low-dimensional
structure that we can detect and exploit?

The manifold hypothesis—that realistic high-dimensional data lie near a low-dimensional, smoothly
varying manifold (Tenenbaum et al., 2000; Roweis and Saul, 2000; Fefferman et al., 2016)—is the usual
lens for such questions, and it has been productive elsewhere. In single-cell transcriptomics, continuous
differentiation trajectories and the cell cycle appear as low-dimensional manifolds and topological loops
recoverable by diffusion maps and PHATE (Coifman and Lafon, 2006; Moon et al., 2019), and a recent line
of work reports that single-cell foundation models internalize this geometry: a specific low-dimensional
hematopoietic manifold is recoverable from scGPT and can even be distilled into a performant algorithm
(Kendiukhov, 2026b), the representations carry multi-dimensional spectral geometry (Kendiukhov, 2026¢) and
convergent causal circuitry (Kendiukhov, 2026a), and a systematic survey of 141 geometric and topological



hypotheses finds substantial learned structure (Kendiukhov, 2026d). These positive results motivate an
obvious transfer question: do protein language models, another dominant class of biological foundation
model, contain analogous manifolds?

We investigate this directly and reach a largely negative conclusion. Assembling a broad manifold-
detection battery—intrinsic-dimension estimators, nonlinear dimensionality reduction, persistent homology,
faithfulness diagnostics, and confound controls—and applying it to ESM-2 across five sizes (§M—-3B) as well
as ProtBERT and ProtT5, we find that pLM representations do not present clean, exploitable, low-dimensional
manifolds. Intrinsic dimension is high and grows with model size; nonlinear manifold coordinates never beat
a linear probe; topology is trivial; and apparent family structure is largely a reflection of length, composition,
and homology confounds. Because the identical battery detects manifolds in positive controls, the negative
result reflects the data, not the tools.

Contributions.

* We assemble and openly document a manifold-detection battery for transformer representations,
validated on synthetic and biological positive controls, and apply it uniformly to seven protein language
models.

* We report a coherent set of negative findings: high and size-growing intrinsic dimension, no scale-stable
manifold dimension, no downstream benefit from nonlinear coordinates, and no robust topology.

* We show that the apparent low-dimensional organization of protein families in pLM space is largely
explained by sequence length, amino-acid composition, and homology, and collapses once these are
controlled.

* We contrast this with the continuous manifold structure documented for single-cell models and argue
that the discrete, combinatorial, homology-structured geometry of protein sequence space is a principled
reason to expect the difference.

2 Related Work

Protein language models and their representations. Transformer pLMs are trained with masked-language-
modeling objectives on large sequence databases (UniRef, UniProt) (Suzek et al., 2015; The UniProt
Consortium, 2021) and yield embeddings from which structure and function are readily decoded. Attention
maps recover residue—residue contacts (Rao et al., 2021a; Vig et al., 2021), an effect sharpened by conditioning
on multiple-sequence alignments (Rao et al., 2021b); linear probes extract secondary structure and other
properties (Rao et al., 2019; Xu et al., 2022), and sparse autoencoders surface interpretable, biologically
meaningful features (Simon and Zou, 2024). A recurring theme is that much of this information is linearly
accessible: simple probes on frozen embeddings are strong, which already hints that the useful geometry may
be linear and high-dimensional rather than a curved low-dimensional manifold. Our study makes this hint
precise and adversarial.

Intrinsic dimension and representation geometry. The intrinsic dimension (ID) of neural representations
is far below their ambient width but still substantial: Ansuini et al. (2019) report a characteristic “hunchback”
profile—ID rising then falling across depth—with peak values in the tens to low hundreds for image networks,
and note that linear (PCA) estimates exceed nonlinear ID estimates by one to two orders of magnitude, a
signature of curvature or of genuinely high linear dimension. Pope et al. (2021) estimate the ID of natural
images at a few dozen. We use the standard estimators TwoNN (Facco et al., 2017) and the maximum-
likelihood estimator (Levina and Bickel, 2004), together with a PCA participation ratio, and study how their
disagreement and scale-dependence bear on the manifold question. Representation-similarity tools such as
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Figure 1: The manifold-detection battery. Per-layer embeddings from seven protein language models are analyzed
with intrinsic-dimension estimators, nonlinear dimensionality reduction, persistent homology, and confound controls.
Synthetic and biological positive controls validate that the battery detects manifolds when they exist; applied to pLMs it
does not.

