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Abstract

AlphaFold has transformed structural biology and
spawned an ecosystem of derivative tools for pro-
tein design, binding prediction, and drug discov-
ery. Whether AlphaFold has learned generalizable
biophysical principles versus template-based pat-
tern matching remains unclear—a distinction crit-
ical for applications beyond its training context.
Here, we perform a systematic adversarial eval-
uation of AlphaFold 3 using point and deletion
mutations across 200 proteins, including experi-
mentally validated fold-switching proteins. Pre-
dicted structures remain invariant to mutations
of up to 40% of residues—including deliberately
destabilizing substitutions—and to deletions of
10%, even for fold-switching proteins known to
adopt alternative conformations under precisely
such perturbations and for which AlphaFold is
expected to perform best. Confidence metrics
prove unreliable, selecting the most accurate struc-
ture at most 35% of the time and correlating with
training-set template quality rather than biophysi-
cal prediction accuracy—suggesting AlphaFold’s
uncertainty estimates reflect template availability
more than genuine structural reasoning. ESMFold
exhibits greater mutational sensitivity. Together,
these findings suggest AlphaFold relies heavily
on memorized templates rather than biophysical
reasoning, with profound implications for the reli-
ability of AlphaFold-based protein design, drug
discovery, and modeling workflows.
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1. Introduction

AlphaFold 2 demonstrated that deep learning could pre-
dict three-dimensional protein structures from sequence
alone with near-experimental accuracy (Jumper et al.,
2021; Bertoline et al., 2023; Evans et al., 2022), and Al-
phaFold 3 extended these capabilities to nucleic acids, small
molecules, and complete biomolecular assemblies (Abram-
son et al., 2024; Feldman & Skolnick, 2025; Thompson
& Petri¢ Howe, 2024). This success has spawned a broad
ecosystem of derivative methods for protein design, binder
generation, and stability and affinity prediction that incorpo-
rate AlphaFold architectures or predictions as core compo-
nents (Watson et al., 2023; Stark et al., 2025; Pacesa et al.,
2024; Liu et al., 2025; Deng et al., 2025; Wee & Wei, 2024,
Yang et al., 2023; Dauparas et al., 2022; Wohlwend et al.,
2024; Zhang et al., 2024; Brixi et al., 2025; Hu & Ohue,
2025; Borkakoti & Thornton, 2023; Fadini et al., 2025).

Whether AlphaFold has learned true biophysical princi-
ples or relies primarily on template matching—similar to
a threading algorithm (Mirny & Shakhnovich, 1998)—is
therefore a question of broad scientific importance, as deriva-
tive methods may inherit the same constraints. Evidence
for the latter is mounting: performance degrades on low-
similarity inputs (Agarwal & McShan, 2024; Li et al., 2025),
fold-switching proteins converge to a single dominant fold
(Chakravarty et al., 2024; 2025), and design pipelines gen-
erate sequences that appear well-folded in silico but fail ex-
perimentally (Molodenskiy et al., 2025; Garcia et al., 2025;
Feldman & Feldman, 2025; Dieckhaus & Kuhlman, 2024;
Rose et al., 2024; Gut & Lemmin, 2024). Distinguishing
these hypotheses requires adversarial evaluation: a model
grounded in biophysics should respond to mutations in pro-
portion to their structural impact, whereas a template-driven
model may remain invariant despite substantial, nonphysical
sequence divergence.

Here, we perform a systematic adversarial evaluation of
AlphaFold 3 using complementary point-mutation and
deletion-mutation regimes across 200 proteins, including
proteins with and without training-set homologs and exper-
imentally validated fold-switching proteins. We compare
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AlphaFold 3 with ESMFold (Lin et al., 2023) and evaluate
confidence metrics relative to AlphaFold 2. Full method-
ological details are provided in Section B.

2. Results

2.1. Adversarial Point Mutation Analysis

We conducted an adversarial point mutational analysis
across 200 protein sequences spanning four categories—
monomer-novel, monomer-similar, multimer-novel, and
multimer-similar—where “similar” denotes greater than
30% sequence homology to the AlphaFold 3 training set and
“novel” indicates less than 30% homology. Each sequence
was mutated at 5, 10, 20, 40, and 70% thresholds using max-
imally disruptive substitutions biased toward core positions
(Yu et al., 2024; Feldman et al., 2025); full details are in Sec-
tion B. Predicted structures were compared to the unmutated
prediction using the template modeling score (TM-score)
(Zhang & Skolnick, 2005; 2004) and DockQ (Basu & Wall-
ner, 2016), which measure global and interfacial protein
structure alignments, respectively.

AlphaFold 3 maintains global fold similarity up to remark-
ably high perturbation levels (Figure 1). At 40% mutation,
monomeric proteins still preserve the same global fold on
average (TM-score > 0.5), and multimeric proteins do so
in over 40% of cases—with no discernible difference be-
tween novel and similar proteins. TM-scores decline only
gradually through 70% mutation, while interfacial geometry
degrades far more rapidly, as by 20% mutation, approxi-
mately half of interfacial structures are incorrect relative
to the unmutated prediction. Confidence metrics are simi-
larly insensitive, with ranking scores remaining above the
high-confidence threshold of 0.6 (Evans et al., 2022; Wee &
Wei, 2024) through 20% mutation despite deliberate, large-

scale sequence disruption (Pearson 7 = —0.558, Spearman

p = —0.544).

Metric Corr. Coeff. 5% 10% 20% 40% 70% Mean

TM-score  Pearson —-0.66 0.77 070 0.63 049 031 058
Spearman —0.66 — — — — — —

Rank. sc.  Pearson —-0.57 077 0.74 0.70 0.62 0.51 0.67
Spearman —0.55 ~— — — — — —

Table 1. Structural and confidence metrics for fold-switching
proteins under point mutations. TM-score and AlphaFold 3 rank-
ing score correlations with mutation percentage and mean metric
values at each threshold, computed across fifteen experimentally
validated fold-switching proteins (Porter & Looger, 2018). See
Section A.

We extended this analysis to fifteen experimentally validated
monomeric fold-switching proteins (Porter & Looger, 2018),
directing mutations at residues empirically shown to induce
conformational switching. As summarized in Table 1, pre-

dicted structures remained highly invariant through the 40%
threshold (mean TM-score > 0.63), indistinguishable in be-
havior from non-fold-switching proteins. AlphaFold 3 thus
fails to capture biologically plausible mutational responses
even when targeted at known fold-switching sites in proteins
where it is expected to perform best, suggesting it should be
used with caution in sequence optimization workflows.

2.2. Adversarial Deletion Mutation Analysis

We conducted an analogous experiment using residue dele-
tions, which are typically far more disruptive than point
mutations—even sparse deletions can cause severe destabi-
lization or collapse of tertiary structure (Shah et al., 2015;
Huss et al., 2021). Accordingly, lower thresholds of 1, 3,
5, and 10% were employed, with deletions again biased
toward central positions. Full details are in Section B.

Despite the severity of this perturbation type, AlphaFold 3
again maintains global fold integrity (Figure 2). At 10%
deletions, an overwhelming majority of monomeric pro-
teins retain accurate predicted structures across all tested
thresholds, while multimeric proteins degrade more rapidly,
crossing into low-confidence regimes by 5%—yet again
with no discernible difference between novel and similar
proteins. Confidence metrics are more responsive than in
the point-mutation regime but remain elevated at low dele-
tion levels: mean ranking score declines from 0.67 at 1% to
0.60 at 3% and 0.50 at 5% (Pearson r = —0.514, Spearman
p = —0.491), despite sparse core deletions being expected
to substantially impair structural integrity in real proteins
(Woods et al., 2023; Guan et al., 2025).

2.3. Comparison of AlphaFold 3 and ESMFold Under
Adversarial Mutation

To determine whether structural invariance is specific to
AlphaFold 3 or reflects a broader property of deep learning—
based structure prediction, we compared both models across
the same mutational regimes, restricting to monomeric pro-
teins as ESMFold does not support multimeric inputs. Full
details are in Section B.

The two models behave comparably under deletion muta-
tions, with ESMFold exhibiting slightly greater structural
flexibility across all thresholds (Figure 3). The contrast is far
more pronounced for point mutations: ESMFold’s accuracy
collapses rapidly between 20% and 40% mutation, while
AlphaFold 3 maintains a gradual decline until 70%— cor-
responding to only 30% sequence identity—at which point
both models converge. This pattern holds for the fifteen
fold-switching proteins, where ESMFold again diverges sub-
stantially beyond 10% mutation, though less pronouncedly
than in the full dataset (Appendices; Table 2). ESMFold’s
earlier structural response to sequence perturbation suggests
it better captures sequence—structure coupling. Conversely,
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AlphaFold 3’s persistence may reflect a stronger reliance on
learned templates that override sequence-level signals even
as the input diverges substantially from biophysically viable
configurations.

2.4. Evaluation of Confidence Metrics in AlphaFold 2
versus AlphaFold 3

We evaluated both models on 100 novel proteins—50
monomers and 50 multimers—comparing predicted struc-
tures against experimental PDB structures to assess con-
fidence metric reliability (Abramson et al., 2024; Jumper
et al., 2021; Feldman & Skolnick, 2025). AlphaFold 3
achieves significantly higher structural accuracy than Al-
phaFold 2, particularly for multimeric complexes (Feldman
& Skolnick, 2025; Abramson et al., 2024), but both mod-
els fail to reliably identify their most accurate prediction
(Figure 4): AlphaFold 3 selects the best structure by TM-
score or DockQ only ~25% of the time, AlphaFold 2 at
most 35%. Incorrect selection is not inconsequential, with
accuracy losses reaching up to 0.17 in TM-score and 0.40
in DockQ in the worst cases, even if averages are mod-
est (0.01-0.02 TM-score, ~0.03 DockQ). Ranking score
correlates more strongly with accuracy for multimers (Pear-
son r = (.72 for AlphaFold 3, 0.83 for AlphaFold 2) than
monomers (r = 0.59 for AlphaFold 3, 0.44 for AlphaFold
2), with AlphaFold 2 outperforming AlphaFold 3 on multi-
mer confidence calibration and vice versa for monomers.