SVCCA (Raghu et al., 2017) and CKA (Kornblith et al., 2019), and probing methodology with control tasks
(Alain and Bengio, 2016; Hewitt and Liang, 2019), inform our downstream protocol.

Manifold learning and topology. Nonlinear dimensionality reduction—Isomap (Tenenbaum et al., 2000),
LLE (Roweis and Saul, 2000), diffusion maps (Coifman and Lafon, 2006), t-SNE (van der Maaten and Hinton,
2008), UMAP (Mclnnes et al., 2018), PHATE (Moon et al., 2019)—assumes and exploits low-dimensional
manifold structure, and topological data analysis (Carlsson, 2009; Edelsbrunner et al., 2002) quantifies it
through persistent homology, computed here with Ripser (Bauer, 2021). We assess embedding faithfulness
with trustworthiness and continuity (Venna et al., 2010). A cautionary literature warns that these tools
can manufacture apparent structure: t-SNE and UMAP layouts are sensitive to hyperparameters and can
misrepresent global geometry (Kobak and Berens, 2019; Chari and Pachter, 2023), and testing the manifold
hypothesis rigorously is nontrivial (Fefferman et al., 2016). These cautions directly motivate our use of
positive controls and confound regressions.

The single-cell contrast. The strongest evidence for detectable manifolds in biological foundation models
comes from single-cell transcriptomics, where continuous developmental processes plausibly generate
low-dimensional structure and where specific manifolds and topological features have been reported inside
single-cell transformers (Kendiukhov, 2026b,c,a,d). Our contribution is to test whether the same is true for
protein language models and to explain, through the discrete and homology-structured nature of sequence
space, why it need not be.

3 Methods

3.1 Models and representations

We study the ESM-2 family at five scales and, for robustness, ProtBERT and ProtT5 (Lin et al., 2023;
Elnaggar et al., 2022) (Table 1). For each model we extract per-residue hidden states at every layer and form



Table 1: Models analyzed. The ESM-2 family (primary) and two additional pLMs. “d” is the residue embedding width
and the ambient dimension of the representations we analyze. Specifications for ProtBERT/ProtT5 are approximate (~)
as reported by Elnaggar et al. (2022).

Model Params Layers d Heads Pretraining data

ESM-2 §8M &M 6 320 20 UniRef50
ESM-2 35M 35M 12 480 20 UniRef50
ESM-2 150M  150M 30 640 20  UniRef50
ESM-2 650M  650M 33 1,280 20  UniRef50

ESM-2 3B 2.8B 36 2,560 40 UniRef50
ProtBERT ~420M 30 1,024 16 BFD / UniRef100
ProtT5-XL ~3B 24 1,024 32 BFD/ UniRef50

sequence-level embeddings by mean-pooling over residues; unless stated otherwise, analyses of ESM-2 650M
use the mid-depth layer (L.18), where intrinsic dimension peaks. We analyze a stratified sample of 40,000
sequences drawn from UniRef50 (Suzek et al., 2015) with Pfam family and structural annotations, and we
cluster and deduplicate with MMseqs2 (Steinegger and Soding, 2017) to control homology.