2.5. Structural Template Availability Predicts
AlphaFold 3 Confidence

To probe what AlphaFold 3’s confidence metrics truly mea-
sure, we performed an exhaustive structural search of the
pre-cutoff PDB using FoldSeek (van Kempen et al., 2023)
and quantified the relationship between template availabil-
ity and model confidence (Section B). AlphaFold 3’s rank-
ing score correlates significantly with the TM-score of
the best pre-cutoff structural template (Pearson » = 0.39,
p = 7.8 x 107%; Spearman p = 0.39, p = 8.2 x 1079),
while sequence identity to that template is a non-significant
predictor (r = 0.033, p = 0.744), indicating that confi-
dence tracks structural rather than sequence similarity to
training exemplars. This effect is robust across novelty
strata for monomers (novel: r = 0.51; similar: » = 0.49)
but absent for similar multimers (r = 0.14, p = 0.34), sug-
gesting sequence memorization supplants template depen-
dence when the query falls within the training distribution.
For monomers, the single best template drives confidence
most strongly. For multimers, correlations increase mono-
tonically to p = 0.46 at the top 100 hits, indicating that
breadth of structural coverage matters more than any single
exemplar. Full stratified statistics are reported in Table 5.

3. Discussion

The point and deletion mutation analyses presented here
reveal a striking invariance in both the structures predicted
by AlphaFold 3 and its confidence metrics under substan-
tial sequence perturbations. Up to 40% of residues can be
mutated—and up to 10% deleted—before predicted struc-
tures meaningfully diverge from the original AlphaFold 3
prediction on average (Zhang & Skolnick, 2004), a trend
that persists even for fold-switching proteins experimentally
known to adopt multiple conformations (Porter & Looger,
2018). The parsimonious explanation is structural mem-
orization: AlphaFold 3 reproduces a memorized template
rather than computing a structure from the input sequence.

The degree of invariance we document suggests that Al-
phaFold 3 may not be processing input sequences at the
granularity required to capture the structural consequences
of individual residue changes. Insensitivity to one or two
substitutions might reflect genuine fold robustness; insensi-
tivity to 70% adversarial mutation—reducing sequence iden-
tity to near zero—is more naturally explained by a model
anchored to a memorized exemplar that cannot be dislodged
by sequence-level signals alone (Dieckhaus & Kuhlman,
2024).

The structural template analysis provides the most di-
rect quantitative evidence for this memorization hypoth-
esis. AlphaFold 3’s confidence correlates significantly
with the structural quality of the best pre-cutoff template,
while sequence identity to that template is non-significant
indicating that confidence tracks template retrieval quality
rather than prediction reliability (Chakravarty et al., 2024).
Protein design pipelines that treat AlphaFold confidence
as a proxy for designability may therefore be optimizing
against memorized templates rather than genuine sequence—
structure relationships.

The comparison with ESMFold illuminates the memoriza-
tion hypothesis further. ESMFold, trained with a masked
language modeling objective that encodes coevolutionary
constraints without explicit structural templates, exhibits
substantially greater mutational sensitivity (Lin et al., 2022).
Its earlier structural response demonstrates that sequence—
structure coupling is learnable without template retrieval—
and that AlphaFold 3’s relative insensitivity is a property
of its architecture or training regime rather than an inherent
ceiling on what deep learning can capture.

These findings also underscore concerns about confidence
metric reliability independent of memorization. Neither
AlphaFold 2 nor AlphaFold 3 reliably identifies the most
accurate structure among five generated predictions, with
both models selecting the best structure only approximately
16-35% of the time. Losses from incorrect selection reach
up to 0.17 in TM-score and over 0.4 in DockQ—errors that
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in drug discovery, protein engineering, or pathway analysis
could lead to the exclusion of promising candidates or the
retention of problematic ones (Watson et al., 2023; Stark
et al., 2025).

These observations do not diminish the transformative im-
pact of AlphaFold on structural biology. The limitations
we document are most relevant for out-of-distribution in-
puts and applications requiring fine-grained sensitivity to
sequence variation—precisely the settings in which memo-
rization offers no reliable generalization. The source of this
memorization likely combines architectural and data factors:
transformer and diffusion frameworks may inherently favor
interpolation within the training distribution, and structural
databases consist almost exclusively of stable wild-type
proteins, providing no signal for mutation-induced struc-
tural disruption. Addressing these limitations will require
training on destabilized mutants and misfolded proteins,
incorporating explicit biophysical priors, and developing
confidence estimation methods that decouple uncertainty
from template availability.

Impact Statement

This work demonstrates that AlphaFold 3—the dominant
foundation model in structural biology—exhibits structural
memorization with direct consequences for trustworthy de-
ployment. Its predictions are anchored to training-set tem-
plates rather than computed from input sequences, its confi-
dence metrics reflect template availability rather than pre-
diction reliability, and both failure modes propagate into
the broad ecosystem of derivative tools that treat AlphaFold
outputs as ground truth. A model that memorizes rather than
generalizes will appear accurate on standard benchmarks
while silently failing on the out-of-distribution inputs that
matter most: engineered sequences, destabilizing mutations,
and proteins in alternative conformational states. Surfacing
these failure modes and connecting them mechanistically
to memorization is a necessary step toward structural biol-
ogy foundation models that are genuinely trustworthy and
generalizable.
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A. Figures

B. Methods
B.1. AlphaFold Testing Dataset Collection

To rigorously evaluate AlphaFold’s performance, we assembled a dataset of 200 proteins, divided evenly into four categories:
multimer-novel, multimer-similar, monomer-novel, and monomer-similar, with 50 proteins per category. “Multimeric” and
“monomeric” indicate whether a protein contains multiple chains or a single chain, respectively, while “novel” and ““similar”
denote sequence similarity to proteins in the PDB released on or before September 30, 2021 (noa; Abramson et al., 2024).
Proteins labeled as similar share 30% or more sequence homology with pre-September 2021 PDB entries, meaning their
homologs could plausibly have been in AlphaFold 3’s training set (Feldman & Skolnick, 2025). In contrast, novel proteins
have no such homology. Importantly, all proteins in the dataset were released after September 30, 2021, and no two proteins
share 30% or more sequence similarity, ensuring minimal redundancy and that none were present in AlphaFold 3’s training
set. This categorization enables a detailed assessment of AlphaFold’s performance across different protein types and levels
of novelty.

B.2. Fold-Switching Protein Dataset

To extend the mutational analysis to proteins with experimentally validated alternative conformations, we selected fifteen
fold-switching proteins from the curated dataset compiled by Porter et al. (Porter & Looger, 2018). All proteins in this set
are monomeric and have been experimentally confirmed to adopt multiple distinct folds under different conditions. The
selected proteins correspond to the following PDB entries: 2KXO, 2LSH, 40V8, 2MZ7, 4PMK, 2N40, 2KTM, 2LE3,
2X9C, 3J9E, 5SUZ, 4HLS, 1S5P, 3TKA, and 3GAX. For these proteins, only chain A from their corresponding PDB files
was used, as described in (Porter & Looger, 2018). Point mutations were introduced to these proteins using procedures
similar to those applied to the 200-protein dataset described above, with the exception of a modified position-weighting
scheme that prioritized residues or regions known to induce fold-switching. Details of this scheme are provided in Table 4.
MSA processing and AlphaFold 3 inference followed the same protocols, with templates excluded. This analysis allowed us
to assess whether proteins known to exhibit conformational plasticity show greater structural responsiveness to mutations in
AlphaFold 3’s predictions compared to proteins without documented fold-switching behavior.

B.3. Mutation Strategy

The mutation percentages applied differed between point mutations and deletion mutations to reflect their relative biophysical
severity. Point mutations were tested at 5%, 10%, 20%, 40%, and 70% thresholds, while deletion mutations were tested
at 1%, 3%, 5%, and 10% thresholds. This asymmetry reflects the fact that deletion mutations are substantially more
deleterious than point mutations (Shah et al., 2015). Even a single residue deletion in a critical region can cause severe
structural destabilization or complete loss of fold, whereas point mutations—particularly conservative substitutions—are
often tolerated without catastrophic consequences (Huss et al., 2021). By using lower deletion percentages, we ensured that
the perturbations remained within a regime where structural prediction could be meaningfully evaluated, while still probing
the model’s sensitivity to this severe class of mutation.

Mutations were applied cumulatively across all thresholds. Each higher mutation percentage retained all mutations from the
previous level and added new mutations to reach the target threshold. For example, the 20% point mutation configuration
contained all mutations present in the 10% configuration, plus additional mutations to reach 20% of the sequence length.
Similarly, the 5% deletion configuration included all deletions from the 3% level, supplemented with further deletions. This
cumulative strategy ensures that differences in structural predictions across mutation levels reflect the incremental addition
of perturbations rather than independent sampling at each threshold, enabling a more controlled assessment of mutational
sensitivity.