3.2 Detection battery

Our battery combines four families of diagnostics (Figure 1). (i) Intrinsic dimension. We estimate ID
with TwoNN (Facco et al., 2017), the maximum-likelihood estimator over k neighbors (Levina and Bickel,
2004), and a PCA participation ratio IDpr = (}; )%/ i /l%; a bona fide manifold should give consistent,
scale-stable estimates well below the ambient width. (ii) Manifold learning. We embed representations with
Isomap, LLE, diffusion maps and UMAP and measure how faithfully local neighborhoods are preserved via
trustworthiness (Venna et al., 2010), and whether the k-nearest-neighbor graph underlying geodesic methods
is connected. (iii) Topology. We compute Vietoris—Rips persistent homology with Ripser (Bauer, 2021) on
density-normalized subsamples and call a homology feature “robust” only if its persistence exceeds the 99th
percentile of a bootstrap null obtained by resampling and by phase-shuffling. (iv) Confound controls. We
regress the leading principal components on sequence length, amino-acid composition, mean hydrophobicity
and net charge, and we recompute family separation (silhouette) after removing these covariates and after
restricting to low-homology pairs.

3.3 Positive controls

To guard against attributing a null result to weak methods, we run the identical battery on three systems
with known manifold structure: a Swiss roll (a 2-manifold embedded in noisy 50-dimensional space), a
single-cell data set whose cell cycle forms a topological loop, and a synthetic torus (two independent loops).
A valid battery must recover the correct dimension, high trustworthiness, a connected geodesic graph, and the
expected homology on these controls.

3.4 Downstream probing

To test whether any low-dimensional manifold carries the biologically useful signal, we compare linear probes
trained on (a) the raw embedding, (b) its top principal components, and (c) coordinates from each nonlinear
manifold method, on four standard tasks: 3-state secondary structure (Q3) on CB513/NetSurfP (Klausen
et al., 2019), remote-homology fold classification and stability regression from TAPE (Rao et al., 2019), and
subcellular localization from DeepLoc (Almagro Armenteros et al., 2017); task suites follow FLIP and PEER
(Dallago et al., 2021; Xu et al., 2022) and stability labels derive from Rocklin et al. (2017). If a genuine
low-dimensional manifold organized the information, its coordinates should match or beat the raw linear
probe. All numbers are means over three seeds.



Table 2: Intrinsic dimension at the best (mid-depth) layer for the ESM-2 family, by estimator, with the ambient width
d and the TwoNN-to-ambient ratio. ID grows with model size and is a small fraction of d yet dozens of dimensions in
absolute terms.

Model TwoNN MLE PCA-PR Ambientd TwoNN/d
ESM-2 §8M 22 19 30 320 0.069
ESM-2 35M 31 27 41 480 0.065
ESM-2 150M 44 39 57 640 0.069
ESM-2 650M 63 58 71 1,280 0.049
ESM-2 3B 88 80 103 2,560 0.034

4 Results

4.1 Intrinsic dimension is high, size-dependent, and scale-unstable

Across every pLM the intrinsic dimension is far below the ambient width—as it is for essentially all deep
networks (Ansuini et al., 2019)—but it is high in absolute terms and behaves unlike a fixed low-dimensional
manifold (Figure 2, Table 2). For ESM-2 650M the TwoNN estimate traces the expected hunchback over
depth, peaking at ~63 at mid-network (Figure 2a). Rather than converging as models improve, best-layer ID
grows monotonically with model size, from 22 (8M) to 88 (3B) (Figure 2b): larger, better pLMs use more
dimensions, not a shared low-dimensional manifold. The three estimators disagree substantially—the PCA
participation ratio exceeds TwoNN by 8—16 dimensions throughout—indicating either strong curvature or
genuinely high linear dimension. Most tellingly, the estimated dimension does not stabilize with neighborhood
scale (Figure 2c): for ESM-2 it drifts upward from 48 to 76 as k grows, whereas the Swiss-roll control sits
flat at 2. A scale-stable dimension is a basic prerequisite for a manifold, and pLM representations do not
exhibit one.

4.2 Nonlinear manifold coordinates do not help

If a low-dimensional manifold carried the biologically useful signal, projecting onto it should preserve—or
improve—downstream performance. It does not (Figure 3a, Table 3). On all four tasks a linear probe on the
raw embedding is the best or tied-best method; a 64-component PCA is within one point of it; and every
nonlinear manifold method is worse, often substantially so. Isomap-64 and LLE-64 lose 2—-10 points, diffusion
maps are intermediate, and a 2-dimensional UMAP—the kind of embedding routinely used to visualize pLM
space—is catastrophic, dropping remote-homology accuracy from 0.30 to 0.15 and stability correlation from
0.76 to 0.40. The information is not concentrated on a low-dimensional nonlinear manifold that these methods
can find; forcing it onto one destroys signal. Consistent with this, Q3 accuracy as a function of the number of
linear components rises slowly and saturates only around 64—128 dimensions (Figure 3b), mirroring the ID
estimates and confirming that the usable structure is moderately high-dimensional and close to linear.

4.3 No robust topology

Persistent homology finds no topological structure beyond the noise floor (Figure 4). In the persistence
diagram of an ESM-2 family embedding, the Hy (connected-component) features behave as expected for a
single blob, and every H; (loop) feature falls inside the bootstrap significance band—none survives as a robust
cycle (Figure 4a). Sweeping layers and models yields zero robust H; loops, identical to a phase-shuffled
control (Figure 4b). The same pipeline recovers the single expected loop in a single-cell cell-cycle data set
and the two loops of a synthetic torus, confirming it is sensitive to real topology. pLM representations, at
least at the family and proteome scales we examine, are topologically trivial.



Table 3: Downstream probing (ESM-2 650M). Linear probes on the raw embedding, its top-64 principal components,
and 64-dimensional (2-D for UMAP) nonlinear manifold coordinates. Metric is accuracy (secondary structure,
localization) or Spearman p (stability), and top-1 accuracy (remote homology). Best per column in bold. No nonlinear
method beats the raw or PCA linear probe.

Representation ~ Sec. struct. (Q3) Remote homol.  Stability (o) Localization

Raw (1,280-d) 0.868 0.301 0.762 0.803
PCA-64 0.861 0.289 0.741 0.784
Diffusion-64 0.851 0.268 0.703 0.749
Isomap-64 0.842 0.242 0.662 0.712
LLE-64 0.836 0.231 0.647 0.699
UMAP-2 0.628 0.151 0.402 0.548
(a) ID vs. depth (ESM-2 650M) (b) ID grows with model size (c) No scale-stable dimension
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Figure 2: Intrinsic dimension of pLM representations. (a) The hunchback ID profile over depth for ESM-2 650M
under three estimators. (b) Best-layer TwoNN ID grows with model size. (c) The estimated dimension drifts with
neighborhood size k for ESM-2 but is flat for a Swiss-roll control: pLM representations have no scale-stable manifold
dimension.

4.4 Apparent structure is explained by confounds

Two-dimensional embeddings of pLM space do show visually suggestive clustering by protein family, but this
structure is largely a projection of trivial covariates (Figure 5, Table 4). The leading principal components are
substantially predictable from amino-acid composition (R?=0.36), Pfam family membership, i.e. homology
(0.24), sequence length (0.17), and hydrophobicity (0.11); together these covariates account for a majority
of the top-PC variance. When we regress out length, composition and hydrophobicity, the protein-family
silhouette falls from 0.31 to 0.12, and after additionally restricting to low-homology pairs (<25% identity)
it falls to 0.05—mnear the 0.01 of shuffled labels. In other words, most of the “manifold” one sees in a
pLM UMAP is composition and homology, exactly the artifacts that the dimensionality-reduction literature
warns about (Kobak and Berens, 2019; Chari and Pachter, 2023). This does not imply the embeddings
are uninformative—their linear probes are strong—but the informative directions are high-dimensional and
largely aligned with interpretable biochemical and evolutionary covariates rather than forming a curved
low-dimensional manifold.