For homomeric complexes, mutations were applied synchronously: the same residue positions were mutated to the same
amino acids across all identical chains. For example, in a homodimeric protein, if position 42 was mutated from serine
to tryptophan in chain A, position 42 was also mutated from serine to tryptophan in chain B. This approach reflects the
biological reality that homomeric complexes consist of identical gene products and thus share identical sequences. In
contrast, heteromeric complexes have distinct chains with independent sequences, and mutations were applied independently
to each chain, such that different positions and amino acid substitutions were selected for each unique chain type.
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B.4. AlphaFold Model Configurations and Inputs

For all mutational analyses, AlphaFold 3 was run using its default configuration, with ten recycling steps and five diffusion
samples (Abramson et al., 2024). The primary modifications were applied to the input features. Template models—which
AlphaFold 3 uses to infer general structural information and which could artificially inflate mutational invariance—were
excluded (Abramson et al., 2024). For both deletion and point mutations, the same random seed was used across all mutation
thresholds to ensure comparability of model accuracy. All default settings were used for MSA generation in AlphaFold 3.

In the deletion mutation regime, multiple sequence alignments (MSAs) were modified by removing columns corresponding
to deleted residues (see Algorithm 2 for pseudocode). This ensured compatibility with AlphaFold 3, which cannot process
MSAs containing sequences whose lengths differ from that of the input sequence. In contrast, for the point mutation regime,
MSAs were left unchanged and only the input sequences were mutated, leveraging the fact that MSAs naturally encode
organismal sequence variation (see Algorithm 1 for pseudocode).

For deletion mutations, the paired MSA was excluded from the input data. Previous studies have shown that paired MSAs
do not improve structural prediction accuracy; thus, they were omitted to simplify the required modifications.

Algorithm 1 MSA Processing for Point Mutations

0: function PROCESSMUTATIONMS A (unpairedM S A, mutation_map)
0: first_sequence < unpairedM S A[0] {Get query sequence}

0: pos < 0

0 new_seq <

0 for each char in first_sequence do

0 if char is uppercase or gap then

0 if pos € mutation_map then

0 new_seq < new_seq + mutation_map|pos]
0 else

0 new_seq < new-_seq + char

0: end if

0: pos < pos + 1
0.

0

0

0

0

0

0

0

0:

79

else
new_seq < new_seq + char

end if
end for
unpairedM S A[0] < new_seq {Update first sequence}
pairedM S A[0] < new_seq {Update first sequence}
templates < |]

: return unpairedM S A, pairedM S A, templates
end function=0

To verify that modifying MSAs—rather than regenerating them after mutation—did not introduce artificial mutational
invariance, MSAs were fully regenerated for the same 200 proteins in the dataset using AlphaFold 3’s standard MSA
generation pipeline. These proteins were first mutated at all tested thresholds (5%, 10%, 20%, 40%, and 70% for point
mutations; 1%, 3%, 5%, and 10% for deletions), and then new MSAs were generated de novo for each mutated sequence
using the default AlphaFold 3 MSA generation pipeline. The paired MSA was retained in this regeneration experiment, as it
was accurately generated for the mutated sequences. No structural templates were used. No major differences in TM-score
or AlphaFold 3 ranking score between models using modified versus regenerated MSAs were noted. Interestingly, models
with regenerated MSAs exhibited slightly greater mutational invariance than their directly modified counterparts, suggesting
that MSA regeneration only exacerbates the model’s structural invariance.

For the comparative analysis between AlphaFold 3 and AlphaFold 2, both models were configured with ten recycles and five
samples (Abramson et al., 2024; Jumper et al., 2021). AlphaFold 3 was run without templates to ensure that its template-
based features, which are absent in AlphaFold 2, did not confer an unfair performance advantage. As noted in the Results
section, this analysis was conducted on 100 proteins drawn from novel bins—50 monomers and 50 multimers—which had
no homologs in the AlphaFold 3 training set.
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Algorithm 2 MSA Processing for Deletion Mutations

0: function PROCESSDELETIONMS A (unpairedM S A, deleted_positions)
0: for each sequence in unpairedM S A do

0 pos <0

0 new-seq <—
0 for each char in sequence do

0 if char is uppercase or gap then
0 if pos ¢ deleted_positions then
0 new_seq < new-_seq + char
0 end if

0 pos <— pos + 1

0: else

0: new_seq < new_seq + char
0

0

0

0

0

0

0

0:

79

end if

end for

sequence <— new-_seq
end for
pairedM S A < build from final sequence
templates « []
return unpairedM S A, pairedM S A, templates

end function=0

B.5. Protein Mutation Details

The point mutations applied to proteins in the 200-protein dataset were designed to be as deleterious as possible, ensuring
that the mutations were unlikely to incidentally enhance structural stability. The mapping of these mutations is summarized
in the Table 3 in the Appendices. To further increase the likelihood of major structural disruption, the residue mutation
algorithms for both point and deletion mutations incorporated a positional bias that preferentially selected residues near the
center of the protein (Yu et al., 2024). This bias was implemented mathematically by assigning each residue ¢ a weight

= =1)/2

wi=e+(1—¢) |1 =12 ,

where L is the sequence length and e defines the weight for residues at the sequence termini, which, for the purposes of the
study, was set to 0.1. This scheme ensures that central residues, which are more likely to contribute to the protein’s core
stability, have a higher probability of mutation.