4.5 The battery validates on controls but fails on pLLMs

Table 5 and Figure 6 bring the diagnostics together. On all three positive controls the battery returns the
correct low dimension, high trustworthiness (>0.93) at the true dimensionality, a fully connected geodesic
graph, and the expected homology. On ESM-2 it returns high intrinsic dimension, low 2-D trustworthiness
(0.68-0.71), a fragmented geodesic graph (largest connected component 46—52% of points at k=15), and



(a) Linear probes = nonlinear manifold coords (b) ~64-128 dims needed

W Raw (1280-d) m PCA-64 m Isomap-64 M Diffusion-64 M UMAP-2

e
©
€ 0.8 - :
© o .
o 0.8 - O :
Q c H
(%] © H
= T 0.6 - :
o g H
k>; 0.6 - -~
o g :
3 o 0.4 -
o 0.4 - m H
© H
- o :
v ;
3 02- 0.2 - ;
0 : —o— Q3 accuracy
I == cum. variance
0.0 - 0 0 0 0 0.0 = T T : T T
Sec. struct. Remote homol. Stability Localization 2! 23 25 27 2°

@3 (fold acc) (Spearman) (acc) Number of PCA components

Figure 3: Nonlinear manifold coordinates do not help. (a) Linear probes on the raw embedding or its top-64 PCs
match or beat every nonlinear manifold method across four tasks. (b) Q3 accuracy versus number of linear components
saturates only near 64—128 dimensions, tracking the intrinsic-dimension estimates.

Table 4: Confound analysis (ESM-2 650M). Left: variance of the top-10 PC subspace explained (R?) by each covariate.
Right: protein-family silhouette before and after removing confounds. Family separation is largely confound-driven.

Covariate R? Family-separation setting Silhouette
Amino-acid composition  0.36 Raw embeddings 0.31
Pfam family (homology) 0.24 — length, comp., hydrophob. 0.12
Sequence length 0.17 — homology (id. <25%) 0.05
Hydrophobicity 0.11 Shuffled labels 0.01
Net charge 0.08

no robust loops. Every criterion that a manifold should satisfy, and that the controls do satisfy, fails for the
protein language model. The negative result is therefore a property of the representations, not an artifact of
insufficiently powerful tools.

4.6 Linear decodability rises while manifold quality stays flat

Finally, the two views of the representation dissociate across depth (Figure 7). A linear probe for secondary
structure improves steadily with depth, peaking near 0.87 at mid-network—the well-known result that pLMs
encode structure and function in linearly decodable form (Rao et al., 2019, 2021a; Simon and Zou, 2024).
Over the same layers, 2-D trustworthiness stays low and roughly flat (0.66-0.71). Linear information content
and low-dimensional manifold quality are simply different properties, and in pLMs the first is high while the
second is absent.

5 Discussion

Our results paint a consistent picture: the internal representations of protein language models are highly
informative but not low-dimensional manifolds. They are high-dimensional (dozens of intrinsic dimensions,
growing with scale), predominantly linear (PCA matches nonlinear methods and 64128 linear directions
suffice), topologically trivial, and organized along interpretable biochemical and evolutionary covariates
rather than a curved low-dimensional surface. This is not a claim that pLMs are geometrically uninteresting—
superposition and feature-level structure are real and interpretable (Elhage et al., 2022; Simon and Zou,
2024)—but the specific, strong form of the manifold hypothesis does not hold for them.
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Figure 4: No robust topology. (a) Persistence diagram for an ESM-2 family embedding; all H; features lie within the
bootstrap significance band (shaded). (b) Robust H; loops across systems: zero for pLMs and the shuffled control, one
for a single-cell cell cycle, two for a synthetic torus.

Table 5: Battery validation. Diagnostics on positive controls versus ESM-2 650M layers. Trustworthiness is evaluated
at the intrinsic dimensionality of each control and at 2-D for ESM-2; geodesic connectivity is the fraction of points in
the largest k-NN component (k=15). Controls pass on every criterion; ESM-2 fails on every criterion.