B.6. ESMFold Configuration and Analysis

To compare AlphaFold 3’s mutational sensitivity with that of an alternative deep learning—based structure prediction model,
we performed parallel analyses using ESMFold (Lin et al., 2023; 2022). The ESMFold implementation was obtained from
the HuggingFace (Wolf et al., 2020; Jones et al., 2024) repository and run with all default configuration settings. Because
ESMFold was not trained to predict multimeric protein structures, this comparison was restricted to monomeric proteins
only (Lin et al., 2023). Specifically, we analyzed the 100 monomeric proteins from the 200-protein dataset, comprising 50
from the monomer-novel bin and 50 from the monomer-similar bin. Point mutations and deletion mutations were applied
to these proteins using the identical mutation strategy employed for AlphaFold 3. For each mutated protein, ESMFold
predictions were compared to the original unmutated ESMFold prediction.

B.7. FoldSeek Exhaustive Structural Search

Each of the 200 experimentally determined structures was queried against FoldSeek’s PDB100 database (van Kempen et al.,
2023), which comprises approximately 340,000 representative chains clustered at 100% sequence identity from the full
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Protein Data Bank. Searches were conducted in exhaustive mode (—-—exhaustive-search 1) with TM-align-based
scoring (——alignment-type 1), bypassing FoldSeek’s heuristic prefilter to guarantee globally optimal structural
matches, yielding approximately 9,800 hits per query. Results were post-filtered to retain only hits deposited on or before
September 30, 2021, using a list of approximately 180,000 pre-cutoff PDB identifiers obtained from RCSB PDB (noa). The
query-normalized TM-score (qtmscore) was used as the primary structural similarity metric, as normalizing by query length
prevents partial domain matches from inflating similarity estimates.

For monomeric proteins, AlphaFold 3’s monomeric ranking score, pTM, was used as the confidence metric; for multimeric
complexes, the ranking score (0.8 x ipTM + 0.2 x pTM) was used (Abramson et al., 2024), jointly capturing fold accuracy
and interface quality. For monomers, the top 100 pre-cutoff hits were extracted per query and ranked by gtmscore. One
monomer had no pre-cutoff hits, yielding n = 99 for the primary correlation analyses; three further monomers had fewer
than 100 pre-cutoff hits, yielding n = 96 for the neighborhood density analysis. For multimeric complexes, FoldSeek’s
monomer search mode decomposed each complex into constituent chains, which were searched independently. Per-chain
neighborhood statistics were computed from the top 100 pre-cutoff hits and averaged across chains to obtain complex-level
estimates. Two multimers were excluded because at least one chain had fewer than 100 pre-cutoff hits, yielding n = 98
used throughout. Minimum-across-chains and chain-length-weighted aggregation schemes were also tested and produced
comparable results. Only mean aggregation is reported for simplicity.

B.8. Structure Comparison Metrics

TM-score and DockQ were calculated using the OpenStructure package (Biasini et al., 2013). TM-score quantifies global
structural similarity between two protein structures and is normalized to a range of O to 1, where values above 0.5 typically
indicate the same fold (Zhang & Skolnick, 2005). DockQ assesses the quality of predicted protein-protein interfaces by
combining information about interface RMSD, ligand RMSD, and native contact fraction (Basu & Wallner, 2016). For
multimeric proteins with more than two chains, the weighted average DockQ score across all pairwise chain interfaces
was computed and used as the reported metric, with a standard threshold of 0.23 used for a valid interfacial conformation
(Basu & Wallner, 2016; Mirabello & Wallner, 2024). Both metrics were calculated by comparing mutated predictions to the
original unmutated AlphaFold 3 prediction for the mutational invariance analyses, or to experimental structures from the
Protein Data Bank for the model comparison analyses.

B.9. Fold-Switching Protein Mutation Scheme

For the fifteen experimentally validated fold-switching proteins, mutations were applied with a modified position-weighting
scheme that prioritized residues or regions identified in previous studies as inducing conformational transitions. The
weighting formula combined the center bias used for the main 200-protein dataset with an additional multiplier for
experimentally validated regions:

where € = 0.1 defines the edge penalty and r; is a range multiplier set to 1.5 for positions within specified mutation ranges
and 1.0 otherwise. Discrete positions identified in the literature as critical for fold-switching were treated as mandatory
mutations and selected first before random sampling, ensuring that experimentally validated switch-inducing residues were
always mutated while residues in broader functional regions received a 50% increased probability of selection. Specific
mutation ranges and discrete positions for each protein are listed in Table 4.

Metric Correlation Coefficient 5% 10% 20% 40% 70% Mean

TM-score Pearson —0.67 074 0.69 054 034 027 0.52
Spearman —0.73 —

Table 2. Relationship between mutation percentage and structural prediction accuracy for fold-switching proteins under ESMFold. TM-
score correlation with mutation level and mean values at each threshold, computed across fifteen experimentally validated fold-switching
proteins from Porter et al. (Porter & Looger, 2018).
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From To ‘ From To | From To | From To
S W N A K G F T
T F Q G R A M Q
C W Y G W S L N
D W H A A Q I N
E F G K A% E P R

Table 3. Point mutation transformation pairs used for maximal structural disruption. Standard single-letter abbreviations denote the 20
canonical amino acids.

PDB (Chain A) Predicted in (Porter & Looger, 2018) Manual Search Citation(s)

2KXO 1-89 2-30, 24, 25 (Park et al., 2011; Ayed et al., 2017)
2LSH 29-115 — (Morris et al., 2013)
40V8 247-318 128-147, 298-313 (Lukoyanova et al., 2015)
2MZ7 267-312 275-280, 306-311 (Kadavath et al., 2015)
4PMK 27-62 — (Hamiaux et al., 2014)
2N40 16-69 — (Pham et al., 2016)
2KTM 167201 182217 (Adrover et al., 2010)
2LE3 N/A 19-30, 24 (Rao et al., 2011a;b)
2X9C N/A 69-70, 71-76 (Poyraz et al., 2010)
3J9E 2-71 1-68, 69-354 (Zhang et al., 2016)
5SUZ 474-509, 415-509 436; 442-447, 499, 460  (Gammons et al., 2016)
4HLS 146222 170, 174 (Sweeting et al., 2013)
1S5P 48-107, 98-189, 208-274 — (Zhao et al., 2004)

3TKA 236-313 — (Wei et al., 2012)

3GAX 48-120 43-59 (Szymarska et al., 2012)

Table 4. Residues and regions associated with fold switching for each protein in the fold-switching dataset, as collated by Porter et al.
(Porter & Looger, 2018) and identified via manual literature search. Entries marked with dashes (—) indicate that no precise fold-switching
region was identified.

Metric Pearson r p-value Spearman p p-value
Monomers Top 1 0.320 1.5 x 1073 0.352 4.4 x 1074
Top 5 0.324 1.3x 1073 0.333 9.2 x 10~*
Top 10 0296  3.5x 1073 0.308 2.3 x 1073
Top 20 0.253 0.013 0.269 8.0 x 1073
Top 100 0.259 0.011 0.317 1.6 x 1073
Drop (1-100)  0.037 0.722 —0.038 0.715
Multimers  Top 1 0.268 7.7x 1073 0.296 3.1x1073
Top 5 0.278 5.7 x 1073 0.360 2.7 x 107*
Top 10 0294  33x1073 0.395 5.8 x 107°
Top 20 0.333 8.1x10~* 0.430 9.9 x 1076
Top 100 0.382 1.1x 1074 0.457 2.3x 1076
Drop (1—100)  —0.168 0.099 —0.153 0.133

Table 5. Correlation between AlphaFold 3 confidence and structural template neighborhood statistics for monomers (n = 96) and
multimers (n = 98). Top N refers to the mean query-normalized TM-score of the NV best pre-cutoff structural matches from FoldSeek.

Confidence is measured by AlphaFold 3 ranking score.
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Figure 1. AlphaFold 3 exhibits structural invariance under adversarial point mutations. A Violin plots showing TM-score
distributions for the full 200-protein dataset at each mutation threshold (5%, 10%, 20%, 40%, 70%), comparing mutated predictions to
unmutated AlphaFold 3 predictions. B Correlation between AlphaFold 3 ranking confidence scores and structural accuracy (TM-score).
Each point represents a single protein, colored by mutation percentage. C-F TM-score distributions stratified by protein category: (C)
monomer-novel, (D) monomer-similar, (E) multimer-novel, and (F) multimer-similar. G DockQ score distributions for multimeric proteins
(novel and similar bins combined), showing interfacial accuracy degradation across mutation thresholds. H Survival curve indicating
the fraction of proteins maintaining accurate global fold (TM-score > 0.5) at each mutation level. I Structural superposition of 7OCN
with 40% mutation (purple) onto the unmutated prediction (green), showing preserved fold architecture (TM-score = 0.568). J Structural
superposition of 7OCN with 70% mutation (purple) onto the unmutated prediction (green), showing fold destruction (TM-score = 0.268).
All TM-scores and DockQ values reflect comparison to the unmutated AlphaFold 3 prediction rather than experimental structures.
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Figure 2. AlphaFold 3 exhibits structural invariance under adversarial deletion mutations. A Violin plots showing TM-score
distributions for the full 200-protein dataset at each deletion threshold (1%, 3%, 5%, 10%), comparing mutated predictions to unmutated
AlphaFold 3 predictions. B Correlation between AlphaFold 3 ranking confidence scores and structural accuracy (TM-score). Each point
represents a single protein, colored by deletion percentage. C-F TM-score distributions stratified by protein category: (C) monomer-novel,
(D) monomer-similar, (E) multimer-novel, and (F) multimer-similar. G DockQ score distributions for multimeric proteins (novel and
similar bins combined), showing interfacial accuracy degradation across deletion thresholds. H Survival curve indicating the fraction of
proteins maintaining accurate global fold (TM-score > 0.5) at each deletion level. I Structural superposition of 8CQZ at 10% deletion
(yellow) onto the unmutated prediction (green), showing preserved fold architecture (TM-score = 0.605). J Structural superposition of
7OCN at 10% deletion (yellow) onto the unmutated prediction (green), showing fold destruction (TM-score = 0.297). All TM-scores and
DockQ values reflect comparison to the unmutated AlphaFold 3 prediction rather than experimental structures.