System ID Trustworth. Geo.conn. Robust H; Manifold?
Swiss roll (dim 2) 2.1 0.97 1.00 0 v
Single-cell (cell cycle) 1.9 0.93 0.98 1 v
Synthetic torus 2.0 0.95 1.00 2 v
ESM-2 650M (L18) 63 0.68 0.46 0 X
ESM-2 650M (L33) 41 0.71 0.52 0 X

Why should protein language models differ from single-cell models, where low-dimensional manifolds
and topological loops are readily found (Moon et al., 2019; Kendiukhov, 2026b,d)? We suggest the answer
lies in the geometry of the underlying data. Single-cell states are generated by continuous physical processes—
differentiation, the cell cycle—so the data genuinely populate low-dimensional trajectories, and a model
that fits them inherits that structure. Protein sequence space is different: it is discrete and astronomically
large (20% sequences for length L), and the sequences that exist are scattered across it in clusters defined by
homology rather than lying along a few smooth axes. A model that captures this structure has no reason to
compress it onto a low-dimensional manifold; instead it spreads many weakly-dependent features across a
high-dimensional space, which is exactly what we observe. On this view, the negative result is not a deficiency
of protein language models but a faithful reflection of their domain.

The practical implication is a caution. Two-dimensional UMAP or t-SNE plots of pLM embeddings
are ubiquitous, and it is tempting to read biological manifolds off them. Our confound analysis shows that
most of the apparent structure in such plots is composition and homology, and our downstream results show
that the low-dimensional coordinates discard real signal. For quantitative analysis of pLM representations,
high-dimensional linear tools—probes, PCA, sparse autoencoders (Simon and Zou, 2024)—are better matched
to the geometry than manifold learning.
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Figure 5: Confounds explain apparent structure. (a) The leading principal components of ESM-2 space are largely
predictable from composition, homology, length and hydrophobicity. (b) Protein-family separation collapses after these
confounds are removed.

6 Limitations

Several caveats bound our conclusions. First, “no manifold” is a claim about the scales, models, and property
sets we tested; we cannot exclude low-dimensional manifolds for narrow, carefully chosen sub-populations
(for example, single point-mutation series or designed sequence families), where local continuity may
re-emerge, and indeed a weak one-dimensional length axis and biochemical axes do exist. Our claim is that no
global, exploitable manifold organizes the representations at large. Second, intrinsic-dimension and topology
estimators have known biases at finite sample size and in high dimension; we mitigate this with multiple
estimators, bootstrap null models, and positive controls, but absolute ID values should be read as estimates.
Third, we analyze mean-pooled and per-residue embeddings from encoder-style pL.Ms; autoregressive models
(Madani et al., 2023; Nijkamp et al., 2023) or alternative pooling could behave differently. Finally, a negative
result cannot prove the absence of structure, only bound its strength; we have aimed to make that bound tight
and honest by validating every tool on controls where the answer is known.

7 Conclusion

We searched for low-dimensional manifolds inside protein language models with a broad, control-validated
detection battery and did not find them. Intrinsic dimension is high and grows with model size, nonlinear
manifold coordinates never beat linear probes, topology is trivial, and apparent family structure is largely
composition and homology. The identical battery detects manifolds in synthetic and single-cell controls,
so the negative result reflects the data. Protein representation space appears to be high-dimensional and
predominantly linear—a faithful image of a discrete, homology-structured sequence space—rather than a
low-dimensional manifold, and it is best studied with tools suited to that geometry.

Reproducibility and availability

All models analyzed are public (Lin et al., 2023; Elnaggar et al., 2022), as are the benchmark datasets (Rao
et al., 2019; Dallago et al., 2021; Xu et al., 2022; Klausen et al., 2019; Almagro Armenteros et al., 2017).
The detection battery, positive-control generators, confound-regression code, and analysis notebooks will be
released upon publication.



Detection battery validates on controls, fails on ESM-2
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Figure 6: Controls pass, ESM-2 fails. Trustworthiness and geodesic connectivity are high for the Swiss roll and
single-cell controls (above the dashed manifold-like threshold) but low for ESM-2 layers; intrinsic dimension and
robust-H| annotations tell the same story.
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