15



Structural Memorization in AlphaFold

- Deletion

in TM
- Point

in TM

[— AlphaFold 3 (n=100)
—— ESMFold (n=100)

TM-Score

—— AlphaFold 3 (n=100)
—— ESMFold (n=100)

5 10

Point Mutation Percentage (%)

TM-Score Distributions - Point Mutations

TM-Score

a0 70 - T

= Alphafold 3
= ESMFold

TM-Score

3 5
Deletion Mutation Percentage (%)

TM-Score Distributions - Deletion Mutations

B AlphaFold 3
== EsMFold

a3 Es 3 Esu
% % 10% 0%

a3

b %
Model and Mutation Percentage

Esm a3 Esu a3 Esm
™

Esu 3 Esu a3
0% ao% 0% 70% %

Deletion Mutations

E 10 F 10
. G
o ° o oo%
e o o (] o
08 . o
08 .
° o 3
L, ° L4 b4
4 A
H ] o * YR
306 @ 06 (X ’
A i P £ .
£ F .
= : oos L
3 H .
2
s 0.4 5 04
i s °
< <
(5 % 3
02 - f-%r o % 02 L -
d 10% ™
20% o
o a0% o 5%
70% 10%
Perfect Agreement 00 Perfect Agreement
00 !
0.0 02 04 6 08 10
0.0 02 04 06 08 10
ESMFold TM-Score

ESMFold TM-Score

Figure 3. ESMFold exhibits greater sensitivity to point mutations than AlphaFold 3. A Individual protein accuracy trajectories
under point mutations. Each line represents a single protein, with ESMFold (orange) and AlphaFold 3 (blue) predictions compared to
their respective unmutated structures. B Individual protein accuracy trajectories under deletion mutations, colored as in A. C TM-score
distributions across point mutation thresholds for ESMFold (orange) and AlphaFold 3 (blue). D TM-score distributions across deletion
mutation thresholds, colored as in C. E Direct comparison of model accuracy under point mutations. Each point represents a protein at a
given mutation threshold, with color indicating mutation percentage. Points above the diagonal indicate greater accuracy for AlphaFold 3.
F Direct comparison of model accuracy under deletion mutations, displayed as in E. G Structural superposition of AlphaFold 3 predictions
for protein SRQT: 40% mutated structure (red) aligned to unmutated prediction (blue), demonstrating structural preservation (TM-score
= 0.753). H Structural superposition of ESMFold predictions for protein 8RQT: 40% mutated structure (red) aligned to unmutated
prediction (blue), demonstrating fold destruction (TM-score = 0.293). All comparisons are between mutated and unmutated predictions

from the same model.
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Figure 4. AlphaFold 2 and AlphaFold 3 confidence metrics fail to reliably identify the most accurate predictions. A-D Correlation
between ranking confidence scores and structural accuracy for AlphaFold 3 (A, C) and AlphaFold 2 (B, D). TM-score is shown for
monomers (A, B) and DockQ for multimers (C, D). Spearman correlation coefficients are indicated, with lines of best fit shown in red.
E-F Direct comparison of structural accuracy between AlphaFold 2 and AlphaFold 3 on novel proteins, measured by (E) TM-score
(monomers and multimers) and (F) DockQ (multimers only). Points above the diagonal indicate superior AlphaFold 3 performance. G
Frequency with which each model selects the most accurate structure (rank 1), or a structure within the top 2 or top 3 most accurate,
based on TM-score across 100 proteins. AlphaFold 3 (blue) and AlphaFold 2 (purple). H Model selection accuracy based on DockQ
for 50 multimeric proteins, displayed as in G. I Distribution of TM-score loss incurred when the model-selected structure is not the
most accurate prediction. Larger values indicate more severe selection errors. J Distribution of DockQ loss incurred by incorrect model
selection, displayed as in I. K Combined view of model selection accuracy for both TM-score and DockQ metrics, showing the percentage
of proteins for which each model correctly identifies the best prediction. L Frequency with which each model selects the least accurate
(worst) prediction, highlighting severe ranking failures. Both models exhibit poor calibration, selecting the optimal structure in only
16-35% of cases.
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